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ABSTRACT

MOBILE EDGE COMPUTING: FROM TASK LOAD BALANCING

TO REAL-WORLD MOBILE SENSING APPLICATIONS

by

Xiaochen Fan

With the rapid development of mobile computing technologies and the Internet of

Things, there has been an increasing rise of capable and affordable edge devices that

can provide in-proximity computing services for mobile users. Moreover, a massive

amount of mobile edge computing (MEC) systems have been developed to enhance

various aspects of people’s daily life, including big mobile data, healthcare, intelligent

transportation, connected vehicles, smart building control, indoor localization, and

many others.

Although MEC systems can provide mobile users with swift computing ser-

vices and conserve devices’ energy by processing their tasks, we confront significant

research challenges in several perspectives, including resource management, task

scheduling, service placement, application development, etc. For instance, compu-

tation offloading in MEC would significantly benefit mobile users and bring new

challenges for service providers. Unbalance and inefficiency are the two challenging

issues when making decisions on computation offloading among MEC servers. On

the other hand, it is unprecedented to design and implement novel and practical

applications for edge-assisted mobile computing and mobile sensing. The power

of mobile edge computing has not been fully unleashed yet from theoretical and

practical perspectives.

In this thesis, to address the above challenges from both theoretical and practical

perspectives, we present four research studies within the scope of MEC, including

load balancing of computation task loading, fairness in workload scheduling, edge-



assisted wireless sensing, and cross-domain learning for real-world edge sensing. The

thesis consists of two major parts as follows.

In the first part of this thesis, we investigate load balancing issues of computa-

tion offloading in MEC. First, we present a novel collaborative computation offload-

ing mechanism for balanced mobile cloudlet networks. Then, a fairness-oriented

task offloading scheme for IoT applications of MEC is further devised. The pro-

posed computation offloading mechanisms incorporate algorithmic theories with the

random mobility and opportunistic encounters of edge servers, thereby processing

computation offloading for load balancing in a distributed manner. Through rig-

orous theoretical analyses and extensive simulations with real-world trace datasets,

the proposed methods have demonstrated desirable results of significantly balanced

computation offloading, showing great potential to be applied in practice.

In the second part of this thesis, beyond theoretical perspectives, we further

investigate two novel implementations with mobile edge computing, including edge-

assisted wireless crowdsensing for outdoor RSS maps, and urban traffic prediction

with cross-domain learning. We implement our ideas with the iMap system and

the BuildSenSys system, and further demonstrate demos with real-world datasets

to show the effectiveness of proposed applications.

We believe that the above algorithms and applications hold great promise for

future technological advancement in mobile edge computing.

Dissertation directed by Professor Xiangjian (Sean) He

Dissertation co-directed by Dr.Priyadarsi Nanda and Dr.Deepak Puthal

School of Electrical and Data Engineering

Faculty of Engineering and Information Technology
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Chapter 1

Introduction

In recent years, the proliferation of the Internet of Things (IoT) and the ubiqui-

tous wireless communication networks have shifted from centralised mobile cloud

computing to mobile edge computing. Unlike the conventional paradigm of cloud

computing, mobile edge computing harvests the available computation and storage

resources of servers at the edge of networks. In a typical MEC system, edge servers

provide computation, service caching, and storage capacity to mobile users within

the radio access network (RAN). A variety of computation-intensive and latency-

sensitive mobile applications have been benefited from mobile edge computing, in-

cluding computation offloading, collaborative edge, augmented reality, intelligent

video acceleration, smart home, indoor localization, intelligent transportation, and

many others. In brief, although mobile edge computing is promising, there are still

many challenges that remain unsolved yet, ranging from theoretical and algorithmic

issues to real-world application development. This chapter will first present the re-

search background of this thesis and the rationale of mobile edge computing. Then,

we address the motivation and challenges in terms of load balancing and mobile

sensing for edge computing, respectively. At last, we overview the structure of this

thesis and provide a detailed organization.

1.1 Research Background and Rationale

In a typical cloud computing system, with the vision of centralising computing,

storage and network management, the centralised data centres are responsible for

supporting all elastic delivery of services. Over the last decade, with the proliferation

of mobile devices and the rapid development of wireless networking technologies, the

computation demand generated by mobile users have been growing unprecedented-
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Figure 1.1 : Example of user cases and architecture of the MEC systems.

ly. According to Cisco [22], the total volume of global mobile traffic data will be

exponentially increasing to over 70 exabytes (1 exabyte = 1018 bytes) per month,

and mobile devices will account for 60% of traffic offloading. On this basis, the cen-

tralised processing models are significantly challenged by the stringent QoS require-

ments for computation-intensive and latency-critical applications [23]. To address

the above challenges in mobile computing, with emerging 5G mobile communica-

tion networks, the concept of mobile edge computing (as shown in Fig. 1.1) has been

proposed as a critical technology to provide decentralised computation services in

mobile scenarios [24].

1.1.1 History and Research Background

According to [25], the evolution of edge computing involves three stages, includ-

ing the technical preparation period, rapid growth period, and steady development

period. Before 2015, edge computing was still in its early stage with technology

preparation. Since 2015, edge mobile and mobile edge computing have entered a

rapid growth period in both the academic community and industry counterpart.

Fig. 1.2 illustrates the primary development process of edge computing.

Technical preparation. The initial stage of edge computing can be traced

back to the early 2010s, when the content delivery network (CND) was developed as

an Internet-based caching network to surrogate central platforms for load balancing,

distributed scheduling and other functional modules [26]. While CDN can be a root
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Figure 1.2 : A road map of the development process of edge computing.

concept of edge computing, it emphasizes the backup of data and caching of data.

In contrast, the idea of edge computing focuses more on function caching, i.e., acces-

sible computation services. The evolution of edge computing went through various

concepts and definitions, including cloudlets, small cell cloud, micro data centres, fog

nodes, mobile micro cloud, etc. In 2009, Satyanarayanan et al. [27] brought forward

the concept of cloudlet, a trusted, resource-rich cluster of servers deployed at the

edge of networks. Cloudlets can execute offloadable arbitrary code partitions (com-

putation tasks), which are typically computation-intensive and resource-intensive.

In 2012, Flavio et al. [28] introduced the term fog computing for decentralised cloud

computing and extended cloud computing for IoT infrastructures. In 2013, Nokia

and Intel released the first edge computing platform, i.e., the Radio Application

Cloud Server, an IT architecture inside the cellular base stations to enable service

delivery directly from the network’s edge [29].

Rapid Growth. Since 2015, edge computing has been rapidly growing in both

industry and academia [30]. In the industrial community, In September 2015, the

industry specification group (ISG) within the European Telecommunications Stan-

dards Institute (ETSI) put forward the standardization of mobile edge computing.

Different from conventional cloud computing paradigms, mobile edge computing oc-

curs at the edge of the network while providing near-user computing services within

the Radio Access Network (RAN) [24]. The main purpose of the standardization
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of MEC is to provide efficient and seamless integration of cloud computing func-

tionalities into the mobile network, thus developing favourable conditions driven by

all stakeholders (mobile network operators, service providers, device vendors and

mobile users) [26]. In November 2015, the Open Fog Consortium (later emerged

to the Industrial Internet Consortium) was established by Cisco, ARM, Dell, Intel,

Microsoft, and Princeton University, to jointly accelerate the growth of edge com-

puting [31]. During this period, IT giants in the cloud computing market started

to build edge computing platforms and provide relevant services. The pioneering

companies include Amazon with the AWS IoT Greengrass [32] and Microsoft with

Azure IoT Edge [33]. With edge computing becoming increasingly crucial in the

academic community, the IEEE/ACM Symposium on Edge Computing (SEC) was

initiated in 2016. Since then, some premier international conferences, such as IC-

C, INFOCOM, SIGCOMM and MobiCom, have included edge computing tracks or

workshops to their main technical sessions.

Steady Development. From 2020, edge computing will step into a new decade

with more steady development. In this period, driven by 5G, Artificial intelligence,

and Autonomous Driving, edge computing will be realised with academia and in-

dustry integration.

1.1.2 Rationale

The preliminary rationale of edge computing is to provide data, computing

and storage resources, and applications in close proximity to mobile devices or

sensors, thus delivering highly responsive services. In specific, as categorized by

Mao et al. [23], the advantages of mobile edge computing over cloud computing can

be summarized as follows.

1. Low Latency: With proximity to mobile users, the edge servers can provide

highly responsive services with low end-to-end latency, high bandwidth, and

low jitter. Such low latency is of great necessity for emerging multimedia

applications, such as augmented reality (AR).

2. Mobile Energy Savings: By effectively supporting computation offloading, mo-
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bile edge servers can execute resource-intensive computing tasks for mobile

users, thereby prolonging battery usages for energy-constrained mobile and

IoT devices. Many research studies have demonstrated the significant energy

saving by computation offloading in mobile edge computing, such as Edge-

Box [34] and Heteroedge [35].

3. Context-Awareness: The MEC server can leverage the interactions with in-

proximity end users to collect context information, such as population density,

user behaviours and urban dynamics. Such context-aware information can

be exploited to predict dynamic service demand. Service providers can then

arrange more accurate and sufficient context-aware services [36–38] on different

edge servers for mobile users.

4. Privacy/Security Enhancement: With the three-tier edge computing model

(i.e., IoT/mobile devices, edge servers, and the central cloud), the mobile

edge server is the first point of contact for mobile/IoT devices, which provides

promising opportunities for enhancing privacy and security policies. Appli-

cations with sensitive information exchange requirements would benefit from

enterprise deployment of MEC, as the enterprise administrator can manage

the authorisation, access control, and service classification to avoid uploading

restricted data and material to central clouds.

5. Availability Backup: With more and more data, services and computation

resources deployed at the edge network, edge servers can temporarily mask the

central cloud’s outages in case of network failure or denial-of-service attacks.

1.2 Motivation and Challenges

We address the motivation and challenges in mobile edge computing from two

perspectives, i.e., the theoretical and practical perspectives.

First, theoretically, the power of mobile edge computing could not be fully un-

leashed unless all the heterogeneous edge servers in the MEC systems could serve

mobile users and perform their tasks simultaneously. If each edge server’s resource
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is fully utilized and the tasks can be concurrently processed sustainably by multi-

ple servers, the average task response time can be substantially reduced. However,

the distribution of user tasks is usually random. On the one hand, users’ mobility

cannot be centrally controlled, nor their offloading behaviours (as long as mobile

edge servers are accessible). On the other hand, mobile edge servers travel around

various metropolitan areas with different population densities. The amount of user

task flow to any single edge server is not determined. Therefore, without efficient

management of simultaneous offloading by multiple users and task migration, the

task response time will be delayed, and the load of all edge servers in both computing

resources and communication links will be unbalanced.

In the first part of this thesis, we tackle a significant problem of keeping a

balanced load among all mobile edge servers, so that all the edge computing resources

can be fully utilized, and the user tasks would be concurrently processed to reduce

the average task response time. Nevertheless, two challenges need to be carefully

addressed to achieve load balancing for mobile edge servers at the network edge.

• Collaborative Edge. The load balancing should be achieved through collab-

orative task offloading. As cloudlets’ mobility cannot be controlled, it is im-

possible to continually redirect an exact amount of task flow from one cloudlet

to another. Fortunately, it is possible for encountering cloudlets to offload

tasks to each other by sharing load information collaboratively.

• Distributed Efficiency. The balanced task allocation method should be

low-cost and light-weight in both communication and computation. It is im-

practical to query global load information in a dynamic network. Even if it

can be achieved, the accumulative cost from the overall network would be

extremely high, and the transmission delay may also lead to improper task

offloading.

In chapter 3 and chapter 4 of this thesis, we tackle the above challenges of com-

putation offloading in mobile edge networks with two collaborative task offloading

mechanisms for mobile edge servers (i.e., mobile cloudlets).
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Second, in practice, with ubiquitous mobile devices and unprecedented compu-

tation resources at the network edge, there are huge demands for developing and

implementing edge-assisted applications and systems. Moreover, the integration of

edge computing would further extend the existing computing paradigm. Therefore,

in the second part of this thesis, we address the above issue and investigate how to

develop novel applications by integrating the concept of edge computing into exist-

ing sensing paradigms (e.g., mobile crowdsensing and traffic sensing/prediction). An

innovative edge computing empowered sensing system should take both the quality

of edge sensing data and the scalability and reliability of sensing services.

• Quality of Sensing Data. Robust crowdsensing typically requires high qual-

ity of sensing data. Meanwhile, in mobile edge computing, the quality of data

(e.g., accuracy) can be seriously influenced by the heterogeneity of edge devices

and the diversity of crowdsensing participants. As a consequence, the quality

of sensing data will suffer from mismatches, incompleteness, and deficiency.

• Feasibility and Reliability of Edge Sensing. Integrating edge-assisted

computing with the existing sensing paradigm would require verification of

feasibility and reliability in practice. More importantly, it is more challenging

to achieve convincing performance with edge sensing to outperform the existing

sensing and computing paradigms.

Chapter 5 and chapter 6 of this thesis present two novel edge computing-assisted

computing paradigms with crowdsensing and cross-domain sensing. We further ad-

dress the above challenges with the system implementations based on real-world

datasets.

1.3 Thesis Overview

Following the two main themes we have discussed, the technical chapters of

this thesis consist of two parts as shown in Fig. 1.3. Part I is Edge Computation

Offloading: Mechanism Designs, and Part II is Edge Computing Implementations:

Applications.
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Figure 1.3 : An overview of the thesis structure.

Part I focuses on the theoretical innovations of computation offloading in mobile

edge computing, emphasising Collaborative Edge so that mobile cloudlets can offload

users’ tasks to each other. Part II investigates two novel implementations with

mobile edge computing, including an edge computing-assisted crowdsensing system

for outdoor RSS maps, and a cross-domain learning-based system for traffic sensing

and prediction.

1.4 Thesis Organization

Generally, the thesis is organised as follows.

• Chapter 2: We review and discuss the state-of-the-art works of mobile edge

computing in computation offloading and mobile sensing, respectively.

• Chapter 3: To achieve more efficient and low-cost load balancing among mobile

edge servers, we propose ‘CTOM’, a Collaborative Task Offloading Mechanism

for mobile cloudlet networks, where the cloudlets are enhanced with mobility

and intermittently connected. To the best of our knowledge, this is the first

work focusing on collaborations among mobile cloudlets for task load balanc-

ing. To validate the effectiveness of the proposed mechanism, extensive sim-
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ulation studies and trace-driven evaluations are conducted. Our simulation

results show that the proposed ‘CTOM’ algorithm can achieve exceedingly

balanced results in mobile cloudlet task allocation, thus enhancing the edge

resource utilization and QoS of cloudlet networks.

• Chapter 4: To further guarantee fairness in task offloading, we propose ‘FairEdge’,

a Fairness-oriented computation offloading scheme to enable balanced task

distribution for mobile Edge cloudlet networks. The Jain’s fairness index is

integrated as a part of the task offloading algorithm. The FairEdge scheme

enables a more reasonable computation offloading decision for each edge serv-

er by leveraging the task load information and fairness index of two targeted

neighbours. The fairness-oriented task offloading further contributes to the

overall load balancing and fairness of the mobile cloudlet network.

• Chapter 5: To integrate edge computing with mobile crowdsensing, we pro-

pose iMap, towards system implementation and data analysis for crowdsensing

based outdoor RSS maps. Our system enables sensor-embedded mobile edge

devices to collaboratively collect RSS data and build RSS maps in the wild.

We develop a mobile application for end-users to collect RSS measurements

and use a cloud-based server for RSS data storage and processing. Based on

the experimental results, we investigate the error models for heterogeneous s-

martphones and propose a compressive sensing-based RSS data sampling and

recovery algorithm to tame errors in edge sensed data.

• Chapter 6: As a preliminary exploration, we design and implement BuildSen-

Sys , a first-of-its-kind system for nearby traffic volume prediction by reusing

edge sensing data. First, we conduct a comprehensive building-traffic analysis

based on multi-source datasets, disclosing how and why edge sensing data can

be correlated with nearby traffic volume. Second, we propose a novel recurrent

neural network for traffic volume prediction based on cross-domain learning

with two attention mechanisms. Specifically, a cross-domain attention mech-

anism captures the building-traffic correlations and adaptively extracts the

most relevant building sensing data at each predicting step. A temporal at-
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tention mechanism is then employed to model the temporal dependencies of

data across historical time intervals. This work can open a new gate of reusing

edge sensing data for cross-domain sensing and prediction.

• Chapter 7: Finally, we conclude this thesis and provides a discussion of further

research.
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Chapter 2

Review on Computation Offloading and Mobile

Sensing in Mobile Edge Computing

In this chapter, we first present an overview of mobile edge computing, from the early

theoretical investigation in the early 2010s to the more recent attempts of developing

mobile edge computing applications, and further to the latest breakthroughs of deep

learning techniques with mobile edge computing. Secondly, we provide our insights

into mobile edge computing’s key issues and discuss promising solutions based on

different methodologies. Then, we review the existing works related to this thesis’s

main themes in terms of theoretical and practical aspects. Finally, we envision the

next stage of mobile edge computing in academia and industry, respectively.

2.1 Computation Offloading in Mobile Edge Networks

Computation offloading is one of the key use cases in mobile edge computing,

and edge servers can perform computing offloading, data storage, caching and pro-

cessing for the user’s requests. Therefore, it is vital to design efficient offloading

strategies and mechanisms to meet services’ requirements, such as reliability, securi-

ty, and privacy protection. In this respect, we first present the general principles of

computation offloading in edge computing, including offloading classification (full,

partial offloading). Afterwards, we review the latest research efforts addressing mo-

bile edge computation offloading’s critical issues, including edge server placement,

mobility management, load balancing, and security issues.

2.1.1 Offloading Classifications

From mobile users’ perspective, computation offloading in mobile edge comput-

ing is significantly beneficial to their computation-intensive and latency-critical ap-

plications at the resource-limited mobile devices. Through computation offloading,
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MEC promises a critical reduction in latency and energy consumption. A decision

on computation offloading in MEC can be affected by the factors as follows.

1. The offloadability of applications. For applications with executable codes, data

partitions and parallelization, they can be considered suitable for computation

offloading in MEC. Moreover, if the application is further divisible, the divided

parts can be offloaded to edge servers if offloadable or processed locally if not

offloadable.

2. The dependency of application divisions. The dependence of application di-

visions also influences the offloading decisions. If all divided parts are in-

dependent, they can be offloaded and executed simultaneously. However, for

divisions with mutual dependencies, the output of particular components could

be the input of other components.

Based on the above factors, there are generally two types of computation offload-

ing in MEC, i.e., full offloading and partial offloading. Full offloading decision in

MEC is to offload the whole executable partitions of an application from mobile or

IoT devices to the edge servers. In full offloading, most mobile users’ applications

would have a delay constraint or energy consumption constraint, and the goal of full

offloading usually comes with the minimization of execution delay and minimization

of energy consumption. Partial offloading refers to the computation offloading in

MEC that a part of the computation is processed locally, while the rest is offloaded

to edge servers for processing.

2.1.2 Computation Offloading in Cloudlet Networks

There have been substantial research efforts on the computation offloading in

MEC with various emerging research directions, including edge server deployment,

cache-enabled MEC, mobility management for MEC, Green MEC, as well as security

and privacy issues in MEC. In this thesis, to specify the scenario of MEC, we use

the term of (mobile) cloudlet to refer to (mobile) edge servers, and review the state-

of-the-art research works in computation offloading within the scope of cloudlet
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networks.

Satyanarayanan [39] firstly proposed the concept of ‘cloudlet’, a trusted, resource-

rich computer or a cluster of servers that well-connected to the Internet. With the

available accessibility to nearby mobile devices, cloudlets can provide low latency

and high bandwidth network connectivity. Moreover, mobility-enhanced cloudlet

systems (e.g., cloud-vision [40]) were also proposed with mobile edge computing’s

emergence to collect computation tasks from mobile users for processing. To deter-

mine mobile cloudlets’ capacity in providing mobile application services, Li et al. [41]

studied the computing performance of a mobile cloudlet with respect to the cloudlet’s

size, lifetime and reachable time. To tackle the intermittent connections between

mobile users and mobile cloudlets, Zhang et al. [42] developed an optimal compu-

tation offloading algorithm by considering both the user’s local load and the avail-

ability of nearby cloudlets. Chen et al. [43] categorized the computation offloading

in MEC into three modes: opportunistic mobile cloudlet service, connected cloudlet

service and remote cloud service. Based on that, they further proposed a novel mo-

bile cloudlet-assisted service mode to achieve flexible cost-delay tradeoffs between

accessing remote cloud and mobile cloudlets [44].

More recently, driven by the concept of Cellular Vehicle-to-Everything (C-V2X)

and Internet of Vehicles (IoV), vehicular edge computing (VEC) [45] has emerged as

a new paradigm for mobile edge computing. Wang et al. [46] combined the vehicle-

assisted cloud computing infrastructure to expend the available computing resources

for task requests from smartphones. The serviceability of mobile vehicular cloudlets

(MVC) was further assessed [47] based on the taxi mobility trace, and the analysis

of spatial and temporal evolutions of serviceability was provided. To facilitate the

resource-rich electric vehicles on the road, there are new opportunities for task of-

floading and data processing onto the vehicular edge network [48]. To extend the

scalability of edge computing services and applications in mobile vehicular networks,

Wang et al. [46] proposed a novel collaborative vehicular edge computing framework

(CVEC) and envisioned the cloudlet collaboration for vehicular networks.

Beyond collaboration mobile vehicular cloudlets, load balancing has become an-
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other key issue for reducing task response delay and improving resource usage ef-

ficiency [49]. Indeed, load balancing has been considered as an essential factor for

QoS in static cloudlets and the related cloudlet placement studies [50]. In mobile

edge computing scenarios, load balancing has been investigated with the task alloca-

tion problem formulated as an integer linear problem [51]. Given the high dynamics

of vehicular edge computing networks, the task offloading was formulated into a

constrained optimization problem and further solved with game theory methodolo-

gies [52]. To maximize the system utility of vehicular mobile edge computing, a

collaborative computation offloading and resource allocation optimization scheme

was presented to decouple the optimization problem into two sub-problems, i.e.,

computation offloading decision-making and resource allocation [53].

To this end, in this thesis, we further investigate the load balancing problem in

task offloading of mobile cloudlet networks. In Chapter 3, we propose ‘CTOM’, a

Collaborative Task Offloading Mechanism for mobile cloudlet networks. Our solu-

tion is based on the balls-and-bins theory and can balance the task load, only requir-

ing limited information. In Chapter 4, we propose ‘FairEdge’, a Fairness-oriented

computation offloading scheme to enable balanced task distribution for mobile Edge

cloudlet networks. By integrating the balls-and-bins theory with the fairness in-

dex, our solution promotes effective load balancing with limited information at low

computation cost.

2.2 Mobile Sensing Applications with Edge Computing

Mobile crowdsensing [54] provides a cost-efficient solution to accommodate large-

scale sensing tasks. For example, Sensorly [55] for monitoring speed and coverage of

WiFi, LTE and 3G services. However, there are still some significant challenges for

mobile crowdsensing, including lack of data validation, lack of incentive-compatible

mechanisms, high traffic load, and high latency, due to the centralised data process-

ing paradigm. The rising edge computing and deep learning motivate researchers

to develop more advanced mobile sensing applications by combining state-of-the-

art sensing paradigms, edge computing architecture and deep learning algorithms
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altogether.

We review some representative works that combine edge computing and deep

learning with mobile sensing applications as follows. In [54], Zhou et al. developed

a robust mobile crowdsensing (RMCS) framework that integrated deep learning-

based data validation and edge computing-based local processing for reliable service

delivery. Moreover, Yao et al. [56] proposed DeepSense, a deep learning framework

for mobile sensing and computing tasks, by leveraging convolutional and recur-

rent neural networks to exploit different types of relations in input sensory data.

Li et al. [57] designed a novel computation offloading strategy to optimise IoT deep

learning applications with edge computing. Notably, the concept of Edge Intelli-

gence has been further defined in [58], which emphasizes the integration of artificial

intelligence and edge computing.

In recent years, with the advance in artificial intelligence and the ubiquity of

edge devices, there have been more premier mobile sensing frameworks and appli-

cations in both academia and industry. For example, Zhang et al. [35] developed

HeteroEdge, a novel resource management framework for social mobile sensing-based

edge computing. Yao et al. [56] proposed SADeepSense, a deep learning framework

with a spatiotemporal self-attention mechanism for sensor inputs of heterogenous

devices. SADeepSense first learns the correlations among different sensors over time

by employing a self-attention mechanism without supervision. Then, it generates the

residual concentrations that are deviated from the equal contributions from multiple

sensors.

From mobile applications’ perspective, numerous efforts have been made in ser-

vice placement of edge computing networks. For instance, Konstantinos et al. [59]

studied the joint optimization of service placement and request routing in MEC-

enabled multi-cell networks with multi-dimensional constraints. Stephen et al. [60]

investigated the problem of placing multiple services in a heterogeneous MEC net-

work to maximize the total system reward. Moreover, Gao et al. [61] jointly consid-

ered the problem of network selection and service placement in MEC by associating

access delay, switching delay and communication delay to improve the QoS for MEC
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applications. From the mobile user’s perspective, authors in [62] formulated a con-

textual multi-armed bandit (MAB) problem for the service placement in mobile edge

computing, and further developed an online learning algorithm to cope with the dy-

namics in the edge environment and make accurate service placement decisions. At

last, Farhadi et al. [63] separated the time scales of service placement and request

scheduling into frames and slots to jointly optimize a set function.

2.3 Summary

In the following four chapters, we will mainly focus on the theoretical aspects of

mobile edge computation offloading and the practical aspect of mobile edge-assisted

applications, respectively. Chapter 3 is based on a conference paper [1] published in

IEEE ICC 2018 and its extended version [11] published in the IEEE Access Journal.

Chapter 4 is based on a joint paper [2] with Shuang Lai. Chapter 5 is based on

the collaborative work [3] with Chaocan Xiang, which has been published in the

IEEE Access Journal. Chapter 6 is based on our recent work published in IEEE

Transactions on Mobile Computing [4]. In Chapter 7, we will discuss the future

work from both theoretical and practical perspectives and conclude the thesis.
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Chapter 3

CTOM: Collaborative Task Offloading Mechanism

for Mobile Cloudlet Networks

Mobile cloud computing has emerged as a pervasive paradigm to execute computing

tasks for capacity-limited mobile devices. More specifically, at the network edge, a

resource-rich and trusted cloudlet system acts as a ‘data centre in a box’ can support

compute-intensive mobile applications. Mobile cloudlets can provide in-proximity

services by executing the workloads for nearby devices. Nevertheless, load balancing

in mobile cloudlet network is of great importance, as it has a significant impact on

task response time. The existing methods for cloudlet load balancing basically rely

on strategic placement or user cooperation. However, the above solutions require

the global task load information from the whole network, costly in both commu-

nication and computation. We propose CTOM, a Collaborative Task Offloading

Mechanism for mobile cloudlet networks to achieve more efficient and low-cost load

balancing. Our solution is based on the balls-and-bins theory and can balance the

task load, only requiring limited information. Extensive simulations and evaluation

based on mobility trace demonstrate that our CTOM outperforms the conventional

random and proportional allocation schemes by reducing the task gaps among mo-

bile cloudlets by 65% and 55%, respectively. Meanwhile, CTOM’s performance is

close to that of the greedy algorithm but with much lower computing complexity.

3.1 Introduction

In recent years, with the pervasive proliferation of mobile devices and the advance

in networking technologies, mobile users can enjoy various robust and functional

applications, such as Augmented Reality, Virtual Reality, etc. While these mobile

applications are becoming more demanding in computing resources, the capacity of
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a single smartphone is still constrained. For example, most mobile users are con-

stantly facing the problems of resource-exhaustion or energy-drain on their devices.

To tackle this issue, cloud computing has been proposed and pervasively used for

processing resource-intensive tasks. However, due to the long distance between a

central server and its mobile users, cloud computing has some inevitable limita-

tions, such as network latency, link noise, and transmission delays [64]. To provide

more reliable computing services for mobile users, an alternative cloud computing

paradigm has been proposed, called ‘cloudlet’ [39].

A cloudlet is a trusted, resource-rich cluster of servers integrated with wireless

access points (APs), which is accessible and connected to nearby mobile users [65].

By providing seamless access with low-latency and high-bandwidth, cloudlets can

execute computation tasks for mobile users in real-time, thereby significantly im-

proving the performance of cloud computing [42, 49]. Recent studies [45, 66–68]

have focused on mobile cloudlets that utilise the multitude of near-user vehicular

cloudlets to achieve more efficient task offloading and processing.

A key challenge in mobile cloudlet networks is how to keep a balanced load

among all of the mobile cloudlets so that cloudlet resources are fully utilised, and

tasks can be concurrently processed sustainably by multiple servers, thus reducing

the average task response time [49]. As vehicle-based cloudlets travel around various

metropolitan areas with different population densities, it is impossible to centrally

control the amount of user task flow to any single cloudlet. Besides, the connectivity

in mobile cloudlet networks is also intermittent.

Some existing studies address the load balancing problems in static cloudlet sys-

tems, either by strategic cloudlet placement [65, 69] or by cloudlet-oriented task

redistribution [49]. However, these methods are not applicable in mobile cloudlet

networks, where the cloudlets are mobility-enhanced, and the network is intermit-

tently connected. Even worse, for each mobile cloudlet, its neighbours’ load infor-

mation continuously varies, which would make it costly to compute the overall load

information. Accordingly, two challenges need to be carefully addressed.

First, load balancing should be achieved through collaborative task offloading.
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As cloudlets’ mobility cannot be controlled, it is impossible to continually redirect

an exact amount of task flow from one cloudlet to another. Fortunately, it is possible

for encountering cloudlets to offload tasks to each other by sharing load information

collaboratively.

Second, the balanced task allocation method should be low-cost and light-weight

in both communication and computation. It is impractical to query global load

information in a dynamic network. Even if it can be achieved, the overall network’s

accumulative cost would be extremely high, and the transmission delay may also

lead to improper task offloading.

In this chapter, to deal with the above challenges, we propose ‘CTOM’, a Col-

laborative Task Offloading Mechanism for mobile cloudlet networks. Our method

leverages the balls-and-bins model to fit the distributed task allocation scenario in

mobile cloudlet networks. Based on the ‘two-choice’ paradigm, by only querying load

information from only two random neighbours in each time interval, each cloudlet

can process relatively balanced task offloading. Accumulatively, the longest task

queue among all mobile cloudlets will be significantly reduced with high probabili-

ty [70].

We summarise the contributions of this chapter as follows.

1. We propose a collaborative task offloading mechanism for mobile cloudlet net-

works, where the cloudlets are enhanced with mobility and intermittently con-

nected. This is the first work focusing on mobile cloudlets’ collaborations for

task load balancing to the best of our knowledge.

2. Inspired by the balls-and-bins probability theory, we propose an innovative so-

lution to the problem of balanced task allocation in distributed mobile cloudlet

networks. By comparing only two neighbours’ task load, each mobile cloudlet

can process valid task offloading at low communication cost in each time in-

terval.

3. To validate and demonstrate the effectiveness of the proposed mechanism,

extensive simulation and trace-driven evaluation have been conducted. Our
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simulation results show that the proposed ‘CTOM’ algorithm has achieved

exceedingly balanced results in mobile cloudlet task allocation and performed

close to the optimal allocation that relies on global task load information.

The rest of this chapter is organised as follows. We first review the related work

in Section 3.2. In Section 3.3, we describe the system model of mobile cloudlet

networks and formulate the load balancing problem. We present our solution and

algorithm design in Section 3.4 and further evaluate the proposed CTOM with

extensive simulation and trace-driven evaluation in Section 3.6. Finally, we conclude

this work in Section 3.7.

3.2 Related Work

Satyanarayanan [39] proposed ‘cloudlet’, a ubiquitous facility that acts as a ‘data

centre in a box’ to serve nearby mobile users. As the communication from a local

cloudlet to surrounding users is usually within one hop, cloudlets can provide low

latency and high bandwidth network connectivity. Moreover, mobility-enhanced

cloudlet systems are also proposed with the emergence of mobile edge computing,

where cloudlet-integrated vehicles randomly travel in metropolitan areas to collect

and process tasks for mobile users [71].

Several existing studies proposed different methods to solve the load balancing

problem in cloudlet networks. The first approach is strategic cloudlet placement.

Xu et al. [65] proposed a placement strategy for capacitated cloudlets to minimise

the cloudlet accessing delay and average task response time for device users. Ji-

a et al. [49] further formulated an optimal task redirection problem and devised a

load balancing algorithm to minimize the task response time. However, in our s-

cenario, the cloudlets are enhanced with mobility, so that the connectivity in the

network is intermittent. With continuously changing task flows from edge devices

to cloudlets, the above solutions become incompetent.

Moreover, Zhang et al. [42] developed an optimal offloading algorithm for mobile

users by considering user mobility patterns and cloudlet admission control. In [69],
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Figure 3.1 : Task offloading in a mobile cloudlet network scenario.

Jia et al. associated the cloudlet placement problem with task assignment at user

dense regions. Unlike the above works, in this chapter, we focus on mobile cloudlets’

cooperation and aim to explore the possibility of leveraging mobile cloudlets encoun-

ters to balance the task load.

3.3 System model and problem formulation

In this section, we first present the preliminaries of our system model. After

that, we formulate the load balancing problem in mobile cloudlet networks.

Network Model: We start the network model with a set of mobile cloudlets

travelling in a metropolitan area network. We assume that K mobile cloudlets are in-

tegrated with vehicular access points (APs), and we denote them by C = {c1,c2,...,cK}.

The cloudlets can communicate via network connections and offload tasks to its cur-

rent neighbours in the network, as depicted in Fig. 3.1.

Cloudlet Model: According to [49], for each mobile cloudlet ci, where i ∈

{1, 2, ..., K}, we model it as an M/M/n queue. Each cloudlet i has si server(s)

with the service rate µi. Then, we adopt the random walk model for the mobility

of cloudlets. For cloudlet i, as the amount of task offloading from nearby users

varies continuously, we also adopt the Poisson process to model the incoming user
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tasks [49], where the task arrival rate at cloudlet i is λi. Furthermore, to store the

arrived tasks pending for execution, each mobile cloudlet i holds a FIFO task queue

Qi = {q1, q2, .., qk}, where the queueing length is ‖Qi‖.

Communication Model: Similar to [49], we assume that the mobile cloudlets

in our model are also integrated with wireless access points, which provide for one-

hop, low-latency, and high-bandwidth wireless access for task offloading. When

the distance dij between cloudlets i and j is within the inter-contact range R, a

communication contact can be established between them [42].

By referring to [72] and [9], the inter-meeting time of cloudlets ci and cj follow an

exponential distribution with a pairwise rate αij, i.e., f (t) = 1
αi,j

e
− 1
αij
·t
, t ≥ 0. Thus

between any two time points ta and tb, the encountering probability of cloudlets ci

and cj is computed by:

Pij (ta, tb) = e
− 1
αij
·ta − e−

1
αij
·tb
, tb > ta. (3.1)

Satyanarayanan et al. [39] conducted several task offloading experiments in cloudlet

networks connected by WiFi. The execution time of offloaded tasks is approximately

10−4 ∼ 10−2 seconds for applications such as augmented reality and facial recogni-

tion. Because the round-trip time (RTT) of wireless transmission only takes tens to

hundreds of milliseconds, we consider the time interval set in our model is reasonably

long enough for the inter-contact time (including execution time and RTT).

Task Offloading Model: In our model, a ‘task’ refers to an application phase

that involves executable codes and offloadable data that can be processed at any

mobile cloudlet [42]. Moreover, the total number of tasks generated by different

users fluctuates. We also adopt the percentage imbalance metric η and the statistical

skewness ϕ from [73] to evaluate the network’s overall load balancing. The above
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metrics are calculated by:

η =

(
Lmax
L̄
− 1

)
× 100%, ϕ =

1
n

n∑
i=0

(Li − L̄)
3

( 1
n

n∑
i=0

(Li − L̄)
2
)
3/2
, (3.2)

where Lmax and L̄ are the maximum and average loads, respectively. The per-

cent imbalance metric measures the severity of load imbalance, while the skewness

provides a detailed load distribution picture [73].

Problem Domain: Given a mobile cloudlet network G with a set of cloudlet-

s C = {c1,c2,...,cK}, where cloudlet i holds a task queue Qi for i = 1, 2, · · · , K..

Meanwhile, cloudlet i has ni servers with service rate µi, and the task arrival rate at

cloudlet i is λi. We define the Mobile Cloudlet Load Balancing Problem as follows.

Basic Load Balancing Problem: We investigate how to offload tasks in mobile

cloudlet networks collaboratively. Particularly, our goal is to minimise the overall

variance of a task queue in achieving balanced task distribution, as computed by

minimise
∑
i∈C

‖Qi − E [Q]‖, (3.3)

subject to µi · ni ≥ λi, i ∈ C.

Gap minimisation and balance metric evaluation: Minimising the task

load gap between the maximum queue and average queue is also worth evaluating.

Note that the maximum load Lmax and average load L̄ count for the imbalance

metric and statistical skewness in Equation 3.2. The evaluation of task load gap can

be given by

minimising max
i∈C
{‖Qi‖ − E[Qi]}, (3.4)

subject to µi · ni ≥ λi, i ∈ C.
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3.4 Our solution and algorithm design

In our work, we adopt the balls-and-bins theory and design a collaborative task

offloading mechanism, i.e., CTOM, to improve the load balancing of cloudlet net-

works. Before presenting the details of our CTOM algorithm, we first briefly intro-

duce the balls-and-bins theory.

3.4.1 Leveraging balls-and-bins based probability theory

The balls-and-bins model is a classic probability model for the randomised al-

location process [70]. Suppose that n balls are thrown into n bins, with each ball

choosing a bin independently and uniformly at random. Then, the maximum load,

i.e., the largest number of balls in any bin, is approximately logn
log logn

. Now assume

that each ball is placed into the least loaded bin, among d ≥ 2 bins chosen inde-

pendently and uniformly. This is called the d-choice paradigm. In this case, the

maximum load is approximately log logn
log d

+ O(1).

The extension of the balls-and-bins model’s maximum load problem is further

considered, where m balls are sequentially placed into n bins with m� n log n. In

this case, for random allocation, the number of balls in the fullest bin is approxi-

mately m
n

+
√

m logn
n

. While for d-choice, if m� n log n, then the maximum load is

approximately m
n

+ O(
√

m log n
n

).

In this work, the d-choice paradigm is adopted to a mobile cloudlet network mod-

el, where tasks and mobile cloudlets are considered as balls and bins, respectively. In

designing the task offloading algorithm, we apply the d-choice paradigm to balance

the network load. With the theoretical guarantee from the balls-and-bins theory,

the collaborative task offloading could yield a larger reduction on the maximum load

in mobile cloudlet networks.

3.4.2 Algorithm Design

We introduce the algorithm design of CTOM as follows.
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Overview

In algorithm 1, there are some basic assumptions in the algorithm design. First,

we mainly focus on collaborations among mobile cloudlets in task offloading. For

each cloudlet ci, the incoming tasks from users follow a Poisson process with a

constant task arrival rate. Second, we assume that the tasks in the network are of

the same size, so that the final allocation results can be measured precisely. Third,

at each cloudlet ci, the arrived tasks are stored in the task queue Qi. Fourth, the

time interval is long enough for an inter-contact connection (including execution

time and RTT).

Algorithm

Basic inputs and outputs: The basic inputs include a set of cloudlets C, time

interval T, the inter-contact range R. For each cloudlet ci, we denote the user task

flowing rate as λi, the number of servers as si and the service rate as µi. The outputs

include the set of task load queues Q, the imbalance metric η, and the statistical

skewness ϕ.

Exploring opportunistic encounters: In the initialising step, the algorithm

first randomly generates each mobile cloudlet’s location. When each time interval

begins, all cloudlets will perform random walks, and the algorithm will update their

locations. According to Equation 3.1, the algorithm will first check whether there

are new mobile cloudlets within its communication range for each cloudlet ci. Then,

with the neighbouring list l(i), the algorithm will calculate the number of neighbours

for each cloudlet ci. If the number of neighbours is greater than d, the algorithm

will apply the d-choice paradigm; otherwise, the algorithm will assign d/2 to d until

the value of d is smaller than the number of current neighbours.

Task offloading paradigm: The proposed CTOM will randomly select d neigh-

bouring mobile cloudlets for cloudlet i and iteratively compare their task loads, after

that, cloudlet i will offload one portion of its task to the least loaded neighbour in

the current time interval. For the greedy algorithm, the value of d equals to the total

number of each cloudlet’s neighbours. The proportional algorithm [74] will further
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Algorithm 1 The CTOM Algorithm

Require:
Mobile Cloudlet C, Time Interval T, Contact Range R
User Task Flow λi, Number of Servers S, Service Rate µi

Ensure:
Task Queue Q, Imbalance Metric and Statistical Moment

1: Minimise
∑
i∈C
‖Qi − E [Q]‖ using the d-choice method.

2: Initialise cloudlet’s location (X, Y)
3: for Interval t = [1 : T ] do
4: Cloudlets perform random walks in a metropolitan area
5: Update each cloudlet’s location in this time interval
6: Update cloudlet’s load information with λi, qi, µi
7: for Cloudlet ci, i = [1 : k] do
8: Add mobile user’s task offloading into qi
9: Calculate encountering cloudlets according to Eq. 3.1

10: Update neighbouring list l(i)
11: if ‖l(i)‖ ≥ d
12: Select d neighbours randomly and independently
13: else if ‖l(i)‖ ≤ d
14: do d← d/2 until ‖l(i)‖ ≥ d
15: end if
16: Compare the load of d selected neighbours
17: s← the first selected neighbour in d
18: for v = 2 to d do
19: if Qs > Qv then s← v
20: end if
21: end for
22: if Qi > Qs then
23: P ← 1−Qs/Qi

24: Qs ← ls +W (i) ∗ P
25: Qi ← li −W (i) ∗ P
26: end if
27: end for
28: end for
29: Calculate imbalance metric and statistical moment skewness according to Equa-

tion 3.2
30: return Q, η, ϕ
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compute the offloading probability based on the task loads of the current cloudlet

and the selected cloudlet. When all mobile cloudlets finish the task offloading, the

next time interval begins. Finally, the imbalance metric, together with statistical

moment skewness, will be calculated according to Equation 3.2.

3.5 Method Validation

In this section, we present the claims made in the proposed load balancing algo-

rithm and provide proof. First, we give out the definitions and notations as follows.

We basically follow [75] and consider task offloading as a finite process, where

there are m tasks and n mobile cloudlets. Initially, the mobile cloudlets are all idle,

and each of the tasks is allowed to be offloaded into one of d (d ≥ 2) neighbouring

cloudlets chosen independently and uniformly at random. The arrived tasks at each

cloudlet are stored by FIFO. We denote the above task allocation process as an (m,

n, d)-problem. In our proof, to make the exposition clearer, we first prove the case

when m = n, and then we can shift the proof to m > n case.

Table 3.1 : Notations and definitions

Notations Definitions
lcj(t) the load of cloudlet j, i.e., the number of tasks in cloudlet j at time

t, resulting from the proposed CTOM algorithm
N c
k(t) the number cloudlets that with the load of k at time t

N c
≥k(t) the number of cloudlets that have the load larger than or equal to

k at time t, i.e., N c
≥k(t) =

∑
i≥kN

c
i (t)

Hc
t the length of the task queue t, which equals to the number of tasks

at time t in a cloudlet
M c

k(t) the number of tasks that have a height of k at time t
M c
≥k(t) the number of tasks with the height larger than or equal to k at

time t, i.e., M c
≥k(t) =

∑
i≥kM

c
i (t)

The proposed algorithm CTOM assigns a task j from its current cloudlet to the

cloudlet with the lowest load among its d randomly selected neighbours. Next, we

prove the upper bound of tasks in the fullest cloudlet under the CTOM algorithm.

Claim 1. Suppose there are n tasks to be allocated to n cloudlets. For each cloudlet,
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it allocates the task to the least loaded neighbour out of d selected neighbours. Then

the upper bound, i.e., the total number of tasks in the fullest cloudlet, is at most

ln lnn
ln d

with a high probability. We list the definitions of variables used in our proof

in Table 3.1).

Proof. The basic intuition of the proof is as follows. Let pi = M≥i/n. For each

cloudlet, it offloads the current task independently and N c
≥k ≤M c

≥k, then we roughly

have pi+1 ≤ pdi (d is the number of offloading choices), which shows the decrease in

pi is doubly exponential, as long as M≥i < n/2. Obviously, M≥i+1 is based on the

condition that M≥i.

We consider that the task allocation process is finite and denote a binomial

and distributed random variable by B(n, p). According to [75], we have a standard

Lemma as follows.

Lemma 1. Let X1, X2, ..., Xn be a sequence of random variables with arbitrary val-

ues. Let Y1, Y2, ..., Yn be a sequence of binary random variables, with Yi = Yi(X1, ..., Xi).

If

Pr(Yi = 1|X1, ..., Xi−1) ≤ p,

then, we have

Pr(
∑

Yi ≥ k) ≤ Pr(B(n, p) ≥ k).

Similarly, if

Pr(Yi = 1|X1, ..., Xi−1) ≥ p,

we have

Pr(
∑

Yi ≤ k) ≤ Pr(B(n, p) ≤ k).

As the d choices are independent for each task, we have Pr(Ht ≥ i + 1|N≥i(t −

1)) ≤ (N≥i(t−1))d

nd
.

We use θi to denote the event of N≥i(n) ≤ αi (αi will be illustrated in the

following steps), which implies that N≥i(t) ≤ αi for t = 1, 2, ..., n).
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For i ≥ 1, we consider Yt (t = 2, ..., n) as the serial binary variables, where

Yt = 1 ⇐⇒ ht ≥ i+ 1 and ν≥i(t− 1) ≤ βi.

That is to say, Yt = 1 if the height of the task t is greater than i + 1, even the

number of cloudlets that have more than i tasks is less than αi.

We use γj to denote the number of choices available for the jth ball. Then, we

have

Pr(Yt = 1|γ1, ..., γt−1) ≤ αdi
nd

∆
= pi.

Now we apply Lemma 1 to conclude that

Pr(
∑

Yt ≥ k) ≤ Pr(B(n, pi) ≥ k).

When conditioned on θi, we have M≥i+1 =
∑
Yt, thereby,

Pr(
∑

M≥i+1 ≥ k|θi) = Pr(
∑

Yt ≥ k|θi) ≤
Pr(

∑
Yt ≥ k)

Pr(θi)
.

By combining the above two formulas, we can obtain

Pr(
∑

N≥i+1 ≥ k|θi) ≤
Pr(B(n, pi) ≥ k)

Pr(θi)
.

According to [76] (see Appendix A), the large deviations in the binomial distri-

bution can be bounded as

Pr(B(n, pi) ≥ epin) ≤ e−pin,

Therefore, we can set
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αi =


n, i = 1, 2, ..., 5;

n
2e
, i = 6;

eαdi−1

nd−1 , i > 6.

As θ≥6 = {N6 ≤ n/(2e)} still holds, for i ≥ 6,

Pr(¬θi+1|θi) ≤
1

n2 Pr(θi)
,

with pin ≥ 2 lnn.

Since

Pr(¬θi+1) ≤ Pr(¬θi+1|θi) Pr(θi) + Pr(¬θi),

we have

Pr(¬θi+1) ≤ 1

n2
+ Pr(¬θi).

Let i∗ be the smallest i, then, αdi∗
/
nd ≤ 2 lnn/n. While

αi+6 =
ne(di−1)/(d−1)

(2e)d
i ≤ n

2di
,

we have i∗ ≤ ln lnn/ln d+ O(1)

As above,

Pr(N≥i∗+1 ≥ 6 lnn|θi∗) ≤ Pr(B(n, 2 lnn/n) ≥ 6 lnn)

Pr(θi∗)

≤ 1

n2 Pr(θi∗)
.

(3.5)

Thus, we have

Pr(N≥i∗+1 ≥ 6 lnn) ≤ 1

n2
+ Pr(¬θi∗)

.
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Finally,

Pr(M≥i∗+2|N≥i∗+1 ≤ 6 lnn) ≤ Pr(B(n, 6 lnn/n)d ≥ 1)

Pr(N≥i∗+1 ≤ 6 lnn)

≤ n(6 lnn/n)d

Pr(N≥i∗+1 ≤ 6 lnn)
.

(3.6)

Based on the Markov inequality [77], we can obtain

Pr(M≥i∗+2 ≥ 1) ≤ n(6 lnn)d

nd−1
+ Pr(N≥i∗+1 ≥ 6 lnn).

By combining the above three formulas, we have

Pr(N≥i∗+2 ≥ 1) ≤ n(6 lnn)d

nd−1
+
i∗ + 1

n2
= o(1). (3.7)

Note that i∗ ≤ ln lnn/ln d+ O(1). Then, the above proof shows that the maximum

load achieved by the proposed CTOM is no more than i∗+2 with a high probability,

where i∗+2 = ln lnn
ln d

+ O(1).

For the case m > n, i.e., (m, n, d)-problem, if we consider θi to be the event

that N≥i(m) ≤ αi and also define pi = αdi
/
nd. Following the proof from the m = n

case, we can derive that

Pr(
∑

N≥i+1 ≥ k|θi) ≤
Pr(B(m, pi) ≥ k)

Pr(θi)
.

We suppose that αx = n2/(2em) for special values of x while θx also holds, i.e.,

Pr(Nx ≥
n2

2em
) = o(1).

Then, we can have

αi+x =
n

2di
(
me

n
)(di−1)/(d−1)−di ≤ n

2di
.
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By continuing as the proof of m = n case, we can obtain that

Pr(M ≥ x+ ln lnn/ln d+ 2) = o(1).

Above all, we show that for (m, n, d)-problem, the maximum task queue in any

cloudlet is no more than

(1 + o(1))ln lnn/ln d+ O(m/n). (3.8)

To this end, we have proved the upper bound of task load under CTOM.

Claim 2. The communication cost of the proposed CTOM (applying the 2-choice

paradigm) is no more than twice the random allocation on a ρ-round (infinite) (m,

n, d)-problem.

Proof. For an (m, n, d)-problem, we denote the average communication cost of our

CTOM, the random allocation and the greedy allocation as CC(m,n), CR(m,n) and

CG(m,n) respectively.

Under the random allocation scheme, a mobile cloudlet queries the load infor-

mation from a randomly selected neighbour within each interval’s contact range

(round). Thus, we have

CR(m,n) ≤ ρn.

For the case of greedy allocation, a mobile cloudlet queries the global load infor-

mation from its neighbours, which results in a high communication cost as

CG(m,n) ≤ ρ(n− 1)2.

In our CTOM, applying the 2-choice paradigm, a cloudlet only queries two ran-

domly selected neighbours. However, there are chances that only one or no cloudlet

is within the communication range of the current cloudlet. Therefore, we have

CC(m,n) ≤ ρ · 2n.
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Above all, the communication cost under different task allocation schemes are

ranked as

CR(m,n) < CC(m,n) < CG(m,n), (3.9)

where CR(m,n) ≤ 2CC(m,n).

3.6 Performance Evaluation

The performance evaluation of the proposed scheme is twofold. First, we evaluate

the proposed CTOM in a simulated network scenario, where cloudlet encounters are

generated from random walk simulations. Second, we apply the proposed algorithm

to a real-world trace for further evaluations.

3.6.1 Simulation Study

Basic setups

We run the simulation in a 10km2 region, which is of a similar scale to a city’s

central area. Here, we set the number of mobile cloudlets to be 100, and the com-

munication range to be 20 metres. The total number of time slots is 600. According

to [49], for each cloudlet i, we set the service rate µi by sampling normal distribution

N (2, 1) > 0, and we set the number of its servers by sampling the Poisson distri-

bution with a mean of 2. For the tasks arriving at cloudlet i, we set task arrival

rate λi by sampling the Normal distribution N (4, 2) > 0. We consider extreme task

distribution that overwhelmed any cloudlet as the potential DDoS attacks.

Under our CTOM scheme, during each time interval, a cloudlet first randomly

chooses 2 neighbours in its contact range. After querying and comparing their load

states, the cloudlet offloads a task to the neighbours having lower task load, where

the computing complexity in each time interval is O(1). Similar to [9], we com-

pare the performance of the proposed scheme with three benchmarks, i.e., random

allocation, proportional allocation [78], and greedy allocation.

In the random allocation, a mobile cloudlet offloads tasks by randomly selecting
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Figure 3.2 : Task allocation result.
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Figure 3.3 : The distribution of task
loads obtained with the four schemes.

another mobile cloudlet in its contact range. Conversely, the greedy allocation

method first queries all load information from its neighbours and compares their

task loads. Then, it allocates tasks to the optimal cloudlet (with a computing

complexity of O(n)). As for the proportional allocation, the chance for tasks to

be offloaded to a randomly selected cloudlet depends on a probability parameter

calculated with task load information.

The simulation programs are all written in MATLAB codes. We run the pro-

grams in a Dell laptop with the Intel Core i5 processor and 8 GB RAM. In general,

each simulation program is executed 100 times, and we take the average results as

the final performance.

Overall Performance

Fig. 3.2 plots the overall task allocation results of mobile cloudlets obtained

with our CTOM scheme and the three benchmark methods, i.e., random allocation,

proportional allocation, and greedy allocation. Since the cloudlet’s servers keep pro-

cessing tasks, the overall allocation shows each mobile cloudlet’s remaining tasks.

In the random allocation, an adjacent group of cloudlets (ID 18 to 60) is overloaded

with potential DDoS tasks, where most of their task loads are more than 10 and up

to 24. For example, legitimate tasks can not be processed normally. Meanwhile, the

mobile cloudlets at edge area are loaded with much fewer tasks (average less than
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Figure 3.4 : The imbalance metrics
obtained with the four schemes.
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Figure 3.5 : The statistical skew-
ness metrics obtained with the four
schemes.

5) even at idle state. Similarly, the task allocation obtained by the proportional al-

location is also extremely unbalanced, where the distribution of overwhelmed (with

over 25 remaining tasks) cloudlets is more sparse. In contrast, under CTOM and the

greedy allocation, mobile cloudlets are equally allocated with tasks (around or below

10). The proposed CTOM outperforms the conventional random and proportional

allocation schemes in reducing the long task queues by 65% and 55%, respective-

ly. In this way, the potential DDoS attack tasks will be effectively processed and

filtered out from the cloudlet network. Fig. 3.3 demonstrates the task allocation

performance of the four methods in cumulative distribution. Under the schemes of

random allocation and proportional allocation, about 30% of mobile cloudlets are

allocated with more than 10 tasks, which will affect the overall task response time.

Meanwhile, our CTOM performs closely to the greedy method in balanced task of-

floading, where nearly 90% cloudlets are with task load under 10, and 55% cloudlets

are offloaded with 5 to 10 tasks.

We further evaluate the task offloading performance using the imbalance met-

ric [73], and the imbalance percentage and statistical skewness are calculated as

in 3.2. The lower imbalance metric means the better balance performance in task

allocation, i.e., the lower ratio of maximum and average task loads. From Fig. 3.4,

it is obvious that the greedy algorithm achieves the best performance in terms of

imbalance metric, which converges to almost 0. The imbalance metrics of our pro-
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Figure 3.6 : Load analysis with the inter-contact range r ranging from 10-50.

posed CTOM and the proportional allocation scheme converge to 0.1 and 0.25,

respectively. The random allocation scheme performs worst with an imbalance met-

ric 0.5. Meanwhile, Fig. 3.5 shows the statistics of the skewness obtained by the

four schemes, where a positive or negative skewness indicates that the quantities of

the mobile cloudlets having a higher or lower task load than average, respectively.

In Fig. 3.5, we can observe that the greedy allocation and our CTOM have achieved

the ultimate skewness values at about 0, which means that there are few cloudlets

with an unbalanced load. As a contrast, the proportional method has a skewness of

2. The random allocation’s skewness fluctuates violently in a negative range (from

-10 to 0), which means there are many mobile cloudlets with much lower task load

than the average. which means there exist many mobile cloudlets with much lower

task load than the average. For proportional allocation, the skewness varies from
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Figure 3.7 : Load analysis with the number of choices d ranging from 4-16.

about 4 to 1, revealing that there are also many overloaded mobile cloudlets.

Analysis of parameters

We further evaluate the influence of the d in d-choice and the value of the inter-

contact range on the load allocation performance. Firstly, we show the task offload-

ing results with a contact range from 10 meters to 50 meters in Fig. 3.6. It is quite

obvious that when the contact range increases, the tasks in random allocation are

more centralised at a few mobile cloudlets, resulting in an unbalanced task distri-

bution. Moreover, the proportional method performs poorly for all contact ranges,

where a significant number of cloudlets are overloaded (with up to 30 tasks) or at

idle. The performance of CTOM and the greedy method are sustainable, where

the overall task allocation is balanced and well distributed (most of the cloudlets

are with around 10 tasks). Secondly, we investigate the number of choice d. In

Fig. 3.7, we plot the CDF of task allocation results with different values of d. From

Figs. 3.7a to 3.7c, the CDF lines of all methods pullback (maximum load decreases)

as d increased. With greater values of d, in each time interval, one mobile cloudlet

may have more options to offload its tasks, so as to achieve sustainable task allo-

cation. The above simulation results demonstrate that the proposed CTOM can

achieve balanced task allocation, and in this way, the overall tasks can be processed

concurrently. CTOM improves mobile cloudlets’ utilisation efficiency and shortens

the task response time, thus handling the potential DDoS attack tasks smoothly.
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1506 50 30 1156090413 1156090413 135 20
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(b) The encounter dataset of i-
Mote

(c) The node-relation graph in
iMote trace dataset

Figure 3.8 : The illustration of the iMote dataset.

3.6.2 Trace-driven Evaluation

We further explore the balanced task allocation in the trace-driven evaluation.

We use a mobility dataset called RollerNet [72]. The RollerNet dataset was collected

during a rollerblading tour with 15,000 participants in Paris, France. The entire tour

lasted for three hours and travelled 20 miles, covering the major metropolitan area

in Paris.

Basic setups

Our real-world evaluation is based on the real-world trace dataset for mobility-

enhanced cloudlets, named RollerNet, which includes the traces of opportunist sight-

ings by wireless networking nodes called iMotes. The iMotes were distributed to a

group of people to collect any opportunistic sighting of other mobile devices (in-

cluding the other iMotes) via Bluetooth. We drew a sample diagram of iMote

deployment, as depicted in Fig. 3.8a, where a total of 62 skaters were equipped with

iMotes, and they were divided into 6 groups at different regions in the roller crowd.

In this evaluation, we consider each iMote as a mobile cloudlet that can remotely

execute computing tasks for mobile users. For cloudlet i with a service rate of µi,

we assign the service rate by sampling the normal distribution N(6, 2) > 0. The

number of servers at cloudlet i is sampled from a Poisson distribution with a mean of

3. The task arrival rate λi follows a normal distribution 0 < N(18, 6) < si ·µi, where

si is the number of servers at mobile cloudlet i. We assume that there are potential
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Figure 3.9 : Task load results in the
trace-driven evaluation.
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Figure 3.10 : Load distribution in
trace-driven evaluation.

DDoS attackers in this rollerblading tour, and the extreme task arrival rate reveals

the attack tasks. All of the settings are derived according to [49]. Meanwhile, our

evaluation is based on a real-world trace dataset, and the cloudlets are enhanced

with mobility.

We conduct a twofold pre-processing on the RollerNet dataset. Firstly, we unify

the timing of user encounter records. By setting a common starting time based on

the earliest record, we convert the duration of all encounters into serial time slots by

minutes. Based on the unified encounter records, we find that the total inter-contact

time is 1567−1417 = 150. We set the total time interval for task offloading to be 150.

Secondly, we plot an encounter graph to depict the frequency of communications

among all the iMote skaters in Fig. 3.8c. and we find that the iMote carriers can be

roughly divided into three groups based on their communication frequencies, i.e.,

active group (with 800-1000 contacts), common group (with 500-800 contacts) and

passive group (with 300-500 contacts). The above division consists of iMote skaters’

formation: skater association, staff, and a set of friends.

Evaluation performance

Fig. 3.9 shows the task allocation results in a bar graph obtained on RollerNet.

As revealed from this figure, the performance of our CTOM method is comparable

to that of the greedy allocation, where most of the mobile cloudlets are offloaded
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Figure 3.11 : The imbalance metric of
different schemes.
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Figure 3.12 : The statistical skewness
of different schemes.

with around 50 tasks. Meanwhile, in the random and proportional allocations, the

allocation results are unbalanced with task loads fluctuating severely among different

cloudlets (up to 80 and down to 10). In this case, the extremely overwhelmed iMotes

can be viewed as attacked cloudlets, whose computing resources have been consumed

by DDoS attack tasks.

Fig. 3.10 illustrates the cumulative distribution of task allocation. More than

30% of mobile cloudlets have more than 50 tasks in the random allocation scheme,

and about 30% of others are with fewer than 30 tasks. Unbalance can result in

longer average task response time. Meanwhile, under the CTOM scheme, around

95% of cloudlets are allocated with 30-50 tasks, so the cloudlets are collaboratively

processing tasks, and no cloudlets are overwhelmed by DDoS attacks. As the greedy

algorithm’s CDF line is the most centralised, the task loads at different cloudlets

only vary within a small range (around 40 to 50).

We further evaluate the percentage of the imbalance metric and the statistical

skewness. In Fig. 3.11, the greedy algorithm achieves the best performance with

a 0.2 imbalance value, followed by CTOM with converged results of 0.5. Interest-

ingly, random and proportional allocation perform similarly with imbalance metric

around 1, showing that both methods are not applicable in the trace-driven scenari-

o. In Fig. 3.12, the skewness obtained by the random allocation scheme fluctuates

violently between positive and negative values, so the task loads are continuous-
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Figure 3.13 : Load analysis in trace-driven with the number of choices d ranging
from 2-16.

ly unbalanced throughout the whole process of allocation. The greedy allocation

scheme achieves the best performance with a skewness value of 0. The skewness

values of CTOM and proportional allocation are 2 and 3, respectively, so there are

overloaded mobile cloudlets. It is worth noting that within the first 50 intervals,

the proportional method’s skewness curve is lower than that of CTOM. After the

50th interval, the skewness curve of CTOM keeps falling while that of proportional

method firstly shows a rapid rise then converges to lower values. The main reason

for the above trend is that it would take some time for CTOM to show its advan-

tage of two-choice offloading. The offloading strategy of the proportional method is

straightforward and has an immediate effect, as revealed by the skewness curve.

We also evaluate the influence of d on trace-driven task allocation. Interestingly,
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in Fig. 3.13, with d increasing from 2 to 16, the proposed CTOM performs more and

more closely to greedy method’s results, with most of the mobile cloudlets offloaded

with 40 to 50 tasks.

The above simulation and evaluation results validate proposed CTOM in bal-

ancing task loads among mobile cloudlets. Under CTOM, the total number of

overloaded cloudlets are significantly reduced, and the gaps between the longest and

the shortest task queues are also narrowed. In this way, the DDoS tasks cannot

overwhelm any cloudlet to prevent legitimate users from accessing computing re-

sources. In summary, CTOM can efficiently tame the potential DDoS attacks to

achieve secure and sustainable task offloading.

3.7 Conclusion

This chapter has investigated the load balancing problem in mobile cloudlet

networks. By leveraging balls-and-bins theory, we have devised ‘CTOM’, a collab-

orative task offloading scheme for mobile cloudlet networks. By locally querying

limited task load information, the proposed solution can reduce the longest task

queue in the allocation process effectively. Our simulation and trace-driven eval-

uation results have demonstrated that our CTOM performs exceedingly close to

the optimal solution in load balancing and outperforms the conventional random

and proportional allocation schemes by 65% and 55% respectively in task gaps. In

contrast, its computing complexity has been largely reduced at each time interval.
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Chapter 4

FairEdge: A Fairness-oriented Task Offloading

Scheme for IoT Applications in Mobile Cloudlet

Networks

Mobile cloud computing has emerged as a promising paradigm, as it efficiently fa-

cilitates the computation-intensive and delay-sensitive mobile applications. Com-

putation offloading services at the edge mobile cloud environment are provided by

small-scale cloud infrastructures such as cloudlets. While offloading tasks to in-

proximity cloudlets can benefit mobile users with lower latency and smaller energy

consumption, new issues are arising related to the cloudlets. For instance, unbal-

anced task distribution and huge load gaps among heterogeneous mobile cloudlets

are becoming more challenging, concerning the network dynamics and distributed

task offloading. In this chapter, we propose ‘FairEdge’, a Fairness-oriented computa-

tion offloading scheme to enable balanced task distribution for mobile Edge cloudlet

networks. By integrating the balls-and-bins theory with fairness index, our solution

promotes effective load balancing with limited information at low computation cost.

The evaluation results from extensive simulations and experiments with real-world

datasets show that FairEdge outperforms conventional task offloading methods, and

it can achieve network fairness up to 0.85 and reduce the unbalanced task offload

by 50%.

4.1 Introduction

In recent years, with the rapid development of mobile computing technologies

and pervasive proliferation of mobile devices, mobile traffic data has been growing

at an unprecedented rate. According to a latest white paper released by Cisco [22],

the global mobile traffic data will increase seven-fold between 2017 and 2022, reach-
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ing 77 exabytes (1 exabyte = 1018 bytes) per month. Notably, of all IP traffic in

2022, over 50% will be Wi-Fi and smartphones will account for nearly 60% traffic

offloading. While mobile applications are aggressively demanding in computation

resources, mobile devices are still constrained by the limited capacities in the batter-

ies, memory, and processers. As a consequence, the enlarging gap between resource-

constrained mobile devices and computing-intensive applications has become a great

challenge [79]. Nevertheless, cloud computing is the ultimate solution to deal with

this challenge.

Generally, cloud computing allows mobile users to offload computation tasks∗,

i.e., the executable application phases, on to cloud computing infrastructures (i.e., I-

aaS, PaaS, and SaaS). In the scenario of mobile computing, by migrating computing-

intensive tasks to the cloud, mobile devices can benefit from lower energy consump-

tion and enjoy virtually unlimited computing capacity. This is exemplified by a

wide range of cloud computing platforms, including Amazon Web Services, Mi-

crosoft Azure, and Google Cloud [30]. These cloud computing platforms provide

computing services that can be remotely accessed by mobile users. However, ex-

isting studies have shown the limitations of solely relying on offloading tasks to

remote clouds. Since mobile users access remote clouds via a wide area network

(WAN), they may experience long latencies caused by congested transmission over

long distances between end devices and clouds [30].

Subsequently, the concept of mobile edge computing (MEC) has been proposed

to provide edge users with in-proximity computing resources, such as cloudlets [79].

A mobile cloudlet is a trusted, resource-limited cluster of computing servers, which is

integrated with wireless local area networks (WLAN). By offloading tasks to a nearby

mobile cloudlet, the demands of fast and interactive response can be sufficiently

satisfied with the low-latency, one-hop, and high-bandwidth access. In comparison

with remote cloud computing resources, the mobile cloudlets at the edge network

can improve the task processing time significantly. As a result, mobile users of

∗In the remainder of this chapter, we will use the terms task offloading and computation of-
floading interchangeably unless otherwise stated.
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computation-intensive applications [80] (e.g., virtual reality, image processing, and

augmented gaming) can enjoy faster response and better Quality of Services (QoS),

and enhanced Quality of Experience (QoE) [81].

However, considering the capacity of each cloudlet is limited, a mobile cloudlet

would become overloaded if it travels in an area where too many mobile users of-

fload computation-intensive tasks. In that case, above QoS and QoE for mobile

users can be seriously impacted, making the communication cost and delay even

higher than offloading tasks to a remote cloud. Therefore, it is greatly important

to maintain load balancing among all mobile cloudlets at the edge, so that each

cloudlet’s computing resource can be fully exploited, and mobile users can also have

a quick response on their offloaded tasks.

Unfortunately, most existing solutions for improving the performance of edge

networks have overlooked a fundamental issue, i.e., the fairness of task offloading

among mobile cloudlets. Indeed, it is difficult to achieve fairness in task offloading

among mobile cloudlets, as the mobility of each cloudlet is random, and the net-

work is intermittently connected. Moreover, as computation offloading behaviours

of mobile users are uncontrollable, the task load of each cloudlet is highly dynamic,

making it costly to probe the overall information in the cloudlet network for load

comparison and decision making. Accordingly, two challenges need to be formally

addressed.

• First, load balancing should be achieved under the collaboration among mobile

cloudlets. As the mobility-enhanced cloudlets opportunistically encounter each

other, it is essential for them to collaboratively offload tasks to each other for

the benefit of overall load balancing in edge networks.

• Second, it should be low-cost and lightweight to achieve fairness in the mobile

cloudlet network. Therefore, a universal fairness metric should be adopted to

measure the fairness based on the load information of each cloudlet. The fair-

ness metric should be further taken into consideration when mobile cloudlets

are offloading tasks to each other. Moreover, the fairness value of the cloudlet
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network should be updated in each time interval, as load information of each

cloudlet constantly changes.

In this chapter, to deal with the above challenges, we propose FairEdge, a

Fairness-oriented task offloading scheme for collaborative mobile cloudlets at Edge

networks. FairEdge integrates the balls-and-bins theory [82] with fairness index [83]

to achieve effective load balancing in mobile cloudlet networks. Notably, under the

FairEdge scheme, each cloudlet only needs to query load information from two ran-

dom neighbours in each time interval. By comparing the task load and fairness

indexes of these two neighbours, each cloudlet can make a practical decision on task

offloading to preserve both load balancing and fairness. Ultimately, the fairness of

the mobile cloudlet network will converge, and the fairness-oriented load balancing

can be achieved.

The main contributions of this chapter are summarised as follows.

• To the best of our knowledge, this work is the first to investigate the fair-

ness issue in mobile cloudlet networks. By jointly considering the balancing

property as well as the fairness index, we propose the FairEdge scheme based

on balls-into-bins theory and Jain’s fairness index. The task load information

of each cloudlet is collected and compared in a low-cost manner, which re-

solves the difficulty in information collection from highly dynamic mobile edge

networks.

• The Jain’s fairness index is integrated as a part of the task offloading algorith-

m. By leveraging the task load information and fairness index of two targeted

neighbours, the proposed FairEdge scheme enables a more reasonable compu-

tation offloading decision for each cloudlet. Fairness-oriented task offloading

further contributes to the overall load balancing and fairness of the mobile

cloudlet network.

• We evaluate the proposed FairEdge with simulations and experiments based

on two real-world trace datasets. The evaluation results show that FairEdge
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can successfully achieve load balancing with guaranteed performance, with

a near-optimal fairness index value of 0.85 and an improvement of 50% in

balancing tasks among mobile cloudlets.

The rest of this chapter is organised as follows. We introduce the related works

and preliminaries on investigated issues in Section 4.2 and Section 4.3, respectively.

Then, we present the system model and task offloading problem in Section 4.4. We

further propose the FairEdge algorithm with detailed descriptions in Section 4.5. In

Section 4.6, we present comprehensive simulation studies with real-world datasets.

We conclude this chapter in Section 4.7.

4.2 Related Work

The comprehensive reviews on mobile edge computing can be found in [26].

Particularly, Nayyer et al. [79] compared the mobile augmentation approaches for

resource optimisation from the perspective of cloudlet-based networks. Generally,

existing studies for cloudlet load balancing can be categorised into two groups, i.e.,

optimal cloudlet placement and computation offloading optimisation.

For computation offloading optimisation, the objects of offloading algorithms in-

clude optimising device energy [84], cloud workload [85], and application latency [3].

For instance, Sun et al. [86] proposed a latency-aware workload offloading strategy

to balance tasks from mobile users to suitable cloudlets. Huang et al. [87,88] investi-

gated service provisioning problems under the cloudlet-based network and proposed

an adaptive update scheme to maximise a weighted profit for network operators.

Yang et al. [11] jointly considered security and sustainability issues of cloudlet net-

works and proposed a novel task offloading scheme to avoid DDoS attacks. Similarly,

Fan et al. [1] proposed CTOM, a collaborative task offloading mechanism for mobile

cloudlet networks.

For computation offloading in mobile edge computing scenarios, Du et al. [89]

investigated the computation offloading problem in a mixed fog/cloud system by

jointly optimising the offloading decisions and allocation of computation resource,

transmit power, and radio bandwidth. Zhang et al. [83] studied the fair task of-
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floading for fog computing networks, where the task delay and corresponding energy

consumption were formulated into the performance index with fairness scheduling

metrics. Moreover, Zhu et al. [90] formulated the fair resource allocation prob-

lem in mobile edge computing as a resource allocation game with Nash bargaining.

Meskar et al. [91] designed a multi-resource allocation mechanism by jointly consid-

ering dominant resource fairness and external resources fairness. Different from the

existing works, in this chapter, we study the fairness in a mobile edge network, where

mobility-enhanced cloudlets collaborate to offload computation tasks to each other.

We aim to achieve both fairness and load balancing for the overall edge network of

all mobile cloudlets.

4.3 Preliminary

In this section, we first introduce the preliminary of computation offloading in

mobile edge networks, and then, we explain the theory of balls-into-bins for mod-

elling the task offloading in mobile edge computing scenarios.

4.3.1 Mobile Offloading with Edge Computing

With the proliferation of mobile devices and advances in wireless communica-

tion technologies, mobile computing has experienced a significant shift from cen-

tralised cloud computing to mobile edge computing [26]. In a typical mobile edge

network, edge cloud servers (e.g., cloudlets) are deployed at fixed locations or en-

hanced with mobility to provide computing services for nearby mobile users with

proximate, high-speed and wireless access. Subsequently, mobile users can offload

computation-intensive and latency-sensitive tasks to edge cloud servers for process-

ing, thus saving both energy and computation resources on their own devices [79].

However, computation offloading in mobile edge networks also brings new challenges

in how to efficiently utilise edge computing resources and enhance the overall per-

formance of cloudlets. In this work, we investigate how to improve resource sharing

via cooperation and collaboration among mobile cloudlets based on the assumption

that computation tasks can be offloaded from one cloudlet to others for more effi-

cient processing. In particular, we adopt balls-into-bins theory for task distribution
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among mobile cloudlets, to optimise the offloading decisions in a distributed manner

with low communication and computation cost.

4.3.2 The Two-Choice Paradigm of Balls-into-Bins Process

Balls-into-bins is a classic process to model task distribution among a group of

uniform servers [82]. In this study, we adopt the load balancing theory of balls-

into-bins process to assist the fairness-oriented task offloading for IoT applications

in mobile cloudlet networks. The original goal of balls-into-bins processes is to

allocate m balls into n bins, with each ball to be thrown into a uniformly and

randomly selected bin at a probability of 1/n. Based on this allocation process, the

key criterion of load balancing in a balls-into-bins process is the maximum load,

i.e., the largest number of balls in any bin M. Firstly, when m = n and the task

offloading is random, with high probability, the expectation of maximum load M

is [92]:

E(M) = O(
log n

log log n
). (4.1)

Meanwhile, if each ball has a chance to query the load information from d random

selected bins and then makes allocation decisions based on load comparison of the

above d bins, the maximum load can be dramatically decreased. By comparison, if

each ball is allocated to the least loaded of among d bins, the maximum load can

be reduced to [92]:

E(M) =
log log n

log d
+ O(1). (4.2)

Similarly, in a more general case, when m� n and the task offloading is random,

then with high probability, the maximum load is [92]:

E(M) =
m

n
+ O(

√
m log n

n
). (4.3)

If the task offloading is based on the load comparison of d random choices, with high

probability, the maximum load is reduced to [92]:

E(M) =
m

n
+

log log n

log d
+ O(1). (4.4)
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In this study, we use the balls-into-bins process to model load balancing with

computation tasks (e.g., balls) and mobile cloudlets (e.g., bins), and we explicitly

adopt the ‘two-choice’ paradigm for low-cost communication and computation. Ac-

cordingly, supposing that m user tasks are to be distributed into n mobile cloudlets,

each task can be offloaded into the least loaded of d = 2 cloudlets independently

and uniformly. When m = n, with high probability the maximum load is [70]:

E(M) = O(log log n). (4.5)

When m� n, with high probability the maximum load of any cloudlet is [70]:

E(M) =
m

n
+ O(log log n). (4.6)

Consider a mobile edge network where tasks are allocated into n mobile cloudlets

by following an arrival rate λ, with the random choice in task offloading, the maxi-

mum load under an arbitrary round t is [93]:

E(M) = O(
1

1− λ
· log

n

1− λ
), (4.7)

where λ = λ(n) < 1. As we mainly focus on the task redistribution among all

mobile cloudlets, we further specify the number of random choices as 2 to enhance

the adaptability and scalability of balls-into-bins theory. Accordingly, each mobile

cloudlet can randomly and independently choose 2 nearby cloudlets within its inter-

contact range as candidates for task offloading. As a result, with a fixed arbitrary

round t, the theoretical maximum load of any cloudlet becomes [93]:

E(M) = O(log
n

1− λ
), (4.8)

where λ = λ(n) ∈ [1/4, 1).
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4.4 System Model and Problem Definition

In this section, we consider a mobile edge network for cooperative task offloading.

First, we model the mobile cloudlet and user task offloading. Then, we formulate

the fairness-oriented load balancing problem for a mobile edge network.

4.4.1 Edge Cloudlet Model

In this study, we consider a mobile edge network in an urban area, which con-

sists of (1) a group of edge mobile cloudlets that are integrated with AP for data

transmission and task processing, and (2) a number of mobile users that periodically

send computation tasks to nearby cloudlets for task processing. First, we denote k

edge mobile cloudlets by {1, 2, ..., k}, the location for each cloudlet as (xi, yi), and

each mobile cloudlet is enhanced with random mobility to have opportunistic en-

counters with other cloudlets and mobile users. Moreover, we model each cloudlet i

as an M/M/n queue with reference to [49], i.e., each cloudlet i has ni servers with

the service rate µi. Specifically, a cloudlet i stores the offloaded tasks as an FIFO

queue, with the length of qti at time t. In the edge cloudlet network, computation

offloading by mobile users to each cloudlet i is modelled as a Poisson process with

task arrival rate λi, as the number of tasks would constantly change at each time

interval. During time interval t, the response time of a cloudlet i can be calculated

as
⌈
qti+λi
µi

⌉
. Moreover, each cloudlet i also stores information on the number of tasks

offloaded to another cloudlet j as sj,i.

4.4.2 Task Transmission Model

In this chapter, we assume that each cloudlet can contact with other nearby

cloudlets to exchange load information and redirect tasks. As some mobile cloudlets

may be overloaded with user tasks, the tasks stored in them could experience long

processing delays, which would degrade the service experience for the correspond-

ing mobile users. Therefore, the task transmission model is formulated for mobile

cloudlets to perform computation offloading for load balancing collaboratively. From

the perspective of cloud service provides, it is also important to enhance the perfor-
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mance of mobile cloudlets to make the edge network more efficient and sustainable.

The task transmission model is formulated to address the above issues with the

following two considerations. First, only when the distance between two cloudlets

is within an inter-contact range R, they can establish an intermittent connection.

Second, based on [9], the connecting probability of cloudlets i and j is computed by:

Pi,j(ta, tb) = e
− 1
αi,j
·t
, t ≥ 0, (4.9)

where αi,j is the pairwise connection rate of an exponential distribution of f(t) =

1
αi,j
·e−

1
αi,j
·t
, ta and tb are any two consecutive time points. Then, based on the Jain’s

fairness index [83], we calculate the value of fairness index for each cloudlet i by:

f t(i) =
(
∑k

j=1 s
t
j,i)

2

k
∑k

j=1 s
2
j,i

, (4.10)

where k is the total number of edge cloudlets. Likewise, we further calculate the

value of fairness index for the mobile edge network by:

F =
(
∑k

i=1 q
t
i)

2

K
∑k

i=1(qti)
2
, (4.11)

where qti is the number of loaded tasks in cloudlet i at time t. The main difference

between the proposed fairness and the load balancing is that fairness emphasizes each

cloudlet’s equality to get tasks. In contrast, load balancing reveals the offloading

results on the overall cloudlet network.

4.4.3 Problem Definition

The fairness-oriented load balancing problem in a mobile cloudlet network is

defined as follows. Given a set of k mobile edge cloudlet {1, 2,..., k}, where each

cloudlet i with service rate µi. Each cloudlet performs a random walk to collect ran-

dom user tasks with arrival rate λi, which follows a Normal distribution. Meanwhile,

for each mobile cloudlet i, it has a fairness index value f t(i). When two cloudlets

encounter each other, they collaboratively share load information and fairness val-
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ues. Then, they would perform fairness-oriented task offloading to enhance the load

balancing of the mobile edge network.

Load Balancing Problem: The objective of fairness-oriented task offloading is

to minimise the differences among task queues of all cloudlets so that the user tasks

can be processed with the maximum utilisation rate of edge cloudlet computing

resources. Here, we formulate the optimisation function with each cloudlet’s task

queue by:

arg min(‖ qi − q̄ ‖), ∀i ∈ {1, ..., k}, (4.12)

where q̄ is the averaged value of the task queues of all mobile cloudlets.

Fairness Optimisation Problem: Maximising the fairness value for each mo-

bile cloudlet can further enhance the efficiency and sustainability of a mobile edge

network. Note that the lowest fairness value in a task offloading process among k

mobile cloudlets is 1
k
. On the contrary, the highest fairness index value is 1, corre-

sponding to the most balanced task offloading result that all mobile cloudlets hold

the same number of user tasks for processing. The fairness optimisation problem is

as follows:

arg max(f t(i)), ∀i ∈ {1, ..., k}, (4.13)

where f t(i) is the fairness value of cloudlet i during time interval t, based on Equa-

tion 4.10.

4.5 Algorithm Design

4.5.1 Algorithm Overview

To tackle the load balancing problem and fairness optimisation problem in mo-

bile cloudlet networks, we propose a heuristic algorithm called FairEdge. The major

issue of achieving fairness-oriented computation offloading for mobile edge networks

is the opportunistic encountering of mobile cloudlets. It would be costly in both

computation and communication to control and regulate the task offloading pro-

cess for all mobile cloudlets in a centralised manner. In contrast, a distributed task

offloading scheme is more desirable, since each mobile cloudlet can collaboratively
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share its load information and fairness value nearby cloudlets. Moreover, with new

incoming tasks at each cloudlet, the load information of the edge network constantly

changes. To collect the above information and broadcast it to all mobile cloudlets

could result in intensive overhead for the edge networks. Last but not least, for each

mobile cloudlet, it only needs the load information from nearby and contactable tar-

gets when making computation offloading decisions. To address the above concerns,

we are inspired by the ‘balls-into-bins’ theory and further adopt the ‘two-choice’

paradigm to design the FairEdge algorithm.

In general, we have three basic assumptions over the mobile edge network. First,

each cloudlet i receives user tasks that follow a Poisson process of λi. Meanwhile,

these tasks are executable and offloadable to any other mobile cloudlet for processing.

Second, we assume that the mobility trajectory of each cloudlet follows a random

walk process within the edge network area. In each time interval, a mobile cloudlet is

contactable to any other cloudlet within its communication range. Third, according

to [50], the duration of the time interval is long enough for each mobile cloudlet to

perform a complete computation offloading.

With the above considerations, according to the models in Section 4.4, we devise

an algorithm that enables each mobile cloudlet i to randomly select d target cloudlets

within its communication range for computation offloading in each time interval.

By probing and comparing load information from d nearby cloudlets, each mobile

cloudlet i selects the least loaded one as the target for computation offloading.

Then, the fairness index value of the target cloudlet will be computed based on

Equation 4.10 and further compared with the fairness index value of the overall

mobile cloudlet network. The computation offloading decision will be made based

on the above comparison result. In the following, we formally present FairEdge, the

fairness-oriented computation offloading algorithm for mobile cloudlet networks in

Algorithm 2.
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4.5.2 FairEdge Algorithm Design

The FairEdge algorithm is proposed to achieve fairness-oriented task offloading

in mobile cloudlet networks. To begin with, we define the input and output of

FairEdge according to the edge cloudlet model and task transmission model. Nex-

t, the algorithm initialises the task queue qi and record of task offloading Si for

each cloudlet i as well as the time interval t. Starting from the first time inter-

val, FairEdge generates a random location for each cloudlet i and calculate each

cloudlet’s corresponding task load qi at the current time interval. At this stage,

the fairness index value f of the mobile edge network is also calculated using the

updated load information of all cloudlets. Next, each cloudlet i will send a prob-

ing message and add other cloudlets within communication range into its contact

list ci. To adopt the balls-into-bins process for task offloading, FairEdge uses the

d-choice policy to select d potential offloading targets in its contact list ci randomly

and further chooses the least loaded one as the computation offloading target. By

comparing the fairness index value fchoicei of the chosen target with f , FairEdge will

decide whether to allow cloudlet i to perform task offloading to choicei or not. If

fchoicei ≥ f , the task offloading will be executed, and the attributes of cloudlet i and

the target cloudlet will be updated.

The above process will iterate for each mobile cloudlet i and repeatedly execute

for T time intervals. Finally, the FairEdge will output the ultimate task queue qi

and fairness index value fi for each cloudlet i as well as the ultimate fairness index

value of the mobile edge network. Note that, the d-choice here is presented for

general computation offloading with balls-into-bins theory. In practice, to reduce

the communication cost and computation cost in the task offloading process, we

apply the ‘2-choice’ paradigm. Thereby, the FairEdge algorithm will only allow

each cloudlet i randomly choose 2 contactable cloudlets for load comparison in each

time interval.

At last, we briefly discuss the theoretical performance of FairEdge. First, as

have been discussed in Section 4.3.2, the mobile cloudlet network fits the case where

user tasks follow an arrival rate λ into k cloudlets. With the random choice in
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Algorithm 2 FairEdge Algorithm

Input:
The number of cloudlets k, time slots T , random choices d; servers, task ar-
rival/service rates of cloudlet i: ni, λi, µi; boundaries: a and b, contact range:
r.

Output:
Each cloudlet’s: contact list ci, task load qi, fairness index fi, overall fairness
index: f , offload target: choicei, offloading record: Si = s1,i, ..., sk,i.

1: Initialise qi=0, Si=∅, t=0;
2: while t ≤ T do
3: Generate random location for each cloudlet i as:

(xi, yi), where 0 < xi < a, 0 < yi < b;
4: Calculate task load qi for i with m, µi and λi;
5: Calculate fairness index f with Equation 4.11;
6: Select offloading targets for each cloudlet i:
7: while j ≤ k do
8: if (xi − xj)2 + (yi − yj)2 < r2 then
9: add j into ci as cji = 1;

10: end if
11: end while
12: if ‖ci‖ ≥ d then
13: do: randomly choose d cloudlets from ci;
14: choicei is the least load in d chosen cloudlets;
15: else if 0 < ‖cij‖ < d then
16: choicei is the least load in ‖cij‖ cloudlets;
17: else if ‖cij‖ = 0 then
18: skip task offloading for cloudlet i in this round;
19: end if
20: if fchoicei ≥ f then
21: cloudlet i performs task offloading to choicei;
22: end if
23: j = choicei;
24: sj,i = sj,i + 1, qj = qj + 1;
25: update fi and fj;
26: t = t+ 1;
27: end while
28: return task load qi, offloading record Si.
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task offloading, the maximum load under an arbitrary round t would be E(M) =

O( 1
1−λ · log k

1−λ), where λ = λ(n) < 1. For the 2-choice process, if λ = λ(n) ∈

[1/4, 1), the maximum load of any cloudlet becomes E(M) = O(log k
1−λ). Second, by

leveraging the ‘2-choice’ paradigm for selecting the target for computation offloading,

FairEdge only probes load information from two contactable neighbouring cloudlets

for comparison. According to [94] and [9], such a process would significantly reduce

the complexity overhead to O(1) compared with greedy offloading’s O(n) complexity.

4.6 Experimental Studies

In this section, we evaluate the performance of FairEdge with simulations and

trace-driven evaluations. We first introduce the basic setups of simulation experi-

ments and then present the evaluation results.

4.6.1 Simulation study

Simulation Setup

According to the mobile edge network model in Section 4.4 and FairEdge Algo-

rithms in Section 4.5, we develop a simulation environment by referencing [1]. The

fairness-oriented task offloading scheme is simulated in a 20 km2 region, and we set

the number of mobile cloudlets to 100, the total number of time slots as 600, and

the contact range of mobile cloudlets to 20 meters. For each cloudlet i, we set the

number of its server ni by sampling the Poisson distribution with a mean of 2 as

well as its service rate µi by sampling from the Normal distribution N (2, 1) > 0.

Meanwhile, the mobile user’s task arriving rate at cloudlet i is sampled from the

Normal distribution N (4, 2) > 0. We adopt three baseline methods for comparison,

including random task offloading, proportional task offloading [94] and greedy task

offloading [9]. We run the simulation codes on a Dell laptop with Intel Core i5 CPU,

8GB RAM. Each simulation is executed 100 times, and we report the final average

results as follows.
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Figure 4.1 : The fairness values of all mobile cloudlets in task offloading collabora-
tions.

Evaluation of Fairness Index

We first evaluate the fairness of task offloading by calculating the fairness index of

individual mobile cloudlet using Equation 4.10. The fairness index ranges from 0 to

1, with 0 as the most unfair case and 1 as the purely fair case. As shown in Fig. 4.1,

under the random offloading scheme and proportional offloading scheme, most of

the fairness index values of mobile cloudlets are below 0.6 and 0.7, respectively. In

comparison, the proposed FairEdge and greedy algorithm achieve an average value of

fairness index over 0.8, showing that the task distribution is well-balanced across all

mobile cloudlets. The greedy algorithm applies node traversal on each cloudlet when

finding the least loaded and contactable neighbours for task offloading. Therefore, it

ensures both the balance and fairness of task offloading at high communication costs.

Meanwhile, the proposed FairEdge adopts balls-into-bins theory with the ‘d-choice’

scheme in task offloading. It achieves a close-to-greedy performance in fairness

values while significantly reduces computation complexity to o(1), as each cloudlet

only needs to probe load information from two random neighbours and make a one-

time comparison. Moreover, the fairness index values of FairEdge at some cloudlets

are higher than those of greedy offloading. In summary, the FairEdge can achieve

network fairness up to 0.85 and reduce the unbalanced task offload by up to 50% in

comparison with other baseline methods.
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Figure 4.2 : Comparison of task offloading results in a simulation study.

Evaluation of Task Distribution

Second, we evaluate the task distribution results under different task offloading

algorithms. The bar plot of Fig. 4.2a shows the final task distribution after all

offloading time intervals. Obviously, under both random task offloading and pro-

portional offloading schemes, there are huge gaps (up to 30) among different mobile

cloudlets. In random task offloading, a group of mobile cloudlets (number 15 to 50)

are processing many more tasks than other cloudlets (e.g., number 60 to 90). Mean-

while, under proportional offloading, the overloaded mobile cloudlets are distributed

more dispersedly. The above unbalance in task distribution would not only harm

the fairness of the mobile cloudlet network but also degrade the user experience, as

cloudlets need more time to process all tasks. In comparison, the proposed FairEdge

successfully enhances the balance in task offloading, as most cloudlets have nearly

10 tasks to process. The greedy method achieves the best performance in balancing

task distribution at the cost of high communication and computation overheads,

where most cloudlets are offloaded with less than 10 tasks, and no cloudlet is idle.

To make a further comparison, we present the empirical cumulative distribution

results of task offloading in Fig. 4.2b. Here, the performance of FairEdge is very close

to that of greedy offloading, where over 90% of mobile cloudlets are offloaded with

less than 10 tasks. In contrast, the task offloading result by the proportional method
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Figure 4.3 : Nodes and encountering records in the MobiClique [20] dataset.

shows that almost 20% of cloudlets are offloaded with more than 15 tasks. Besides,

over 20% of mobile cloudlets have more than 20 tasks to process under random

offloading. The above evaluation results validate the effectiveness of FairEdge, as it

manages to balance the task distribution by using the fairness index and ‘2-choice’

paradigm. In the following, we further evaluate the FairEdge in real-world scenarios

by using mobility trace datasets for simulation.

4.6.2 Evaluation of Real-world Trace Datasets

To explore the feasibility of FairEdge in real-world scenarios, we conduct trace-

driven studies of mobile computation offloading with two real-world mobility trace

datasets. In brief, the two trace datasets contain Bluetooth encounter records of mo-

bile nodes that can be used to emulate the communications among mobile cloudlets

at edge networks. The reasons for using two different trace datasets for evalu-

ations are 1) to test the performance of FairEdge in different network scenarios,

where cloudlets have different patterns of mobility; 2) to examine the scalability of

FairEdge with mobile cloudlet networks in different scales. We present the details of

each dataset and corresponding evaluation results of mobile computation offloading

as follows.

MobiClique Dataset

Basic Setups. We adopt a real-world mobility dataset called ‘MobiClique’ [20]

to emulate the random mobility of mobile cloudlets for task sharing and computa-
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Figure 4.4 : Comparison of task offloading results in trace-driven evaluations with
the MobiClique dataset.

tion offloading. This dataset contains encountering records collected by a mobile

network software called MobiClique. MobiClique leverages opportunistic contacts

(e.g., Bluetooth encounters) between smartphones to form a decentralised ad-hoc

network for information sharing. The trace data of MobiClique was collected with 76

participants during the SIGCOMM 2009 conference in Barcelona, Spain. In Fig. 4.3,

we consider each user a node and visualise the contact graph of MobiClique dataset.

Here, each vertex represents a mobile cloudlet, an edge between two vertices repre-

sents a contact, and the colour of a vertex shows its active level in the network. In

total, there are 76 mobile cloudlets and 69,186 contacts in the MobiClique dataset.

Moreover, the timestamp of the first contact is 30 seconds, and the timestamp

of the last contact is 320,684 seconds. Based on the above, we set the length of a

time slot for computation offloading to 200 seconds, so that there are 1,604 time

slots in total. For each cloudlet i, we set its number of servers, service rate, and

task arriving rate to be the same as those in the previous simulation setup.

Task Offloading Results. We conduct the mobile cloudlet task offloading

with MobiClique dataset for 100 times and take the average values of task distri-

butions and standard deviations as the final task offloading results. The baseline

methods include random task offloading, proportional task offloading, and greedy

task offloading. As shown in Fig. 4.4a, under random offloading and proportional
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Figure 4.5 : Nodes and encountering records in the Haggle [21] dataset.

offloading, some particularly active mobile cloudlets are extremely overloaded (e.g.,

offloaded with over 150 and even 200 tasks). While proportional offloading partial-

ly reduces the number of overloaded cloudlets, the overall task distribution is still

highly imbalanced. In contrast, the proposed FairEdge scheme and greedy offloading

scheme show remarkable performance in balancing the task distributions over the

entire network, where the task load of each cloudlet is under 50. Also, by combin-

ing the ‘2-choice’ paradigm from balls-into-bins theory with Jain’s Fairness index,

FairEdge further achieves a slightly lower task load on each cloudlet throughout the

task offloading process.

The empirical cumulative distribution of task offloading results with the Mo-

biClique dataset is presented in Fig. 4.4b. More than 80% of mobile cloudlets in

FairEdge and greedy schemes are offloaded with less than 25 tasks. Meanwhile, more

than 20% of mobile cloudlets in random and proportional schemes have more than

30 tasks. The above evaluation results show the effectiveness of the fairness-oriented

task offloading scheme in a real-world scenario. FairEdge can effectively achieve bal-

anced task offloading on a real-world mobility trace dataset, where different cloudlets

have significant disparities in the active level of mobility.

Haggle dataset

Basic Setups. We further evaluate the performance of FairEdge in a larger

mobility trace dataset, i.e., Haggle dataset [21]. The Haggle dataset is under the
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Figure 4.6 : Comparison of task offloading results in trace-driven evaluations with
the Haggle dataset.

project of Koblenz Network Collection (KONECT) [95] for systematic study on

diverse networks. In short, the Haggle dataset contains mobility and connectivity

traces that were generated from iMote devices. The iMote devices are small portable

devices to capture Bluetooth sightings (encounters) of their carriers. We process

and visualise the contact graph of the Haggle dataset in Fig. 4.5, where all 274

vertices are with 28,244 edges. Similar to the MobiClique dataset, each vertex in the

contact graph represents a mobile cloudlet, an edge between two vertices represents a

contact, and the colour of each vertex shows its active level in the network. Different

from the MobiClique dataset, the vertices in the Haggle contact graph are more

distributed, where a small number of vertices form a ‘contact centre’ (1-77) that links

the rest edge vertices with sparse contacts. In the following evaluations, all basic

setups are the same as those for the evaluations with the MobiClique dataset, except

for the time interval. In the Haggle dataset, the beginning and ending timestamps

are 20,733 seconds and 364,094 seconds, respectively. As the overall duration in the

Haggle dataset is much longer than that of MobiClique, we set the length of a time

slot to 3,600 seconds (i.e., 1 hour) for computation offloading simulation.

Task Offloading Results. In evaluations with the Haggle dataset, we also

conduct task offloading with mobile cloudlets for 100 times. We take the average

values of task distributions and standard deviations as the final results. As shown
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in Fig. 4.6a, a group of cloudlets with high contact levels take the majority of tasks

in the Haggle network. This is due to that the rest of each mobile cloudlet only

has several contact opportunities for task offloading, and target cloudlets in these

contacts are all in the group of the ‘contact centre’ (cloudlets 1-77). As the cloudlets

of numbers 80-274 have very few encounters with others, most of them are offloaded

only a few tasks or even none. To make it clearer for performance comparison, we

only provide the offloading results for cloudlets 1-77. The random task offloading

shows the worst performance in balancing the task load in the contact centre, as some

cloudlets are overloaded with nearly 100 tasks. While proportional task offloading

slightly improves the task distribution result, there still exist huge gaps (over 90

tasks) among cloudlets in the contact centre. In contrast, FairEdge and greedy

task offloading schemes significantly enhance the balance in task distribution over

all cloudlets in the contact centre, where most of the cloudlets are offloaded with

less than 50 tasks. Besides, for the cloudlets with low contact levels, FairEdge still

preserves their fairness by re-balancing tasks from overloaded cloudlets to others.

The empirical cumulative distribution of task offloading results with the Haggle

dataset is presented in Fig. 4.6b. This CDF figure reveals that even there are

considerable gaps in contact level among different mobile cloudlets, FairEdge can still

achieve balanced task offloading with the close performance to the greedy algorithm,

showing the effectiveness of preserving fairness in mobile computation offloading.

4.7 Conclusion

In this chapter, we have proposed FairEdge, a Fairness-oriented task offloading

scheme to enable balanced task sharing and computation offloading for mobile Edge

cloudlet networks. The FairEdge integrates balls-into-bins theory and Jain’s fairness

index for distributed task offloading among mobile cloudlets. We have developed

the system model of computation offloading in edge mobile cloudlet networks and

formulated the load balancing problem together with a fairness optimisation prob-

lem. By adopting the ‘two-choice’ paradigm and using calculated fairness index

values for cloudlets and the network, we have further proposed the algorithm de-

sign of FairEdge and conducted extensive evaluation studies with simulations and
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experiments on real-world trace datasets. The experimental results have shown that

FairEdge successfully achieves load balancing with guaranteed performance, with a

near-optimal fairness index of up to 0.85 and an improvement of 50% over conven-

tional baseline methods.
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Chapter 5

iMap: Towards System Implementation and Data

Analysis for Edge Crowdsensing Based Outdoor

RSS Maps

With the explosive usage of mobile edge devices, sustainable access to wireless net-

works (e.g., WiFi) has become a pervasive demand. Most mobile edge users would

expect a seamless network connection at a low cost. Indeed, this can be achieved by

using an accurate Received Signal Strength (RSS) map for wireless access points.

While existing methods are either costly or unscalable, the emerging mobile edge

crowdsensing paradigm is a promising technique for building RSS maps. MEC

applications leverage pervasive mobile edge devices to collect data collaboratively.

However, the heterogeneity of edge devices and the mobility of users could cause

inherent noises and blank spots in the collected dataset. In this chapter, we study

(1) how to tame the sensing noises from heterogeneous mobile edge devices, and

(2) how to construct accurate and complete RSS maps with random mobility of

edge crowdsensing participants. First, we build a mobile edge crowdsensing system

called iMap to collect RSS measurements with heterogeneous mobile devices. Sec-

ond, through observing experimental results, we build statistical models of sensing

noises and derive different parameters for each kind of mobile edge device. Third,

we present the signal transmission model with a measurement error model, and fur-

ther propose a novel signal recovery scheme to construct accurate and complete RSS

maps. The evaluation results show that the proposed method can achieve 90% and

95% recovery rate in the geographic coordinate system and the polar coordinate

system, respectively.
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5.1 Introduction

With the proliferation of smart mobile devices, mobile crowdsensing has become

a promising paradigm. Mobile edge users can exploit their smartphones to perform

large-scale sensing tasks [96] cooperatively. Based on mobile edge crowdsensing,

both industry and academia have developed numerous novel applications [97], such

as traffic monitoring [98,99], route planning [100,101], air quality sensing [102,103],

localisation [104,105] and digital map construction [106–108].

Nevertheless, the above crowdsensing applications usually require high network

bandwidth for data transmission. In terms of cost and efficiency, WiFi networks

enable compute-intensive applications to provide more reliable computing services

for mobile edge users. For instance, the public WiFi access points (APs) have been

pervasively deployed in metropolises, especially in indoor environments (e.g., apart-

ments, shopping centres, airports, etc.) [109]. In contrast, the Quality of Service

(QoS) of the outdoor WiFi network is difficult to quantify [110].

The major concerns of outdoor access points are signal coverage and transmission

capacity [111]. The above information can be obtained from the Received Signal

Strength (RSS). However, it is non-trivial to collect complete RSS data in large

areas, and many researchers have put their efforts into achieving it. Ayon et al. [112]

proposed SpecSense, a platform for large scale spectrum monitoring. Similarly,

Wu et al. [113] presented CrowdWiFi, a vehicular crowdsensing system for looking

up roadside WiFi networks. In [114], the authors proposed CRAD, a crowdsensing

based approach to detect rogue APs. The above works focus more on data collection

rather than the accuracy and reliability of the raw crowdsensed RSS data.

However, our experimental results show that the accuracy and reliability of RSS

data can be seriously influenced by the mobility pattern of edge users and the

heterogeneity of edge devices. Even on the same observing spot, the RSS measure-

ments from different devices can always have mismatches or misalignments. This

is mainly due to the differential capabilities of mobile devices in sensing signals.

To address this issue, in [115], an Expectation-Maximization based mechanism is
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proposed to compute the maximum likelihood estimation of sensor noises. Further-

more, Xiang et al. [116] proposed an iterative algorithm to reduce the error-rate of

crowd sensed RSS data. Moreover, Kim et al. [117] presented a mobile crowdsensing

framework for a large-scale WiFi fingerprinting system, using physical-layout and

signal-strength measurements.

Nevertheless, if we assume that the noises in RSS data can be reduced or even

eliminated, it is still difficult to construct a complete RSS map, because the crowd

sensed data is usually incomplete, and such data cannot cover every spot on the

map. Due to the different trajectories of mobile edge users, there are blank spots

without any data in RSS maps. These blank spots are particularly challenging in

constructing large-scale RSS maps, as the sensing cost is in proportion to the crowd-

sensing coverage [118]. Wang et al. [119] discussed the above issues and designed

a general framework for sparse mobile crowdsensing applications. In [120], the au-

thors proposed a crowdsensing-based WiFi radio map construction mechanism for

mobile users to choose appropriate access points. Wu et al. [121] proposed PRES-

M, a privacy-preserving RSS map generation scheme for crowdsensing networks.

However, the above works neglect the importance of data quality in building WiFi

related digital maps. Therefore, how to construct accurate and complete RSS maps

for outdoor APs remains challenging.

Specifically, two challenges need to be formally addressed.

• First, how to build accurate RSS maps with unpredictable noises in the crowd

sensed data. In our experiments, the difference of collected RSS data between

two smartphones could be up to 40 dBm. Such large noises, either from

the sensing errors or malicious measurements, should all be fairly tamed for

constructing accurate RSS maps.

• Second, how to construct complete RSS maps with the missing data in blank

spots. In practical crowdsensing, it is hard to fully cover the target area

considering the random mobility of mobile users and the overall cost. The

RSS maps need to be accurately constructed with incomplete sensing data.
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In this chapter, we propose iMap, towards system implementation and data

analysis for crowdsensing based outdoor RSS maps. Our system enables mobile

edge users to use their sensor-embedded smartphones to collaboratively collect RSS

data in the wild. By systematically analysing the collected RSS measurements from

heterogeneous devices, we have found the following facts.

• First, although the noise is inevitable, for each type of smartphone, the crowd

sensed data could fit into a statistical model fairly well. Moreover, the vari-

ances between two different types of smartphones could roughly fit into a

specific linear model. In addition, we recruit a group of volunteers to collect

RSS data with three different types of smartphones. The experimental results

validate the above claims. Hence, we can leverage the features of RSS data to

estimate data quality.

• Second, even if the crowd sensed RSS data is incomplete, we can still form a

sufficiently sparse matrix on it. By leveraging compressive sensing methods, we

can sample the sparse matrix to recover the data on unsensed spots adaptively.

Based on the above observations, in this work, we apply a model-based mech-

anism to reduce errors and noises in RSS data. With more reliable data, we can

further apply an adaptive sparse sampling algorithm to recover RSS data and build

complete RSS maps. The major contributions of this chapter are listed as follows.

• To the best of our knowledge, iMap is the first edge crowdsensing system for

constructing accurate and complete RSS maps in the wild. We develop an

application for mobile edge users to collect RSS measurements. Meanwhile,

we use a cloud-based central server for RSS data storage and processing.

• We conduct real-world experiments and analyse the RSS data from diverse

aspects. Based on the experimental results, we investigate the error models

for heterogeneous smartphones.

• We propose a compressive sensing-based RSS data sampling and recovery algo-

rithm. The experimental results show that the proposed algorithm can achieve
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90% and 95% recovery rates in the geographic coordinate system and the polar

coordinate system, respectively.

The rest of this chapter is organised as follows. We introduce the design and

implementation of the iMap system in Section 5.2. Then, in Section 5.3, we present

and explore the crowdsensing experiments to collect RSS data. In Section 5.4, we

propose the signal propagation model and the measurement error model. We further

devise a sparse sampling-based algorithm to recover the blank spots and show the

experimental results of signal recovery. Finally, we conclude this work in Section 5.5.

5.2 System Design

The proposed iMap system is designed for building accurate and reliable RSS

maps. The main functions include RSS data collection, data processing, and RSS

map visualisation. By running the iMap application on smartphones, mobile user-

s can participate in measuring RSS of surrounding wireless access points. In the

meantime, iMap will automatically attach location information to collected RSS

data. The crowdsensed data is then uploaded to an edge-based server that is re-

sponsible for calibrating the noises and generating the visualisation data. With the

iMap system, we can leverage the edge crowdsensing paradigm to measure the sig-

nal strength of access points in large-scale urban areas. Accordingly, we conduct

real-world experiments with iMap in an urban square in Wuxi City, China. The

details of the experimental results will be presented in Section 5.3.

5.2.1 Design overview

We build the iMap system on two ends, i.e., the edge user end and the server end.

In the user end, we develop a mobile application for users to measure RSS values of

surrounding wireless access points. In the server end, we build a laptop-based edge

server, where the user’s data is organised by its location information. We further

store the RSS data into an online database for RSS map visualisation.

The architecture of the iMap system is shown in Fig. 5.1, where the user-end

mobile application consists of four modules. The content provider is one of the
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Figure 5.1 : The architecture of the iMap system.

main function modules. It encapsulates the original crowd sensed data, acting as

the interface for transmitting data to the local database. To display the collected

RSS data observed at the current location, the locally stored data is sent to the user

interface module periodically. Similarly, the local RSS data is sent to the connection

manager module. The connection manager module handles the communication and

data exchange between smartphones and the edge server. We build an online edge

server based on LeanCloud [122] and implement the Simple Object Access Protocol

(SOAP) in the data input module. The requests from mobile users of accessing the

database are processed through the data input module. Furthermore, we emulate a

JavaScript-based interface to extract RSS data divided by geographic information.

After that, the visualisation module will iteratively attach RSS data to the map

module. The map information management module is set up to transfer and store

visualisation data into the central database. In the edge server, the RSS data is

organised by its geographic coordinate. Besides, the online server provides the par-

ticipating users with the latest RSS dataset for visualisation on the iMap application.

We describe the details of system architectures in the following subsections.

5.2.2 Smartphone as a client: the real-time measurement

In the iMap application (as shown in Fig. 5.2), we build a real-time RSS data

processing module. As the Android operating system has provided specific classes in

signal sensing, we mainly use four important classes (i.e., WifiManager, ScanResult,
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Figure 5.2 : The overview of the iMap mobile application.

WifiConfiguration, and WifiInfo) in the RSS data processing module. The WifiMan-

ager class provides a variety of APIs for WiFi management, such as WiFi scanning,

establishing network connection and configuration options. We instantiate the Wifi-

Manager class by simply invoking Context.getSystemService(Context.WIFI SERVICE).

We further call its public method getScanResults to return a table list of access

points in the last scan. From this table list, we can acquire complete information on

surrounding access points, including SSID, MAC address, RSS values, capabilities,

and frequency. Considering the generality, we run the scanning module for 5 times

at each sensing spot and take the average value of crowdsensed RSS data.

5.2.3 Communication to the edge server: geographic data processing

As it is non-trial to build RSS Maps, the iMap application will use the Loca-

tionManager class to access the system’s location services during the signal sensing.

This allows iMap to obtain real-time updates of each device’s geographic location.

We leverage the location information provided by either GPS (Global Positioning

System) or cellular network to localise each mobile user and tag coordinate infor-

mation to the RSS data. The iMap application will periodically upload the latest

RSS data to the edge server through the inter-connection manager. We use JSON

as the data transmission format in iMap and separate uploaded data in a central

database by geographic coordinates. More importantly, the coordinate is also the

key unit for RSS visualisation. Therefore, mobile users can send RSS data from the

application to the edge-based server. Once a user opens the application, the iMap

will send update requests to the edge server and download the latest RSS dataset

at the current location.



76

5.2.4 Edge server: RSS map visualisation

The edge server is built on a laptop using Lean Cloud, and it is responsible for

data aggregation and RSS map visualisation. Considering efficiency and accuracy,

we leverage a commercial map platform called ‘Amap’ to visualise RSS maps on

mobile edge devices. With Amap’s location SDK (software development kit) and

API (application programming interface), we apply the getLongitude method and

getLatitude method to acquire the geographic location of each smartphone. When

users are moving, the requestLocationData method is invoked to capture the real-

time longitude and latitude data. In the practical setting, we program the iMap

application to request for updated geographic coordinates when the change of loca-

tion exceeds 5 meters. Meanwhile, iMap will re-scan wireless access points once the

geographic coordinates are updated. We visualise WiFi access points on Amap by

two steps. First, we use the marker class in the Amap SDK to mark the individual

access point on the map. The different colours represent the different levels of RSS

(high, medium, or low). Second, we apply the InfoWindow method to add informa-

tion windows on the access points. When a user clicks the marker, the information

window will pop up and show detailed information about the corresponding access

point.

5.2.5 Incentive Mechanism: data access control

To motivate mobile edge users to participate in the RSS map crowdsensing, we

further design an incentive mechanism with data access control. By the first-time

use of the iMap application, a mobile user can only access the RSS data within the

district he is localised. When a user uploads a new piece of data from a different

district, the corresponding RSS data of that district will be released to the user.

Once the RSS data is unlocked, the iMap application will send requests to the

edge server and download the new data. The above data access control flow is

automatically executed in the iMap application.
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Figure 5.3 : Measurement deviations of different smartphones.

5.3 Experimental Study and Observation

By leveraging the iMap system, we first conduct an experimental study with

18 volunteers from the university and the parameter settings are as follows. The

volunteers are divided into 3 groups using three different types of smartphones,

e.g., Samsung, Motorola, and Smartisan. Each participant takes a random walk

in a 5,000 square-meter urban area for 2 sessions to collect RSS data. In the first

session, participants in each group together take random walks for 30 minutes. In the

second session, each individual participant walks randomly for another 30 minutes.

In both sessions, the iMap application is running on each volunteer’s smartphone.

At last, each group will upload the crowdsensed data to the edge server. We make

the following observations and analysis of the collected data.

5.3.1 Diversity of RSS measurements

First, we explore the diversity of RSS measurements with deviation and spatial

deviation.

Deviations of RSS measurements

Specifically, we compare the deviation of measurements collected by different

smartphones in Fig. 5.3. Here, we use the measurements of Samsung smartphones

as the benchmark. In Fig. 5.3a, the measurement deviations of both Moto and
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Figure 5.4 : Spatial distribution for the measurement deviations between Samsung
smartphone and Moto smartphone.

Smartisan have positive values and negative values, which indicates that the noises

caused by heterogeneity are fluctuant. As illustrated in Fig. 5.3b, about 90% of

the absolute deviations between Smartisan and Samsung are less than 15 dBm.

Meanwhile, from Smartisan to Samsung, the absolute deviations are within 15 dBm

for 80% measurements. If we narrow down the deviation range, still about 60%

of absolute deviations are less than 10 dBm for Moto’s measurements, and 50% of

absolute deviations are less than 5 dBm for Smartisan’s measurements. Note that,

the maximum deviations can be up to 50 dBm for both Moto and Smartisan. The

above results demonstrate that the deviations between the measurements of different

devices are significant and can cause inaccuracy of the RSS map. Hence, sensing

noises among heterogeneous devices need to be carefully addressed.

Spatial deviations of RSS measurements

We further explore the spatial distribution of measurement deviations. In this

experiment, we still use the measurements of Samsung as the benchmark. Fig. 5.4

shows the measurement deviations and absolute measurement deviations between

Moto and Samsung in spatial distribution. The deviations are randomly distributed,

where the large deviations fall into the area between 15 to 40 meters on X-axis and

10 to 50 meters on Y-axis. Most of the absolute deviations are smaller than 10

dBm, and only a few exceed 20. Similarly, Fig. 5.5 shows the spatial distribution
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Figure 5.5 : Spatial distribution for the measurement deviations between Samsung
smartphone and Smartisan smartphone.
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Figure 5.6 : The probability distribution of the measurement deviations of different
devices.

of deviations between Smartisan and Samsung. With more negative deviations, the

large deviations fall into the area between 20 to 50 meters on both X- and Y-axes.

In Fig. 5.5b, the absolute deviations are sparse on the map, showing that there exist

noises in RSS data caused by the heterogeneity of devices.

5.3.2 Exploring models of measurement deviations

Next, we explore the error models of measurement deviations from RSS mea-

surements among Samsung, Moto, and Smartisan.

Firstly, we explore whether the measurement deviations of different devices satis-

fy the normal model. As shown in Fig. 5.6, we compare the probability distribution
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Figure 5.7 : The linear relationship between the measurements of different devices.
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Figure 5.8 : The probability distribution of the residual errors after linear fitting.

of measurement errors with normal fittings. By using the Lilliefors test, we find

that the statistical significance is only 1%, showing the rejection of normal model

assumptions.

Secondly, we explore whether the measurement deviations satisfy the linear mod-

el. As shown in Fig. 5.7, the measurements of different devices follow linear models.

Specifically, we calculate the linear fittings as follows. For Samsung vs. Moto, the

fitting model is 0.74737x ± 25.6226, with a standard deviation of 5.63 dBm. For

Samsung vs. Smartisan, the fitting model is 0.78078x±15.4472, with a standard de-

viation of 6.43 dBm. For Moto vs. Smartisan, the fitting model is 0.87764x± 3.331

with a standard deviation of 5.37 dBm.

Based on the above observations, we further explore whether the residual errors

of linear fitting follow the norm model. As illustrated in Fig. 5.8, we use the Lilliefors

method to test this assumption. However, the statistical significance is still 1%. As

a result, the residual errors do not follow the normal model.
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5.3.3 Challenges

Based on the experimental observations, we find that with both the signal propa-

gation model and measurement error model, it is still non-trivial to achieve accurate

RSS map construction. Adding to the blank spots without any RSS data, two chal-

lenges need to be formally addressed as follows.

The first challenge is to model the signal propagation and measurement error.

The measurement error model is essential for calibrating the noises in RSS data of

different devices. However, the model parameters are not known as a prior, and the

values of parameters usually depend on the type of mobile devices.

The second challenge is to recover signal strength data with incomplete measure-

ments. Although compressed sensing can be used for data recovery, how to design

a measurement matrix and a recovery algorithm remains challenging. Our goal is

to extract salient information from the k-sparse or compressible signals, without

compromising signal accuracy by the dimensionality reduction.

5.4 Sparse Signal Recovery Design

In this section, we present how to construct accurate and complete RSS maps

with sparse sampling and signal recovery. In practice, it is not feasible for mobile

edge users to collect fully complete RSS sensing data that covers every spot in a large

district, due to the high cost and low efficiency. In addition, it is also a daunting

task to directly construct a complete RSS map at high accuracy only with partial

RSS data. Meanwhile, compressive sensing techniques [123,124] prove to be capable

of recovering sparse signals with limited information. Hence, in this section, we

leverage the compressive sensing technique to recover the RSS maps with partially

sampled data.

5.4.1 Preliminaries in Compressive Sensing

Compressive sensing is an innovative signal sampling paradigm that related to

several topics in signal processing [125], including sparse sampling, heavy hitters,

and etc. Compressive sensing theory asserts that a relatively small number linear
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combination of a compressible and sparse signal can contain most of its salient

information [124].

Compressibility of Signals

By following [124], we consider a WiFi signal as an one-dimensional, real-valued

and finite-length signal x, which can be viewed as an N × 1 column vector in RN .

Any signal in RN can be represented in the form of an orthogonal basis of N × 1

vectors {ψi}Ni=1. Using an N ×N basis matrix Ψ= [ψ1|ψ2...|ψN ], where the vectors

{ψi} are as columns. The signal x can be expressed as:

x = Ψs =
N∑
i=1

siψi, (5.1)

where s is the N ×1 column vector of weighting coefficients si. As shown above, the

si can be calculated by si = 〈x, ψi〉 = ψTi x, where ·T is the transposition operation.

Note that x and s are the equivalent representations of signal, with x in the temporal

or the spatial domain while s in the Ψ’s domain.

We identify the signal x as K-sparse, if it is a linear combination of only K

basis vectors. That is to say, only K components (i.e., K si) of s in Equation 5.1

are nonzero and the remaining (N − K) components are zero. The signal x has

compressibility if the representation in Equation 5.1 has a few large coefficients and

many small coefficients [124].

The Problem of Recovering RSS Signals

Different from traditional methods, compressive sensing [126] directly acquires a

compressed signal representation without the middle stage of acquiring N samples.

Considering RSS sensing as a general linear measuring process, which computes M

inner products between x and a set of vectors {φj}Mj=1 as in yj = 〈x, φj〉, for M < N .

We set the measurement yj in an M × 1 vector y and the measurement vector φTj

as rows in an M ×N matrix Φ. Then, by substituting Φ from Equation 5.1, y can

be calculated by

y = Φx = ΦΨs = Θs, (5.2)
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where Θ = ΦΨ is an M ×N matrix.

Using compressive sensing to recover RSS signals induces two subproblems: (i)

the design of a stable measurement matrix Φ so that the salient information from

the compressible K-sparse signal is not damaged by the dimensionality reduction

from x ∈ RN to y ∈ RM . and (ii) the design of an efficient signal reconstruction

algorithm to recover x from y.

Design of Measurement Matrix

The measurement matrix Φ must allow the reconstruction of the length-N signal

x from the length-M signal y, for M < N . If x is K-sparse and the K locations

of the nonzero coefficients in s are known, the problem can be solved provided that

M > K. The necessary and sufficient condition for the above simplified problem

is that for any vector v sharing the same K nonzero entries as s and for some

ε > 0 [124]:

1− ε ≤ ‖Θv‖2

‖v‖2

≤ 1 + ε. (5.3)

In such a case, the matrix Θ preserves the lengths of the particular K-sparse vectors.

However, the locations of the K nonzero entries in s are generally unknown as

a prior. Note that a sufficient condition for a stable solution to both K-sparse

and compressible signals is that the Θ satisfies Equation (5.3) for an arbitrary 3K-

sparse vector v, where 3K < N . This loose condition is usually referred to as the

restricted isometry property (RIP) [127]. Existing studies [126,128] have shown that

the RIP condition can be achieved by selecting Φ as a random Gaussian measurement

matrix [124].

Design of the Signal Recovery Algorithm

Generally, a signal recovery algorithm should take M measurements from vector

y and reconstruct the length-N signal x (or the sparse coefficient vector s). In

particular, if Φ satisfies the condition of RIP, x and s can be successfully recovered

using only M ≥ cK log(N/K) Gaussian measurements [124], where c is a small

constant.
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(a) Samsung (b) Smartisan (c) Moto

Figure 5.9 : Geographic RSS map constructed with sensing data from different types
of smartphones.

Since our main objective is to leverage compressive sensing for application-

oriented RSS data recovery, the details are omitted and can be referred to [124].

According to [124], the signal reconstruction algorithm based on the `1 norm can

exactly recover K-sparse signals and closely approximate signals of compressibility

by

ŝ = argmin
s
‖s‖1, s.t.,Φs = y. (5.4)

In this study, when the measurement vector y contains noise, the signal can still

be reconstructed via `1 and `2 norms by

ŝ = argmin
s
‖s‖1, s.t., ‖Φs− y‖2

2 ≤ ε, (5.5)

where ε is the bound of the noise.

5.4.2 RSS map construction with partial RSS data

In this work, we construct the RSS map with partial data collected from different

types of smartphones, including Samsung, Smartisan, and Moto. In Fig. 5.9, we

construct RSS maps in the geographic coordinate system. The red spots on the

maps are unsensed, i.e., with no available data. We find that the constructed maps

with data from Samsung smartphones are with the least unsensed spots, which shows

the best performance in map construction. Meanwhile, the RSS maps constructed

with data from Smartisan are with the most unsensed spots. In terms of coverage,

Samsung and Moto achieve similar performance on coverage of RSS data in the
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(a) Samsung (b) Smartisan (c) Moto

Figure 5.10 : Polar RSS maps constructed with sensing data from different types of
smartphones.

maps, while Smartisans collect sparser RSS data. The above observations show

that there are significant data variances caused by heterogeneous mobile devices.

We further construct RSS maps in the polar coordinate system, as shown in

Fig. 5.10. In polar RSS maps, the unsensed spots are represented by red quadrilat-

erals. Clearly, there are more unsensed spots at the edge of polar RSS maps. Similar

to the construction results in geographic maps, the Smartisan’s measurements are

sparser and more inaccurate in comparison with Samsung’s and Moto’s. In the fol-

lowing, to recover data at the unsensed spots on RSS maps, we devise an adaptive

algorithm for RSS data sampling and recovery.

5.4.3 Adaptive Data Sampling and Recovery Algorithm for RSS Map

Reconstruction

To reconstruct the outdoor RSS map, we set a WiFi access point to cover an

outdoor area, which is further divided into a set of block-based subregions. With a

total number of N ×N blocks, we denote the RSS sensing matrix as TN×N and use

each element Txy to represent the averaged RSS data measurement at block (x, y).

We further adapt the Singular Value Thresholding (SVT) from [129] to recover the

RSS matrix with sequential and adaptive sampling. The key challenge here is to

select the most effective samples for data recovery as well as to avoid redundant

samples. In the following, we address this challenge step by step.

During the data recovery process, we denote S(t) and S(t + 1) to be the cor-

responding sets of samples taken at time interval t and t + 1, respectively. The
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recovered RSS data matrices are further denoted by T̂ (t) and T̂ (t+ 1), respective-

ly. In addition, the recovered data entries of (x, y)-th element in T̂ are denoted by

T̂xy(t) at t and T̂xy(t+ 1) at t+ 1, respectively.

If T̂xy(t) and T̂xy(t+ 1) are close to each other and Txy /∈ S(t + 1), then, the

element Txy is considered to have been recovered by the algorithm in time t + 1.

Otherwise, with T̂xy(t) and T̂xy(t+ 1) being far from each other, the element Txy in

the RSS sensing matrix is considered not have been recovered accurately, and in this

case, we could gain more information by taking an extra sample at (x, y)-th entry

of T for further recovery.

Information-based metric. When taking new samples into the sample set,

we need to quantify and evaluate the informativeness of each element in the RSS

data matrix. Therefore, we define the information-based metric for element Txy as

I(x,y) [130] and calculate it as follows:

I(x,y) =

∣∣∣T̂xy(t+ 1)− T̂xy(t)
∣∣∣

1
2

∣∣∣T̂xy(t+ 1) + T̂xy(t)
∣∣∣ . (5.6)

If an element Txy has a large value of I(x,y), it is considered to be much informative

and thereby should be taken into the sample set in the next time interval. To this

end, the key to our adaptive sampling strategy is to iteratively take samples from

the most-informative entries in future steps for data recovery. Next, we introduce

the stopping condition for the sampling iteration.

Sampling Stopping Condition. To make a trade-off between the complete-

ness of the RSS matrix and the computation cost, we define the Sampling Stopping

Condition as follows.

Definition 1. Sampling Stopping Condition. Given two recovered matrices

T̂N×N(t) and T̂N×N(t + 1), we define T̂ (t)
∆
= T̂ (t+ 1) as the sampling stopping
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condition, if the above two matrices satisfy√∑
(T̂xy(t+ 1)− T̂xy(t))

2√∑
(1

2
((T̂xy(t+ 1) + (T̂xy(t)))

2
≤ ε, (5.7)

where ε is a small constant.

Algorithm Design. We present the data sampling and recovery algorithm for

the RSS matrix in Algorithm 3. In line 2, the algorithm conducts uniform sampling

to obtain an initial measurement matrix. The current sample set is denoted by Ω

and the size of the current sample set is |Ω|=η×N ×N . The value of N ×N equals

the total number of RSS sensing blocks and η ∈ [0, 1] is a parameter that determines

the fraction of initial uniform samples to the raw RSS sensing matrix. Note that

if η is too small, the algorithm will require excessive samples in further steps, and

if η it too large, the initial sample set will be redundant and thereby wasting the

computation resources.

With the initialised uniform sampling set, the algorithm first recovers the RSS

sensing matrix T̂ (t) at the current time t (line 5). Then, from lines 6-7, an extra

sample set Ω′ will be taken and integrated to Ω as Ω = Ω ∪Ω′. Here, the Ω at time

t and Ω ∪ Ω′ at time t + 1 are corresponding to the previously mentioned sample

sets S(t) and S(t+ 1), respectively.

By applying the SVT method [129] again, the algorithm obtains a newly recov-

ered matrix T̂ (t + 1) at time t + 1 (line 8). To this end, if the Sampling Stopping

Condition (i.e., T̂ (t+ 1)
∆
= T̂ (t)) is satisfied (lines 10-12), the data recovery process

will stop. Otherwise, the algorithm will identify the most informative elements and

select them as the new samples in the next time interval for iterative RSS data

matrix recovery.

Particularly, in selecting the new extra sampling set, the algorithm will first sort

the top αN logN elements as suggested by [130], where α=
∑
xy θxy

N×N and θxy can be

derived from Equation 5.8. Moreover, the parameter α ∈ [0, 1] and it restricts the

number of elements that will be taken as new samples in the next time step. If the
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Algorithm 3 Data Sampling and Recovery Algorithm for RSS Data Matrix

1: Initialise t=0.
2: Initialise the measurement matrix T (t) with uniform sampling.
3: Determine the initial RSS sample set Ω with its size as |Ω|=η ×N ×N , where
η ∈ [0, 1] and N ×N is the size of the RSS sensing matrix.

4: for t = 1, ..., n do
5: Apply matrix completion and obtain partially recovered matrix T̂ (t);
6: Initialise an extra uniform sample set Ω′, by setting the size of Ω′ as |Ω′| =

0.5N logN ;
7: Integrate Ω with Ω′, i.e., Ω = Ω ∪ Ω′;
8: Acquire the new measurement matrix T (t+ 1) for time interval t+ 1;

9: Apply SVT [129] for RSS sensing matrix completion and obtain T̂ (t+ 1);

10: if T̂ (t+ 1)
∆
= T̂ (t) then

11: Sampling Stopping Condition is satisfied, stop sampling.
12: Return T̂ (t+ 1) as the recovery RSS sensing matrix.
13: else
14: for Txy /∈ Ω, do
15: calculate I(x,y);
16: end for
17: end if
18: Sort I(x,y) with the descending order, and then select the first αN logN el-

ements into Ω′, where α can be calculated as α=
∑
xy θxy

N×N and θxy is a binary
variable (e.g., 0-1 variable) that can be determined by:

θxy =

{
1,
|T̂xy(t+1)−T̂xy(t)|
1
2 |T̂xy(t+1)+T̂xy(t)| > µ, (i, j) /∈ Ω

0, otherwise
(5.8)

19: where µ is a small constant.
20: t=t+1;
21: end for
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(a) Sparse sampling and recovery in the
geographic coordinate system
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(b) Sparse sampling and recovery in the
polar coordinate system

Figure 5.11 : One-dimensional sparse sampling and signal recovery.

RSS sensing matrix is far from being accurately recovered, α should be larger so

that more RSS samples can be integrated into Ω. Otherwise, α should be smaller

to make the algorithm to converge.

5.4.4 RSS data sampling and recovery results

We apply Algorithm 3 on crowdsensed RSS data for reconstructing RSS maps

in both the geographic coordinate system and the polar coordinate system. In the

recovery simulation, according to [130], we set η of |Ω| to be 12.5%, ε in Equation 5.7

to be 0.03, and µ in Equation 5.8 to be 0.05. The measurement matrix TN×N contains

the average values of RSS sensing data from different types of smartphones over all

block subregions. In this experiment, the total number of measurement samples is

more than 18,000, and the experimental field is divided into 900 sensing blocks.

One-dimensional recovery results. We first present the result of one-dimensional

sparse sampling and signal recovery on RSS sensing data in Fig. 5.11. The original

RSS data is represented by the blue curve, and the recovered RSS data is red. From

Fig. 5.11a to Fig. 5.11b, the numbers of sampled data elements are 287 and 231,

respectively. Meanwhile, the average recovery error in the geographic coordinate

system is 26.0121dBm, which is relatively higher than that of the polar coordinate

system of 14.7471dBm. The one-dimensional recovery results show that under the

polar coordinate system, the RSS map could be reconstructed with higher accuracy.

Two-dimensional recovery results. We further visualize the recovered RSS
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(b) Signal Recovery after sparse sampling

Figure 5.12 : Two-dimensional sparse sampling and signal recovery in the geographic
coordinate system.
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(b) Signal Recovery after sparse sampling

Figure 5.13 : Two-dimensional sparse sampling and signal recovery in the polar
coordinate system.

sensing matrix in two-dimensional space. In this experiment, the proposed algorithm

will take up to 240 samples. Fig. 5.12 shows the original RSS signals and the

recovered RSS signals in the geographic coordinate system, where the original signal

is incomplete with missing data at different blocks. After recovery by the proposed

algorithm, in Fig. 5.12b, the signal diffusion is smoother, and all the subregions have

accurate RSS values. Fig. 5.13 presents the original RSS signals and the recovery

results in the polar coordinate system. Similarly, the total number of available

measurements is 240. With original RSS data being sparser and sharp in the polar

coordinate system, the proposed algorithm successfully recovers a complete RSS

signal with high accuracy of 95%.
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The above experimental results show that the proposed algorithm can accurately

recover RSS signals with sparsely crowdsensed data samples. The recovered results

can be further used for constructing accurate edge sensing-based outdoor RSS maps.

5.5 Conclusion

In this work, we have explored to construct RSS maps with edge sensing data

collected by heterogeneous crowdsensing devices. We have developed an innovative

iMap system that consists of the mobile application for crowdsensing devices and

the edge server for RSS data aggregation. Moreover, we have tested the system

with different types of smartphones and conduct comprehensive model-based obser-

vations. To construct accurate and complete RSS maps, we have further devised a

compressive sensing-based recovery algorithm to recover RSS maps with adaptive

sampling. The experimental results have demonstrated that the proposed algorithm

can achieve accurate and reliable recovery for crowdsensed RSS data. The recovery

rates are 90% and 95% in the geographic coordinate system and the polar coordinate

system, respectively.
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Chapter 6

BuildSenSys: Reusing Building Sensing Data for

Traffic Prediction with Cross-domain Learning

With the rapid development of smart cities, smart buildings are generating a mas-

sive amount of building sensing data by the equipped sensors. Indeed, building

sensing data provides a promising way to enrich a series of data-demanding and

cost-expensive urban mobile applications. In this chapter, as a preliminary explo-

ration, we study how to reuse building sensing data to predict traffic volume on

nearby roads. In comparison with existing studies, reusing building sensing data

has considerable merits of cost-efficiency and high reliability. Nevertheless, it is

non-trivial to achieve accurate prediction with such cross-domain data with two

major challenges. First, relationships between building sensing data and traffic data

are not known as prior, and the spatio-temporal complexities impose more difficul-

ties to uncover the underlying reasons behind the above relationships. Second, it

is even more daunting to accurately predict traffic volume with dynamic building-

traffic correlations that are cross-domain, non-linear, and time-varying. To address

the above challenges, we design and implement BuildSenSys , a first-of-its-kind sys-

tem for nearby traffic volume prediction by reusing building sensing data. Our work

consists of two parts, i.e., Correlation Analysis and Cross-domain Learning. First,

we conduct a comprehensive building-traffic analysis based on multi-source dataset-

s, disclosing how and why building sensing data is correlated with nearby traffic

volume. Second, we propose a novel recurrent neural network for traffic volume pre-

diction based on cross-domain learning with two attention mechanisms. Specifically,

a cross-domain attention mechanism captures the building-traffic correlations and

adaptively extracts the most relevant building sensing data at each predicting step.

Then, a temporal attention mechanism is employed to model the temporal depen-

dencies of data across historical time intervals. The extensive experimental studies
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Figure 6.1 : Illustrations for reusing building sensing data to predict nearby traffic
volume with cross-domain learning.

demonstrate that BuildSenSys outperforms all baseline methods with up to 65.3%

accuracy improvement (e.g., 2.2% MAPE) in predicting nearby traffic volume. We

believe that this work can open a new gate of reusing building sensing data for urban

traffic sensing, thus establishing connections between smart buildings and intelligent

transportation.

6.1 Introduction

Smart buildings that equipped with an increasing number of IoT sensors are

rising rapidly, producing a large amount of building sensing data (also called building

data∗ [131–133]). According to Statista’s reports in [134], the explosive volume of

sensing data collected by global smart buildings was nearly 7.8 ZB (about 7.8×240G)

in 2015, and it is expected to be growing up to nearly 37.2 ZB by 2020. For instance,

as shown in Fig. 6.1a, a CBD building in Sydney is installed with more than 2,000

sensors, generating over 100 million sensor readings in monitoring the status of the

building, including building occupancy, indoor/outdoor environment, etc.

Reusing existing building sensing data is with great significance for ubiquitous

sensing of smart cities, as building data is cost-efficiency and sustainable [135]. As-

suming building sensing data is available for the long-term, it has recently enabled

a series of new applications in urban sensing, such as developing urban 3D mobility

∗In the remainder of this chapter, we will use the terms building sensing data and building data
interchangeably unless otherwise stated.
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models [136] and identifying abnormal appliances [137, 138]. In this chapter, as a

preliminary exploration (illustrated in Fig. 6.1), we are motivated to reuse build-

ing sensing data for nearby traffic sensing for the following reasons. Intuitively,

most urban buildings are connected by roads, while residents move among differen-

t buildings, mainly via commuting on these roads [139]. According to the report

in [140], the American citizens averagely spend over 93% of their daily time in

enclosed buildings and vehicles (accounting for 87% and 6%, respectively). Thus,

there could exist some underlying relationships between sensing data of buildings

and traffic data of buildings’ surrounding roads, named as building-traffic corre-

lations [138]. Such relationships reveal a promising direction of reusing building

sensing data, i.e., for predicting traffic of nearby roads. As a proof-of-concept, this

work mainly focuses on predicting traffic volume, which is defined as the number of

vehicles traversing on a road segment per hour [141]. Accurate predictions on traf-

fic volume are fundamentally crucial for Intelligent Transportation Systems (ITSs)

applications, such as traffic light control, road navigation, and estimation of vehicle

emission [138,142,143].

In comparison with the existing methods [141, 144–148] of predicting nearby

traffic volume, reusing building data has considerable merits of both low cost and

high reliability, which are crucial to traffic sensing [143]. Most of the conventional

traffic prediction methods heavily rely on the fixed road-based traffic sensing sys-

tems, such as loop detectors [144] and traffic surveillance cameras [145]. Although

these methods can provide accurate traffic volume information, they incur extremely

high costs on installation and maintenance, impeding their extensions to large-scale

cities [138]. On the contrary, re-using off-the-shelf building sensing data will signif-

icantly reduce the cost, as with no extra deployment and maintenance [138, 141].

In terms of opportunistic sensing data of floating vehicles, GPS trajectories [141]

and cellular records of passengers [148] have been recently exploited to infer traffic

volume to address the high-cost issue. However, opportunistic sensing suffers from

the uncontrollable property of users and the data deficiency of particular roads, re-

sulting in unreliable performance in traffic volume prediction [148]. Buildings and



95

their surrounding roads, as two basic constructions in urban infrastructure, are both

stationary with long-term spatial relations. Therefore, in comparison to the oppor-

tunistic sensing [141], buildings can generate more reliable and sustainable sensing

data, providing better opportunities for accurately predicting nearby traffic volume

for long term [147,149].

Nevertheless, it is necessary to formally address two principal challenges in

achieving reusing building sensing data for predicting nearby traffic volume.

• Challenge 1: Investigating the unknown building-traffic relationships. While

a few works [136, 138] have shown certain evidence of building-traffic correla-

tions, they have failed to investigate what exactly these relationships are. To

precisely reveal building-traffic correlations is difficult with great complexity.

Furthermore, it is extremely challenging to uncover the underlying reasons

behind these correlations.

• Challenge 2: Accurate prediction with cross-domain building-traffic correla-

tions. The building-traffic relationships are cross-domain and non-linear, so

that accurate prediction of traffic volume is non-trivial. Even more challeng-

ing, these correlations would vary dynamically along with time, imposing more

difficulties on accurate traffic prediction [150].

To address these two challenges, we design and implement BuildSenSys [4],

a first-of-its-kind Build ing Sensing data-based System for nearby traffic volume

prediction. First, for Challenge 1, we conduct extensive experiments based on real-

world multi-source datasets (in Section 6.4). We delve into the relationships between

building data and nearby traffic volume, and the experimental results indicate that

building-traffic correlations are non-linear, time-varying, and cross-domain. Sec-

ond, for Challenge 2, we propose a novel recurrent neural network based on cross-

domain learning with two attention mechanisms for traffic volume prediction (in

Section 6.5). In general, an RNN-based encoder encodes the input sequence data

into a feature representation and another RNN-based decoder decodes the encoded

input information for the prediction results. Specifically, a cross-domain attention
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mechanism captures building-traffic correlations and adaptively extracts the most

relevant building data at each time interval. Then, a temporal attention mechanism

is employed to model the temporal dependencies across historical time intervals. Fi-

nally, we implement a prototype system of BuildSenSys and conduct comprehensive

evaluations with one-year real-world datasets.

In summary, we make three key contributions in this chapter as follows.

• To the best of our knowledge, we are the first to conduct comprehensive

building-traffic analysis with multi-source real-world datasets. By applying

multi-source cross-verification, this work not only discloses how but also sheds

light on why the building data is correlated with nearby traffic volume. Essen-

tially, the changes in building occupancy induced by the commuting activities

of occupants are highly related to the dynamics of traffic volume on nearby

roads. In addition, the higher probability building occupants pass through a

road, the stronger building-traffic correlation there exists.

• We propose a novel recurrent neural network for traffic volume prediction

based on cross-domain learning. It leverages a cross-domain attention-based

encoder and a temporal attention-based decoder to extract the non-linear,

time-varying, cross-domain building-traffic correlations accurately and further

achieves accurate traffic volume prediction.

• The extensive evaluation studies demonstrate that BuildSenSys outperforms

all baseline methods with up to 65.3% accuracy improvement (e.g., 2.2% mean

absolute percentage error) in predicting nearby traffic volume. We believe that

this work can open a new gate of reusing building sensing data for traffic sens-

ing, and further establish connections between smart buildings and intelligent

transportation.

The rest of this chapter is organised as follows. Section 6.2 reviews related lit-

erature, and Section 6.3 introduces an overview of the BuildSenSys system. Then,

Section 6.4 presents the correlation analysis of building data and nearby traffic da-

ta. Section 6.5 formulates the prediction problem and presents the cross-domain



97

learning-based recurrent neural network for traffic prediction. Section 6.6 evaluates

BuildSenSys through extensive experimental studies with real-world datasets. Final-

ly, Section 6.7 discusses some critical issues of reusing building data, and Section 6.8

concludes this chapter.

6.2 Related Work

Reusing building data: Building sensing data is originally dedicated to man-

agement and control purposes [151]; therefore, reusing building sensing data for traf-

fic prediction will not entail any extra cost. Beyond building management, reusing

building sensing data has attracted considerable research interests from smart city

applications, including urban transportation [138], crowd flow patterns [136], and

data integration [152]. According to [153], a single set of traffic monitoring systems

with camera detectors could easily cost $2500 USD, and over 100 million dollars of

such devices can only cover a quarter of roads in a typical metropolitan city [138]. In

comparison with conventional methods [141,145–147] that fully rely on sensing data

from traffic monitoring systems, it is considerably low-cost while highly reliable to

make a second use of building sensing data to predict nearby traffic. For example,

Zheng et al. [136] studied the impacts of buildings on human movements and further

developed a new urban mobility model for urban planning. Hu et al. [154] proposed

a communication sharing architecture for smart buildings to organise in-building

IoT devices with heterogeneous data communication.

Moreover, Zheng et al. [138] proposed to use indoor CO2 data to estimate build-

ing occupancy and further developed an occupancy-traffic model for traffic speed

prediction. Inspired by the above existing works, it is of great significance to unify

traffic monitoring systems with external sensing infrastructures to enhance traffic

prediction accuracy and reduce marginal cost. In this study, we propose innovative

reuse of multi-dimension building sensing data for traffic prediction. As a prelim-

inary exploration, we extensively investigate the building-traffic correlations and

apply cross-domain learning to achieve accurate traffic prediction.

Traffic volume prediction: Most existing works of predicting traffic volume
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use data from fixed road-based traffic sensors, such as loop detectors, microwave

radars, and video cameras [143]. The main advantage of road-based sensors is that

they can provide reliable data by capturing all vehicles passing by the corresponding

roads [155]. Recently, opportunistic sensing and crowdsensing techniques have been

utilised to collect GPS data [141, 156, 157], and cellular record data [158–160] from

floating vehicles and mobile passengers. These trajectories provide detailed mo-

bility traces for network-wide traffic sensing and prediction. Many existing works

have integrated both traffic sensor data and opportunistic sensing data for traffic

prediction. For example, Meng et al. [161] further combined loop detector data

and taxi trajectories with a spatio-temporal semi-supervised learning model to in-

fer traffic volume. However, with the inherent biases and random data deficiency,

most trajectory data cannot cover the entire traffic dynamics. For instance, GPS

data of a 6,000-taxi network can only cover 28% of the overall road segments in a

large city with distinctive operating time [148]. With such data sparsity, trajectory

sensing data cannot guarantee the sustainability and reliability in traffic prediction,

especially on explicitly targeted road segments. In this work, the source data for

traffic prediction is building sensing data, which is quite different from source data

in most existing works. Both the buildings and their surrounding roads are sta-

tionary, and inherently they have permanent spatial relations. Most importantly, as

building-traffic correlations are sustainable, reusing building data is cost-efficiency

and highly reliable for long-term traffic prediction.

Traffic prediction models: Conventional short-term traffic prediction ap-

proaches mainly apply parameter-based prediction models, for example, Autoregres-

sive Integrated Moving Average (ARIMA) [162], Vector Autoregression (VAR) [163]

and Locally Weighted Linear Regression (LWR) [138]. With the rising of deep

learning, deep neural networks [164] have been adopted for traffic prediction as they

can capture complex temporal-spatial dependencies through feature learning [165].

Moreover, Recurrent Neural Networks (RNN) have also been adopted by [166] to

perform sequence learning on historical traffic data. However, RNNs are not capable

of preserving long-term dependencies on historical traffic data, as their performance
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Figure 6.2 : An overview of the BuildSenSys system for reusing building data for
nearby traffic prediction.

would deteriorate with longer input. As a result, Long Short-Term Memory (L-

STM) networks are further adopted by many research studies [167, 168] to perform

long-term prediction tasks. Inspired by the human’s ability to capture a focus in

certain visions, attention mechanisms have been integrated into the neural network-

s for sequence-to-sequence learning [169]. For instance, [170] proposed a spatial-

temporal dynamic network with a periodically shifted attention mechanism to cap-

ture periodic temporal similarity in traffic predictions. In this chapter, we devise a

cross-domain learning-based recurrent neural network with a cross-domain attention

mechanism and a temporal attention mechanism. Our model can effectively extract

cross-domain, non-linear, and time-varying building-traffic correlations for accurate

traffic prediction.

6.3 System Overview

In this section, we briefly present the system overview of reusing building data

for traffic volume prediction. As shown in Fig. 6.2, the data sources of BuildSenSys

include a smart building (generating occupancy data and environmental data) and

nearby traffic monitors (providing traffic volume data). More importantly, Build-

SenSys consists of two main components as follows.

1) Building-traffic correlation analysis with multi-source real-world

datasets (in Section 6.4). Extensive experimental analysis is conducted based on
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real-world smart building data, traffic data of fixed-road sensors, and Google traffic

data. We investigate not only whether building data is correlated with the traffic

data but also what the underlying reasons are. The results show that the corre-

lation is positive, and there are two types of cross-domain correlations, including

i) occupancy correlation (in Section 6.4.1) between the building occupancy and

traffic data, and ii) environmental correlation (in Section 6.4.2) between the

building/outdoor environmental data and traffic data. Besides, the building-traffic

correlations are dynamic and time-varying, generating the temporal correlations

along with the time.

2) Cross-Domain Learning for Accurate Traffic Prediction (in Section 6.5).

In correspondence to cross-domain correlations and temporal correlations, we pro-

pose cross-domain learning to predict traffic volume accurately. Specifically, we

propose a cross-domain attention mechanism for the encoder to learn features from

non-linear, cross-domain correlations between building data and traffic data (in Sec-

tion 6.5.2). By correlating these features with traffic volume data, the most relevant

cross-domain correlations are extracted through the training process of the Build-

SenSys model. Furthermore, we present a temporal attention mechanism for the

decoder, which aims to learn the temporal dependencies for the predicted traffic da-

ta (in Section 6.5.2). After that, the output context factors are leveraged to predict

traffic volume.

6.4 Building-traffic Correlation Analysis with Multi-source

Datasets

In this section, we conduct comprehensive experiments to explore spatial and

temporal building-traffic correlations with multi-source real-world datasets as fol-

lows. To begin with, we briefly introduce the basics of building sensing data and

traffic volume data as follows.

First, we collect building sensing data from the office building of Faculty of

Engineering and Information Technology at the University of Technology Sydney,

New South Wales, Australia. The FEIT building is a 16-level campus building with
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a total usable floor area of 23,500 m2, and it has the capacity to accommodate a

maximum population of over 5,000. As illustrated in Fig. 6.1a, the FEIT building

is described as a ‘living laboratory’, with around 2,500 internal environment sensors

installed across all floors and public spaces. These sensors constantly monitor the

internal and external environments of the building, including indoor environment

(by environmental sensors), outdoor environment (by a roof-top weather station),

and building occupancy (by smart cameras). We access all building sensing data

through an online database server via MySQL workbench, which contains 33 types

of building sensing data with a total volume of over 10 GB [171]. In this study,

we have leveraged 10 most relevant building sensing data from FEIT building to

achieve cross-domain traffic sensing and prediction.

Second, as shown in Fig. 6.1b, the traffic data are the traffic volumes collected by

permanently deployed traffic counters on several road segments that are proximate

to the FEIT building. Each traffic counter is integrated to a traffic monitoring

system for calculating hourly traffic volume data. We access historical traffic volume

data from the official website of the Department of Roads and Maritime Services,

New South Wales State [172]. In the following, we present a detailed cross-domain

correlation analysis with traffic volume data and different building sensing data.

6.4.1 Correlation analysis with building occupancy data

In this section, we investigate cross-domain correlations between building oc-

cupancy data and traffic volume. The building occupancy data is collected by a

number of cameras installed at building entrances, stairways, and walkways to mon-

itor the people’s movement inside the building. Based on the sensing data of these

cameras, we use the PLCount algorithm [173] to compute the total building occu-

pancy accurately. As the calculation of building occupancy is not our focus, we omit

its details that can be referred from [173].

Correlation quantification with metrics

With the preprocessed building occupancy, we closely study the correlations

between building occupancy and nearby traffic volume. First, we compare building
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(a) Locations (b) Road A (c) Road B (d) Road C (e) Road D

Figure 6.3 : Comparisons of normalised building occupancy and normalised traffic
volume on different roads.

occupancy with the traffic volume of nearby roads in one week. Fig. 6.3 shows the

comparison of normalised building occupancy (dashed blue line) and traffic volume

(solid red line) of roads A-D. Note that the above four roads are different types of

roads, where road A is a minor highway, road B is a major highway, road C is the

main street, and road D is a primary street. We observe that the building occupancy

and traffic volume exhibit similar hourly patterns on weekdays and different patterns

on weekends, respectively. This is because the high volume of building occupancy

is driven by the working days, and there are just a few overtime workers inside the

building on weekends. In particular, the building occupancy closely follows the rise

of traffic volume in both morning rush hours and evening rush hours.

However, the comparison between normalised building occupancy and traffic

volume only shows the general dynamics and correlations. To further quantify the

correlations between building occupancy and traffic volume, we employ two correla-

tion metrics, i.e., Cosine Similarity and Pearson Correlation Coefficient, to evaluate

the above correlations. The Cosine Similarity quantifies the similarity between two

non-zero vectors on an inner product space. We use si to represent the cosine simi-

larity between building occupancy and traffic volume on the day i. It is computed

as si = cos(bi, ti), where bi = [bi,1, bi,2, ..., bi,24] and ti = [ti,1, ti,2, ..., ti,24] denote the

vectors of building occupancy and traffic volume over 24 hours on the day i, respec-

tively. In this way, the overall cosine similarity between building occupancy and traf-

fic volume for n days is denoted by s = [s1, ...si, ...sn]. Moreover, the Pearson Cor-

relation is computed as p =
k∑
j=1

(bi,j − b̄i)(ti,j − t̄i)/

√
k∑
j=1

(bi,j − b̄i)
2

k∑
j=1

(ti,j − t̄i)2,
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Figure 6.4 : Quantification of correlations between building occupancy data and
traffic volume data with two metrics.

where k denotes the time interval for each Pearson Coefficient, b̄i and t̄i are the

average building occupancy and traffic volume at the day i, respectively. Note that

the absolute value of Pearson Correlation indicates the strength of the correlation,

ranging from 0 (weak correlation) to 1 (strong correlation).

We quantify correlations between building occupancy and traffic volume on four

different road segments, using both Cosine Similarity and Pearson Correlation. As

illustrated in Fig. 6.4a, the cosine similarities on all four roads are greater than 0.8,

showing that building occupancy is strongly correlated with traffic volume. Mean-

while, Fig. 6.4b shows that over 70% of traffic volume data has strong and positive

(≥0.5) Pearson Correlation with building occupancy data. In addition, we evaluate

the cosine similarity of building occupancy and traffic volume by dividing the data

into different groups, i.e., weekdays/weekends and rush hours/normal hours, respec-

tively. From Fig. 6.4c and Fig. 6.4d, it is clear that building occupancy and traffic

volume have higher correlations on the weekdays (≥0.85) and rush hours (≥0.82)

than the weekends (≥0.75) and normal hours (≥0.75), respectively.

Correlation verification with Google Maps

The results in Section 6.4.1 indicate that the building occupancy data is highly

correlated with the traffic volume on nearby road segments. Through an in-depth

analysis, the main reason is that most of the building occupants entering or leaving

a building would pass the surrounding roads via transportation. Intuitively, the

building-traffic correlations are dependent on the probability of building occupants
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Figure 6.5 : Cross-verification for building-traffic correlations via Google Maps Nav-
igation.

passing by each road segment. That is, the building-traffic correlation would be

stronger when a road is with higher passing probability by the building’s occupants.

To verify this assumption, we further investigate the relationship between build-

ing occupancy and traffic volume by conducting cross-verification experiments with

Google Maps. First, as shown in Fig. 6.5a, we set this building’s location as the

starting points or the endpoints, while randomly selecting 500 locations within 10

km distance of this building as the endpoints or starting points. Each randomly

selected point, together with the building’s location, is packaged as a navigation

request and then sent to Google Maps for navigation. Then, the best-fit road ge-

ometries are returned with a series of GPS locations. We visualise 500 navigation

results in Fig. 6.5, where the colour of each route indicates its passing probability,

and a route with the deeper colour has a higher passing probability.

As illustrated in Fig. 6.5a, some long-distance routes would pass through the

main roads, for example, major highways and primary streets. Moreover, Fig. 6.5b

shows a zoom-in view of roads A-D. Specifically, the passing probabilities of roads

A-D are shown in Fig. 6.5c, where the outer circle represents the passing proba-

bility of four road segments, and the inner circle represents the main directions of

navigation routes. It can be observed that the passing probabilities of roads A, B,



105

Road Name Passing Ratio Cosine ranking Pearson Ranking Distance

Road C 50% 1st 1st 0.3 km
Road A 10.2% 2nd 2nd 1.6 km
Road D 10% 3rd 3rd 1.9 km
Road B 8% 4th 4th 3.0 km

Table 6.1 : Cross-verification: comparison between roads A, B, C, and D in naviga-
tion passing probability, Cosine similarity, Pearson correlation, and distance to the
building.

C, D are 10.2%, 8%, 50%, and 10%, respectively, while the others only have about

20% passing ratio. By using the cross-verification method, we compare these re-

sults based on Google Maps with building-traffic correlations in Section 6.4.1. As

indicated in Table 6.1, the results from multi-source datasets are consistent with

each other. That is, a road segment with higher passing probability and shorter

distance to the building would have stronger building-traffic correlations with this

building. As a result, the above results of cross-verification further verify the rea-

son behind building-traffic correlation as follows. The building occupants entering

or leaving a building would pass the surrounding roads via transportation. Hence,

the change of building occupancy data (induced by the commuting activity of the

building’s occupants) is highly related to the traffic volume of nearby road segments.

6.4.2 Correlation analysis with environmental data

Besides building occupancy, environmental data have been proved to affect traf-

fic on the nearby roads evidently, and they can also contribute to the improvement

of traffic prediction accuracy [146,174]. In this study, for cross-domain traffic predic-

tion, we typically select 5 types of indoor environmental data (CO2 concentration,

building humidity, O2 concentration, building temperature and building air pollu-

tion), and 4 types of outdoor environmental data (including the outdoor tempera-

ture, rainfall, wind speed, and air quality index) from the FEIT building. Through

conducting a series of correlation studies with environmental data and traffic vol-

ume data, we find that different types of environmental data have different levels of

correlations with traffic volume data. While some of the environmental data have
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Figure 6.6 : Correlation analysis between the building environmental data and traffic
data (-2 stands for the worst level, 0 for the moderate level, and 2 for the best level).

stronger correlations with outdoor traffic volume, others show weak correlations. To

this end, we report two representative cases for correlations between environmental

data and traffic data as follows.

Fig. 6.6a presents correlations between the outdoor Air Quality Index (AQI)

and traffic volume by averaging values of traffic data under categorised air quality

conditions. We categorise air quality values into five levels from the worst to the

best, represented by -2 to 2. It can be observed that AQI stays at a lower level when

the traffic volume is in higher values. The main reason is that when the daily traffic

volume is at a high level, more emissions from vehicles can directly pollute the air

quality, thereby affecting outdoor AQI.

Moreover, we evaluate the correlations between traffic volume and indoor air

pollutant levels. As shown in Fig. 6.6b, the box plot illustrates averaged traffic

volume with categorised air pollutant levels. It can be observed that the indoor air

pollutant becomes worse with higher traffic volume. Although indoor environmental

factors are not directly related to outdoor traffic volume, the indoor environmental

data can be used as the indirect sensing data for building occupants [138]. An

essential objective of using indoor environmental data is to assist traffic prediction

when the value of building occupancy is at abnormal values. For example, in case of

an emergency evacuation, there will be a rapid removal of people inside the building,
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which will result in higher but false occupancy data generated by smart cameras.

If we combine indoor environmental data in the prediction model, the prediction

errors in the above cases can be eliminated effectively.

To conclude, while the environmental data is correlated with the traffic volume,

their correlations are not very strong. Nevertheless, the environmental data and

the occupancy data can be complementary to each other in cross-domain traffic

prediction with building data.

6.5 Accurate Traffic Prediction with Cross-Domain Learn-

ing of Building Data

In this section, based on the correlation analysis in Section 6.4, we propose

a cross-domain learning method for traffic volume prediction by reusing building

sensing data. First, we formulate the traffic volume prediction problem of using

cross-domain building sensing data. Second, to address this problem, we propose a

cross-domain learning-based recurrent neural network to learn the non-linear, time-

varying, and cross-domain building-traffic correlations for accurate traffic volume

prediction.

6.5.1 Problem Formulation

In this work, our goal is to predict traffic volume by leveraging building sensing

data and historical traffic volume data. Assume that there are N types of building

sensing data for T time intervals, we further introduce the following notations.

• Building data types: building’s IoT sensors generate N types of sensing data

that are used for traffic prediction, including No types of occupancy sensing

data (e.g., covering different public zones) and Ne types of environmental

sensing data (e.g., indoor environmental and outdoor environmental data).

Intuitively, N = No +Ne.

• Building sensing data: let xt(i) denote i-th building sensing data at time t

and xt = {xt(i)|1 ≤ i ≤ N} denote a vector of all building sensing data at the
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time t. Accordingly, X[1:T ] = [x1,x2, ...,xT ]T×n denotes a measurement matrix

of all building data across T time intervals.

• Traffic volume data: let yt represent traffic volume of a target road segment

at time t, 1 ≤ t ≤ T − 1. Accordingly, y[1:T−1] denotes a vector of historical

traffic volume of the target road segment across T − 1 time intervals, where

y = {y(j)|1 ≤ j ≤ T − 1}.

• Future Traffic volume: the predicted traffic volume of a target road segment

is denoted as Ŷ[T :T+τ ] = {y(j)|T ≤ j ≤ T+τ} while using Y[T :T+τ ] to represent

its ground truth, where τ is the time intervals for prediction.

Problem Definition: formally, given n types of building sensing data over T

time intervals and historical data of a target road segment over T −1 time intervals,

the traffic volume prediction problem for τ future time intervals is to optimise the

prediction errors and defined as:

Minimize ||Ŷ[T :T+τ ] −Y[T :T+τ ]||2F , (6.1)

where Ŷ[T :T+τ ] = F (y[1:T−1],X[1:T ]), (6.2)

where F (·) denotes the nonlinear mapping function from building sensing data to

traffic data that a predicting model needs to learn.

6.5.2 Attention mechanisms-based encoder-decoder Recurrent Neural

Network

To solve the cross-domain learning-based traffic volume prediction problem,

we propose BuildSenSys , an LSTM based encoder-decoder architecture with dual-

attention mechanisms. First, we employ a cross-domain attention on input data to

capture building-traffic correlations and adaptively select the most relevant build-

ing sensing data at each step of prediction. Second, we apply a temporal atten-

tion to capture temporal features from historical dependencies. Then, BuildSenSys

adaptively select the most relevant encoder hidden states across all time intervals.
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Figure 6.7 : The graphical architecture of cross-domain attention-based recurrent
neural networks for cross-domain traffic prediction.

By integrating the above attention mechanisms with LSTM-based recurrent neural

networks, we can further jointly train the BuildSenSys model with standard back-

propagation. As a result, BuildSenSys is capable of selecting the most relevant

building sensing data for traffic prediction and capturing long-term temporal fea-

tures of traffic volume data. The overall framework of BuildSenSys is presented in

Fig. 6.7.

Encoder with cross-domain attention

The encoder in the BuildSenSys framework is an LSTM-based recurrent neural

network, and it encodes the input sequence into a feature vector. For cross-domain

traffic volume prediction, given N types of building sensing data, we denote the

input sequence as X = (x1, ...,xt, ...,xT ), where xt ∈ RN . The hidden state of the

encoder at time interval t is computed by

ht = fe(ht−1,xt), (6.3)

where ht−1 ∈ Rp is the previous hidden state of the encoder at time interval t − 1,

p is the size of the hidden state in the encoder, and fe is an LSTM based recurrent

neural network. Since LSTMs are capable of learning long-term dependencies, we
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employ the classic LSTM unit that is with one memory cell and three sigmoid gates.

At time interval t, the cell state of memory is st, the forget gate is ft, and the input

gate is it. The encoder LSTM updates its hidden state by

ft = σ(Wf [ht−1; xt] + bf ), (6.4)

it = σ(Wi[ht−1; xt] + bi), (6.5)

ot = σ(Wo[ht−1; xt] + bo), (6.6)

st = ft � st−1 + it � tanh(Ws[ht−1; xt] + bs), (6.7)

ht = ot � tanh(st), (6.8)

where [·; ·] is a concatenation operation, σ is a logistic sigmoid function, � is a

pointwise multiplication, and Wf , Wi, Wo, Ws, bf , bi, bo and bs are the learnable

parameters.

Inspired by that visual attention allows human to focus on a certain region of

images or sentences for creating the perception of information, attention mechanism

has become an integral part of the compelling sequence modelling and transduc-

tion models [169]. In general, attention mechanisms are proposed to make a soft

selection over historical data by calculating and assigning different weights to them.

In this work, we aim to predict the traffic volume with different types of building

sensing data and historical traffic volume data. To achieve this goal, we propose

a cross-domain attention to capture complex building-traffic correlations and en-

hance the feature representation of all input data. In specific, based on the results

of cross-domain correlation analysis, we propose to learn different correlations with

the occupancy component and environmental component, respectively.

Occupancy Component: we envision a multi-zone scenario for traffic volume

prediction, with jth zone’s occupancy as xj = (xj1, x
j
2, ..., x

j
t)
> ∈ RT and 1 ≤ j ≤ No.

The cross-domain attention on occupancy components is calculated by referring to
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the previous hidden state ht−1 and previous cell state st−1 of encoder LSTM by

ojt = v>o tanh(Wo[ht−1; st−1] + Uox
j + bo), (6.9)

βjt =
exp(ojt)∑No
i=1 exp(oit)

, (6.10)

where vo,bo ∈ RT , Wo ∈ RT×2p, and Uo ∈ RT×T are learning parameters. By using

another softmax function, we ensure that all attention weights with the occupancy

component are normalised, and the total weight for all occupancy input data is 1.

With cross-domain attention weights for all public zones, we acquire the output

vector from the occupancy component at time interval t as:

x̂occt = (β1
t x

1
t , ...β

j
tx

j
t , ...β

No
t xNot )>. (6.11)

Environmental Component: given kth type of environmental input data as

xk, where xk = (xk1, x
k
2, ..., x

k
t )
> ∈ RT and 1 ≤ k ≤ Ne. We employ the cross-domain

attention for the environmental component to adaptively capture the dynamic cor-

relation between traffic volume and kth type of environmental data by

ekt = v>e tanh(We[ht−1; st−1] + Uex
k + be), (6.12)

αkt =
exp(ekt )∑Ne
i=1 exp(eit)

, (6.13)

where [·; ·] is a concatenation operation. Here, ve,be ∈ RT , We ∈ RT×2p and

Ue ∈ RT×T are learnable parameters. By applying a softmax function to ekt , we

obtain the normalised attention weight αkt for kth environmental data at the time

interval t. With cross-domain attention weights for all types of environmental data

input, the output vector of the environmental component at time interval t can be

adaptively acquired by

x̂envt = (α1
tx

1
t , ...α

k
t x

k
t , ...α

Ne
t xNet )>. (6.14)



112

Finally, for encoder LSTM, we adaptively concatenate above output vectors from

different components and extract the final output vector of cross-domain attention

mechanism as:

x̂t = [x̂envt ; x̂occt ], (6.15)

where x̂t ∈ RN . We feed the final output vector x̂t into the encoder LSTM as its

new input at time interval t. Consequently, the hidden state of encoder LSTM in

Eq. 6.3 is updated by

ht = fe(ht−1, x̂t), (6.16)

where fe is the encoder LSTM network described in Eq. 6.4 to Eq. 6.8.

Decoder with temporal attention

The basic idea of attention mechanism is to distinguish task-related importance

of input data in historical time intervals. Intuitively, the decoder with a temporal

attention mechanism can be trained to capture temporal dependencies between traf-

fic volume and building data by calculating attention weights for all encoder hidden

states. With the temporal attention weights assigned to all encoder hidden states,

decoder LSTM can focus on the most relevant input data during decoding [169]. To

this end, we employ a temporal attention mechanism that enables the decoder to

select relevant encoder hidden states across all time intervals adaptively. In specific,

when computing the attention vector for encoder hidden state at time interval t, the

temporal attention mechanism refers to the previous hidden state h′t−1 and previous

cell state s′t−1 of decoder LSTM by

µit = v>d tanh(Wd[h
′
t−1; s′t−1] + Udhi + bd), 1 ≤ i ≤ T, (6.17)

γit =
exp(µit)∑T
l=1 exp(µlt)

, (6.18)

where [·] is a concatenation operation, and vd,bd ∈ Rp, Wd ∈ Rp×2q and Ud ∈ Rp×p

are learning parameters. Through a softmax layer, the temporal attention weight γit

is calculated for the ith encoder hidden state at time interval t. As the component of

the input sequence is temporally mapped to each encoder, we calculate the context
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vector ct as a weighted sum of all encoder hidden states by

ct =
T∑
i=1

γithi. (6.19)

To capture the dynamic temporal correlation in traffic volume data, we further

combine the context vector with y = (y1, ..., yt, ..., yT−1) as

ỹt−1 = w̃>[yt−1;ct−1] + b̃, (6.20)

h′t = fd(h
′
t−1, ỹt−1), (6.21)

where fd is an LSTM-based recurrent neural network as decoder, and w̃ ∈ Rp+1 and

b̃ ∈ R are parameters to map the concatenation result to the size of the decoder

input. As the structure of the LSTM unit in the decoder is exactly the same as the

encoder (referred to Eq. 6.4 to 6.8), we omit the update process of fd. Finally, the

attention mechanism based recurrent neural network concatenates the context vector

cT with decoder hidden state h′T , predicting the traffic volume at time interval T

as

ŷT = v>y (Wy[cT ; h′T ] + by) + b, (6.22)

where [cT ; h′T ] ∈ Rp+q is a concatenation operation, and parameters Wy ∈ Rq×(p+q)

and by ∈ Rq together map the concatenation to the size of decoder hidden states.

The final output is generated by a mapping function with weights vy ∈ Rq and

by ∈ R.

6.6 Performance Evaluation

To evaluate the performance of BuildSenSys , we develop a prototype system,

as shown in Fig. 6.8. We first train the cross-domain learning-based RNN model

with a training set of building sensing data and traffic data. With the pre-trained

model, BuildSenSys can output the predicted traffic volume on nearby roads only

with building sensing data as the input. In the following, we first introduce the

experimental settings, including dataset, baseline methods, evaluation metrics, and
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Figure 6.8 : The prototype system of BuildSenSys for data visualisation and traffic
prediction.

model parameters. Then, we conduct extensive experimental studies on BuildSenSys

and evaluate its performance in terms of baseline comparison, parameter study,

ablation study, attention weight, and other extensive comparisons.

6.6.1 Experimental Methodology and Settings

Dataset Description

Based on the results of the observation study, we select traffic data from nearby

roads and relevant building sensing data as the training input data for the BuildSen-

Sys model. For traffic data, we collect traffic volume counting data from the official

website of the Department of Roads and Maritime Services, New South Wales S-

tate [172]. The traffic volume count data is generated by permanent and temporary

roadside collection devices, monitoring the number of passing vehicles on each road

with the one-hour interval. We collect 12-month traffic volume data (from 1/1/2018

to 31/12/2018) on four nearby roads of the building. For building sensing data, we

collect data from three categories, i.e., building occupancy, building environmental

data, outdoor environmental data. First, building occupancy data is generated by

camera sensors distributed at Point-of-Interest Zones inside the building. We pro-

cess and aggregate these data with the PLCount algorithm [173] for overall building

occupancy. Second, building environmental data include CO2 concentration, build-



115

ing humidity, O2 concentration, building temperature, and building air pollution.

Third, the outdoor environmental data is collected from the rooftop weather sta-

tion of our building, including the outdoor temperature, rainfall, and wind speed.

Besides, as vehicle emissions have a direct influence on outdoor air quality, we fur-

ther adopt the hourly AQI data from the Bureau of Meteorology’s official website

and integrate the AQI data into outdoor environmental data for traffic prediction.

At last, we synchronise all building sensing data and traffic volume data with the

one-hour interval for training and testing purposes.

Baseline Methods

To comprehensively evaluate the performance of BuildSenSys , we compare it

with seven baseline methods as follows.

• HA [175]: The historical average (HA) model, which predicts the traffic vol-

ume by averaging the historical value of all corresponding time intervals.

• ARIMA [176]: The autoregressive integrated moving average (ARIMA) mod-

el, which is a classic model to predict future time series.

• VAR [177]: The Vector Auto-regressive (VAR) model, which is an extension of

the univariate autoregressive model and has been widely used for multivariate

time series forecasting.

• LWR [138]: The Locally Weighted Linear Regression (LWR) model, which is

a non-parametric model and performs regressions around points of interest.

• LSTM [167]: The Long Short-Term Memory (LSTM) network, which is a

variation of recurrent neural networks designed for avoiding the vanishing gra-

dient problem.

• Seq2Seq [178]: The Sequence to Sequence model based on an encoder-decoder

architecture and recurrent neural networks, consisting of three parts, i.e., en-

coder, context vector, and decoder.
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• Seq2Seqw/attn [178]: The Sequence to Sequence model with a temporal

attention mechanism.

Note that all baseline methods take the time of a day as an essential feature of input

data, and they use this feature for traffic prediction from different perspectives. For

example, the HA leverages time of the day with statistical regression, while ARIMA

and VAR process this feature with autoregression. Moreover, the neural networks

of the LSTM and Seq2Seq models learn the time of the day as a feature with their

hidden states. In the proposed BuildSenSys model, we further address the time of

the day by employing a temporal attention mechanism to learn temporal features

of traffic data.

Evaluation Metrics and Parameter Settings

To evaluate the prediction accuracy, we employ three widely used evaluation

metrics, i.e., Mean Absolute Error (MAE), Root Mean Squared Error (RMSE) and

Mean Absolute Percentage Error (MAPE) [179]. Both MAE and RMSE are scale-

dependent metrics, and MAPE is a scale-independent metric. Specifically, MAE

measures the average magnitude of errors in prediction results as Eq. 6.23. RMSE

measures the square root of the average squared differences between prediction re-

sults and ground truth as Eq. 6.24. MAPE measures the size of errors in percentage

terms to quantify the prediction accuracy as Eq. 6.25.

MAE =
1

τ

∑
[T :T+τ ]∈RT

∣∣∣Y[T :T+τ ] − Ŷ[T :T+τ ]

∣∣∣, (6.23)

RMSE =

√
1

τ

∑
[T :T+τ ]∈RT

(Y[T :T+τ ] − Ŷ[T :T+τ ])
2
, (6.24)

MAPE =
1

τ

∑
[T :T+τ ]∈RT

∣∣∣∣∣Y[T :T+τ ] − Ŷ[T :T+τ ]

Y[T :T+τ ]

∣∣∣∣∣, (6.25)

where Ŷ[T :T+τ ] and Y[T :T+τ ] are the prediction results of traffic volume from time

interval T to T+τ , respectively.
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(a) Road A (b) Road B (c) Road C (d) Road D

Figure 6.9 : Comparison between the predicted traffic volume of BuildSenSys and
the ground truth on four different roads.

In this work, the proposed BuildSenSys model is implemented with the Tensor-

flow framework and trained together with other baseline models on two NVIDIA

Quadro P5000 GPUs with 16 GB memory. For model training, the tunable hyper-

parameters for BuildSenSys include the time window L (i.e., the length of input

data in hours), the length of predicting window τ (the number of days for future

traffic prediction) and the size of hidden states in encoder/decoder (denoted by ha

and hb, respectively). For LSTM, Seq2Seq, Seq2Seqw/attn and BuildSenSys model,

ha and hb are tuned from 32, 64, 126, 256 to 512, and L is tuned from 4, 6, 12, 18, 24

to 48 (hours), respectively. In the training session, the batch size, learning rate, and

dropout rate are set to 256, 0.001, and 0.2, respectively, and Adam is the optimiser

for the BuildSenSys model. For all building sensing data and traffic volume data,

we split the dataset into the training set (70%), validation set (10%) and test set

(20%) in chronological order.

6.6.2 Experimental Evaluations

Evaluations on overall prediction results

First, we evaluate the overall prediction accuracy of BuildSenSys by comparing

prediction results with the ground truth on four different types of roads, i.e., roads

A (minor highway), B (major highway), C (main street), and D (primary street).

Fig. 6.9 illustrates the predicted traffic volume and the ground truth over 12 days. As

shown in Fig. 6.9a to Fig. 6.9d, the prediction results are highly close to the ground

truth. Thus, BuildSenSys can successfully capture the cross-domain correlations
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and temporal dependencies in reusing building data for traffic volume prediction.

Moreover, the above results indicate that the distance between a road segment

and the building can significantly affect the prediction accuracy. For example, as

illustrated in Fig. 6.9b, prediction errors on the road B are much larger than those

of the roads A, C and D. As shown in Table 6.1, road B is the furthest (3.0 km) to

the building among all four roads.

Comparisons with Baselines

We further quantify the performance of BuildSenSys by comparing it with seven

baseline methods by using three evaluation metrics. The evaluation experiments

are conducted on four road segments. The basic parameter settings of baseline

methods are adopted from [180]. For BuildSenSys , we set the length of input time

window L = 24 and the size of hidden states in both encoder LSTM and decoder

LSTM as 128 or 512, respectively. Table 6.2 presents the performance comparison

between BuildSenSys and all baseline methods.

Overall, BuildSenSys achieves the best prediction accuracy with the lowest RMSE

at 30.49, lowest MAE at 20.29, and lowest MAPE at 2.05%, respectively. It outper-

forms the best prediction of Seq2Seqw/attn by up to 46.2% in RMSE on the road

D, 45.6% in MAE on the road C and 65.3% in MAPE on the road D. In contrast,

the LWR model, which also uses building data to predict traffic volume [138], shows

the worst performance with RMSE at 239.48, MAE at 190.79 and MAPE at 22.13%

on the road D. The key reason here is that the LWR model [138] is based on the

assumption of linear building-traffic correlation. Meanwhile, the actual building-

traffic correlations are proved to be non-linear, time-varying, and far more complex

than linear relations. For other baseline methods that are based on historical traffic

data, we present the detailed comparison results as follows.

First, ARIMA and VAR methods show the worst prediction performance, as

they are not capable of making accurate predictions for the long term, especially on

the ‘turning points’ (e.g., rush hours). Interestingly, the Historical Average (HA)

method, as a most naive scheme, performs better than ARIMA and VAR for the
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Table 6.2 : Performance comparison with baseline methods on different roads.

Models
Road A Road B Road C Road D

RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE

LWR 244.51 155.69 22.78% 257.86 176.94 25.91% 206.52 176.35 22.61% 239.48 190.79 22.13%
ARIMA 152.74 141.22 14.51% 192.73 142.66 15.58% 149.11 138.09 14.70 173.32 124.31 14.22%

VAR 117.35 110.83 12.99% 120.37 116.9 13.06% 98.65 94.15 11.05 124.61 110.68 12.46%
HA 108.01 89.72 11.37% 125.88 93.57 12.78% 90.71 65.20 10.26% 117.03 89.45 11.12%

LSTM 74.37 58.30 9.83% 91.71 72.47 11.04% 70.71 58.9 9.31% 90.18 67.37 10.39%
Seq2Seq 72.86 51.06 7.40% 89.25 64.78 8.29% 66.19 53.32 7.12% 87.22 63.20 8.14%

Seq2Seqw/attn (128) 59.58 45.18 6.89% 73.5 59.12 7.75% 54.07 46.98 6.73% 81.15 56.95 7.49%
Seq2Seqw/attn (512) 50.18 39.74 5.71% 68.71 50.71 6.97% 45.51 37.33 5.49% 65.3 46.72 6.4%

BuildSenSys (128) 46.89 33.35 4.85% 60.18 41.89 4.36% 36.42 27.14 5.25% 50.45 38.56 5.2%
BuildSenSys (512) 33.08 22.78 2.05% 58.33 39.71 3.64% 30.49 20.29 2.51% 35.10 25.75 2.22%
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following reasons. Traffic volumes have daily patterns and weekly patterns that are

relatively stable in our dataset. Nevertheless, the HA method can produce unsatis-

fied prediction results with large errors in holidays, extreme weather conditions, and

social events, because it cannot predict traffic volume that does not follow regular

patterns.

Second, the Recurrent Neural Network-based methods, i.e., LSTM, Seq2Seq, and

Seq2Seqw/attn, show superior performance with MAEs lower than 70 and RMSEs

lower than 90. In specific, the performance of LSTM and Seq2Seq are competitive,

while Seq2Seq outperforms the LSTM by 2.35% and 2.43% in MAPE metric on the

Road D and Road A, respectively. As for the Seq2Seq model based on the encoder-

decoder architecture, it encodes the input traffic volume data into a feature vector,

from which the decoder generates the fixed-length prediction iteratively. Never-

theless, the performance of encoder-decoder networks will deteriorate rapidly when

the input sequence data becomes longer. Both BuildSenSys and Seq2Seqw/attn

employ temporal attention mechanisms. Hence, the decoders of the above models

can select the most relevant encoder hidden states adaptively to improve prediction

accuracy. The effectiveness of attention mechanism is validated by the more accu-

rate prediction results by Seq2Seqw/attn and BuildSenSys . With 512 hidden states,

both Seq2Seqw/attn and BuildSenSys greatly improve the prediction accuracy in

comparison with models that have 128 hidden states. More importantly, the pre-

diction accuracy of BuildSenSys is further enhanced by the cross-domain attention

that learns building-traffic correlations. In comparison with Seq2Seqw/attn, Build-

SenSys shows 32.3% and 37.8% improvements in MAE and RMSE, respectively. In

summary, compared with RNN-based baseline methods, BuildSenSys jointly leverages

cross-domain attention and temporal attention to learn cross-domain, time-varying,

and non-linear building-traffic correlations adaptively. As a result, BuildSenSys out-

performs all baseline methods with up to 65.3% accuracy improvement (e.g., 2.2%

MAPE) in predicting nearby traffic volume.
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(a) RMSE (b) MAE (c) MAPE

Figure 6.10 : Impact of the hidden states on the performance of BuildSenSys and
three RNN-based baseline methods.

Evaluation of Parameters

We further evaluate the impact of parameters in RNN networks on BuildSenSys ’s

performance, since BuildSenSys is based on RNN. The parameters include the size

of the hidden states in the encoder (ha) and decoder (hb), and the length of the

input time window (L) and the prediction window (τ). Moreover, three RNN-

based baseline methods, i.e., LSTM, Seq2Seq, and Seq2Seqw/attn, are used as the

comprised benchmarks.

1) Size of hidden states: Following [181], we set the size of hidden states in

both encoder and decoder to be the same, i.e., ha = hb. We change the value of

ha (hb) from 32 to 64, 128, 256, and 512 with a grid search. As shown in Figs. 6.10a,

6.10b, and 6.10c, BuildSenSys outperforms LSTM, Seq2Seq, and Seq2Seqw/attn

in all settings of hidden states in terms of RMSE, MAE, and MAPE. Moreover,

the experimental results show that the prediction accuracy of BuildSenSys roughly

improves with the larger size of hidden states. Overall, BuildSenSys achieves the

best prediction results (i.e., RMSE ≤ 33, MAE ≤ 25 and MAPE ≤ 0.22) when

ha = hb = 512.

2) Length of input time window: The time window L denotes how many

hours of historical data are fed into the traffic prediction models (1 hour as the

basic unit). In order to evaluate the impact of L, we change its value from 4

to 6, 12, 18, 24, and 48 hours. Thereby, the historical data of the last 4, 6, 12,
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(a) RMSE (b) MAE (c) MAPE

Figure 6.11 : Impact of the input time window on the performance of BuildSenSys
and three RNN-based baseline methods.

(a) Root Mean Squared Error (b) Mean Average Error (c) Mean Absolute Percentage Er-
ror

Figure 6.12 : Prediction accuracy of BuildSenSys on four roads by varying different
lengths of predicting window.

18, 24, and 48 hours will be used to predict traffic volume in the next hour. As

illustrated in Figs. 6.11a, 6.11b, and 6.11c, the prediction accuracies of all RNN-

based methods increase with the greater length of the time window. Meanwhile,

the performance of RNN-based methods also decreases when the time window is too

large, e.g., L = 48. Accordingly, BuildSenSys achieves the best performance, i.e.,

RMSE= 31.7, MAE= 24, and MAPE= 0.019 when L = 6.

3) Length of prediction window: We evaluate the prediction accuracy of

BuildSenSys in terms of the length of predicting window τ . We change τ from 1 day

to 12 days. From Figs. 6.12a, 6.12b, and 6.12c, we observe that the RMSE, MAE,

and MAPE results increase with the greater length of predicting windows, i.e., the

prediction accuracy decreases with the longer predicting windows. However, except

for Road B, the decreasing speed of prediction accuracy is very slow. Therefore,
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BuildSenSys can achieve a stable prediction with high accuracy by reusing building

data, e.g., RMSE and MAE increase from 36 to 52 and 28 to 30, respectively.

Meanwhile, as Road B is the furthest road from the building, its building-traffic

correlation is not as strong as other roads. Therefore, the prediction errors on Road

B increase significantly with the increasing value of τ .

Evaluation of Cross-domain Learning

BuildSenSys incorporates a cross-domain attention mechanism and a temporal

attention mechanism to jointly extract spatio-temporal features from building-traffic

correlations. To evaluate the impact of each component on the overall performance,

we conduct an ablation study on BuildSenSys with its variants as follows.

• B, i.e., BuildSenSys , leverages cross-domain attention and temporal attention

to jointly learn building-traffic correlations and temporal correlations with

both occupancy data and environmental data.

• Bwo/o, a variant of B without occupancy component.

• Bwo/e, a variant of B without environmental component.

• Bwo/c, a variant of B without a cross-domain attention, which only employs

a temporal attention to learn temporal dependencies of building sensing data

and traffic volume data.

• Bwo/t, a variant of B without a temporal attention, which only employs a

cross-domain attention to learn cross-domain building-traffic correlations.

First, we evaluate the performance of different components of BuildSenSys by

changing the size of hidden states. As shown in Fig. 6.13, BuildSenSys demonstrates

the best performance, while Bwo/t shows the worst performance as it lacks temporal

correlations for traffic prediction. Meanwhile, the prediction accuracy of both Bwo/o

and Bwo/e is better than Bwo/c. It indicates that cross-domain learning with

building data can effectively improve overall performance. Moreover, as illustrated
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(a) Root Mean Squared Error (b) Mean Average Error (c) Mean Absolute Percentage Er-
ror

Figure 6.13 : Performance comparison among different variants of BuildSenSys with
varying the size of hidden states.

(a) Root Mean Squared Error (b) Mean Average Error (c) Mean Absolute Percentage Er-
ror

Figure 6.14 : Performance comparison among different variants of BuildSenSys with
varying the length of time window (in hours).

in Figs. 6.13a, 6.13b. and 6.13c, the prediction accuracy of Bwo/e is higher than that

of Bwo/o. This result shows that the building occupancy data has more contribution

to cross-domain traffic prediction than building environmental data.

Second, we evaluate the performance of different components of BuildSenSys

by changing the length of the input time window. As shown in Fig. 6.14, the

performance of Bwo/t deteriorates significantly as it has no temporal attention to

capture the temporal correlations in building data and traffic data. As a result,

the prediction accuracy of Bwo/t is the worst, e.g., the RMSE over 115, MAE over

80, and MAPE over 10%, respectively. Meanwhile, BuildSenSys shows the best

prediction accuracy when the input time window is 6. However, when the length

of the input time window increases to 12, 18, and 24, the prediction accuracy of
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all variants decreases continuously. This can be explained as the longer inputs

could pose greater difficulty in capturing building-traffic correlations and temporal

correlations.

To sum up, the above results indicate that each component in cross-domain

learning has its contribution to enhancing the prediction accuracy of BuildSenSys .

Specifically, the occupancy component and the environmental component are com-

plementary to each other in reusing building data to predict nearby traffic volume.

Moreover, it is highly essential to jointly leverage cross-domain attention and tempo-

ral attention in cross-domain learning of building data. Each attention mechanism

has its unique contribution to the improvement of prediction accuracy, e.g., up to

45.5% improvement by temporal attention and 30.9% improvement by cross-domain

attention.

Evaluation of Attention Weight

1) Cross-domain attention: We analyse the attention weights of the pro-

posed traffic prediction model in two folds, i.e., cross-domain attention weight and

temporal attention weight. First, as the correlations between traffic volume data

and different building sensing data are non-linear, BuildSenSys employs a cross-

domain attention mechanism to achieve the non-linear mapping from building sens-

ing data to traffic data in predicting traffic volume. To demonstrate the different

attention weights from different types of building sensing data, we conduct exten-

sive experiments to analyse the attention weight of each type of building sensing

data. As shown in Fig. 6.15a, the 10 groups of attention weights correspond to

10 types of sensing data, including building occupancy (B occ), CO2 concentra-

tion (B carb), building humidity (B hum), O2 concentration (B oxy), building tem-

perature (B temp), building air pollution (B ap), as well as outdoor temperature

(O temp), rainfall (O rain), wind (O wind) and air quality index (O aqi). The box

plot in Fig. 6.15a compares the distribution of attention weight by each type of

building sensing data.

As demonstrated in Fig. 6.15a, each type of building sensing data has its own
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(a) Cross-domain Attention Weight (b) Temporal Attention Weight

Figure 6.15 : Visualisation of Cross-domain Attention and Temporal Attention.

contribution to traffic prediction, while building occupancy data has the highest

attention weights across all predicting steps. Specifically, the whiskers (i.e., lines

extending above and below each box) of B occ have the most extensive range (from

0.01 to 0.36). B occ covers the furthest adjacent values of attention weight, showing

the significant importance of building occupancy data in cross-domain traffic predic-

tion. Moreover, the B occ and B carb have the largest number of outliers with the

highest values (i.e., up to 0.48 and 0.39, respectively). It indicates that they have

stronger correlations with traffic data and higher attention weights in traffic predic-

tion. Finally, the median values (i.e., the central marks) of attention weights boxes

are roughly close, illustrating that all types of building data make non-negligible

contributions in traffic predictions.

In summary, the above experimental results indicate that each building data has

its own contribution to enhancing the prediction accuracy of BuildSenSys . Mean-

while, the building occupancy data and the environmental data are complementary

to each other in reusing building data for traffic sensing and prediction.

2) Temporal attention: We further investigate how the temporal attention

mechanism captures the correlations between predicted traffic values and historical

traffic data. More specifically, we conduct the exploring experiment to visualise how
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BuildSenSys assigns different attention weights to the historical traffic data in the

time window ‘L’. As explained in the experimental setups, the input time window ‘L’

represents the length of input data measured in hours, and we set ‘L’ as 24 (hours)

in the following experiment.

As a result, the heat map in Fig. 6.15b visualises the temporal attention weights

over 24 hours and 60 predicting steps. We divide the input time window into two

categories, i.e., the latest 6 hours and more previous (the last 6-24) hours. The

above two categories have great disparities in assigned attention weights. For the

input data of the latest 6 hours, BuildSenSys assigns more attention weight to them,

as each hour’s data has up to 0.5 attention weight.

In contrast, most input data in the last 6-24 hours have particularly small val-

ues of attention weights (under 0.05). The above result shows that the temporal

attention mechanism in BuildSenSys would focus more on the latest 6 hours of the

input data. Meanwhile, as all of the temporal attention weights sum to 1, with the

longer input time windows (e.g., 12, 18, 24 and 48 in our ablation studies), the latest

6 hours will share lower attention weights. In such cases, BuildSenSys will not be

able to specifically focus on the most recent data but to process both short-term

and long-term temporal correlations for traffic volume prediction. Consequently, the

prediction accuracy of BuildSenSys will be influenced, as demonstrated and verified

by the evaluation results in previous experimental studies.

Extensive evaluations of comparison

Baseline methods with the weekday’s data and the weekend’s data:

To further explore the impact of data patterns on the traffic prediction results, we

conduct an extensive experiment by applying two different models to predict traffic

volumes on weekdays and weekends, respectively. First, we visualise a distinct daily

average of traffic data on a target road in Fig.6.16a, where different colours show

the average values of one-year traffic data on each day of the week. We can observe

that the traffic volumes on weekdays and weekends follow two different patterns,

respectively. For weekdays, the peak hours range from 8 a.m. to 10 a.m. and 4
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(a) Distinct average daily traffic. (b) Relative prediction error by d-
ifferent models.

(c) Comparison with state-of-the-
art models.

Figure 6.16 : Performance comparison with the Weekday model and the Weekend
model.

p.m. to 7 p.m. Meanwhile, for weekends, there is a longer range for peak hours,

i.e., 12 a.m. to 6 p.m. Our goal is to study whether using two different models of

BuildSenSys to predict traffic volume on weekdays and weekends respectively would

impact the results of the overall results in traffic volume prediction.

In this experimental study, the basic settings are the same as previous experi-

ments. The only difference is that we divide one-year traffic data into two groups of

data (weekdays and weekends), and correspondingly we train two models (weekday

model and weekend model) of BuildSenSys for each group. At the same time, we

train a BuildSenSys model based on the whole dataset, and the total epochs for all

models are set as 2,500. The prediction results of one-model prediction and two-

model prediction are shown in Fig. 6.16b and Fig. 6.16c, where the relative prediction

error is the ratio of the prediction error to the ground truth. Weekday represents a

special model of BuildSenSys that is trained only with weekday data to predict the

traffic volume on weekdays. Similarly, Weekend stands for another special model of

BuildSenSys that is trained only with weekend data to predict the traffic volume

on weekends. As illustrated in Fig. 6.16b and Fig. 6.16c, we have compared the

prediction accuracy of the Weekday model and the Weekend model, Seq2Seq mod-

el, and BuildSenSys model. The results show that in comparison with the Seq2Seq

model, both the Weekday model and the Weekend model can achieve some improve-

ments in prediction accuracy. However, the combined prediction results are still not
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satisfactory as with even lower accuracy than the original model. Meanwhile, by

using a temporal attention mechanism, the proposed BuildSenSys can dynamically

learn the impact of historical data on the predicting target, thereby it outperforms

both the Weekday model and the Weekend model. The experimental results also

validate that breaking the continuity of the dataset in the temporal dimension will

compromise the performance of temporal attention mechanisms.

Comparison with state-of-the-art methods based on different data

sources: To address how different data measurements would impact the traffic

prediction results, we further employ three baseline methods for comparison. A-

mong these baseline methods, the Sequence to Sequence model (Seq2Seq) [178] uses

traffic volume data from the traffic sensing system on one road for prediction; the

Multi-level Attention Networks for Geospatial Sensors (GeoMAN) [181] exploits the

data of one road along with the weather data; and the Diffusion Convolutional Re-

current Neural Network (DCRNN) [182] leverages the sensing data from multiple

roads with the road graph. In this work, BuildSenSys leverages building sensing

data to predict the traffic volume on nearby roads. The experimental results in

Fig. 6.16c show that BuildSenSys achieves the best performance, even compared

with DCRNN, which uses traffic data from 10 road segments to predict traffic vol-

ume on the target road. GeoMAN outperforms Seq2Seq, as it considers both spatial

and temporal attention with weather data and historical road data for traffic predic-

tion. Meanwhile, DCRNN further improves the prediction accuracy by using both

diffusion convolution and sequence to sequence learning framework on traffic volume

data of multiple roads with sensor topology information. The above results also as-

sess the practicability and usefulness of cross-domain traffic prediction by re-using

building sensing data.

6.7 Discussion

In this work, we explore the possibility of reusing building sensing data to predict

the traffic volume of nearby road segments. Although we have made some advances

toward this new direction, there are still several issues that need to be further
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investigated as follows.

Applicable conditions of BuildSenSys : It is of great importance to discuss:

1) which kind of buildings are suitable for accurate traffic sensing and prediction,

and 2) what kind of real-world applications could benefit from cross-domain traf-

fic prediction by reusing building sensing data. Based on our initial studies, we

roughly summarise three critical factors of a building for cross-domain traffic pre-

diction, including location, capacity, and building types. First, human movement

patterns (including traffic) among urban sites are affected by buildings, which can

‘temporarily hold’ human mobility [136]. Therefore, buildings located close to road

networks are more feasible for traffic sensing and prediction, as they would have

more chances to affect human mobility on the road [136]. Second, the capacity

of a building, i.e., the volume of occupants it can hold, is essential for accurate

cross-domain traffic sensing. For instance, Zheng et al. [138] showed a commercial

building with a capacity of 10000 occupants can effectually impact the traffic on

nearby roads with substantial evidence. Third, the types of buildings can affect

the applicable conditions of BuildSenSys . Different types of buildings have different

patterns of occupancy dynamics, which will directly affect building-traffic correla-

tions. To this end, we recommend commercial building (e.g., office buildings and

retail buildings) are the first choice when performing cross-domain traffic sensing

with BuildSenSys . In practice, BuildSenSys can be used in a variety of real-world

applications. For example, it can be exploited to provide real-time traffic volume

data to support controls of intelligent traffic light [183, 184]. Besides, BuildSenSys

can also be applied in traffic management systems, which requires accurate traffic

predictions, especially in rush hours [185].

Extension to large-scale scenarios: According to the investigation of sensing

coverage, the BuildSenSys system can predict traffic volume for road segments within

5 km of the building. To extend this coverage of traffic predictions to a larger scale,

it requires to incorporate more sensing data that are correlated with traffic volume.

Intuitively, traffic data of road segments in the same district would have spatial and

temporal correlations [153]. For example, Liu et al. [186] probed traffic conditions
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Figure 6.17 : Illustrations of prediction coverage by BuildSenSys .

on different road segments with GPS data from bus riders. In our future work, we

will further exploit the above multi-road and multi-region correlations to extend the

coverage of BuildSenSys in traffic sensing and prediction. Besides, the pervasive

street cameras are the cost-efficient data source for aggregating urban crowd flow,

which may have direct and indirect correlations with traffic volume on nearby roads.

Existing works in computer vision have proposed highly effective approaches to

generate density maps [187] and achieve accurate crowd counting [188], which have

the potential to contribute to cross-domain traffic sensing and prediction.

Sensing coverage of BuildSenSys: In this chapter, BuildSenSys is a proof-

of-concept in reusing building data for traffic sensing. As shown in the experimental

evaluations of Section 6.6, the prediction accuracy of BuildSenSys is in accordance

with the building-traffic correlation of a road. Thus, we further conduct experiments

to investigate the coverage of cross-domain traffic prediction by reusing building

sensing data. In specific, as illustrated in Fig. 6.17, we calculate the correlations

between building occupancy and traffic data on nearby roads using the Pearson Cor-

relation Coefficient, and further use the building-traffic correlations as the index of

sensing coverage of BuildSenSys . Fig. 6.17 demonstrates that BuildSenSys generally

has a prediction coverage within 5 km to the building.

Privacy and security of building data: With the massive amount of IoT
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data generated by smart buildings, it is essential to reuse building data in a privacy-

preserving manner. In our work, the building datasets, including occupancy data

and environmental data, are anonymised by the data provider. As a consequence,

they cannot be used to trace back to any personal information. Notably, the people

counters (cameras) do not have facial recognition capability, and there would be no

personal privacy leakage from the building occupancy data. Moreover, if needed, we

can adapt existing privacy protection methods [189,190] to prevent privacy leakage

when utilising building sensing data.

6.8 Conclusion

In this chapter, we have proposed BuildSenSys , a first-of-its-kind building sens-

ing data-based traffic volume prediction system with cross-domain learning. Firstly,

we have conducted extensive experimental analysis on building-traffic correlations

based on multi-source real-world datasets. It has been disclosed that building data

has strong correlations with traffic data. Then, we have proposed a cross-domain

learning-based RNN with cross-domain and temporal attention mechanisms to joint-

ly extract building-traffic correlations for accurate traffic prediction. Moreover, we

have implemented a prototype system of BuildSenSys and conducted extensive ex-

periments. The experimental results have demonstrated that BuildSenSys outper-

forms seven baseline methods with up to 65.3% accuracy improvement in predicting

nearby traffic volume. We believe this work can open a new gate to reuse building

sensing data for traffic sensing and prediction, hence indicating an interconnection

between smart buildings and intelligent transportation systems.
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Chapter 7

Conclusion and Future Work

In this thesis, we have presented four works contributing to the development of mo-

bile computing, including mechanism design for edge computation offloading and

two application implementations for mobile edge sensing. In Chapter 1, we have

presented an overview of mobile edge computing, covering the early theoretical in-

vestigation in the early 2010s, the more recent attempts to develop mobile edge

computing applications, and the latest breakthroughs of deep learning techniques

with mobile edge computing. Secondly, we have provided our insights into some

key issues in mobile edge computing and discussed the promising solutions based

on different methodologies. In Chapter 2, we have reviewed the existing works of

mobile edge computing from both theoretical aspects and the practical perspectives.

After that, we have presented four of our representative works in mobile edge com-

puting from Chapter 3 to Chapter 6, respectively. In this Chapter, we conclude the

technical contributions of this thesis as follows.

7.1 Computation Offloading Mechanisms for Mobile Cloudlet

Networks

In Chapter 3, we have investigated the load balancing problem in mobile cloudlet

networks. By leveraging balls-and-bins theory, we have devised ‘CTOM’, a collab-

orative task offloading scheme for mobile cloudlet networks. By locally querying

limited task load information, the proposed solution can reduce the longest task

queue in the allocation process effectively. The simulation and trace-driven eval-

uation results have demonstrated that CTOM performs exceedingly close to the

optimal solution in load balancing and outperforms the conventional random and

proportional allocation schemes by 65% and 55% in task gaps, respectively. In
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contrast, its computing complexity has been largely reduced at each time interval.

In Chapter 4, we have proposed FairEdge, a Fairness-oriented task offloading

scheme to enable balanced task sharing and computation offloading for mobile Edge

cloudlet networks. The FairEdge integrates balls-into-bins theory and Jain’s fairness

index for distributed task offloading among mobile cloudlets. We have developed the

system model of computation offloading and formulated the load balancing problem

with an objective of fairness optimisation. By adopting the ‘two-choice’ paradigm

and using calculated fairness index values of cloudlets and the network, we have

further presented algorithm design of FairEdge and conducted extensive evaluation

studies by simulations and experiments on different real-world trace datasets. The

experimental results have shown that FairEdge successfully achieves load balancing

with guaranteed performance of a near-optimal fairness index of up to 0.85 and an

improvement of 50% over conventional baseline methods.

7.2 Edge Computing Implementations: Applications and Sys-

tems

In Chapter 5, we have investigated to build accurate and complete RSS maps

with raw crowdsensing data collected by heterogeneous mobile edge devices. We

have developed an innovative system iMap for mobile users to crowdsense RSS

signals of outdoor wireless access points. We have further tested the system with

different types of smartphones and observed the collected RSS measurements with

model-based analysis. To construct accurate and complete RSS maps, we have

devised a compressive sensing-based algorithm to recover RSS data with the adaptive

sampling. The experimental results have shown that the proposed method can

achieve accurate and complete RSS recovery with partial RSS data. The recovery

rates are up to 90% and 95% in the geographic coordinate system and the polar

coordinate system, respectively.

In Chapter 6, we have proposed BuildSenSys , a first-of-its-kind building sensing

data-based traffic volume prediction system with cross-domain learning. Firstly,

we have conducted extensive experimental analysis on building-traffic correlations
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based on multi-source real-world datasets. It discloses that building data has strong

correlations with traffic data. Then, we have proposed a cross-domain learning-

based RNN with cross-domain and temporal attention mechanisms to jointly extract

building-traffic correlations for accurate traffic prediction. Moreover, we have imple-

mented a prototype system of BuildSenSys and conducted extensive experiments.

The experimental results demonstrated that BuildSenSys outperforms seven base-

line methods with up to 65.3% accuracy improvement in predicting nearby traffic

volume. We believe this work can open a new gate to reuse building sensing data

for traffic sensing and prediction, hence indicating an interconnection between smart

buildings and intelligent transportation.

7.3 Future Work

We envision that the emerging MEC-based applications will prosper continuously

and become tremendously pervasive in people’s daily life. Driven by the progressive

development of revolutionary cutting-edge technologies (e.g., 5G, V2X), mobile edge

computing will further bring unprecedented opportunities to the research commu-

nity. We will continue our research to explore theoretical and practical knowledge

in data-driven mobile edge computing. Particularly, we will keep focusing on the

following research directions to promote our ongoing research works:

First, data-driven service placement and request scheduling for computation-

intensive applications mobile edge clouds. To serve computation-intensive appli-

cations from the edge, Farhadi et al. [63] have recently presented a comprehensive

research work on joint service placement and request scheduling in edge computing.

In particular, MEC allows flexible and configurable placement of services (i.e., ser-

vice provisioning) on edge servers, thereby relieving mobile users from experiencing

large transmission delays for accessing remote central clouds via backbone networks.

Thereby, a fundamental question of service provisioning has been raised, concern-

ing which kind of services (e.g., application codes and data) should be provisioned

among heterogeneous resource-constrained MEC servers.

With the previous experience in computation offloading mechanism design for
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edge cloudlets, we aim to further explore spatial and temporal service placement

and request scheduling for edge clouds, based on data-driven predictions. The basic

idea is that, if we could predict the popularity of application services that mobile

users tend to request, we can place these service placement in advance and make

the best of request scheduling for the entire edge cloud network. In this way, we can

significantly improve the efficiency and sufficiency of mobile edge computing and

further enhance user experience in mobile edge networks.

Second, deep learning frameworks for heterogeneous geospatial sensors in urban

IoT applications. Deep neural networks have gained increasing attention and interest

in mobile sensing and computing [56,191]. To further advance such development, we

aim to propose a deep learning framework for urban IoT sensors. The basic idea is to

capture the cross-domain, spatiotemporal, and dynamic correlations among multiple

types of urban sensory data, and further to use such dependencies for representation

learning and model training. Furthermore, we will implement the deep learning

framework into a prototype system and conduct the real-world experimental study

with urban IoT applications.

Additionally, we propose to summarise the state-of-the-art works in deep learning

and edge computing-empowered traffic prediction into a review paper. Our goal

is to bring the latest development traffic prediction methodologies together and

provide insights into mobile edge computing and deep learning in future Intelligent

Transportation Systems.

We hope to collaborate with more researchers to conduct high-quality research on

theories and real-world applications for mobile edge computing, and further use the

cutting-edge deep learning models to solve emerging technical challenges in mobile

edge computing. We believe that mobile edge computing will lead us towards a

whole new world of IoT, V2X, and Smart City applications, making the world better,

smarter, and a little more fun.
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