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ABSTRACT

ENERGY AND PERFORMANCE-OPTIMIZED SCHEDULING OF
TASKS IN DISTRIBUTED CLOUD AND EDGE COMPUTING
SYSTEMS

by
Haitao Yuan

Infrastructure resources in distributed cloud data centers (CDCs) are shared
by heterogeneous applications in a high-performance and cost-effective way. Edge
computing has emerged as a new paradigm to provide access to computing capacities
in end devices. Yet it suffers from such problems as load imbalance, long scheduling
time, and limited power of its edge nodes. Therefore, intelligent task scheduling in
CDCs and edge nodes is critically important to construct energy-efficient cloud and
edge computing systems. Current approaches cannot smartly minimize the total cost
of CDCs, maximize their profit and improve quality of service (QoS) of tasks because
of aperiodic arrival and heterogeneity of tasks. This dissertation proposes a class
of energy and performance-optimized scheduling algorithms built on top of several
intelligent optimization algorithms. This dissertation includes two parts, including
background work, i.e., Chapters 3-6, and new contributions, i.e., Chapters 7-11.

1) Background work of this dissertation.

Chapter 3 proposes a spatial task scheduling and resource optimization method
to minimize the total cost of CDCs where bandwidth prices of Internet service
providers, power grid prices, and renewable energy all vary with locations. Chapter 4
presents a geography-aware task scheduling approach by considering spatial variations
in CDCs to maximize the profit of their providers by intelligently scheduling tasks.
Chapter 5 presents a spatio-temporal task scheduling algorithm to minimize energy
cost by scheduling heterogeneous tasks among CDCs while meeting their delay
constraints. Chapter 6 gives a temporal scheduling algorithm considering temporal

variations of revenue, electricity prices, green energy and prices of public clouds.



2) Contributions of this dissertation.

Chapter 7 proposes a multi-objective optimization method for CDCs to max-
imize their profit, and minimize the average loss possibility of tasks by determining
task allocation among Internet service providers, and task service rates of each
CDC. A simulated annealing-based bi-objective differential evolution algorithm is
proposed to obtain an approximate Pareto optimal set. A knee solution is selected
to schedule tasks in a high-profit and high-quality-of-service way. Chapter 8
formulates a bi-objective constrained optimization problem, and designs a novel
optimization method to cope with energy cost reduction and QoS improvement. It
jointly minimizes both energy cost of CDCs, and average response time of all tasks
by intelligently allocating tasks among CDCs and changing task service rate of each
CDC. Chapter 9 formulates a constrained bi-objective optimization problem for
joint optimization of revenue and energy cost of CDCs. It is solved with an improved
multi-objective evolutionary algorithm based on decomposition. It determines a
high-quality trade-off between revenue maximization and energy cost minimization
by considering CDCs’ spatial differences in energy cost while meeting tasks’ delay
constraints. Chapter 10 proposes a simulated annealing-based bees algorithm
to find a close-to-optimal solution. Then, a fine-grained spatial task scheduling
algorithm is designed to minimize energy cost of CDCs by allocating tasks among
multiple green clouds, and specifies running speeds of their servers. Chapter
11 proposes a profit-maximized collaborative computation offloading and resource
allocation algorithm to maximize the profit of systems and guarantee that response
time limits of tasks are met in cloud-edge computing systems. A single-objective
constrained optimization problem is solved by a proposed simulated annealing-based
migrating birds optimization. This dissertation evaluates these algorithms, models
and software with real-life data and proves that they improve scheduling precision

and cost-effectiveness of distributed cloud and edge computing systems.
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CHAPTER 1

INTRODUCTION

Cloud computing and edge computing are emerging as two primary computing
paradiams that are researched, developed and deployed by enterprises, governments,
and academic institutes in recent years [1, 2, 3, 4]. By supporting a pay-as-you-go
service model, cloud computing removes initial capital, maintenance and software
licensing cost. In addition, it has greatly changed the way information technology
infrastructure is provided to satisfy various business needs by enabling on-demand
infrastructure provisioning [5, 6]. It is implemented in green cloud data centers
(CDCs) that manage a great number of large-scale infrastructures [7]| typically
including millions of servers and cooling facilities [8]. The infrastructure resources in
CDCs are shared to concurrently support multiple applications that flexibly deliver
services to users around the world.

An increasing number of users deploy their delay-constrained applications, e.g.,
search engine, scientific computing, distributed file systems, big data processing, deep
learning [9, 10] and high-performance computing in data centers. This significantly
increases the amount of energy consumed by large-scale data centers. Recent data
shows that the energy consumed by data centers in U.S. is roughly 78 billion KWH in
2017, and it accounts for about 2.9% of the total energy consumed in U.S. [11]. In the
U.S., CDCs are expected to consume 101.3 billion KWH annually by 2020, equivalent
to the output of 50 large power plants. In 2 or 3 years, about 95% of urban data
centers would experience total or partial outages that incur annual cost of roughly
2 million U.S$ per infrastructure [12]. Thus, the energy optimization has become
a major concern in their server provisioning and cooling systems. To provide high

availability and low latency, each application is usually deployed in multiple CDCs
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located in different geographical locations [13]. In addition, considering performance
and cost, each CDC is connected to multiple Internet service providers (ISPs) that
transmit gigantic data among distributed CDCs and millions of users [14]. It is shown
that ISP bandwidth and energy cost account for a majority of a CDC provider’s

operational expense [15].

1.1 Cloud Computing

There have been studies from both industries and academia on energy optimization
problems [16]. Users’ tasks must first traverse through the wide-area network
including multiple ISPs before they can reach back-end CDCs. For example, Google’s
wide-area network delivers multiple applications, e.g., video, search and mail, to
global users [17]. CDCs also need to pay money to ISPs due to users’ tasks and
response data transmitted among users and CDCs [18]. Currently, typical CDCs
transmit more than a petabyte data each day, and therefore, they suffer from huge
ISP bandwidth cost [19]. In addition, the bandwidth price of each ISP is determined
by a service-level agreement (SLA) [20] specified between users and a CDC provider,
and therefore, bandwidth prices of some ISPs are much more expensive than others.
However, existing studies do not consider the diversity in bandwidth prices of ISPs,
and therefore, may lead to high cost. In addition, CDCs are usually located in
different sites where the prices of power grid also exhibit spatial diversity [21]. The
wind speed, solar irradiance, on-site air density, the maximum available energy, and
the number of servers in each CDC all vary with geographical locations [22]-24].
Thus, it becomes a big challenge to minimize the total cost of a CDC provider in a
market where ISP bandwidth prices, power grid prices, and availability of renewable
green energy all show their spatial diversity.

Similar to the work [25], this dissertation work investigates task scheduling of

multiple long-delay applications whose delay bound constraints are relatively long,
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e.g., high-performance simulation and large-scale data analysis. During the delay
bound constraints of tasks, such factors as prices of power grid, solar irradiance
and wind speed change with time [25|. In addition, each application is deployed
in distributed green CDCs [26] to improve availability and robustness. Thus, tasks of
each application can be independently executed within each CDC. Similarly, prices
of power grid and availability of renewable energy in CDCs located in different
geographical sites have spatial variations, i.e., they vary with locations. CDCs always
aim to schedule tasks in the most cost-effective way while meeting their delay bound
constraints [27]. However, spatial and temporal variations make it highly challenging
and essential to minimize energy cost of CDC providers by smartly scheduling tasks
of heterogeneous applications among multiple CDCs while satisfying delay bound
constraints of all tasks.

In addition, in 2017, over 80% of energy in U.S. was produced by burning
nonrenewable fossil fuel, e.g., coal, petroleum and natural gas. This brings the
irreversible harm and pollution to the global environment. In addition, the pressure
from governments worldwide is also increasing for reducing carbon footprints that
significantly affect the global climate change. For example, Japan establishes the
data center council to reduce the soaring energy consumption of data centers [28].
Therefore, a growing number of CDCs, e.g., Microsoft, Google, Amazon, Alibaba and
Apple [29], install renewable energy facilities to reduce the environmental pollution
caused by the usage of fossil fuel, and migrate to greener CDCs [30]. Current CDCs
are mainly powered by three energy sources, i.e., power grid, solar energy and wind
energy, and they aim to reduce the brown energy consumption by using renewable
devices [31]. The aperiodic arrival of tasks makes it difficult to accurately predict task
arriving rate of each application [32]|. Thus, it is impossible to execute all tasks of
each application with limited resources of each CDC at peak time. For example, when

Apple’s new iPhones are released, more than two million pre-orders are sent to its
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data centers in the first 24 hours, and the Apple Store in some areas is unresponsive
[33]. The response time of the CDC may be long and application crash may happen
at peak time. Thus, a hybrid cloud scheme is increasingly deployed by CDC to handle
peak tasks by outsourcing some tasks to public clouds. Virtual machines (VMs) are
created to support applications in public clouds and the operation cost of CDC can be
reduced. Currently, more than 82% of companies choose hybrid CDC to deploy their
applications [33]|. In hybrid CDC, a private CDC provider (called the CDC for short)
needs to pay the execution cost of VMs due to the tasks scheduled to public clouds.
Within delay bound constraints of long-delay applications, several factors in the CDC
and public clouds show temporal variations [21]. Specifically, revenue, prices of power
grid, solar irradiance, and wind speed in the CDC all vary with time. Besides, prices
of VMs in public clouds also vary with time. Thus, the temporal variations in the
factors make it challenging to schedule tasks of each application among the CDC and
public clouds in a cost-effective way while meeting their delay bound constraints.
The dramatic growth in the number of arriving tasks significantly brings the
energy cost of billions of dollars to their providers [28]. Besides the economic concern,
the carbon footprint is significantly increasing and it is expected to exceed the airline
industry emissions by 2020. According to the work in [34], CDCs consumed about
2.2% of total U.S. electricity consumption, and originated more than 43 million tons of
CO, annually. Each large-scale green cloud usually needs as much energy as 25,000
households on average. Therefore, a growing number of enterprises install green
energy infrastructure and build CDCs [35] to improve their energy efficiency. Several
methods, e.g., disk management, and dynamic voltage and frequency scaling [36],
have been proposed to realize them. There are two types of ways to decrease the
energy cost: turning off computing servers or decreasing tasks’ performance. It is
beneficial to reduce the energy consumption for CDCs. Yet it may not maximize

the profit of providers and often deteriorates quality of service (QoS) requirements of
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tasks. The reason is that applications and their data are increasing so quickly that
the running of higher-performance servers requires more energy to efficiently execute
users’ tasks. According to the items in SLAs [37| signed between users and providers,
the execution of tasks of each application contributes revenue to CDC providers.
Therefore, the reduction of energy consumption might deteriorate QoS of tasks of
users. Any QoS violations can significantly bring the penalty to a CDC provider
because users have strict performance requirements of their applications, and then
increase its total cost or decrease its profit. Consequently, the profit of providers, and
QoS of tasks need to be jointly considered and optimized by intelligently scheduling

tasks and allocating infrastructure resources.

1.2 Edge Computing
With the fast development of information and communication technologies, smart
mobile devices (SMDs) have been gaining enormous attention with current mobile
technologies, e.g., smart phones, wearable devices , tablets and IoTs [38, 39, 40] as they
enable convenient communications almost anywhere and anytime. SMDs accelerate
the emergence of Internet of Things (IoTs) and drastically trigger a big revolution
and rapid development of computationally intensive mobile applications [41, 42],
e.g., autonomous driving, interactive online games, speech/face recognition, aug-
mented /assisted /virtual reality, social networking, traffic management, path planning
and health monitoring. The imbalance and gap between resource-constrained devices
and complex compute-intensive applications is increasingly becoming a bottleneck
for enabling user-specified quality of experience, and therefore, may hinder the
development of mobile applications [43|. Supported by embedded sensors and
on-device cameras, mobile applications evolve with several new features, e.g., face
recognition, interactive online gaming and navigation, are increasingly developed. In

addition, the era of IoTs is predicted to produce an dramatic amount of raw data
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from IoT devices. The data contains important and valuable insights through big
data analysis. However, its analysis needs extremely intensive data computation that
exceeds the processing, storage as well as battery energy capacities of IoT devices
[44, 45], and it leads to significant delay if the computation is pushed to the CDCs.

In traditional remote cloud computing systems, public clouds, e.g., Google
Cloud Platform, Microsoft Azure, and Amazon Web Services [46] are adopted, and
therefore, incur long latency because of data exchange among them and SMDs with
constrained resources in wide area networks. Consequently, it is highly needed to
extend services of cloud computing to locations where data is produced, i.e., the
network edge [47]. To solve this problem, mobile edge computing (MEC) provides
cloud computing functions and enables a promising computation paradigm. It
migrates the computation, storage, and servicing capabilities to the network edge, and
pulls SMDs out of heavy computation tasks by deploying applications locally with
short distance in a distributed manner. [48|. Figure 1.1 illustrates a typical multi-layer
edge computing architecture. It has several benefits including high bandwidth,
location awareness, real time radio network information, etc. Therefore, it is able
to significantly decrease latency, reduce congestion of data transmission and prolong
the lifetime of battery of SMDs by intelligently and cost-effectively offloading part
or all of compute-intensive latency-critical tasks from ubiquitous IoT devices/SMDs
to physically close MEC servers. It is viewed as one of key technologies for the
fifth generation (5G) networks by the European 5G Infrastructure Public Private
Partnership. Therefore, a growing number of recent studies have been proposed from
both academia [49] and industries [50] to take advantage of MEC features to decrease
traffic overhead of real-life various industrial applications and execute users’ intensive
workload through offloading.

On the other hand, though computation offloading can effectively utilize

powerful computational resources at cloud servers, it is still difficult to guarantee
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Figure 1.1 Multi-layer edge computing architecture.

the computation performance for traditional battery-powered devices due to limited
battery energy for task offloading. For example, mobile applications have to be
terminated and the battery energy of SMDs runs out. It might possibly be solved
by regularly recharging the batteries or adopting larger batteries. However, hardware
cost is increased if larger batteries are installed at SMDs, and it is not desirable. In
addition, frequently recharging batteries might be impossible in some application
scenarios, e.g., in wireless sensor networks and IoTs for surveillance because the
devices are usually difficult-to-reach. Thus, the increasing amount of energy
consumption of IoTs brings a strong need for novel computation offloading methods
dedicated for distributed cloud and edge computing systems with battery-powered

devices. It is challenging to execute them in SMDs that own limited computation
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resources and battery capacities. It is shown that CDCs, e.g., Amazon Elastic
Compute Cloud (Amazon EC2), and Microsoft Azure, provide new distributed
computing to efficiently tackle the limitation of battery and processing capabilities by
offloading part or all computation-intensive tasks to CDCs for execution [51]. In 2019,
over 70% of calculations have been completed in CDCs. The applications send their
tasks to remote CDCs that typically have rich computation resources, high security
and huge storage [52, 53]. However, CDCs are usually far away from SMDs, and this
leads to unacceptable transmission delay and economic cost for utilizing resources in
CDCs [54], and affects real-time performance of latency-sensitive applications.

To tackle the shortcomings of CDCs, edge computing is an emerging architecture
for the network edge, and it provides agile and pervasive resources to loT applications
with strict latency need at anytime and anywhere [55]. The need for real-time and
scalable data analysis in IoT devices is a major driving power for edge computing
where data is generated and processed in the network edge in many applications of
smart city, smart home, surveillance networks, connected vehicles, industrial IoT,
etc. Compared with powerful computing platforms in CDCs, edge computing enables
higher computing agility and lower latency. It is shown that about 40% of IoT-
produced data is stored and processed in the edge of a network [56]. Local computing
in the edge greatly reduces the response time because waiting or communication delay
between the edge and CDCs is avoided. Yet, the limits of energy, computation, and
storage resources of nodes in IoT devices restrict the number of tasks of resource-
hungry applications locally computed in the edge. Therefore, it is unlikely to execute
all tasks in nodes in edge computing (i.e., local computing), and some of them have to
be offloaded to CDCs to avoid energy depletion and the overall system performance
[57]. Thus, it is critically important to rationally schedule all tasks between CDC

and edge computing layers, and maximize the profit of distributed cloud and edge
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computing systems while ensuring that user-specific response time limits of tasks are

well met.

1.3 Organization of This Dissertation

This dissertation work focuses on these challenging problems, and aims to propose

several intelligent optimization methods to solve them. It is worth noting that

Chapters 3-6 are the background work of this dissertation. The major contributions

of this dissertation include Chapters 7-11.

1)

Chapter 3 in the background work provides a Spatial Task Scheduling and
Resource Optimization (STSRO) method to minimize the total cost of a CDC
provider by exploiting the spatial diversity of ISP bandwidth and energy cost
while strictly meeting delay bound constraints of tasks of all applications.
This dissertation work incorporates the spatial diversity in above factors
into a constrained optimization problem, and solves it with the proposed
simulated-annealing-based bat algorithm to offer a real-time near-optimal
solution. It jointly specifies the optimal allocation of all arriving tasks among
multiple ISPs, and determines the optimal setting of each server in each CDC.
It considers the variations of many factors including power grid price, wind
speed, solar irradiance and on-site air density, and can intelligently schedule all
arriving tasks to CDCs within their delay bound constraints.

Chapter 4 in the background work provides a geography-aware task scheduling
(GATS) approach to achieve the profit maximization for CDC providers.
Specifically, Chapter 4 adopts an accurate queue model, i.e., G/D/1 to analyze
the performance of each CDC. The arriving process of tasks is modeled by
a random process with the general probability distribution. GATS jointly
investigates and utilizes spatial differences of several factors including ISP
bandwidth prices, the prices of grid, solar irradiance, active irradiance area of
solar panels, wind speed, on-site air density, rotor area of wind turbines, and the
maximum available number of servers in each CDC. This Chapter incorporates
spatial differences into a constrained optimization problem that is proven to be
a typical convex optimization one. Then, it is directly solved with the interior
point method to offer the optimal task scheduling strategy that maximizes the
profit of CDC providers by jointly and optimally determining the allocation of
tasks of all applications among multiple ISPs and task service rates of servers
in each CDC.

Chapter 5 in the background work minimizes energy cost for a CDC provider
by jointly investigating spatial and temporal variations in prices of power grid
and availability of renewable energy while meeting delay bound constraints
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of all tasks strictly. In Chapter 5, an energy cost minimization problem is
formulated and solved with a hybrid meta-heuristic algorithm named Genetic
Simulated-annealing-based Particle Swarm Optimization (GSPSO). GSPSO
combines genetic operations of genetic algorithm [58], Metropolis acceptance
rule of simulated annealing [59], and social learning of particle swarm opti-
mization [60]. According to the solution obtained by GSPSO, the proposed
spatio-temporal task scheduling (STTS) method can jointly determine the
optimal split of all tasks among CDCs, and also specify the optimal setting
of servers in each CDC in each time slot within tasks’ delay bound constraints.

Chapter 6 in the background work proposes a temporal task scheduling (TTS)
algorithm in the hybrid CDC to consider the temporal variations in prices
of power grid, revenue and green energy in the CDC, and prices of VMs in
public clouds within tasks’ delay bound constraints. Specifically, the profit
maximization problem of the hybrid CDC is formulated and solved with GSPSO
that is proposed to increase both efficiency and global search accuracy. All tasks
of each application are smartly executed in the CDC and public clouds such that
tasks’ delay bound constraints are strictly met.

Chapter 7 in this dissertation proposes a simulated-annealing-based bi-objective
differential evolution algorithm to obtain an approximate Pareto optimal set
for the formulated bi-objective optimization problem. Then, the minimal
Manhattan distance is adopted to determine a knee solution that specifies
Pareto optimal task service rates and task split among ISPs for CDCs in each
time slot. In this way, a Profit and QoS-optimized Task Scheduling (PQTS)
method is proposed to maximize the profit of a CDC provider, and minimize
the average task loss possibility of all applications in CDCs by properly splitting
users’ tasks among multiple ISPs, and adjusting task service rates of each CDC.

Chapter 8 in this dissertation formulates the joint optimization of energy cost
and QoS as a bi-objective constrained optimization problem where a G/G/1
queuing model is used to analyze the performance of each switched-on server.
The problem is solved by a Simulated-annealing-based Adaptive Differential
Evolution (SADE) algorithm to jointly minimize both energy cost and tasks’
response time. The minimal Manhattan distance method is adopted to obtain
a knee from a close-to-Pareto-optimal set for good tradeoff between energy cost
minimization and QoS maximization.

Chapter 9 in this dissertation proposes an Improved Multi-objective Evolutionary
Algorithm based on Decomposition (IMEAD) to achieve energy cost mini-
mization and revenue maximization of CDCs. It cost-effectively executes all
tasks while meeting their delay constraints. In each time slot, a constrained
bi-objective optimization problem for the tradeoff between maximizing the
revenue and minimizing CDCs’ energy cost is formulated and solved by IMEAD
to achieve a high-quality balance of these two objectives.
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8)

out.

Chapter 10 in this dissertation adopts a G/G/1 queuing system, which is the
most general model, to analyze the performance of servers in CDCs. The
execution time and interarrival time of each task have arbitrary probability
distributions.  Based on it, the spatial variations are integrated into a
single-objective constrained optimization problem, which is further solved by
a proposed Bat Algorithm based on Simulated annealing to find a real-time
close-to-optimal solution. In this way, a Fine-grained Spatial Task Scheduling
(FSTS) algorithm is proposed to minimize the energy cost of a CDC provider by
optimally allocating tasks of heterogeneous applications among multiple CDCs,
and specifying the running speed of each server and the number of switched-on
servers in each green cloud while strictly meeting response time limits of tasks
of all applications.

Chapter 11 in this dissertation focuses on a 3-layer architecture. It consists of
terminal, edge computing, and CDC layers. This chapter aims to maximize
the profit of the system provider by smartly scheduling arriving tasks between
CDC and edge computing layers while strictly guaranteeing their response time
limits. More specifically, given tasks scheduled to execute in a CDC layer, this
chapter explicitly specifies the task service rate of a CDC server in each time slot
by using a proposed Simulated-annealing-based Migrating Birds Optimization
(SMBO). In addition, given tasks scheduled to an edge computing layer, this
chapter explicitly specifies the selected node for each task in each time slot. In
this way, this chapter proposes a more fine-grained mechanism to obtain the
optimal scheduling strategy for arriving tasks. Specifically, it jointly considers
CPU, memory, and bandwidth resource limits, load balance requirements of all
nodes, and different processing capacities of heterogeneous nodes in the edge
computing layer. In addition, it jointly considers the maximum amount of
energy, maximum number of available servers, and task queue stability of servers
in the CDC layer. By jointly considering the above-mentioned factors, this
chapter proposes a profit-maximized collaborative computation offloading and
resource allocation algorithm. The system profit is maximized while response
time limits of tasks are strictly met.

Extensive experiments with real-life data, e.g., prices of power grid, solar

irradiance, wind speed, and tasks in Google cluster, are conducted to evaluate
STSRO, GATS, STTS, TTS, PQTS, SADE, IMEAD, FSTS and SMBO algorithms.
Experimental results demonstrate that they outperform several typical benchmark

scheduling algorithms.

The rest of this dissertation is organized as follows. Chapter 2 discusses the

related studies, and the contributions of this dissertation are comparatively pointed

Chapters 3-6 show the background work of this dissertation. Chapters 7—
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11 present the major contributions of this dissertation. Chapter 12 concludes this

dissertation, and points out the future work.
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CHAPTER 2

RELATED WORK

This chapter discusses related studies, and the contributions of this dissertation are

comparatively pointed out.

2.1 Task Scheduling
A growing number of studies focus on the task scheduling problem in CDCs in
recent years [61]-73]. Shah-Mansour et al. [61] formulate a utility maximization
problem that considers delay, prices of cloud services and the energy consumption,
and produces the optimal scheduling for mobile users’ tasks. In addition, the optimal
pricing strategy is determined for the cloud provider. It effectively balances the
tradeoff between delay and the energy consumption. On the contrary, the scheduling
method in this study is coarse-grained because it cannot determine the optimal setting
of each server in each CDC. Magsood et al. [62] present multiple algorithms to
jointly realize data allocation and task scheduling in a unified way. Besides, a feasible
system model for Network-on-Chip architectures is proposed to effectively capture the
energy consumption by considering caches, processing cores, and the Network-on-Chip
subsystem. Nevertheless, it only considers the optimization of energy consumption in
data centers. Nir et al. [63] propose an energy and cost-aware task scheduling model
that allows mobile devices to schedule some tasks to cloud resources. Its optimal
solution can significantly reduce the total cost of the cloud provider but it does not
consider the energy produced by renewable sources. Chen and Chang [64] propose
a cloud framework to realize user-oriented energy optimization for retail electricity
providers. A linear programming model is designed to minimize the multiperiod

global cost and stabilize the renewable energy consumption for enhanced integration.
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However, it does not consider the spatial diversity of renewable energy sources during
delay bound constraints of tasks of multiple applications.

Canali et al. [65] propose an allocation model for virtual elements and aim to
minimize the energy consumption of a software-defined cloud data center. Besides,
the energy consumption is modeled by incorporating virtual elements’ computing
costs on physical servers, migrating costs across servers, and data transferring costs
between virtual elements. On the other hand, the proposed method can be only
applied to a single data center. Chen et al. [66] present a streaming workflow
scheduling algorithm that considers characteristics of streaming workflow and the
price diversity of geo-distributed data centers. It aims to minimize the total cost
for streaming big data processing provided that the latency requirement is strictly
met. Nevertheless, it ignores the spatial diversity of ISP bandwidth prices, power
grid prices, and availability of renewable green energy. The work [67] designs a
novel task scheduling algorithm to reduce network cost and completion time of
big data processing tasks across geo-distributed data centers. It is implemented in
Apache Spark, and both indices are reduced by a substantial margin. The work [68]
investigates a joint energy management problem for electric vehicles of employees
and geo-distributed data centers. A total cost minimization problem of a data
center provider is formulated as a large-scale convex optimization one, and solved
by a distributed algorithm. The data center workload scheduling and electric vehicle
charging under the specified power constraints are jointly realized.

In addition, Wu et al. [69] design a method to schedule multicast-oriented
tasks in data center networks with different topologies. Lyapunov optimization is
adopted to propose a distributed online method to maximize the time-average profit
with local information. In addition, a destination grouping mechanism is designed to
solve the scalability problem and significantly reduce the number of queues in data

center networks. Ismail and Materwala [70] classify and evaluate 13 task scheduling
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algorithms with the unified environment and setup to achieve their objective
comparison in terms of the energy consumed by the cloud infrastructure. The
workload is carefully chosen to typify cloud IoT applications, e.g., wide area power
grid measurement systems, connected vehicles, and smart meter infrastructures.
Varshney and Simmbhan [71| design AutoBoT, which is a collection of task scheduling
methods for bag of tasks with strict deadlines on virtual machines, to reduce the
monetary cost. It uniquely decreases costs by using preemptible spot-priced virtual
machines, which are cheaper but unreliable and time-variant. Timely completion is
guaranteed by considering many factors including checkpointing, migration, pricing,
and the number of virtual machines. Kumar et al. [72] present a green energy-aware
task scheduling and classification method by using the container technology for the
sustainability of data centers. It transfers arriving tasks from multiple devices to the
data center with enough amount of green available energy. Then, a green energy-based
container consolidation and host specification method is further proposed. Hsieh et al.
[73] design a job allocation scheduler to balance utilization of resources. It classifies
different jobs and assigns them to CPU-bound and I/O-bound queues. It increases
the actual performance of Hadoop and the usage of nodes in heterogeneous computing
infrastructure. The inaccurate slot settings are detected by adding two parameters,
and a dynamic allocation method is further designed for jobs.

Different from above studies, Chapter 3 in this dissertation aims to minimize
the total cost of a CDC provider by jointly exploiting the spatial diversity of ISP
bandwidth prices, power grid prices, and availability of renewable green energy while
strictly meeting delay bound constraints of tasks of all applications. It jointly
determines the optimal allocation of all tasks among multiple available ISPs, and
specifies the optimal setting of each server in each CDC in each time slot. Chapter
9 in this dissertation designs an IMEAD algorithm to achieve the energy cost

minimization and the revenue maximization of CDCs. All tasks of three applications
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are cost-effectively and smartly scheduled to execute in different CDCs within their

delay bound limits.

2.2 Green Data Center

Recently, an increasing number of existing studies have been proposed to adopt green
renewable energy in large-scale data centers in recent years [74]-[86]. Nguyen and
Cheriet [74] design an environment-aware method for virtual slices to cope with the
intermittence of renewable energy. A virtual slice allocation problem that considers
renewable energy availability, VM locations, and network capacity is designed and
solved to effectively reduce the environmental footprint. Qiu et al. |75] propose
a genetic-based algorithm for chip multiprocessors with phase-change memory in
green clouds. It realizes the tradeoff of the memory usage efficiency and the total
execution time by scheduling tasks to cores. However, it aims to reduce the energy
consumption by only optimizing the memory usage, and it ignores the adoption of
green energy. Deng et al. [76] propose an online algorithm to achieve the eco-aware
energy optimization and load scheduling for distributed data centers. A stochastic
optimization problem is obtained and tackled with the Lyapunov optimization theory.
Then, an online control algorithm is proposed to achieve the minimization of the
eco-aware energy cost of data centers while meeting tasks’ performance requirement.
It focuses on the long-term time average of the eco-aware power cost. The work
[77] proposes a green energy management method that explicitly and implicitly
integrates renewable energy in clouds. The concept of green energy virtualization
is introduced to address the uncertainty issue in availability of green energy. Two
threshold parameters are introduced in SLAs and a greenSLA algorithm is proposed
to establish green SLA without causing higher cost.

The work [78] proposes two energy-efficient and computation-efficient embed-

ding algorithms to embed a virtual data center in a green and robust way. Different
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network topologies and scales are adopted to evaluate the proposed algorithms with
respect to the acceptance ratio, long-term revenue, and energy consumption of a
cloud service provider. Khosravi et al. [79] design the total energy cost as a relation
between the energy consumption and the overhead energy. Then, several efficient
virtual machine placement methods are proposed to evaluate their actual performance
and determine the parameters that have the greatest impact on the brown and green
energy consumption, cost and carbon footprint. Tripathi et al. [80] investigate several
key parameters about carbon footprint and energy cost, and propose multiple virtual
machine placement methods to increase the usage of renewable energy. Total energy
cost is formulated as a function of the energy required by servers and overhead
energy. It helps providers decrease the reliance on the power grid energy that is
typically produced from the burning of fossil fuels. In addition, Anastasopoulos
et al. [81] develop a service provisioning method according to stochastic linear
programming. They adopt dimensionality reduction methods including Lagrangian
relaxation and sample average approximation to tackle the computational complexity.
The provisioning method realizes fast convergence and decreases the CO4 emissions
by about 60% for different tasks.

In addition, Cheng et al. [82] propose a dynamic power-sensitive resource
provisioning method for heterogeneous workloads in data centers totally powered
by green energy. It aims to maximize the system throughput and reduce the system
energy consumption in terms of renewable power supply. It is realized to efficiently
search the optimal resource allocation strategy with a simulated annealing algorithm
combined with fuzzy performance modeling. Rahmani et al. [83] propose a model to
obtain high-quality configurations for microgrid in enterprise-scale green data centers.
An optimization model is presented for considering greenhouse gas emissions and
costs of all components of a microgrid system. The costs of capital, operational, and

degradation are obtained according to the 20-year running of the system. A real data
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center with a specified load demand is used to demonstrate that the model produces
high-quality microgrid configurations for tradeoffs of sustainability and cost. Wu
et al. [84] design two solution algorithms by using multi-objective optimization, to
realize a good tradeoff between cost and brown energy consumption in cloud networks
under both data center placement and data center addition scenarios. They give via
simulations how to select the optimal number of data centers and their sites over two
cases based on USNET and NSFNET topologies. Yang et al. [85] design a green cloud
data center framework that uses the artificial intelligence techniques. A scheduling
control engine and an smart refrigerating one are put forward to decrease energy
consumption. A green cloud data center platform is built to achieve the scheduling
control engine and evaluate the framework feasibility. Experimental results show that
it achieves a high-energy-efficiency and low-power-consumption data center operation.
Zhang et al. [86] consider a green energy-aware inter-data-center virtual machine
migration problem in elastic infrastructure, and formulate it as an integer linear
program. It aims to minimize the brown energy cost consumed by data centers.
CVX and Gurobi are adopted to address the challenging problem for small-scale
networks, and several heuristic algorithms are proposed to obtain the optimal solution
of large-scale networks.

Different from above studies, Chapter 3 in this dissertation jointly considers
the spatial diversity of CDCs’ many factors including power grid prices, wind speed,
solar irradiance, on-site air density, the maximum available energy and the number of
servers in each CDC. Then, it smartly schedules all tasks of each application to CDCs
located in multiple geographical locations within their delay bound constraints. In
addition, above studies ignore the temporal variations of green energy within tasks’
delay bound constraints. Chapter 6 in this dissertation considers applications whose
delay bound constraints are relatively long, e.g., 15-30 minutes, and aims to achieve

the profit maximization or energy cost minimization of a CDC provider. Chapter
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9 in this dissertation jointly optimizes providers’ revenue and their energy cost. It
formulates a constrained bi-objective optimization problem, and solves it by IMEAD
for the optimal tradeoff between these two objectives. It jointly takes advantages of
the spatial differences in CDCs provided that delay constraints of tasks of applications

are met.

2.3 Profit Maximization
The cloud computing community has proposed several methods to achieve the profit
maximization for a CDC provider [87]-[97|. Mei et al. [87] design a cloud broker and
specify prices of its virtual machines while maximizing its profit and reducing costs
for users. They formulate the virtual machine pricing and multiserver configuration
as a constrained profit maximization problem. A heuristic method based on bisection
search and partial derivative is proposed to solve it. The close-to-optimal solutions are
obtained to greatly reduce the user cost. Ma et al. 88| investigate dynamic admissions
of delay-sensitive tasks with function chain constraints in a distributed cloud, and aim
to maximize the profit of a service provider. A dynamic profit maximization problem
is formulated and an online heuristic algorithm is designed to solve it. In addition,
the offline version of this problem is formulated as NP-hard and a solution of integer
linear programming is given. Zhang et al. [89] propose polynomial time and truthful
auctions to maximize social welfare and /or the profit of a cloud provider. The Fenchel
duality is adopted in their primal-dual framework and gives more structures for convex
optimization problems than Lagrangian duality. Based on it, a framework of online
primal-dual optimization for allocation of virtual machines is proposed to maximize
the social welfare. Wan et al. [90] formulate a problem of dynamic server pricing
in which a data center provider specifies prices of servers according to the resource
demand. Then, a reactive pricing algorithm is proposed to dynamically adjust prices

of servers in response to changes of states. The close-to-optimal profit is achieved by
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considering green energy, battery levels and spot power prices. Theoretical analysis
is provided and real-world trace-driven simulations prove it is robust compared with
exogenous environment variations.

In addition, Wang et al. [91] investigate an interaction system of a smart power
grid with a cloud computing system and distributed photovoltaic power generation.
They jointly optimize the dispatch and routing of service requests in the cloud with the
power flow analysis of power grid. The near-optimal strategies of two players, i.e., a
power grid controller and a cloud controller, in Stackelberg game are designed by using
simulated annealing and convex optimization techniques. Ren et al. [92]| consider a
wireless cloud system where a service provider manages a data center and provides
its cloud services to users at dynamic prices. Then, scheduling of delay-tolerant
batch services and pricing strategies are jointly optimized for the long-term profit
maximization of the service provider. A provably-efficient algorithm is proposed to
realize dynamic scheduling and pricing in an arbitrarily random environment. A
close-to-optimal average profit is produced while the length of a job queue is bounded.
Patel et al. [93] present a generalized framework for network flow-based resource
allocation that jointly minimizes energy and maximizes profit. This framework models
the profit maximization under three different SLAs of clients. Based on it, optimal
resource allocations are derived by considering resource heterogeneity and varying
server utilization while SLAs are met. Hammoud et al. [94] propose a maximin game
theoretical model to assist a broker that is responsible for managing and creating cloud
federations. The obtained solution achieves the detection maximization of malicious
providers, and improves the profit of cloud providers and quality of service of the
cloud federations.

Besides, Deng et al. [95] design a system model for a cloud provider to
dynamically increase the scale of distributed data centers. It can deploy more VMs

of cloud users and effectively decrease the bandwidth cost. An optimization problem
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is formulated for the cloud provider to achieve the profit maximization, and further
solved in different conditions. Their simulation results prove that the proposed model
and algorithms effectively increase both the total revenue and users’ satisfaction, and
decrease requests’ average latency. Wu et al. |96] investigate the problem of cloud
service continuity and they consider a profit of maintaining the continuity of a service.
An optimization problem is first formulated to achieve the total profit maximization
subject to energy constraints. To solve it, two approximation algorithms are designed
for two practical cases including one with enough servers and another with limited
servers. The two algorithms are further combined to realize both good average
performance and worst-case performance. Benbrahim et al. [97] maximize net profits
and minimize penalties of cloud services with placement of VMs. The placement
optimization of virtual machines is formulated as a mixed integer non-linear program,
which is NP-hard, and a heuristic method is proposed to optimize their net profits
and overall penalties.

Different from these studies, Chapter 9 in this dissertation aims to simultane-
ously maximize the revenue of CDC providers, and minimize its energy cost. The
revenue and cost tradeoff solution aims to achieve a high-quality balance between the
revenue of CDC providers and its cost. A novel bi-objective optimization algorithm
named IMEAD is proposed to realize it, and intelligently schedules all tasks to

different CDCs within their delay bound limits.

2.4 Hybrid Cloud
A growing number of emerging studies investigate task scheduling in a hybrid cloud in
recent years [98]-[109]. Mao et al. [98] propose an algorithm to schedule MapReduce
tasks, and meet the deadline and cost constraints in a hybrid cloud. It maximizes
the resource efficiency of a private cloud and minimizes the execution cost of public

clouds such that job execution time is within its constraint. Zuo et al. [99] present
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a resource allocation method where some tasks are outsourced to public clouds when
resources of an TaaS provider are not sufficient to meet tasks’ performance demand.
The profit maximization problem of the IaaS provider is formulated as an integer
program and solved by a self-adaptive method. Different from above studies, this
dissertation work aims to maximize profit by investigating the temporal variations
of many factors including VM prices of public clouds and the revenue of the hybrid
CDC. Vasile et al. [100] propose a resource-aware scheduling approach for workflows
and batch jobs. Resources are divided into groups with hierarchical clustering. A
scheduling algorithm is proposed for each group to dynamically provision resources
for heterogeneous computing-intensive and I/O-intensive applications. Genez et al.
[101] aim to evaluate the effect of imprecise bandwidth information in inter-cloud
links on the scheduling of workflows. They propose a method to tackle imprecise
bandwidth information and its impact on the estimates of cost and makespan. The
proposed method chooses a deflating factor on the available bandwidth as the input to
the workflow scheduler. Simulation results demonstrate that it increases the number
of solutions whose makespans are shorter than the specified deadline, and decreases
the underestimations of cost and makespan.

In addition, Zhu et al. [102] consider a workflow scheduling problem in a hybrid
cloud system where tasks are stochastic, compute-intensive, dependent, deadline-
constrained and scheduled on distributed and elastic cloud resources. They propose an
iterated heuristic framework to execute jobs, and explore three optimization objectives
including usage time, utilization and number of VMs. Then, they propose two job
collecting mechanisms and develop two timetabling approaches. Prasad et al. [103]
design an algorithm to solve the procurement problem of multiple resources in hybrid
clouds. Users in cloud submit their needs, and vendors send bids including QoS, price
and their resource sets. The algorithm is scalable given that there are a great number

of more continually increasing cloud vendors. Hwang et al. [104] propose a model
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to solve the migration challenges that convert one resource into the same or another
one in hybrid clouds. The problem is formulated as a constraint satisfaction one.
The server components are iteratively decomposed and servers are consolidated. A
mapping algorithm is proposed to match computing resources with network ones for
ensuring network affinity. Lu et al. [105] aim to maximize an profit of a multimedia
cloud service provider by scheduling multimedia services to distributed users in a
hybrid cloud. A service provisioning model is designed to provision resources in the
hybrid cloud. A Lyapunov optimization method is adopted to maximize the profit
of the cloud provider, and an online algorithm is proposed to provision the hybrid
cloud in a distributed way. An e-persistent method is applied to bound the worst-case
latency of provisioned requests.

Besides, Charrada et al. [106] investigate the deployment of applications by
considering the placement selection of their components between a private cloud and
public clouds. An efficient algorithm is proposed to deploy service-based applications
that can be architecture-based and behavior-based compositions of services in a
hybrid cloud. Qiu et al. [107] employ a Lyapunov optimization method, and a
dynamic control algorithm is proposed to smartly place contents and schedule requests
in a hybrid cloud distributed in multiple data centers. It minimizes the overall
operational cost while meeting request response time limits. Rigorous analysis is
provided to prove that it well bounds response times within a specified QoS target,
and guarantees that the cost is also bounded within a constant gap. Li et al [108]
alm to optimize the operational cost for a hybrid cloud provider by theoretically
analyzing the optimization problem by using a framework of Lyapunov optimization.
A dynamic and online provisioning algorithm is proposed, and it tackles real-life
challenges without priori renting price information of public clouds and the probability
distribution of requests. A set of real-life data is used to prove that it effectively

decreases the operational cost. Zhang et al. [109] design a two-stage task scheduling
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framework and propose efficient algorithms to enhance the service quality of clouds.
According to the historical information of task scheduling, an optimal number of
VMs with different resource attributes are created in advance. Then, according to
the complexity of tasks, the optimal set of VMs are selected from the created ones to
execute tasks. Based on the two-stage strategy, efficient task scheduling algorithms
are further presented.

Different from above studies, Chapter 6 in this dissertation specifies the number
of tasks executed in public clouds and task service rates of the CDC within tasks’
delay bound constraints. Then, all tasks are smartly executed in the CDC and public

clouds while tasks’ delay bound constraints are strictly met.

2.5 Application Behavior Analysis
Recently, an increasing number of studies analyze the application behavior analysis
and model the performance of applications in CDCs to achieve the QoS modeling
23, 24, 76], [110]-[125]. The work [23] adopts a G/D/1 queue to characterize the
distribution of workload among geographically distributed green data centers. Then,
an optimization problem is formulated as a convex optimization one, and solved to
maximize the profit of data center providers by optimally distributing workload among
multiple data centers. The work [24] proposes a convex optimization-based strategy
to maximize the profit of green data centers. It uses a G/D/1 queueing model to
calculate the probability that the waiting time of a task is larger than its specified
deadline. It considers SLAs between users and data centers, availability of renewable
energy generation at each data center and stochastic characteristics of workload. In
[110], servers in each rack are modeled as an M /M /m queuing system and their actual
average latency is calculated accordingly. Then, an adaptive power control algorithm
is proposed to investigate the correlation between computer room air conditioners

and the power consumption of servers. The work [111] adopts an M /M /n queuing
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model to calculate the average delay of each active server for data centers. Then, a
mixed-integer nonlinear programming problem is solved to realize the optimal energy
cost management and load balancing for data centers while meeting users’ SLAs. In
the work in [112], the average response time at each server in a cloud is calculated
according to an M /M /¢ queuing system, and then the average response time of all
users is obtained. A profit optimization problem is next formulated accordingly for
the cloud provider.

In addition, Cao et al. [113] regard a multiserver system as an M /M /m
queueing model based on which an optimal multiserver configuration problem
is formulated and solved analytically to realize profit maximization in a cloud
environment. They consider two power consumption and server speed models, and
derive a probability density function of waiting time for each new task. Bi et al. [114]
establish a hybrid queueing model based on the combination of M /M /1 and M /M /m
queueing models. Then, a non-linear constrained optimization problem is formulated,
and solved with a hybrid meta-heuristic algorithm to maximize the profit of cloud
providers provided that clients’ performance requirements are met. Furthermore, the
number of VMs for each tier of multi-tier web applications is determined to improve
the performance of applications and reduce the energy cost of resources. Mei et
al. [115] treat a service system as an M /M /m queueing model based on which
performance indicators that affect the profit of the proposed double resource renting
scheme are designed and analyzed. The double renting scheme can greatly reduce the
waste of resources while meeting QoS of all tasks in clouds. Their results demonstrate
that it guarantees the service quality of all tasks, and achieves more profit.

Nevertheless, the above studies can only ensure that the average delay of all
arriving tasks is within their delay bound constraints. Yet the long tail effect exists in
the delay distribution of arriving tasks in realistic data centers [116]. It indicates that

the actual delay of some arriving tasks might not meet their delay bound constraints.

43



Chapter 5 in this dissertation distinguishes from these studies in that STTS-scheduled
tasks strictly meet delay bound constraints of tasks. In addition, these above studies
handle QoS of tasks by using constraints in their formulated optimization problems.
However, it is more advantageous to consider the QoS optimization as an objective
than a constraint as this can give more choices to decision makers. Hence, different
from above-mentioned studies, Chapter 7 in this dissertation aims to jointly maximize
the profit of CDC providers, and QoS of tasks of all applications.

In addition, Bi et al. [117] compute task arriving rates according to internal
and external workload for multiple resource-intensive applications. They develop a
probabilistic queueing model to cope with non-steady states in a smart controller.
Then, computing and storage resource consumption in a virtualized CDC is mini-
mized. El Kafhali and Salah [118] propose a stochastic model according to queuing
theory to analyze the performance. Data center platforms are modeled as an open
queuing system for their QoS analysis. Then, the number of needed instances of
VMs is estimated and used to meet specified QoS requirements. Satpathy et al.
[119] propose a queueing model to schedule and manage a set of VM requests. This
queueing model makes it easy to realize, analyze and validate complex systems like
clouds. Its queueing structure is designed as a single-queue-single-service facility by
using an M /M /1 queue. VM requests are executed with a First-Come-First-Serve
(FCFS) manner and forwarded to data centers for placement. Then, a multi-objective
VM placement method is designed to decrease the resource and power consumption
at data centers. Ponraj [120| adds tasks into a priority-based probability queuing
model, and schedules them into a suitable VM. Specifically, an M /G /1 queuing model
is adopted to derive the waiting time of tasks. Then, a VM placement algorithm is
proposed to reduce completion time and processing cost by considering resources,
QoS metrics and VM status. It provides a solution to minimize the completion time

of overall jobs in both dynamic and static workloads.
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Besides, Darzanos et al. [121] model virtualized infrastructure of each cloud
service provider (CSP) as an M /M /1 queueing system. Based on it, revenue
and cost functions for each CSP are derived. Then, task forwarding-based and
capacity sharing-based federation methods are designed, and the joint business and
the reward-driven modes are proposed to benefit both CSPs and customers. Li et al.
[122] propose a parallel virtual queue model to buffer tasks of the same type into a
separate queue. Three parallel policies including buffering, offloading and resource
allocation are designed to improve task completion ratio, resource allocation balance
and throughput. Fang et al. [123] treat a public CSP as an M /M /1 queueing system
and study the pricing effect of CSP on the equilibrium behaviors of independent
cloud users in a monopoly cloud market. Two pricing mechanisms are proposed to
maximize both social welfare and revenue. Besides, a cloud broker is also modeled as
an M /M /1 queueing system with infinite capacity, and a price-based resource access
control method is designed. They also analyze how their pricing mechanism affects
equilibrium behaviors of cloud users, and the social-optimal and revenue-optimal
pricing strategies in view of this CSP. Santhi et al. [124| adopt two connected queues
including MX1/M /1 and M /M /1 models for a cloud architecture in a healthcare
system. Then, the FCFS discipline is adopted, and the waiting time and the number
of patients of different classes in both queues are obtained. Fang et al. [125] analyze
the performance of each rack and servers on it by modeling it as an M /M /n queueing
system. Then, a constrained nonlinear optimal control problem is formulated to
minimize energy consumed by a cloud system while QoS and thermal constraints of
each device are met. The simulation results demonstrate that it achieves significant
energy saving while guaranteeing throughput of a data center.

Unlike these methods, Chapters 8 and 10 in this dissertation adopt the most
general model, i.e., a G/G/1 queue, to analyze the performance of each switched-on

server. In the model, both execution time and interarrival time of each task follow

45



arbitrary probability distributions. Different from them, Chapter 8 formulates a
bi-objective constrained optimization problem and solves it by the proposed SADE
to obtain a good tradeoff between energy cost minimization and QoS maximization.
Based on the G/G/1 queue model, FSTS is proposed in Chapter 10 to specify a
running speed of each server and the number of switched-on servers in each data
center at different locations. In addition, these existing studies design performance
needs as constraints in their optimization problems. Therefore, performance or QoS

needs are only satisfied to the minimum extent in their methods.

2.6 Energy Management in CDCs
Recently, more and more studies are conducted to realize efficient energy management
in CDCs [126]-[141]. Yu et al. [126] investigate an energy management problem for
multiple microgrids of data centers. They aim to achieve the long-term operational
cost minimization by considering uncertainties in prices of power grid, renewable
energy and arriving workloads. They design a real-time and distributed algorithm to
solve their proposed problem. Fang et al. [127] propose a two-time-scale approach
to minimize the energy consumed by high-performance-computing CDCs through
dynamic processor frequency scaling, cooling supplement and task assignment. Then,
the energy minimization problem is solved in a two-time-scale manner. The processor
frequency and task assignment are optimized in a steady thermal environment,
and the cooling supplement is optimized in a dynamic one. Rong et al. [128]
propose a comprehensive set of mechanisms to minimize the environmental impact
and maximize the efficiency of data centers by considering cost reduction, energy
consumption and environment protection. They also show the future energy-saving
trends for data centers. Vasudevan et al. [129] formulate the assignment of
applications to VMs as a problem of profile-driven optimization under different

constraints, and solve it by a genetic algorithm. They improve a penalty-based genetic
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algorithm by applying the longest cloudlet, the fastest processor and a procedure for
repairing infeasible solutions. Finally, they develop a scalable method for application
assignment to realize the tradeoff between resource utilization and energy efficiency.

In addition, Hu et al. [130] consider several geo-distributed data centers that
are powered by both energy storage and fuel cells. An online algorithm is designed to
minimize the gap between energy demand and supply by joint workload scheduling
and energy management. The output of fuel cells is managed and workloads are
migrated among data centers. Kaur et al. [131]| apply software defined data centers
to decrease energy utilization levels. A multiobjective optimization problem is
formulated to derive the optimal resource allocation for applications, and a suboptimal
method based on the first fit decreasing algorithm is proposed to reduce energy
consumption with negligible violations of QoS. Hogade et al. [134] give several
workload management methods to minimize the energy cost for geo-distributed data
centers. They consider many factors including co-location interference, data center
cooling power, time-of-use electricity pricing, net metering, renewable energy and
distribution models of peak demand pricing. Canali et al. [135] propose a method to
minimize the energy consumption in a software-defined CDC by efficiently allocating
virtual elements. The energy consumption is modeled by investigating computing,
migrating and data transferring costs. Three different strategies are proposed to save
energy without a significant growth in solution complexity.

Besides, Yadav et al. [136] propose three adaptive energy-aware algorithms
based on robust regression models to minimize SLA violations and energy con-
sumption. Experiments based on real workload traces prove that these algorithms
effectively decrease energy consumption while keeping the specified performance levels
in a CDC. Hu et al. [137] aim to mitigate the limited load by adjusting both energy
demand and supply with joint energy management and workload scheduling. They

investigate multiple distributed data centers that are powered by both energy storage
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and fuel cells. An online algorithm is proposed to the gap minimization between
energy demand and supply by simultaneously migrating workloads and optimizing
fuel cells output among data centers. Al-Dulaimi et al. [138]| develop cloud radio
access network solutions and algorithms for computing the optimal network mapping
solution and backup topology while interfacing requests from inactive or low-flow
femtocells are denied. Then, a graph-coloring method is proposed to label new
fronthaul femtocell clusters by using power as a performance metric. Simulation
results are given to show the efficient performance of obtained solutions in large-scale
networks. Chen et al. [141] formulate the resource allocation as a robust optimization
problem with the objective of minimizing the worst-case net cost. It is further
converted into a convex program, which is solved in a distributed manner with a
dual decomposition method for constructing sustainable and energy-efficient data
centers. It jointly exploits the spatio-temporal variations of workload demand, local
temperature, energy prices and the availability of renewable power. It performs better
than several state-of-the-art allocation methods with extensive numerical experiments
according to real-life data.

Different from the above-mentioned studies, Chapter 8 in this dissertation aims
to jointly minimize both the energy cost of a distributed data center provider, and
the task response time of all tasks. It intelligently and jointly splits all arriving
tasks among data centers, and specifies the number of switched-on servers and the
running speed of each server in each data center. In addition, different from these
studies, Chapter 10 in this dissertation aims to minimize the energy cost of a data
center provider by investigating the spatial variations of several factors, which include
CPU utilization of servers, running speed limit of each server, peak and idle power of
each server, power usage effectiveness, maximum available energy and servers, price
of power grid, and task queue stability in each CDC. Then, it proposes FSTS to

smartly consume power grid, wind and solar energy by optimally allocating tasks of
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heterogeneous applications among multiple data centers, and specifying the running
speed of each server and the number of switched-on servers in each CDC provided

that response time limits of tasks of all applications are strictly met.

2.7 Resource Optimization Methods in Clouds

In recent years, resource optimization methods have attracted a growing amount of at-
tention [142]-[153]. Lyu et al. [142] develop a semidistributed and heuristic offloading
decision algorithm to jointly optimize the offloading, computation and communication
resources for system utility maximization. The formulated problem is reduced to a
submodular maximization one, and further decomposed into two subproblems. The
first one is tackled with convex and quasiconvex optimization, and the second one is
tackled with submodular set function optimization. Li et al. [143] address the problem
of virtual network function placement by investigating service function chain requests
of users. It is formulated as an integer linear programming problem for minimizing
the number of physical machines, and solved by a two-stage heuristic method, which
includes a correlation-based greedy algorithm and an adjustment one for requests of
virtual network functions. Li et al. [144] jointly optimize resource optimization and
congestion control to realize the energy efficiency-guaranteed tradeoff between delay
performance and throughput in heterogeneous cloud radio access networks. Their
formulated stochastic optimization problem is transformed into three subproblems
solved in parallel. Luna et al. [145] design a decentralized probabilistic method to
optimize performance of cloud services. They consider an Infrastructure-as-a-service
framework in which users can configure virtual resources dynamically to meet specific
computational needs. It supports performance metrics of the cloud and security
metrics by using cryptographic algorithms for data storage.

In addition, Mireslami et al. [146] propose a runtime-friendly and cost-effective

algorithm to minimize the cost of deployment while guaranteeing QoS performance
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needs. It provides an optimal option, from users’ point of view, to deploy Web
applications in a cloud environment. A multi-objective optimization algorithm is
proposed to simultaneously minimize cost and maximize QoS performance. Zhou
et al. [147] develop a declarative optimization engine to provision resources
for scientific workflows in distributed clouds. It allows users to describe their
workflow optimization objectives and constraints of specific problems. A probabilistic
optimization method is proposed to evaluate their formulated problems to tackle the
cloud dynamics. The power of GPUs is leveraged to accelerate the solution search in
a timely and fast way. Chou et al. [148] propose a dynamic power-saving resource
allocation method to improve energy efficiency by using a particle swarm optimization
algorithm. It investigates the energy consumed by physical and virtual machines, and
improves the energy efficiency ratio of an air conditioner. The least squares regression
mechanism is adopted to predict resource utilization for provisioning VMs. Domanal
et al. |149] propose a hybrid bio-inspired algorithm for resource management and task
scheduling in a cloud environment. It efficiently schedules tasks to virtual machines
with an improved particle swarm optimization algorithm. Then, demanded resources
including CPU and memory are allocated and managed accordingly for improving
reliability and decreasing the average response time.

Besides, Alrawahi et al. [150] investigate the challenging QoS satisfaction when
resources in cloud of things are traded and resource allocation is performed. A
QoS model is designed to address the problem by optimizing five QoS objectives
including energy consumption, resource cost, fault tolerance, response time and
resource coverage. Jiao et al. [151] consider a dynamic resource allocation problem for
service provisioning in distributed multi-tier clouds, and develop an online algorithm
that constructs a series of regularized subproblems, which are solved at corresponding
time slots. Two predictive control algorithms are designed to inherit theoretical

assurance of the online algorithm, and improve practical performance. Li et al.
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[152] formulate the resource reservation and allocation with uncertain needs of mobile
users as a robust optimization model. Then, a robust joint resource reservation and
allocation algorithm in mobile cloud computing is designed to achieve the optimal
provisioning of radio resources and VM resources. Qiu et al. [153] design a correlated
modeling method by using a Bayesian method, Laplace-Stieltjes transform, and
semi-Markov models to analyze reliability performance and energy correlations for
cloud applications. A recursive method is presented by using a check-pointing fault
recovery mechanism, and can jointly optimize energy consumption and service time
for running a cloud application. Finally, a derivation method is presented to specify
Pareto optimal solutions, which are further evaluated with illustrative examples.
Different from these studies, Chapter 10 in this dissertation formulates an
energy minimization problem as a single-objective constrained optimization one, and
solves it with a newly proposed Simulated-annealing-based Bat Algorithm (SBA).
SBA combines the Metropolis acceptance criterion of SA into BA, and performs the
SA-based selection and the disruptive selection to ensure its high convergence speed

and solution accuracy.

2.8 Computation Offloading in Edge Computing
The computation offloading is of great importance in edge computing, and has been
attracting a growing amount of attention in recent years [57], [154]-[165]. Zhao
et al. [57] propose a collaborative computation offloading method that offloads
application services to automobiles in vehicular networks, and optimizes resource
allocation for MEC and cloud computing. A distributed algorithm for computation
offloading and resource allocation is designed to obtain the optimal solution. The
computation time and system utility for computation-intensive tasks are improved
effectively. Liu et al. [154] design a price-based distributed approach to schedule

users’ offloaded computation tasks. They formulate a Stackelberg game to analyze the
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interaction between users and the edge cloud. The prices are set by the edge cloud to
achieve revenue maximization by considering its finite computation capacity. Then,
each user separately makes its own offloading decision to realize the minimization
of latency and payment. Based on the network information of the edge cloud,
differentiated and uniform pricing algorithms are developed and implemented in
a distributed way. Wei et al. [155] model computation offloading as a Markov
decision process (MDP), and reinforcement learning algorithms are used to obtain
the optimal offloading decision. A polynomial value function approximation approach
is developed to accelerate the learning process. Then, an after-state reinforcement
learning mechanism for MDP is designed to obtain the optimal offloading strategy for
real MEC systems. Guo and Liu [157] adopt hybrid fiber-wireless (FiWi) networks
to support the coexistence of multiaccess edge computing and a centralized cloud.
An architecture is presented to adopt the FiWi access networks. The problem of
collaborative computation offloading among cloud and MEC is investigated. Then,
approximation game-theoretic collaborative computation offloading strategies are
proposed. Their strategies achieve higher performance and availability than existing
MEC offloading methods.

In addition, Ning et al. [158] formulate a single user computation offloading
problem with unlimited MEC resources, and it is solved by a branch and bound
algorithm. Then, they formulate a multiuser computation offloading problem as a
mixed integer linear programming one by investigating resource competition among
mobile users. A heuristic iterative resource allocation algorithm for MEC is designed
to dynamically obtain the offloading strategy. Bi and Zhang [159] aim to maximize
the weighted sum computation rate of all wireless devices by jointly optimizing the
computing mode selection and the allocation of system transmission time. Then, a
joint optimization approach based on the alternating direction method of multipliers

decomposition mechanism is proposed and it achieves slower growth of computational
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complexity as the size of networks increases. Lei et al. [160] design a joint
multiuser scheduling and computation offloading algorithm in an edge computing
system to minimize the average weighted sum of power consumption and delay
under stochastic traffic arrival. A dynamic optimization problem is formulated
into an infinite-horizon and continuous-time MDP model. An approximate dynamic
programming method is proposed to deal with the problem of curse of dimensionality.
Yu et al. [161] investigate a scenario where mobile users offload their computation
tasks to the network edge, and share the computed results among them. They design
a fine-grained optimal collaborative offloading strategy with caching-enhancements
to achieve the execution delay minimization at the mobile terminal side. An optimal
offloading with a caching enhancement scheme is proposed for femto-cloud and MEC
scenarios, respectively.

Besides, Chen et al. [162| design an online peer offloading framework for
small-cell base stations (SBSs) by adopting a Lyapunov method. It aims to maximize
the long-term performance of system while keeping energy consumption below a
long-term constraint of each SBS. They formulate a peer offloading game among SBSs
and analyze its efficiency loss and equilibrium. The performance of edge computing
is dramatically improved with decentralized peer offloading among SBSs. Dinh et al.
[163] investigate a multi-edge-node multi-user computation offloading problem, which
is formulated as a non-cooperative exact potential game. In addition, a model-free
reinforcement learning offloading method for unknown channel state information is
proposed to help mobile users learn their long-term offloading policies to maximize
their long-term payoffs. Hong et al. [164] investigate communication-routing and
computation-offioading problems to minimize energy consumption and computation
time of each task. The joint problem is formulated as a potential game where
devices in industrial IoTs specify their computation-offloading policies. Then, a

cooperative-messaging multi-hop method is proposed and two QoS-aware distributed
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algorithms are developed to realize the Nash equilibrium. Their simulation results
prove that the proposed algorithms provide high performance gain for IoTs in different
scenarios and high scalability when the device size grows. Wei et al. [165] consider a
multi-user computation offloading problem for mobile cloud computing in a dynamic
environment. Mobile users are inactive or active dynamically, and their wireless
channels to offload computation change randomly. An offloading decision process is
formulated as a stochastic game for mobile users in a dynamic environment because
each user selfishly makes its computation offloading decision. A multi-agent stochastic
algorithm is proposed to achieve the Nash equilibrium with an analytically derived
convergence rate. Although recent studies consider the computation offloading for
edge computing, they fail to achieve the joint optimization of computation offloading
and resource allocation in CDC.

Different from these studies, Chapter 11 in this dissertation jointly optimizes
the computation offloading between CDC and edge computing layers, and resource
allocation in the edge computing layer for latency sensitive tasks. The resources

include CPU, memory, and bandwidth at the edge computing layer and servers in the

CDC layer.

2.9 Performance Optimization in Edge Computing
In edge computing, performance optimization is an important yet challenging topic,
which involves evaluating performance and deciding where to execute users’ tasks and
how to allocate computing resources [166]-[177|. Responsiveness of tasks is important
because applications are usually real-time. Tao et al. [166] analyze the energy
efficiency and performance guarantee of MEC. An energy minimizing optimization
problem is formulated and solved by using Karush-Kuhn-Tucker conditions for better
performance of tasks and lower energy consumption. A request offloading scheme is

designed by specifying bandwidth capacity and energy consumption at each time slot.
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Zhu et al. |167] design a solution for quality and latency optimized task scheduling
in vehicular fog computing. The task allocation across mobile and stationary fog
nodes is formulated as a bi-objective optimization problem by considering constraints
on quality loss, service latency and fog capacity. An event-triggered dynamic task
allocation method is proposed by applying binary particle swarm optimization and
linear programming-based optimization to achieve a tradeoff between quality loss and
service latency. Ren et al. [168] formulate a joint computation and communication
resource allocation problem to minimize the average latency of all mobile devices. A
closed-form optimal task allocation policy is derived in terms of normalized cloud
computation and backhaul communication capacities. In addition, the original
problem is further transformed into an equivalent convex optimization one and solved
by a convex optimization technique to obtain the optimal computation resource
allocation. Han et al. [169] consider a two-tier network in which helpers with caching
resources are deployed in a coverage area of base stations. The caching optimization
problems are formulated and their convexity properties are given. In this way, the
optimal caching policy is obtained by a low-complexity algorithm. Simulation results
prove the proposed policy achieves a significant performance gain over an existing
policy for video on demand services.

In addition, Mehrabi et al. [170] design a heuristic-based and low-complexity
mechanism with minimum requirement for parameter tuning in multi-access edge
computing environments. Its optimized solution is studied against two typical client-
based solutions including buffer-based adaptation and rate-based adaptation. It aims
to prove the solution efficiency and quantify benefits brought by network-assisted
adaptation over client-based approaches. Wang et al. [171| propose a framework for
a performance-power tradeoff of mobile service providers by jointly scheduling network
resources in a cloud radio access network and computation resources in mobile edge

cloud computing. A resource scheduling problem is formulated as a stochastic one
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and an optimization framework is designed with an extended Lyapunov method for
guaranteeing low congestion and high system stability. Hu and Li [172] formulate
a transmitting power allocation problem for energy consumption minimization of
mobile users. It is solved by a subgradient-based noncooperative game model and a
quasiconvex technique. A joint resource scheduling and request offloading problem is
modeled as a mixed-integer nonlinear program for the response delay minimization
of requests. It is transformed into a double decision-making problem solved by an
improved fast and elitist multiobjective genetic algorithm. Ren et al. [173| formulate
a joint computation and communication resource allocation problem for the weighted-
sum latency minimization of all mobile devices. Then, an optimal closed-form task
allocation policy is obtained as a function of the cloud computation and the backhaul
communication capacities by adopting the convex optimization. Simulation results
show that the proposed collaborative scheme achieves much better delay performance
than traditional schemes.

Besides, Wu et al. [174] aim to improve code offloading on edge devices by
focusing on maximizing the capability of CPU computation, and minimizing cross-
device I/O and interdomain data transfer cost. The efficient and in-depth analysis
of both extra system burden and performance optimization is conducted. Then,
a distributed and fast code offloading method for edge devices is implemented to
offload user-specified binary codes across heterogeneous instruction set architectures.
It improves the system performance, and decreases burdens on data transfer and
I/O latency. Ouyang et al. [175] investigate a service performance optimization
problem with a long-term cost constraint in the mobile edge. To address unpredictable
mobility of users, Lyapunov optimization is applied to decompose the optimization
problem into several real-time optimization subproblems that do not need priori user
mobility information. An approximation algorithm is designed to obtain a close-

to-optimal solution based on Markov approximation. Tao et al. [176] consider an
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energy efficiency optimization problem with a guaranteed performance constraint in
MEC. Karush-Kuhn-Tucker conditions are applied to solve it, and a request offloading
method is presented for achieving less energy consumption with higher performance
of tasks. The offloading method is determined by bandwidth capacity and energy
consumption. Chen et al. [177] model the optimal computation offloading as a MDP,
and aim to maximize the long-term utility performance. The offloading decision is
made according to energy and task queue states, and channel qualities between base
stations and mobile users. Then, to avoid the high dimensionality curse in a state
space, a deep Q-network-based strategic algorithm is proposed to achieve computation
offloading without the priori information of network dynamics.

Compared with existing studies, Chapter 11 in this dissertation aims to improve
the system performance by proposing a smart offloading algorithm. It considers two
offloading destinations (nodes in edge and servers in CDC), and provides a fine-grained
model for response time of tasks executed in edge and CDC by jointly splitting tasks

among nodes in edge, and specifying the task service rate of servers in CDC.

2.10 Energy Optimization in Edge Computing
Optimizing energy consumption is one of the most challenging problems in edge
computing because its nodes are typically equipped with limited battery energy
[178]-[189]. Xu et al. [178| investigate a multiuser MEC system with a constraint
of task latency. Users can reduce energy consumption by partially or completely
offloading their tasks to an server for MEC while meeting a latency constraint. They
formulate the joint optimization of data compression, computation offloading and
resource allocation as a problem with constraints of latency and MEC computation
capacity. The problem is then transformed into a convex one solved by convex
optimization. Li et al. [179] incorporate MEC into virtualized cellular networks

with machine-to-machine communications to optimize computing resource allocation
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and reduce energy consumption. They formulate a random access process as partially
observable MDP to minimize energy consumption and execution time of the system.
Zhang et al. [180] consider a power consumption problem in a multiuser MEC system
with energy harvesting devices. A problem of power consumption minimization with
constraints of QoS and battery stability is formulated as a stochastic optimization
program. An online algorithm based on Lyapunov optimization is designed to
solve the problem. It only needs current states of users. A distributed algorithm
is proposed by using an alternating direction approach of multipliers to decrease
the computational complexity. Zhang et al. [181]| present an dynamic and online
task scheduling method to consider a tradeoff between execution delay and energy
consumption for a MEC system with energy harvesting capability. An energy
consumption and execution delay minimization problem with buffer queue stability
and battery level constraints is formulated. A Lyapunov optimization approach
is adopted to obtain the optimal scheduling of CPU-cycle frequencies and data
transmission power for mobile devices.

In addition, Cui et al. [182] investigate a tradeoff between the latency and
energy consumption to meet user needs of different IoT applications. A constrained
multiobjective optimization problem is formalized and solved to find the optimal
solutions with the improved fast and elitist nondominated sorting genetic algorithm
including problem-specific genetic operators and an encoding scheme. Ji et al. [183]
investigate a power consumption problem in a multiuser MEC system with energy
harvesting devices. The power consumption minimization problem is formulated as a
stochastic optimization program. A Lyapunov optimization-based online algorithm is
designed to solve it. In addition, a distributed algorithm is proposed to reduce system
computational complexity with an alternating direction method of multipliers. Sun et
al. [184] develop an energy-aware mobility management method to optimize the delay

due to both radio access and computation under a long-term energy consumption
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constraint of users. It is derived based on multi-armed bandit and Lyapunov
optimization theories, and it well tackles the imperfect state information of the system
in an online manner. Zhou et al. [185] consider a problem of energy-efficient workload
offloading and develop a distributed low-complexity method by using a consensus
alternating direction method of multipliers. The problem incorporates many local
variables for each user equipment, and it is transformed into a general consensus
one with separable constraints and objectives. The consensus problem is further
decomposed into several subproblems distributed across users’ equipments and solved
in a simultaneous manner. Simulation results prove that the energy consumption is
reduced significantly by their proposed algorithm.

Besides, Pu et al. [186] develop a hybrid edge computing framework to
augment vehicle resources for large-scale vehicular crowdsensing applications. It
adopts cooperative vehicles and a VM pool of an edge cloud controlled by an
application manager. A multitask and multivehicle offloading problem is formulated
to minimize the energy consumed by network-wide vehicles that serve heteroge-
neous applications, and reconcile both vehicle incentives and application deadlines.
Then, a knapsack-based resource allocation method for a VM pool, and a graph
transformation-based workload assignment policy are proposed. Nan et al. [187]
employ dual energy sources to support fog nodes where solar power provides primary
energy and grid power serves as the backup supply. An analytic framework is proposed
to incorporate green energy to support the operation of fog computing-based systems.
A Lyapunov optimization-based algorithm is proposed to trade off average response
time and energy cost in IoTs. Dong et al. [188] develop a cooperative fog computing
system to offload workload on an entire fog layer by forwarding data. Then, a joint
optimization problem is formulated to trade off quality of experience and energy
in a fairness-enabled fog computing process. Its convexity is given and a fairness

cooperation algorithm is designed to find the optimal fairness cooperation strategy
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of all fog nodes. Zhou et al. [189] investigate a problem of energy-efficient workload
offloading in vehicular networks. To solve it, a low-complexity distributed method is
designed by using a consensus alternating direction approach of multipliers. Several
local variables are incorporated for each user equipment, and the original problem is
converted into an equivalent consensus problem with multiple objectives and different
constraints. Then, the consensus problem is decomposed into many subproblems,
which are solved simultaneously.

Different from these studies, Chapter 11 in this dissertation provides a
higher-accuracy and fine-grained energy model. It jointly considers CPU, memory,
and bandwidth resource limits, load balance requirements of all nodes, and different
processing capacities of heterogeneous nodes in the edge computing layer. In addition,
it jointly considers key parameters of CPU utilization, task service rate of CDC
servers, task arriving rate, power usage effectiveness, peak and idle power of each
server, price of power grid, maximum amount of energy, maximum number of available

servers and task queue stability in the CDC layer.
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CHAPTER 3

SPATIAL TASK SCHEDULING FOR COST MINIMIZATION IN
DISTRIBUTED GREEN CLOUD DATA CENTERS

This chapter presents the proposed Spatial Task Scheduling and Resource Optimization
(STSRO) algorithm, and it is organized as follows. Section 3.1 presents the motivation
and system architecture of cloud data centers (CDCs). Based on the architecture of
CDCs, Section 3.2 formulates a cost minimization problem for the CDC provider.
Section 3.3 describes the proposed Simulated-annealing-based Bat Algorithm (SBA)
algorithm to solve the problem and to develop STSRO to minimize the total cost
of the CDC provider. Trace-driven experiments with real-life data are conducted to

evaluate the proposed STSRO in Section 3.4. Section 3.5 concludes this chapter.

3.1 DMotivation and System Architecture

This section presents the system architecture of CDCs illustrated in Figure 3.1. A
typical cloud provider manages multiple CDCs in different locations, and provides
different types of applications to global users. Each CDC typically hosts a server
cluster consisting of a huge number of servers that range from several hundreds
to several thousands. In addition, to guarantee the response time, robustness and
availability, multiple available ISPs that transfer data among CDCs and users are
designed to connect to each CDC. In addition, similar to the work in [18], it is
assumed that replicas, e.g., programs and data, for each application have been copied
and distributed across all CDCs. Thus, applications and their data are consistent
with each other, and therefore, tasks of each application can be independently
executed within each CDC. Besides, it is assumed that servers of each application are
homogeneous while servers of different applications are heterogeneous in hardware.

In Figure 3.1, users around the world send their various tasks to CDCs through

multiple types of electronic devices, e.g., smart phones, computers, servers and
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Figure 3.1 System architecture of CDCs.

laptops. CDCs run as follows. In each CDC, users’ tasks are executed based on the
First-Come-First-Serve (FCFS) policy [190]. Tasks of each application are enqueued
into their corresponding FCFS queue. The information about all queues is sent
to Task Scheduler. Besides, each CDC can obtain electricity from multiple power
sources (power grid, solar and wind energy suppliers) and periodically transmit the
information to Task Scheduler. The information includes prices of power grid, wind
speed, solar irradiance, on-site air density, peak (idle) power of each server, etc. Based
on above information, Task Scheduler executes STSRO to jointly specify the optimal
allocation of all arriving tasks among multiple available ISPs, and determine the
optimal setting of each server in each CDC. Then, the setting information of servers

is adopted to configure them in each CDC.

3.2 Problem Formulation
Based on the architecture of CDCs, the cost minimization problem is formulated. The

objective is to minimize the total cost of a CDC provider denoted by f5. fo consists
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of two parts that are fo; and foe, respectively. Here f5; denotes ISP bandwidth cost
of transmitting data between users and CDCs, and fss denotes CDCs’ energy cost

brought by the execution of tasks scheduled to CDCs in time slot 7.

fa=fa1+f22 (3.1)
fa1 is calculated as:
NEKE NC NA
=S [0 [ S5 () )
k=1 c=1 n=1

In equation (3.2), L denotes the length of each time slot, N'K denotes the number
of available ISPs, A'¢ denotes the number of CDCs, and N4 denotes the number of
applications deployed in each CDC. Besides, b* denotes the unit bandwidth price of
ISP k in time slot 7, A®¢"™ denotes the arriving rate of tasks of application n delivered
to CDC c¢ through ISP £ in time slot 7, and (,, denotes the average size of each task
of application n.

fa2 is calculated as:

NO
f22: Z p_cr <maX <E:_ET’C_E'T,07 0) > (33>

c=1

In equation (3.3), p¢ denotes the price of power grid produced by thermal power
generation in CDC c in time slot 7. p$™ denotes the service rate of tasks of application
n in CDC c¢ in time slot 7.

There are many existing studies that adopt an M /M /1 queueing system to
evaluate the performance of each server of each application in existing data centers
[110]. Thus, similarly, servers of application n in each CDC are modeled as an
M/M/1/Q¢ /oo queueing system. E¢ denotes the total energy consumed by the
execution of tasks of all applications in CDC ¢ in time slot 7. Therefore, E¢ is

calculated by (3.4).
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In equation (3.4), A%™ denotes the arriving rate of tasks of application n in
CDC c in time slot 7. 09" denotes the loss possibility of tasks of application n in
time slot 7. Iilcyn denotes the number of tasks executed by each switched-on server
for application n per minute in CDC c. i)fl and i’% denote the idle and peak power of
each server for application n in CDC ¢, respectively. «. denotes the value of power
usage effectiveness of CDC c. Q% denotes the capacity of the task queue of each server
for application n in CDC ¢, and it is the maximum number of tasks that all servers

of application n can execute.

NA 5 cn 4 c,n c,n

A THAL NG (1—-09
Ef. 2 : c,np“r c,n’ M ( T )L
n=1

Nc,n
where
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E, . denotes the solar energy consumed by tasks of all applications in CDC c in

o

time slot 7. Following the work in [191], E, . is calculated as:

ET,C:wlc¢2C¢T,3CL (35)

where ;. denotes the conversion rate of solar irradiance to electricity in CDC ¢, 1o,
denotes the active irradiance area of solar panels in CDC ¢, and ;3. denotes the
solar irradiance in CDC c¢ in time slot 7.

Em denotes the wind energy consumed by the execution of tasks of all

applications in CDC ¢ in time slot 7. Following the work in [191], ET,C is calculated
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as:

E‘T,C:%¢1C¢20¢3C (¢T,4C)3 L (36)

where ¢, denotes the conversion rate of wind to electricity in CDC ¢, ¢o. denotes the
on-site air density in CDC ¢, ¢3. denotes the rotor area of wind turbines in CDC ¢,
and ¢, 4. denotes the wind speed in time slot 7 in CDC c.

Let By, denote the bandwidth capacity limit of ISP k. The total bandwidth
allocated to all tasks that are transmitted through ISP k& must be less than or equal

to By in time slot 7, i.e.,

NC NA
>3 (M) <B (3.7)
c=1 n=1
Let chn denote the number of servers for application n in CDC ¢. The number
of switched-on servers for application n in CDC c is 2" in time slot 7. Then,
Nc,n
le SNC,H (3.8)
Nc,n

Let E, denote the amount of maximum available energy in CDC ¢. The amount
of energy consumed by the execution of tasks of all applications in CDC ¢ must be

less than or equal to E. in time slot 7. Therefore,

NA 5 c,n 4 c,n c,n
A THAL NG (1—09 .
Z c,n/LT f,n T ( T )L SEC (39)

n=1 Nc,n

In time slot 7, to guarantee the stability of the task queue of application n in

CDC ¢, A2™ must be less than or equal to p&". Therefore,

T

NK
A=) AR (3.10)
k=1
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In time slot 7, the sum of A" must be equal to the arriving rate of tasks of
application n, A”. Therefore,

NC NE

ZAC” D) Aben (3.11)

c=1 k=1

Let 7), denote the response time constraint of tasks of application n. In time
slot 7, the average response time of tasks of application n in CDC ¢ cannot exceed

its constraint 7] -
Al .
nen <T, (3.12)
Mc,n (1 . AlQ,c,n) —n

where
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Based on equations (3.1)—(3.12), the cost minimization problem for CDCs is

given as:

Min {f>}

subject to

NC NA .
> 2 (AenG,) <By (3.13)
b <Nep (3.14)
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mng (3.18)
NEer>0, e >0(1<k <N 1<e<NC, 1<n<N4) (3.19)

Constraint (3.19) specifies the valid ranges of decision variables including A®<"
and po". Tt is also assumed that time slot-related parameters, e.g., pc, b* . .
and ¢, 4. are already well predicted with existing prediction algorithms, e.g., stacked
autoencoder deep neural network [192]-[196], at the beginning of each time slot 7.
The method to solve the constrained optimization problem is described in Section 3.3,
and its optimal solution jointly specifies the optimal allocation of all arriving tasks
of each application among multiple ISPs, and determines the optimal setting of each
server in each CDC. In this way, the cost of a CDC provider is minimized while delay

bound constraints of all tasks of each application are strictly met.

3.3 Simulated-annealing-based Bat Algorithm
f2 in the constrained optimization problem is nonlinear with respect to continuous
decision variables. Thus, it is a constrained nonlinear program [197]. This section
adopts a penalty function method [198] to transform it into an unconstrained

nonlinear program.

Min {};:f\'? O+ f2} (3.20)
Ao e

~ o0
where f, denotes the augmented objective function, N is a large positive constant,

and O denotes the penalty of the violation of all constraints. Let & denote the vector
of decision variables including \¥*™ and ™. Let %1 and %2 be two positive constants.

O is obtained as:
N

5= (max{0, —gu(x) )+ 3 [n(a)[ 2 (3.21)

=1
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In equation (3.21), each inequality constraint [ (1<I<AN7) is transformed
into ¢;(x)>0. If it is not violated, its penalty is 0; otherwise, its penalty is
(max{0, —gl(zc)})%l. Each equality constraint m (1<m<N7<) is transformed into
hm(2)=0. If it is not violated, its penalty is 0; otherwise, its penalty is |hm(m) ‘22 In
this way, an unconstrained problem is obtained. There are several typical algorithms,
e.g., conjugate gradient method [199] and sequential quadratic programming [200] to
solve it. However, they usually depend on first-order or second-order derivatives of
ﬁ, and therefore, they are only suitable for specific optimization problems with these
mathematical structures [201]|. In addition, their optimization processes are complex
and therefore, the quality of their final solutions is not satisfying.

Meta-heuristic algorithms have several advantages, e.g., robustness, wide
applicability and easy implementation. Thus, they have been commonly applied
to solve different types of complex optimization problems. FEach meta-heuristic
algorithm has its own pros and cons [202, 203]. As a typical example, SA has been
proven to be effective in solving continuous and discrete constrained optimization
problems. Its Metropolis acceptance rule allows some moves that worsen the objective
function value in order to escape from local optima. It has been demonstrated that
SA is able to finally obtain global optima by careful selection of the temperature
cooling rate. Its main disadvantage is that its convergence process can be very slow
[202]. Besides, bat algorithm (BA) is commonly applied due to its many advantages,
e.g., quick convergence. It may easily trap into local optima in its exploration and
exploitation processes [202]. Thus, its final solutions are usually low-quality when it is
applied to solve large-scale optimization problems with high-dimension search spaces.
To improve the efficiency and global search accuracy of BA, this section adopts a
hybrid meta-heuristic algorithm named Simulated-annealing-based Bat Algorithm

(SBA) by combining SA’s Metropolis acceptance rule into BA. In this way, the

68



diversity of solutions is increased to improve BA’s performance, thereby yielding its
excellent variant. The pseudo codes of SBA are given in Algorithm 1.

The details of Algorithm 1 are described here. Line 1 initializes positions and
velocities of all bats. Let x¢ and Qi’g denote the position and velocity of bat ¢ in
iteration g. x?¢ and 69 are NP-dimension vectors that include decision variables. The
first NE+NCxN4 elements of each vector store A¥¢". The next N“*N“ elements of
each vector store p&". Therefore, N°P=NC *N4(NK+1). Line 2 initializes frequency
07, pulse rate 0, and loudness 0F; of bat i. Here, 07,€[07,0F], 05,€[05, 6%, and
Hfie[éf,éfg]. Line 3 calculates the fitness value of each position, and stores the
optimal position in x. Line 4 sets the initial temperature 69. Let § denote the
maximum number of iterations. Let |X| denote the number of bats. Let §F; denote the
adaptation value of position x; of bat 7. Line 7 calculates 9& in current temperature
09 based on (3.22). Let 6 denote the current temperature in iteration ¢. Line 8
determines an alternative optimal position X selected from positions of all bats with
a roulette strategy [204].

~(Bex0-R®)
el

x (Rx-R®) (3.22)

doexp %

2
i=1

Line 8 adjusts frequencies and updates positions and velocities of all bats based

on equations (3.23)—(3.25).

08 =08 + (e}B - é?) ” (3.23)
where w; denotes a random number drawn from a uniform distribution.

giotl_gio 4 <x§ _ ;(B) 07, (3.24)

xIT=x9 4 gt (3.25)
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Line 10 calculates the new fitness value of bat ¢. Lines 11-14 choose a position

1

x2) from the best positions for bat i, and produce a new position (x!
(3

;) around it

with random walk if rand>67; is met.

1

x;{=x. + wsly, (3.26)

X .
Xl 9B, is the average

where wy(wy€[—1,1]) is a random number, and éfg:ﬁ Do Uiy

loudness of all bats at iteration g.
Lines 15-18 accept the new solution for bat i, increase #7; and decrease 67;

based on equation (3.27) if rand<6y; and Fo(xi) < fa(X).

in,g+1:05B@fi,g7 HzB,z‘,g+1:02B,z‘[1 - exP_QSBg] (3-27)

Line 19 ranks bats and determines the current optimal position X. Finally, the

best position of all bats, X, is output as the final solution.

3.4 Performance Evaluation
The following experiments evaluate STSRO with real-life data. STSRO is coded and
implemented with MATLAB 2017, and it runs on a computer with an Intel Xeon
E5-2699AV4 CPU at 2.4 GHz and a 32-GB DDR4 memory.

3.4.1 Parameter Setting
This section adopts realistic tasks of three applications in Google cluster! for one day
on May 10, 2011. Figure 3.2 shows task arriving rates of three applications (types 1,
2 and 3) that are sampled every 5 minutes. This section adopts realistic power grid
prices for one day on May 10, 2011 in capital region of New York, U.S.2.

Here, N¥=3, N¢=3 and N4=3. Based on the work in [24], the parameter

setting of energy sources including power grid, wind energy and solar energy is shown

Yhttps://github.com/google /cluster-data (accessed on May 6, 2019).
Zhttp://www.nyiso.com /public/index.jsp (accessed on May 10, 2019).
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Algorithm 1 SBA (Simulated-annealing-based Bat Algorithm)

Initialize positions and velocities of all bats
Initialize frequency 67;, pulse rate 63, and loudness 6; of bat i

Calculate the fitness value of each position, and store the optimal position in x
Set the initial temperature 69
g1
while g<g do
Calculate 6¢; of bat i in current temperature 5 based on equation (3.22)

Determine X7 from positions of all bats with the roulette strategy

Adjust frequencies, positions and velocities based on equations (3.23)—(3.25)
10:  Calculate the new fitness value of bat ¢

11:  if rand>6%; then

12: Choose a position from the best positions for bat ¢

13: Produce a new position around it with random walk based on equation (3.26)
14:  end if _ _

15:  if rand<60F, && fo(x;)<f>(x) then

16: Accept the new solution for bat ¢ with SA’s Metropolis acceptance rule

17: Increase 63, and decrease 6f; based on equation (3.27)

18:  end if

19:  Rank bats and determine currently optimal position x,
20 09T« 090,

21: g <+ g+1

22: end while

23: Output the best position of all bats, X

Table 3.1 Parameter Setting of Energy Sources

Power grid Wind energy Solar energy
% Ec (WH> qblc ¢30 (m2) ¢20 (kg/m3) 77ch wQC (m2)
c=1 1.2 1.7x10% 0.3 25000 1.225 0.2 15000
c=2 1.4 2.25x10% 0.375 31250 1.5313 0.25 18750
c=3 1.6 1x10® 0.45 37500 1.8375 0.3 22500
x10*

w

T T
—Type 1—Type 2—Type 3

N
ol
T

N
T

o
3

Task arriving rates (#/minute)
=
'm

|
m mmihw JM&JA hLA _AL’MM

0 100 150 250
Time slot number

Figure 3.2 Task arriving rates of three applications.

71



1500

< -0-CDC 1
g - -a-CDC 2
> 03 N -+-CDC 3
< 1000 -.W r :
§ g2 Ty

¥ 3
E & 4
; v
)}
= L

5 L
o ,u" ‘ ‘ ?"a-..

0 50 100 150 200 250

Time slot number

Figure 3.3 Solar irradiance of three CDCs.
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Figure 3.4 Wind speed of three CDCs.
Table 3.2 Parameter Setting of Three CDCs-Part 1.

N (tasks/second) ¢ (W) de (W)

n=1 n=2 n=3 n=1 n=2 n=3 n=1 n=2 n=3
c=1 0.15 0.3 0.6 200 100 50 400 200 100
c=2 0.15 0.3 0.6 250 125 625 500 250 125
c=3 0.15 0.3 0.6 300 150 75 600 300 150

Table 3.3 Parameter Setting of Three CDCs-Part 2

A

Q: N,
n=1 n=2 n=3 n=1 n=2 n=3

c=1 50 55 60 1200 1500 1800
c=2 55 60 65 1000 1250 1500
c=3 65 70 5 1200 1500 1800

in Table 3.1. This chapter collects data about solar irradiance® and wind speed?* for
one day on May 10, 2011. The solar irradiance and the wind speed in three CDCs

are shown in Figures 3.3 and 3.4.

3http://www.nrel.gov/midc/srrl_bms/ (accessed on May 10, 2019).
4http://www.nrel.gov/midc/nwtc_m2/ (accessed on May 10, 2019).
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In addition, l:l, qu, @;, Qfl and Nc,n are set and given in Tables 3.2 and 3.3.
According to the existing study [18], the bandwidth prices of three ISPs are set and
shown in Figure 3.5. The power grid prices of three CDCs are shown in Figure 3.6.
According to the work in [31], By=4x10° (Mbps), By=5x10° (Mbps) and B;=6x10°
(Mbps). In addition, ;=8 (Mb), (=5 (Mb), (3=2 (Mb), T;=0.15 (Second), T»=0.2
(Second) and T3=0.25 (Second).

&  x10”
Q_ T T
S 1]oISP1 ISP 2-=ISP 3\
5 1A S i il Tn,
\ | ' n' Y\ ' Tm
g .lhﬁ -"..’ .\.., H.'l-l g ‘.f f.‘\-.h\.'
.2-0.5 i * K Aok ** X * e
< k*)( Wk ******\H(* ***M*** **’H(k
o 3% ** ¥ DQ OQ AN *O *O* *00
S 09005 00000%00,™ 000Q000 004" 170 00" %0 0 0™
2
('5 0 L L L L L
@ o 50 100 150 200 250
Time slot number
Figure 3.5 Bandwidth prices of three ISPs.
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Figure 3.6 Electricity prices of three CDCs.

It is worth noting that many meta-heuristic algorithms are sensitive to the
setting of their parameters. Therefore, based on the parameter setting in previous
studies [202|, the parameter setting of SBA is determined and shown as follows.
08=0, 08=100, 68=0, 08=1, 68=1 and 65=100. In addition, §j=50, w,€(0,1),

08, =05=0.9, §9=10'2, §=10° and 03=0.975. Besides, N'=10% and ~,=1,=2.

4,1,9
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Figure 3.7 Occupied bandwidth of three ISPs.

3.4.2 Experimental Results

The occupied bandwidth of three ISPs connecting to CDCs is considered. As is shown
in Figure 3.5, bandwidth prices of three ISPs are different from each other. Figure
3.7 illustrates that the occupied bandwidth of each ISP differs significantly because
of the variations in bandwidth prices of ISPs. The reason is that STSRO aims to
minimize the total cost of a CDC provider by specifying the optimal allocation of
all arriving tasks among multiple ISPs. It is observed that the number of tasks that
traverse through ISP 1 is the largest while the number of tasks that traverse ISP 3
is the smallest among three ISPs. The result is consistent with bandwidth prices of
three ISPs, i.e., ISP 1’s bandwidth price is the smallest while ISP 3’s bandwidth price

is the largest.
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Figure 3.8 Consumption of energy produced by thermal power generation.

The consumption of energy produced by thermal power generation in three

CDCs is shown in Figure 3.8. As is shown in Figure 3.6, power grid prices of three
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CDCs are also different from each other. Figure 3.8 shows that the consumption
of energy produced by thermal power generation in three CDCs varies due to the
differences in power grid prices of three CDCs. Similarly, the reason is that STSRO
aims to minimize the total cost of a CDC provider by determining the optimal setting
of each server in each CDC. It is shown that the consumption of energy produced by
thermal power generation in CDC 3 is the largest while that in CDC 1 is the smallest
among three CDCs. The result is consistent with power grid prices of three CDCs,
i.e., CDC 3’s power grid price is the smallest while that of CDC 1 is the largest.

To show the performance of SBA, this chapter compares it with two typical
meta-heuristic algorithms including SA and BA. The reasons of choosing them for
comparison are described as follows. It is demonstrated that SA can converge to a
global optimum in theory by careful design of the cooling rate of temperature because
it can smartly escape from a local optimum. Thus, the comparison between SBA and
SA can demonstrate the accuracy of SBA’s final solution. In addition, it is also shown
that BA’s convergence speed is quick [202]. Thus, the comparison between SBA and

BA can demonstrate SBA’s convergence speed.

1 O T T

—=-SBA -+ BA-A-SA

Execution time (Seconds)

0 50 100 15l 200 250
Time slot number

Figure 3.9 Comparison of execution time.

Figure 3.9 shows the comparison of the execution time of SBA, BA and SA.
It is shown that the average execution time of SA is 7.13 seconds that is 4.27 times
larger than that of SBA, 1.67 seconds, and 39.61 times larger than that of BA, 0.18

seconds. In addition, though BA’s execution time is the smallest, this is caused by
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its fast trap into a local optimum. Figure 3.10 presents the total cost comparison of
each iteration of SBA, BA and SA in time slot 50. Here each iteration in SBA means
Lines 7-21 in Algorithm 1. The iterations of BA and SA have similar meaning as
that of SBA. Figure 3.11 shows the penalty in each iteration in each time slot, which

is calculated based on equation (3.21).
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Figure 3.10 Total cost of each iteration in time slot 50.
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Figure 3.11 Penalty of each iteration.

It is shown that BA converges after the least number of iterations compared
to SBA and SA. Nevertheless, Figure 3.11 illustrates that the penalty of BA’s final
solution is extremely large (about 4x10%). This result shows that its final solution
cannot satisfy all the constraints in the formulated optimization problem. BA’s final
solution is the worst due to its quick trap into a local optimum. SA requires about
766 iterations to converge to its final solution, and the total cost of its final solution
is $263.31. SBA only requires 241 iterations to converge to its final solution, and

its corresponding final total cost is $232.26. SBA decreases the total cost of a CDC
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provider by $31.05 in much fewer iterations than SA. Figure 3.11 presents that the
penalty of SBA’s final solution is 0. It means that SBA can obtain a high-quality
solution meeting all the constraints in the formulated problem. Therefore, Figures
3.9-3.11 show that the adoption of SA’s Metropolis acceptance rule in SBA can
increase the diversity of solutions, and improve the efficiency and global search
accuracy of BA.

To demonstrate the effectiveness of STSRO, it is compared with two typical
intelligent optimization approaches [31, 76] in terms of the total cost and throughput
of the CDC provider.

1) Method Al, similar to the cheap-electricity-first scheduling in |76], schedules
tasks to CDCs according to the order of their power grid prices. The CDC with
the least power grid price executes the largest number of tasks while the one
with the highest power grid price executes the least number of tasks.

2) Method A2, similar to renewable energy-first scheduling in [31], schedules tasks
to CDCs according to the order of their amount of renewable energy. The CDC
with the largest amount of renewable energy executes the largest number of
tasks while the one with the least amount executes the least number of tasks.

Figure 3.12 compares STSRO with A1l and A2 in terms of the throughput of each
application, which is the number of its tasks scheduled in time slot 7. For example,
it is observed in Figure 3.12(a) that the throughput of STSRO is larger than those of
Al and A2 in each time slot for application 1. For type 1 application, the throughput
of STSRO is larger than those of Al and A2 by 52.94% and 52.11% on average,
respectively. The reason is that the bandwidth capacity of each ISP, the number of
available servers for each application and the maximum amount of available energy in
each CDC are all limited in each time slot. Therefore, some arriving tasks are refused
and not executed to CDCs when using Al or A2. Thus, Figure 3.12(a) shows that
the throughput of CDCs is drastically increased with STSRO. Therefore, Figure 3.8

demonstrates the effectiveness of the proposed STSRO.
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What’s more, with A1 and A2, an average allocation policy is adopted by ISPs
[31, 76]. It means that all tasks are evenly allocated among multiple ISPs. Figure
3.13 illustrates the total cost of STSRO, A1l and A2, respectively. To guarantee the
execution performance of tasks, the penalty cost is usually specified in an SLA for
task refusal [205, 206]. It is determined after the negotiation between users and a
CDC provider, and all refused tasks bring the penalty to a CDC provider. Let 97
denote the penalty paid by their provider if a task of application n is refused in time
slot 7. 97 in SLAs is typically larger than the maximum cost caused by the execution
of each task of application n among CDCs in time slot 7. It motivates the CDC
provider to strictly meet the delay bound constraints of all tasks. The total cost
in time slot 7 is obtained by calculating the sum of the cost brought by executed
tasks in CDCs, and the penalty due to refused tasks in time slot 7. It is shown in
Figure 3.13 that compared with A1 and A2, the total cost of STSRO can be reduced
by 30.58% and 30.82% on average, respectively. The reason is that STSRO smartly
schedules tasks among ISPs and CDCs by jointly considering the spatial diversity in
bandwidth prices of ISPs, power grid prices and the availability of renewable green
energy in CDCs. Then, the throughput of the CDC provider is drastically increased
and its total cost is reduced provided that delay bound constraints of all tasks of each

application are strictly met.

3.5 Summary
Cloud data centers (CDCs) need a huge amount of bandwidth and energy to execute
multiple applications. FExisting studies investigate the energy cost minimization
problem in CDCs. The spatial diversity of bandwidth prices of Internet service
providers, power grid prices and the availability of renewable green energy brings an
opportunity to minimize the total cost of a CDC provider. A nonlinear optimization
problem is formulated and solved by the proposed simulated-annealing-based bat

algorithm. In this way, this chapter proposes a Spatial Task Scheduling and Resource
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Optimization (STSRO) method to minimize the total cost of the CDC provider
by exploiting such spatial diversity in CDCs. STSRO can cost-effectively schedule
all arriving tasks of heterogeneous applications while strictly meeting their delay
bound constraints. Experimental results demonstrate that it drastically increases
the throughput and reduces the total cost of the CDC provider in comparison with
two recent scheduling methods provided that delay bound constraints of all tasks are

strictly met.
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CHAPTER 4

GEOGRAPHY-AWARE TASK SCHEDULING FOR PROFIT
MAXIMIZATION IN DISTRIBUTED GREEN DATA CENTERS

This chapter presents the details of the proposed Geography-Aware Task Scheduling
(GATS) algorithm, and it is organized as follows. A profit maximization problem
for cloud data centers (CDCs) is formulated in Section 4.1. Section 4.2 proposes an
optimization framework to solve the problem and to realize GATS that maximizes
the total profit of a CDC provider. Section 4.3 provides the performance evaluation

and results by using real-life data. Section 4.5 concludes this chapter.

4.1 Problem Formulation
Based on the architecture in the system architecture of CDCs illustrated in Figure
3.1, this section gives the formulation of the profit maximization problem for a CDC
provider. Section 4.2 presents the proposed optimization framework to solve this
problem. In this way, GATS can maximize the profit of the CDC provider in each
time slot while guaranteeing arriving tasks of each application to be smartly executed
and scheduled within their delay bound constraints.

The profit maximization problem is formulated as follows. For clarity, this
section first gives the following several assumptions. Similar to existing studies [21,
76], it is assumed that time-related parameters do not vary within each time slot, and
only vary among different time slots. The notations adopted throughout this chapter
are explained as follows. Let N4 denote the number of applications deployed in each
CDC. Let L denote the length of each time slot. Let A" and p$"™ denote the task
arriving rate and service rate of application n in CDC c in time slot 7, respectively.
09" denotes the loss possibility of tasks of application n in time slot 7 in CDC ec.

Similar to the work in [23, 24|, servers of application n in a CDC are modeled as
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a G/D/1 queueing system. Therefore, tasks of application n in CDC ¢ arrive in a

Gaussian process, and 62" is obtained as:

1ngs 2
—=Min A
27_21 T,c,n

cn__ Al »Cs
O =AL . exp (4.1)
where
1 P D W e _=aghy?
A;C’nzcn—e 2(or,c,n)> / (t _ Iu?n) exrp 2(or,c,n)2 dt (42)
)\7'7 2'/TUT,c,n pe"

and for each 7>1,
. 2
(Tt (uem=2em))
AE,C,TL: —1 (4'3>
T en(0)42 > (1 = DI cn(l)
=1

Here, I';.,(l) denotes the autocovariance of the probability function of the
task arriving rate of application n in CDC ¢, and T, ,,(0)=(0,cn)* 0rcn denotes
the variance of Gaussian process corresponding to tasks of application n in CDC c.
Besides, T,, denotes the response time limit of tasks of application n. Let VI denote
the payment brought by each task of application n in time slot 7. In addition, to
provide the performance assurance for users’ tasks, a service level agreement (SLA)
is usually signed between a CDC provider and users. In addition, let € denote the
penalty paid by the provider brought by the refusal of each task of application n in
time slot 7. Let f;"" denote CDC ¢’s revenue brought by tasks of all applications in
time slot 7. Then,

NA
=Y (100" VXS L e A" L) (4-4)

pu
n=1

Let fi denote the total revenue of the CDC provider brought by tasks of all

applications in time slot 7. Then, f; is calculated as:

NC
=) 1" (4.5)
c=1
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Let f5 denote the total cost of the CDC provider in time slot 7. fy consists of
two major parts that are fo; and fos, respectively. fo; denotes the Internet service
provider (ISP) bandwidth cost of the CDC provider caused by data transmission
among CDCs and users in time slot 7. fy5 denotes the energy cost of the CDC
provider brought by all tasks of all applications scheduled to execute in CDCs in time

slot 7. Let A% denote the number of available ISPs. Then,

fa=Ja1+ fa2 (4.6)
where
NE NC NA
= | [ 2D (ML) (4.7)
k=1 c=1 n=1

In equation (4.7), A% denotes the number of ISPs connecting to multiple CDCs.
Besides, the unit bandwidth price of ISP k in time slot 7 is denoted by b%. The
average size of application n’s tasks is denoted by (,. In addition, the arriving rate
of application n’s tasks that are transmitted to CDC ¢ through ISP k in time slot 7
is Aken,

f22 is obtained as:

NC’
=3 (o (m (E:—ET,C—ET,C,0)>

c=1

NC’
= Z max <p7c_ <E7C-_ET,C_E'T,C> 70>
c=1

NC NA 5 c,m 4 cn c,n
c Acnu”r’ +Acn/\'r’ (]‘_57'7 ) o =
= (max(p (Y (== . L)=E;.~E:.),0)) (4.8)
c=1

n=1 Nc,n

In equation (4.8), p¢ denotes the price of power grid produced by the thermal
energy in CDC c¢ in time slot 7. ES" denotes the total energy consumed by the

execution of tasks of application n in CDC c in time slot 7. E¢ denotes the total
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energy consumed by the execution of tasks of all applications in CDC ¢ in time slot

7. Then, F¢ is obtained as:

NA
B3 p-
n=1

where

NA

A, e+ AL, A" (1-657)
N
n=1 Nc,n

A?,n:éfﬂ' (a.—1) (i)fz

4 _&Ac  Ac
Ac,n_(I)n_(bn

(4.9)

In equation (4.9), N.,, denotes the number of application n’s tasks processed

by each switched-on server in one minute in CDC ¢, and «a, denotes the power usage

effectiveness value [24] of CDC ¢. ®¢ and ®¢ denote the peak and idle power of each

server of application n in CDC ¢, respectively.

Let E,. and E’T,c denote the solar and wind energy consumed by tasks of all

applications in CDC c in time slot 7, respectively. Similar to Chapter 3, F, . and Em

are calculated with equations (3.5) and (3.6) in the green energy model introduced

in Section 3.2, respectively.

Similar to the work in [24], it is assumed that the number of arriving tasks is

typically large and the available amount of solar and wind energy is not sufficient to

power all servers in CDCs. Then,

EC>E, +E., (4.10)
Therefore, foo is further obtained as:
NC NC
f22: Z pf— (E;S_ET,C_ET,C) ) = Z (pf— (E;S_ET,C_ET,C) )
c=1 c=1
NC NA
A5 c,n+A4 2o (1 —Fom ° _
_ Z p‘cr Z nts f,n T ( T )L _ET’C_EﬂC (411)
c=1 n=1 Nc,n
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Let F} denote the profit of the CDC provider in each time slot. F} is obtained

by calculating the difference between f; and fs, i.e.,
NC
Flzfl—f2=fo’*—f21—f22 (4.12)
c=1

According to (4.11), F} is obtained as follows.

NC NC o
F1l:Zf107>!< - Z <p7c— <E7C'_ET,C_ET,C>> - f22

c=1

—Z< —pT( : Em—ﬁm>) — fo (4.13)

The objective of the problem is to maximize F}, i.e.,

NC
AﬁM,aic_’” ; < 1 — P (ET_ET,C_ET,C)> - f22

In addition, By denotes the bandwidth limit of ISP k. Therefore, the total
bandwidth occupied by tasks of all applications that are scheduled to transmit

through ISP k cannot exceed By, in each time slot 7. Then,

NC NA

Yy (Aﬁ’c’”§n> <B (4.14)

c=1 n=1

Let Nc,n denote the number of available servers for application n in CDC ec.
Thus, the number of switched-on servers of application n in CDC ¢ in time slot 7

must satisfy:

<N, (4.15)

Nc,n

Besides, to provide the stability assurance for a task queue of application n in

CDC c in time slot 7, A%™ is obtained as:
O o (110
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Moreover, in each time slot 7, the sum of A\**" should be equal to the task

arriving rate of application n, \?, i.e.,

NC NC NE
Ar= A=) ) aken (4.17)
c=1 c=1 k=1

Finally, the average number of tasks dropped at each task queue of application

n is AS"09", and it must not exceed its limit, N;,, specified in typical SLAs:
ASOS <N (4.18)

4.2 Optimization Framework
To maximize the profit of the CDC provider, the split of tasks of all applications
among multiple ISPs and task service rates of servers in each CDC are jointly
optimized and updated within each time slot. Therefore, the following constrained
optimization problem is designed and solved at the beginning of each time slot.
Based on the constraints (4.10)—(4.18), the profit maximization problem for the CDC
provider is formulated as follows.

NC
/\’“%afc’” Z < N (ET_ETvC_ET,C)> — fa2

T ) T c=1

subject to
NC NA N
>3 (Meng,) <By (4.19)
c=1n=1
ljsjn SNc,n (420)
Ne,n
NA 5 c,n 4 c,n(1_scm o ~
(Ac,nMT +Af,n)‘7 (1 o7 )L) 2E77c+ET,C (421)
n=1 Nc,n
NK
Ao =y )\§767”<u$’” (4.22)
k=1
NCE NC NE
NEDIPEED DI ik (4.23)
c=1 c=1k=1
ASPOEM <N (4.24)
Aben>0, pem>0(1<k <N, 1<e<NC, 1<n<N™) (4.25)
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Therefore, the problem is a typical convex optimization one, as is proven in the
Appendix. Thus, it can be directly solved by efficient optimization methods, e.g., the
interior point method.

Theorem 1: The formulated optimization problem is a convex optimization

problem if

PeA,
Vite!————>0, Ve,n (4.26)

NCTL

)

4.3 Performance Evaluation

This section evaluates GATS by the trace-driven simulation with realistic data. The
trace-driven simulation has been commonly and widely used to conduct research
in CDCs. Besides, this section adopts the publicly available real-world benchmark
workload traces from Google production systems to show the significance of GATS.
The workload trace contains data from a cluster of nearly 12.5k machines for a period
of 29 days in May 2011. The trace is reliable and widely used in many existing studies
in their experiments. Similar to this chapter, many recent studies in top conferences
and journals [23, 24, 31, 76] also adopt the public trace to evaluate their methods.
Thus, this chapter also chooses it and finds it works well in evaluating GATS. In
addition, the simulation is based on the system model, which is widely adopted and
deployed in many production data centers, and is also utilized by many existing
studies like [23, 24, 31, 76]. The following simulation experiments demonstrate their
effectiveness of GATS with realistic trace data from Google cluster'. Here GATS
is implemented and coded in MATLAB 2017, and it is executed in a server with a
32-GB DDR4 memory and an Intel Xeon E7-8893 v4 processor at 3.20 GHz.

4.3.1 Parameter Setting
The simulation experiments adopt the public realistic tasks corresponding to three

typical types of applications (types 1-3) in Google cluster over 24-h-long period on

Thttps://github.com/google/cluster-data (accessed on May 6, 2019).
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May 10, 2011. The task arriving rates are calculated every 5 minutes (i.e., L=5
minutes). It is worth noting that the length of each time slot is important for GATS.
If the length is too small, e.g., 5 seconds, because many parameters, e.g., prices of
power grid and green energy do not dramatically vary within such a short time, the
profit of the CDC provider cannot be largely increased. On the other hand, if the
length is too large, e.g., 30 minutes, it needs one time slot to update several time-
related parameters, e.g., task arriving rates, in the formulated optimization problem.
This means that GATS needs to wait for one time slot time (30 minutes) before its
execution, but this is obviously unrealistic for most of existing applications in CDCs.
Thus, similar to the work in [76], the length of each time slot in the simulation
experiments is set to 5 minutes. In addition, the real-life prices of power grid over
24-h-long period on the same day in capital area of New York state, U.S.? are adopted.
Besides, this chapter adops public data about wind speed® and solar irradiance* over
24-h-long period on May 10, 2011.

This section considers that three ISPs transmit data between users and three
CDCs where three applications run, i.e., N4=3, N¢=3 and N =3. It is worth noting
that more ISPs, applications and CDCs can be considered but the simulation results
are similar and do not affect the performance comparison. According to the work in
[24], the setting of parameters about energy including power grid, solar energy and
wind energy is presented in Table 4.1. The power ratings of wind and solar energy
are set to 9x10% (W) and 1.65x10® (W), respectively.

According to the work in [31], (;=8 (Mb), (=5 (Mb), (s=2 (Mb), B;=4x10°
(Mbps), Bo=5x10¢ (Mbps) and B3=6x10° (Mbps). Besides, according to the work in
[207], the execution time of each task of three applications is obtained according to the

uniform distribution over the time slot of (0,L). According to the work in [25, 207],

Zhttp://www.nyiso.com /public/index.jsp (accessed on May 10, 2019).
3http://www.nrel.gov/midc/nwtc_m2/ (accessed on May 10, 2019).
4http://www.nrel.gov/midc/srrl_bms/ (accessed on May 10, 2019).
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Table 4.1 Parameter Setting of Energy

Power grid  Solar energy Wind energy
ac e Yo (W) G1 fae (0F) o (kg/m?)
c=1 1.6 0.3 22500 0.45 37500 1.838
c=2 1.4 0.25 18750  0.375 31250 1.531
c=3 1.2 0.2 15000 0.3 25000 1.225
Table 4.2 Parameter Setting of Three CDCs
l:lcm (tasks/second) dc (W) de (W) N,
n=1 n=2 n=3 n=1 n=2 n=3 n=1 n=2 n=3 n=1 n=2 n=3
c=1 015 0.3 0.6 300 150 75 600 300 150 1200 1500 1800
c=2 0.15 0.3 0.6 250 125 62.5 500 250 125 1000 1250 1500
c=3 015 0.3 0.6 200 100 50 400 200 100 1200 1500 1800

the execution prices of tasks per unit time in each time slot are set and obtained
according to the uniform distribution over the ranges of (0.24,0.48), (0.16,0.32), and
(0.08,0.16), respectively. In this way, V” is calculated.

Additionally, an SLA is typically specified between the CDC provider and users
to guarantee the performance of tasks, and it defines the penalty cost of a refused
task of each application [205]. Therefore, the penalty cost is brought to the CDC
provider due to the refused tasks. In typical SLAs, € is larger than revenue brought
by each task of application n in time slot 7. Here, €!=1.5xV”. According to the
work in [23, 24], Ny =2, N; =8, and N;=16. In addition, according to the work in

[24], N, ¢, @D%, Q. and ]\A/Qn are set in Table 4.2.

4.3.2 Experimental Results

Figure 4.1 illustrates the occupied bandwidth of three ISPs. It shows that each ISP’s
occupied bandwidth differs from each other and this is caused by the differences in
bandwidth prices of three ISPs presented in Figure 3.5. This is because GATS aims
to maximize the profit of the CDC provider by determining the optimal split of tasks
of all applications among multiple available ISPs. It is shown in Figure 4.1 that
the number of tasks of all applications that are scheduled to transmit through ISP

1 is the greatest while the number of tasks of all applications that are scheduled to
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Figure 4.1 Occupied bandwidth of three ISPs.

transmit through ISP 3 is the least among three ISPs. The experimental result keeps
consistent with bandwidth prices of three ISPs, i.e., the bandwidth price of ISP 3 is
the greatest while that of ISP 1 is the least.

Figure 4.2 shows the number of switched-on servers in each CDC. It is observed
that the number of switched-on servers for each type in three CDCs is less than or
equal to its corresponding limit. Besides, it is observed that the number of switched-on
servers for the same application in three CDCs varies a lot. For instance, the number
of switched-on servers for type 2 in CDC 1 is much greater than that for type 2 in
CDCs 2 and 3. This reason is explained as follows. The available amount of renewable
energy including solar irradiance and wind speed in CDC 1 is the largest among three
CDCs. In addition, the price of power grid of CDC 1 is the least among three CDCs.
Similarly, the number of switched-on servers for type 2 in CDC 3 is much less than
that for type 2 in CDC 2. The reason is that the available amount of renewable
energy in CDC 3 is less than that in CDC 2, and the price of power grid of CDC 3 is
larger than that in CDC 2.

To prove the effectiveness of the proposed GATS, this section further compares
it with two typical task scheduling methods [31, 76] in terms of the throughput and
profit of the CDC provider.

1) Al, like a cheap-electricity-first task scheduling method proposed in [76],
schedules tasks of all applications to CDCs based on the ascending order of
prices of power grid. It means that the CDC with the highest price of power
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Figure 4.2 Number of switched-on servers in each CDC.

grid receives the smallest number of tasks while the CDC with the lowest price
of power grid receives the most tasks.

A2, like a green energy-first task scheduling method in [31], schedules tasks
of all applications to CDCs based on the descending order of the amount of
green energy. [t means that the CDC with the smallest amount of green energy
receives the smallest number of tasks while the CDC with the largest amount
of green energy receives the most tasks.
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Figure 4.3 Throughput of GATS, Al and A2.

Figure 4.3 presents the comparison of GATS with A1 and A2 in terms of the
throughput that is the number of tasks of all applications scheduled to three CDCs
in each time slot. It is shown that the throughput of GATS is higher than those of
Al and A2 in each time slot for all applications. For example, for type 3 application,
GATS’s throughput is higher than those of Al and A2 by 50.54% and 49.19% on

average, respectively. This is because the available amount of green energy, ISP
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bandwidth capacity and the number of servers for all applications in each CDC are
all constrained. Consequently, some tasks have to be rejected by CDCs in A1 and A2,
and this result demonstrates that CDCs’ throughput is very significantly increased

by using GATS.
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Figure 4.4 Total profit of GATS, Al and A2.

In addition, the typical average allocation mechanism is used by ISPs in A1 and
A2, and it means that tasks of all applications are equally scheduled among multiple
available ISPs. Figure 4.4 shows the total profit of GATS, A1, and A2, respectively.
In order to guarantee the performance of tasks of each application, an SLA is usually
signed among users and the CDC provider to specify the penalty brought to the CDC
provider if a task of each application n is rejected by the CDCs in time slot 7 [77].
In order to motivate the CDC provider to strictly satisfy delay bound constraints of
tasks of all applications, the penalty in SLAs is usually greater than the maximum
profit brought by the execution of each task in CDCs in time slot. In Figure 4.4, the
total profit in time slot 7 is obtained by calculating the difference between the profit of
tasks executed in CDCs and the penalty brought by the rejected tasks in time slot 7.
Figure 4.4 shows that compared to A1 and A2, the total profit of GATS is increased
by 33.74% and 33.93% on average, respectively. This is because GATS intelligently
schedules more tasks among multiple available ISPs and CDCs by jointly investigating
and using spatial diversity in prices of power grid of CDCs, ISP bandwidth prices and

the availability of green energy in CDCs.
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4.4 Appendix
To demonstrate the convexity of the formulated optimization problem, this section
needs to prove the following three points [208]:
1) The objective function, i.e., fi— fs, is concave.
2) The equality constraints are affine.

3) The inequality constraints are convex.

4.4.1 Proof of Objective Function

o

As p¢, E,., and E; . are given parameters whose values are known at the beginning

of each time slot. Therefore,
Z 1 6cn Vn)\an 5$n n)\an) ps—Ei
_Z( 5cn vn)\an 5cn n)\an) p?rE;zc>

_ZA’rcn (4.27)

where

e AL AL (10

A?—cn ((1 5cn)vn)\an 5cn n)\an) .cn T
Nc,n
PEAL,  PEAL petL cAl
yenp(yn - PrBeny PrBents™l  senyenp gnyon PrBeny oy o0
Nc,n Nc,n NC,”
It is worth noting that A" L(V? — Ii‘cl") and —ZM are concave with
Ncn Nc,n

respect to %™ and pS", respectively. Therefore, based on Theorem 1, the objective
function, i.e., fi—fo, is concave if the following function is convex,

6 __ycngen
Ac,n_)\f 57'

7—M1n A

=A\o"AL (4.29)
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Besides, as exp™ is non-increasing with respect to a given variable x, the

following function has to be convex.

AS —Max (A?”Al
’ T>1

T,C,n

e:vp_%Angv”> (4.30)

The max function preserves the convexity [208], and therefore, A is convex if

the following function,

6 _yen Al —1A2
AT,c,n_)\T AT,C,neajp 2omen (431)
is convex.
Let t=ro; cn,+A$". Therefore,
o0 _=ap™?
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oo 2
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In equation (4.32),

Therefore, based on equation (4.32),
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Then, equation (4.33) can be written as:
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is the perspective function of the function (4.36) that is obtained by replacing

with pen
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in equations (4.34) and (4.35). Then, (4.36) is obtained as:

2
_r_
2 dr

denotes the function of standard normal distribution.

(4.33)

(4.34)

(4.35)

T,C,MN

c,n

Mr
)\Cn

(4.36)

(4.37)



~

2
~ 2 cn_ r
A= (s z—g(u; ) N ((Tn+7) (:; 1)+Tn) (4.38)
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According to the work in [208], AS s convex if Ag’m is convex. Therefore,

the convexity of AS _ has to be proven. Based on the work in [208], A® _ is convex

T,C,Nn T,CN

if (AS_)">0 holds. For simplicity, § is defined as:

T,C,Nn

1 c,n
f=re— (ue"-1) (4.39)
Therefore,
A?,c,n (6) :A}—,c,n(ﬁ)exp_%A?r’c’n(ﬂ) (440)
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Therefore, (A8, (8)) is calculated as:
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(AL, () is obtained as:
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Then, (A8 (8))" is calculated as:
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Besides, according to the definition of the autocovariance function [209],
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In addition, based on equation (4.42), (A2, (B)) and (A2_,(8))" can be
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According to the lower and upper bounds pointed in [210], the following equation

is obtained.

2 g2 o —r2 2
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Then, following (4.49), (4.56), and (4.58), the following equation is obtained.
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6

T,C,N

Consequently, A is convex, and therefore, AS . and AS are convex. Then,

T,C,M

the objective function, i.e., fi— fo, is concave.

4.4.2 Proof of Constraints
It is worth noting that constraint (4.23) is affine with respect to A>™. What’s more, it
is worth noting that constraints (4.19), (4.20), (4.22), (4.23) and (4.25) are all linear.

Therefore, the convexity of constraints (4.21) and (4.24) has to be proven.
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First, the convexity of constraint (4.21) has to be proven as follows. It is

transformed into the following form.

c,n+A4 emn (1_670_,71)

o - N Azn:u‘r c,n’'\T
ErtEeet L|<o (4.61)
n=1

Nc,n
According to equation (4.29), A>™6%™ is convex, and therefore, constraint (4.21)
is convex. Similarly, constraint (4.24) is also convex. Therefore, the proof is complete

and the formulated optimization problem is convex.

4.5 Summary
Cloud data centers (CDCs) need a huge amount of bandwidth and energy cost to
execute multiple applications. Several existing studies investigate and utilize a profit
maximization problem in CDCs. Nevertheless, spatial variations of Internet service
provider (ISP) bandwidth prices, availability of green energy, prices of power grid, and
revenue brought by the execution of tasks bring a big challenge and opportunity for
engineers to maximize the total profit of the CDC provider. This chapter formulates
the problem as a convex optimization one and uses an interior point method to solve
it. The resulting geography-aware task scheduling approach can maximize the total
profit of the CDC provider by jointly and optimally determining the allocation of
tasks of all applications among multiple ISPs and task service rates of servers in
CDCs. It intelligently schedules the tasks of all applications in comparison with two
typical task scheduling methods. Real-life data-driven simulation results show that
it increases the total profit and throughput of the CDC provider compared to two

typical state-of-the-art task scheduling approaches.
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CHAPTER 5

SPATIO-TEMPORAL TASK SCHEDULING FOR HETEROGENEOUS
DELAY-TOLERANT APPLICATIONS IN CDCS

This chapter presents the details of the proposed Spatio-Temporal Task Scheduling
(STTS) algorithm, and it is organized as follows. Section 5.1 describes the architecture
of cloud data centers (CDCs). Section 5.2 formulates an energy cost minimization
problem for a CDC provider. The proposed STTS method is presented in Section 5.3.
Section 5.4 introduces the details of a Genetic Simulated-annealing-based Particle
Swarm Optimization (GSPSO) algorithm. Section 5.5 presents the experimental

results by using real-life data. Section 5.6 concludes this chapter.

5.1 Architecture of CDCs

A CDC provider manages multiple CDCs located in different geographical locations
and provides heterogeneous applications to global users. Figure 5.1 illustrates a CDC
architecture. Each CDC usually manages a server cluster consisting of a great number
of servers ranging from several hundreds to several thousands. Besides, to guarantee
availability, robustness and response time, each application is deployed in multiple
available CDCs. Similar to the work in [110], replicas including data and programs for
each application are copied and shared across all CDCs. Therefore, each application
and its data are strictly consistent with each other, and this means that tasks can be
independently executed within each CDC.

Users’ tasks are sent through multiple devices, e.g., smart phones, computers,
laptops and servers. Component Classifier classifies tasks according to the types of
their applications and specifies the arriving rate of each application’s tasks. Then,
arriving tasks of the same application are enqueued into a separate First-Come-First-

Served (FCFS) queue. Figure 5.1 shows that the information of each FCFS queue
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Figure 5.1 Architecture of CDCs.

is transmitted to Task Scheduler that is the focus of this chapter. STTS runs in it,
and periodically determines the optimal strategy that schedules all arriving tasks to
CDCs while strictly meeting their delay bound constraints.

As is shown in Figure 5.1, each CDC obtains energy from three types of energy
suppliers, i.e., power grid, solar panels and wind turbines. Their information includes
prices of power grid, conversion rate of wind to electricity, density of on-site air, rotor
area of wind turbines, wind speed, active irradiance area of solar panels, conversion
rate of solar irradiance to electricity, solar irradiance, etc. It is periodically obtained
and transmitted to Task scheduler.

The energy cost minimization problem for a CDC provider is formulated as
a nonlinear constrained optimization one in Section 5.2. It is solved by GSPSO in
each iteration of STTS. According to the final solution of GSPSO, STTS intends to
minimize energy cost of a CDC provider while strictly meeting tasks’ delay bound
constraints for their tasks. Based on the scheduling strategy, Task Scheduler jointly
specifies the optimal split of all arriving tasks among CDCs, and determines the
optimal setting of servers in each CDC in each time slot. Then, each server in each

CDC is configured accordingly.
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5.2 Problem Formulation
Based on the architecture in Figure 5.1, this section formulates the energy cost
minimization problem for the CDC provider. Similar to the work in 21, 117|, each
CDC is modeled as a discrete-time system that evolves with time slots. Nowadays, a
growing number of high-performance servers are widely deployed in large-scale data
centers. Hence, similar to the work in [21], it is reasonable to assume that each task

can completely finish its execution in a single time slot.

5.2.1 Delay Bound Constraint

Let A7¥, denote the task arriving rate of application n in CDC ¢ in 7+b (0<b<B,).
Let p%, denote the service rate of servers of application n in CDC ¢ in time slot 7-+b.
N4 denotes the number of applications in each CDC. Let Y=maz,c12,... y4}(Bn).
The task service rate of each application n denotes the rate at which its tasks are
scheduled to execute in CDCs and removed from its own FCFS queue in each time
slot. Let ltlm,n denote the number of tasks of application n in CDC ¢ that have arrived
at the start of each time slot 7. J)r\qun (1<¢<T) denotes the accumulated task arriving
rate of application n in CDC ¢ in ¢. 0," denotes the loss possibility of application
n’s tasks in CDC ¢ in time slot /. Let L denote the length of each time slot. Let
S

N, denote the accumulated number of scheduled tasks of application n in CDC ¢

+ S
by time slot 7. Then, N, ., and N, ., are obtained as:

T

+
Nren=>_ A;"L (5.1)
(=1
o T/t
N, cn= ()\g’c,n(l — 55’")L) (5.2)
(=1

)\i’i’f denotes the remaining task arriving rate of application n in CDC ¢ in 7+b.
To meet application n’s delay bound constraint, all its tasks in 7— B,, or before must

be scheduled to CDCs. Let A7}, denote the task arriving rate of application n in
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CDC c in 7+4b. Therefore, )\Z’c’”zo ((<T—B,—1). Then,

T T+b—1
)\T+b7c,ﬂ:)\7c'7—7-b+ Z )\Z,C,n (53)
{=7+b—By,

Similar to the work in [110], this chapter models application n’s servers in CDC
casan M/M/1/ Q% /oo queueing system. Let Q; denote the capacity limit of the
task queue of application n in CDC ¢, and it is the maximum number of tasks that

application n’s servers in CDC ¢ can execute. Then,

(

+ A
1 )“r+b,c,n + Q’?L
- uc,nb )\ +b cn
T+ T ,C, M y

+ QG +1 M‘CI"-’C’b M7+b>0a
c,n Arib
AAg— 1— T+b,cyn .
+b (;&*}jb ) (5.4)

c7n p—
1 M7+b_0‘

\

+
To guarantee the stability of the task queue of application n in CDC ¢, Arjpcn

must be less than its task service rate in time slot 7+b, i.e.,

+
AT+b,C,TL</’L?ﬁb7 OSbSBn (55)

Let A7, denote the task arriving rate of application n in time slot 7+b. In this
slot, the sum of task arriving rates of application n in CDCs must be equal to its task
arriving rate. N'¢ denotes the number of CDCs. Then,

NC
T= D Aty 0<b<B, (5.6)

c=1

It is worth noting that tasks of application n in CDC ¢ must have been scheduled
to execute in CDCs within their delay bound B,. This means that all tasks of
application n in CDC ¢ that arrive in time slot 7+b must have been scheduled from

T+b to 74+b+B,,. Therefore, all tasks of application n in CDC ¢ in time slot 74+b—B,,
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or before must have been executed by time slot 7+b. Then,

T—Bpn+b T+b

KIT—B',L—].,C,’H,—"_ Z (/\ZmL) Slil'r—l,c,n"i_ Z (Xf,c,n (1 - (5;7”) L) 70§b§Bn (57>

{=1—DBy, l=1

In constraint (5.7), it is worth noting that in time slot 7+b, Xg’c’n (THbH1<<T+
b+B,,) can be well predicted by many existing prediction algorithms, e.g., stacked
auto-encoder [211] and deep neural networks [212]. Nevertheless, they are not the
focus of this chapter and therefore, at the start of time slot 7-+b, J)r\g,c,n is set to A",
i.e., K@,c,n:)\g’" (T+H0+1<l<T+b+B,,).

In addition, IJ\FITWL is the sum of Ij\LlT_Bn_Lc’n and > 5 (A{"L). Then, IJ\FIﬂQn
is obtained as follows.

+ + T
NT,c,n:NT—Bn—l,C,n+ Z (A?RL> (58)

{=17—B,

The delay bound constraint of tasks of application n in CDC ¢ that arrive in
time slot 7 is strictly met if they are scheduled to execute in CDCs from 7 to 7+ B,,.
At the start of time slot 7, the number of tasks of application n in CDC ¢ scheduled
in 7+b (0<b<B,) is j\ﬂrb,c,n(l — 071, )L. Then, the number of tasks of application n
in CDC c executed by 7+B,, is obtained as:

o o 7+ Bn + on
NT+Bn,C,n:NT71,C,n+ Z ()\Z,c,n(l - 5[ )L)

b=

+ o
Thus, due to conservation of application n’s tasks, N, ., should equal N-4 5, . »,

-+ 03
i..; Nrcn=NriB, cn. Then,

+

T T+Bp n
NT—Bn—l,c,n+ Z (AZ’”L) 2&7—_1’&”—% Z (/\470771(1 - 5;’”)[/) (59)
=

{=7—Bjp

Therefore, constraints (5.7) and (5.9) can ensure that delay bound constraints

of tasks of all applications must be met.

107



5.2.2 Power Consumption Model

Then, the power consumption model adopted in CDCs is introduced here. Similar
to the work in [110], it is assumed that servers of each application are homogeneous,
and the energy consumed by servers of the same application is identical. Let l:lcm
denote the number of tasks of application n executed by each of its switched-on
servers in each minute in CDC c. ]if r+ben denotes the number of switched-on servers

of application n in CDC c in time slot 7+b. Then, N4, is obtained as:

Ny spon=rrtt (5.10)
Nc,n

Let Nm denote the maximum available number of servers of application n in
o A
CDC c. Then, N yp ., needs to be less than or equal to N, i.e.,

o

NT+b,c,n§Nc,n; OSbSBn (511)

Then, the total energy consumption of CDCs by calculating the sum of the
energy consumed by all servers of all applications and the energy consumed by
facilities, e.g., lighting and cooling, is obtained. Let CTD‘;L denote the peak power of
a server of application n in CDC c. Let (iJfl denote the idle power of a server of
application n in CDC c. Let a. denote the power usage effectiveness (PUE) of CDC
c. PUE is an important metric to evaluate the energy efficiency of data centers [213].
It is calculated as the ratio of energy consumed by a CDC to the total energy of its
servers. Currently, the value of PUE is typically 1.2-2.0 for most large-scale existing
commercial data centers.

In addition, let u}}, denote the average CPU utilization of servers of application
n in CDC c in time slot 7+b. Therefore, following the work in [24], the total power

consumption of CDCs in time slot 7+b is obtained as:

NC NA
PT+b: Z Z(NT-l-b,c,n((i)fz_'—(aC_1)q)fz+((pfz_(i)fz)uiﬁb)) (512)

c=1 n=1
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The number of tasks executed by each switched-on server of application n in

time slot 7+b is obtained as:

+
L (1 _5:ﬁb) >‘T+b,C,n

NT+b,c,n

(5.13)

Besides, the busy period of each switched-on server of application n in CDC ¢

L(1-657, ) Ay
. . . T+b,c,n
in time slot 74b is ——5—=*°
Nc,nNT+b,c,n

minutes. Then, v}, is obtained as:

+
n L (1_5ﬁﬁb) >\T+b,c,n

Uryp= ° 0
Nc,nNT+b,c,n

(5.14)

E¢ ., denotes the total energy consumed by the execution of tasks of all
applications in CDC ¢ in time slot 7+b. Based on equations (5.10), (5.12), and
(5.14) E¢,, (0<b<T) is obtained as:

X AR A AL (1 = 522,)

c
T+

n=1 Nc,n

L (5.15)

where

A5 2 P4 (a,—1)D°

cn

AL, & D¢

Let E. denote the maximum amount of energy in CDC ¢ in each time slot.
Therefore, the total energy consumed by CDC ¢ in time slot 7+b (0<b<T) cannot

exceed E., i.e.,

N LAR e NS X (1= e
c,n:u7—+b+ c,n T+b,c,n( - )
°

Z T+b

n=1 Nc,n

L | <E. (5.16)

Typically, different types of green energy facilities, e.g., wind turbines and solar

panels, are installed in CDCs. This chapter focuses on two types of renewable energy
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including solar and wind energy. The use of green energy can decrease the power
grid energy consumption of CDCs, and reduce its detrimental effect to the global
environment. Similar to the work in [76], the length of each time slot is small enough
and it is reasonable to assume that the wind and solar energy stay the same within
each time slot. Let LO?THLC denote the amount of solar energy produced by solar panels
in CDC ¢ in time slot 7+b. Let ETer,c denote the amount of wind energy produced
by wind turbines in CDC c in time slot 74b. Similar to Chapter 3, EOJTHM and Eﬁb,c
are calculated with equations (3.5) and (3.6) in the green energy model introduced

in Section 3.2, respectively.

5.2.3 Constrained Optimization Problem
Let fo5 denote the cost of power grid energy consumed by the execution of tasks of

all applications in CDCs from time slots 7 to 7+I". Then, fy is calculated as:

T NC
f22:/\c,1}1/ﬁrcl,n Z Z pi—&-b (max (Eg—i-b - ET-i-b,c - ET+b,C7 0)) (517)

r+ollery | 0 \ =1
pSy, (0<bLT) is the price of power grid in CDC c¢ in time slot 74+b. E¢,
(0<b<T) denotes the total amount of energy consumed by the execution of tasks of
all applications in CDC ¢ in time slot 74b. It is assumed that the prices of power
grid differ from a time slot to another but keep the same in each time slot. The
amount of grid energy consumed by CDCs in time slot 74b is obtained as max(E¢, , —
%Hb,e — ET—H?,C, 0). The objective in the nonlinear constrained optimization model is

to minimize fos. Thus, the energy cost minimization problem is formulated as:

Min = {fs}

AG™ c,n

T+b"u“r+b

subject to

o

NT+b,c,n§Nc,n (518)
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NA 5 c,n 4 T c,m

> Benttrivt Bepdriben(l 5T+b)L <E, (5.19)

n=1 l<Ic,n

+ T—Bn+b en T+b + .

Ne gy tent 3 (A"L) <N, 1cn+Z(Am — o )L) (5.20)
{=17—B),

+ T7+Bn
NT Bn— 1cn+ Z >‘an 7’ 1cn+ Z ()\Ecn _5;771)11) (521)

{=17—B,
T c,n
)‘T+bcn<,u7—7+b (5.22)
T+b_ Z )\’T+b (523)
pET >0, A", >0, 0<b<B, (5.24)
pE™, =0, A", =0, B, <b<T (5.25)

Constraints (5.24) and (5.25) give valid ranges of decision variables including
A7y and gt Let ¢rpp 40 and ;44 3. denote the wind speed and the solar irradiance
of CDC c in time slot 7+b. In addition, similar to the work in [76], it is assumed
that time-related parameters, e.g., pl.;, ¢rip4c and 9,y 3. can be well predicted by
using typical prediction algorithms, e.g., deep neural networks, at the beginning of
each time slot 74b. Then, the algorithm that solves the energy cost minimization
problem is presented in Section 5.4. The final decision variables transformed by the
optimal solution to the energy cost minimization problem determine the optimal task
scheduling among CDCs in each time slot. In this way, the energy cost of the CDC
provider is minimized while delay bound constraints of tasks of all applications are

strictly met.

5.3 Spatio-Temporal Task Scheduling
It is worth noting that the objective function in the energy cost minimization problem

is nonlinear in terms of A7V, and p",. Therefore, it is a constrained nonlinear
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programming problem. There are many complex constraints and this section uses
a penalty function method [214] to transform each constraint into its corresponding
penalty. In this way, the energy cost minimization problem is transformed into an
unconstrained optimization one that is much easier to solve. Let & denote the vector

.. . . . c,n c,n
of decision variables including A\, and p . Then,

Min {E:ﬁwr f22} (5.26)

—~ [e.e]
In equation (5.26), fs denotes the augmented objective function and N is a
large positive integer. Let U denote the penalty of all constraints if they are violated

and it is obtained as:
N

N=
U= Z(max{O, —gl(w)})%lvL Z ‘hm(:v)ﬁQ (5.27)
1=1 m—1

In equation (5.27), %1 and %2 are two positive constants. Each equality
constraint m(1<m<N) is transformed into h,,(x)=0. If it is met, its penalty is 0;
otherwise, its penalty is {hm(az)ﬁQ. Similarly, each inequality constraint {(1<I<N7)
is transformed into g;()>0. If it is met, its penalty is 0; otherwise, its penalty
is (max{0, —gl(m)})%l. For example, constraint (6.25) is first transformed into
Ncﬁn—]ifﬂrb,c’nZO (0<b<T), and its penalty is (max{0, —(chn—]ifﬂrb,c,n)})p“. Then,
the unconstrained optimization problem is obtained and it is solved by using the
proposed GSPSO presented in Section 5.4.

Algorithm 2 shows the pseudo codes of STTS. Line 1 initializes A\o™ (T —B,,<7<T—1),
IJ\FIT,BH,LC,” and Iily,l,cyn with 0. Line 2 initializes AI**" and J)\rﬂqn (T<7<N*) with
Ae™. N™* denotes the total number of time slots. Xﬁc,n is calculated according
to equation (5.3). Line 6 obtains decision variables including A7}, and u7}, by
solving the unconstrained optimization problem with GSPSO. Lines 7-9 schedule
(J)r\m,n(l — 6™ L) tasks to CDCs. A" (71— B, <(<r) is updated in Lines 10-20. Lines

+ <o
8-9 update N;_p, ., and N, ..
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Algorithm 2 STTS (Spatio-Temporal Task Scheduling)

+ o
Initialize A™(Y—B,<7<T—1), Ny_p,_1,, and Ny_; ., with 0

Jr
Initialize Al¢" and A, ., (Y<7<N*) with Ao"
T+ 7T
while 7<N* do

+

Calculate A, ., based on equation (5.3).

Solve the unconstrained optimization problem to obtain A", "™ via GSPSO
+

Schedule (A, (1 —09™)L) tasks to CDCs

+ +

NT—Bn,c,n — NT—Bn—l,c,n+)\f—’iLBnL

<&

o +
9: NT7C7TL — NT—l,c,n_l'(/\T,cm,(l - 5f-’n)L)

+
10:  temp = (Aren(l —09")L)
11: for ¢ <+ 7—B, to 7 do

—_

12: if A" <= temp then
13: temp < temp — /\Z’C’”L
14: A" 0

15: else

16: APO™ ¢ Abon — temp
17: temp < 0

18: break

19: end if

20: end for

21: T+ 717+1
22: end while

5.4 Genetic Simulated-annealing-based Particle Swarm Optimization
Currently, there are several existing exact and deterministic algorithms, e.g., fuzzy
adaptive dynamic programming [215] and conjugate gradient descent [216], to solve
the formulated unconstrained optimization problem. Nevertheless, they usually
depend on specific structures of objective functions, e.g., those having the first-order
or second-order derivatives. In addition, the search space increases exponentially
with the problem size, and therefore, the quality of their final solutions is usually
unsatisfying when they are adopted to solve these problems.

Many researchers adopt meta-heuristic optimization algorithms [217] due to
their advantages including wide applicability, robustness, easy implementation, good

exploitation and exploration ability, and fast speed. They can prevent disadvantages
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of these deterministic algorithms and have been commonly applied to solve many
complicated problems. On the contrary, each meta-heuristic algorithm has its
advantages and disadvantages [218]-[220] . For example, particle swarm optimization
(PSO) is commonly used to solve optimization problems because of its quick
convergence [219]. Nevertheless, it usually traps into locally optimal solutions when
it is applied and adopted to solve problems with high-dimension solution spaces [218].
Besides, simulated annealing (SA) is widely adopted to solve different problems. Its
Metropolis acceptance rule enables moves that worsen the objective function value.
Consequently, SA can escape from local optima and finally converge to global one by
specifying a suitable temperature cooling rate. On the other hand, its convergence
process is very slow [220]. In addition, the genetic operations of genetic algorithm
(GA) can increase the diversity of particles in PSO, and improve both efficiency and
accuracy of global search. This chapter proposes a hybrid meta-heuristic algorithm
named GSPSO that incorporates genetic operations of GA and the Metropolis
acceptance rule of SA into the PSO.

Particles in PSO update velocities and positions according to learning experi-
ences of individuals and the current swarm. The size of the swarm is denoted by |X].
0% and x; denote the velocity and position of particle 7 (1=1,2, ..., |X|). Each position
is designed as a NP-dimension vector. The first N+ NCx(T+1) elements of each
vector store A&, (0<b<T). The next N*sN %(T+1) elements of each vector store
17y, (0<b<T). The last element of each vector stores the value of f22. Consequently,
NP =2+ N A4 NCx(T+1)+1. %X; denotes the locally optimal position of particle i. The
globally optimal position of the current swarm is denoted by x. Specifically, 6} and

x; are updated as follows.

T—0F.00 + 0P wg (%; — x;) + 07 wig (X — %) (5.28)
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wy and wig denote two random numbers that are uniformly produced in the
range of (0,1). A7 and éf denote coefficients of individual and social acceleration
reflecting the influence of %X; and x, respectively. However, PSO is easy to trap
into locally optimal solutions and it leads to premature convergence. Besides, the
optimization process oscillates when x; and x vary greatly. Genetic operations of GA
can breed superior particles and improve their global search ability [58].

Therefore, let }'(ZP denote the position of a superior particle corresponding to
particle ¢ and it guides the optimization process of particles in PSO. }'cf-) is the
combination of X; and %, i.e.,

},{P_ wagk,—f—efwmf(

1 - ~ A
wag—l—ﬁfwlo

(5.30)

Let w denote the inertia weight. Then, 6} and x; of particle i are updated as:

0 =w-0 + 0 xwy, ()’(f — XZ'> (5.31)

In equation (5.31), 8 denotes the superior acceleration coefficient, and wy;
denotes a vector, each element of which is a random number uniformly produced in
(0,1). Besides, x; and % are coded with binary encoding where their velocities and
positions are coded as a string of binary bits [221]. Let 07 and g denote the crossover
rate and the mutation rate, respectively. The single point crossover operation is
implemented on x; and X to obtain the offspring )chj for particle ¢ with a probability
wy3. Then, the mutation operation is performed on each bit of )”(ZP with a small

probability wsy,. In this way, the early trapping into locally optimal solutions can be

P

1

P

avoided. Then, the selection operation is performed to determine whether X; or X;

is selected to guide the optimization process of particle i.
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Specifically, if E(f{f )S]/C;Q(f(f ), X" is selected as a superior particle correspond-

P

ing to particle i; otherwise, X; is selected as the superior particle. Thus, a superior

particle is obtained for each particle. Let x? and x¢*! denote particle 4’s positions in

g+

iterations g and g+1. Then, x} ! is updated as:

{=w-0) + 05 wyy- (x” — xg) (5.33)

xI T =x946 (5.34)

If E(w?“)g}gg(xf ), X971 is accepted; otherwise, it is conditionally accepted if

(fi(xf)—aé(xf“))
exrp E >W12 (5.35)

where wyy denotes a random number uniformly distributed in (0,1) and 6§ denotes

the temperature in iteration g.

Initialize positions and velocities of particles

:

Perform GA's crossover, mutation and selection

:

Update particles' velocities

!

Update particles' positions according to SA's
Metropolis acceptance rule

No

Ternimation condition

Output globally optimal position
Figure 5.2 Flowchart of GSPSO.
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A hybrid optimization algorithm called Genetic Simulated-annealing-based
Particle Swarm Optimization (GSPSO) is proposed. It integrates advantages of SA,
PSO and GA. It adopts genetic operations of GA on X; and X to generate superior
particles, and updates particles’ positions with the Metropolis acceptance rule of SA.
Thus, GSPSO improves the search quality of PSO.

Algorithm 3 describes the pseudo codes of GSPSO and its flowchart is shown
in Figure 5.2. Velocities and positions of particles in PSO are randomly initialized
in Line 1. Velocities of particles are limited to [—6%, 8]. The fitness value of each
particle is calculated according to E in the problem (5.26) in Line 2. Let x denote
the globally optimal position of the swarm. Let x; denote a locally optimal position of
particle ¢. Line 3 updates x and X;. The parameters related to GA, PSO and SA are
initialized in Line 4. The total number of iterations is denoted by §. Let 61 denote
the percentage of particles with identical fitness values. Let éf denote the specified
maximum percentage. Line 6 shows that the while loop terminates if ¢ is exceeded,
or 0F >éf . Line 7 conducts GA’s classical crossover on X; and X.

The obtained offspring % undergoes GA’s classical mutation with a bounded

probability in Line 8. Then, the classical selection of GA is conducted to determine

P

whether X/ or %! is chosen in Line 9. Line 10 updates velocities of particles and
Line 11 updates their positions according to the Metropolis acceptance rule of SA.
Lines 12-13 calculate fitness values of particles, and update X; and X accordingly. In
addition, 69 denotes the initial temperature and 63 denotes the temperature cooling
rate. Line 14 decreases temperature by 65. Let 9? and é? denote lower and upper
bounds of inertia weight 0%’ respectively. In addition, 0L is decreased linearly from
0F to AF in Line 15. Then, Line 16 updates 6. Line 19 outputs X and transforms it
into decision variables including A, and p7%, (0<b<T, 1<n<N A4 1<e<NY). To
discuss the overhead of STTS, the complexity analysis of Algorithms 2 and 3 is given

as follows.
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Algorithm 3 GSPSO (Genetic Simulated-annealing-based PSO)

Initialize positions and velocities of particles

Calculate the fitness value fy5 of each particle
Update %X; and x
Initialize parameters related to GA, PSO and SA
g+ 1
while 0’ <0F and g<g do
Perform GA’s classical crossover on X; and X
Perform GA’s classical mutation on offspring )ch
Perform GA’s classical selection
10:  Update velocity of each particle
11:  Update position of each particle according to Metropolis acceptance rule of SA

12:  Calculate fitness value fy9 of each particle
13:  Update %x; and x

14:  Decrease temperature by 63

15:  Decrease 6 linearly from 6 to 6F

16:  Update 67

17 g+ g+1

18: end while

19: Output x

In Algorithm 3, most of the execution overhead is caused by the while loop.
In the worst case, the while loop stops after g iterations. As is shown in Lines
7-17, the time complexity of each iteration is O(|X|N”). In addition, it is worth
noting that NP=2x N4+ N x(T+1)+1, and the time complexity of each iteration is
O(IX]INANCEY). Thus, the time complexity of Algorithm 3 is O(g|X|NANCY). Most
of the execution overhead in Algorithm 2 is caused by its while loop where N*—T+1
iterations are executed and the overhead of each iteration is determined by GSPSO
in Line 6. Besides, N* is typically much greater than Y. Consequently, the time
complexity of Algorithm 2 is O(N*gIX|INANET).

Then, the assumptions of STTS are discussed. Similar to the work in [21, 222],
this chapter considers a simpler situation where it is assumed that each task can
be executed independently in each CDC and its execution does not rely on other
tasks. In a real-life and more complex situation, e.g., Hadoop MapReduce, each
task belongs to a single job and a job consists of multiple tasks. The execution of

each task is associated with other tasks. Thus, the execution of each job depends
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on correlations among its tasks, and each job can be treated as a typical workflow
where a job is partitioned into multiple tasks. There are many existing workflow
scheduling algorithms that are proposed recently to tackle the scheduling of jobs in
clouds [102, 223]. However, it has to be left out because this is beyond the scope of
this chapter.

This chapter chooses delay bound constraints and throughput of tasks as the
main quality of service (QoS) parameters that are widely utilized in the existing
studies |21, 76, 110, 222, 224]. There are other important QoS parameters,
e.g., resource utilization, availability, security, reliability and data integrity [109].
Nevertheless, this chapter focuses on how to minimize energy cost by determining
a task scheduling strategy, and future research would further consider other QoS
parameters. What’s more, similar to the work in [21, 76, 110, 222, 224], it is assumed
that tasks of the same application have the same priority and they can only be
executed by their corresponding cluster of servers. Thus, though tasks of different
applications have diverse priorities, they are executed on separate clusters of servers.
Similar to the work in [21, 76, 110, 222, 224], it is also assumed that all tasks of each

application are scheduled to CDCs in a non-preemptive manner.

5.5 Performance Evaluation
This section evaluates STTS with real-life data, i.e., arriving tasks in Google cluster?!,
prices of grid, wind and solar energy. STTS is coded and implemented in MATLAB
2017 and it is executed in a computer with an Intel Xeon E-2124G processor at
4.50 GHz and a 32-GB DDR4 memory. This section adopts real-life tasks of three
heterogeneous delay-tolerant applications executed in Google cluster for a whole day

on May 10, 2011.

Thttps://github.com/google/cluster-data (accessed on May 6, 2019).
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5.5.1 Parameter Setting

This chapter calculates task arriving rates of three applications (types 1, 2 and 3)
that are sampled every 5 minutes, i.e., N4=3 and L=>5 minutes. Following the work
in [21], this chapter sets delay bound constraints of three applications to 3, 4 and
5 time slots, i.e., B1=3, Bo=4 and Bs=>5. This chapter considers three CDCs, i.e.,
N?¢=3, and uses real-life power grid prices on the same day in capital region of New
York, U.S.2 to simulate power grid prices of three CDCs.

Table 5.1 Parameter Setting of Three Energy Sources

Power grid Wind energy Solar energy
% Ec (WH) gblc ¢36 (m2) ¢2¢ (kg/m3) 77ch Q;DQC (mQ)
c=1 1.2 7.2x10® 045 37500 1.8375 0.3 22500
c=2 14 4.5x10% 0.375 31250 1.5313 0.25 18750
c=3 1.6 3.6x10® 0.3 25000 1.225 0.2 15000

According to the work in [31, 76], the parameter setting of three energy sources
is shown in Table 5.1. According to the work in [24]|, parameters in the power
consumption model are set in Tables 5.2 and 5.3. Besides, this chapter adopts real-life
data of solar irradiance® and wind speed? on the same day. It is worth noting that
most of typical meta-heuristic algorithms are sensitive to their parameter setting.
Thus, based on existing studies [24, 25, 76|, a series of experiments are conducted to
investigate the optimal parameter setting for GSPSO.

The minimization of energy cost in each iteration is considered for GSPSO. The
energy cost of the CDC provider continues to decrease as iterations proceed, and the
optimal number of iterations is 200. Further increasing the number of iterations from
200 cannot continue to reduce the energy cost, but increases the execution time of
GSPSO. Similarly, the optimal balance between the diversity of solutions and the

energy cost is achieved when the size of the swarm is 100.

Zhttp: //www.nyiso.com /public/index.jsp (accessed on May 10, 2019).
3http://www.nrel.gov/midc/srrl_bms/ (accessed on May 10, 2019).
4http://www.nrel.gov/midc/nwtc_m2/ (accessed on May 10, 2019).
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Table 5.2 Parameter Setting in Power Consumption Model-Part 1

be (W) e (W) New
n=1 n=2 n=3 n=1 n=2 n=3 n=I1 n=2 n=3
200 100 50 400 200 100 12000 15000 18000

250 125 625 500 250 125 10000 12500 15000
300 150 75 600 300 150 8000 10000 12000

IR
W N~

Table 5.3 Parameter Setting in Power Consumption Model-Part 2

Q° cn (tasks/second)
n=1 n=2 n=3 n= n=2 n=3
c=1 1875 375 75 0.075 0.15 0.3
c=2 15.625 31.25 62.5 0.0625 0.125 0.25
c=3 125 25 50  0.05 0.1 0.2

In addition, the energy cost is high when the crossover rate is very low, and
therefore, GSPSO tends to converge to a locally optimal solution. The energy cost
is continuously decreasing by increasing the crossover rate, and the optimal crossover
rate of 0.6 is selected for GSPSO. The energy cost increases when the crossover
rate is further increased from 0.6 due to the early stagnation of solutions leading
to sub-optimal energy cost. Besides, the close-to-optimal energy cost is achieved
by GSPSO when the mutation rate is set to 0.1%. There is some divergence when
the mutation rate is less than 0.1%, and it leads to a sub-optimal solution. Higher
diversity in the solution is achieved when the mutation rate is larger than 0.1%, but
it makes GSPSO difficult to converge to the final close-to-optimal solution.

In the above process, the optimal values of crossover and mutation rates are
obtained by evaluating the performance of GSPSO while all other parameters, e.g.,
the size of the swarm, the number of iterations and weight 61", are kept as constants.
Then, the size of the swarm and the number of iterations are set similarly. Other
parameters of GSPSO are specified in a similar way. The final values of the parameters
for GSPSO are set as: 68=0.4, 0F=0.95, 07 =95%, 0F=0F=0.5, 6;=0.975, §9=10%,
§=200, |X|=100, #7=0.6 and 63=0.1%. In addition, .7\7’:1020 and %1:%2:2.
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5.5.2 Experimental Results

To demonstrate GSPSO’s performance, this section compares it with three typical
meta-heuristic algorithms including SA, PSO and bat algorithm (BA). The reasons of
choosing them are explained as follows. SA can converge to globally optimal solutions
in theory through suitable temperature cooling rate because it can escape from locally
optimal solutions [220]. Consequently, the comparison between GSPSO and SA can
demonstrate the precision of GSPSO’s final solution. In addition, the convergence
speeds of PSO and BA are fast [218|. Thus, the comparison among GSPSO, PSO
and BA can prove GSPSQO’s convergence speed.

Figure 5.3 shows the comparison of execution time among GSPSO, BA, PSO
and SA. It is shown that the average execution time of SA is 7.48 (seconds), which
is 4.18, 10.39 and 22 times larger than that of GSPSO, 1.79 (seconds), that of BA,
0.72 (seconds) and that of PSO, 0.34 (seconds), respectively. In addition, it is worth
noting that the execution time of BA and PSO is much less than those of SA and
GSPSO. This is because BA and PSO are easy to quickly trap into locally optimal
solutions. Figure 5.4 shows the comparison of energy cost in each iteration of GSPSO,
BA, PSO and SA in time slot 50. Here an iteration in GSPSO denotes Lines 7-17
in Algorithm 3. Similar to GSPSO, iterations of BA, PSO and SA have the same
meaning. Besides, Figure 5.5 shows the corresponding penalty calculated according to
(3.21) in each iteration in time slot 50. Figure 5.5 shows that PSO and BA converge
after 225 and 250 iterations, respectively. The penalty of final solutions of PSO and
BA is 4.22x10° and 3.98x10°, respectively. It demonstrates that PSO and BA cannot
find final solutions that meet all constraints in the energy cost minimization problem.
Consequently, their solutions are not satisfying due to their quick convergence to
locally optimal solutions.

Besides, SA converges to its final solution after 850 iterations, and the energy

cost of its final solution is 19.04 and 11.43 times less than those of PSO and BA,
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Figure 5.3 Comparison of execution time.

respectively, but still larger than that of GSPSO. GSPSO converges to its final solution
after 300 iterations, and the energy cost of its final solution is $5941.06. Therefore,
GSPSO decreases the energy cost by $694.05 in much fewer iterations than SA. In
addition, it is shown in Figure 5.5 that the penalty of the final solution of GSPSO
is 0. It demonstrates that GSPSO is able to obtain a satisfying solution meeting all
constraints. Therefore, Figures 5.4-5.5 prove that GSPSO increases the search speed
and precision, and brings less energy cost for the CDC provider by integrating SA’s

Metropolis acceptance rule and GA’s genetic operations into PSO.
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Figure 5.4 Energy cost of each iteration in time slot 50.

Figure 5.6 illustrates the cumulative scheduled tasks (CSTs) and the cumulative
arriving tasks (CATs) for each application. It is illustrated that all arriving tasks
of each application are scheduled and executed to CDCs within their delay bound
constraints. For example, Figure 5.6(b) shows that the number of CATs of type 2

application in time slot 155 is equal to that of CSTs in time slot 159. This means that
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Figure 5.5 Penalty of each iteration in time slot 50.

tasks of type 2 application arriving in time slot 155 or before are all scheduled and

executed to CDCs by time slot 159. Consequently, it demonstrates that the proposed

STTS strictly meets delay bound constraints of tasks of each application.

5.5.3 Results of Comparison

To demonstrate STTS’s performance, it is compared with four typical scheduling

methods [31, 76, 99| in terms of energy cost and throughput of the CDC provider.

1)

M1. Similar to a green energy-first scheduling approach in [31], schedules all
tasks to CDCs in the time slot when the total amount of renewable energy is
the maximum within tasks’ delay bound constraints.

M2. Similar to a cheap-electricity-first scheduling approach in [76], schedules
all tasks to CDCs in the time slot when the power grid price is the minimum
within tasks’ delay bound constraints.

M3 [99]. It ignores the temporal differences in power grid prices, wind speed
and solar irradiance. All tasks are directly scheduled to CDCs in their arriving
time slot.

Spatio-temporal load balancing (STLB) [222]. It investigates both temporal
and spatial variations of power grid prices to schedule tasks to CDCs. A task
of application n arriving in current time slot 7 is scheduled to one CDC during
the next B,+1 time slots beginning from 7.

The parameters of M1-M3 and STLB are set in the same way as those of

GSPSO are set in Section 5.5. Figures 5.7-5.9 compare STTS with M1-M3 and

STLB in terms of the cumulative throughput obtained by calculating the sum of

the number of tasks executed from 7 to 74+B,,. For example, in each time slot 7, the
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Figure 5.6 CATs and CSTs of each application.
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cumulative throughput of type 3 application is obtained by calculating the sum of the
number of tasks executed from 7 to 745. In addition, it is shown that the cumulative
throughput of each application with STTS is higher than those with M1-M3 and
STLB. For example, the cumulative throughput of type 1 application with STTS is
higher than those with M1-M3 and STLB by 73.01%, 73.94%, 50.74% and 14.92% on

average, respectively. The reason is that the maximum amount of energy in each CDC
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Figure 5.9 Cumulative throughput comparison of type 3 application.

in each time slot is constrained. Therefore, some tasks of each application have to be
rejected and not executed in CDCs in M1-M3. STLB ignores spatial and temporal
variations of solar and wind energy and fails to consider the differences of energy
consumption of servers in different CDCs. Therefore, Figures 5.7-5.9 illustrate that

STTS effectively increases the cumulative throughput of CDCs.
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Figure 5.10 illustrates the energy cost of STTS, M1-M3 and STLB, respectively.
Typically, the penalty cost is predefined in SLAs [20] for rejected tasks. It is signed
between users and the CDC provider, and each rejected task causes the penalty for
the latter. Let € denote the penalty cost brought by the rejection of each task of
application n in time slot 7. To guarantee their performance, € is typically higher
than the maximum energy cost caused by each task of application n from 7 to 7+ B,,.
A denotes the energy cost caused by each task of application n in time slot 7. Thus,
€ =maTpe(o,1,..,B,} (Ar,,). Similar to Figure 3.12, energy cost in time slot 7 is defined
as the sum of energy cost of executed tasks, and the penalty caused by rejected tasks
from 7 to 7+I". It is shown in Figure 5.10 that compared with M1-M3 and STLB, the
energy cost of STTS is decreased by 43.27%, 38.54%, 36.96% and 12.64% on average,
respectively. This is because STTS intelligently schedules more tasks to CDCs by
jointly investigating the spatio-temporal variations in prices of power grid, and the

total amount of wind and solar energy in CDCs during the allowed delay of tasks.

5.6 Summary
Types and number of delay-tolerant applications in cloud data centers (CDCs)
increase significantly. The dramatic growth of arriving tasks increases the amount
of energy consumed by execution of tasks in CDCs. Spatial and temporal variations
in prices of power grid and availability of green energy in CDCs bring a challenge

of how to cost-effectively schedule all arriving tasks of multiple applications among
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CDCs. This chapter proposes a Spatio-Temporal Task Scheduling (STTS) method
that exploits such spatial and temporal variations. STTS can smartly schedule all
tasks of applications to CDCs while strictly meeting tasks’ delay bound constraints. In
each iteration of ST'TS, energy cost for a CDC provider is formulated and solved with
a hybrid meta-heuristic algorithm named genetic simulated-annealing-based particle
swarm optimization. Extensive trace-driven experimental results demonstrate that it
achieves higher throughput and lower energy cost for the CDC provider in comparison
with several recent scheduling approaches while meeting delay bound constraints of

all tasks of heterogeneous applications.
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CHAPTER 6

TEMPORAL TASK SCHEDULING OF MULTIPLE
DELAY-CONSTRAINED APPLICATIONS IN HYBRID CLOUD
DATA CENTER

This chapter presents the details of the proposed Temporal Task Scheduling (TTS)
algorithm, and it is organized as follows. A hybrid cloud data center (CDC)
architecture is presented in Section 6.1. Based on a hybrid CDC architecture, a
task scheduling problem that aims to maximize the total profit of the hybrid CDC
is formulated in Section 6.2. The proposed TTS algorithm is presented in Section
6.3. The experimental results and their analysis based on real-life data are shown in

Section 6.4. Section 6.5 concludes this chapter.

6.1 Hybrid CDC Architecture

A data center provider owns a CDC and executes some tasks to public clouds when its
resources are limited or the use of virtual machines (VMs) in public clouds is cheaper.
The hybrid CDC architecture is presented in Figure 6.1. Users’ tasks are sent to
the hybrid CDC through multiple devices, e.g., computers, smart phones, laptops
and servers. Then, arriving tasks are classified and enqueued into FCFS queues
according to their application types. Then, task arriving rates of all applications
are set. Let N4 denote the number of applications. In Figure 6.1, u" and J)r\ﬂn
(1<n<N A) denote the task service rate and the accumulated task arriving rate of
application n in 7, respectively. This chapter focuses on Task Scheduler where the
TTS algorithm periodically schedules all tasks to the hybrid CDC within their delay
bound constraints.

At the start of each time slot, tasks of each application are dispatched by the
Task Scheduler from their FCFS queues. Task Scheduler schedules tasks based on the

optimal task scheduling strategy produced by TTS. Specifically, TTS first determines
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the optimal task service rate of each server in the CDC. Then, the number of tasks

+
scheduled to the CDC is obtained as A;,,(1—¢")L, and the number of tasks scheduled
NC onds
28N

v=1 "7

to public clouds is obtained as ) rwn- Here, L denotes the length of a time
slot. 6™ denotes the loss possibility of application n’s tasks in 7. N¢ denotes the
number of public clouds. Besides, if tasks of application n are scheduled to public
cloud v in time slot 7, z7""=1; otherwise, z"=0. ]7%7 rvn denotes the number of tasks
of application n scheduled to public cloud v (1<v<AN°) in time slot 7. At the start of
each time slot, Task Scheduler schedules (j\m(l — o)L+ ZNC z”’"ﬁ/ ron) tasks and

v=1"~T

removes them from their FCFS queues.

Server
Cluster

CDC Public clouds
Figure 6.1 Hybrid CDC architecture.

The CDC obtains power grid energy from three types of sources: power
grid, solar panels and wind turbines. The Task Scheduler periodically collects the
information of power grid, solar panels and wind turbines. Section 6.2 formulates the
task scheduling problem as a constrained Mixed Integer NonLinear Program (MINLP)
[225]. Then, it is solved by a hybrid algorithm called GSPSO, which is described in

Chapter 5, in each iteration of T'TS to obtain the scheduling strategy. Based on it,
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TTS is proposed to achieve profit maximization for the hybrid CDC while strictly
meeting delay bound constraints of all tasks. Then, the task service rate for each
application in each time slot is specified by Task Scheduler. Then, Resource Allocator
configures each server in the CDC. It is assumed that servers for the same application
are homogeneous and servers for different applications are heterogeneous with respect

to hardware setting [18].

6.2 Problem Formulation
Based on the hybrid CDC architecture, this section formulates the task scheduling
problem that aims to maximize the total profit of the hybrid CDC. This problem is
formulated as a constrained MINLP and solved by GSPSO.

The modeling of delay bound constraints of each delay-constrained application
is first described. They aim to guarantee that delay bound constraints of tasks of
all applications are strictly met. 4 is important because it explicitly presents the
mathematical relation between the number of tasks refused and task service rates of
the CDC. Let B,, denote the delay bound constraint of tasks of application n. Based
on it, the number of tasks executed in the CDC and the total revenue of the hybrid
CDC brought by tasks of all applications executed in time slots 7 and 7+b (1<b<B,)
is determined. Let T=max,cf12... p43 Bn. The total energy consumption of the CDC
in time slot 7 or 74+b (1<b<T) is calculated. Then, the grid energy cost of the CDC
and the execution cost of VMs in public clouds are obtained. In this way, the profit
of the hybrid CDC is obtained. Thus, this equation provides an explicit and more
accurate relation between task service rates and the profit of the hybrid CDC.

Similar to the work in [226], all servers for application n are modeled as an
M /M /1/Q, /o0 system. The largest number of tasks that application n’s servers can
execute is denoted by Q,,. Similar to the work in [117], the hybrid CDC is modeled as a

discrete-time system evolving with time slots. A growing number of high-performance
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servers are deployed in CDCs. Thus, similar to the work in [25], it is reasonable to
assume each task can finish its execution in one single time slot.

This means that before time slot 7 passes, application n’s tasks arriving in
time slot 7—B,, or before are all executed in the hybrid CDC. Task arriving rate
of application n in time slot 7 is denoted by J)r\m. Task service rates of servers
corresponding to application n in time slots 7 and 7+b (1<b<B,) are denoted by
pr and p” . respectively. The task service rate denotes the rate at which tasks of
application n are removed from their FCFS queue and executed in the hybrid CDC

in time slot 7. Then,

The number of tasks of application n accumulated before time slot 7+1 is

_l’_
denoted by N, ,. Then,

+ L
Nrn=>_ AenL (6.2)
(=1

<&
The number of tasks of application n executed by time slot 7 is denoted by N, ,,.
The number of tasks of application n executed in the CDC in time slot ¢ (1<(<7)

+
is ()\g,n(l — 5?)L). The number of tasks of application n executed in public cloud

#
v (1<v<NY) in time slot ¢ (1<¢<7) is 2,;"Ny,,. Then, the number of tasks of
#
application n executed in all public clouds in time slot ¢ (1</<7) is Zi\[z Vl 2" Ngpn.-
The remaining arriving rate of application n’s tasks in 7 is denoted by Al™. Thus,

<
N, , is obtained as follows.

T

ANV

o + on #

Nrw= 37 A1 = )L+ 3 2 N (6.3)
(=1 v=1
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Thus, all application n’s tasks that arrive in 7—B,, or earlier are executed in
the hybrid CDC before 7 passes. Thus, AI"=0 (/<7—B,—1). At the start of time
slot 7, the total remaining arriving rate of application n’s tasks from 7—B,, to 7—1

+
is S g AP™. Thus, A, is the sum of X and S s AP™. Then,

n T—1
Aen=Al4 D A" (6.4)

{=7—Bp,

At the start of 7, the number of application n’s tasks arriving in 7— B,, or earlier
is IJ\rlf, Bo—1ntAT_p L. The number of application n’s tasks executed by 7 is the sum
of IilT_l,n, and the number of application n’s tasks executed in the hybrid CDC in 7,
i.e., (J/{T,n(l — o) L+ Zﬁfzvl z;”"]#\éfw,n). All application n’s tasks arriving in 7 have to

be executed in time slots 7 to 74+ B5,,. It means that all application n’s tasks in 7—B5,

or earlier must be executed before 7 passes. Then,

NV
+ S + #
N1t g LENe 1t A (1= 61 L+ > 20" Ny (6.5)

v=1

Let J/{gm denote the accumulated arriving rate of application n’s tasks in /¢
(T+1<l<7+B,). Let pu} denote the task service rate of servers of application n in ¢
(T+1<¢<7+B,). There are several prediction algorithms, e.g., deep neural networks
[212], to well predict X&n. It is assumed that J/{g,n is known in advance.

Similarly, at the beginning of time slot 7+4b, the number of application n’s
tasks that arrive in 7+b—B,, or earlier is IJ\rlT_ Bn—1nT+ Zg;f_"g:(/\?L). The number
of application n’s tasks scheduled to the hybrid CDC by 7+b is the sum of IiIT,Ln,
and the number of application n’s tasks executed in the hybrid CDC from 7 to
7+b. The number of application n’s tasks executed in hybrid CDC in 7 is (J)F\T’n(l —
oM L+ Zﬁ[:vl zﬁ”ﬁf ron). Besides, the number of application n’s tasks executed in the

+ #
hybrid CDC in £ (r+1<0<7+b) is (Agm(1 — 67) L+ SN 297N, Tt is worth noting

that all application n’s tasks in 7+b—DB,, or earlier have to be executed before 7+4b
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passes. Then,

n T—Bpn+b R i NV 4
Nrp,—tnt D AMLEN A (1= 0L+ Y 22 Nyt
{=1—B, v=1
T+b n NV ”
S ML= )L+ 2" N (6.6)
{=7+1 v=1

The number of application n’s tasks from 7 — B,, to 7 is ZZ:T_Bn ApL. At the
+ +
start of 7, N..,, is the sum of N._p 1, and >/ o A7L. Thus,
+

+ T
Nen=Nr_p,_1at > ML (6.7)

¢{=17—Bp,

At the beginning of 7, the number of tasks of application n executed in the

. . .t NV g . o
hybrid CDC in 7 is (Ar,(1 —02)L+> ,_; 22" N;,n). Besides, at the beginning of 7,
the total number of application n’s tasks executed in the hybrid CDC in time slot ¢

+ #

(T+1<l<7+B,) is (Arn(1 — 0}) L+ Zf}v:vl 2,"Nyyn). Thus, in time slot 7, the total
number of application n’s tasks executed before 7+ B,, passes is:

NV

<& <o + #
NT+B"7n:NT_17n+>\T7n(]‘ - 5¢)L+ Z Z:'JMN’T,U,n_'_
v=1
T7+Bn + NV ”
Yo | A1 = LA D N (6.8)
f=1+1 v=1

+
Thus, the conservation of application n’s tasks requires that N, , should equal

o + o
NT—i—Bn,n) t.e., NT,n:NT"an,’fL‘ Then,

+ T o + NV #
Nep,—tnt D AL=Ne_y A, (1= 00)L+ > 22 "Noyot
{=17—Bp v=1
7+ By, n NV ”
S M@ =)L+ 5" Newn (6.9)
l=7+1 v=1

Thus, constraints (6.5), (6.6), and (6.9) ensure delay bound constraints of tasks

of all applications are strictly met.
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Then, the power consumption model is introduced. The total amount of energy
consumed in the CDC is the sum of the total amount of energy consumed in servers
and facilities, e.g., cooling and lighting. Similar to the work in [18], it is assumed that
the energy consumed by each server for the same application is identical. The number
of application n’s tasks executed by its switched-on server per minute is denoted by
Iiln. Besides, ](\)7 rn denotes the number of such servers in 7. The service rate of servers

for application 7 in 7 is denoted by p'. Then,

1"=N, N, (6.10)

)

N o
The total number of application n’s servers is denoted by N,. N i, denotes

the number of switched-on servers for application n in 7+b and it cannot exceed Nn,

o

N, ipn<N,,0<b<T (6.11)

The total energy consumption of the hybrid CDC is the sum of the energy
consumed by servers and facilities. The power usage effectiveness (PUE) is a critical
metric to measure energy efficiency of a data center and it is the ratio of the total
energy consumption of the CDC to the total energy consumed by servers. PUE of the
CDC, denoted by a, is 1.2-2.0 [24]. Let &, and @, denote the idle and peak power
of each server for application n, respectively. Besides, its average CPU utilization in
7 is denoted by u”. Thus, based on the work in [24], the total power consumed by

the CDC in 7 is obtained as:

NA
P=>Y" (Nm(én+(7—1)ci>n+<<i>n—ci>n)u¢)> (6.12)

where 07 denotes the task loss possibility. The number of tasks that an application

n’s switched-on server executes in 7 is calculated as:

+
L(1=62)Arn (6.13)



. . . . . 1=62 ) Arn
The busy time of each switched-on server for application n is #
NnNT,n

minutes. u” is obtained as:
+
(1=6") Arn
i ) (6.14)
NnNTn
Let E. denote the total energy consumption of the CDC in 7. Based on

equations (6.10), (6.12), and (6.14), it is obtained as:

M AS i p AN (1 — 67
E Z nlu“r . Tn( - T)L (615)
N,
where
AP 2P +(a—1)D, (6.16)
A2 D, -, (6.17)

The available amount of energy in the CDC is denoted by E. Thus, the total

energy consumed in 7 or 7+b (1<b<T) satisfies:

)9 (A“T*A‘é*ﬂ“”ﬁL) <E (6.18)
’I’L:1 n
N2 aspn 43X,y n(1=6m,) R
3 [ AntrntAn (02000 p ) B 1 <p (6.19)
n=1 Nn

Let ET and E. denote the solar and wind energy consumed by tasks of all
applications in the CDC in time slot 7, respectively. Besides, ET and ET are obtained
with equations (3.5) and (3.6) in the green energy model introduced in Section 6.2.
Then, the way to calculate the total revenue and the total cost of the hybrid CDC is
introduced, and the total profit of the hybrid CDC is given. Then, based on above
constraints, the task scheduling problem is formulated as a constrained MINLP and

solved by GSPSO.

136



Typically, an SLA is signed between the hybrid CDC and cloud users, and it
guarantees the performance for tasks of each application. The revenues corresponding
to the execution of application n’s tasks in 7 and 7+0b are denoted by f; " o and i b
respectively. The number of application n’s tasks executed in the hybrid CDC in
T is (Xm( — 0" L+ ZU 1 ;’”NT o). Let V? denote the payment of each task of

application n executed in 7. Then,

NV
+
= | An(1—07) L—{—sznNTvn \vii (6.20)
v=1

The number of tasks of application n scheduled to execute in the hybrid CDC in

+
T+bis (Arqpn(1 =07 ,) L+ Zv 1 ;’beHb,v,n). Let V?_, denote the payment of each
task of application n scheduled to execute in time slot 74b. Then, f;’erb is obtained

as follows.
+

n NV v,n # n
fl b /\T+b,n(1 - 5r+b>L+ Z ZTinNT"Fb,’UJl V7+b (621)
v=1
Let f; denote the total revenue of the hybrid CDC brought by tasks of all
applications executed from time slots 7 to 7+B,,. In this way, f; is obtained and

calculated as follows.

NA

A=) | Vit Z A\ (6.22)

n=1

Besides, prices of power grid in 7 and 7+b are denoted by p, and p,i,
respectively. Let fs denote the total cost of the hybrid CDC. f; includes two
parts that are the grid energy cost of the CDC and the execution cost of VMs
in public clouds. Thus, the amount of grid energy of the hybrid CDC in 7 is
max(ET—éT—ET,O). In addition, the amount of grid energy of the hybrid CDC
in 7-+b is maX(ETer—EO]Ter—ETer, 0). The grid energy cost of the CDC brought by

tasks of all applications in 7 is pT(max(ET—ET—ET, 0)).
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Similarly, the grid energy cost of the CDC brought by tasks of all applications
in 74+b (1<6<Y) is p7+b(max(ET+b—£of7T+b—ET+b,())). Besides, if application n’s
tasks are executed in public cloud v in 7+b, 27, =1; otherwise, z},=0. The
number of application n’s tasks executed in public cloud v in 7 + b is denoted by
]#\Ef r+bvn- Lhe prices of VMs for application n in public cloud v in 7 and 7 + b

are denoted by v2" and v!

7y, respectively. The average execution time of tasks

of application n executed in public cloud v in 7 and 7 4 b is denoted by 32"
and 277, respectively. Hence the execution cost of VMs in public clouds in 7 is

ZN el (zunponJen N ron). Similarly, the execution cost of VMs in public clouds

e NC / von  vn=mun #
in 740 is Zn 1 b"l(Z (Ve N rtbon)). Then,
NA NV
fo= | pr(max(B.— B~ B, 0))+ 3 S (eminzon v, )

n=1 v=1

T

+ Z (pTer(max(EHb—EHb—Eﬂrb, 0))) (623)
b=1

N By,

+ Z Z Z :-:Lb :ﬁb::—tbﬁrl—b,v,n)

n=1 b=1 v=1

Let F} denote the profit of the hybrid CDC. Fj is the difference between the
total revenue of the hybrid CDC, f;, and the total cost of the hybrid CDC, f; brought

by tasks of all applications executed in time slots 7 to 7+b (1<b<7T). Then,

Fi=fi—f (6.24)

Then, the profit maximization problem of the hybrid CDC is obtained as:

Max {F;}

subject to

o

N pn <N, 0<b<T (6.25)

138



+
Z An/“LT+A .)\T,n(l — 57’)L SE
n=1 Nn

A5 A n ~
> it MM — )y <E 1<b<T
n=1 Nn

NV
+ g +
NT—Bn—Ln_I_)\Z—B,nLSNT—17n+)\T7’I’L( 6n L+ Z b nNTv N

7—Bp+b NV

IJ\FIT Bn—1, nt Z /\nL<NT 1n+/\’rn( 571 L+Z UnNTv n+
{=17—Bp v=1
b [ NV 4
+ 3 M1 = 0L+ 2" N
l=7+1 v=1

+ T o + NY #
NT*anl,’n—i_ Z )\?L:N‘rfl,n—i_)\ﬂn(l - 577—1)[1—’_ Z Z:’nNT,U,’n

{=7—Bpn v=1
T+By n NV #
+ Z )\gm(l — 5?)L+ Z ZZ’nNgﬂ,’n
I=7+1 v=1
NV NV
D a1y e <1,1<b<B,
v=1 v=1
2" 2 e{0,1}, 1<b< B,

/12207 M:—l+b207 Nr,u,nZQ NT+b,v,nZO7 1§b§Bn

#
174 3=0, N1 yp0n=0, 27, =0, B, <b<T

method to solve the formulated problem is presented in Section 6.3.

6.3 Temporal Task Scheduling
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The ranges of decision variables are given in constraints (6.33) and (6.34). The

This section introduces the details of TTS. At the start of each time slot, TTS
investigates the temporal variations in prices of power grid, revenue, and green energy

in the CDC, and prices of VMs in public clouds within tasks’ delay bound constraints.



Algorithm 4 TTS (Temporal Task Scheduling)

-+ O
Set \(Y—B,<7<T-1),N,;_p,_1, and N,_1,, to 0

+
Set A, and A" (T<7<N*) to A"
T4 1
while 7<N* do

+
Update A;, based on equation (6.4).
Solve the unconstrained problem with GSPSO

+ #
Execute (A;,(1 — d07)L) tasks in the CDC, and schedule zY"N., , tasks to
public cloud v

+
8 Update A, and A" (71— B, <(<r)
+ + + N #
9: NTvn A NT—l,N+(/\T7n(1 - 5?)‘[’—'— Z ZUmNT,v,R)

v=1 1
<& o
10: NT—Bn,n — NT—Bn—Ln—i_)‘Z—BnL
11: T+ T17+4+1
12: end while

—_

Then, it is executed to determine the optimal task schedule that maximizes the profit
of the hybrid CDC such that tasks’ delay bound constraints are strictly met. In
the formulated problem, the objective function is nonlinear with respect to decision
variables. Decision variables 2™ and 2.7}, are integer variables while u?, u,
ﬁ‘r,v,n and ]#\#fﬁb,v,n (1<, 1<n<NA, 1<v<NY) are continuous. Hence, the the

formulated problem is a constrained MINLP. Similar to Section 3.3, this section adopts

a penalty function method to convert the formulated problem into an unconstrained

v,n

T+b?

v,n
T )

one. The vector of all decision variables is denoted by = and it consists of 22", z

# #
M:—L; ,uZer, NT,v,n and NT-{—b,v,n' ThU-S7

Min {E:/O\'?U—Fl} (6.35)

/Z*:’; denotes the augmented objective function, .})\7‘ is a large positive constant and
U is the penalty of all constraints. U is obtained with equation (3.21) in Chapter 3.

The pseudo codes of TTS are shown and explained in Algorithm 4. Line 1
initializes A" (Y—B,<7<T-1), IJ\FIT_BH_L” and IilT_l,n to 0. Line 2 initializes /\L” and

+ +
A (T<T<N*) with \?. Let N* denote the total number of time slots. ., is
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updated based on equation (6.4) in Line 5. Line 6 solves the unconstrained problem
# +
with GSPSO to determine i, 22" and N, ,. Line 7 executes (A, ,,(1—067)L) tasks in

T

the CDC, and schedules z;””]%f rvn tasks to public cloud v. Then, Lines 9-10 update
IJ\rle and KIT_an.

It is worth noting that the unconstrained problem is an MINLP. Currently, there
are many existing algorithms including a conjugate gradient method and sequential
quadratic programming to solve it. However, they often depend on derivatives of
objective function F. Therefore, they are only useful when optimization problems
own special mathematical characteristics. Besides, their optimization process is
complicated and solutions are usually low-quality. Meta-heuristic algorithms own
advantages including easy implementation and robustness, and they can avoid
drawbacks of above algorithms. Nevertheless, each meta-heuristic algorithm has its
advantages and disadvantages [60]. Thus, this chapter applies a hybrid algorithm
called GSPSO, which is described in Chapter 5.

In PSO, the position and velocity of each particle are updated according to
learning experiences of its own and the swarm. The size of the swarm is denoted by
IX|. The velocity of particle ¢ (i=1,2,...,|X]|) is denoted by #i. The dimension of
each particle’s position is denoted by NP. p and p”,,(1<b<T) are stored in the first
(T+1)«N4 clements of each vector. z%" and 2.7/, (1<b<T) are stored in the next
(T+1)* NN elements of each vector. ]#\Efmm and ﬁ7+b7v,n(1§b§T) are stored in
the following (T+1)*N %A elements of each vector. The value of F} is stored in the
last element of each vector. Therefore, NP=(T+1)«N4x(2+xN“+1)+1. At last, the
globally optimal position of the swarm is transformed into decision variables including
s 20 20 KITW, and Kmb,v,n (1<b<TY, 1<n<NA, 1<v<NY).

The complexity of Algorithm 4 is analyzed as follows. According to Chapter 5,
the time complexity of GSPSO is O(g|X|N”). g denotes the total number of iterations

in GSPSO. Similarly, in Algorithm 4, most of the running time is caused by the while
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loop where N*—Y+1 iterations are executed. In Algorithm 4, the time complexity
of each iteration in the while loop is mainly determined by GSPSO in Line 6. In
addition, N* is usually much larger than Y. Consequently, the time complexity of

Algorithm 4 is O(N*g|X|NP).

6.4 Performance Evaluation
This section evaluates T'TS with real-life data, e.g., VM prices, prices of power grid,

arriving tasks and green energy data.

6.4.1 Parameter Setting

Similar to the work in [21]|, delay bound constraints are set to 3, 4 and 5 time
slots, i.e., B1=3, By=4 and Bs=5. Besides, the real-life prices of power grid in
24 hours in New York, U.S. are chosen. According to the work in [24], the parameters
in the power consumption model are set as: ®;=200 (W), ®,=100 (W), $3=50
(W), ,=400 (W), $3=200 (W), d3=100 (W), E=5 (MWH), N;=0.05 tasks /minute,
I<|2:O.1 tasks/minute, I<I3:0.2 tasks/minute and a=1.2. Based on the work in [31],
Ni=3x106, No=1.5x10%, N3=3x105, Q;=12, Q=25 and Q;=50.

Similar to the work in [21], it is assumed that a single task finishes its execution
in the hybrid CDC in each time slot. Thus, tasks’ execution time for each application
is randomly produced based on the uniform distribution in the range of (0,L). Based
on the work in [99], the prices ($/hour) of tasks executed in the hybrid CDC are
randomly produced based on the uniform distribution in the ranges of [0.24,0.48],
[0.16,0.32] and [0.08,0.16], respectively. In this way, V” is obtained.

It is worth noting that many algorithms are sensitive to the parameter setting.
Thus, based on the setting of parameters in existing studies [25, 76, 207|, the
parameters are set as follows. 1; denotes the solar-irradiance-to-electricity conversion
rate of CDC. 1, denotes the active irradiance area of solar panels in CDC. ¢; denotes

the conversion rate of wind to electricity in CDC. ¢ denotes the on-site air density
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Table 6.1 Ranges of VM Prices ($/hour)

Public clouds Small Large Xlarge
1 [0.07,0.08] [0.06,0.07] [0.18,0.20]
2 [0.14,0.16] [0.12,0.14] [0.10,0.12]

3 [0.22,0.24] [0.20,0.22] ]0.05,0.06]

in CDC. ¢3 denotes the rotor area of wind turbines in CDC. According to the work in
[76], 11=0.2, ¥9=1.5%10° (m?), ¢;=0.3, ¢»=1.225 (kg/m?) and ¢3=2.5%10° (m?).
The power ratings of wind and solar energy are set to 9x10%® (W) and 1.65%108
(W), respectively. Based on the work in [25], GSPSO’s parameters in Algorithm
3 in Chapter 5 are set as: 0F'=0.95, 02 =0.4, wy,=0.01%, 0 =95%, |X|=100, §=200,
or :éf =0.5. The acceleration coeflicient reflecting the influence of a super particle is
1.5. Besides, 63=0.975, 89=10%0, N'=10% and J,=3,=2.

According to the pricing model in Amazon EC2!, three types of VM instances
including Small, Large and Xlarge in commercial public clouds are adopted. Similar to
the work in [207], two most typical types of resources including CPU and memory are
chosen to configure and describe VMs as they are the most important configurations
in selecting a VM instance in public clouds. Specifically, the number of CPUs and
memory of a Small VM instance are 1 and 1.7 GB, respectively. Those of a Large
VM instance are 4 and 7.5 GB, respectively. Those of a Xlarge VM instance are 8
and 15 GB, respectively. In addition, it is assumed that applications 1-3 are executed
in Small, Large and Xlarge VMs, respectively. Each cloud has three types of Small,
Large and Xlarge instances. According to the work in [25], Table 6.1 presents the

price ranges of three VM instances in public clouds.

6.4.2 Experimental Results
Figure 6.2 shows the hybrid CDC’s profit and penalty of the final solution of TTS. It
is observed that the penalty in almost all time slots is nearly zero. It demonstrates

that T'TS can converge to the close-to-optimal solution that meets all constraints in

Thttps://aws.amazon.com/cn/ec2/ (accessed on March 9, 2019).

143



the formulated problem. As is shown in (6.35), Figure 6.2 also demonstrates that

TTS can maximize the profit of the hybrid CDC.

Profit and penalty

10000 w
5000
A

Time slot number
Figure 6.2 Profit and penalty in each time slot.

To demonstrate its performance, GSPSO is compared with PSO and SA. The

reasons of choosing them for comparison are described here. It is demonstrated that

SA is able to finally find global optima in theory by carefully setting the temperature

cooling rate due

to the fact that it is able to conditionally escape from local optima.

Consequently, the comparison between them demonstrates the accuracy of GSPSO’s

final solution. In addition, it is shown that the convergence speed of PSO is quick

[60]. The comp

arison among PSO, SA and GSPSO demonstrates the convergence

speed of GSPSO.
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Figure 6.3 Comparison of execution time.

The execution time comparison of GSPSO, PSO and SA is shown in Figure 6.3.

The average execution time of SA is 19.13 (seconds) and it is larger than that of PSO,

0.70 (seconds), and that of GSPSO, 5.91 (seconds). PSO’s execution time is the least
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because of its quick trap into locally optimal solutions. The profit comparison of
GSPSO, PSO and SA in each iteration of time slot 50 is presented in Figure 6.4. The
meaning of iterations in SA and PSO is similar to that of GSPSO. The evolutionary

curve of penalty calculated according to equation (3.21) is shown in Figure 6.5.
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Iteration number

Figure 6.4 Profit of each iteration in time slot 50.

It is shown that PSO converges and loses its search ability after the least number
of iterations. However, it is shown in Figure 6.5 that the penalty of the final solution
of PSO is large (about 4x10*). This shows that PSO’s final solution cannot meet all
constraints in the formulated problem. Thus, the final solution of PSO is the worst.
Besides, SA converges to its final solution after about 165 iterations. The profit of
its final solution is 11.11 times more than that of PSO but less than that of GSPSO.
GSPSO converges to its final solution after 41 iterations and its profit is $5941.06.
GSPSO’s profit is increased by $414.42 in much fewer iterations and much less time
than SA.

In addition, it is shown in Figure 6.5 that the penalty of the final solution of
GSPSO is nearly 0. This result demonstrates that GSPSO converges to a high-quality
solution satisfying all constraints in the formulated problem. Consequently, Figures
6.3-6.5 show that the incorporation of superior particles produced by SA’s Metropolis
acceptance rule and GA’s genetic operations in PSO increases the quality of GSPSO’s

final solution and leads to larger profit for the hybrid CDC.
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Figure 6.5 Penalty of each iteration in time slot 50.

—+Grid
4-Solar

Energy (MWH)

0 50 100 150 200 250
Time slot number

Figure 6.6 Consumption of grid and green energy.

Figure 6.6 illustrates the amount of grid and green energy consumed by the
CDC. Here, E=5x107 (MWH) and Figure 6.6 illustrates that the sum of grid and
green energy is less than E in each time slot. It is pointed out that T'TS prefers to
first adopt wind and solar energy, and then the grid energy purchased from the power
grid. This means that the grid energy is consumed only if the sum of solar and wind
energy is not sufficient to execute all arriving tasks of each application. It is worth
noting that TTS prefers to first adopt wind energy rather than the solar energy when
they are both available. The reason is that the power rating of wind energy is more
than five times larger than solar energy.

Figure 6.7 illustrates the cumulative arriving and remaining tasks of each
application in private CDC and public clouds. For example, Figure 6.7(b) presents
them for application 2 where Xﬂg:)\z + A2 A2 A2 A2 Here, the curve for

+
time slot 7 shows the variation of \; 2, and those for time slots 7—1, 7—2, 7—3 and
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Figure 6.7 Accumulated and remaining tasks.

7—4 show the variations of /\1’31, )\EQ, )\i’zg,, and /\1’34, respectively. It is observed

that )\1’34 is least among )\El, )\1’32, )\1’33, and )\1’34. The reason is that TTS puts
all arriving tasks of each application into its seperate FCFS queues, and prefers to
schedule earlier-arrived tasks. TTS aims to guarantee that by time slot 7, all tasks

of application 2 in time slot 7—4 or before must have been scheduled to the CDC

and public clouds before time slot 7 passes. Tasks that arrive in time slots 7—3, 7—2
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Figure 6.8 CATs and CSTs.

and 7—1 can only be executed when )\1’3420. Similarly, tasks that arrive in time
slots 7—2 and 7—1 can only be executed when A?,=0 and Al*,=0. Tasks arriving
in time slot 7—1 are executed when all tasks arriving before have been executed, i.e.,
A2, =0, A2,=0 and A?,=0. Then, it is shown that A'?, is larger than A2, Al?,
and )\1’32 in each time slot.

The cumulative scheduled tasks (CSTs) and cumulative arriving tasks (CATs)

for each application are shown in Figure 6.8. It is shown that tasks of all applications
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Figure 6.9 CSTs in the CDC and public clouds.

are scheduled to the CDC and public clouds within their delay bound constraints.
For example, the number of CATs of application 1 in time slot 143 equals that of

CSTs in time slot 140. This means that tasks of application 1 arriving in time slot

140 or before are all scheduled to
passes. Therefore, it demonstrates

of tasks of all applications.

the CDC and public clouds before time slot 143

that TTS strictly meets delay bound constraints
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Figure 6.9 shows CSTs in the private CDC and public clouds for each application
in each time slot. It is shown that the number of tasks executed in the CDC is much
larger than that of any public cloud. The reason is that the CDC aims to schedule
all in the cost-effective way. T'TS tries to execute tasks in the CDC, and therefore,
it maximizes the profit of hybrid CDC. In addition, the number of tasks executed
in different public clouds shows the differences of prices of VMs. For example, it is
shown in Figure 6.9(a) that the number of application 1 tasks executed in public cloud
1 is much larger than those of public clouds 2 and 3 in each time slot. The reason is
that the price of VMs in public cloud 1 is smaller than those of public clouds 2 and 3.
Consequently, the number of tasks of each type executed in three public clouds is the
reflection of the variations in prices of their VMs. It demonstrates that the profit of
the hybrid CDC is maximized by smartly scheduling tasks of all applications among
the private CDC and public clouds.

TTS is further compared with several typical algorithms [31, 76, 99| to
demonstrate its effectiveness with respect to the profit of the hybrid CDC. The
following algorithms are adopted to evaluate TTS.

1) Al. It is based on the cheap-electricity-first scheduling [76] and schedules all
arriving tasks in the selected time slot when the power grid price is minimum
within their corresponding delay bound constraints.

2) A2. It ignores the temporal variations in revenue, prices of public clouds, prices
of power grid, solar irradiance and wind speed [99]|. Therefore, all arriving tasks
of each application are immediately and directly executed among the CDC and
public clouds in the time slot when they arrive.

3) A3. It is based on a renewable energy-first scheduling algorithm [31] and
schedules all arriving tasks in the selected time slot in which the total amount
of solar and wind energy is maximum within their delay bound constraints.

A1-A3 schedule arriving tasks in a best-effort manner, since they depend on
the number of arriving tasks, the total number of servers and the amount of energy
in the CDC. Besides, in TTS, the final solution in time slot 7 is obtained by solving

P5 given the predicted information over L.
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Furthermore, the performance of TTS versus A1-A3 is evaluated with respect
to the cumulative total profit. In addition, the reason why the proposed algorithm
outperforms A1-A3 is further explained as follows. Note that the total number of
servers and the maximum amount of available energy in the CDC in any time slot
are fixed and limited. Therefore, some arriving tasks of applications might be refused
by the CDC, and they have to be scheduled to public clouds. Note that the hybrid
CDC has to pay the execution cost of VMs to public clouds due to tasks scheduled
to them, and the execution cost of the CDC is larger than those of public clouds in
each time slot according to the SLA specified between the hybrid CDC and users
[25, 99]. This means A1-A3 have to schedule more tasks to public clouds, and they
bring more execution cost to the hybrid CDC and reduce its profit. Consequently, to
maximize the profit of the hybrid CDC, TTS inclines to schedule more arriving tasks
to the CDC.

10000

©TTS *Al-=-A2-~-A3

Cumulative profit ($)

Time slot number
Figure 6.10 Cumulative total profits of TTS, A1-A3.

The cumulative total profits of TTS, and A1-A3 are presented in Figure 6.10.
The cumulative total profit in 7 is obtained by calculating the sum of the profit of the
hybrid CDC brought by the tasks executed in time slots 7 to 7+7T. Figure 6.10 shows
that compared with A1-A3, TTS’s cumulative total profit is much higher. This is
because TTS smartly executes tasks among CDC and public clouds by investigating
the temporal variations in prices of power grid, revenue, solar, and wind energy in

the CDC, and prices of public clouds within delay bound constraints of tasks.
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6.5 Summary
An increasing number of companies deploy their delay-constrained applications in
cloud data centers (CDCs). The unprecedented growth of tasks significantly increases
the energy consumption and therefore, a hybrid cloud scheme is growingly chosen to
tackle aperiodicity and uncertainty in tasks. The temporal variations in prices of
power grid, revenue, solar irradiance, wind speed and prices of public clouds bring a
big challenge to cost-effectively execute all tasks among the CDC and public clouds
while strictly satisfying all tasks’ delay bound constraints. This chapter presents a
Temporal Task Scheduling (TTS) algorithm that investigates the temporal variations.
It can smartly schedule all tasks to the CDC and public clouds within delay bound
constraints. Besides, the mathematical relation between task refusal and service rates
is explicitly presented. Then, the profit maximization problem is solved with a novel
hybrid optimization algorithm. Extensive simulation experiments demonstrate that

TTS outperforms several existing scheduling algorithms in terms of profit.
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CHAPTER 7

PROFIT AND QOS-OPTIMIZED TASK SCHEDULING FOR
DISTRIBUTED GREEN DATA CENTERS

This chapter presents the details of the proposed Profit and Quality of service
(QoS)-optimized Task Scheduling (PQTS) algorithm, and it is organized as follows.
Section 7.1 formulates a profit maximization and average task loss possibility
minimization problem for a cloud data center (CDC) provider as a bi-objective opti-
mization problem. The proposed Simulated-annealing-based Bi-objective Differential
Evolution (SBDE) algorithm is described in Section 7.2. According to SBDE, a PQTS
method is proposed to trade off the profit of the CDC provider against the average
task loss possibility of all applications. Then, PQTS is evaluated by using realistic
data, and its experimental results and analysis are shown in Section 7.3. Section 7.4

concludes this chapter.

7.1 Problem Formulation
This section formulates a bi-objective optimization problem for a CDC provider.
Figure 7.1 illustrates a system architecture of CDCs. Users send their tasks through
different types of electronic devices. Then, these tasks are classified by Classifier
according to their types [6, 109, 227|. Tasks of the same application are enqueued
into their separate First-In-First-Out (FIFO) queues. To guarantee the application
availability and QoS [228] of tasks, an application is deployed in multiple CDCs
located in different locations. Then, these tasks are delivered to CDCs through K
[SPs. Each CDC manages a cluster of high-performance servers. It is assumed that
it obtains energy from three types of sources including solar panels, wind turbines
and non-renewable power grid. By exploiting the architecture of CDCs, this chapter

focuses on Task Scheduler that executes the proposed PQTS and specifies the Pareto
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optimal task service rates and task split among ISPs for CDCs in each time slot to

jointly optimize profit and QoS.
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Figure 7.1 Architecture of CDCs.

7.1.1 Delay Constraint

Let N¢ denote the number of CDCs. Let N4 denote the number of applications.

Similar to the work in [110], this chapter adopts an M /M /1/Q¢ /oo queueing system

to model the performance of servers of application n (1<n<N4) in CDC ¢ (1<c<N©).

Let Q% denote the capacity of a task queue corresponding to application n in CDC c.

Let 7, denote a specified response time constraint of tasks of application n. Let AS"

denote the arriving rate of tasks of application n in CDC c in time slot 7. Let u&"
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denote the service rate of servers corresponding to application n in CDC ¢ in time
slot 7. Let T©™ denote the average response time of tasks of application n in CDC
¢ at time slot 7. According to the work in [110], 7™ is obtained with (7.1) and it

needs to be less than or equal to Tn, i.€.,

All
Ten= <1, (7.1)
Iu7c_,n (1 o AT ,c,n)

where

The service rate of tasks of application n means the rate at which tasks are
scheduled to CDCs and removed from their corresponding FCFS queue. Then, the

task loss possibility of application n in CDC c¢ in time slot 7 is:

T

AN AN ur"
5c7n: — WS (72)

1 ne"=0.

A ~
17;,(2“,71 )\c,n be en
T — ‘I'Y /’l’ ) >07

To ensure the task queue stability of application n in CDC ¢, A" must be less
than ™ in time slot 7. Let A¥*™ denote the arriving rate of tasks of application n

in CDC c¢ delivered through ISP £ in time slot 7. Then,
NK
O 73
k=1

Let A denote the task arriving rate of application n in time slot 7. In each time

slot, the sum of arriving rates of tasks of application n delivered through all ISPs to
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all CDCs must equal A7, i.e.,

NC NC NE
AR=D A=y 0y ke (7.4)
c=1 c=1 k=1

7.1.2 Energy Consumption Model

The energy consumption model used in CDCs is introduced here. Similar to the work
in [110], it is assumed that the servers corresponding to the same application are
homogeneous, and they consume the same energy. Let l:lc,n denote the number of
application n’s tasks executed by each corresponding switched-on server per minute
in CDC c. Let ](<7 ren denote the number of switched-on servers for application n in
CDC c in time slot 7. Thus, ]‘\)/ rem=HS"/ Iilc,n. Let Nc,n denote the maximum number

o
of servers corresponding to application n in CDC c¢. Then, N, ., must not exceed

A~

Nep, t.e.,
o

Nren<Nen (7.5)

Then, the total energy consumed by CDCs is the sum of energy consumption
of all servers and the facilities including cooling and lighting in them. Let qS; and ®¢
denote the peak and idle power of each server of application n in CDC ¢, respectively.
The power usage effectiveness value of CDC c¢ is denoted by a,, and it is the ratio
of the energy consumption of a CDC to that of its all servers. The power usage
effectiveness is a significant metric to indicate the energy efficiency of a CDC, and its
value is usually 1.2-2.0 for existing data centers [229].

Let L denote the length of each time slot. The number of tasks executed by

each switched-on server corresponding to application n in time slot 7 is calculated as:

(1-d2") A" L

NT,C,’I’L

(7.6)

The busy period of each switched-on server of application n in CDC c¢ in time
. (1=sem)aen T
slot 7 is % minutes. Let u®™ denote the average CPU utilization of servers
Nc,nN'r,c,n
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corresponding to application n in CDC ¢ in time slot 7. Then,

1_5c,n A\Gn
u”:¢ (7.7)

T . o
Nc,nN'r c,n

[e)

Thus, following the work in [23], the total power of CDC ¢ in time slot 7 is

obtained as:
NA

Pe=> (o (P54 (0= 1) &5+ (D5~ B Jus™)) (7:8)

n=1

Let E¢ denote the total energy consumed by tasks of all applications in CDC ¢
in time slot 7. According to equations (7.7) and (7.8),

NA 5 cn 4 c,n c,n
A THAL NG (1 — 0%
E::Z c,nluT c.,n T ( T )L (79)

n=1 Nc,n

where

Let E. denote the available amount of the total energy in CDC c. Thus, Ef

must not exceed E., i.e.,

NA 5 cn 4 c,n c,n
c Ac nts +Ac n)\7'7 (1 - 57’7 ) a
e = N L| <E, (7.10)
n=1 en

The solar and wind energy models are introduced. Let z?m denote the amount
of solar energy generated in CDC ¢ in time slot 7. Let Eﬂc denote the amount of wind
energy generated in CDC ¢ in time slot 7. Similar to Chapter 3, ETM,C and E’Hb,c
are calculated with equations (3.5) and (3.6) in the green energy model introduced

in Section 3.2 in Chapter 3, respectively.

7.1.3 Constrained Optimization Problem
Let By, denote the bandwidth limit of ISP k. Let (, denote the average size of each

task of application n. Then, the total bandwidth required by tasks of all applications
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transmitted through ISP £ in time slot 7 satisfies:
NC NA

>3 (A’j’c’”g“n) <B, (7.11)

c=1 n=1

In real scenarios, users negotiate with current existing CDC providers and
establish a service-level agreement (SLA) [20]. SLA specifies the revenue brought by
tasks if their performance requirements are strictly fulfilled. In addition, the penalty
cost paid by CDC providers is also specified in SLA if its performance requirement
of each task is unmet.

Let V? denote the revenue brought by the execution of each task of application
n in time slot 7. Let € denote the penalty cost brought by each rejected task of
application n in time slot 7. The total revenue brought by tasks of application n in

all CDCs in time slot 7 is obtained as:
NC
Pr= (1= 62 ALV — Gm A er) L (7.12)

c=1

Then, the total revenue brought by tasks of all applications in all CDCs in time

slot 7 is obtained as:

NA
A=) f" (7.13)

The total cost of the CDC provider in time slot 7, denoted as f5, consists of
energy cost and ISP bandwidth cost of all tasks. Let fy; denote the ISP bandwidth
cost caused by the transmission of tasks among users and CDCs in time slot 7. Let

f22 denote the energy cost due to all tasks in all CDCs in time slot 7.

fa=f21+ f22 (7.14)

Let b denote the unit bandwidth price of ISP k in time slot 7. Then,

NE NC NA
M LA DI L™ (7.15)
k=1 c=1 n=1
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It is assumed that the solar and wind energy are cost-free once they are

purchased and installed in CDCs. The amount of power grid energy consumed by all

o

tasks is max (Eﬁ —E,.— Em, 0). Let p¢ denote the price of power grid of CDC ¢

in time slot 7. Thus, fs5 is calculated as:

NC
f22: Z pf— <max (ch- - ET,C - ET,C7 O)) (716)

c=1

Let F denote the profit of CDC providers brought by the execution of all tasks.

F} is calculated as:

F1:f1 - fg (717)

The first objective is to maximize Fi, i.e.,

Max {F} (7.18)

)\k,c,n c,n
T T

The average task loss possibility in time slot 7 is:

NC A
> 2. (077)

Af”:% (7.19)

The second objective is to minimize A3 i.e.,

Min {A} (7.20)

k,e,n  cm
A7 ST

Then, this chapter formulates a bi-objective optimization problem as:
Max {Fl}
)\I‘rc_,c,n’ ‘cr,n

Min {A¥)

)\k,c,n c,n
T T

subject to constraints (7.1), (7.3)—(7.5), (7.10), (7.11) and

ABEm >0, 5" >0 (7.21)
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Constraint (7.21) specifies ranges of decision variables, i.e., A" and pém.
There are many prediction algorithms, e.g., radial basis function neural networks

and support vector regression [230]-232], to well predict time-related parameters,

n
T

e.g., ps, b’ﬁ, A2, 3. and ¢r4.. Therefore, similar to the work in [23], it is assumed

that they are already known at the start of each time slot 7.

7.2 Simulated-annealing-based Bi-objective Differential Evolution
It is worth noting that F; and A!?® are nonlinear in terms of A\**" and puom.
Consequently, the problem is a constrained nonlinear bi-objective optimization
problem [233]-[235] . Constraints (7.1), (7.3)—(7.5), (7.10) and (7.11) are nonlinear
and complex. Therefore, to well handle them, this section adopts a penalty function
method to transform the problem into its corresponding unconstrained optimization

one given as follows.

Min {”FI:N U—Fl}
)\T,c,n’ f’:_,n

Min {Z?:ﬁ 6+A13} (7.22)

)\k,c,n c,n
T s

where /]5; and K}é denote new objective functions, ./O\?' denotes a large positive integer
and U denotes the total penalty corresponding to all constraints. Let x denote a
vector including A\*¢" and pé". U is calculated with equation (3.21) in Chapter
3. In this way, the unconstrained optimization problem is obtained and calculated.
Currently, there are many traditional multi-objective optimization algorithms, e.g.,
a weighted sum method, an e-constraint method and a weighted metric method, to
solve it. Each method has its own advantages and disadvantages. For example, it
is difficult for the weighted sum method to specify its weight vectors to produce a
Pareto-optimal solution in a selected objective space. Nevertheless, it cannot locate
certain Pareto-optimal solutions in a non-convex objective space. An e-constraint

method is applicable to convex and non-convex optimization problems, but its e
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vector should be carefully set because it has to be in the valid range of each objective
function. In addition, all these traditional approaches only produce one candidate
solution. It is more desired to produce a set of candidate solutions. Then, the CDC
providers can select their favorite solution from the set.

Thus, different multi-objective optimization algorithms are adopted to realize
it. Though there are many similar algorithms that can be applied, the multi-objective
differential evolutionary (MODE) algorithm has a simple, robust and efficient
structure, and can tackle complex constraints and nonlinear objective functions.
There are only a few parameters that need to be adjusted to obtain final solutions
[236]. In addition, MODE has been validated by many real-life applications, e.g.,
power flow optimization and facial expression recognition.

Consequently, this chapter adopts a Simulated-annealing-based Bi-objective
Differential Evolution (SBDE) algorithm to solve the unconstrained optimization
problem. It is a population-based algorithm for obtaining a limited set of Pareto
optimal solutions. The Pareto dominance in iterations is enhanced and therefore,
quality of solutions is improved. In SBDE, evolutionary operations, e.g., adaptive
mutation, simulated annealing (SA)-based crossover and SA-based selection, are
performed to improve its convergence speed and accuracy. The adaptive elitist archive
update mechanism is used to maintain the diversity of solutions, and an approximate
well-located Pareto front is thus achieved.

Typically, the Pareto optimal set and Pareto front include numerous points.
Numerically and practically, the Pareto front is approximated with a limited number
of points, from which a final representative solution named a knee is selected
among them. The knee is the most acceptable because it means a strategy
where two objectives are traded off but the best overall performance is achieved
[237].  The minimum Manhattan distance [238] is adopted to specify the knee

from an approximate Pareto optimal set. It has several pros including matrix
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computation-enabled efficient implementation, simple selection of the knee and
geometrical representation Consequently, SBDE is widely adopted to solve different
kinds of multi-objective constrained optimization problems. Then, according to the
knee, the final task scheduling strategy is determined to specify the optimal task

service rates and task split among ISPs for each CDC in each time slot.

7.2.1 Population Initialization

The population is randomly initialized according to a uniform distribution within
the feasible search space of decision variables. Let N” denote the number of
decision variables. Let )Ociyd denote the value of decision variable d of individual ¢
(1€{1,2,...,|X]|}) in the first generation, and |X| denotes the size of the population.

The population is initialized as:

Xia = 08 + wir (0101 (7.23)
where ég and ég denote upper and lower bounds of decision variable d, respectively,

and w3 is a random number uniformly distributed in (0,1).

7.2.2 Adaptive Mutation

Let g denote the total number of generations. In the traditional MODE, in each
generation g (g€{1,2,...,g}), one widely used mutation operation in practice is
known as DE /best /1 due to its fast convergence. It produces a new mutant individual
x! for x¢ by perturbing the best individual >.cg (;#wlﬁéwlgﬁéi) searched in current
generation g, with the difference of two other randomly chosen individuals in the
population, x§ —and x¥ _.
0P denotes a scaling factor that controls the perturbation and improves the

convergence. In this chapter, the best individual is denoted by ¢, and its solution is

denoted by >.<g. It is described as:

x] = ;(g +07 (x4, —x4,.,) 7;7&111147&111157&7; (7.24)

w14 w15
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It is worth noting that 0 in equation (7.24) is a constant. It fails to dynamically
adjust to the evolution of population because it controls the search process with a
constant convergence rate. Thus, this section designs P as a decreasing function

shown as:

or = exp %3 (7.25)

where 02 is a positive constant. Other design of #F can be found in [227]. 0P decreases
as g increases.

Then, as is shown in equation (7.24), the evolution of population can explore
the solution space widely at the start, and quickly at the end. Nevertheless,
if the population traps into local optima, it cannot escape from them. As is
shown in equation (7.24), the best individual, >.<g, is critically important for a
mutation operation. It is the one with the least value of an objective function for a
single-objective optimization problem. However, the best individual means a group of
Pareto optimal solutions to a multi-objective optimization problem. It is contradictive
to guide individuals to a single solution because the goal is to obtain a set of Pareto
solutions. Therefore, this chapter proposes an adaptive mutation operation to guide
individuals to the Pareto set, and increase the global searching efficiency.

This chapter adopts an external archive (EA) denoted by Q to keep the Pareto
optimal solutions searched so far. The best individual of a current population is
chosen from €. Then, this chapter checks whether individual 7 is in Q. If S0, 1 is
chosen as ).cg. Otherwise, the elitist individual with the minimum Euclidean distance
from individual 7 is chosen as >.<g. Let || denote the maximum size of €. <Z,—j> denotes
the Euclidean distance between individual ¢ and elitist individual j in ). Based on

above discussion, the adaptive mutation is implemented as:

g —%Dg( 9 _x9 ) if x7¢0
x; +erp 29 (x§ ,—x7 ), if xj€Q

XI= (7.26)

D
X, + e:cp_92 ; (xg —x9 ) otherwise
9 w14 w15/
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i =arg, Min (ﬁ) (7.27)

Gje{1,2,...,|9}

— NP 2 o
TENDY <x§{d—x§7d> jell 2,10 (7.28)
d=1

7.2.3 SA-based Crossover
After an adaptive mutation operation, a crossover operation is implemented to
produce a trial individual X;fd for individual 7. It is shown that the population
evolution usually traps into local optima, and it also might cause a premature
problem. To solve it, this chapter adopts the Metropolis acceptance criterion of
SA [59] to improve the diversity of individuals in the population evolution and avoid
its too early convergence.

SA is able to escape from local optima by conditionally accepting some worse
individuals, and finally converge to global optima with high probability. Let M denote

the number of objective functions, and AY the difference between x? and x?. Then,

A/=[Fi(x!) = Fi ()| +AP(x!) — ABY) (7.29)

To improve the population diversity and avoid premature convergence, an SA-

based crossover operation is adopted, .e.,

A7
) x] 4, if exp 2 >wg
% = (7.30)

)

x?,,  otherwise
where w1 is a random number uniformly distributed in (0,1), and 65 denotes the
current temperature in iteration g (g€{1,2,...,4}).

7.2.4 SA-based Selection
In each generation, after mutation and crossover operations, an SA-selection is

implemented on each individual to check whether a newly produced trial individual
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+

/ . 1. . . . , .
xJ or x7 is selected as xJ" in the next generation. Specifically, if x! dominates x¢,

A9
A
, . Y , N . .
%7 is accepted. If exp %2 >wye, XJ is selected; otherwise, x7 is selected.

(

%7, if x! dominates x7
AY
g+l_ ), . o
X; =3x7, ifexp %2 >wig (7.31)
x7, otherwise

\

7.2.5 Adaptive Elitist Archive Update Mechanism

At the beginning of the evolution of the population, the individual size of Q) is zero.
Then, a current individual is added into Q directly. If the current individual is
dominated by each elitist individual in Q, it is rejected. Otherwise, if the current
individual dominates an elitist individual in Q, it is added into € and this dominated
elitist individual is removed from €. Besides, if a current individual and elitist
individuals in 2 do not have any dominance relations, it is added into () and when the
number of elitist individuals in € reaches \Q|, the following adaptive elitist archive
update mechanism is adopted to update elitist individuals in Q). This mechanism is
adopted to keep well-diversified Pareto optimal individuals in each generation, and
help the convergence of population. ]A”: denotes the «th (1€{1,2,... ,]\04 }) objective
function. Let ég and % denote the maximum and minimum values of the tth objective

function, .e.,

éé: Minu (ﬁ(xf)> 1L6{1727"'7‘]\04}

i€{1,2,...|} (7.32)
éé: MaXV (E(Xf)) 756{1727"'7‘]\04'}

i€{1,2,...,|Q}

Let 65, denote the range of objective function ¢, i.e., 952@%—9&. éfb and éﬁ

denote lower and higher bounds of the grid region for objective function ¢, i.e.,

5D _ju 1D
94,L_06 EQS,L

(7.33)

"D __ 1 oD
94,L_66 + EGZS,L
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Algorithm 5 SBDE (Simulated-annealing-based Bi-objective Differential Evolution)

1: Perform the initialization with equation (7.23)
2: g+ 1
3: Q<0
4: while g<g do
5: for i< 1to |X| do
6: Perform the adaptive mutation with equation (7.26)
7: Perform the SA-based crossover with equation (7.30)
8: Perform the SA-based selection with equation (7.31)
9: end for
10:  Change €2 with the adaptive elitist archive update mechanism
11: g4 g+1
12: 69 < 09x03
13: end while
14: Select the knee solution: _
*_ [ F@)-F " AB(z)-AT"T"
X = argxll/lelélmﬁmaz_ﬁminv Emaz_@mm] [170]H1

15: Output x and its two objectives [F(x), E(}*c)]

The objective space specified by individuals in current Q is separated into 62
hypercubes of equal size, and 6, denotes the grid number in any dimension of the
space. The number of elitist individuals in each hypercube is calculated, and the
hypercube with the most individuals is recored as the most congested one. Then,
when the number of elitist individuals in current {2 reaches |Q|, the following adaptive
elitist archive update mechanism is invoked.

1) If an individual is within its current objective space, it is put into Q) and added to
its corresponding hypercube. Besides, an elitist individual is removed randomly
from the most congested grid.

2) If an individual is outside the current objective space, it is also put into Q). The
new objective space is then determined, and hypercubes are separated again.
The number of elitist individuals in each hypercube is also obtained again.
Then, an elitist individual is removed randomly from the most congested grid.

The extreme elitist individuals are reserved and not removed from (). Then, the
size of {1 is fixed and the individual diversity of Q) is increased. Algorithm 5 presents
the pseudo codes of SBDE. Line 1 initializes the population with equation (7.23).

The EA, Q, is initialized with () in Line 3. In each generation g, Line 6 performs

the adaptive mutation for each individual ¢ with equation (7.26). Line 7 performs the
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SA-based crossover for each individual ¢ with equation (7.30). Then, Line 8 performs
the SA-based selection for each individual ¢ with equation (7.31). Line 10 changes
Q) with the adaptive elitist archive update mechanism. Let 03 denote the cooling
rate of temperature. Line 12 decreases the temperature (63) in generation g by 6s.
Line 14 selects the knee solution x. Finally, Line 15 outputs the knee solution X
and its two objectives [/Fvl()*(), Z}E (x)]. Here, /Fvlmm and Iy denote the minimum
and maximum values of fP\’I(a}) (zeQ). Zigmm and &gmm denote the minimum and

maximum values of Zié (z) (ze).

7.3 Performance Evaluation
This section evaluates PQTS by using realistic data including task arriving rates of
three applications sampled every 5 minutes in Google cluster!, prices of power grid?,
bandwidth prices of ISPs, solar irridiance® and wind speed? for 24 hours on May 10,

2011 [24].

7.3.1 Parameter Setting

1.6 400
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Figure 7.2 Convergence analysis of SBDE.

This chapter considers three applications, three ISPs and three CDCs, i.e.
NA=3 NE=3 and N9=3. Their parameters including N..,, (inL, CI?fl, QfL and Nm are

Thttps://github.com/google/cluster-data (accessed on May 6, 2019).
Zhttp: //www.nyiso.com /public/index.jsp (accessed on May 10, 2019).
3http://www.nrel.gov/midc/srrl_bms/ (accessed on May 10, 2019).
4http://www.nrel.gov/midc/nwtc_m2/ (accessed on May 10, 2019).
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set according to Section 3.4 in Chapter 3. According to the work in [18], B;=4x10°
(Mbps), Ba=5x10° (Mbps) and B;=6x10° (Mbps). Besides, (;=8 (Mb), (=5 (Mb),
(=2 (Mb), Ty=0.15 (seconds), T5=0.2 (seconds) and T5=0.25 (seconds). According
to the work in [236], the parameters of SBDE are set as follows. |X|=200, §=200,
I0]=100, 89=10"2, 65=0.975, H2=0.2, §,=80 and N'=102.

7.3.2 Experimental Results
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Figure 7.3 Number of switched-on servers in CDC 1.
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Figure 7.4 Number of switched-on servers in CDC 2.

Figure 7.2 illustrates the convergence analysis in terms of profit and temporary
knee distance of SBDE in time slot 100. Here, the temporary knee distance in each
iteration is calculated as follows. In Algorithm 5, each iteration runs Lines 5-12. Q
is updated with an adaptive elitist archive update mechanism. Therefore, in each
iteration, a temporary knee solution with the minimum knee distance is selected

according to the rule of knee solution selection in Line 14. The temporary knee
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Table 7.1 Convergence Time with Different Scales of Tasks

Scale 411 % 1 2 4
Convergence time (s) 2.21 3.99 6.77 13.13 25.08

distance in each iteration is obtained accordingly, and shown in Figure 7.2. It is
observed that it reduces as the number of iterations increases. Besides, it is also
shown that the profit increases with the evolution of SBDE. Figure 7.2 illustrates
that the stable values are approached and demonstrates the convergence of SBDE.
Table 7.1 shows the convergence time with different scales of tasks. For example,
if scale is 2, the task arriving rate of application n in time slot 7 is doubled and it
becomes 2)\”. Similarly, if scale is %, it becomes %)\Z. Thus, it is shown that the
convergence time increases with the increase of the scales of tasks. Note that similar
to the work in [76], the length of each time slot is 5 minutes, and tasks are scheduled
based on the knee solution x obtained by SBDE from one time slot to another. Thus,
compared to length of each time slot, the convergence time is negligible and does not

affect the scheduling of tasks.
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Figure 7.5 Number of switched-on servers in CDC 3.

Figures 7.3-7.5 illustrate the number of switched-on servers in three CDCs,
respectively. It is shown that the number of switched-on servers for each application
in three CDCs is less than its corresponding limit. Besides, it is observed that the
number of switched-on servers for each application in three CDCs varies. For example,

the number of switched-on servers for application 2 in CDC 3, is much smaller than
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those in CDCs 1 and 2. The reason is that prices of power grid at CDCs 1 and 2 are
less than that at CDC 3 in each time slot, and more tasks are therefore scheduled

to CDCs 1 and 2. Accordingly, this yields a lower number of switched-on servers in

CDC 3.

7.3.3 Comparison Results

To demonstrate the performance of SBDE, this chapter first compares it with several
state-of-the-art multiobjective evolutionary algorithms including the improved fast
and elitist Non-dominated Sorting Genetic Algorithm (NSGA2) [239], Strength
Pareto Evolutionary Algorithm 2 (SPEA2) [240] and MODE [236]. It is worth
noting that each algorithm obtains its own Pareto front, which consists of a set of
different solutions. Then, the aforementioned minimum Manhattan distance method
is adopted to select a knee solution from the Pareto front of each algorithm. Four
knee solutions are further compared with each other in terms of profit and average
task loss possibility.

Table 7.2 Comparison Among Optimization Algorithms

Algorithms Knee solution

Profit (§) Average task loss possibility

NSGA2 [239] 33162  0.004
SPEA2 [240] 31949  0.010
MODE [236] 2830.9  0.022
SBDE 34375  0.0025

Table 7.2 shows that SBDE performs better than its three peers in terms of
both profit and average task loss possibility. Compared with SBDE, NSGA2 has
3.53% reduction in profit and 37.50% increase in average task loss possibility; SPEA2
has 7.06% reduction in profit and 75.00% increase in average task loss possibility;
and MODE has 17.65% reduction in profit and 88.64% increase in average task loss
possibility. Furthermore, the convergence time of the Pareto optimal front obtained

by SBDE is 6.77 seconds, which is negligible because the length of each time slot
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is 5 minutes. The results are explained as follows. NSGA2, SPEA2 and MODE all
converge to worse Pareto fronts with low diversity of populations. Different from
NSGA2, SPEA2 and MODE, SBDE adopts adaptive mutation, SA-based crossover,
SA-based selection, adaptive elitist archive update mechanism and the minimum
Manhattan distance to improve the diversity of solutions, convergence speed and
accuracy. Thus, the Pareto optimal front obtained by SBDE is distributed more
evenly and diversely than other three algorithms. This means that SBDE provides
more comprehensive candidate solutions. Consequently, the profit of SBDE is the
largest while its average task loss possibility is the lowest among four algorithms.

To demonstrate the performance of PQTS, it is further compared with three
typical task scheduling approaches [241, 242] in terms of the profit and the average
task loss possibility.

1) M1 [241] is electricity-cost-aware distributed task scheduling.
2) M2 [87] is profit maximization approach (PMA).
3) M3 [242] is green task balancing (GTB).

Figures 7.6 and 7.7 show the comparison of profit and average task loss
possibility of PQTS and M1-M3. The average task loss possibility of PQTS is the
lowest and its profit is the highest compared with M1-M3. Its profit is 8.40% higher
and its average task loss possibility is 93.47% lower than M1’s; 11.72% higher and its
average task loss possibility is 93.50% lower than M2’s; and 20.66% higher and its
average task loss possibility is 94.75% lower than M3’s. The reasons are explained
as follows. The profit of M3 is the least because it aims to achieve the energy cost
minimization rather than the profit maximization. In M3, the number of switched-on
servers is minimized provided that it is sufficient to execute all tasks. Thus, M3
achieves larger average task loss possibility and smaller profit. Similarly, M1 aims to
minimize the energy cost of distributed data centers with intelligent load balancing.

M2 aims to maximize the profit of a green data center with convex optimization for
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two cases, with and without behind-the-meter green generators. However, they both
do not consider the bandwidth cost and capacity limits of ISPs, and the availability
of wind and solar energy in CDCs. Consequently, the profits of M1 and M2 are lower
than those of PQTS. M1 and M2 both model QoS as a constraint in its optimization
problem, and therefore, the minimum QoS satisfaction is achieved. Different from
them, PQTS jointly maximizes the profit of CDC providers, and minimizes the
average task loss possibility of all applications. Therefore, it realizes higher profit

and better QoS for CDC providers than M1-M3.
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Figure 7.6 Profit comparison of PQTS and M1-Ma3.
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Figure 7.7 Average task loss possibility comparison of PQTS and M1-M3.

o

Average task loss possibility

o

7.4 Summary
The number of tasks of global users significantly increases the energy cost of cloud
data centers (CDCs). Meanwhile, the dramatic growth of tasks also increases the
revenue of CDC providers, which is closely related to tasks’ quality of service (QoS).

Besides, many factors in different CDCs, e.g., prices of power grid, wind and solar
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energy, exhibit the spatial variations. Consequently, it becomes a big challenge to
jointly maximize the profit of CDC providers, and minimize the average task loss
possibility of all applications. This chapter proposes a Profit and QoS-optimized
Task Scheduling (PQTS) method to achieve a beneficial tradeoff between these
two objectives for both users and CDCs. Specifically, this chapter formulates a
bi-objective optimization problem and solves it with a simulated-annealing-based
bi-objective differential evolution algorithm. The minimum Manhattan distance is
used to specify a knee solution that determines proper task split among ISPs and
task service rates at CDCs in each time slot. Real-life data-based simulations reveal
that the proposed method achieves significantly higher profit and lower average task

loss possibility of all applications than three existing task scheduling algorithms.
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CHAPTER 8

ENERGY-CONSUMPTION AND PERFORMANCE-OPTIMIZED
TASK SCHEDULING IN DISTRIBUTED CLOUD DATA CENTERS

This chapter presents the details of the energy-consumption and performance-
optimized task scheduling method, and it is organized as follows. Section 8.1 gives
the formulation of a bi-objective constrained optimization problem. Section 8.2 gives
the proposed Simulated-annealing-based Adaptive Differential Evolution (SADE).
According to SADE, a close-to-optimal task scheduling strategy is given to trade
off the task response time of all tasks in CDCs, and the energy cost of a CDC
provider. Section 8.3 evaluates the proposed method by using realistic data. Section

8.5 concludes this chapter.

8.1 Problem Formulation
This section gives the formulation of a bi-objective constrained optimization problem.
Figure 8.1 shows the architecture of CDCs. It is assumed that there are N back-end
data centers in CDCs. Users send their tasks through front-end pervasive devices,
e.g., laptops, smart phones and computers, to CDCs [243]. Users’ arriving tasks are
scheduled in a First-Come-First-Serve (FCFS) way. Task Scheduler executes SADE
periodically and schedules tasks in a queue to jointly minimize both the energy cost
and the task response time of all tasks by intelligently executing all arriving tasks

among CDCs.

8.1.1 Task Response Time Model

This section first gives the model of the task response time of all tasks in CDCs. This
section considers N'¢ heterogeneous CDCs to simultaneously execute tasks. In CDC ¢
(1<c<N), there are a group of N. heterogeneous servers in total. Here, this chapter

adopts a G /G /1 queuing model that is the most general queuing model to analyze the
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Figure 8.1 Architecture of CDCs.

performance of each arbitrary server in a CDC. Specifically, each switched-on server
is analyzed as a G/G/1 queuing system.

Let Jif . denote the number of the switched-on servers in CDC ¢ in time slot 7.
It is assumed in this chapter that the task execution and interarrival times may have

o

arbitrary distributions of probability in server ¢ (1<¢<N..). N,. must be less than

A

or equal to N, i.e.,

0<N, <N, N,.eN* (8.1)

Let 6, .4 denote the interarrival time for server ¢ in CDC c. 0,., can be any
random variable with the variance 6. ., and the mean T%?, which are obtained from
analyzing tasks in the realistic Google cluster trace. Let S\i denote the task arriving

rate of CDC cin time slot 7. Thus, the task arriving rate at server ¢ in CDC ¢ in time

1

slot 7 is obtained as )\‘;’q:m, which is the number of tasks per second in time slot
7. Let r? denote the random execution requirement of each task submitted to server
g in CDC c. r? can have any arbitrary probability distribution with the variance o,
and the mean 7. Let %7 denote the running speed of server ¢ in CDC c¢ in time slot
7. Let 0. denote the maximum running speed of each server in CDC c. Thus, %9

must be less than or equal to 9., i.e.,

0<027<0, (8.2)

175



In addition, the running speed of server ¢ in CDC c¢ in time slot 7 must be large
enough to process its arriving tasks. Specifically, ¢ must be larger than or equal to
=7, 1.€.,

S 2 :

The running time of each task on server ¢ in CDC ¢ in time slot 7is  $9=r%/ %7,

which is measured in second. Its mean, variance and variation coefficient are t29, o, .,

and 99, respectively.

o= é;‘jq (8.4)
~ o éc,q
O'T,c,q_ (Qf_’q)Q (85)
(& 67—)87
T’qz?qq (8.6)

Let A, denote the total task arriving rate in time slot 7. A¢ denotes the task
arriving rate of CDC c¢ in time slot 7. Then, A, is the sum of task arriving rates of

all CDCs in 7, i.e.,
NC

A= X (8.7)

c=1

o
In this way, the average response time of tasks in CDC ¢ with N, . servers is

obtained as follows.

Nz
1 - T4 .
T Yoo (G (o) ) AL, ©9)
T =1 T
14 &T,c,q(gi’q)Q‘Féc,q

e 2T — ) (Te (o)

Then, this chapter adopts the maximum value of the average response time

of tasks in multiple CDCs as the task response time of all tasks in CDCs, which is
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denoted by T,. Therefore, T is obtained as follows.

TT:MCaX {Tt} (8.9)

For clarity, the derivation of (8.8) is given in the Appendix.

8.1.2 Energy Cost Model

Then, this chapter further describes the model of energy cost of CDCs. It is shown
that in a well-designed circuit, the dominant component in CDCs is dynamic power
consumption (measured in Watt). Let P%? denote the amount of power consumption
of each server ¢ in CDC c in time slot 7. U$? denotes the supply voltage of each
server ¢ in CDC ¢ and x%? denotes the clock frequency of each server ¢ in CDC c.
In the perfect case, the clock frequency and the supply voltage are related to each
other in such a way that U%%cc (Xﬁ’q)%g’c for some constant 'Oygyc>0 [244]. The processor
running speed p%? is linearly proportional to x%9, i.e., p>%ocx%9. Therefore, similar
to the work in [36], Uiq:%’c( i’q)%?’vc and gi’q:f%’cxi’q. Here, %4,6 and %5,0 are two
constants for CDC c¢. Therefore, the following equation for obtaining the amount of

power consumption is given as follows.
2
c,q__ c,q Gq
PT —Q?ch (Uﬂj ) Xr

0 c 20 .
:790(74@)2‘*)0 (x5 Yot

(Qc,q)??/g,c-‘rl

T

0
0 277,c,n+1
75,(3

=" (07%) © (8.10)

0
2196(’74,0)2“}0

where 1. denotes the activity factor in CDC ¢, w. denotes the loading capacitance in
CDC c. Besides, _lczﬁc(%4,6)ch/(%ac)ﬁ?vw“ and 622377%#—1.
Similar to the work in [22, 113, 245|, it is assumed that the servers in each

CDC are homogeneous while those in different CDCs are heterogeneous. Each server
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q with speed p%? consumes the power of P$?. It is worth noting that each server has
to consume a certain amount of base power when it is idle due to the dissipation
of short-circuit and static power, and other wasted and leakage power |[79]. Let @g
denote the amount of power consumed by each idle server ¢ in CDC ¢. In addition,
let L denote the length of each time slot. Let P¢ denote the total power consumption

of CDC ¢ in time slot 7. Similar to the work in [24, 246], P¢ is obtained as follows.

fre ..
Pe=3" (Poods) =3 (Te(o0) < +5) (8.11)
qg=1 q=1

Then, the total energy consumption of CDC c in time slot 7 is P°L, and it

cannot exceed Ec, which denotes the maximum available energy in CDC ¢, i.e.,

PCL<E, (8.12)

Let p¢ denote the electricity price of CDC c in time slot 7. It is assumed that
this chapter neglects the regulation influence of CDCs on electricity prices. Thus, the

energy cost of CDC c is denoted by f53°, which is obtained as follows.
]%‘r,c

oy =PfLpi= Z <-Ic (037) © —i—(i)Z) LpS (8.13)

q=1

Then, the energy cost of the CDC provider is denoted by fs2, which is obtained

as follows.
NC NC [ N
foo= Z 5= Z PeLpi=>" | D0 (Teep) « +5) Lt (8.14)
=1 c=1 q=1

8.1.3 Bi-objective Constrained Optimization Problem

The first objective is to minimize 75, i.e.,

Min {T}} (8.15)

~ O
c,q
A7C'7JV7',C7QT7
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The second objective is to minimize fa, i.e€.,

Min {fgg}

~ o

c,q
A$Nr e 07

(8.16)

Then, according to constraints (8.1), (8.2), (8.3), (8.7) and (8.12), this chapter

formulates a bi-objective optimization problem as:

subject to

Min {T;}
3¢ N r,e,05
Min = {f»}

o

- cq
>‘7C—1N7767Q7-7

o A
N’T,CSNC

079<0,
NC
A= X
c=1

PCL<E,
e

e

o ~

N+c>0,029>0,X¢>0

o

Ae=0, if N, =0

o

Ae>0, if N, >0

(8.17)

(8.18)

(8.19)

(8.20)

(8.21)

(8.22)
(8.23)

(8.24)

Constraint (8.22) specifies ranges of decision variables including X¢, N, and

0. In addition, constraints (8.23) and (8.24) show that if N, ,=0, A\¢ must be 0

because there are no corresponding switched-on servers in CDC ¢ to execute tasks

o ~
in time slot 7; otherwise, if N,..>0, A2 must be greater than 0 because there are

available corresponding switched-on servers in CDC ¢ to execute tasks in time slot

7. Then, the algorithm proposed to solve this bi-objective constrained optimization

problem is described next.
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8.2 Simulated-annealing-based Adaptive Differential Evolution

It is worth noting that 7). and fss in a bi-objective constrained optimization problem

~ o
are nonlinear with respect to A2, N, . and p%?. Thus, it is a constrained bi-objective
nonlinear optimization problem. To well solve it, this chapter adopts a penalty
function approach to convert it into an unconstrained optimization problem, i.e.,

~ o
Min T,=NUC+T-
5\70—7](\)[7—,&970—’(1

Min {ﬁ;:f\'? O+ f22} (8.25)

~ o
C,q
>\$7N‘r,c,977

where T, and };; are two augmented objective functions, .7\? is a positive constant,
and U is the penalty of all constraints. x is a decision variable vector including 5\5,
]if rc and 2%, U is obtained with equation (3.21) in Chapter 3.

There are several traditional approaches to transform two objectives into one
objective with linear weights, e.g., weighted sum approach, to solve it. However,
such approach has difficulty in determining weights for two objectives. In addition,
it only gives a single candidate solution and requires multiple executions to produce
Pareto-optimal candidates. It is more beneficial to give them in a single execu-
tion. Thus, several multi-objective evolutionary algorithms, e.g., Strength Pareto
Evolutionary Algorithm (SPEA) [247], e-constraint approach [248], multi-objective
particle swarm optimization (MOPSO) [249] and the non-dominated sorting genetic
algorithm 2 (NSGAZ2) [250], are available to jointly optimize multiple objectives
and give Pareto-optimal candidates for decision makers. Each algorithm owns its
advantages and disadvantages. For example, in the e-constraint approach, the e vector
is difficult to set as it needs to be in valid ranges of objective functions though it is
applicable to different optimization problems. In addition, the mutation and crossover
operations in NSGA2 are aimless and random, and can have difficulties in producing

high-quality offspring.
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Among them, differential evolution (DE) 251, 252] is a typical population-based
algorithm for multi-objective optimization problems. Compared to other similar
algorithms, DE’s implementation is much easier and its convergence process is faster
[253]. Thus, multi-objective DE (MODE) is widely applied to solve multi-objective
optimization problems. MODE only has a few parameters and efficient population
update. Therefore, it is widely used in many areas, e.g., facial expression recognition
and power flow optimization [254]. Nevertheless, MODE also suffers from a premature
convergence problem.

This chapter proposes a Simulated-annealing-based Adaptive Differential Evolution
(SADE) algorithm to solve the unconstrained optimization problem. SADE includes
SA-based crossover and selection, and adaptive mutation to increase the convergence
accuracy and speed. Besides, an entropy-based crowding distance method is adopted
to produce a high-diversity Pareto-optimal front. Then, a final solution called knee is
chosen from the front with the minimum Manhattan distance, and it represents the

best tradeoff between two objectives.

8.2.1 Individual Encoding
Each individual ¢ includes 5\5, N, . and 039, and is encoded as:

Xi= x71—7 uj“q/—\fcuNT,la"' 7NT,NC7971—’q)"' ’Q{_\/'C,q (826)

8.2.2 Population Initialization
Let |X| denote the population size. Let )Ocz-,d denote the initial decision variable d of

individual 1€{1,2,...,|X|}, i.e.,

0

Xid = 9? + wig ik (9§—é§) (8.27)

where 6 and ¢ are lower and upper limits of decision variable d, and wyg; is a number

for individual ¢ randomly obtained in (0,1).
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8.2.3 Adaptive Mutation
The number of generations is denoted by ¢. Here, the best individual is denoted by

L]
i. A new individual x? is produced for x as follows.

. . —0.2¢ ° ~
x] =X, + exp 025 (Xg —Xﬁm) | 1FWoF W1 i (8.28)

w20

where ;cg (1#£wqpF#we1 #1) is the best individual in generation ge{1,2,..., g}, and xg

w20

and xJ = are two random individuals. It is worth noting that wsy is different from

1

ws1, and both of them are different from i.

Furthermore, the adaptive mutation is designed as follows.

g —0.24 g g ) : 90
x) 4+ exp o (x4, —x9, ), ifxIeQ

X9— (8.29)
>.<g +exp *% (x9,,—x4, ), otherwise
(] —
i=arg; Min (14, (8.30)
Je{1,2,.., |}

ND )

> ]

ii=yY <x§.{d—x§7d) jell 2,10 (8.31)
d=1

where € denotes an external archive (EA) to store the Pareto-optimal candidates, ||
denotes the number of individuals in Q, N” denotes the number of decision variables,

— v
and 4, j denotes the distance between ¢ and je{1,2, ... [Q|}.

8.2.4 SA-based Crossover
This chapter uses the Metropolis acceptance rule of SA [255] to find global optima

by conditionally choosing worse candidates. The SA-based crossover is conducted as:

AY

A

9 ; G
X; g0 i exp %2 >wa

X; = (8.32)

x7 ;. otherwise
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Z |f(xd) — f.(x9)] (8.33)

where wqy denotes a random number in (0,1), 6 is the temperature in iteration g, xJ
o
denotes a new candidate for 7, M denotes the number of objective functions and A?

is the difference between x? and x7.

8.2.5 SA-based Selection

. . . 1 .
Then, SA-selection is conducted on each candidate to update x;‘-ﬁ , 1.€.,
(

%7, if X dominates x?
A9
g+1_ ) . . e

Xi =%, ifexp %2 >wy (8.34)

x?, otherwise

8.2.6 Entropy-based Crowding Distance Method
To keep elite candidates obtained by SADE, EA is adopted to keep them for the
convergence purpose. When the number of elite candidates in EA exceeds its limit,
this chapter adopts an entropy-based crowding distance method [256] to realize the
truncation of EA for obtaining an evenly distributed Pareto front. The entropy is a
concept to properly evaluate the diversity distribution characteristics of the Pareto
front. Here, this chapter adopts the lower adjacent distance to calculate the entropy
of distribution, which is obtained as follows:

01i= — 03,109 (63)) (8.35)
o

Z|Q| 1 (9A

g= (8.36)

03= Z |fo(xi) — (07, (8.37)

where in denotes the entropy of candidate ¢ in EA, 052 denotes the sparsity degree

of candidate i in EA, 05; denotes the distance of candidate i to its lower adjacent
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candidate in EA, f, denotes the 1th (.€{1,2, ..., M}) augmented objective function.
and 94 ;. denotes the lower adjacent candidate of candidate i in EA along objective ¢.
Then, let 62 (0'€]0,1]) denote the diversity of the Pareto-optimal front, and it

is calculated by summing up the entropy of all candidates in EA, i.e.,

€)1

0= E; 8.38
o |Q| Z (8.38)

Note that the Pareto-optimal front is evenly distributed if the entropy of each
candidate in EA is 1. Therefore, the metric of diversity can keep elite candidates
in EA. If the number of elitist candidates in  is |Q| and a new candidate is not
dominated by any candidate in EA, it is first put into Q) and the current size of EA is
\QH—L Then, the entropy of each candidate in EA is calculated again. The candidate
with the smallest entropy is removed from EA| and there are still |Q| elitist candidates
in EA. Algorithm 6 shows details of SADE. Line 1 conducts initialization with (8.27).
Line 3 initializes { with (. Line 6 conducts adaptive mutation with (8.29). Line 7
conducts SA-based crossover and selection with (8.32) and (8.34). Line 9 conducts
the entropy-based crowding distance method. Line 11 reduces 69 by the temperature
cooling rate denoted by #3. Lines 13 and 14 determine and output knee X. Here,
ﬁmm and ﬁmam denote the minimum and maximum values of ﬁ(a)) (ZCGQ) Emm

and fy  denote the minimum and maximum values of fas(z) (2€9).

8.3 Performance Evaluation
This chapter uses real-life arriving tasks in Google cluster trace! to evaluate SADE.
Figure 8.2 illustrates arriving rates of tasks of three applications. Figure 8.3 illustrates
real-life electricity prices in three CDCs?.
The length of each time slot is 300 seconds, i.e., L= 300 seconds. According to

the work in [24], the parameter setting for three CDCs is given in Table 8.1. Figure

Yhttps://github.com/google /cluster-data (accessed on May 6, 2019).
http:/ /www.energyonline.com/Data/ (accessed on May 6, 2019).
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Algorithm 6 SADE (Simulated-annealing-based Adaptive Differential Evolution)

— ==
W N —

14:

._.
=2

Conduct initialization with (8.27)
g1
Q<0
while g<g do
for i + 1 to |X| do
Conduct adaptive mutation with (8.29)
Conduct SA-based crossover and selection with (8.32) and (8.34)
end for
Conduct the entropy-based crowding distance method
g+ g+1
05 < 0505

. end while
- Determine knee:

L T @) T fa(a) o
- M ’:maz ~min )y — max —~—min| 1 O
X = ang, Min|[ S, B0= ) — 11,0

Output x and its two objectives [T;(xX), fa2(X)]
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Figure 8.3 Electricity prices in three CDCs.

8.4 illustrates the arriving rates of tasks allocated to three CDCs, respectively. It is

observed that the number of tasks allocated to CDC 1 is the largest and that allocated

to CDC 3 is the smallest among three CDCs.
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Table 8.1 Energy Parameter Setting

~

~

e c i)g(W) N.  oc(tasks/second) E. (WH)
c=1 125 1.5 400 140 3.0x10* 2x102%7
c=2 94 2.0 500 150 3.1x10* 2.5x10%"
c=3 64 2.5 500 160 3.2x10* 1.25x10%"

Figure 8.5 illustrates the number of active servers in three CDCs, respectively.
It is observed that they are all less than their corresponding limits. In addition, the
number of active servers in CDC 1 is the largest and that in CDC 3 is the smallest
among three CDCs. The reason is that CDC 1’s electricity price is the lowest and
that of CDC 3 is the highest in each time slot. Consequently, more tasks are allocated

to CDC 1 and more servers are active than those of CDCs 2 and 3.
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Figure 8.4 Arriving rates of tasks allocated to three

CDCs.

w
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Figure 8.5 Number of active servers in three CDCs.

100 250

Figure 8.6 illustrates the convergence result in terms of the task response time

and the energy cost of CDCs with SADE in time slot 1. It is observed that they
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both decrease with iterations, and converge to stable values at the end of iterations
of SADE. This is because the entropy-based crowding distance method increases the

candidate diversity in EA, and finally produces a knee solution.

5 i 0.5
cang —¢-Energy cost

-o-Instruction response time

3l ¢ Y {o1.

25

Energy cost ($)
Instruction response time (seconds)

It‘g)ration numggr
Figure 8.6 Convergence analysis of SADE in time slot 1.
To demonstrate the effectiveness of the entropy-based crowding distance
method, this chapter further compares it with the standard EA update [255] and
adaptive EA update [257] of MODE.

1) Standard EA update [255]: the truncation operation of EA is conducted as
follows. If a new candidate dominates some individuals in EA, it replaces a
candidate randomly selected in the most crowded grid.

2) Adaptive EA update [257]: if the number of candidates in EA reaches its limit,
a new candidate is handled as follows. If it is within the objective space, it
is put into a corresponding hypercube, and a random candidate in the most
congested grid is removed. If it is outside the objective space, it is first put into
EA. The new objective space is updated and a random candidate in the most
congested grid is removed.

Figure 8.7 shows the Pareto-optimal front comparison of the entropy-based
crowding distance, adaptive EA update and standard one, respectively. Here, knees
1, 2 and 3 are the knee solutions obtained by them. It is observed that candidates in
the Pareto-optimal front of the entropy-based crowding distance are distributed more
diversely and evenly than its two peers. Its knee outperforms those with its peers. It
demonstrates that the entropy-based crowding distance method cannot only obtain
extreme values of the Pareto-optimal front but also well compromised candidates, and

it provides a reliable way to solve the problem.
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Figure 8.7 Pareto-optimal front comparison.
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o
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To prove the effectiveness of SADE, this chapter compares it with two typical
bi-objective optimization algorithms, i.e., Multi-Objective Evolutionary Algorithm
based on Decomposition (MOEA/D) [258] and Nondominated Sorting Genetic
Algorithm 2 (NSGA2) [250]. Figure 8.8 shows the comparison of SADE, NSGA2
and MOEA /D in terms of task response time and energy cost of CDCs, respectively
in time slot 1. It is observed that SADE’s Pareto-optimal front is distributed more
diversely than those of NSGA2 and MOEA /D, respectively. In Figure 8.8, EAs of
SADE, NSGA2 and MOEA/D all have 30 non-dominated candidates. The final knee
of SADE outperforms those of NSGA2, and MOEA /D with respect to both energy
cost and task response time.

In addition, extreme points on both upper and lower limits are obtained by
SADE in its Pareto-optimal front. Compared with that of SADE, NSGA2’s knee is

86.05% increase in the energy cost and 65.54% increase in the task response time; and

188



MOEA /D’s knee is 49.99% increase in the energy cost and 41.78% increase in the task
response time, respectively. The reasons are described as follows. SADE improves the
evenness and diversity of the Pareto-optimal front by integrating adaptive mutation,

SA-based selection and crossover, and the entropy-based crowding distance method.

Thus, its knee is better than those of NSGA2 and MOEA/D.
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Figure 8.9 Comparison of task response time.
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Figure 8.10 Comparison of energy cost.

Figures 8.9 and 8.10 illustrate the comparison of the task response time and the
energy cost of SADE, NSGA2, and MOEA/D in each time slot. It is clearly shown
that both of SADE are both smaller than those of NSGA2 and MOEA /D in each
time slot, respectively. In Figure 8.9, compared with NSGA2 and MOEA /D, SADE
reduces the task response time by 58.37% and 63.54% on average, respectively.

In Figure 8.10, compared with NSGA2 and MOEA /D, SADE reduces the
energy cost by 61.69% and 53.43% on average, respectively. This is because the
Pareto-optimal fronts of NSGA2 and MOEA/D are dominated by that of SADE.
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SADE’s solutions are more diversely distributed than those of NSGA2 and MOEA /D.
Consequently, it proves that SADE finds both well traded-off candidate, and extreme

ones in its Pareto-optimal front.

8.4 Appendix
According to the G/G/1 queuing theory, the average waiting time of tasks in server

q in CDC ¢, WS, is approximately obtained as follows.

C,q 1+( ‘Cl"q)2 ?-T,c,q—i_a—ﬂc,q (839)
T ()P 22T - oY)

. . . q
129 denotes the random execution time of a server ¢ in CDC ¢, and t?ng';?q.
T

p&? denotes the utilization of server ¢ in CDC c. Since p¢? < 1, 0<79 < TS99 is

obtained accordingly.

According to (8.39), the following equation is obtained.

Wi — 1+( i’q)z OrcqtOreq
T ()P 22 2T(L - p2Y)

o 1+(UZ;)Q2 C}TCq—f_a-T,C,q
(o) + G 2T (1= 57

(8.40)

(629 +5rcq GreqtOreg
N24G7 04 2T7(1 — p7)

Then, the average response time of tasks in server ¢ in CDC c¢ in time slot 7 is

denoted by TS?, and it is obtained as:

ToI=to9 4 WO

EC,q_i_ (E’7C" ) +0-ch a‘TCq—I—&T,C,q
T T 0 T (1 )
- (Eiq) +0rcq OreqtOreg
T T G 2T — )
(7d)? Gec A Oc,q
re 07! +(@C )2 UT’C’q+( Ty
o7 (To)4 iy 2(TH—T)
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Then, the average response time of tasks in CDC ¢ with N . servers is:

Nre
1 V-
Te=— 3" X%, 8.41
T )\f_ —~ T ,Cq ( )
qi
It is worth noting that equation (8.8) is equivalent to equation (8.41). Then,

equation (8.8) is derived accordingly.

8.5 Summary
A growing number of large-scale companies own distributed cloud data centers
(CDCs) around the world to provide services to their global users with resource
sharing. Each application is deployed in multiple geographically CDCs for low energy
cost and fast response. Current CDCs face a big challenge of how to jointly decrease
the energy cost of CDCs and improve Quality of Service (QoS). In this chapter,
the joint optimization of energy cost and QoS is formulated as a bi-objective con-
strained optimization problem and solved by a Simulated-annealing-based Adaptive
Differential Evolution (SADE) algorithm to obtain a close-to-Pareto-optimal set. In
this way, this chapter properly allocates arriving tasks among CDCs, and changes
task service rates of each CDC in each time slot. Real-life data-based results prove
that SADE reduces energy cost and response time of tasks compared with several

scheduling peers.
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CHAPTER 9

REVENUE AND ENERGY COST-OPTIMIZED BI-OBJECTIVE TASK
SCHEDULING FOR GREEN CLOUD DATA CENTERS

This chapter presents the details of a proposed revenue and energy cost-optimized
bi-objective task scheduling method, and it is organized as follows. Section
9.1 presents a system model. Section 9.2 formulates the problem. Section 9.3
proposes the details of an Improved Multi-objective Evolutionary Algorithm based
on Decomposition (IMEAD). Section 9.4 presents its performance evaluation results.

Section 9.5 concludes the chapter.

9.1 System Model

This section introduces the proposed system model. Figure 9.1 illustrates the system
architecture of green CDCs. For performance concerns, CDC providers typically
manage several CDCs distributed in multiple geographical places and provide different
applications to users around the world. Similar to the work in [80], it is assumed that
programs and data for all applications are consistent and the same in all CDCs. Users
send their tasks to CDCs with different types of devices, e.g., smart phones, laptops
and computers. Then, tasks are scheduled and executed with a First-Come-First-
Serve (FCFS) policy [259].

The information of task queues is periodically transmitted to a centralized Task
Scheduler. Fach CDC is switched by three energy sources including power grid,
wind energy and solar energy. Energy information includes electricity prices, wind
speed and solar irradiance, which are supplied to Task Scheduler. Based on such
information, Task Scheduler executes IMEAD to trade off the revenue maximization
of CDC providers, and its energy cost minimization by smartly executing arriving
tasks among CDCs. It runs IMEAD that takes the advantages of various spatial

differences in CDCs while meeting delay constraints of tasks of applications.
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Figure 9.1 System architecture.

The arriving rates of tasks for different applications can vary from time to time
among CDCs. To improve CDC performance and maximize its profit, this chapter
first develops a system model. The objective is to maximize the revenue and minimize
the cost generated by different types of applications under a time-varying workload
by dynamically tuning the following parameters at the beginning of each control time

slot. Parameters are summarized in Table 9.1.

9.1.1 Task Arriving and Service Rates

Let A\%™ denote the task arriving rate of application n scheduled to CDC c in time slot
7, and N'¢ denotes the number of CDCs. Then the task arriving rate of application
n to all CDCs is:

NC
Ar= Ao (9.1)
c=1

Let p&™ denote the rate at which tasks are removed from the queue of application
n and handled by CDC c. The service rate depends on the number of servers that

o
are switched-on. N, ., denotes the number of switched-on servers of application n in
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Table 9.1 Problem Parameters

Notation Definition

NA Number of applications
NC Number of CDCs
N Number of tasks processed by each server for application n
n in each minute
]if Number of switched-on servers for application n in CDC ¢
Ten in time slot 7
N, Total number of servers in CDC ¢
ST Task arriving rate of application n in CDC c¢ in time slot 7
Qn Maximum number of tasks processed by each server for application n
L Length of each time slot 7
P Idle power of a single server
P Peak power when a server is handling a task
Q Power usage effectiveness in a CDC
e Price of electricity in CDC c in time slot 7
Em Amount of green energy in CDC c¢ in time slot 7
(P Conversion rate of solar irradiance to electricity in CDC ¢
e Active irradiance area of solar panels in CDC ¢
(L Solar irradiance in CDC c in time slot 7
P1c Conversion rate of wind energy to electricity in CDC ¢
Pac On-site air density in CDC ¢
P3e Rotor area of wind turbines in CDC ¢

Grac Wind speed in CDC c in time slot 7

CDC c in time slot 7. Each server of application n can handle N,, tasks per minute.

Therefore, ;™ is obtained as:

ps" =N, N (9.2)
subject to
NA
NTCTLSNC (9 3)
n=1
N’T,C nZO <9 4)
§em >0 (9.5)
1<n<NA, 1<e<N@ (9.6)

where N4 denotes the number of applications, and N.. denotes the total number of

available servers in CDC ec.
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As the number of switched-on servers and accordingly the service rate increase,
more tasks can be handled before a deadline in service level agreements (SLAs),
which in turn increases the payments that a CDC receives. On the other hand, it also
increases CDCs’ power consumption and accordingly their energy cost. Therefore,
there is a tradeoff when determining the service rate of CDCs. In time slot 7, to

guarantee the stability of the task queue of application n in CDC ¢, A¢™ must be less

c,n

@ Therefore,

than p

AT <p" (9.7)

9.1.2 Service Level Agreements
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Figure 9.2 SLAs for CDCs.

CDCs cannot process all arriving tasks immediately after they arrive. The
reason is that CDCs only have limited computation capacities, and the practical
tasks have the stochastic nature. Therefore, all kinds of arriving tasks are placed
in different queues until they are handled by any available server. To satisfy the
SLA requirements, the queuing delay or waiting time for different types of arriving
tasks should be limited within a certain range. The exact SLA depends on types of
applications offered by CDCs, e.g., e-commerce and video streaming, and cloud-based
computational tasks. Similar to the work in [117], Figure 9.2 shows three typical SLAs
for CDCs. In Figure 9.2, each SLA is identified by three non-negative parameters

including Tn, V., and €,.
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T,, denotes the maximum queuing delay that a task can tolerate. V,, denotes the
revenue that CDCs receive when it handles a single task before deadline T, n. €n, denotes
the penalty that CDCs have to pay to its users each time slot 7 it cannot handle a
task before deadline Tn For example, in the Gold SLA, le 500 ms, V=7 x 1073
dollars and €;=3.5x 1073 dollars. In the Silver SLA, Ty= 400 ms, V5=5 x 1073 dollars
and ea=2 x 1073 dollars. In the Bronze SLA, T3= 300 ms, V3=3 x 103 dollars and

es=1 x 1073 dollars.

9.1.3 Energy Consumption

The total amount of energy consumption in a CDC is obtained by adding the total
energy consumption at the servers to the total energy consumption at the cooling
and lighting facilities. For a CDC, power usage effectiveness (PUE) is defined as the
ratio of the CDC’s total energy consumption to the CDC’s energy consumption at
the servers. It is considered as a measure for CDC’s energy efficiency. The lower, the
more efficient. Currently, the PUE value for most enterprise data centers is 2.0 or
more. A few state-of-the art facilities have reached a PUE of 1.2 [24].

To reduce CDC’s energy consumption, the number of switched-on servers should
be dynamically adjusted according to the rate of received tasks. This chapter focuses
on critical machine-level energy consumption, and uses CPU utilization as the main
signal of machine-level activities. Therefore, the energy consumption for a CDC is
modeled such that it is proportional and roughly linear to its utilization. Multiple
studies have shown that CPU utilization is indeed a good estimator for power usage
[260]. The machine-level total energy consumption associated with the CDC is

obtained as [261]:

o

E;f: (&T,c,n<(i)+<a_1)®)+Nf,c,n(é_é)u+%6) L (98)

where u € [0, 1] denotes the CPU utilization of servers. %G denotes an empirically

. . : . 0 . .
derived correction constant. Note that in this chapter, 74 is set to zero, which means
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the empirically derived correction factor is ignored. ® denotes the peak power when
a server is handling a task. ® is the idle power of an idle server. % denotes the power
elasticity of servers. Higher elasticity means less energy consumption when the server
is idle and not handling any task. « denotes the PUE of a CDC. From (9.8), the

energy consumption at a CDC increases as more active servers at higher utilization.

9.1.4 Renewable Energy Generation
In the system model, the price of electricity is denoted by p¢. To reduce cost of
electricity, CDCs may be equipped with behind-the-meter renewable generators, e.g.,
wind turbine and solar panel, in addition to being connected to the power grid. Let
Em denote the renewable energy generated by renewable energy generators in CDC
¢ in time slot 7. The renewable energy —EFJT,C includes wind and solar energy.

1) Solar Energy

Let ET,C denote the solar energy consumed by the execution of tasks of all

applications in CDC ¢ in time slot 7. Following the work in [191], E . is obtained as:

e e=th1hac L (T)T (9.9)

where 1. denotes the conversion rate of solar irradiance to electricity in CDC ¢,
9. denotes the active irradiance area of solar panels, and ;3. denotes the solar
irradiance in CDC ¢ in time slot 7.

2) Wind Energy

Let Em denote the wind energy consumed by the execution of tasks of all

applications in CDC ¢ in time slot 7. Following the work in [191], E, is obtained as:

ET,C:%¢1C¢2C¢3C(¢T,4C>3T (910)

where ¢, denotes the conversion rate of wind to electricity in CDC ¢, ¢9. denotes the
on-site air density in CDC ¢, ¢3. denotes the rotor area of wind turbines in CDC ¢,

and ¢, 4. denotes the wind speed in CDC ¢ in time slot 7.
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In this chapter, the amount of power grid energy consumed by CDC c is
calculated as Ef — Em- If the energy consumption of CDC ¢ is more than local
renewable power generation, i.e., S > ET,C, ES — Em is positive and the power flow
is in the direction from the power grid to CDC c. If E‘;:E’m, CDC c operates as
a zero-net energy facility [262]. If E¢ < Em, E¢ — z?m is negative and the power
flow is in the direction from CDC ¢ to the power grid. It is worth noting that, in the
system model, it is assumed that the CDC provider does not receive compensation

for the injected power, while CDCs are allowed to inject their excessive renewable

energy into the power grid.

9.2 Problem Formulation
The task arriving rate at a CDC varies over time. To improve CDCs’ performance,
the number of switched-on servers, ]if r.ens should be adjusted according to the rate
of arriving tasks. When tasks are received at higher rates, more servers need to
be switched-on. A proportional-to-demand portion of servers are switched-on by
monitoring task arriving rates. This results in reducing CDCs’ energy consumption.
Because there is the tear-and-wear cost of switching servers on and off, and the delay
in changing the status of a server cannot be changed instantly, it is rather desired to
be updated by every few minutes. Therefore, this chapter divides the running time

of a CDC into many time slots with the same length of L, e.g., L = 5 minutes. Note

that the number of switched-on servers is updated only at the start of each time slot.

9.2.1 Revenue Modeling
Let f; denote the total revenue of CDCs in each time slot, and it is calculated as:

NA NC

fi=) 0 ) Al = 6" V=67 e, A" L) (9.11)

n=1 c=1

where (1 — 09")V,,A%"L denotes the total revenue received by CDCs for tasks of

application n that are handled before their SLA deadline. §2"€,A\>"L denotes the
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total penalty paid by users for performing tasks of application n that are not handled

before their SLA deadline.

9.2.2 Cost Modeling
The machine-level energy consumption of a CDC is usually determined by unit-time
power usage F,. Thus, according to the work in [24], the total energy consumption

of switched-on servers in CDC c is obtained as:

e i: (é - +(a_1)<i>) TS (Ci)—ci)) Aen(1 — gen)

T [ ]

(9.12)

n=1 n

Let p¢ denote the electricity price of CDC c in time slot 7. Let foo denote the

net energy consumption cost in each time slot ;. It is obtained as:

NC n
Jr
fa= Y {Lpt [Eﬁ — E] } (9.13)
c=1
NC N
= {Lpimax(E: - E-,0)} (9.14)
c=1

In this study, it is assumed that PUE in CDCs is 1.2 by following the work in
[24]. Tt is worth noting that this chapter focuses on energy management of CDCs,
and the cost model only indicates the cost of electricity. Other cost items can be also

included similarly in the model.

9.2.3 Task Loss Probability

0¢™ denotes the loss probability of tasks of application n in CDC ¢ in 7. Then,

1a /«676.’71:0
1 pR—E
A ) _:U’ #0
o5 = ‘Z"“ N (9.15)
17(>\Z:n) ()\Z:n)
K K
Qn+1 7>‘?n<:u$n
()
L IS
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subject to

1
A < pn 9.16
e sn (9.16)

n

where A" denotes the task arriving rate of application n in CDC cin 7. Q,, denotes
the maximum number of tasks processed by each server for application n.

Then, this chapter makes further discussion on the assumptions of the proposed
IMEAD. It is assumed that the future information (e.g., wind speed, task arriving
rate, solar irradiance and electricity prices) is available in advance. In real CDCs, the
prediction of such information usually needs some time to obtain the prediction model
by using historical data. However, the recently emerging big data techniques (e.g.,
deep learning-based prediction [263]), and the increasingly deployed high-performance

servers in CDCs [264] will make it possible that the prediction time is negligible.

9.3 Improved Multi-objective Evolutionary Algorithm based on
Decomposition

This section presents the proposed IMEAD to jointly optimize the revenue and cost of
CDC providers. By assigning different types of tasks to multiple CDCs, the revenue
and energy cost of CDC providers are balanced by finding a high-quality Pareto front

[265]-[268] . This chapter considers the following two objectives:

fo {f1}

Min {f22}

subject to (9.1), (9.3)-(9.6), (9.7) and (9.16).
Here, x denotes the vector of all decision variables, i.e., A>™ and "™ (n=1, 2,
c U NA =1, 2, - NO) Thus, z=[ALL ... AVANC L1 NN
This chapter uses a penalty function method to transform the constrained bi-
objective problem into an unconstrained one. The transformation method is shown

as follows. For clarity, this chapter uses the following single-objective optimization
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problem to show the details of the penalty function method.

Min J(x),
subject to g;(x)>0,1=1,---, N7 (9.17)

ho(€)=0,m=1, - - -, N=

(9.17) is an objective function with constraints, and it includes both equality
constraints h,,(x) and inequality ones g;(z). N7 denotes the number of inequality
constraints. N~ denotes the number of equality constraints. This chapter transforms
the constrained problem into an unconstrained one with an auxiliary function in

(9.18), which is given as follows:
AB=1(z)+ N

6= Y max(0, ~a@))+ 5 [ (a)]”

=1

(9.18)

0
where %121 and %220, A is a transformed objective function, (max{0, —g;(x)})"
0
is the penalty for each inequality constraint [, and |hm(:1:)‘72 is the penalty for each
equality constraint m.

Then, the constrained optimization problem (9.17) is transformed as:

Min {:l(a:)+/°\7z5} (9.19)

where 10\7' is a large positive constant.

This chapter designs an IMEAD algorithm that includes crossover, mutation
and selection operations. It has several advantages. First, the parameters of its
crossover and mutation operations dynamically change in the convergence process.
The dynamic parameters strengthen the ability of global search and accelerate the
convergence speed. It prevents good genes from being destroyed by mutation, and
introduces new genes into the populations when they fall into the locally optimal

solutions. Second, this chapter uses a decomposition-based Tchebycheff method [269]
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to decompose the problem into a set of single-objective-optimization subproblems.
Third, this chapter adopts a crowded degree evaluation method based on crowded
distance. Based on it, individuals with lower crowded degrees are removed from the
external elite set when the number of individuals exceeds the capacity limit of the

external elite set. Its main operations are shown as follows.

9.3.1 Population Initialization
The population initialization adopts a random initialization method, i.e., random
initialization is performed within the feasible domain of each decision variable. Let

N® denote the number of decision variables. Let |X| denote the number of individuals.

Let x;4 denote the value of decision variable d of individual ¢ (i€{1,2,---,|X|},
de{1,2,--- ,NP). The individuals are initialized as follows.
X;q = 0% + wyx (0 — 62) (9.20)

where 8¢ and 6¢ denote the maximum and minimum values of decision variable d.

wy4 denotes a random number generated uniformly from (0,1], i.e., wy€(0, 1].

9.3.2 Dynamic Crossover and Mutation

This chapter adopts dynamic crossover and mutation parameters to produce a new
population. In the early stage, large crossover and mutation parameters are adopted
to increase the reproduction efficiency and diversity of population. In the late stage,
as the number of iterations increases, small crossover and mutation parameters are
adopted to prevent high-quality genes from being destroyed. Then, better individuals

are kept. The crossover and mutation parameters are updated as:

s (6:—6)
07 = 07 @/9) (9.21)
Og = g — (0 —pr) (9.22)

(9/9)

202



where 6; denotes the crossover possibility, 6, denotes the maximum crossover
possibility, f; denotes the minimum crossover possibility, s denotes the mutation
possibility, ég denotes the maximum mutation possibility, fs denotes the minimum
mutation possibility, ¢ denotes the current iteration number, and g denotes the total

number of iterations.

9.3.3 Crossover Operation

The crossover operation can increase the population diversity for generating new
individuals. Let 6{\’/[7; denote the neighboring area of individual 7. x,,, and x,, denote
two random individuals in 9{”1 X, denotes an individual randomly selected from

populations X. Let x; denote a new individual. Then, x} is obtained as:

e Wy * Xy + (1 — wy) * Xy, Wy < O7 0.23)
X, , Otherwise

9.3.4 Mutation Operation
Mutation operations are equivalent to genetic mutations in biology. In evolutionary
computational patterns, they refer to changes or disturbances to a random factor.

In this chapter, the Gaussian mutation operation is used to increase the
population diversity, which is beneficial to jump out of local extreme points for global
search and avoid the algorithm to fall into local optima. It also improves the search
speed. Gaussian distribution is a class of probability distributions that are important
in mathematics, physics and engineering.

It has significant impact on many aspects of statistics. Gaussian mutation
aims to add a random vector obeying Gaussian distribution to the state of an
individual, and then select individual decision variables according to the given

mutation probability. The mutation operation is obtained as:

0M=(6; — 6;)NP (9.24)
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0M =min(max(ws(x’, 837),65), 5) (9.25)
0 =rand(1,NP) < s (9.26)

Xnewzeéw(eéjlw) (927)

where 05 denotes the minimum value vector of decision variables, é5 denotes the
maximum value vector of decision variables, 837 denotes the variance vector, and ws
denotes a random vector generated from the Gaussian distribution.

In addition, (9.25) produces a new solution around x; and guarantees that
this solution is between @5 and 5. Besides, (9.26) returns a binary vector 8} with
the length of NP. In 6} if a random number rand(1,d)(1<d<NP) is less than
0s, 07 (1,d)=1; otherwise, }7(1,d)=0. Then, if 8}/(1,d)=1, x}(1,d) is updated by

0M(1,d); otherwise, x}(1,d) is not changed.

9.3.5 Update of Neighboring Solutions

Then, the update of neighboring solutions 0% for individual ¢ is introduced here. It
is assumed that there are M individuals in 9%. Given individual 4, M individuals are
chosen as its neighboring solutions, i.e., #}% - For each X]€01 ' based on (9.28), x; is

chosen to update x; (x;€67%), i.e.,

x; = x1,if 0311031, 03) <03 (x,[631, 63) (9.28)
03,102, 031) = maz, __o {02 1u(x;) - 61|} (9:29)

where M denotes the number of objective functions, 6% (07", €(0,1)) denotes the
weight of objective function ¢ for x;, 9% denotes a vector of 977”7 ﬁ denotes the
tth (ee{1,2,..., ]\04}) augmented objective function. and 637 is a vector of the best
objective function values currently obtained. In this way, neighboring solutions 9%

for individual 7 is obtained.
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9.3.6 Crowded Degree Evaluation based on Crowded Distance

To preserve better elite individuals, this chapter uses the external elite set Q to store
elite individuals. Let |2 denote the number of individuals in . After initializing the
population, the objective function values in the population are calculated, and the
dominant relation of individuals is determined according to the objective function
values. The non-dominated individuals are stored in €. In each iteration, the
newly generated individual is compared with individuals in Q. If the new individual
dominates an individual in Q, the dominated individual is removed. Otherwise, if the
number of individuals in € is less than its specified capacity, the new individual is
directly added to Q.

If it is greater than its capacity, the crowded degree evaluation method based on
crowded distance is adopted to increase the diversity of population and the individuals
with lower crowded degrees are removed and replaced with the newly generated non-
dominated solutions. Specifically, first, the solutions in ) are sorted according to
their values of each objective function. Then, the maximum (6;) and minimum (63)
of objective function ¢ are obtained. 05’;\/[’7; denotes the crowded distance of individual 7.
The crowding distance is oo when ég is equal to %, or the first/last individual in the
Pareto-optimal front occurs. Besides, the sum of distances on each objective function
is calculated as follows:

00,if B — 0y =0 ori=1or i = [Q)

M o
=3 5 (9.30)
> ( N 99) , otherwise

6~ 6

=1

where 93{ and 93/[1 denote the next and previous individuals neighboring to individual

1 according to the ascending ranking of objective function values, respectively.
Based on above operations, IMEAD is described in Algorithm 7. Its details are

described here. Line 1 initializes |X|, M, the initial weight vectors 9% and ¢. Line

2 computes the Euclidean distance between any two weight vectors, and determines
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Algorithm 7 IMEAD (Improved Multi-objective Evolutionary Algorithm based on
Decomposition)

1: Initialize |X|, M, the initial weight vectors 9% and §

2: Compute Euclidean distances between any two weight vectors, and determine M
for each individual
. Initialize X and determine 6}/

3

4: Determine non-dominated individuals in X and store them in 2
5: Initialize #; and 6g

6: g+ 1

7: for ¢<g do

8:  Generate a new individual x}

9:  for i<1 to |X| do

10: Randomly select two individuals ws and wg in M
11: if rand<6; then

12: X} 4wy * Xy + (1 — W) * Xy

13: else

14: X}<—Xw7

15: end if

16:  end for

17:  Perform Gaussian mutation to produce x;} with (9.24)-(9.27)
18:  Calculate objective function values of x;

19:  Update 8}

20:  Update M for each individual i with (9.28) and (9.29)

21:  Update O

22: end for _
23: Output Q

9% for each individual . Line 3 initializes X and determine ). Line 4 determines
non-dominated individuals in X and stores them in €. Line 5 initializes 0, and 0.
Line 8 generates a new individual x}. Lines 9-16 randomly select two individuals ws
and wg in M, and further perform the crossover operation based on (9.23). Line 17
performs the Gaussian mutation to produce x} with (9.24)—(9.27). Line 18 calculates
objective function values of x}. Line 19 updates 8}. Line 20 updates M for each
individual ¢ with (9.28) and (9.29). Line 21 updates Q2 and removes all individuals
dominated by x! from Q.

Specifically, if the number of individuals in €2 is less than its capacity limit, x}
is directly added to € if no individuals in € dominate x;. Otherwise, if the number of

individuals in € exceeds its capacity limit, according to the crowded degree evaluation
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method based on crowded distance, an individual with the smallest crowded degree

is selected and removed, and further replaced by x;. Finally, Line 23 outputs Q.

9.4 Performance Evaluation
The proposed IMEAD is evaluated with the realistic data. It is realized with
MATLAB R2017b, and executed on a server with 8-GB DDR4 memory and an
Intel(R) Core(TM) i7-6700HQ CPU with 2.6 GHz.

9.4.1 Parameter Setting

This section uses real-life tasks in Google cluster!, solar irradiance and wind speed?
on May 1, 2011. Figure 9.3 illustrates arriving rates of tasks of three applications,
which are sampled every 15 minutes, i.e., L= 15 minutes. Here there are 96 time
slots in total. Figures 9.4 and 9.5 show the solar irradiance and the wind speed in
three CDCs. Figure 9.6 shows the electricity prices in three CDCs. According to the
work in [24], the parameter setting of wind and solar energy is presented in Table
9.2. Besides, similar to the work in [18, 52|, the parameter setting of three CDCs is
presented in Table 9.3. In addition, the parameter setting well reflects the real-life

characteristics of real large-scale data centers, e.g., Google and Amazon.
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Figure 9.3 Task arriving rates of three applications.
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This chapter chooses three Google CDCs located in Colorado (CDC 1), Texas
(CDC 2) and Oklahoma (CDC 3), respectively. According to the work in [22],

Thttps://github.com/google/cluster-data (accessed on May 6, 2019).
https://midcdmz.nrel.gov (accessed on May 6, 2019).
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Figure 9.4 Wind speed of three CDCs.
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Figure 9.5 Solar irradiance of three CDCs.
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Figure 9.6 Electricity prices of three CDCs.

Ny=Ny—N35=2000, =500 (W) and 2000 (W). In addition, |§|1:0.01 (tasks/second),
I:IQ:0.0?) (tasks/second) and I<I3:O.O5 (tasks/second), respectively.

According to the work in [270, 271], the parameters of IMEAD are set as follows.
The maximum number of iterations is 500, i.e., g=500. The population size is 100,

i.e., [X|=100. f;=1, 6;=0.4, fs=0.25 and fs=0.02. In addition, 7,=1,=2.
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Table 9.2 Parameter Setting of Wind and Solar Energy

Wind energy Solar energy

¢1c ¢3c (mZ) ¢20 (kg md) wlc ,[7Z}20 (mz>
c=1 0.3 2000 1.0 0.2 1400
c=2 0.35 2500 1.25 0.25 1600
c=3 04 3000 1.5 0.3 1800

Table 9.3 Parameter Setting of Three CDCs

Iiln (tasks/second) Q.

n=1 n=2 n=3 n=1 n=2 n=3
c=1 06 1.8 3.0 50 95 60
c=2 06 1.8 3.0 50 55 60
c=3 06 1.8 3.0 50 5%) 60

9.4.2 Experimental Results

To demonstrate the performance of IMEAD, this chapter further compares it with
two widely used dominance-based algorithms including Strength Pareto Evolutionary
Algorithm 2 (SPEA2) and an elitist based Non-dominated Sorting Genetic Algorithm
(NSGA2) [272]. In this chapter, these two algorithms (SPEA2 and NSGA2) are
selected as benchmark algorithms based on the following two reasons. First, they
are currently recognized as fast state-of-the-art algorithms, both of which have
been already improved with respect to efficiency and accuracy on the basis of their
previous versions. Therefore, they are representative and have been used in many
different areas [273, 274|. Second, the proposed IMEAD and these two algorithms
have several similarities. All of them adopt the same initialization, crossover and
mutation technologies to produce new individuals. In addition, all of them adopt the
external elite solution set, and they have similar time complexity. Importantly, the
performance of the proposed IMEAD can be well demonstrated by its comparison
with these two algorithms. Consequently, this chapter selects them as the benchmark
algorithms for comparison. The maximum number of iterations for three algorithms
is set to 500. Their population sizes are 100. The crossover parameters of SPEA2
and NSGA2 are 0.98. The mutation parameters of SPEA2 and NSGA2 are 0.15 and
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0.007, respectively. The setting of the above crossover and mutation parameters is

determined optimally after a series of experiments, and the hardware configuration

and software tool are the same as that of the proposed IMEAD. Three algorithms are

summarized as follows:

1)

SPEA2: SPEA2 |273] is widely used because it has several advantages. First, the
fitness value evaluation mechanism of each individual is reasonable. It jointly
considers the information about each individual in the evolutionary population,
the domination in the external elite set, and the Fuclidean distance between
each individual and its neighboring individuals. Second, the clustering-based
remove of individuals is simplified in the update process of the external elite
set. Therefore, the distribution of the obtained Pareto front end is diverse.
However, it has several drawbacks. First, the setting of the external elite set
is not reasonable because some dominated individuals are still put into the
external elite set and therefore, the elitism of the external elite set may be
worsened. Second, its local search ability is not satisfying because it cannot
guarantee to search within the neighboring areas of individuals where the
crossover and mutation operations are conducted. Third, the crossover and
mutation parameters are fixed and therefore, high-quality individuals are easy
to be changed due to the mutation in the later stage of population evolution.
Thus it suffers from premature problems when it is adopted to solve complex
optimization problems. The complexity of the fitness calculation of SPEA2
is O((2[X))?)) + O((2]X])?log(2|X])), i.e., O(]X|*log|X]). The complexity of
the selection operation is O((2[X|)?) + O((2|X|)*log(2|X])) + O((2|X])?), i.e.,
O(|X|*1og|X]). Thus, the complexity of SPEA2 is O(|X|?log|X]).

NSGA2: NSGA2 [274] is widely used to solve different kinds of multi-objective
optimization algorithms because it has several advantages. First, it proposes
the concept of crowded distance, and individuals in the Pareto front end are
distributed evenly to increase the diversity of individuals. Second, it adopts a
selection operator generating a mating pool that combines the offspring and
parent populations. However, it has some drawbacks. First, the offspring
and parent populations are ranked together in the next-generation evolutionary
populations. Therefore, the ranking time of the Pareto dominance levels can be
very long. Second, the external elite set is not adopted to keep the currently
obtained non-dominated populations. In addition, the mutation and crossover
parameters do not change and therefore, high-quality individuals cannot be
kept in its optimization process. Thus, some high-quality solutions may be
lost and NSGA2 has the problems of premature convergence. The complexity

of the initial non-dominant sorting of population of NSGA2 is O(M|X]|?), and
the complexity of its congestion sorting is O(M|X|?). In the main loop, the
fast non-dominant sorting is O(M((2|X])?)), i.e., O(M|X|?), the complexity
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Table 9.4 Execution Time with Different Population Sizes

Scale 1/4 1/2 1 2 4

NSGA2 0.2386 0.3840 0.7659  1.8938  4.9410
SPEA2 0.1560 0.2921 0.5070  2.2925  8.2673
IMEAD 0.1119 0.1685 0.3035 0.7018 1.4804
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Figure 9.7 Number of type 1 tasks scheduled to three CDCs with IMEAD.

of 1ts congestion sorting has the complexity of O( (2|X])log(2]X])),
(M|X|log|X|), and the complexity of the elite population is O((2|X|)log(2|X|)),
i.e., O(|X|log|X|). Thus, the complexity of NSGA2 is O(M|X|?).

3) IMEAD: Different from SPEA2 and NSGA2, IMEAD has several advantages.
First, the mutation and crossover parameters are changed dynamically to solve
the problems of premature convergence. In addition, the global search ability
is increased and the convergence speed is also improved. Better individuals are
kept and new genes are imported when the entire population is trapped into local
optima. Second, the Gaussian mutation mechanism is adopted to utilize the
information of the current population to increase the diversity of populations.
Third, a series of subproblems are solved to optimize the whole problem, and
IMEAD has lower computational complexity. Fourth, the external elite set
is adopted and the crowded distance-based congestion evaluation method is
designed to guarantee the diversity of all population. The complexity of the
neighboring solution update of IMEAD is O(|X|M), the complexity of the 2

update is O(M2|X| ), i.e., (M|X\ ), and the complexity of the congestion
sorting is O(M|X|log|X|). Thus, the complexity of IMEAD is O(M|X|?).

To further evaluate the performance of IMEAD, the scalability of IMEAD,
SPEA2 and NSGA2 with respect to different population sizes is verified. As is shown
in Table 9.4, IMEAD’s execution time is less than those of SPEA2 and NSGA2 for

each population size. Figures 9.7-9.9 show the number of tasks scheduled to three
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Figure 9.8 Number of type 2 tasks scheduled to three CDCs with IMEAD.
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Figure 9.9 Number of type 3 tasks scheduled to three CDCs with IMEAD.
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Figure 9.10 Number of type 1 tasks scheduled to three CDCs with SPEA2.

CDCs with IMEAD. It is observed in Figure 9.7 that the total number of type 1
tasks scheduled to three CDCs equals the number of arriving type 1 tasks. Similarly,
Figures 9.10-9.15 show the number of tasks scheduled to three CDCs with SPEA2 and
NSGA2, respectively. It is also observed in Figures 9.10-9.15 that the total number

of tasks of types 2 and 3 scheduled to three CDCs equals the number of arriving tasks

of types 2 and 3, respectively.
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Figure 9.11 Number of type 2 tasks scheduled to three CDCs with SPEA2.
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Figure 9.12 Number of type 3 tasks scheduled to three CDCs with SPEA2.
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Figure 9.13 Number of type 1 tasks scheduled to three CDCs with NSGAZ2.

Figures 9.16-9.18 show the number of switched-on servers in each CDC with
IMEAD. It is observed that the number of switched-on servers in each CDC is less
than or equal to its corresponding total number of available servers. In addition, the
number of switched-on servers in each CDC is consistent with the number of tasks
scheduled to it. As is shown in Figures 9.25-9.27, it is also worth noting that in

time slot 40, the amount of green energy is sufficient to execute all arriving tasks.
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Figure 9.14 Number of type 2 tasks scheduled to three CDCs with NSGA2.
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Figure 9.15 Number of type 3 tasks scheduled to three CDCs with NSGA2.
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Therefore, the amount of power grid energy consumed by tasks is zero, and the energy

cost is also zero because the cost of green energy is zero. Figures 9.19-9.24 show that
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Number of switched-on servers in CDC 1 with IMEAD.

SPEA2 and NSGA2 also achieve similar results.

Figure 9.28 shows the execution time required by each iteration of IMEAD,

SPEA2 and NSGA2

much faster than SPEA2 and NSGA2. Figure 9.29 shows the execution time of

in each time slot, respectively. It is observed that IMEAD is
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Figure 9.17 Number of switched-on servers in CDC 2 with IMEAD.
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Figure 9.18 Number of switched-on servers in CDC 3 with IMEAD.
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Figure 9.19 Number of switched-on servers in CDC 1 with SPEA2.
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Figure 9.20 Number of switched-on servers in CDC 2 with SPEA2.
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Figure 9.21 Number of switched-on servers in CDC 3 with SPEA2.
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Figure 9.22 Number of switched-on servers in CDC 1 with NSGA2.
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Figure 9.23 Number of switched-on servers in CDC 2 with NSGA2.
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Figure 9.24 Number of switched-on servers in CDC 3 with NSGA2.
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Figure 9.25 Cost of IMEAD.
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Figure 9.26 Cost of NSGA2.
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Figure 9.27 Cost of SPEA2.
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40.14% and 60.37% faster than SPEA2 and NSGA2, respectively.

Figure 9.30 shows the revenue, cost and profit in each day with IMEAD,
SPEA2 and NSGA2, respectively. It is clearly observed that IMEAD achieves slightly
higher revenue, 8.00% and 6.80% lower cost, than SPEA2 and NSGAZ2, respectively.
Therefore, it is observed that IMEAD achieves 1.63% and 1.37% higher profit than
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Figure 9.28 Execution time of IMEAD, SPEA2 and NSGA2.
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SPEA2 and NSGAZ2, respectively. The reason is that IMEAD prefers to use green
energy and purchases the energy from local power grid only when the amount of wind
and solar energy is not sufficient. The reason is explained as follows. It is assumed
that the cost of green energy is zero after the renewable facilities have been installed
in CDCs for all three algorithms. Thus, the usage of green energy and the cost of
electricity purchased from the power grid directly affect the optimization result of the
energy cost. If the green energy cannot be fully used and tasks of applications cannot
be optimally allocated, the energy cost is higher.

Figure 9.30 shows that IMEAD’s cost is lower and its profit is higher than
those of SPEA2 and NSGA2, respectively. The reason is that IMEAD makes full
use of green energy and provides better scheduling of different tasks. Consequently,
the green energy is consumed sufficiently and the cost of the CDC provider is

reduced accordingly. The tasks of each application are allocated optimally for the
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Figure 9.30 Revenue, cost and profit in one day with IMEAD, SPEA2 and NSGA2.

aim of maximizing the profit, ¢.e., minimizing the cost and maximizing the revenue.
Specifically, given the finally optimal decision variable x, the rate at which tasks
are removed from the queue of application n and handled by CDC c is set as uo".
Then, A\%" L tasks of application n are scheduled to CDC c. In this way, tasks of each

application are optimally allocated.

9.5 Summary
Green cloud data centers (CDCs) require a great amount of energy to run tasks from
global users. Users’ tasks contribute the revenue to CDC providers. The spatial
differences in many factors, e.g., prices of electricity, availability of renewable power
generation and service level agreements bring a big challenge to jointly optimize
providers’ revenue and their energy cost. A constrained bi-objective optimization
problem is for the first time formulated and solved with an Improved Multiobjective
Evolutionary Algorithm based on Decomposition. The obtained result determines the
optimal tradeoff between maximizing the revenue of CDC providers and minimizing
their energy cost by taking the advantages of various spatial differences in CDCs while
meeting delay constraints of tasks of applications. Real-life data-driven simulation
results prove that it increases the profit of CDC providers and reduces the convergence

time compared with two typical multi-objective optimization algorithms.
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CHAPTER 10

FINE-GRAINED SPATIAL TASK SCHEDULING FOR
HETEROGENEOUS APPLICATIONS IN DISTRIBUTED GREEN
CLOUDS

This chapter presents the details of the proposed Fine-grained Spatial Task Scheduling
(FSTS) algorithm, and it is organized as follows. Section 10.1 introduces the frame-
work of multiple green cloud data centers (CDCs), and formulates a single-objective
constrained optimization problem for FSTS. It adopts a G/G/1 queuing system to
analyze the performance of servers in distributed CDCs. Section 10.2 describes the
proposed Bees Algorithm based on Simulated annealing (BAS) to solve the problem
for obtaining a close-to-optimal solution such that the energy cost is minimized.
Real-life data-driven simulation experiments are conducted to evaluate the proposed
FSTS in Section 10.3. Section 10.4 provides the appendix. Finally, Section 10.5

concludes this chapter.

10.1 Problem Formulation
This section formulates a constrained optimization problem for FSTS. The illustrative
framework of multiple CDCs is similar to Figure 7.1 in Chapter 7. Let N'¢ denote
the number of CDCs. Users’ arriving tasks are sent through electronic devices, e.g.,
smart phones, laptops, computers and servers to N CDCs, and they are scheduled
by Task Scheduler based on an FCFS manner.

FSTS is periodically executed in Task Scheduler to minimize the energy cost
by intelligently scheduling tasks of each application among multiple centers, and
optimally determining the running speed of each server and the number of switched-on
servers in each CDC. For clarity, main notations in this chapter are summarized in

Tables 10.1 and 10.2.
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Table 10.1 Main Symbols-Part 1

Notations

Definition

Number of CDCs

NA Number of applications
Nep Number of homogeneous servers for application n in CDC ¢
K[ Number of switched-on servers for application n in CDC ¢ in
T time slot 7
Ten Interarrival time for each server of application n in CDC ¢ in
g time slot 7
5 r e Variance of 7"
ten Mean of 7"
AS™ Task arriving rate of application n in CDC ¢ in time slot 7
n Random size of each task of application n scheduled to each
Te server in CDC ¢
Oen Variance of 7}
T Mean of r7
pen Running time of each task on a server of application n in
T CDC c in time slot 7
en Running speed of each server of application n in CDC ¢ in
o7 time slot 7
e Variance of £
Orem Mean of t&"
n Maximum running speed of each server of application n in
G CDC ¢
AZ Arriving rate of tasks of application n in time slot 7
AS" Task arriving rate of application n in CDC c¢ in time slot 7
Ten Response time of tasks of application n in CDC ¢ in
T time slot 7
L Time slot length

10.1.1 Task Response Time Model

This chapter presents a task response time model. Let N4 denote the number
of applications. In CDC ¢ (1<c<NY), there are ]\qun homogeneous servers for
application n (1<n<N A). Let ](\)f ren denote the number of switched-on servers for

o A
application n in CDC c in time slot 7. Thus, N ., must not exceed N, ,, i.e.,

0<Nen<Nep, Npen€NT (10.1)

This chapter uses a G/G/1 queuing model to analyze the performance of each
switched-on server. The execution time and interarrival time of each task have
arbitrary probability distributions in each switched-on server. Let 7" denote the

interarrival time for each server of application n in CDC c in time slot 7. Its variance
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Table 10.2 Main Symbols-Part 2

Notations Definition

T, Response time limit of application n
pen Amount of power consumed by each server of application n
T in CDC c in time slot 7
[en Supply voltage of each server of application n in CDC ¢ in
T time slot 7
en Clock frequency of each server of application n in CDC ¢ in
Xr time slot 7
be Amount of power consumption of each idle server of
n application n in CDC ¢
Pt Total power consumed by CDC ¢ in time slot 7
E. Maximum amount of energy in CDC ¢
p Amount of wind power consumed by tasks of each
e application in CDC c¢ in time slot 7
;, Amount of solar power consumed by tasks of each
T5e application in CDC ¢ in time slot 7
P1c Wind-to-electricity conversion rate of CDC ¢
D2e On-site air density of CDC ¢
G3c Rotor area of wind turbines of CDC ¢
Orac Wind speed of CDC c¢ in time slot 7
Vr.3c Solar irradiance of CDC ¢ in time slot 7
Ve Active irradiance area of solar panels of CDC ¢
V1e Solar-irradiance-to-electricity conversion rate of CDC ¢
o Price of power grid of CDC c in time slot 7
E¢ Energy cost of CDC ¢ in time slot 7

is 6., and its mean is 7. It is worth noting that 6, ., and T°" can be set by
analyzing tasks in real-life data, e.g., Google cluster trace data. Let A%" denote the

task arriving rate of application n in CDC ¢ in time slot 7. Thus, \$" is obtained

as )\i”:ﬁin. Let 7 denote the random size of each task of application n scheduled
to each server in CDC c. The probability distribution of r! can be arbitrary. The
variance of 1] is 0., and its mean is 7.

Let t>™ denote the running time of each task on a server of application n in
CDC c in time slot 7. Let ¢%" denote the running speed of each server of application

n in CDC c¢ in time slot 7. Thus, t&"=r"/e%". Let t&", 6, ., and Q" denote the

mean, variance and variation coefficient of t>", respectively. Then,

fen=—t (10.2)

c,n

Or

<
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G rom=—C" (10.3)

en=VIren (10.4)

ecn
tq—’

It is assumed that servers in the same CDC are homogeneous while those in
different CDCs are heterogeneous. Let 9] denote the maximum running speed of

each server of application n in CDC c. Consequently, 0" needs to be less than or

equal to g7, i.e.,

0<os" <! (10.5)

The running speed of each server of application n in CDC c¢ in time slot 7 needs

to be large enough to execute the tasks scheduled to that server. Specifically, o%"

7T

T .

C

e,y b.€.,

cannot be less than =

fn
, c
In addition, the arriving rate of tasks of application n in time slot 7 is denoted
by A”. Let A" denote the arriving rate of tasks of application n in CDC c¢ in time

slot 7. Then, A” is the sum of task arriving rates of application n in all CDCs in time

slot 7. Therefore, (10.7) is obtained.
Ar= A0 (10.7)

Then, let T°™ denote the response time of tasks of application n in CDC ¢ with

o
N . servers in time slot 7. L denotes the length of each time slot. Consequently,

ey

Tﬁ’”zgﬁ‘fﬁ (7> +000) AL, (10.8)

T

16 &T,c,n(si’n)2+5’c,n

T2 T ) (TP 6P )
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o
_ cn — N o . . . .
where 7'=27-% and To"="25m 5., is obtained by calculating the variance of the

PN
N‘r,c,n T
data including 7y, 7, - - -, and rﬁg 0rcn s obtained by calculating the variance of
the data including 71, 722, ., and TN N,

It is worth noting that the derivation of (10.8) is presented in Appendix. Let
T,, denote the specified response time limit of application n. Then, T/“" needs to be
less than or equal to 1}, i.c.,

Te"<T, (10.9)

10.1.2 Energy Cost Model

This chapter introduces the energy cost model of CDCs. The power consumption
accounts for a majority of energy cost of CDCs [18]|. Let P“" denote the amount of
power consumed by each server of application n in CDC ¢ in time slot 7. Let U®"
and x¢" denote the supply voltage and clock frequency of each server of application
n in CDC c.

According to the work in [244], US"x (Xi’”)%vc’" for a constant ’Oyg,c,n>0 in
the perfect case. In addition, %" is linearly proportional to x¢", i.e., pS"ocxS™.
Therefore, similar to the work in [36], Uf’”zgym’c,n (X‘,i’”)%gvcv” and Q?”:%H’c?nxi’".
%1076771 and %11,C,n are constants for each server of application n in CDC c. Consequently,

P™ is obtained as:

cn__qn, n cn\2 | cemn
PT _ﬂcwc (UT ) Xr

0 0
:792(710,@7@)2“?( ?n)279’c’"+1

0
c,n\279,c,nt1
—gn 0 2 n ( T ) or
- c(VlO,c,n) We 0
0 279,c,n+1
(Wll,c,n)

=T (oo™) ¢ (10.10)

T
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where 97, w!, US™ and x$" denote the activity factor, loading capacitance, supply
voltage, and clock frequency of each server of application n in CDC c¢. In addition,
7?279?(%10,C,n)2W?/(%11,0,71)2%9*’”“ and \1’222%9,(;,7{"1-

Note that each idle server also consumes some amount of power because of the
dissipation of static and short-circuit power, and other leakage and wasted power
[275]. @% denotes the amount of power consumption of each idle server of application
n in CDC c. Besides, P¢ denotes the total power consumed by CDC ¢ in time slot 7.

Similar to the work in [24, 246], P¢ is given as:

NA NA
P= 3PS (Mo (T 020 ) 1011
n=1 n=1

Then, let E.. denote the maximum amount of energy in CDC ¢. Based on (10.11),
the total energy consumed by CDC c in time slot 7 is P¢L, which must be less than

or equal to E., i.e.,

NA
> (R (e v ) 18, (1012)

n=1

Let 15776 and P . denote the amount of wind and solar power consumed by tasks

in CDC c¢ in time slot 7, respectively. According to the work in [246],

ﬁr,c:%¢lc¢20¢30 (¢T,4C>3 (1013)

where ¢1., @2, ¢3. and ¢, 4. are the wind-to-electricity conversion rate, on-site air
density, rotor area of wind turbines, and wind speed of CDC c¢ in time slot 7,

respectively. Similarly, the following equation is obtained.

PT7C:1/J10,¢]2077DT,36 (1014)

where 1), 3. denotes the solar irradiance in time slot 7, 19, denotes the active irradiance

area of solar panels, and ;. denotes the solar-irradiance-to-electricity conversion rate
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of CDC c¢. Let p& denote the price of power grid of CDC ¢ in time slot 7, and let f5.°

denote the energy cost of CDC c. Then,

fQCé*: (max (Pﬁ—PT,c—ﬁﬂc, O)) piL (10.15)
Then, the energy cost of a CDC provider is obtained as:

NC NC
fao= Z for= Z (max (PTC—PT,C—PT’C, O>> psL
c=1

c=1
NC NA
=3 | max [ (V... (‘ig@:ﬂ@g@;)>_PT,C_157,C,o <L (10.16)
c=1 n=1

The objective is to minimize fos, i.€.,

c,n C,n
Nren 7507

Then, according to (10.1), (10.5), (10.6), (10.7), (10.9) and (10.12), the

constrained optimization problem is formulated as:

Min {fo2}
NT,c,'rL7>\7c"n7 i’n
subject to
0<N,, n<N.. (10.18)
0< o< (10.19)
,'777/

0o > = (10.20)
NC

Ar= Ao (10.21)
c=1

T <T, (10.22)
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NA
> (NT,C,n (‘ig (5™ qﬂg+ci>;)) L<E, (10.23)

n=1

Ny en€NT, 05720, Xa"20 (10.24)
AS"=0, if N, =0 (10.25)
AS">0, if Nyep>0 (10.26)

Then, its solution algorithm is introduced next.

10.2 Bees Algorithm based on Simulated annealing

o
f22 is nonlinear with respect to N, ,, A2", and ¢¢". Therefore, its optimization

T
problem is a constrained and nonlinear. Let x denote the vector of decision variables
o
including N .,, A¢", and o¢". To effectively solve it, this chapter adopts a penalty

function method to transform it into an unconstrained problem, i.e.,

Min {EQ:JO\'?ZSHQZ} (10.27)
In (10.27), }1—;; denotes an augmented objective function and /0\7' a positive
number that is ten times larger than the upper bound of fss. U denotes the penalty
corresponding to all constraints, and it is calculated with (3.21) in Chapter 3.
Currently, there are many classical algorithms, e.g., dynamic programming
[276], Lagrange multiplier [277], Branch and bound [278], and Bucket elimination
[279], to solve it. Nevertheless, they usually need the first-order or second-order
derivatives of the objective functions. They are effective to solve some constrained
optimization problems with certain required mathematical structures [31]|. Yet, their
optimization processes are difficult and their final solutions are often unsatisfied.
To tackle such shortcomings, many studies design meta-heuristic algorithms
that obtain near-optimal solutions to the constrained optimization problem in rea-
sonable execution time. They have several advantages including easy implementation,

robustness, handling complex nonlinearities and discontinuities of objective functions.
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In the category of intelligent optimization tools, swarm-based optimization algorithms
(SOASs) are search ones that can efficiently locate relatively good solutions [280]. SOAs
are inspired by methods in nature to provide an effective search towards an optimal
solution. SOAs differ from direct search algorithms, e.g., hill climbing, because SOAs
adopt a population of solutions for each iteration instead of one single solution. These
solutions are updated iteration by iteration, and and output when some termination
conditions are met.

Among SOAs, Bees Algorithm (BeesA) is an optimization one inspired by the
foraging behavior of natural honey bees. It is commonly applied due to its easy
implementation and quick convergence [281]. In BeesA, a colony of honey bees extend
themselves over long distances in different directions. Flower patches with more pollen
or nectar that is collected with less effort should attract more bees, whereas those with
less pollen or nectar attract fewer ones. Scout bees randomly search from one patch to
another, and evaluate different patches. Then, their pollen or nectar is deposited and
they perform a waggle dance in a dance floor. The information including direction
of flower patches, distance from their hive and fitness is communicated through their
waggle dance by exchanging the angle information between sun and patches, duration
and frequency of the dance. Follower bees follow a dancer bee to quickly and efficiently
collect food. The same patch is advertised through the dance for many times when
going to the hive if it is good enough as a food source, and more bees are attracted
to that patch. The flower patches with more nectar or pollen are visited by more
bees. Thus, patches may be visited by more bees, or abandoned depending on the
fitness. BeesA has been applied in many areas, e.g., real-time production scheduling
[282] and intelligent transportation systems [283].

BeesA is very efficient in obtaining high-quality solutions to constrained
optimization problems. However, there are a number of tunable parameters that

need to be figured out. In addition, it is often easy to trap into a local optimum
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in its search process and causes premature convergence. Thus, the quality of its
final solutions is unsatisfied if it is used to solve complicated optimization problems
with large solution spaces. Simulated annealing (SA) is able to escape from a locally
optimal solution by conditionally enabling some moves to worsen solutions by using
its criterion of Metropolis acceptance [284].

It is proven that SA can theoretically obtain a global optimum with high
probability, and it can obtain high-accuracy solutions to different types of discrete
and continuous optimization problems [52]. Nevertheless, its convergence process is
relatively slow in most cases. Thus, this chapter designs a hybrid algorithm named
Bees Algorithm based on Simulated annealing (BAS) to solve the unconstrained
optimization problem by integrating the Metropolis acceptance criterion of SA into
BeesA. Specifically, this chapter performs SA-based selection with to update each elite
or non-elite bee. The other novelty is SA-based selection and the use of disruptive

selection to increase its convergence speed and solution accuracy.

10.2.1 Individual Encoding
Each scout bee (individual) ¢ contains decision variables including N .,, A%", and
09". Let x; denote the position of each individual :.

] o

1,1 NOENA 1,1 NCNA
Xi= N’T71,17."7NT,NO,NA7)\T 7"'7/\ y 0775 O (1028)

T

10.2.2 Population Initialization
Let |X| denote the number of scout bees, i.e., the population size. Let )%Z»,d denote the

initial decision variable d of individual i€{1,2,...,|X|}, i.e.,

>0<z‘,d =67 + Wis,i* <ég—é§l> (10.29)

where 8¢ and 0¢ are upper and lower limits of decision variable d, and wig; is a

number for individual ¢ randomly produced in the range of (0,1).
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10.2.3 SA-based Selection

This chapter performs SA-based selection to update each elite or non-elite bee. Let

g+1)’

1

x? and x9™" denote positions of bee i in iterations g and g+1. If ]f‘“;g(xf )Z}TQ;(X

x9 is accepted; otherwise, it is accepted only if

(F2(e) T2 (o4 ™))
0

erp

>wir (10.30)

where 6§ is the temperature in iteration g and w7 is a random number in (0,1).

10.2.4 Disruptive Selection
Disruptive selection provides more chances to select lower and higher individuals in

the population. To achieve it, the following equations are first defined as:

Fi=|Fi—F| (10.31)
. F
Fimss (10.32)

As is shown in (10.31), a disruptive selection operation alters fitness value (F;)
for individual 7 in the population. First, F; is defined as the absolute value of the

difference between the fitness (F;) of individual ¢, and the average value (F) for all

,

individuals. Second, the new fitness function (F;) for individual 7 is calculated via

(10.31) as ﬁ It is observed that the higher and lower-quality individuals are
more preferable. This means that disruptive selection aims to increase the diversity of
individuals in the population by retaining diverse individuals. Then, the population
of |X| scout bees is sorted with disruptive selection in (10.31).

Algorithm 8 shows details of BAS. Line 1 initializes |X| scout bees being
randomly placed in the search space. Let § denote number of generations. 65 denotes
current temperature in iteration g. Line 3 sets the initial temperature 63 for SA. The

while loop in Lines 4-26 produces the best solution searched, x. Line 5 evaluates the

fitness of the sites searched by scout bees after return. Line 6 reorders the population
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Algorithm 8 BAS (Bees Algorithm based on Simulated annealing)

1: Initialize a population of |X| scout bees

3
4: while g<g do

5:  Evaluate the fitness of the population

6:  Sort the population of |X| scout bees with disruptive selection in (10.31)
7: Select the best scout bee (x)

8:  Select M sites for the neighborhood search

9:  Determine the neighborhood size, M

10:  for i<+ 1to M do

11: Recruit M bees for elite site ¢

12: Select the best one among M recruited bees

13: Perform SA-based selection with (10.30) to update elite bee i

14:  end for o

15:  for [+ ito M—M do

16: Recruit M bees for non-elite site 4

17: Select the best one among M recruited bees

18: Perform SA-based selection with (10.30) to update non-elite bee i
19:  end for

20:  Update the fittest bee from each selected site
21:  Assign |[X|—M remaining bees to random search
22:  Produce a new population of |X| scout bees

23:  Reduce the neighborhood radius

24: g+ g+1

25 09 «— 0 'xbs

26: end Whi*le

27: Output x

of |X| scout bees with disruptive selection (10.31). Line 8 selects M fittest sites from
IX| scout bees for neighborhood search. Line 9 determines the neighborhood size, M,
and performs a neighborhood search to update M scout bees. It is important because
there may be better bees in the neighborhood area. Lines 10-14 update M elite sites
by randomly recruiting M bees for each elite site, selecting the best one among M
recruited bees, and performing SA-based selection with (10.30) to update each elite
bee. Similarly, Line 9 determines the neighborhood size. Lines 15-19 update M—M
non-elite sites by randomly recruiting M bees for each non-elite site, selecting the
best one among M recruited bees, and performing SA-based selection with (10.30) to

update each non-elite bee.
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Line 20 updates the fittest bee from each selected site to form the next
population. More bees are recruited to follow the elite M sites to search in
their neighborhood including more promising solutions. Therefore, the differential
recruitment is an important and key operation of BeesA. Line 21 assigns |X|—M
remaining bees to random search. Line 22 produces a new population of |X| scout
bees. Then, the new population has two parts including a representative from each
selected patch, and other scout bees that randomly searched. Line 23 reduces the
neighborhood radius. Line 25 reduces 63 by 65, which denotes the temperature cooling
rate. Finally, Line 27 outputs the best scout bee (;:), which is further transformed into

. . . . . o e C \fA C AfA
decision variables including [N, 11, -+, Nyycpa, Abt, -, MNVENT gL L NENTY

10.3 Performance Evaluation
This chapter evaluates the proposed BAS with real-life data. BAS is implemented and
coded with MATLAB 2017, and it is executed in a server with a 32-GB DDR4 memory
and an Intel Xeon E5-2699AV4 CPU at 2.4 GHz. This chapter adopts realistic task
arriving rates of three applications in Google cluster trace! to evaluate the proposed

BAS. Figure 10.1 shows task arriving rates.

10.3.1 Parameter Setting
Similar to Chapter 8, this chapter adopts the real-life prices of power grid in Figure
8.3 to set three CDCs. In addition, this chapter adopts the wind speed in Figure 3.3
and solar irradiance in Figure 3.4 to set three CDCs. In addition, the length of each
time slot is 5 minutes, i.e., L=300 seconds.

Here, this chapter considers three applications deployed in three CDCs, i.e.,
NC=3 and N=3. Following the work in |22, 24|, Table 10.3 shows the setting of
parameters related to energy suppliers including power grid, wind energy and solar

energy. In addition, this chapter adopts real-life data about wind speed? and solar

Yhttps://github.com/google/cluster-data (accessed on May 6, 2019).
http:/ /www.nrel.gov/midc/nwtc_m2/ (accessed on May 10, 2019).
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Figure 10.1 Task arriving rates of three applications.
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Figure 10.2 Prices of power grid in three CDCs.

Table 10.3 Parameter Setting of Wind and Solar Energy

Wind‘ energy Solar energy
lec ¢3c (mZ) ¢2c (kg/md) wlc 1/}20 (mZ)
c=1 0.3 250 1.225 0.2 150
c=2 0.375 312.5 1.5313 0.25 187.5
c=3 045 375 1.8375 0.3 225

Table 10.4 Parameter Setting of Three CDCs-Part 1
- T vy bs (W)
EC(WH) n=1 n=2 n=3 n=1 n=2 n=3 n=1 n=2 n=3
c=1 2.1x10" 105 74 44 1.
1
1

1 115 1.25 200 300 400
0O 11 1.2 400 500 600
1 12 13 600 700 800

c=2 25x10'* 125 94 6.4
c=3 1.25x10'" 145 114 64

irradiance® for 24 hours. In addition, similar to Chapter 9, this chapter adopts the

wind speed in Figure 3.3 and solar irradiance in Figure 3.4 to set three CDCs.

3http://www.nrel.gov/midc/srrl_bms/ (accessed on May 10, 2019).
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Table 10.5 Parameter Setting of Three CDCs-Part 2

Ncn é?
n=1 n=2 n=3 n=I1 n=2 n=3
c=1 110 120 130 29x10* 3.0x10* 3.1x10%

c=2 140 150 160 3.0x10* 3.1x10* 3.2x10%
c=3 160 170 180 3.2x10* 3.3x10* 3.4x10*

In addition, 77, ¥?, &¢ N,, and ¢ are set in Tables 10.4-10.5. Besides,
T:=0.05 seconds, T5=0.1 seconds, and T5=0.15 seconds. It is worth noting that
BAS is sensitive to its parameter setting. Therefore, according to the parameter
setting in previous studies [52, 207, 285], many trials are performed to investigate the
optimal parameter setting in BAS with a grid search approach [286, 287|. The final
parameter setting of BAS is given as follows. N¢=3, N4=3, 8¢=0 (1<d<3+xNC*N*),
619=[110, 120, 130, 140, 150, 160, 160, 170, 180], O1%18=2x103, and @1927=[2.9x10%,
3.0x10%, 3.1x10%, 3.0x10%, 3.1x10%, 3.2x10%, 3.2x10%, 3.3x10%, 3.4x10%]. §=1000,
|X]|=30, M=15, M=6, M=30 and M=15. Let 7, 05 and 65 denote the

l,e,n l,e,n

neighborhood radius of N, .,, A>" and ¢%", respectively. Then, 07=14.7, 9/*19767”:200

and 51516,”:3133. Let 05 denote the reduction rate of neighborhood radius and

65=0.99. Besides, #9=5x10° and 6;=0.985. In addition, N=10'7 and J,=3,=1.

10.3.2 Experimental Results

2000/ °CDC1-CDC2=CDC3 ., , ]
° ; i

15004 |

1000}

5001,

Task arriving rates (#/second)

S L
OO 50 100 150 200 250
Time slot number

Figure 10.3 Arriving rates of type 1 tasks allocated to three CDCs.

Figures 10.3-10.5 show the arriving rates of tasks of three applications allocated

to three CDCs, respectively. It is clearly observed that the number of tasks of
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Figure 10.4 Arriving rates of type 2 tasks allocated to three CDCs.
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Figure 10.5 Arriving rates of type 3 tasks allocated to three CDCs.

each application allocated to CDC 1 is the highest and that allocated to CDC 3
is the lowest. Figures 10.6-10.8 show the number of switched-on servers for three
applications, respectively. It is clearly observed that they all do not exceed their
corresponding limits. Besides, it is also observed that the number of switched-on
servers in CDC 1 for each application is the highest and that in CDC 3 is the lowest.
This is because the price of power grid of CDC 1 is the lowest and that of CDC 3 is
the highest. Therefore, the largest number of tasks are scheduled to CDC 1 with the
largest number of switched-on servers among three CDCs.

Figure 10.9 illustrates the amount of power grid energy consumed by three
CDCs. As is shown in Figure 3.6, prices of power grid of three CDCs vary from
each other. BAS aims to minimize the energy cost of the CDC provider by smartly
scheduling tasks of heterogeneous applications among multiple CDCs while satisfying

delay-bound constraints of all tasks of each application. It is shown that the amount
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Figure 10.6 Number of switched-on servers in three CDCs for type 1 application.
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Figure 10.7 Number of switched-on servers in three CDCs for type 2 application.
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Figure 10.8 Number of switched-on servers in three CDCs for type 3 application.

of power grid energy consumed by CDC 1 is the highest while that in CDC 3 is the

lowest. The result is consistent with prices of power grid in three CDCs, i.e., the

price of power grid in CDC 1 is the lowest while that in CDC 3 is the highest.
Figure 10.10 shows the total energy consumption of three CDCs. It is shown that

the total energy consumption of each CDC does not exceed its maximum available
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Figure 10.9 Amount of power grid energy consumed by three CDCs.

energy in each time slot. The reason is that BAS dynamically consumes the power
grid, wind and solar energy by smartly scheduling tasks of heterogeneous applications
among multiple CDCs, and suitably setting the running speed of each server in each

CDC and the number of switched-on servers in each CDC.

10.3.3 Comparison Results

To demonstrate the performance of BAS, this chapter compares it with two typical
meta-heuristic optimization algorithms, i.e., BeesA [288] and Genetic Learning
Particle Swarm Optimization (GL-PSO) [289]|. Each algorithm is repeated for 30
times independently to generate the statistical results. The reasons of selecting them
as BAS’s peers are:

1) BeesA [288]: As a swarm-based optimization algorithm, BeesA is very efficient
in finding high-quality solutions. BeesA has a search procedure that is inspired
by the way honey-bee forage for food. However, it needs to figure out a number
of tunable parameters, and it often easily traps into a local optimum and causes
premature convergence.

2) GL-PSO [289]: GL-PSO performs crossover, mutation and selection on par-
ticles’ historical information to construct well diversified and highly qualified
exemplars that guide particles’ search processes. GL-PSO enhances both the
search efficiency, robustness, scalability and the global search ability of PSO.

The key parameter setting of BeesA is the same as that of BAS. In addition,
the key parameter setting of GL-PSO is given as follows. The number of iterations

is 1000. The population size is 100. The intertia weight is 0.7298. The accelerate
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Figure 10.10 Total energy consumption of three CDCs

coefficients of the locally best and the globally best individuals are both set to 2. The
exemplar learning coefficient is set to 1.49618. The maximum velocity is 10. The
probability of mutation is 0.1. The comparison among BAS, BeesA and GL-PSO can
demonstrate the accuracy and the convergence speed of the final solution of BAS.

In addition, it is worth noting that BeesA and GL-PSO are all sensitive to their
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parameter setting. Consequently, similar to BAS, many experiments are performed
to specify the optimal parameter setting of both BeesA and GL-PSO according to
the grid search method [286] and similar setting of parameters in previous studies
[288, 289|. In addition, BeesA and GL-PSO terminate their search processes if they
do not find better solutions in successive 10 iterations.
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Figure 10.11 Energy cost comparison of BAS, BeesA and GL-PSO.
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Figure 10.12 Execution time comparison of BAS, BeesA and GL-PSO.

Figure 10.11 shows the energy cost comparison of BAS, BeesA and GL-PSO. It
is shown that compared with BeesA and GL-PSO, the energy cost of BAS is decreased
by 59.07% and 92.83% on average, respectively. Figure 10.12 shows the execution time
comparison of BAS, BeesA and GL-PSO. It is observed that compared with BeesA
and GL-PSO, the execution time of BAS is decreased by 26.31% and 46.15% on
average, respectively. BAS’s average execution time of all time slots is 65.94 seconds,

and it is 26.16% smaller than that of BeesA, 89.30 seconds, and 49.27% smaller than
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that of GL-PSO, 129.97 seconds. Figures 10.11 and 10.12 demonstrate that BAS

obtains a more accurate solution in less convergence time than BeesA and GL-PSO.
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Figure 10.13 Energy cost of each iteration in time slot 1.

20
=x10
~BAS - BeesA~GL-PSQ

Penalty

L

CO 200 400 600 800 1000
Iteration number

Figure 10.14 Penalty of each iteration in time slot 1.

Figure 10.13 illustrates the energy cost comparison of each iteration of BAS,
BeesA and GL-PSO in time slot 1. Here, each iteration of BAS means Lines 5-25
in Algorithm 8. The meaning of iterations of BeesA and GL-PSO is similar to that
of BAS. Figure 10.14 illustrates the penalty of each iteration in time slot 1, which is
obtained with (3.21) in Chapter 3. It is shown the penalty of final solutions of BAS,
BeesA and GL-PSO is near 0. This result demonstrates that their final solutions
satisfy all the constraints of the formulated problem. BeesA and GL-PSO need 951
and 996 iterations to converge to their final solutions, and their final energy cost are
$76165.77 and $218339.94, respectively. BAS only needs 201 iterations to converge

to its final solution, and its energy cost is $14832.58. Consequently, BAS significantly
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reduces the energy cost of the CDC provider in much fewer iterations than BeesA
and GL-PSO. Figures 10.13-10.14 demonstrate that the integration of the Metropolis
acceptance criterion of SA in BAS improves the solution diversity, and the global
search accuracy of BeesA.

To prove the effectiveness of FSTS, this chapter compares it with several task
scheduling methods [31, 76, 222, 290| in terms of energy cost and throughput.

1) M1. Similar to cheap price of power grid-first scheduling in [76], it schedules
tasks to CDCs by following the order of their prices of power grid.

2) M2. Similar to green energy-first scheduling in [31], it schedules tasks to CDCs
by following the order of their amount of wind and solar energy.

3) M3 [222]. Tt schedules tasks among distributed CDCs by leveraging geographic
and temporal variations of energy prices.

4) M4 [290]. It cost-effectively schedules tasks among CDCs by exploiting spatial
diversity of electricity prices.

Figures 10.15-10.17 show the throughput comparison of FSTS and M1-M4,
respectively. It is shown that the throughput of FSTS is greater than those of M1-M4
for each application in each time slot, respectively. For example, for application 1,
FSTS’s throughput is greater than those of M1-M4 by 25.99%, 25.37%, 10.30% and
7.74% on average, respectively. The reason is that the maximum number of servers,
running speed limits of each server and maximum energy in each CDC are all limited
in each time slot. In addition, FSTS intelligently schedules tasks of each application
among CDCs, and optimally sets the running speed of each server and the number of
switched-on servers in each CDC. Therefore, some tasks of users are refused and not
scheduled to CDCs when using M1-M4.

Figure 10.18 illustrates the energy cost of FSTS, M1-M4, respectively. To ensure
the actual performance of tasks, the penalty is required in SLAs for each rejected task
[291] after the negotiation between the CDC provider and users. The penalty of each
rejected task is usually greater than the largest energy cost corresponding to the

execution of each task of the same application among CDCs in each time slot. Thus,
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< FSTS + M1+M2+M3 M4

#

W b

o O

QO

¥ T
#~0
STrzzase

80
)

I

§
§

)

e SN

Throughput (#/se

=N
o O
ol o]

————

/

"

i
i
X
L ERE
P \ A % l
1 ™,

0 besssfed® b sl 4™ beend i
0 50 100 150
Time slot number

Figure 10.16 Type 2 throughput comparison of FSTS and M1-M4.

250

1000 ‘
s < FSTS
= A =M1
-g 800r M2
o M3
n i .
i:\t/ 600r / M4
5
o H il
< ¢
=) §
=1 §
e ]
< Feo R
" 2 i’-"“:; [
- -
100 150 200 250

Time slot number

Figure 10.17 Type 3 throughput comparison of FSTS and M1-M4.

this motivates the CDC provider to strictly guarantee delay constraints of tasks of
all applications. In Figure 10.18, the energy cost in each time slot is calculated by
summing up the energy cost of tasks executed in CDCs, and the penalty of rejected
tasks in each time slot. It is shown in Figure 10.18 that compared with M1-M4, the
energy cost of FSTS is decreased by 50.11%, 51.55%, 29.15%, and 25.27% on average,
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respectively. This is because FSTS intelligently schedules tasks among CDCs by

jointly investigating spatial variations in prices of power grid and the amount of

green energy in CDCs.
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Figure 10.18 Energy cost comparison of FSTS and M1-M4.

10.4 Appendix

The derivation of (10.8) is given here. The execution time of each task on a server of

application n in CDC c¢ in time slot 7 is gg%, i.e., tﬁ’”:;ﬁ?n.
Let W™ denote the average waiting time of tasks of application n in each
server in CDC ¢. According to the theory of the G/G/1 queuing system, Wo" is
approximately calculated as follows.
L+ (") Grentdren
(ot ()2 2T (1= ")

W o= (10.33)

(9" GrentOren

&

(Ae)2+ (Qem)* 277" (1 = po")

&TYCVTL A ~
1+ (t‘7c—7n)2 UT’C,TL—FO-T’C’TL
Fc,n 5 =cn c,n
(T )24 22 277 (1 — p7")
T
({c,n)Q_f_" ~ _|_ jod
T Oren  OrenTOren

= TC,n ~ : T—C,n c,n (1034)
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Then, the average response time of tasks of application n in each server in CDC

c in time slot 7 is denoted by 7", and it is calculated as follows.

TC ,n ’TC ,n W;—j,n
o (t?’n) +0—T7C,n &T,C,n+6—7,c,n
(ﬁ67n)2+57,6,n 277"(1 = p7")

rem\2 |~ a ~
(tT ) +O—T7C7n O—T7C7n+0-7-7c7n

:7_:'6771_}_ TCcn ~ -C,n c,n
(7d7 )2+UTcn (7:'7 _t77 )
fg (C"—i_(acn)Q OTcn+(Ucn)
= C7”+ T crcn cn Fg‘
o (T + 2T — i)
_ f? ( ) +UCn O-Tcn(QTn)Q‘i_&cn
(TE")2 (07" )+ G e 20 e (T 07" —71)
77” _ 5 Grem(09™) 4G en
= ccn_{_((T?)Z_‘_O-C,n) c,n /TCn _cn C,m n ) (1035)
or 207" (T 07" — TE) ((T")2(07™)*+ G en)

It is worth noting that equation (10.35) is equivalent to (10.8). Then, (10.8) is

derived accordingly.

10.5 Summary
Cloud computing allows enterprises to achieve many benefits by reducing administra-
tive, capital and operational cost. Yet it suffers from the high energy consumption
problem that negates its advantages. Many large-scale enterprises adopt distributed
green cloud data center (CDC) systems to provide application services to users
through intelligent task scheduling. However, existing studies fail to minimize the
energy cost of a CDC provider by providing fine-grained spatial scheduling for tasks
of heterogeneous applications. In addition, many factors, e.g., prices of power grid and
the amount of green energy in green CDCs show their significant spatial variations.
Therefore, it is a big challenge to minimize the energy cost of the CDC provider.
This chapter uses a G/G/1 queuing model to analyze the performance of servers,
and further formulates a constrained optimization problem. It is solved by a newly

proposed Bat Algorithm based on Simulated annealing to find a close-to-optimal
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solution. Then, a Fine-grained Spatial Task Scheduling (FSTS) algorithm is proposed
to achieve the energy cost minimization for the CDC provider by optimally allocating
tasks of heterogeneous applications among multiple CDCs, and specifying the running
speed of each server and the number of switched-on servers in each CDC. Real-life
data-driven experiments demonstrate that FSTS can decrease energy cost and ensure

the highest throughput in comparison with its several up-to-date scheduling methods.
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CHAPTER 11

PROFIT-MAXIMIZED COLLABORATIVE COMPUTATION
OFFLOADING AND RESOURCE ALLOCATION IN DISTRIBUTED
CLOUD AND EDGE COMPUTING SYSTEMS

This chapter presents the details of the proposed profit-maximized collaborative
computation offloading and resource allocation, and it is organized as follows.
Section 11.1 first gives an illustrative framework of the system, and then formu-
lates a constrained profit maximization problem. Section 11.2 presents details of
Simulated-annealing-based Migrating Birds Optimization (SMBO) to efficiently solve
it. Real-life data is adopted to evaluate it in Section 11.3. At last, the conclusion is

drawn in Section 11.4.

11.1 Problem Formulation

This section gives the formulation of a constrained optimization problem for a cloud
and edge computing system as is shown in Figure 11.1. In this chapter, the framework
includes three layers, i.e., terminal, edge computing and cloud data center (CDC)
ones. The arriving tasks of users are sent through heterogeneous smart mobile devices,
e.g., iPad, smart phones, computers, sensors on the road and all they are produced
at the terminal layer, and the returned results are sent back to this layer eventually.
These tasks need to be executed by such applications as industrial internet devices,
smart home, smart city, autonomous driving and medical monitoring.

This chapter considers a heterogeneous network to deliver arriving tasks to
nodes in edge computing and CDC layers. As is shown in Figure 11.1, for a given
area, the wireless infrastructure of this network mainly includes many WiF'i access
points and multiple small-cell base stations (SBSs). The cell radius of SBSs that might
be hosted by different mobile telecom carriers varies from 0.01 km to 2 km, and SBSs

are mutually interconnected and reachable to transmit signals and messages. SBSs,
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Figure 11.1 Illustrative system framework.

e.g., WiFi access points, gateways and micro cells, are part of the network for highly
populated urban areas. Tasks are delivered to the edge computing layer including a
task scheduler and nodes in edge computing. The scheduler smartly allocates tasks
between the edge and CDC. If a task is scheduled to CDC, a macro base station just
forwards it to CDC; otherwise, a macro base station (MBS) needs to execute it in its
node (server) at the edge computing layer.

MBS is located at the network edge, and consists of many heterogeneous nodes
with limited storage, computing and transmission ability. It provides ubiquitous
coverage and its cell radius varies from 8 km to 30 km. It receives tasks from the
terminal layer, and executes some of them locally and sends others to CDC through
Internet backbone. It reduces tasks’ latency and alleviates pressure on the CDC layer.
The CDC layer typically owns and manages multiple interconnected server clusters
with large computing and storage capacities and provides different kinds of cloud

resources to handle complex tasks.

11.1.1 Decision Variables
Let y>? be a binary variable. If task s is scheduled to execute in node ¢ in the edge
computing layer in each time slot 7, y®?=1; otherwise, y>9=0. Let NI denote the

number of tasks scheduled to nodes in the edge computing layer in time slot 7. Let

i denote the task service rate of CDC servers in time slot 7. It is assumed that
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users’ arriving tasks can be executed in the edge computing or CDC layer. Thus, in
time slot 7, NI needs to be less than or equal to the total number of arriving tasks
inT, AL, e,

NI<A L (11.1)

where A, is the task arriving rate in time slot 7, and L is the length of each time slot.
Let N? denote the maximum number of tasks that can be executed by node ¢

in edge in time slot 7. Thus,

N{
> uprens (12)
s=1

In the edge computing layer, there are N° heterogeneous nodes. In time slot 7,
task s has to be and can only be scheduled to execute in only one node in the edge

computing layer. Thus,

NO
> yri=1 (11.3)
q=1

11.1.2 Response Time

The total number of arriving tasks in time slot 7 is A, L according to (11.1). Then,
the number of tasks scheduled to execute in CDC in time slot 7 is (ATL—NI). Let 5\7
denote the arriving rate of tasks scheduled to CDC in time slot 7, i.e., ),\T:)‘TLT_NI.
Let T! denote the maximum response time of tasks executed in all nodes in the edge
computing layer in time slot 7. Let T denote the average response time of all tasks
executed in the CDC layer in time slot 7.

Let T%% denote the execution time of task s (1<s<NI) on node ¢ (1<g<N?).

Let N denote the size of task s. Let h, denote the processing speed of node g. Then,

B (11.4)
q
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It is worth noting that the maximum response time (TI) of all tasks executed
in the edge computing layer includes transmission time and computation time in the

CDC layer. Then, TI is obtained as:

NO
T N 5,q
T! max Z;TT (11.5)

Let 77 denote users’ response time limit for tasks scheduled to execute in the

edge computing layer. Thus, T cannot exceed Tt i.e.,

Ti<Tt (11.6)

Similar to the work in [110, 245], this chapter adopts an M /M /1 /Nt /oo queuing
system to analyze the behavior of switched-on servers in CDC. Here, N# denotes the
maximum number of tasks that all servers in a CDC can execute. It is assumed that
users’ tasks arrive in a Poisson process with mean rate A, and task service time has
an exponential distribution with mean rate p,. Let TF denote the average response
time of tasks scheduled to execute in the CDC layer. Let 7% denote users’ response
time limit of tasks scheduled to execute in the CDC layer. Then, T} is obtained as:

; Als
TT:UT+m (117)

T

where

y or <Ni + 1) (pT)Ni—H
AT :1—p N 1 Ni4+1
T - (pf)

Y

A17: 1 pTA
T 1 ( 7_)Ni+1
Ar
Pr=—"
fir
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v, is the total transmission time of input/output data to/from the CDC layer
through MBS, and A7 is the possibility when there are no tasks in the CDC layer in
the current time slot.

In addition, to guarantee the stability of a task queue in the CDC layer, (11.8)
has to be met:

A <piy (11.8)

In time slot 7, T* cannot exceed its limit Ti, i.€.,
Ti<T? (11.9)

11.1.3 Profit
Then, let fi, fo and F; denote total revenue, total cost and total profit in time slot

7. Then, F} is obtained as:

Fi=fi—fs (11.10)

To meet the actual response time requirements of users, this chapter uses service
level agreements (SLAs) [292, 293| as legal contracts. They are typically predefined
between users and cloud providers. In this chapter, SLAs specify the revenue or
penalty if the response time of tasks is within or beyond their limits, respectively.
Long response time of tasks leads to worse quality of applications and it reduces
profit of the system providers that not only have to meet tasks’ quality of service
(QoS), but also to maximize the total profit. In this chapter, QoS is defined as the
response time of tasks. This chapter adopts the following SLA as an example. If the
actual response time of a task is less than or equal to 0.1 seconds, its revenue is $0.5;
otherwise, its penalty is -$0.2. Let x denote the actual response time of a task, and

let A'(t) denote its corresponding revenue or penalty. Then,
0.5,  t<0.1 seconds

AP (t)= (11.11)
—0.2, t>0.1 seconds
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According to (11.11), the revenue brought by each task scheduled to execute in
the edge computing layer is A'¥(TI). Then, the total revenue brought by all tasks
scheduled to execute in the edge computing layer is A¥(TI)NI. Similarly, the revenue
brought by each task scheduled to execute in the CDC layer is A”(T#). Then, the
revenue brought by all tasks scheduled to execute in CDC is A*(T%) (\,L—NJ). F,
is obtained as:

A=AY(THNI A (TH <)\TL—N7T> (11.12)

Let f55 denote the energy cost of all tasks scheduled to execute in the CDC layer
in time slot 7. Let fo3 denote the execution cost of all tasks scheduled to execute
in the edge computing layer in time slot 7. Then, fo consists of fys and fo3. Let
f5347 denote the execution cost of task s scheduled to execute in node ¢ in the edge

computing layer in time slot 7. Let d denote the upper limit of foil.

fi<d (11.13)

fo3 is obtained as Zﬁl Zév:ol (yf_’q f;gf). Let p, denote the price of power grid
in time slot 7. Let E, denote the amount of energy consumed by all tasks scheduled
to execute in the CDC layer in time slot 7. Thus, foo=p,FE,. Similar to the work
in [294, 295], the data transmission cost between CDC and edge computing layers is

ignored. Thus, f5 is obtained as:

NI NO
Fo=Pr B Y 0> (2 f54) (11.14)

s=1 g=1

11.1.4 Energy Consumption
® and & denote the peak and idle power of each server in the CDC layer, respectively.
N denotes the number of tasks processed by each switched-on server per time in the

CDC layer, and a denotes the power usage effectiveness value [296] of CDC. Following
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the work in 23], energy consumption E; is calculated as follows.
AS A+ AN (1-6,)
N

E.= L (11.15)

AS=0+ (a—1)

~ ~

A=p—

I— Pr NE:
(o )

T:

Let E denote the maximum amount of the total available energy in the CDC
layer. Then, E, cannot exceed A, i.e.,
A +A*A, (1-0,)
N

L<E (11.16)

The execution cost of all tasks scheduled to execute in the edge computing layer
needs to be less than or equal to the energy cost of all tasks scheduled to execute in
the CDC layer in time slot 7, i.e.,

5™ () <po (1.7
s=1 gq=1

Let N denote the maximum number of servers in the CDC layer. Then, the

number of switched-on servers is p, /N, which must satisfy:

Brew (11.18)
N

11.1.5 Load Balance Model

In the edge computing layer, several load factors can be used to evaluate the load
balance of nodes [297]. This chapter considers three important factors including CPU,
memory and bandwidth [298|. To allocate resource reasonably, this chapter defines

the load level of each node ¢ in time slot 7 as follows.

Ki=50 0 a0y pr T sy 07 (11.19)
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1

where 1?7, 2% and >4 denote the utilization of CPU, memory and bandwidth

resources of node ¢ in time slot 7, respectively. ), ») and s denote their weights
and satisfy:

42+ =1 (11.20)

b 29 and 37 cannot exceed 1, i.e.,
Ni

yrist
pri=———<1 (11.21)

pri="= <1 (11.22)

pa==l <] (11.23)

where ¢7, ¢§ and ¢; denote the amount of CPU, memory and bandwidth resources
needed by each task s, respectively. fir, hiy and fig are the maximum available amount
of CPU, memory and bandwidth resources in each node, respectively.

Let k., denote the average load level of all nodes in the edge computing layer in

time slot 7. Then, (11.24) is obtained.

Rr= (11.24)

Let e, denote the load balance level of all nodes in the edge computing layer in

time slot 7. This section uses the standard deviation to characterize it, i.e.,

NO
€= % S (k- R)'<e (11.25)
q=1
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where € denotes the specified maximum load balance level. It is worth noting that

the lower ¢, is, the more balanced the edge computing layer is.

11.1.6 Profit Maximization Problem

The objective is to maximize Fi, i.e.,

Max {Fi} (11.26)

yi’qui#lT

subject to (11.1)—(11.3), (11.6), (11.8), (11.9), (11.13), (11.16)—(11.18), (11.21)-
(11.23), (11.25) and (11.27).

NIeNT, p,>0, yr?€{0,1} (11.27)

Then, SMBO used to solve the problem is described in the next section.

11.2 Simulated-annealing-based Migrating Birds Optimization
Note that F; is nonlinear in terms of y>%, NI and p,. Thus, it is a constrained
nonlinear optimization problem. To well solve it, this chapter designs a method of
penalty function to convert it into an unconstrained one, i.e.,

Max {ﬁ(w):Fl—./o\?U} (11.28)
yy NI

In (11.28), F, is a new objective function and ﬁ denotes a large positive
constant. 2 is a decision vector including y*¢, NI and p,. U denotes the penalty
if any equality and inequality constraint is violated, and it is obtained with (3.21) in
Chapter 3.

There are several traditional methods, e.g., convex programming, conjugate
gradient methods, quasi-Newton methods and interior point methods, to solve it.
But they often require the derivatives of objective functions in their optimization
problems. Thus, they are applicable to solve some typical constrained optimiza-

tion problems with specific mathematical characteristics [299]. In addition, their
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optimization steps are complicated and their obtained solutions to often intractable
problems are usually of poor-quality. To avoid such drawbacks of traditional
algorithms, several nature-inspired metaheuristic-based optimization algorithms, e.g.,
tabu search, genetic algorithm and particle swarm optimization, have been used to
find near optimal solutions to large-scale constrained optimization problems. Each
metaheuristic algorithm aims to find an improving solution iteration by iteration.

Among many, an emerging nature inspired metaheuristic algorithm named
Migrating Birds Optimization (MBO) is proposed in [300]. It differs from other
metaheuristic algorithms because it has a benefit mechanism among solutions. It is
inspired and derived from an effective V flight formation of migrating birds (solutions),
which brings benefits in energy saving because birds in other positions get benefit from
the birds in front. In MBO, there is a leader bird in the flock (population) and two
lines of other birds follow it. It is typically assumed that if the leader bird becomes
tired after flying for a certain time, it flies to the end of a line and one of other
following birds becomes a new leader.

Each solution compares itself with a number of its own neighbors, and several
best neighbors of the front solution. It is replaced by the best of them if it becomes
worse. It means that if one solution is not improved by its own neighbors, it may
be replaced by one of neighbors of its front solution. This operation is repeated for
several times. Then, the leader solution goes to the last position, and one of the
second solutions goes to the first position. The algorithm is terminated after a given
number of iterations.

MBO explores more areas within neighbor spaces of feasible solutions by first
initializing a number of parallel solutions for birds in a V formation. The leader
bird in the V-formation spends the most energy. In MBO, the neighborhood within
more promising solutions is explored in more details. After several iterations,

these solutions might move to different directions if they are improved along their
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ways. Nevertheless, finally most solutions of MBO may converge to one or several
local optima, and therefore, their quality is usually unsatisfying in many cases.
Consequently, the search accuracy of MBO needs to be improved.

Simulated annealing (SA) can conditionally jump from local optima by accept-
ing some worse moves with the Metropolis acceptance rule [301]. It is pointed that
SA can obtain global optima with large probability in theory, and SA is widely used
to find high-quality solutions to different optimization problems. However, its main
drawback is its very slow convergence speed. In this chapter, a hybrid algorithm
called SA-based Migrating Birds Optimization (SMBO) is proposed by combing SA’s
Metropolis acceptance rule and MBO. Specifically, this chapter adopts the SA-based
update mechanism to change a solution. Its novelty includes the integration of an
SA-based update mechanism into MBO, and the disruptive selection of solutions to

improve its solution diversity.

11.2.1 Solution (Bird) Encoding
Let |X| denote the number of solutions (birds) in the population. Each solution
i (1<i<|X|) includes decision variables including y5¢, NI and p,. x; denotes the

position of each solution i.
x;= |y~', - and yivi’NO, NI,y (11.29)

11.2.2 SA-based Update Mechanism

This chapter adopts an SA-based update mechanism to change a solution i. Let x?
and xf“ denote positions of each solution 4 in iterations g and g+1. 6§ denotes
current temperature in iteration g and ws denotes a random number in (0,1). If
widetildeFy (x?)>F (x71), x9™! is selected to update solution i; otherwise, it is

accepted only if
S(Fre-Fae ™)

03

>wy (11.30)
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11.2.3 Disruptive Selection
Disruptive selection chooses higher and lower-quality solutions. First, F; is defined

as the absolute difference between fitness value (F;) of solution i, and the average

— 7

value (F) for all solutions in the flock. Second, the new fitness function (F;) for

solution i is obtained as F;/ S°

1

1 F;. According to (11.31), decentralized solutions
that are farther from the average value for all birds have a larger chance to be selected.
Therefore, the disruptive selection can improve the diversity of birds in the flock by

selecting diverse ones. JF; is given as:

E:% (11.31)
> i i
Fi=|Fi—=F|

Let M denote the number of neighbor solutions for each solution. Let M° denote
the number of unused neighbor solutions of the current solution, which are shared
with the next solution in the V formation. Let N* denote the number of time slots.
Let g denote the number of total iterations. Algorithm 9 shows details of SMBO.
Line 1 initializes parameters including |X|, M, M° AN* and §. Line 2 initializes a
population of |X| initial solutions randomly. Line 3 sorts the initial flock according
to the ascending order of their fitness values obtained with (11.28). In addition, at
each iteration, solutions in the current flock are similarly sorted. Line 4 organizes
them in a V formation according to Figure 11.2. Figure 11.2 shows an exemplar
flock including 7 solutions, and their V formation. Here, solution 1 is the best while
solution 7 is the worst. Thus, solution 1 is corresponding to the leader bird, and its
successor solutions are 2 and 3, respectively. It is worth noting that solution 3 is
worse than solution 2, and both of them are worse than solution 1 and better than
solutions 4-7.

Line 6 initializes 63 with the starting temperature 63. Lines 9-30 perform N*

times to update all solutions in the flock. Line 10 creates M neighbors for the leader
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Figure 11.2 7-solution V formation.

solution and sorts them. Line 11 increases ¢ by M. Lines 12-15 create M—M°
neighbors for each solution i (2<i<|X|) and sort them. ¢ is increased by M —M?°
for each solution. Line 16 moves the best neighbor of the leader solution to )*((1),
and puts the second and third-best neighbors of the leader solution into the neighbor
sets of two successors of the leader solution. Lines 17-19 move the best neighbor of
solution i (2<i<|X|—2) to )*((z), and put M unused best neighbors of solution 4 into
the neighbor set of solution i+2. Line 20 moves the best neighbor of solution |X|—1
to )*((]X|—1), and puts M? unused best neighbors of solution |[X|—1 into the neighbor
set of solution |X|—1. Line 21 moves the best neighbor of solution |X| to )*((|X|), and
puts M° unused best neighbors of solution |X| into the neighbor set of solution |X]|.
Lines 22-28 adopt the SA-based update mechanism to change solution i (1<i<|X])
via (11.30). Specifically, if )*((z) is better than solution ¢, solution 7 is updated with
)*((z), otherwise, the SA’s metropolis rule is performed to update solution ¢ via (11.30).
Line 31 moves the leader solution to the end and forwards its left or right successor
to the leader position. Line 32 sorts all solutions except the leader in the flock.

Let )*( denote the set of best solutions in the flock. Line 31 moves the leader
solution to the end and forwards its left or right successor to the leader position.
Specifically, the leader solution is alternately moved to the left or right end. For

example, if the leader solution in the current iteration is moved to the left end, the

left successor is forwarded to the leader position. Then, the leader solution in the next
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iteration is moved to the right end, and the right successor is forwarded to the leader
position. Line 32 sorts all solutions except the leader in the flock. Line 34 reduces
temperature 65 by 63, which denotes the temperature cooling rate. The while loop
stops if g=¢. Line 36 returns the best solution (leader bird) in the flock, which is

. . . . . t
converted into decision variables including [y2!, - -, and y™N" NI, p,].

11.3 Performance Evaluation
This chapter evaluates the proposed SMBO with real-life data. SMBO is coded and
implemented with MATLAB 2017 in a computer with an Intel Xeon CPU with 2.4
GHz and a 32-GB memory.

11.3.1 Parameter Setting
This chapter uses realistic tasks collected from Google cluster trace! to evaluate the
proposed method. Figure 11.3 illustrates the task arriving rate in one day. In addition,
this chapter uses realistic price of power grid collected from the New York Independent
System Operator?. Figure 11.4 illustrates the price of power grid in one day. Besides,
the length of one time slot is 300 seconds, i.e., L=300 seconds.

In addition, the following parameters are set as follows. £=0.01, NI=30,

hi3=3000 MB/s, f,=1024 MB, and h;=2048 MIPS. In addition, <f, ¢§ and ¢ are

Thttps://github.com/google/cluster-data
https://www.nyiso.com/
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Algorithm 9 SMBO (SA-based Migrating Birds Optimization)

—_
—_

12:
13:
14:
15:

16:

17:
18:

19:
20:

21:

22:
23:

24:
25:
26:
27:
28:
29:
30:
31:

32:
33:
34:
35:
36:

—_
T2

Initialize parameters including |X|, M, M° N* and §
Initialize a population of |X| initial solutions randomly
Sort the initial flock according to their fitness values obtained with (11.28)
Organize them in a V formation according to Figure 11.2
g+ 1
03 < 69
while g<g do
11
while i<N* do
Create M neighbors for the leader solution and sort them
g=g+M
for i + 2 to |X| do
Create M—M?° neighbors for each solution ¢ and sort them
g=g+M—M°
end for ,
Move the best neighbor of the leader solution to X(1), and put the second-best
and the third-best neighbors of the leader solution into the neighbor sets of
two successors of the leader solution
for i < 2 to |X|—2 do
Move the best neighbor of solution i to X(i), and put M° unused best
neighbors of solution ¢ into the neighbor set of solution i+2
end for .
Move the best neighbor of solution |X|—1 to X(|X|—1), and put M° unused
best neighbors of solution |X|—1 into the neighbor set of solution |X|—1
Move the best neighbor of solution |X| to X(|X|), and put M° unused best
neighbors of solution |X| into the neighbor set of solution |X]
for i < 1 to |X| do
if X(7) is better than solution j then
Update solution i with X()
else
Use SA’s metropolis rule to update solution ¢ with (11.30)
end if
end for
1< 1+1
end while
Move the leader solution to the end and forward its left or right successor to
the leader position
Sort all solutions except the leader in the flock
g < g+1
09 < 6 "0
end while
Return the best solution (leader bird) in the flock

randomly produced in the range of (0,0.1), i.e., ¢3€(0,0.1) MB/s, ¢5€(0,0.1) MB and

¢5€(0,0.1) MIPS. In addition, N=0.05 tasks, N=2x103, E=1x10° WH, $=600 W,
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Figure 11.4 Price of power grid in one day.
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Figure 11.5 Number of tasks scheduled to edge computing and CDC layers.

=300 W, a=1.6 and 9=$0.01. Besides, v, is set to A8/ (,LLT (I—AH)) seconds.
In addition, 7%/ is randomly produced in the range of (0,0.01), i.e., f»3€$(0,0.01).
Tt=0.1 seconds, T7=0.1 seconds, L=300 seconds, Ni:?)(), N9=1000, »{=0.3333,
39=0.3333 and »§=0.3333.

Besides, N, is randomly produced in the range of (1x10°, 8x10%) processing
operations, i.e., N;€(1x10°, 8x10°%). h, is randomly produced in the range of
(1x10™, 2x10') processing operations per second, i.e., Ny€(1x10, 2x10™). The
parameters of SMBO are set as follows. |X|=51, M=3, M°=1, m=10, G=513,
TI=5x10% and #3=0.985. In addition, N=10",

11.3.2 Experimental Results
Figure 11.5 shows the number of tasks scheduled to edge computing, i.e., local

computing and CDC layers. It is shown that the number of tasks scheduled to the
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Figure 11.6 Number of switched-on servers in the CDC layer.
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Figure 11.7 Amount of energy consumed in the CDC layer.

CDC layer is much lower than that scheduled to the edge layer in each time slot.
The reason is that nodes in the edge layer are much closer to users and can avoid
the transmission delay of input/output data to/from the CDC layer through MBS.
Since CPU, memory, bandwidth, and storage resources, available energy, and the load
balance of all heterogeneous nodes in the edge computing layer are all limited.

Therefore, a few tasks also need to be offloaded to execute in servers in the
CDC layer but the number of offloaded tasks is much lower than that executed in
nodes in the edge layer. Figure 11.6 shows the number of switched-on servers in the
CDC layer. The maximum number of servers in the CDC layer is 2000, i.e., N=2000.
It is shown that the number of switched-on servers in the CDC layer is less than its
corresponding upper limit in each time slot.

Figure 11.7 shows the amount of energy consumed in CDC in each time slot.

The maximum amount of the total available energy in the CDC layer is 1x10% WH,

262



->-CDC layer-=-Edge computing layer

econds)

0.1r 79 ? g

Bool 11 o0 .
[0} A non n 1 noo °
E£006F ¢ e
Bo.0ars 1
= e [TARAS
So0ols ¥ bt g s
g 0.027¢ © ;I: 2% IR VA Oﬁ/ .\o
x 0 bas®sy ey "gatpateen M ey md W wne .

0 50 100 150 200 250

Time slot number
Figure 11.8 Total response time of each task in CDC and edge computing layers.
i.e., A=1x10> WH. It is shown that the amount of energy consumed in the CDC
layer is less than its limit in each time slot. It demonstrates that the proposed SMBO
dynamically consumes the energy in CDC and edge computing layers.

Figure 11.8 shows the total response time of each task executed in CDC and
edge computing layers. The users’ response time limits for each task scheduled to
execute in the edge computing and CDC layers are both set to 0.1 seconds, i.e.,
TT=T*=0.1 seconds. Therefore, it is shown that the total response time of each task
executed in CDC and edge computing layers is less than its limit in each time slot,
i.e., (11.6) and (11.9) are both met in each time slot. The results demonstrate that
the execution results based on the obtained schedule can strictly meet response time

limits of tasks.

-o-Load balance level
-=-Maximum load balance level
0.008 4

0.006f 7

0.004f . i

Load balance level

0.002- ) A gL R R e

£ e Q ;e ay
g8 A Rea 1% e [ 0%

A
000 o P YA 8
097 % M00s 06 g v O LR

o N
00 00° ©%0 4 ) ) )
O0 50 100 150 200 250
Time slot number

Figure 11.9 Load balance level of all nodes in edge computing layer.

Figure 11.9 shows the load balance level of all nodes in the edge computing

layer in each time slot. The specified maximum load balance level in the edge
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computing layer is 0.01, i.e., é=0.01. It is shown that the load balance level of
all nodes in the edge computing layer is less than its limit in each time slot. This
result demonstrates that SMBO provides the load balance among nodes in the edge
computing layer. The reason is that SMBO jointly considers CPU, memory, and
bandwidth resource limits, the load balance needs of all nodes, and different processing
capacities of heterogeneous nodes in the edge computing layer. The result in Figure
11.9 demonstrates that the proposed SMBO realizes the collaborative computation
offloading and resource allocation for all tasks by jointly optimizing the computation
offloading between CDC and edge computing layers, and specifying resource allocation

in CDC layer.

11.3.3 Comparison Results

To validate SMBO, this chapter compares it with two typical meta-heuristic
optimization algorithms including firefly algorithm (FA) [302] and Genetic Learning
Particle Swarm Optimization (GL-PSO) [289], and two baseline algorithms including
local computing and entire offloading. Here SMBO, FA and GL-PSO are repeated
independently for 30 times to produce their respective results. The reasons for
choosing them as benchmark algorithms are given as follows.

1) FA [302]: As an emerging meta-heuristic algorithm, FA can efficiently find
high-quality optima of multimode functions. Each of its fireflies is independent
of each other, and it is easy to be implemented in parallel. Its convergence speed
is fast, but it suffers from a premature convergence problem. The oscillation in
its search process happens repeatedly, and its accuracy is often unsatisfying for
high-dimension optimization problems.

2) GL-PSO [289]: GL-PSO applies a genetic learning mechanism of a genetic
algorithm (GA) to construct exemplars that are hybridized with particle swarm
optimization (PSO) in a cascade manner. Then, particles in PSO are guided by
the exemplars produced by GA. Thus, GA and PSO are integrated cohesively to
diversify the search of particles thus guiding the population to find high-quality
solutions. The search history of particles in PSO provides promising genetic
information to GA and helps it reproduce high-quality exemplars.
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3) Local computing. All arriving tasks of users are executed by nodes in the edge
computing layer.

4) Entire offloading. All arriving tasks of users are offloaded and executed in
servers in the CDC layer.

The comparison between SMBO and FA can demonstrate the former’s conver-
gence speed. The comparison between it and GL-PSO can demonstrate its solution
accuracy. Besides, SMBO, FA and GL-PSO are all sensitive to the setting of their
parameters. Therefore, similar to SMBO, several trials are conducted to determine
the parameter setting for both FA and GL-PSO with the grid search method [303].
Besides, SMBO, FA and GL-PSO stop their search processes if their solutions are not

improved in 10 consecutive iterations.
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Figure 11.10 Profit of each iteration of SMBO, FA and GL-PSO in time slot 1.
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Figure 11.11 Convergence time of SMBO, FA and GL-PSO in each time slot.

Figure 11.10 shows the profit computed at each iteration of SMBO, FA and

GL-PSO in time slot 1. Each iteration of SMBO refers to Lines 8-34 in Algorithm

265



9. The iterations of FA and GL-PSO are similar to those of SMBO. FA and GL-PSO
require 148 and 195 iterations to stop their searches, and their final profits are $365.72
and $694.76, respectively. On the other hand, SMBO only requires 126 iterations to
stop its search, and its final profit is $734.35. It is observed that compared to FA and
GL-PSO, SMBO’s average profit of all time slots is increased by 50.20% and 5.39% on
average, respectively. Figure 11.11 shows the convergence time comparison of SMBO,
FA and GL-PSO in each time slot. It is shown that compared to FA and GL-PSO,
SMBO'’s average convergence time of all time slots is reduced by 49.26% and 72.21%
on average, respectively. Therefore, SMBO increases the profit in less time and fewer
iterations than FA and GL-PSO. Figures 11.10 and 11.11 prove that the adoption
of SA’s Metropolis acceptance rule in the proposed method increases the diversity of

population and search performance.
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Figure 11.12 Profit of SMBO, FA, GL-PSO, local computing and entire offloading.
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Figure 11.12 illustrates the profit comparison of SMBO, FA, GL-PSO, local
computing and entire offloading. It is shown that compared with FA, GL-PSO, local
computing and entire offloading, the profit of SMBO is increased by 66.83%, 21.32%,
34.81% and 30.22% on average, respectively. The reasons are given as follows. As is
shown in Figure 11.10, the solution accuracy of SMBO is higher than those of FA,
GL-PSO, and therefore, the profit of SMBO is larger than those of FA and GL-PSO.
Local computing schedules all tasks of users to execute in nodes of the edge computing

layer. It is worth noting that battery energy, CPU, memory and bandwidth resources
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are all limited in nodes in the edge computing layer. Similarly, entire offloading
schedules all tasks of users to execute in servers of the CDC layer. On the other
hand, the maximum amount of energy, the maximum number of servers, etc. in
the CDC layer are also limited. Thus, tasks scheduled with local computing and
entire offloading need to wait for execution and suffer from higher latency, resulting
in bad user experience and low profit. The experimental results validate that the
proposed offloading method in SMBO outperforms these four benchmark methods on
profit. This is because the proposed method jointly considers computation offioading
between CDC and the edge, and CPU, memory and bandwidth allocation to nodes

in the edge computing layer.

11.4 Summary
In recent years, edge computing has been gaining enormous attention, and is growingly
adopted due to its fast response and close proximity to users when computing tasks
are not intensive. However, its computing resources and energy capacity are limited.
Cloud data centers (CDCs) have rich computation resources but are usually located
in remote sites, and need both energy and time to transmit programs or data to CDCs
and retrieve results from CDCs. Consequently, offloading tasks in the edge to CDCs is
becoming a promising alternative to maximize the profit while enforcing user-specific
response time limits of tasks. Based on an architecture including terminal, edge
computing and CDC layers. This chapter proposes a profit-maximized collaborative
computation offloading and resource allocation algorithm. It jointly optimizes the
computation offloading between CDC and edge computing layers, and specifies
resource allocation in CDC layer. In each time slot, a single-objective constrained op-
timization problem is formulated and solved by a proposed Simulated-annealing-based
Migrating Birds Optimization (SMBO) algorithm. Realistic data-driven experimental

results demonstrate that SMBO obtains larger profit than its several existing methods.
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CHAPTER 12

CONCLUSIONS AND FUTURE WORK

12.1 Summary of Contributions

An increasing number of companies deploy their delay-constrained applications, e.g.,
big data processing, deep learning, and high-performance computing, in various
cloud data centers (CDCs). These applications share infrastructure resources in
CDCs and provide services to users in a high-performance and cost-effective way.
This inevitably increases the amount of energy consumed by these large-scale
data centers. As an emerging architecture, edge computing provides real-time
and scalable data processing capacities in the network edge, but it suffers from
some challenging problems of limited battery and processing capacities. Therefore,
intelligent task scheduling and resource allocation in CDCs and nodes in the edge
are critically important in running them energy-efficiently and profit-sensitively.
However, it is highly challenging to jointly achieve greenness, cost-effectiveness,
energy efficiency and delay bound assurance due to dramatic growth, aperiodic arrival
and heterogeneity of tasks. Consequently, this dissertation work proposes a series
of intelligent task scheduling and resource allocation algorithms to address these
challenges arising from distributed cloud and edge computing systems.

1) Contributions of the background work of this dissertation.

The background work has presented four intelligent optimization algorithms
to solve above problems. First, Chapter 3 in the background work investigates
the spatial diversity of bandwidth prices of Internet service providers (ISPs), power
grid prices and the availability of renewable green energy to minimize the total cost
of a CDC provider. Specifically, Chapter 3 formulates a nonlinear optimization
problem and solves it by a proposed simulated-annealing-based bat algorithm. In

this way, Chapter 3 proposes a Spatial Task Scheduling and Resource Optimization
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(STSRO) method to minimize the total cost of a CDC provider by exploiting such
spatial diversity in CDCs. STSRO cost-effectively schedules all arriving tasks of
heterogeneous applications while strictly meeting their delay bound constraints.
Real-life data-driven experimental results demonstrate that STSRO drastically
increases the throughput and reduces the total cost of the CDC provider in comparison
with cheap-electricity-first and renewable energy-first scheduling methods provided
that delay bound constraints of all tasks are strictly satisfied.

Second, Chapter 4 in the background work proposes a Geography-Aware Task
Scheduling (GATS) approach to maximize total profit of the CDC provider by jointly
and optimally determining the allocation of tasks of all applications among multiple
ISPs and task service rates of servers in CDCs. GATS considers spatial variations
of ISP bandwidth prices, availability of green energy, prices of power grid, and
revenue brought by the execution of tasks. Specifically, Chapter 4 formulates a
profit maximization problem as a convex optimization one solved by an interior point
method. GATS intelligently schedules tasks of all applications in comparison with
two typical task scheduling methods. Simulation results show that GATS increases
the total profit and throughput of the CDC provider compared to two typical task
scheduling approaches.

Third, Chapter 5 in the background work proposes a novel Spatio-Temporal
Task Scheduling (STTS) method that exploits the spatial and temporal variations
in prices of power grid and availability of green energy in CDCs. STTS jointly
investigates the spatial and temporal variations in prices of power grid and availability
of renewable energy in CDCs within all tasks’ delay bound constraints, and aims to
minimize energy cost of CDC providers by cost-effectively scheduling all arriving
tasks of heterogeneous applications among multiple CDCs. In each iteration of
STTS, the energy cost for the CDC provider is formulated and solved with a hybrid

meta-heuristic algorithm named Genetic Simulated-annealing-based Particle Swarm
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Optimization (GSPSO). Extensive trace-driven experimental results demonstrate that
it achieves higher throughput and lower energy cost for the CDC provider than
simulated annealing, particle swarm optimization, bat algorithm and Spatio-Temporal
Load Balancing (STLB) methods, respectively while strictly meeting delay bound
constraints of all arriving tasks of heterogeneous applications.

Fourth, Chapter 6 in the background work considers the temporal variations in
prices of power grid, revenue, solar irradiance, wind speed and prices of public clouds.
Chapter 6 presents a Temporal Task Scheduling (TTS) algorithm that investigates
such temporal variations, and cost-effectively schedules all tasks to the CDC and
public clouds within delay bound constraints. Specifically, Chapter 6 formulates a
profit maximization problem for a green hybrid CDC provider, and solves it with
the proposed GSPSO algorithm. Extensive simulation experiments are conducted to
demonstrate that the proposed TTS outperforms cheap-electricity-first, immediate
and renewable energy-first scheduling methods, respectively in terms of profit.

2) Contributions of this dissertation.

First, Chapter 7 in this dissertation work proposes a Profit and Quality of
service (QoS)-optimized Task Scheduling (PQTS) method to achieve a beneficial
tradeoff between these two objectives including the profit maximization for CDC
providers, and the average task loss possibility minimization for users’ applications.
Specifically, this dissertation work formulates a bi-objective optimization problem
and solves it with a Simulated-annealing-based Bi-objective Differential Evolution
(SBDE) algorithm. The minimum Manhattan distance is used to specify a knee
solution that determines proper task split among ISPs and task service rates at
CDCs in each time slot. Real-life data-based simulations are conducted to reveal that
the proposed method achieves significantly higher profit and lower average task loss

possibility of all applications than three existing task scheduling algorithms including
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electricity-cost-aware distributed task scheduling, profit maximization approach and
green task balancing, respectively.

Second, Chapter 8 in this dissertation work formulates the joint optimization of
energy cost and QoS as a bi-objective constrained optimization problem. It is solved
by a Simulated-annealing-based Adaptive Differential Evolution (SADE) algorithm
to obtain a close-to-Pareto-optimal set. In this way, it properly allocates arriving
tasks among CDCs, and changes task service rates of each CDC in each time slot.
Real-life data-based results demonstrate that SADE reduces energy cost and response
time of tasks compared with Non-dominated Sorting Genetic Algorithm 2 (NSGA2)
and multi-objective evolutionary algorithm based on decomposition.

Third, Chapter 9 in this dissertation work formulates a constrained bi-objective
optimization problem, which is solved with an Improved Multiobjective Evolutionary
Algorithm based on Decomposition (IMEAD). The obtained result determines a
high-quality balance between maximizing the revenue of green CDC providers and
minimizing their energy cost of heterogeneous applications. It jointly determines
the optimal split of all arriving tasks of each application among multiple CDCs,
and specifies the optimal task service rate of each server in each CDC at each time
slot. Simulations prove that it increases the profit of CDC providers and reduces
the convergence time in comparison with NSGA2 and strength pareto evolutionary
algorithm 2.

Fourth, Chapter 10 in this dissertation work proposes a Fine-grained Spatial
Task Scheduling (FSTS) algorithm to achieve the energy cost minimization for
a provider of distributed CDCs by optimally allocating tasks of heterogeneous
applications among multiple CDCs, and specifying the running speed of each server
and the number of switched-on servers in each CDC. FSTS uses a G/G/1 queuing
model to analyze the performance of servers, and further formulates a constrained

optimization problem. It is solved by a newly proposed simulated-annealing-based
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bees algorithm to find a close-to-optimal solution. Real-life data-driven experiments
demonstrate that FSTS can decrease energy cost and ensure the highest throughput
in comparison with bees algorithm, Genetic Learning Particle Swarm Optimization
(GL-PSO), STLB, and spatial task scheduling, respectively.

Fifth, Chapter 11 in this dissertation work proposes a profit-maximized
collaborative computation offloading and resource allocation algorithm. It jointly
optimizes the computation offloading between CDC and edge computing layers,
and specifies resource allocation in the CDC layer. It jointly considers CPU,
memory, and bandwidth resource limits, load balance requirements of all nodes,
and different processing capacities of heterogeneous nodes in the edge computing
layer. In addition, it jointly considers the maximum amount of energy, maximum
number of available servers and task queue stability of servers in the CDC layer.
In each time slot, a single-objective constrained optimization problem is formulated
and solved by a proposed Simulated-annealing-based Migrating Birds Optimization
(SMBO) algorithm. Realistic data-driven experimental results demonstrate that
SMBO obtains larger profit than its firefly algorithm, GL-PSO, local computing and
entire offloading, respectively while meeting response time limits of tasks. It can be

readily implemented and incorporated into large-scale industrial computing systems.

12.2 Limitations
The limitations of the proposed algorithms are discussed here. First, this dissertation
work assumes that the future information, e.g., arriving rates of tasks, solar irradiance,
wind speed, prices of power grid and unit bandwidth prices, are already known at the
start of each time slot. However, in real CDCs, the information prediction typically
requires time to determine the prediction models based on historical data. This
dissertation ignores the information prediction time. Thus, some future information
may be unavailable when the proposed algorithms start to run. This may cause

the unexpected results that delay bounds of some tasks cannot be guaranteed. The
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recently emerging big data technologies, e.q., deep learning-based and other prediction
algorithms [304]-[311], and the wide deployment of high-performance clusters in
CDCs make it possible that the prediction of above information can be performed in
a real-time manner, and negligible. But their actual prediction performance needs to
be further evaluated.

Second, this dissertation adopts the Google cluster trace to evaluate the
proposed algorithms. Similar to the work in [110], it is assumed that the task service
time conforms to the exponential distribution. Many existing studies [312]-[314]
adopt the M /M /1 queueing model to evaluate the performance of their proposed
methods with simulators or a realistic cluster of servers in data centers. Their results
demonstrate that the Google trace data can effectively and well approximate the
behaviors of real data centers. Nevertheless, the M /M /1 queueing system has strong
assumption of the exponential task service time. Actually, several more accurate and
advanced queueing models, e.g., G/D/1, G/G /¢, M /G /1, G/M /1 and Pareto queues
with the tailed distribution assumption [306], could be adopted for the performance
analysis of CDCs and edge computing systems. In addition, some hybrid queueing
models combine many different queueing ones together to improve the accuracy of
performance modeling for cloud and edge computing systems [114, 307, 308, 309].
They should be adopted to evaluate some of our proposed methods.

Third, similar to the work in [24], this dissertation determines the setting
of parameters of each meta-heuristic optimization algorithm with multiple trials
based on the parameter setting in previous studies. Nevertheless, all meta-heuristic
optimization algorithms are sensitive to the setting of their parameters [23]. Tt
currently lacks the comprehensive parameter sensitivity analysis, and the optimal
setting of parameters might not be obtained. Therefore, a thorough sensitivity
analysis of parameters of all algorithms would further improve the current scheduling

precision and cost-effectiveness of tasks for distributed cloud and edge computing
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systems [315, 316, 317|. In this way, the energy cost of CDC and edge providers, and

performance of tasks of delay-constrained applications could be further optimized.

12.3 Future Research
The future work should add some extensions to this dissertation work from the
following two aspects. First, this dissertation work considers simple applications
whose tasks are executed independently and does not rely on the execution of other
applications. On the contrary, there are many workflow applications in CDCs and
edge computing, such as scientific workflows [267, 306, 318, 319, 320] and complex
engineering analysis. Each workflow application consists of multiple application
subsystems, and its execution often involves the execution of multiple tasks. In
addition, the interactions among tasks are complex, and the execution of each task
often depends on the execution results of other tasks with which it interacts. Besides,
to ensure the quality of service specified by users, the CDC provider and the users
often sign service level agreements (SLAs). If the actual execution time of users’
tasks of workflow applications exceeds its corresponding threshold specified in SLAs,
a CDC provider needs to pay users a high penalty fee. On the other hand, in
an actual CDC, each task contains complex conditions, loops and other program
structures. In addition, resources, e.g., CPU, memory and I/O, of each server in
CDCs are often shared by multiple virtual machines (VMs). This resource sharing
mode makes the performance of each VM change with time. Therefore, it is often
difficult to effectively predict the execution time of each task in a particular VM for
a workflow application. In addition, the size of execution data of tasks in typical
CDCs is huge. For example, the data currently processed in an industrial Internet
platform, INDICS [321], is nearly 6000TB. Therefore, in the big data environment,
to improve the responsiveness of CDCs to users, it is urgent to design an effective
big data-driven task execution time prediction method. Specifically, the future work

should investigate how to utilize the time autocorrelation in task execution time data
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of VMs, and the local spatial dependence between each VM and its nearby VMs with
deep learning methods, e.g., rough stacked denoising autoencoder [322, 323] and long
short-term memory [324, 325]. According to the information, the valuable temporal
and spatial features could be automatically extracted from the task execution time
data, and the execution time of tasks in VMs would be effectively predicted.

Second, there are many types of complex workflow applications in CDCs
[326], e.g., complex cloud simulation workflows and cloud manufacturing workflows
[318, 319], [327]-[329]. These workflows require various resources, e.g., software, data,
information, models, knowledge and VMs in CDCs. Each workflow application often
requires collaborative interaction among multiple tasks to achieve users’ objectives.
CDCs adopt a pay-as-you-go method to dynamically provide various types of resources
for users around the world through networks. The economies of scale of cloud
computing have attracted more and more users to deploy their different types
of complex workflow applications in CDCs, e.g., Google, Amazon and Microsoft.
Therefore, for each CDC provider, as types and number of workflow applications in
CDCs grow rapidly, it becomes a very important and challenging problem of how to
maximize the profit of a CDC provider while ensuring the latency requirements of
users’ tasks of workflow applications. The future work will should investigate how
to utilize execution patterns of tasks of workflow applications in VMs, dependency
among tasks, and the profit relation between workflow applications and CDC
providers. Then, the profit of CDC providers would be maximized by intelligently
scheduling and dispatching users’ tasks to VMs. Its applications to other optimization
problems [322, 323], [330]—[341] should also be pursued.

Third, all the proposed solution algorithms are based on the novel combinations
of mature intelligent optimization methods, i.e., bat algorithm, bees algorithm,
simulated annealing, differential evolution, genetic algorithm, particle swarm opti-

mization, multi-objective evolutionary algorithm and migrating birds optimization.
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A common issue for them is that their performance tends to be sensitive to many
user-defined parameters and the optimal parameter settings are problem-dependent.
Hence, their further analysis and investigation are required. Some newly developed
meta-heuristics, e.g., [342]-[350] should be tried. It is critically important to
determine the best parameter setting for each meta-heuristic optimization algorithm.
There are many classic, proven, and highly useful methods, e.g., the Taguchi’s
experimental design method [195|, which could be tried to find an optimal reasonable
combination of the user-defined parameters. In addition, there are some grid-based
parameter adaptation methods, e.g., a systematic parameter-search method called
support vector machine-Grid [287] and a grid-based approach [351]. The grid-based
methods can investigate the parameter selection toward the optimal direction while
keeping an extensive distribution of different parameters in the evolutionary process.
In addition, learning-based methods, e.g., stacked autoencoder deep neural network
[352] should be also adopted to search better parameter setting. Stacked autoencoder
is efficient to reduce the dimension of parameter values especially for large-scale
optimization problems, and keep their important features. In this way, it can specify
the optimal parameter setting and speed up the search process of each meta-heuristic

optimization algorithm.

276



REFERENCES

[1] M. Armbrust, A. Fox, R. Griffith, A. D.Joseph, R. Katz, A. Konwinski, G. Lee,
D. Patterson, A. Rabkin, I. Stoica, and M. Zaharia., “A View of Cloud
Computing,” Communications of the ACM, vol. 53, no. 4, pp. 50-58, Apr.
2010.

[2] A. Beloglazov and R. Buyya, “Energy Efficient Allocation of Virtual Machines in
Cloud Data Centers," in Proc. of 10th IEEE/ACM International Conference
on Cluster, Cloud and Grid Computing, Melbourne, Australia, 2010, pp. 577-
578.

[3] Q. Fan and N. Ansari, “On Cost Aware Cloudlet Placement for Mobile Edge
Computing," IEEE/CAA Journal of Automatica Sinica, vol. 6, no. 4, pp.
926-937, Jul. 2019.

[4] P. Zhang, M. Zhou and G. Fortino, “Security and Trust Issues in Fog Computing: A
Survey," Future Generation Computer Systems, vol. 83, pp. 1627, Nov. 2018.

[5] K. Hwang and D. Li, “Trusted Cloud Computing with Secure Resources and Data
Coloring," IEEE Internet Computing, vol. 14, no. 5, pp. 14-22, Oct. 2010.

[6] M. H. Ghahramani, M. C. Zhou and C. T. Hon, “Toward Cloud Computing QoS
Architecture: Analysis of Cloud Systems and Cloud Services," IFEE/CAA
Journal of Automatica Sinica, vol. 4, no. 1, pp. 5—-17, Jan. 2017.

[7] X.Zhu, J. Li, X. Chen and M. C. Zhou, “Minimum Cost Deployment of Heterogeneous
Directional Sensor Networks for Differentiated Target Coverage," IEEFE Sensor
Journal, vol. 17, no. 15, pp. 49384952, Aug. 2017.

[8] D. A. Chekired and L. Khoukhi, “Smart Grid Solution for Charging and Discharging
Services Based on Cloud Computing Scheduling,” IEEE Transactions on
Industrial Informatics, vol. 13, no. 6, pp. 3312-3321, Dec. 2017.

[9] D. Yu and J. Li. “Recent Progresses in Deep Learning Based Acoustic Models,"
IEEE/CAA Journal of Automatica Sinica, vol. 4, no. 3, pp. 396-409, Jul.
2017.

[10] Z. Ren, K. Qian, Z. X. Zhang, V. Pandit, A. Baird and B. Schuller, “Deep Scalogram
Representations for Acoustic Scene Classification," IEEE/CAA Journal of
Automatica Sinica, vol. 5, no. 3, pp. 662669, May 2018.

[11] Data Center Energy Use in U.S., U.S. Energy Information Administration (EIA),
Washington, DC, Available: http://www.eia.gov/ (accessed on May 10,
2019).

277



[12] F. Farahnakian, T. Pahikkala, P. Liljeberg, J. Plosila, N. T. Hieu and H. Tenhunen,
“Energy-Aware VM Consolidation in Cloud Data Centers Using Utilization

Prediction Model," IEEE Transactions on Cloud Computing, vol. 7, no. 2, pp.
524-536, Apr. 2019.

[13] M. Dabbagh, B. Hamdaoui, M. Guizani and A. Rayes, “Energy-Efficient Resource
Allocation and Provisioning Framework for Cloud Data Centers,” [IEEE

Transactions on Network and Service Management, vol. 12, no. 3, pp. 377-391,
Sept. 2015.

[14] M. D. Dikaiakos, D. Katsaros, P. Mehra, G. Pallis and A. Vakali, “Cloud Computing:
Distributed Internet Computing for I'T and Scientific Research,” IEEFE Internet
Computing, vol. 13, no. 5, pp. 10-13, Sept. 2009.

[15] A. Greenberg, J. Hamilton, D. A. Maltz and P. Patel“The Cost of a Cloud:
Research Problems in Data Center Networks,” ACM SIGCOMM Computer
Communication Review, vol. 39, no. 1, pp. 68-73, Jan. 2009.

[16] Z. A. Mann, “Allocation of Virtual Machines in Cloud Data Centers-A Survey of
Problem Models and Optimization Algorithms,” ACM Computing Surveys,
vol. 48, no. 1, pp. 11:1-11:34, Aug. 2015.

[17] C. Y. Hong, S. Kandula, R. Mahajan, M. Zhang, V. Gill and M. Nanduri, and R.
Wattenhofer, “Achieving High Utilization with Software-Driven WAN,” ACM
SIGCOMM Computer Communication Review, vol. 43, no. 4, pp. 15-26, Oct.
2013.

[18] H. Yuan, J. Bi, W. Tan and B. H. Li, “CAWSAC: Cost-Aware Workload
Scheduling and Admission Control for Distributed Cloud Data Centers,” IEEE

Transactions on Automation Science and Engineering, vol. 13, no. 2, pp.
976-985, Apr. 2015.

[19] Z. Zhang, M. Zhang, A. Greenberg, Y. C. Hu, R. Mahajan and B. Christian,
“Optimizing Cost and Performance in Online Service Provider Networks,” in
Proceedings of 7th USENIX Symposium on Networked Systems Design and
Implementation, 2010, pp. 33-48.

[20] U. Franke and M. Buschle, “Experimental Evidence on Decision-Making in
Availability Service Level Agreements," IEEE Transactions on Network and
Service Management, vol. 13, no. 1, pp. 5870, Mar. 2016.

[21] J. Luo, L. Rao and X. Liu, “Temporal Load Balancing with Service Delay Guarantees
for Data Center Energy Cost Optimization,” IEEE Transactions on Parallel
and Distributed Systems, vol. 25, no. 3, pp. 775-784, Mar. 2014.

[22] A. Kiani and N. Ansari, “A Fundamental Tradeoff Between Total and Brown
Power Consumption in Geographically Dispersed Data Centers,” [IFEE
Communications Letters, vol. 20, no. 10, pp. 1955-1958, Oct. 2016.

278



[23] A. Kiani and N. Ansari, “Profit Maximization for Geographically Dispersed Green
Data Centers," IEEE Transactions on Smart Grid, vol. 9, no. 2, pp. 703-711,
Mar. 2018.

[24] M. Ghamkhari and H. Mohsenian-Rad, “Energy and Performance Management of
Green Data Centers: A Profit Maximization Approach,” IEEE Transactions
on Smart Grid, vol. 4, no. 2, pp. 1017-1025, Jun. 2013.

[25] H. Yuan, J. Bi, W. Tan, M. Zhou, B. H. Li and J. Li, “T'TSA: An Effective Scheduling
Approach for Delay Bounded Tasks in Hybrid Clouds,” IEEE Transactions on
Cybernetics, vol. 47, no. 11, pp. 3658-3668, Nov. 2017.

[26] B. Pravallika and B. Shirisha, “A Survey on Green Cloud Computing," International
Journal of Research, vol. 5, no. 12, pp. 3802-3817, Oct. 2015.

[27] M. Fazio, A. Celesti, R. Ranjan, C. Liu, L. Chen and M. Villari, “Open Issues in
Scheduling Microservices in the Cloud," IEEE Cloud Computing, vol. 3, no. 5,
pp. 81-88, Oct. 2016.

[28] E. Baccarelli, N. Cordeschi, A. Mei, M. Panella, M. Shojafar and J. Stefa, “Energy-
efficient Dynamic Traffic Offloading and Reconfiguration of Networked Data
Centers for Big Data Stream Mobile Computing: Review, Challenges, and a
Case Study," IEEE Network, vol. 30, no. 2, pp. 5461, Apr. 2016.

[29] P. Pierleoni, R. Concetti, A. Belli and L. Palma, “Amazon, Google and Microsoft
Solutions for IoT: Architectures and a Performance Comparison," [EFEFE
Access, vol. 8, pp. 5455-5470, Dec. 2019.

[30] F. Farahnakian, A. Ashraf, T. Pahikkala, P. Liljeberg, J. Plosila, I. Porres and
H. Tenhunen, “ Using Ant Colony System to Consolidate VMs for Green Cloud

Computing,” IFEE Transactions on Services Computing, vol. 8, no. 2, pp.
187-198, Mar. 2015.

[31] J. Bi, H. Yuan, W. Tan and B. H. Li, “TRS: Temporal Request Scheduling
with Bounded Delay Assurance in a Green Cloud Data Center,” Information
Sciences, vol. 360, no. 1, pp. 57-72, Sept. 2016.

[32] R. V. den Bossche, K. Vanmechelen and J. Broeckhove, “Cost-Efficient Scheduling
Heuristics for Deadline Constrained Workloads on Hybrid Clouds,” Future
Generation Computer Systems, vol. 29, no. 4, pp. 973-985, Jun. 2013.

[33] Y. Niu, F. Liu, X. Fei and B. Li, “Handling Flash Deals with Soft Guarantee
in Hybrid Cloud,” in Proceedings of IEEE Conference on Computer
Communications, 2017, pp. 1-9.

[34] M. Al-Ayyoub, M. Al-Quraan, Y. Jararweh and E. BENKHELIFA, “Resilient Service
Provisioning in Cloud Computing Data Centers," Future Generation Computer
Systems, vol. 86, pp. 765—774, Sept. 2018.

279



[35] J. Shuja, K. Bilal, S. A. Madani, M. Othman, R. Ranjan, P. Balaji and S. U. Khan,
“Survey of Techniques and Architectures for Designing Energy-Efficient Data
Centers," IEEE Systems Journal, vol. 10, no. 2, pp. 507-519, Jun. 2016.

[36] L. Gu, D. Zeng, A. Barnawi, S. Guo and I. Stojmenovic, “Optimal Task Placement
with QoS Constraints in Geo-Distributed Data Centers Using DVFS," IEFEE
Transactions on Computers, vol. 64, no. 7, pp. 2049-2059, Jul. 2015.

[37] L. Wei, X. Li, R. Fan, H. Sun and Z. Hu, “A Hybrid Multiobjective Particle Swarm
Optimization Algorithm Based on R2 Indicator," IEEE Access, vol. 6, pp.
14710-14721, Mar. 2018.

[38] M. Saez, F. P. Maturana, K. Barton and D. M. Tilbury, “Real-Time Manufacturing
Machine and System Performance Monitoring Using Internet of Things," IEEFFE

Transactions on Automation Science and Engineering, vol. 15, no. 4, pp. 1735—
1748, Oct. 2018.

[39] A. Botta, W. De Donato, V. Persico and A. Pescapé, “Integration of Cloud
Computing and Internet of Things: A Survey," Future Generation Computer
Systems, vol. 56, pp. 684-700, Mar. 2016.

[40] L. Wang and R. Ranjan, “Processing Distributed Internet of Things Data in Clouds,"
IEEE Cloud Computing, vol. 2, no. 1, pp. 76-80, Feb. 2015.

[41] M. Ghahramani, M. Zhou and C. T. Hon, “Mobile Phone Data Analysis: A Spatial
Exploration Toward Hotspot Detection," IEEE Transactions on Automation
Science and Engineering, vol. 16, no. 1, pp. 351-362, Jan. 2019.

[42] Y. Deng, Z. Chen, X. Yao, S. Hassan and A. M. A. Ibrahim, “Parallel Offloading
in Green and Sustainable Mobile Edge Computing for Delay-Constrained IoT
System," IEEE Transactions on Vehicular Technology, vol. 68, no. 12, pp.
12202-12214, Dec. 2019.

[43] P. Wang, C. Yao, Z. Zheng, G. Sun and L. Song, “Joint Task Assignment,
Transmission, and Computing Resource Allocation in Multilayer Mobile Edge
Computing Systems," IEEE Internet of Things Journal, vol. 6, no. 2, pp.
28722884, Apr. 2019.

[44] W. Shi, J. Cao, Q. Zhang, Y. Li and L. Xu, “Edge Computing: Vision and
Challenges," IEEE Internet of Things Journal, vol. 3, no. 5, pp. 637-646,
Oct. 2016.

[45] M. Satyanarayanan, “The Emergence of Edge Computing," Computer, vol. 50, no.
1, pp. 30-39, Jan. 2017.

[46] X. Lyu, H. Tian, L. Jiang, A. Vinel, S. Maharjan, S. Gjessing and Y. Zhang,
“Selective Offloading in Mobile Edge Computing for the Green Internet of
Things," IEEFE Network, vol. 32, no. 1, pp. 54-60, Feb. 2018.

280



[47] L. Gu, J. Cai, D. Zeng, Y. Zhang, H. Jin and W. Dai, “Energy Efficient
Task Allocation and Energy Scheduling in Green Energy Powered Edge

Computing," Future Generation Computer Systems, vol. 95, pp. 89-99, Jun.
2019.

[48] X. Sun and N. Ansari, “Green Cloudlet Network: A Sustainable Platform for Mobile
Cloud Computing," IEEE Transactions on Cloud Computing, vol. 8, no. 1, pp.
180-192, Jan. 2020.

[49] Y. Mao, J. Zhang and K. B. Letaief, “Dynamic Computation Offloading for Mobile-
Edge Computing With Energy Harvesting Devices," IEEE Journal on Selected
Areas in Communications, vol. 34, no. 12, pp. 3590-3605, Dec. 2016.

[50] D. Sabella, A. Vaillant, P. Kuure, U. Rauschenbach and F. Giust, “Mobile-Edge
Computing Architecture: The role of MEC in the Internet of Things," IEFEFFE
Consumer Electronics Magazine, vol. 5, no. 4, pp. 84-91, Oct. 2016.

[51] L. Liu, Z. Chang, X. Guo, S. Mao and T. Ristaniemi, “Multiobjective Optimization
for Computation Offloading in Fog Computing," IEEE Internet of Things
Journal, vol. 5, no. 1, pp. 283-294, Feb. 2018.

[52] H. Yuan, J. Bi, W. Tan, M. Zhou, B. H. Li and J. Li, “TTSA: An Effective Scheduling
Approach for Delay Bounded Tasks in Hybrid Clouds," IEEE Transactions on
Cybernetics, vol. 47, no. 11, pp. 3658-3668, Nov. 2017.

[53] K. Gai, M. Qiu, H. Zhao and X. Sun, “Resource Management in Sustainable Cyber-
Physical Systems Using Heterogeneous Cloud Computing," IEEFE Transactions
on Sustainable Computing, vol. 3, no. 2, pp. 60-72, Apr. 2018.

[54] Y. Lin, E. T. -. Chu, Y. Lai and T. Huang, “Time-and-Energy-Aware Computation
Offloading in Handheld Devices to Coprocessors and Clouds," IEEE Systems
Journal, vol. 9, no. 2, pp. 393-405, Jun. 2015.

[55] M. Gaggero and L. Caviglione, “Model Predictive Control for Energy-Efficient,
Quality-Aware, and Secure Virtual Machine Placement," IEEE Transactions
on Automation Science and Engineering, vol. 16, no. 1, pp. 420432, Jan. 2019.

[56] X. T. R. Kong, S. X. Xu, M. Cheng and G. Q. Huang, “loT-Enabled Parking Space
Sharing and Allocation Mechanisms," IEEE Transactions on Automation
Science and Engineering, vol. 15, no. 4, pp. 1654-1664, Oct. 2018.

[57] J. Zhao, Q. Li, Y. Gong and K. Zhang, “Computation Offloading and Resource
Allocation For Cloud Assisted Mobile Edge Computing in Vehicular

Networks," IEEE Transactions on Vehicular Technology, vol. 68, no. 8, pp.
7944-7956, Aug. 2019.

[58] T. Mareda, L. Gaudard and F. Romerio, “A Parametric Genetic Algorithm Approach
to Assess Complementary Options of Large Scale Wind-solar Coupling,"

281



IEEE/CAA Journal of Automatica Sinica, vol. 4, no. 2, pp. 260-272, Apr.
2017.

[59] S. Lyden and M. E. Haque, “A Simulated Annealing Global Maximum Power Point
Tracking Approach for PV Modules Under Partial Shading Conditions,” IEFEE
Transactions on Power Electronics, vol. 31, no. 6, pp. 4171-4181, Jun. 2016.

[60] M. Campos, R. A. Krohling and I. Enriquez, “Bare Bones Particle Swarm
Optimization With Scale Matrix Adaptation,” IEFE Transactions on
Cybernetics, vol. 44, no. 9, pp. 15671578, Sept. 2014.

[61] H. Shah-Mansouri, V. W. S. Wong and R. Schober, “Joint Optimal Pricing and
Task Scheduling in Mobile Cloud Computing Systems," IEFE Transactions
on Wireless Communications, vol. 16, no. 8, pp. 5218-5232, Aug. 2017.

[62] T. Magsood, N. Tziritas, T. Loukopoulos, S. A. Madani, S. U. Khan and
C. Z. Xu, “Leveraging on Deep Memory Hierarchies to Minimize Energy
Consumption and Data Access Latency on Single-Chip Cloud Computers,"
IEEFE Transactions on Sustainable Computing, vol. 2, no. 2, pp. 154-166, Apr.
2017.

[63] M. Nir, A. Matrawy and M. St-Hilaire, “Economic and Energy Considerations for
Resource Augmentation in Mobile Cloud Computing," IEFEE Transactions on
Cloud Computing, vol. 6, no. 1, pp. 99-113, Jan. 2018.

[64] Y. W. Chen and J. M. Chang, “EMaaS: Cloud-Based Energy Management Service
for Distributed Renewable Energy Integration,” IEEE Transactions on Smart
Grid, vol. 6, no. 6, pp. 28162824, Nov. 2015.

[65] C. Canali, L. Chiaraviglio, R. Lancellotti and M. Shojafar, “Joint Minimization
of the Energy Costs from Computing, Data Transmission, and Migrations
in Cloud Data Centers," IEEE Transactions on Green Communications and
Networking, vol. PP, no. 99, pp. 1-16, Jan. 2018.

[66] W. Chen, I. Paik and Z. Li, “Cost-Aware Streaming Workflow Allocation on Geo-
Distributed Data Centers," IEEE Transactions on Computers, vol. 66, no. 2,
pp. 256-271, Feb. 2017.

[67] Z. Hu, B. Li and J. Luo, “Time- and Cost-Efficient Task Scheduling across Geo-
Distributed Data Centers," IEEE Transactions on Parallel and Distributed
Systems, vol. 29, no. 3, pp. 705-718, Mar. 2018.

[68] L. Yu, T. Jiang, Y. Zou and Z. Sun, “Joint Energy Management Strategy for Geo-
Distributed Data Centers and Electric Vehicles in Smart Grid Environment,"
IEEE Transactions on Smart Grid, vol. 7, no. 5, pp. 2378-2392, Sept. 2016.

[69] K. Wu, P. Lu and Z. Zhu, “Distributed Online Scheduling and Routing of Multicast-
Oriented Tasks for Profit-Driven Cloud Computing," IEEE Communications
Letters, vol. 20, no. 4, pp. 684-687, Apr. 2016.

282



[70] L. Ismail and H. Materwala, “Energy-Aware VM Placement and Task Scheduling
in Cloud-IoT Computing: Classification and Performance Evaluation," IEEE
Internet of Things Journal, vol. 5, no. 6, pp. 5166-5176, Dec. 2018.

[71] P. Varshney and Y. Simmhan, “AutoBoT: Resilient and Cost-Effective Scheduling of
a Bag of Tasks on Spot VMs," IEEFE Transactions on Parallel and Distributed
Systems, vol. 30, no. 7, pp. 15121527, Jul. 2019.

[72] N. Kumar, G. S. Aujla, S. Garg, K. Kaur, R. Ranjan and S. K. Garg, “Renewable
Energy-Based Multi-Indexed Job Classification and Container Management
Scheme for Sustainability of Cloud Data Centers," IEEE Transactions on
Industrial Informatics, vol. 15, no. 5, pp. 2947-2957, May 2019.

[73] S. Hsieh, C. Chen, C. Chen, T. Yen, H. Hsiao and R. Buyya, “Novel
Scheduling Algorithms for Efficient Deployment of MapReduce Applications
in Heterogeneous Computing Environments," IEEE Transactions on Cloud
Computing, vol. 6, no. 4, pp. 1080-1095, Dec. 2018.

[74] K. K. Nguyen and M. Cheriet, “Environment-Aware Virtual Slice Provisioning in
Green Cloud Environment,” IEEE Transactions on Services Computing, vol. 8,
no. 3, pp. 507-519, May 2015.

[75] M. Qiu, Z. Ming, J. Li, K. Gai and Z. Zong, “Phase-Change Memory Optimization
for Green Cloud with Genetic Algorithm,” IEEE Transactions on Computers,
vol. 64, no. 12, pp. 3528-3540, Dec. 2015.

[76] X. Deng, D. Wu, J. Shen and J. He, “Eco-Aware Online Power Management and
Load Scheduling for Green Cloud Datacenters,” IEEE Systems Journal, vol. 10,
no. 1, pp. 78-87, Mar. 2016.

[77] M. S. Hasan, Y. Kouki, T. Ledoux and J. Pazat, “Exploiting Renewable Sources:
When Green SLA Becomes a Possible Reality in Cloud Computing," IEEE
Transactions on Cloud Computing, vol. 5, no. 2, pp. 249-262, Apr. 2017.

[78] Y. Yang, X. Chang, J. Liu and L. Li, “Towards Robust Green Virtual Cloud Data
Center Provisioning," IEFEE Transactions on Cloud Computing, vol. 5, no. 2,
pp. 168-181, Apr. 2017.

[79] A. Khosravi, L. L. H. Andrew and R. Buyya, “Dynamic VM Placement Method
for Minimizing Energy and Carbon Cost in Geographically Distributed Cloud
Data Centers," IFEE Transactions on Sustainable Computing, vol. 2, no. 2,
pp. 183-196, Apr. 2017.

[80] R. Tripathi, S. Vignesh and V. Tamarapalli, “Optimizing Green Energy, Cost, and
Availability in Distributed Data Centers," IEEE Communications Letters, vol.
21, no. 3, pp. 500-503, Mar. 2017.

283



[81] M. Anastasopoulos, A. Tzanakaki and D. Simeonidou, “Stochastic Energy Efficient
Cloud Service Provisioning Deploying Renewable Energy Sources," [EEFE
Journal on Selected Areas in Communications, vol. 34, no. 12, pp. 3927-3940,
Dec. 2016.

[82] D. Cheng, J. Rao, C. Jiang and X. Zhou, “Elastic Power-Aware Resource
Provisioning of Heterogeneous Workloads in Self-Sustainable Datacenters,"
IEEE Transactions on Computers, vol. 65, no. 2, pp. 508-521, Feb. 2016.

[83] R. Rahmani, I. Moser and A. L. Cricenti, “Modelling and Optimization of Microgrid
Configuration for Green Data Centres: A Metaheuristic Approach," Future
Generation Computer Systems, vol. 108, pp. 742-750, Jul. 2020.

[84] Y. Wu, M. Tornatore, S. Ferdousi and B. Mukherjee, “Green Data Center Placement
in Optical Cloud Networks," IEEE Transactions on Green Communications
and Networking, vol. 1, no. 3, pp. 347-357, Sept. 2017.

[85] J. Yang, W. Xiao, C. Jiang, M. S. Hossain, G. Muhammad and S. U. Amin, “Al-
Powered Green Cloud and Data Center," IEEE Access, vol. 7, pp. 41954203,
Dec. 2018.

[86] L. Zhang, T. Han and N. Ansari, “Energy-Aware Virtual Machine Management
in Inter-Datacenter Networks Over Elastic Optical Infrastructure," IEEE
Transactions on Green Communications and Networking, vol. 2, no. 1, pp.
305-315, Mar. 2018.

[87] J. Mei, K. Li, Z. Tong, Q. Li and K. Li, “Profit Maximization for Cloud Brokers in
Cloud Computing," IEEE Transactions on Parallel and Distributed Systems,
vol. 30, no. 1, pp. 190-203, Jan. 2019.

[88] Y. Ma, W. Liang, Z. Xu and S. Guo, “Profit Maximization for Admitting Requests
with Network Function Services in Distributed Clouds," IEEE Transactions
on Parallel and Distributed Systems, vol. 30, no. 5, pp. 1143-1157, May 2019.

[89] X. Zhang, Z. Huang, C. Wu, Z. Li and F. C. M. Lau, “Online Auctions in laaS
Clouds: Welfare and Profit Maximization With Server Costs," IEEE/ACM
Transactions on Networking, vol. 25, no. 2, pp. 1034-1047, Apr. 2017.

[90] J. Wan, R. Zhang, X. Gui and B. Xu, “Reactive Pricing: An Adaptive Pricing Policy
for Cloud Providers to Maximize Profit," IEEE Transactions on Network and
Service Management, vol. 13, no. 4, pp. 941-953, Dec. 2016.

[91] Y. Wang, X. Lin and M. Pedram, “A Stackelberg Game-Based Optimization
Framework of the Smart Grid With Distributed PV Power Generations and
Data Centers," IEEE Transactions on Energy Conversion, vol. 29, no. 4, pp.
978-987, Dec. 2014.

284



[92] S. Ren and M. van der Schaar, “Dynamic Scheduling and Pricing in Wireless Cloud
Computing," IEEE Transactions on Mobile Computing, vol. 13, no. 10, pp.
2283-2292, Oct. 2014.

93] K. Patel, M. Annavaram and M. Pedram, “NFRA: Generalized Network Flow-Based
Resource Allocation for Hosting Centers," IEEE Transactions on Computers,
vol. 62, no. 9, pp. 1772-1785, Sept. 2013.

[94] A. Hammoud, H. Otrok, A. Mourad, O. Abdel Wahab and J. Bentahar, “On
the Detection of Passive Malicious Providers in Cloud Federations," IEEE
Communications Letters, vol. 23, no. 1, pp. 64-67, Jan. 2019.

[95] H. Deng, L. Huang, H. Xu, X. Liu, P. Wang and X. Fang, “Revenue Maximization
for Dynamic Expansion of Geo-distributed Cloud Data Centers," [IEEE
Transactions on Cloud Computing. doi: 10.1109/TCC.2018.2808351, Feb.
2018.

[96] W. Wu, J. Wang, K. Lu, W. Qi, F. Shan and J. Luo, “Providing Service Continuity
in Clouds under Power Outage," IEEE Transactions on Services Computing.

doi: 10.1109/TSC.2017.2728795.

[97] S. Benbrahim, A. Quintero and M. Bellaiche, “Live Placement of Interdependent
Virtual Machines to Optimize Cloud Service Profits and Penalties on SLAs,"
IEEE Transactions on Cloud Computing, vol. 7, no. 1, pp. 237-249, Jan. 2019.

[98] X. Mao, C. Li, W. Yan and S. Du, “Optimal Scheduling Algorithm of MapReduce
Tasks Based on QoS in the Hybrid Cloud,” in Proceedings of 17th
International Conference on Parallel and Distributed Computing, Applications
and Technologies, 2016, pp. 119-124.

[99] X. Zuo, G. Zhang and W. Tan, “Self-Adaptive Learning PSO-Based Deadline
Constrained Task Scheduling for Hybrid IaaS Cloud,” IEEE Transactions on
Automation Science and Engineering, vol. 11, no. 2, pp. 564-573, Apr. 2014.

[100] M.-A. Vasile, F. Pop, R.-I. Tutueanu, V. Cristea and J. Kotodziej, “Resource-Aware
Hybrid Scheduling Algorithm in Heterogeneous Distributed Computing,”
Future Generation Computer Systems, vol. 51, no. 1, pp. 61-71, Oct. 2015.

[101] T. A. L. Genez, L. F. Bittencourt, N. L. S. d. Fonseca and E. R. M. Madeira,
“Estimation of the Available Bandwidth in Inter-Cloud Links for Task
Scheduling in Hybrid Clouds," IEEE Transactions on Cloud Computing, vol.
7, no. 1, pp. 62-74, Jan. 2019.

[102] J. Zhu, X. Li, R. Ruiz and X. Xu, “Scheduling Stochastic Multi-Stage Jobs to Elastic
Hybrid Cloud Resources," IEEE Transactions on Parallel and Distributed
Systems, vol. 29, no. 6, pp. 1401-1415, Jun. 2018.

285



[103] G. V. Prasad, A. S. Prasad and S. Rao, “A Combinatorial Auction Mechanism for
Multiple Resource Procurement in Cloud Computing," IEEE Transactions on
Cloud Computing, vol. 6, no. 4, pp. 904-914, Oct. 2018.

[104] J. Hwang, “Toward Beneficial Transformation of Enterprise Workloads to Hybrid
Clouds," IEEE Transactions on Network and Service Management, vol. 13,
no. 2, pp. 295-307, Jun. 2016.

[105] P. Lu, Q. Sun, K. Wu and Z. Zhu, “Distributed Online Hybrid Cloud Management
for Profit-Driven Multimedia Cloud Computing," IEEE Transactions on
Multimedia, vol. 17, no. 8, pp. 1297-1308, Aug. 2015.

[106] F. B. Charrada and S. Tata, “An Efficient Algorithm for the Bursting of
Service-Based Applications in Hybrid Clouds," IEEE Transactions on Services
Computing, vol. 9, no. 3, pp. 357-367, Jun. 2016.

[107] X. Qiu, H. Li, C. Wu, Z. Li and F. C. M. Lau, “Cost-Minimizing Dynamic Migration
of Content Distribution Services into Hybrid Clouds," IEEE Transactions on
Parallel and Distributed Systems, vol. 26, no. 12, pp. 3330-3345, Dec. 2015.

[108] S. Li, Y. Zhou, L. Jiao, X. Yan, X. Wang and M. R. Lyu, “Towards Operational
Cost Minimization in Hybrid Clouds for Dynamic Resource Provisioning with
Delay-Aware Optimization," IEEE Transactions on Services Computing, vol.
8, no. 3, pp. 398-409, Jun. 2015.

[109] P. Zhang and M. Zhou, “Dynamic Cloud Task Scheduling Based on a Two-Stage
Strategy," IEEE Transactions on Automation Science and Engineering, vol.
15, no. 2, pp. 772-783, Apr. 2018.

[110] J. Yao, H. Guan, J. Luo, L. Rao and X. Liu, “Adaptive Power Management
through Thermal Aware Workload Balancing in Internet Data Centers,"

IEEE Transactions on Parallel and Distributed Systems, vol. 26, no. 9, pp.
2400-2409, Sept. 2015.

[111] H. Shao, L. Rao, Z. Wang, X. Liu, Z. Wang and K. Ren, “Optimal Load Balancing
and Energy Cost Management for Internet Data Centers in Deregulated
Electricity Markets," IEEE Transactions on Parallel and Distributed Systems,
vol. 25, no. 10, pp. 2659-2669, Oct. 2014.

[112] C. Liu, K. Li, K. Li and R. Buyya, “A New Cloud Service Mechanism for Profit
Optimizations of a Cloud Provider and Its Users," IFEE Transactions on
Cloud Computing, Jun. 2017.

[113] J. Cao, K. Li and I. Stojmenovic, “Optimal Power Allocation and Load Distribution
for Multiple Heterogeneous Multicore Server Processors across Clouds and

Data Centers," IEEE Transactions on Computers, vol. 63, no. 1, pp. 45-58,
Jan. 2014.

286



[114] J. Bi, H. Yuan, M. Tie and W. Tan, “SLA-Based Optimisation of Virtualised
Resource for Multi-Tier Web Applications in Cloud Data Centres,” Enterprise
Information Systems, vol. 9, no. 7, pp. 743-767, Sept. 2015.

[115] J. Mei, K. Li, A. Ouyang and K. Li, “A Profit Maximization Scheme with
Guaranteed Quality of Service in Cloud Computing,” IEEE Transactions on
Computers, vol. 64, no. 11, pp. 3064-3078, Nov. 2015.

[116] Y. Xu, Z. Musgrave, B. Noble, and M. Bailey, “Workload-Aware Provisioning in
Public Clouds,” IEEFE Internet Computing, vol. 18, no. 4, pp. 15-21, Jul. 2014.

[117] J. Bi, H. Yuan, W. Tan, M. Zhou, Y. Fan, J. Zhang and J. Li, “Application-Aware
Dynamic Fine-Grained Resource Provisioning in a Virtualized Cloud Data
Center," IEEE Transactions on Automation Science and Engineering, vol. 14,
no. 2, pp. 1172-1184, Apr. 2017.

[118] S. El Kafhali and K. Salah, “Stochastic Modelling and Analysis of Cloud Computing
Data Center," in Proc. of 20th Conference on Innovations in Clouds, Internet
and Networks, New York, NY, USA, 2017, pp. 153-167.

[119] A. Satpathy, S. K. Addya, A. K. Turuk, B. Majhi and G. Sahoo, “Crow Search
Based Virtual Machine Placement Strategy in Cloud Data Centers with Live
Migration," Computers & Electrical Engineering, vol. 69, pp. 334-350, Dec.
2018.

[120] A. Ponraj, “Optimistic Virtual Machine Placement in Cloud Data Centers Using
Queuing Approach," Future Generation Computer Systems, vol. 93, pp. 338—
344, Nov. 2019.

[121] G. Darzanos, I. Koutsopoulos and G. D. Stamoulis, “Cloud Federations: Economics,
Games and Benefits," IEEE/ACM Transactions on Networking, vol. 27, no. 5,
pp. 2111-2124, Oct. 2019.

[122] L. Li, Q. Guan, L. Jin and M. Guo, “Resource Allocation and Task Offloading
for Heterogeneous Real-Time Tasks With Uncertain Duration Time in a Fog
Queueing System," IFEE Access, vol. 7, pp. 9912-9925, Jan. 2019.

[123] G. Fang, X. Li and Z. Cai, “Optimal Pricing for Service Provision in IaaS Cloud
Markets," in Proc. International Conference on Computer Network, Electronic
and Automation (ICCNEA), Xi’an, China, 2017, pp. 205-209.

[124] K. Santhi and R. Saravanan, “Performance Analysis of Cloud Computing
Using Batch Queueing Models in Healthcare Systems," Research Journal of
Pharmacy and Technology, vol. 10, no. 10, pp. pp. 3331-3336, Mar. 2018.

[125] Q. Fang, J. Wang and Q. Gong, “QoS-Driven Power Management of Data Centers
via Model Predictive Control," IEEE Transactions on Automation Science and
Engineering, vol. 13, no. 4, pp. 15571566, Oct. 2016.

287



[126] L. Yu, T. Jiang and Y. Zou, “Distributed Real-Time Energy Management in Data
Center Microgrids," IEEE Transactions on Smart Grid, vol. 9, no. 4, pp.
3748-3762, Jul. 2018.

[127] Q. Fang, J. Wang, Q. Gong and M. Song, “Thermal-Aware Energy Management
of an HPC Data Center via Two-Time-Scale Control," IEEFE Transactions on
Industrial Informatics, vol. 13, no. 5, pp. 2260-2269, Oct. 2017.

[128] H. Rong, H. Zhang, S. Xiao, C. Li and C. Hu, “Optimizing Energy Consumption
for Data Centers," IEEE Transactions on Industrial Informatics, vol. 58, pp.
674-691, May 2016.

[129] M. Vasudevan, Y. Tiana, M. Tang, E. Kozan and X. Zhang, “Energy-efficient
Application Assignment in Profile-based Data Center Management through a
Repairing Genetic Algorithm," Applied Soft Computing, vol. 67, pp. 399—408,
Jun. 2018.

[130] X. Hu. P. Li. K. Wang. Y. Sun. D. Zeng. X. Wang and S. Guo, “Joint Workload
Scheduling and Energy Management for Green Data Centers Powered by Fuel
Cells," IEEFE Transactions on Green Communications and Networking, vol. 3,
no. 2, pp. 397-406, Jun. 2019.

[131] K. Kaur, S. Garg, G. Kaddoum, E. Bou-Harb and K. R. Choo, “A Big Data-Enabled
Consolidated Framework for Energy Efficient Software Defined Data Centers
in IoT Setups," IEEE Transactions on Industrial Informatics, vol. 16, no. 4,
pp. 2687-2697, Apr. 2020.

[132] L. Shi, Y. Shi, X. Wei, X. Ding and Z. Wei, “Cost Minimization Algorithms for
Data Center Management," IEEE Transactions on Parallel and Distributed
Systems, vol. 28, no. 1, pp. 60-71, Jan. 2017.

[133] J. Yang, S. Zhang, X. Wu, Y. Ran and H. Xi, “Online Learning-Based
Server Provisioning for Electricity Cost Reduction in Data Center," [EEFFE

Transactions on Control Systems Technology, vol. 25, no. 3, pp. 1044-1051,
May 2017.

[134] N.Hogade, S. Pasricha, H. J. Siegel, A. A. Maciejewski, M. A. Oxley and E. Jonardi,
“Minimizing Energy Costs for Geographically Distributed Heterogeneous Data
Centers," IEEE Transactions on Sustainable Computing, vol. 3, no. 4, pp.
318-331, Oct. 2018.

[135] C. Canali, L. Chiaraviglio, R. Lancellotti and M. Shojafar, “Joint Minimization
of the Energy Costs From Computing, Data Transmission, and Migrations
in Cloud Data Centers," IEEE Transactions on Green Communications and
Networking, vol. 2, no. 2, pp. 580-595, Jun. 2018.

[136] R. Yadav, W. Zhang, O. Kaiwartya, P. R. Singh, I. A. Elgendy and Y. Tian,
“Adaptive Energy-Aware Algorithms for Minimizing Energy Consumption and

288



SLA Violation in Cloud Computing," IFEE Access, vol. 6, pp. 55923-55936,
Oct. 2018.

[137] X. Hu, P. Li, K. Wang, Y. Sun, D. Zeng, X. Wang and S. Guo, "Joint Workload
Scheduling and Energy Management for Green Data Centers Powered by Fuel
Cells," IEEFE Transactions on Green Communications and Networking, vol. 3,
no. 2, pp. 397-406, Jun. 2019.

[138] A. Al-Dulaimi, S. Al-Rubaye and Q. Ni, “Energy Efficiency Using Cloud
Management of LTE Networks Employing Fronthaul and Virtualized Baseband

Processing Pool," IEEE Transactions on Cloud Computing, vol. 7, no. 2, pp.
403-414, Jun. 2019.

[139] M. Erol-Kantarci and H. T. Mouftah, “Energy-Efficient Information and
Communication Infrastructures in the Smart Grid: A Survey on Interactions
and Open Issues,” IFEE Communications Surveys Tutorials, vol. 17, no. 1,
pp. 179-197, Jul. 2015.

[140] H. Chen, P. Lu, P. Xiong, C. Z. Xu and Z. Wang, “Energy-Aware Application
Performance Management in Virtualized Data Centers,” Frontiers of
Computer Science, vol. 6, no. 4, pp. 373-387, Aug., 2012.

[141] T. Chen, Y. Zhang, X. Wang and G. B. Giannakis, “Robust Workload and Energy
Management for Sustainable Data Centers," IEEE Journal on Selected Areas
in Communications, vol. 34, no. 3, pp. 651-664, Mar. 2016.

[142] X. Lyu, H. Tian, C. Sengul and P. Zhang,‘Multiuser Joint Task Offloading
and Resource Optimization in Proximate Clouds," IFEE Transactions on
Vehicular Technology, vol. 66, no. 4, pp. 3435-3447, Apr. 2017.

[143] D. Li, P. Hong, K. Xue and J. Pei, “Virtual Network Function Placement
Considering Resource Optimization and SFC Requests in Cloud Datacenter,"
IEEE Transactions on Parallel and Distributed Systems, vol. 29, no. 7, pp.
1664-1677, Jul. 2018.

[144] J. Li, M. Peng, Y. Yu and Z. Ding, “Energy-Efficient Joint Congestion Control
and Resource Optimization in Heterogeneous Cloud Radio Access Networks,"
IEEE Transactions on Vehicular Technology, vol. 65, no. 12, pp. 9873-9887,
Dec. 2016.

[145] J. M. Luna, C. T. Abdallah and G. L. Heileman, “Probabilistic Optimization of
Resource Distribution and Encryption for Data Storage in the Cloud," IEFEE
Transactions on Cloud Computing, vol. 6, no. 2, pp. 428-439, Jun. 2018.

. Mireslami, L. Rakai, B. H. Far an . Wang, “Simultaneous Cost an 0

146| S. Mireslami, L. Rakai, B. H. F: d M. W. “Simul C d QoS
Optimization for Cloud Resource Allocation," IEEE Transactions on Network
and Service Management, vol. 14, no. 3, pp. 676-689, Sept. 2017.

289



[147] A. C. Zhou, B. He, X. Cheng and C. T. Lau, “A Declarative Optimization Engine
for Resource Provisioning of Scientific Workflows in Geo-Distributed Clouds,"

IEEE Transactions on Parallel and Distributed Systems, vol. 28, no. 3, pp.
647-661, Mar. 2017.

[148] L. Chou, H. Chen, F. Tseng, H. Chao and Y. Chang, “DPRA: Dynamic Power-
Saving Resource Allocation for Cloud Data Center Using Particle Swarm
Optimization," IEEE Systems Journal, vol. 12, no. 2, pp. 1554-1565, Jun.
2018.

[149] S. G. Domanal, R. M. R. Guddeti and R. Buyya, “A Hybrid Bio-Inspired Algorithm
for Scheduling and Resource Management in Cloud Environment," IEEE
Transactions on Services Computing, vol. 13, no. 1, pp. 3—15, Feb. 2020.

[150] A. S. Alrawahi, K. Lee and A. Lotfi, “A Multiobjective QoS Model for Trading
Cloud of Things Resources," IEEE Internet of Things Journal, vol. 6, no. 6,
pp- 9447-9463, Dec. 2019.

[151] L. Jiao, A. M. Tulino, J. Llorca, Y. Jin and A. Sala, “Smoothed Online
Resource Allocation in Multi-Tier Distributed Cloud Networks," IEEE/ACM
Transactions on Networking, vol. 25, no. 4, pp. 2556-2570, Aug. 2017.

[152] Y. Li, J. Liu, B. Cao and C. Wang, “Joint Optimization of Radio and
Virtual Machine Resources With Uncertain User Demands in Mobile Cloud
Computing," IEEE Transactions on Multimedia, vol. 20, no. 9, pp. 24272438,
Sept. 2018.

[153] X. Qiu, Y. Dai, Y. Xiang and L. Xing, “Correlation Modeling and Resource
Optimization for Cloud Service With Fault Recovery," IEEE Transactions on
Cloud Computing, vol. 7, no. 3, pp. 693-704, Jul. 2019.

[154] M. Liu and Y. Liu, “Price-Based Distributed Offloading for Mobile-Edge Computing
With Computation Capacity Constraints," IEEE Wireless Communications
Letters, vol. 7, no. 3, pp. 420-423, Jun. 2018.

[155] Z. Wei, B. Zhao, J. Su and X. Lu, “Dynamic Edge Computation Offloading for
Internet of Things With Energy Harvesting: A Learning Method," IFEE
Internet of Things Journal, vol. 6, no. 3, pp. 4436-4447, Jun. 2019.

[156] W. Li, Y. Zhao, S. Lu and D. Chen, “Mechanisms and Challenges on
Mobility-Augmented Service Provisioning for Mobile Cloud Computing,"
IEEE Communications Magazine, vol. 53, no. 3, pp. 89-97, Mar. 2015.

[157] H. Guo and J. Liu, “Collaborative Computation Offloading for Multiaccess Edge
Computing Over Fiber-Wireless Networks," IEEFE Transactions on Vehicular
Technology, vol. 67, no. 5, pp. 4514-4526, May 2018.

290



[158] Z. Ning, P. Dong, X. Kong and F. Xia, “A Cooperative Partial Computation
Offloading Scheme for Mobile Edge Computing Enabled Internet of Things,"
IEEE Internet of Things Journal, vol. 6, no. 3, pp. 4804-4814, Jun. 2019.

[159] S. Bi and Y. J. Zhang, “Computation Rate Maximization for Wireless Powered
Mobile-Edge Computing With Binary Computation Offloading," [FEFE
Transactions on Wireless Communications, vol. 17, no. 6, pp. 4177-4190, Jun.
2018.

[160] L. Lei, H. Xu, X. Xiong, K. Zheng and W. Xiang, “Joint Computation Offloading
and Multiuser Scheduling Using Approximate Dynamic Programming in NB-
[oT Edge Computing System," IEEE Internet of Things Journal, vol. 6, no.
3, pp. 5345-5362, Jun. 2019.

[161] S. Yu, R. Langar, X. Fu, L. Wang and Z. Han, “Computation Offloading With Data
Caching Enhancement for Mobile Edge Computing," IEEE Transactions on
Vehicular Technology, vol. 67, no. 11, pp. 11098-11112, Nov. 2018.

[162] L. Chen, S. Zhou and J. Xu, “Computation Peer Offloading for Energy-Constrained
Mobile Edge Computing in Small-Cell Networks," IEEE/ACM Transactions
on Networking, vol. 26, no. 4, pp. 1619-1632, Aug. 2018.

[163] T. Q. Dinh, Q. D. La, T. Q. S. Quek and H. Shin, “Learning for
Computation Offloading in Mobile Edge Computing," IEFEFE Transactions on
Communications, vol. 66, no. 12, pp. 6353-6367, Dec. 2018.

[164] Z. Hong, W. Chen, H. Huang, S. Guo and Z. Zheng, “Multi-Hop Cooperative
Computation Offloading for Industrial IoT-Edge-Cloud Computing
Environments," IEEE Transactions on Parallel and Distributed Systems, vol.
30, no. 12, pp. 2759-2774, Dec. 2019.

[165] J. Zheng, Y. Cai, Y. Wu and X. Shen, “Dynamic Computation Offloading for
Mobile Cloud Computing: A Stochastic Game-Theoretic Approach," IEEFE
Transactions on Mobile Computing, vol. 18, no. 4, pp. 771-786, Apr. 2019.

[166] X. Tao, K. Ota, M. Dong, H. Qi and K. Li, “Performance Guaranteed
Computation Offloading for Mobile-Edge Cloud Computing," IEEE Wireless
Communications Letters, vol. 6, no. 6, pp. 774-777, Dec. 2017.

[167] C. Zhu, J. Tao, G. Pastor, Y. Xiao, Y. Ji, Q. Zhou, Y. Li and A. Yl4-J&&ski, “Folo:
Latency and Quality Optimized Task Allocation in Vehicular Fog Computing,"
IEFEE Internet of Things Journal, vol. 6, no. 3, pp. 4150-4161, Jun. 2019.

[168] J. Ren, G. Yu, Y. He and G. Y. Li, “Collaborative Cloud and Edge Computing for
Latency Minimization," IEEFE Transactions on Vehicular Technology, vol. 68,
no. 5, pp. 5031-5044, May 2019.

291



[169] S. Han, H. Su, C. Yang and A. F. Molisch, “Proactive Edge Caching for
Video on Demand with Quality Adaptation," IFEE Transactios on Wireless
Communications, vol. 19, no. 1, pp. 218-234, Oct. 2019.

[170] A. Mehrabi, M. Siekkinen and A. Yla-Jaaski, “Edge Computing Assisted Adaptive
Mobile Video Streaming," IEEE Transactions on Mobile Computing, vol. 18,
no. 4, pp. 787-800, Apr. 2019.

[171] X. Wang, K. Wang, S. Wu, S. Di, H. Jin, K. Yang and S. Ou, “Dynamic Resource
Scheduling in Mobile Edge Cloud with Cloud Radio Access Network," IFEFE
Transactions on Parallel and Distributed Systems, vol. 29, no. 11, pp. 2429-
2445, Nov. 2018.

[172] S. Hu and G. Li, "Dynamic Request Scheduling Optimization in Mobile Edge
Computing for IoT Applications," IEEE Internet of Things Journal, vol. 7,
no. 2, pp. 1426-1437, Feb. 2020.

[173] J. Ren, G. Yu, Y. He and G. Y. Li, “Collaborative Cloud and Edge Computing for
Latency Minimization," IEEFE Transactions on Vehicular Technology, vol. 68,
no. 5, pp. 5031-5044, May 2019.

[174] C. Wu, Y. Zhang and Y. Deng, “Toward Fast and Distributed Computation
Migration System for Edge Computing in [oT," IEEE Internet of Things
Journal, vol. 6, no. 6, pp. 10041-10052, Dec. 2019.

[175] T. Ouyang, Z. Zhou and X. Chen, “Follow Me at the Edge: Mobility-Aware
Dynamic Service Placement for Mobile Edge Computing," IEEE Journal on
Selected Areas in Communications, vol. 36, no. 10, pp. 2333-2345, Oct. 2018.

[176] X. Tao, K. Ota, M. Dong, H. Qi and K. Li, “Performance Guaranteed
Computation Offloading for Mobile-Edge Cloud Computing," IEEE Wireless
Commumnications Letters, vol. 6, no. 6, pp. 774-777, Dec. 2017.

[177] X. Chen, H. Zhang, C. Wu, S. Mao, Y. Ji and M. Bennis, “Optimized Computation
Offloading Performance in Virtual Edge Computing Systems Via Deep
Reinforcement Learning," IEEFE Internet of Things Journal, vol. 6, no. 3, pp.
4005-4018, Jun. 2019.

[178] D. Xu, Q. Li and H. Zhu, “Energy-Saving Computation Offloading by Joint Data
Compression and Resource Allocation for Mobile-Edge Computing," [EEFFE
Communications Letters, vol. 23, no. 4, pp. 704-707, Apr. 2019.

[179] M. Li, F. R. Yu, P. Si and Y. Zhang, “Energy-Efficient Machine-to-Machine
(M2M) Communications in Virtualized Cellular Networks with Mobile Edge
Computing (MEC)," IEEE Transactions on Mobile Computing, vol. 18, no. 7,
pp. 1541-1555, Jul. 2019.

292



[180] G. Zhang, Y. Chen, Z. Shen and L. Wang, “Distributed Energy Management for
Multiuser Mobile-Edge Computing Systems With Energy Harvesting Devices
and QoS Constraints," IEEFE Internet of Things Journal, vol. 6, no. 3, pp.
4035-4048, Jun. 2019.

[181] G. Zhang, W. Zhang, Y. Cao, D. Li and L. Wang, “Energy-Delay Tradeoff
for Dynamic Offloading in Mobile-Edge Computing System With Energy
Harvesting Devices," IEEE Transactions on Industrial Informatics, vol. 14,
no. 10, pp. 4642-4655, Oct. 2018.

[182] L. Cui, C. Xu, S. Yang, J. Z. Huang, J. Li, X. Wang, Z. Ming and N. Lu, “Joint
Optimization of Energy Consumption and Latency in Mobile Edge Computing

for Internet of Things," IEEE Internet of Things Journal, vol. 6, no. 3, pp.
4791-4803, Jun. 2019.

[183] L. Ji and S. Guo, “Energy-Efficient Cooperative Resource Allocation in Wireless
Powered Mobile Edge Computing," IFEFE Internet of Things Journal, vol. 6,
no. 3, pp. 4744-4754, Jun. 2019.

[184] Y. Sun, S. Zhou and J. Xu, “EMM: Energy-Aware Mobility Management for Mobile
Edge Computing in Ultra Dense Networks," IEEE Journal on Selected Areas
in Communications, vol. 35, no. 11, pp. 2637-2646, Nov. 2017.

[185] Z. Zhou, J. Feng, Z. Chang and X. Shen, “Energy-Efficient Edge Computing Service
Provisioning for Vehicular Networks: A Consensus ADMM Approach," IEEE
Transactions on Vehicular Technology, vol. 68, no. 5, pp. 5087-5099, May
2019.

[186] L. Pu, X. Chen, G. Mao, Q. Xie and J. Xu, “Chimera: An Energy-Efficient
and Deadline-Aware Hybrid Edge Computing Framework for Vehicular
Crowdsensing Applications," IEEFE Internet of Things Journal, vol. 6, no. 1,
pp. 84-99, Feb. 2019.

[187] Y. Nan, W. Li, W. Bao, F. C. Delicato, P. F. Pires, Y. Dou and A. Y.
Zomaya, “‘Adaptive Energy-Aware Computation Offloading for Cloud of Things
Systems," IEEE Access, vol. 5, pp. 23947-23957, Oct. 2017.

[188] Y. Dong, S. Guo, J. Liu and Y. Yang, “Energy-Efficient Fair Cooperation Fog
Computing in Mobile Edge Networks for Smart City," IEEFE Internet of Things
Journal, vol. 6, no. 5, pp. 7543-7554, Oct. 2019.

[189] Z. Zhou, J. Feng, Z. Chang and X. Shen, “Energy-Efficient Edge Computing Service
Provisioning for Vehicular Networks: A Consensus ADMM Approach," IEFEE
Transactions on Vehicular Technology, vol. 68, no. 5, pp. 5087-5099, May
2019.

[190] S. Garg, J. Aryal, H. Wang, T. Shah, G. Kecskemeti and R. Ranjan,
“Cloud Computing Based Bushfire Prediction for Cyber—Physical Emergency

293



Applications,” Future Generation Computer Systems, vol. 79, pp. 354-363,
Mar. 2017.

[191] M.-F. Hsieh, F.-S. Hsu and D. G. Dorrell, “Winding Changeover Permanent-Magnet
Generators for Renewable Energy Applications,” IEEE Transactions on
Magnetics, vol. 48, no. 11, pp. 4168-4171, Nov. 2012.

[192] M. Khodayar, O. Kaynak and M. E. Khodayar, “Rough Deep Neural Architecture
for Short-Term Wind Speed Forecasting,” IEFE Transactions on Industrial
Informatics, vol. 13, no. 6, pp. 2770-2779, Dec. 2017.

[193] D. Wu, X. Luo, M. Shang, Y. He, G. Wang and M. Zhou, “A Deep Latent
Factor Model for High-Dimensional and Sparse Matrices in Recommender

Systems," IEEE Transactions on Systems, Man, and Cybernetics: Systems,
doi: 10.1109/TSMC.2019.2931393, online, Aug. 2019.

[194] S. Li, M. Zhou and X. Luo, “Modified Primal-Dual Neural Networks for Motion
Control of Redundant Manipulators with Dynamic Rejection of Harmonic

Noises," IEEE Transactions on Neural Networks and Learning Systems, vol.
29, no. 10, pp. 4791-4801, Oct. 2018.

[195] S. Gao, M. Zhou, Y. Wang, J. Cheng, H. Yachi and J. Wang, “Dendritic Neuron
Model With Effective Learning Algorithms for Classification, Approximation,
and Prediction," IEFE Transactions on Neural Networks and Learning
Systems, vol. 30, no. 2, pp. 601-614, Feb. 2019.

[196] Z. Ding, Y. Zhou, G. Pu and M. C. Zhou, “Online Failure Prediction for Railway
Transportation Systems Based on Fuzzy Rules and Data Analysis", IFEE
Transactions on Reliability, vol. 67, no. 3, pp. 1143-1158, Sept. 2018.

[197] X. Li, K. Xing, M. C. Zhou, X. Wang and Y. Wu, “Modified Dynamic
Programming Algorithm for Optimization of Total Energy Consumption in
Flexible Manufacturing Systems," IEEE Transactions on Automation Science
and Engineering, vol. 16, no. 2, pp. 691-705, Apr. 2019.

[198] M. Shokrian and K. A. High, “Application of a Multi Objective Multi-Leader
Particle Swarm Optimization Algorithm on NLP and MINLP Problems,”
Computers and Chemical Engineering, vol. 60, no. 1, pp. 57-75, Jan. 2014.

[199] C. B. Khadse, M. A. Chaudhari and V. B. Borghate, “Electromagnetic
Compatibility Estimator Using Scaled Conjugate Gradient Backpropagation
Based Artificial Neural Network,” IEEE Transactions on Industrial
Informatics, vol. 13, no. 3, pp. 1036-1045, Jun. 2017.

[200] W. Sheng, K. y. Liu, S. Cheng, X. Meng and W. Dai, “A Trust Region SQP
Method for Coordinated Voltage Control in Smart Distribution Grid,” IEEFE
Transactions on Smart Grid, vol. 7, no. 1, pp. 381-391, Jan. 2016.

294



[201] W. Tian, H. Zhou and W. Deng, “A Class of Second Order Difference
Approximations for Solving Space Fractional Diffusion Equations,”
Mathematics of Computation, vol. 84, no. 294, pp. 1703-1727, Jan. 2015.

[202] A. H. Gandomi and X. Yang, “Chaotic Bat Algorithm,” Journal of Computational
Science, vol. 5, no. 2, pp. 224-232, Mar. 2014.

[203] X. Zuo, S. Gao, M. Zhou, X. Yang and X. Zhao, “A Three-Stage Approach
to a Multirow Parallel Machine Layout Problem," IEFE Transactions on
Automation Science and Engineering, vol. 16, no. 1, pp. 433-447, Jan. 2019.

[204] H. Hallawi, J. Mehnen and H. He, “Multi-Capacity Combinatorial Ordering GA
in Application to Cloud Resources Allocation and Efficient Virtual Machines

Consolidation,” Future Generation Computer Systems, vol. 69, pp. 1-10, Apr.
2017.

[205] D. Ardagna, B. Panicucci and M. Passacantando, “Generalized Nash Equilibria for
the Service Provisioning Problem in Cloud Systems,” IEEE Transactions on
Services Computing, vol. 6, no. 4, pp. 429-442, Oct. 2013.

[206] Z. Zhou, J. Abawajy, M. Chowdhury, Z. Hu, K. Li, H. Cheng, A.A. Alelaiwi
and F. Li, “Minimizing SLA Violation and Power Consumption in Cloud
Data Centers Using Adaptive Energy-aware Algorithms," Future Generation
Computer Systems, vol. 86, pp. 836-850, Sept. 2018.

[207] H. Yuan, J. Bi, W. Tan and B. H. Li, “Temporal Task Scheduling With Constrained
Service Delay for Profit Maximization in Hybrid Clouds," IEEE Transactions
on Automation Science and Engineering, vol. 14, no. 1, pp. 337-348, Jan. 2017.

[208] S. Diamond and S. Boyd, “CVXPY: A Python-embedded Modeling Language for
Convex Optimization,” The Journal of Machine Learning Research, vol. 17,
no. 1, pp. 2909-2913, Apr. 2016.

[209] H.S. Kim and N. B. Shroff, “Loss Probability Calculations and Asymptotic Analysis
for Finite Buffer Multiplexers,” IEEE/ACM Transactions on Networking, vol.
9, no. 6, pp. 755768, Dec. 2001.

[210] Y. L. Luke, “Mathematical Functions and Their Approximations”, Academic Press,
Cambridge, MA, USA, 2014.

[211] B. Du, W. Xiong, J. Wu, L. Zhang, L. Zhang and D. Tao, “Stacked Convolutional
Denoising Auto-Encoders for Feature Representation,” IEEE Transactions on
Cybernetics, vol. 47, no. 4, pp. 1017-1027, Apr. 2017.

[212] W. Samek, A. Binder, G. Montavon, S. Lapuschkin and K. R. MPuller, “Evaluating
the Visualization of What a Deep Neural Network Has Learned,” IEEE
Transactions on Neural Networks and Learning Systems, vol. 28, no. 11, pp.
2660-2673, Nov. 2017.

295



[213] A.N. Toosi, K. Vanmechelen, F. Khodadadi and R. Buyya, “An Auction Mechanism
for Cloud Spot Markets,” ACM Transactions on Autonomous and Adaptive
Systems, vol. 11, no. 1, pp. 1-33, Apr. 2016.

[214] A. Panda and S. Pani, “A Symbiotic Organisms Search Algorithm with Adaptive
Penalty Function to Solve Multi-Objective Constrained Optimization
Problems,” Applied Soft Computing, vol. 46, pp. 344-360, Sept. 2016.

[215] H. Zhang, J. Zhang, G. H. Yang and Y. Luo, “Leader-Based Optimal Coordination
Control for the Consensus Problem of Multiagent Differential Games via Fuzzy
Adaptive Dynamic Programming," IEEE Transactions on Fuzzy Systems, vol.
93, no. 1, pp. 152-163, Feb. 2015.

[216] B. ODonoghue and E. Candés, “Adaptive Restart for Accelerated Gradient
Schemes,” Foundations of Computational Mathematics, vol. 15, no. 3, pp.
715-732, Jun. 2015.

[217] X. Guo, S. Liu, G. Tian and M. C. Zhou, “Disassembly Sequence Optimization for
Large-scale Products with Multi-resource Constraints Using Scatter Search
and Petri Nets,” IEEFE Transactions on Cybernetics, vol. 46, no. 11, pp. 2435—
2446, Nov. 2016.

[218] M. R. Tanweer, S. Suresh and N. Sundararajan, “Self Regulating Particle Swarm
Optimization Algorithm,” Information Sciences, vol. 294, pp. 182-202, Feb.
2015.

[219] W. Dong and M. C. Zhou, “A Supervised Learning and Control Method to Improve
Particle Swarm Optimization Algorithms,” IFEE Transactions on Systems,
Man and Cybernetics: Systems, vol. 47, no. 7, pp. 11491159, Jul. 2017.

[220] S. Amaran, N. V. Sahinidis, B. Sharda and S. J. Bury, “Simulation Optimization:
A Review of Algorithms and Applications,” Annals of Operations Research,
vol. 240, no. 1, pp. 351-380, May. 2016.

[221] F. Ahmadizar, K.Soltanian, F. AkhlaghianTab and I. Tsoulos, “Artificial Neural
Network Development by Means of a Novel Combination of Grammatical
Evolution and Genetic Algorithm,” FEngineering Applications of Artificial
Intelligence, vol. 39, pp. 1-13, Mar. 2015.

[222] J. Luo, L. Rao and X. Liu, “Spatio-Temporal Load Balancing for Energy Cost
Optimization in Distributed Internet Data Centers," IEEE Transactions on
Cloud Computing, vol. 3, no. 3, pp. 387-397, Jul. 2015.

[223] J. Diaz-Montes, M. Diaz-Granados, M. Zou, S. Tao and M. Parashar, “Supporting
Data-Intensive Workflows in Software-Defined Federated Multi-Clouds," IFEFE
Transactions on Cloud Computing, vol. 6, no. 1, pp. 250-263, Jan. 2018.

296



[224] F. Yao, J. Wu, S. Subramaniam and G. Venkataramani, “WASP: Workload
Adaptive Energy-Latency Optimization in Server Farms Using Server Low-
Power States,” in Proceedings of IEEFE 10th International Conference on Cloud
Computing, 2017, pp. 75-84.

[225] A. Heidari, Z. Dong, D. Zhang, P. Siano and J. Aghaei, “Mixed-Integer
Nonlinear Programming Formulation for Distribution Networks Reliability

Optimization,” IEEE Transactions on Industrial Informatics, vol. PP, no. 99,
pp- 1-1, Nov. 2017.

[226] Z. Zhu, J. Bi, H. Yuan and Y. Chen, “SLA Based Dynamic Virtualized Resources
Provisioning for Shared Cloud Data Centers,” in Proceedings of IEEE
International Conference on Cloud Computing, 2011, pp. 630-637.

[227] G. Tian, Y. Ren and M. C. Zhou, “Dual-Objective Scheduling of Rescue
Vehicles to Distinguish Forest Fires via Differential Evolution and Particle
Swarm Optimization Combined Algorithm,” IEEE Transactions on Intelligent
Transportation Systems, vol. 17, no. 11, pp. 3009-3021, Nov. 2016.

[228] Z. Zhao, M. Peng, Z. Ding, W. Wang and H. V. Poor, “Cluster Content Caching:
An Energy-FEfficient Approach to Improve Quality of Service in Cloud Radio

Access Networks," IEEE Journal on Selected Areas in Communications, vol.
34, no. 5, pp. 1207-1221, May 2016.

[229] K. Thirugnanam, S. K. Kerk, C. Yuen, N. Liu and M. Zhang, “Energy Management
for Renewable Microgrid in Reducing Diesel Generators Usage With Multiple

Types of Battery," IEEE Transactions on Industrial Electronics, vol. 65, no.
8, pp. 6772-6786, Aug. 2018.

[230] A. Rubio-Solis, P. Melin, U. Martinez-Hernandez and G. Panoutsos, “General Type-
2 Radial Basis Function Neural Network: A Data-Driven Fuzzy Model,” IEEE
Transactions on Fuzzy Systems, vol. 27, no. 2, pp. 333-347, Feb. 2019.

[231] T. Trzcinski and P. Rokita, “Predicting Popularity of Online Videos Using Support
Vector Regression,” IEFE Transactions on Multimedia, vol. 19, no. 11, pp.
2561-2570, Nov. 2017.

[232] E. Cortez, A. Bonde, A. Muzio, M. Russinovich, M. Fontoura and R. Bianchini,
"Resource Central: Understanding and Predicting Workloads for Improved
Resource Management in Large Cloud Platforms," in Proc. of 26th Symposium
on Operating Systems Principles, New York, NY, USA, 2017, pp. 153-167.

[233] X. Zuo, B. Li, X. Huang, M. Zhou, C. Cheng, X. Zhao and Z. Liu, “Optimizing
Hospital Emergency Department Layout via Multiobjective Tabu Search,"
IEEE Transactions on Automation Science and Engineering, vol. 16, no. 3,
pp. 1137-1147, Jul. 2019.

297



[234] Q. Peng, M. Zhou, Q. He, Y. Xia, C. Wu and S. Deng, “Multi-Objective
Optimization for Location Prediction of Mobile Devices in Sensor-based
Applications," IEEE Access, vol. 6, pp. 77123-77132, Dec. 2018.

[235] S. Gao, J. Cheng, Y. Todo and M. Zhou, “Incorporation of Solvent Effect into Multi-
Objective Evolutionary Algorithm for Improved Protein Structure Prediction",

IEEE/ACM Transactions on Computational Biology and Bioinformatics, vol.
15, no. 4, pp. 13651378, Jul. 2018.

[236] N. Taran, D. M. Ionel and D. G. Dorrell, “Two-Level Surrogate-Assisted Differential
Evolution Multi-Objective Optimization of Electric Machines Using 3-D
FEA," IEEE Transactions on Magnetics, vol. 54, no. 11, pp. 1-5, Nov. 2018.

[237] H. Ishibuchi, H. Masuda and Y. Nojima, “Pareto Fronts of Many-
Objective Degenerate Test Problems," IEEE Transactions on FEvolutionary
Computation, vol. 20, no. 5, pp. 807-813, Oct. 2016.

[238] W. Chiu, G. G. Yen and T. Juan, “Minimum Manhattan Distance Approach to
Multiple Criteria Decision Making in Multiobjective Optimization Problems,"
IEEE Transactions on Evolutionary Computation, vol. 20, no. 6, pp. 972985,
Dec. 2016.

[239] U. Singh and S. N. Singh, “Optimal Feature Selection via NSGA-IT for
Power Quality Disturbances Classification," IEFEE Transactions on Industrial
Informatics, vol. 14, no. 7, pp. 2994-3002, Jul. 2018.

[240] A. Wahid, X. Gao and P. Andreae, “Multi-Objective Clustering Ensemble for High-
Dimensional Data Based on Strength Pareto Evolutionary Algorithm (SPEA-
IT),” in 2015 IEEE International Conference on Data Science and Advanced
Analytics (DSAA), 2015, pp. 1-9.

[241] A. K. Kiani and N. Ansari, “On The Fundamental Energy Trade-offs of
Geographical Load Balancing,” IEEE Communications Magazine, vol. 55, no.
5, pp. 170-175, May 2017.

[242] K. Wang, H. Li, S. Maharjan, Y. Zhang and S. Guo, “Green Energy Scheduling for
Demand Side Management in the Smart Grid," IEEE Transactions on Green
Communications and Networking, vol. 2, no. 2, pp. 596611, Jun. 2018.

[243] P. Agrawal and S. Rao, “Energy-Aware Scheduling of Distributed Systems,” IEEE
Transactions on Automation Science and Engineering, vol. 11, no. 4, pp. 1163—
1175, Oct. 2014.

[244] B. Zhai, D. Blaauw, D. Sylvester and K. Flautner, “Theoretical and Practical Limits
of Dynamic Voltage Scaling," in Proc. 41st Design Automation Conference,
San Diego, CA, USA, 2004, pp. 868-873.

298



[245] J. Cao, K. Hwang, K. Li and A. Y. Zomaya, “Optimal Multiserver Configuration
for Profit Maximization in Cloud Computing," IFEE Transactions on Parallel
and Distributed Systems, vol. 24, no. 6, pp. 1087-1096, Jun. 2013.

[246] H. Yuan, J. Bi and M. Zhou, “Spatiotemporal Task Scheduling for Heterogeneous
Delay-Tolerant Applications in Distributed Green Data Centers," [EEFE

Transactions on Automation Science and Engineering, vol. 16, no. 4, pp.
1686-1697, Oct. 2019.

[247] S. Jiang and S. Yang, “A Strength Pareto Evolutionary Algorithm Based on
Reference Direction for Multiobjective and Many-Objective Optimization,"

IEEE Transactions on Evolutionary Computation, vol. 21, no. 3, pp. 329-346,
Jun. 2017.

[248] Z. Fan, H. Li, C. Wei, W. Li, H. Huang, X. Cai and Z. Cai, “An Improved Epsilon
Constraint Handling Method Embedded in MOEA /D for Constrained Multi-
objective Optimization Problems," in Proc. of IEEE Symposium Series on
Computational Intelligence, Athens, Greece, 2016, pp. 1-8.

[249] Y. Zhang, D. Gong and J. Cheng, “Multi-Objective Particle Swarm Optimization
Approach for Cost-Based Feature Selection in Classification," [EEE/ACM
Transactions on Computational Biology and Bioinformatics, vol. 14, no. 1,
pp. 64-75, Feb. 2017.

[250] A. Kamjoo, A. Maheri, A. M. Dizqah and G. A. Putrus, “Multi-objective Design
under Uncertainties of Hybrid Renewable Energy System using NSGA-II and

Chance Constrained Programming," International Journal of Electrical Power
& Energy Systems, vol. 74, pp. 187-194, Jan. 2016.

[251] J. Sun, S. Gao, H. Dai, J. Cheng, M. Zhou and J. Wang, “Bi-objective Elite
Differential Evolution Algorithm for Multivalued Logic Networks", [FEFE
Transactions on Cybernetics, vol. 50, no. 1, pp. 233246, Jan. 2020.

[252] Y. Yu, S. C. Gao, Y. R. Wang and Y. Todo, “Global Optimum-based Search
Differential Evolution," IEEE/CAA Journal of Automatica Sinica, vol. 6, no.
2, pp. 379-394, Mar. 2019.

[253] S. Das, S. S. Mullick and P. N. Suganthan, “Recent Advances in Differential
Evolution—An Updated Survey," Swarm and Evolutionary Computation, vol.
27, pp-1-30, Apr. 2016.

[254] U. Mlakar, I. Fister, J. Brest and B. Potocnik, “Multi-objective Differential
Evolution for Feature Selection in Facial Expression Recognition Systems,"
Expert Systems with Applications, vol. 15, no. 89, pp. 129-137, Dec. 2017.

[255] C. Lin, L. Shu and D. Deng, “Router Node Placement With Service Priority in
Wireless Mesh Networks Using Simulated Annealing With Momentum Terms,"
IEEE Systems Journal, vol. 10, no. 4, pp. 1402-1411, Dec. 2016.

299



[256] M. Zhang and H. Li. “A Reference Direction and Entropy based Evolutionary
Algorithm for Many-objective Optimization," Applied Soft Computing, vol.
70, pp. 108-130, Sept. 2018.

[257] Y. Shen and Y. Wang, “Operating Point Optimization of Auxiliary Power Unit
Using Adaptive Multi-Objective Differential Evolution Algorithm," [EFEFE
Transactions on Industrial Electronics, vol. 64, no. 1, pp. 115-124, Jan. 2017.

[258] Q. Kang, X. Song, M. Zhou and L. Li, “A Collaborative Resource Allocation
Strategy for Decomposition-Based Multiobjective Evolutionary Algorithms,"
IEEE Transactions on Systems, Man, and Cybernetics: Systems, vol. 49, no.
12, pp. 2416-2423, Dec. 2019.

[259] A. Ghassami and N. Kiyavash, “A Covert Queueing Channel in FCFS Schedulers,"
IEEE Transactions on Information Forensics and Security, vol. 13, no. 6, pp.
1551-1563, Jun. 2018.

[260] A. Qureshi, R. Weber, H. Balakrishnan, J. Guttag and B. Maggs, “Cutting
the Electric Bill for Internet-scale Systems,” ACM SIGCOMM Computer
Communication Review, vol. 39, no. 4, pp. 123-134, Oct. 2009.

[261] X. Fan, W. D. Weber and L. A. Barroso, “Power Provisioning for a Warehouse-sized
Computer,” ACM SIGARCH Computer Architecture News, vol. 35, no. 2, pp.
13-23, May 2007.

[262] P. Torcellini, S. Pless, M. Deru and D. Crawley, “Zero Energy Buildings: A Critical
Look at the Definition,” in Proc. of the ACEEE Summer Study on Energy
Efficiency in Buildings, August Pacific Grove, CA, USA, 2006, pp. 1-12.

[263] C. Sun, M. Ma, Z. Zhao, S. Tian, R. Yan and X. Chen, “Deep Transfer Learning
Based on Sparse Autoencoder for Remaining Useful Life Prediction of Tool in

Manufacturing," IEEE Transactions on Industrial Informatics, vol. 15, no. 4,
pp. 2416-2425, Apr. 2019.

[264] W. Zhang, Y. Wen, Y. Wah Wong, K. Chuan Toh and C. Chen, “Towards Joint
Optimization Over ICT and Cooling Systems in Data Centre: A Survey,"
IEEE Communications Surveys € Tutorials, vol. 18, no. 3, pp. 1596-1616,
Mar. 2016.

[265] Q. Kang, S. W. Feng, M. C. Zhou, A. C. Ammari and K. Sedraoui, “Optimal
Load Scheduling of Plug-in Hybrid Electric Vehicles via Weight-Aggregation
Multi-objective Evolutionary Algorithms,” IEEE Transactions on Intelligent
Transportation Systems, vol. 18, no. 9, pp. 2557-2568, Sept. 2017.

[266] Y. Feng, M. C. Zhou, G. Tian, Z. Li, Z. Zhang, Q. Zhang and J. Tan, “Target
Disassembly Sequencing and Scheme Evaluation for CNC Machine Tools Using
Improved Multiobjective Ant Colony Algorithm and Fuzzy Integral," IEFEE

Transactions on Systems, Man, and Cybernetics: Systems, vol. 49, no. 12, pp.
24382451, Dec. 2019.

300



[267] Q. Wu, M. Zhou, Q. Zhu, Y. Xia and J. Wen, “MOELS: Multiobjective Evolutionary
List Scheduling for Cloud Workflows," IEEFE Transactions on Automation
Science and Engineering, vol. 17, no. 1, pp. 166-176, Jan. 2020.

[268] Y. Hou, N. Wu, M. C. Zhou and Z. Li, “Pareto-optimization for Scheduling of
Crude Oil Operations in Refinery via Genetic Algorithm,” IEEFE Transactions

on Systems, Man, and Cybernetics: Systems, vol. 47, no. 3, pp. 517-530, Mar.
2017.

[269] X. Ma, Q. Zhang, G. Tian, J. Yang and Z. Zhu, “On Tchebycheff
Decomposition Approaches for Multiobjective Evolutionary Optimization,"
IEEE Transactions on Evolutionary Computation, vol. 22, no. 2, pp. 226-244,
Apr. 2018.

[270] J. Luo, A. Gupta, Y. Ong and Z. Wang, “Evolutionary Optimization of
Expensive Multiobjective Problems With Co-Sub-Pareto Front Gaussian

Process Surrogates," IEEE Transactions on Cybernetics, vol. 49, no. 5, pp.
1708-1721, May 2019.

[271] F. Tseng, X. Wang, L. Chou, H. Chao and V. C. M. Leung, “Dynamic Resource
Prediction and Allocation for Cloud Data Center Using the Multiobjective
Genetic Algorithm," IEEE Systems Journal, vol. 12, no. 2, pp. 1688-1699,
Jun. 2018.

[272] J. Zhang and L. Xing, “A Survey of Multiobjective Evolutionary Algorithms,"
in Proc. IEEFE International Conference on Computational Science and
Engineering (CSE) and IEEE International Conference on Embedded and
Ubiquitous Computing (EUC), Guangzhou, China, 2017, pp. 93-100.

[273] Z. He, G. G. Yen and J. Zhang, “Fuzzy-Based Pareto Optimality for Many-
Objective Evolutionary Algorithms," IEEE Transactions on FEvolutionary
Computation, vol. 18, no. 2, pp. 269-285, Apr. 2014.

[274] B. Zhang, A. Wang and M. Doppelbauer, “Multi-Objective Optimization of a
Transverse Flux Machine With Claw-Pole and Flux-Concentrating Structure,"
IEEE Transactions on Magnetics, vol. 52, no. 8, pp. 1-10, Aug. 2016.

[275] W. Dou, X. Xu, S. Meng, X. Zhang, C. Hu, S. Yu and J. Yang, “An Energy—aware
Virtual Machine Scheduling Method for Service QoS Enhancement in Clouds
over Big Data," Concurrency and Computation: Practice and FExperience, vol.
29, no. 14, 1-20, Jul. 2017.

[276] M. N. Hjelmeland, J. Zou, A. Helseth and S. Ahmed, “Nonconvex Medium-Term
Hydropower Scheduling by Stochastic Dual Dynamic Integer Programming,"
IEEE Transactions on Sustainable Energy, vol. 10, no. 1, pp. 481-490, Jan.
2019.

301



[277] F. Zhang and D. R. Bull“Rate-Distortion Optimization Using Adaptive
Lagrange Multipliers," IEEE Transactions on Circuits and Systems for Video
Technology, vol. 29, no. 10, pp. 3121-3131, Oct. 2019.

[278] A. A. Augusto, M. B. Do Coutto Filho, J. C. S. de Souza and M. A. R. Guimaraens,
“Branch-and-Bound Guided Search for Critical Elements in State Estimation,"
IEEFE Transactions on Power Systems, vol. 34, no. 3, pp. 2292-2301, May 2019.

[279] F. Bistaffa, N. Bombieri and A. Farinelli, “An Efficient Approach for Accelerating
Bucket Elimination on GPUs," IEEFE Transactions on Cybernetics, vol. 47, no.
11, pp. 3967-3979, Nov. 2017.

[280] S. Pare, A. Kumar, V. Bajaj and G. K. Singh, “A Context Sensitive Multilevel
Thresholding Using Swarm Based Algorithms," [EEE/CAA Journal of
Automatica Sinica, vol. 6, no. 6, pp. 1471-1486, Nov. 2019.

[281] E. Yigit and H. Duysak, “Determination of Optimal Layer Sequence and Thickness
for Broadband Multilayer Absorber Design Using Double-Stage Artificial Bee
Colony Algorithm," IEEE Transactions on Microwave Theory and Techniques,
vol. 67, no. 8, pp. 3306-3317, Aug. 2019.

[282] Q. Duan, J. Zeng, K. Chakrabarty and G. Dispoto, “Real-Time Production
Scheduler for Digital-Print-Service Providers Based on a Dynamic Incremental
Evolutionary Algorithm," [EEE Transactions on Automation Science and
Engineering, vol. 12, no. 2, pp. 701-715, Apr. 2015.

[283] L. Zhu, F. R. Yu, Y. Wang, B. Ning and T. Tang, “Big Data Analytics
in Intelligent Transportation Systems: A Survey," IEEE Transactions on
Intelligent Transportation Systems, vol. 20, no. 1, pp. 383-398, Jan. 2019.

[284] B. Wang, H. Xie, X. Xia and X. Zhang, “A NSGA-II Algorithm Hybridizing Local
Simulated-Annealing Operators for a Bi-Criteria Robust Job-Shop Scheduling
Problem Under Scenarios," IEEE Transactions on Fuzzy Systems, vol. 27, no.
5, pp. 1075-1084, May 2019.

[285] M. Castellani, S. Otri and D.T. Pham, “Printed Circuit Board Assembly Time
Minimisation Using a Novel Bees Algorithm," Computers & Industrial
Engineering, vol. 133, pp.186—194, May 2019.

[286] Z. J. Huang, Z. S. Wang and H. G. Zhang, “Multilevel Feature Moving
Average Ratio Method for Fault Diagnosis of the Microgrid Inverter Switch,”
IEEE/CAA Journal of Automatica Sinica, vol. 4, no. 2, pp. 177-185, Apr.
2017.

[287] P. Zhang, S. Shu and M. C. Zhou, “An Online Fault Detection Method based on
SVM-Grid for Cloud Computing Systems," IEEE/CAA Journal of Automatica
Sinica, vol. 5, no. 2, pp. 445-456, Mar. 2018.

302



[288] A. Kavousi, B. Vahidi, R. Salehi, M. K. Bakhshizadeh, N. Farokhnia and S. H.
Fathi, “Application of the Bee Algorithm for Selective Harmonic Elimination
Strategy in Multilevel Inverters," IEEE Transactions on Power FElectronics,
vol. 27, no. 4, pp. 1689-1696, Apr. 2012.

[289] Y. Gong, J. Li, Y. Zhou, Y. Li, H. Chung, Y. Shi and J. Zhang, “Genetic Learning
Particle Swarm Optimization," IEEE Transactions on Cybernetics, vol. 46, no.
10, pp. 2277-2290, Oct. 2016.

[290] H. Yuan, J. Bi and M. Zhou, “Spatial Task Scheduling for Cost Minimization in
Distributed Green Cloud Data Centers," IEEE Transactions on Automation
Science and Engineering, vol. 16, no. 2, pp. 729740, Apr. 2019.

[291] S. Shenoy, D. Gorinevsky and N. Laptev, “Probabilistic Modeling of Computing
Demand for Service Level Agreement," [EEE Transactions on Services
Computing, vol. 12, no. 6, pp. 987-993, Nov. 2019.

[292] A. Barri and A. Dooms, “Data-Driven Modules for Objective Visual Quality
Assessment Focusing on Benchmarking and SLAs," IEEE Journal of Selected
Topics in Signal Processing, vol. 11, no. 1, pp. 196-205, Feb. 2017.

[293] S. Mubeen, S. A. Asadollah, A. V. Papadopoulos, M. Ashjaei, H. Pei-Breivold and
M. Behnam, “Management of Service Level Agreements for Cloud Services in
IoT: A Systematic Mapping Study," IEEE Access, vol. 6, pp. 30184-30207,
Aug. 2018.

[294] O. Munoz, A. Pascual-Iserte and J. Vidal, “Optimization of Radio and
Computational Resources for Energy Efficiency in Latency-Constrained
Application Offloading," IEEFE Transactions on Vehicular Technology, vol. 64,
no. 10, pp. 4738-4755, Oct. 2015.

[295] Y. Wang, M. Sheng, X. Wang, L. Wang and J. Li, “Mobile-Edge Computing: Partial
Computation Offloading Using Dynamic Voltage Scaling," IEEFE Transactions
on Communications, vol. 64, no. 10, pp. 4268-4282, Oct. 2016.

[296] J. Conejero, O. Rana, P. Burnap, J. Morgan, B. Caminero and C. Carrion,
“Analyzing Hadoop Power Consumption and Impact on Application QoS,"
Future Generation Computer Systems, vol. b5, pp. 213223, Feb. 2016.

[297] A. Jyoti, M. Shrimali and R. Mishra, “Cloud Computing and Load Balancing in
Cloud Computing -Survey," in Proc. of 9th International Conference on Cloud
Computing, Data Science & Engineering (Confluence), Noida, India, 2019, pp.
51-55.

[208] M. Hu, L. Zhuang, D. Wu, Y. Zhou, X. Chen and L. Xiao, “Learning Driven
Computation Offloading for Asymmetrically Informed Edge Computing,"
IEEE Transactions on Parallel and Distributed Systems, vol. 30, no. 8, pp.
1802-1815, Aug. 2019.

303



[299] Y. Du, C. Xu and D. Tao, “Matrix Factorization for Collaborative Budget
Allocation," IEEE Transactions on Automation Science and Engineering, vol.
15, no. 4, pp. 1471-1482, Oct. 2018.

[300] E. Duman, M. Uysal and A. F. Alkaya, “Migrating Birds Optimization: A
New Metaheuristic Approach and Its Performance on Quadratic Assignment
Problem," Information Sciences, vol. 217, pp. 65-77, Dec. 2012.

[301] F. Javidrad and M. Nazari, “A New Hybrid Particle Swarm and Simulated
Annealing Stochastic Optimization Method," Applied Soft Computing, vol.
60, pp. 634-654, Nov. 2017.

[302] K. Jagatheesan, B. Anand, S. Samanta, N. Dey, A. S. Ashour and V. E. Balas,
“Design of a Proportional-integral-derivative Controller for an Automatic
Generation Control of Multi-area Power Thermal Systems Using Firefly
Algorithm," IEEE/CAA Journal of Automatica Sinica, vol. 6, no. 2, pp.
503-515, Mar. 2019.

[303] F.J.Pontes, G. F. Amorim, P. P. Balestrassi, A. P. Paiva and J. R. Ferreira, “Design
of Experiments and Focused Grid Search for Neural Network Parameter
Optimization," Neurocomputing, vol. 186, pp. 22-34, Apr. 2016.

[304] X. S. Lu, M. Zhou, L. Qi and H. Liu, “Clustering Algorithm-based Analysis
of Rare Event Evolution via Social Media Data," IFEE Transactions on
Computational Social Systems, vol. 6, no. 2, pp. 301-310, Apr. 2019.

[305] M. Ghahramani, M.C. Zhou and C.T. Hon, “Extracting Significant Mobile Phone
Interaction Patterns based on Community Structures," IEEE Transactions on
Intelligent Transportation Systems, vol. 20, no. 3, pp. 1031-1041, Mar. 2019.

[306] Y. Wang, H. Liu, W. Zheng, Y. Xia, Y. Li, P. Chen, K. Guo and H. Xie,
“Multi-Objective Workflow Scheduling With Deep-Q-Network-Based Multi-
Agent Reinforcement Learning", IEEE Access, vol. 7, pp. 39974-39982, Mar.
2019.

[307] J. Bi, Z. Zhu, R. Tian and Q. Wang, “Dynamic Provisioning Modeling for
Virtualized Multi-tier Applications in Cloud Data Center," in Proc. of IEEE
3rd International Conference on Cloud Computing, Miami, FL, 2010, pp.
370-377.

[308] X. Qiu, W. L. Yeow, C. Wu and F. C. M. Lau, “Cost-minimizing Preemptive
Scheduling of MapReduce Workloads on Hybrid Clouds," in Proc. of
IEEE/ACM 21st International Symposium on Quality of Service (IWQoS),
Montreal, QC, 2013, pp. 1-6.

[309] A. Bauer, N. Herbst, S. Spinner, A. Ali-Eldin and S. Kounev, “Chameleon: A
Hybrid, Proactive Auto-Scaling Mechanism on a Level-Playing Field," IEFEE
Transactions on Parallel and Distributed Systems, vol. 30, no. 4, pp. 800-813,
Apr. 2019.

304



[310] X. Luo, M. Zhou, S. Li, Y. Xia, Z.-H. You, S. Zhu and H. Leung, “Incorporation
of Efficient Second-Order Solvers Into Latent Factor Models for Accurate

Prediction of Missing QoS Data," IEEE Transactions on Cybernetics, vol.
48, no. 4, pp. 1216-1228, Apr. 2018.

[311] X. Luo, M. C. Zhou, Y. Xia, Q. Zhu, A. C. Ammari and A. Alabdulwahab,
“Generating Highly Accurate Predictions for Missing QoS Data via
Aggregating Nonnegative Latent Factor Models," IEEE Transactions on

Neural Networks and Learning Systems, vol. 27, no. 3, pp. 524-537, Mar.
2016.

[312] X. Ma, S. Wang, S. Zhang, P. Yang, C. Lin and X. S. Shen, “Cost-
Efficient Resource Provisioning for Dynamic Requests in Cloud Assisted
Mobile Edge Computing," IEEE Transactions on Cloud Computing, doi:
10.1109/TCC.2019.2903240, Mar. 2019.

[313] M.S. Yoon, A.E. Kamal and Z. Zhu, “Adaptive Data Center Activation with User
Request Prediction," Computer Networks, vol. 122, pp.191-204, Jul. 2017.

[314] M. Hahnel, J. Martinovic, G. Scheithauer, A. Fischer, A. Schill and W.
Dargie, “Extending the Cutting Stock Problem for Consolidating Services
with Stochastic Workloads," IEEE Transactions on Parallel and Distributed
Systems, vol. 29, no. 11, pp. 2478-2488, Nov. 2018.

[315] X. Zhu, J. Huang, L. Quan, Z. Xiang and B. Shi, “Comprehensive Sensitivity
Analysis and Multiobjective Optimization Research of Permanent Magnet
Flux-Intensifying Motors," IEEE Transactions on Industrial Electronics, vol.
66, no. 4, pp. 2613-2627, Apr. 2019.

[316] B. Liu, X. Chang, Z. Han, K. Trivedi and R. J. Rodriguez, “Model-based Sensitivity
Analysis of IaaS Cloud Availability," Future Generation Computer Systems,
vol. 83, pp. 1-13, Jun. 2018.

[317] R. Matos, J. Dantas, J. Araujo, K. S. Trivedi and P. Maciel, “Redundant Eucalyptus
Private Clouds: Availability Modeling and Sensitivity Analysis," Journal of
Grid Computing, vol. 15, pp. 1-22, Nov. 2016.

[318] W. Tan and M. Zhou, “Service Oriented Workflow Systems," Contemporary Issues
in Systems Science and Engineering, Edited by M. C. Zhou, H.-X. Li and M.
Weijnen, Wiley/IEEE Press, Hoboken, NJ, pp. 645-660, 2015.

[319] W. Tan and M. C. Zhou, “Business and Scientific Workflows: A Service-Oriented
Approach", IEEE Press/Wiley, Hoboken, NJ, 2013.

[320] W. Li, Y. Xia, M. Zhou, X. Sun and Q. Zhu, “Fluctuation-Aware and Predictive
Workflow Scheduling in Cost-Effective Infrastructure-as-a-Service Clouds,"
IEEE Access, vol. 6, pp. 61488-61502, Sept. 2018.

305



[321] INDICS Platform. China Aerospace Science and Industry Corporation (CASIC),
Beijing, China. Available: http://intl.indics.com/ (accessed on February
1, 2019).

[322] K. Janod, M. Morchid, R. Dufour, G. Linarés and R. De Mori, “Denoised Bottleneck
Features From Deep Autoencoders for Telephone Conversation Analysis,"
IEEE/ACM Transactions on Audio, Speech, and Language Processing, vol.
25, no. 9, pp. 1809-1820, Sept. 2017

[323] E. Principi, D. Rossetti, S. Squartini and F. Piazza, “Unsupervised Electric
Motor Fault Detection by Using Deep Autoencoders," IEEE/CAA Journal
of Automatica Sinica, vol. 6, no. 2, pp. 441-451, Mar. 2019.

[324] W. Chien, C. Lai and H. Chao, “Dynamic Resource Prediction and Allocation in
C-RAN With Edge Artificial Intelligence," IEEE Transactions on Industrial
Informatics, vol. 15, no. 7, pp. 4306-4314, Jul. 2019.

[325] T. Hussain, K. Muhammad, A. Ullah, Z. Cao, S. W. Baik and V. H. C. de
Albuquerque, “Cloud-Assisted Multiview Video Summarization Using CNN
and Bidirectional LSTM," IEEE Transactions on Industrial Informatics, vol.
16, no. 1, pp. 77-86, Jan. 2020.

[326] Q. Wu, M. Zhou, Q. Zhu and Y. Xia, “A VCG Auction-based Approach for Multi-
granularity Service Composition," IEEFE Transactions on Automation Science
and Engineering, vol. 15, no. 2, pp. 796-805, Apr. 2018.

[327] C. Pan, M. C. Zhou, Y. Qiao and N. Q. Wu, “Scheduling Cluster Tools in
Semiconductor Manufacturing: Recent Advances and Challenges," [EFEFE
Transactions on Automation Science and Engineering, vol. 15, no. 2, pp.
896-899, Apr. 2018.

[328] X. Q. Shang, F.-Y. Wang, G. Xiong, T. R. Nyberg, Y. Yuan, S. Liu, C. Guo and S.
Bao, “Social Manufacturing for High-end Apparel Customization," IEEE/CAA
Journal of Automatica Sinica, vol. 5, no. 2, pp. 489-500, Mar. 2018.

[329] G. Xiong, F-Y. Wang, T. R. Nyberg, X. Q. Shang, M. C. Zhou, Z. Shen, S. S.
Li and C. Guo, “From Mind to Products: Towards Social Manufacturing and
Service," IEEE/CAA Journal of Automatica Sinica, vol. 5, no. 1, pp. 47-57,
Jan. 2018.

[330] L. Li, Y. Lin, N. Zheng and F.-Y. Wang, “Parallel Learning: A Perspective and
a Framework," IEEE/CAA Journal of Automatica Sinica, vol. 4, no. 3, pp.
389-395, Jul. 2017.

[331] T. Liu, B. Tian, Y. F. Ai, L. Li, D. P. Cao and F.-Y. Wang, “Parallel Reinforcement
Learning: A Framework and Case Study,” IEEE/CAA Journal of Automatica
Sinica, vol. 5, no. 4, pp. 827-835, Jul. 2018.

306



[332] S. Li, M. C. Zhou, X. Luo and Z.-H. You, “Distributed Winner-take-all in Dynamic
Networks", IEEE Transactions on Automatic Control, vol. 62, no. 2, pp. 577—
589, Feb. 2017.

[333] K. Z. Gao, Z. G. Cao, L. Zhang, Z. H. Chen, Y. Y. Han and Q. K. Pan, “A Review
on Swarm Intelligence and Evolutionary Algorithms for Solving Flexible Job
Shop Scheduling Problems," IEEE/CAA Journal of Automatica Sinica, vol.
6, no. 4, pp. 875-887, Jul. 2019.

[334] W. Gu, Y. Yu and W. Hu, “Artificial Bee Colony Algorithm-based Parameter
Estimation of Fractional-order Chaotic System with Time Delay," IEEE/CAA
Journal of Automatica Sinica, vol. 4, no. 1, pp. 107-113, Jan. 2017.

[335] Z. Han, J. Zhao and W. Wang, “An Optimized Oxygen System Scheduling with
Electricity Cost Consideration in Steel Industry," IEEE/CAA Journal of
Automatica Sinica, vol. 4, no. 2, pp. 216-222, Apr. 2017.

[336] Z. Lv, L. Wang, Z. Han, J. Zhao and W. Wang, “Surrogate-assisted Particle Swarm
Optimization Algorithm with Pareto Active Learning for Expensive Multi-
objective Optimization," IEEE/CAA Journal of Automatica Sinica, vol. 6,
no. 3, pp. 838-849, May 2019.

[337] Y. Tang, C. Luo, J. Yang and H. He, “A Chance Constrained Optimal Reserve
Scheduling Approach for Economic Dispatch Considering Wind Penetration,"
IEEE/CAA Journal of Automatica Sinica, vol. 4, no. 2, pp. 186-194, Apr.
2017.

[338] B. Wang, X. Xia, H. Meng and T. Li, “Bad-scenario-set Robust Optimization
Framework with Two Objectives for Uncertain Scheduling Systems,"
IEEE/CAA Journal of Automatica Sinica, vol. 4, no. 1, pp. 143-153, Jan.
2017.

[339] F. Wang, T. Xu, T. Tang, M. C. Zhou and H. Wang, “Bilevel Feature
Extraction-based Text Mining for Fault Diagnosis of Railway Systems," IEEFE
Transactions on Intelligent Transportation Systems, vol. 18, no. 1, pp. 49-58,
Jan. 2017.

[340] L. Wang and J. W. Lu, “A Memetic Algorithm with Competition for the
Capacitated Green Vehicle Routing Problem," I[IEEE/CAA Journal of
Automatica Sinica, vol. 6, no. 2, pp. 516-526, Mar. 2019.

[341] L. Wang, S. Wang and X. Zheng, “A Hybrid Estimation of Distribution Algorithm
for Unrelated Parallel Machine Scheduling with Sequence-Dependent Setup
Times," IEEE/CAA Journal of Automatica Sinica, vol. 3, no. 3, pp. 235-246,
Jul. 2016.

[342] J. Li, J. Zhang, C. Jiang and M. Zhou, “Composite Particle Swarm Optimizer
with Historical Memory for Function Optimization," IFEFE Transactions on
Cybernetics, vol. 45, no. 10, pp. 2350-2363, Oct. 2015.

307



[343] J. Zhao, S. X. Liu, M. Zhou, X. W. Guo and L. Qi, “Modified Cuckoo
Search Algorithm to Solve Economic Power Dispatch Optimization Problems,"
IEEE/CAA Journal of Automatica Sinica, vol. 5, no. 4, pp. 794-806, Jul. 2018.

[344] X. Meng, J. Li, M. Zhou, X. Dai and J. Dou, “Population-Based Incremental
Learning Algorithm for a Serial Colored Traveling Salesman Problem," IEEE

Transactions on Systems, Man, and Cybernetics: Systems, vol. 48, no. 2, pp.
277288, Feb. 2018.

[345] Y. Cao, H. Zhang, W. Li, M. Zhou, Y. Zhang and W. A. Chaovalitwongse,
“Comprehensive Learning Particle Swarm Optimization Algorithm with Local

Search for Multimodal Functions," [IEEE Transactions on FEvolutionary
Computation, vol. 23, no. 4, pp. 718-731, Aug. 2019.

[346] H. Zhu, G. Liu, M. Zhou, Y. Xie and Q. Kang, “Dandelion Algorithm with
Probability-based Mutation," IEEE Access, vol. 7, pp. 97974-97985, Jul. 2019.

[347] W. Dong, Y. Wang and M. Zhou, “A Latent Space-Based Estimation of Distribution
Algorithm for Large-scale Global Optimization," Soft Computing, vol. 23, no.
13, pp- 4593-4615, Jul. 2019.

[348] K. Gao, F. Yang, M. Zhou, Q. Pan and P. N. Suganthan, “Flexible Job-Shop
Rescheduling for New Job Insertion by Using Discrete Jaya Algorithm," IEEE
Transactions on Cybernetics, vol. 49, no. 5, pp. 1944-1955, May 2019.

[349] L. Huang, M. Zhou and K. Hao, “Non-dominated Immune-endocrine Short
Feedback Algorithm for Multi-robot Maritime Patrolling," IEEE Transactions
on Intelligent Transportation Systems, vol. 21, no. 1, pp. 362-373, Jan. 2020.

[350] M. Ghahramani, Y. Qiao, M. Zhou, A. O Hagan and J. Sweeney, “Al-based
Modeling and Data-driven Evaluation for Smart Manufacturing Processes,"
IEEE/CAA Journal of Automatica Sinica, vol. 7, no. 4, pp. 948-959, Jul.
2020.

[351] S. Yang, M. Li, X. Liu and J. Zheng, “A Grid-Based Evolutionary Algorithm
for Many-Objective Optimization," [EEE Transactions on FEvolutionary
Computation, vol. 17, no. 5, pp. 721-736, Oct. 2013.

[352] Y. Sun, B. Xue, M. Zhang and G. G. Yen, “A Particle Swarm Optimization-
Based Flexible Convolutional Autoencoder for Image Classification," IEFFE

Transactions on Neural Networks and Learning Systems, vol. 30, no. 8, pp.
2295-2309, Aug. 2019.

308



	Energy and performance-optimized scheduling of tasks in distributed cloud and edge computing systems
	Recommended Citation

	Copyright Warning & Restrictions
	Personal Information Statement
	Abstract (1 of 2)
	Abstract (2 of 2)

	Title Page
	Copyright Page
	Approval Page
	Biographical Sketch (1 of 4)
	Biographical Sketch (2 of 4)
	Biographical Sketch (3 of 4)
	Biographical Sketch (4 of 4)

	Dedication
	Acknowledgment: (1 of 3)
	Acknowledgment: (2 of 3)
	Acknowledgment: (3 of 3)

	Table of Contents (1 of 6)
	Table of Contents (2 of 6)
	Table of Contents (3 of 6)
	Table of Contents (4 of 6)
	Table of Contents (5 of 6)
	Table of Contents (6 of 6)
	Chapter 1: Introduction
	Chapter 2: Related Work
	Chapter 3: Spatial Task Scheduling For Cost Minimization in Distributed Green Cloud Data Centers
	Chapter 4: Geography-Aware Task Scheduling For Profit Maximization in Distributed Green Data Centers
	Chapter 5: SPATIO-Temporal Task Scheduling For Heterogeneous 
Delay-Tolerant Applications in CDCS
	Chapter 6: Temporal Task Scheduling Of Multiple Delay-Constrained Applications in Hybrid Cloud Data Center
	Chapter 7: Profit and QOS-Optimized Task Scheduling For Distributed Green Data Centers
	Chapter 8: Energy-Consumption and Performance-Optimized Task Scheduling In Distributed Cloud Data Centers
	Chapter 9: Revenue and Energy Cost-Optimized Bi-Objective Task Scheduling For Green Cloud Data Centers
	Chapter 10: Fine-Grained Spatial Task Scheduling For Heterogeneous Applications in Distributed Green Clouds
	Chapter 11: Profit-Maximized Collaborative Computation Offloading and Resource Allocation In Distributed 
Cloud and Edge Computing Systems
	Chapter 12: Conclusions and Future Work
	References

	List of Tables
	List of Figures (1 of 5)
	List of Figures (2 of 5)
	List of Figures (3 of 5)
	List of Figures (4 of 5)
	List of Figures (5 of 5)

	List of Abbreviations: (1 of 3)
	List of Abbreviations: (2 of 3)
	List of Abbreviations: (3 of 3)

	List of Notations: (1 of 15)
	List of Notations: (2 of 15)
	List of Notations: (3 of 15)
	List of Notations: (4 of 15)
	List of Notations: (5 of 15)
	List of Notations: (6 of 15)
	List of Notations: (7 of 15)
	List of Notations: (8 of 15)
	List of Notations: (9 of 15)
	List of Notations: (10 of 15)
	List of Notations: (11 of 15)
	List of Notations: (12 of 15)
	List of Notations: (13 of 15)
	List of Notations: (14 of 15)
	List of Notations: (15 of 15)


