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Abstract 
 

The Internet of Things (IoT) perspective endeavours to unite all the physical objects or 

‘things’ embedded with electronics, software, sensors, and network connectivity to allow 

more direct integrations between the physical world and cyber-based systems.  At the 

same time, these networked devices and associated data communications can increase the 

energy demands exponentially and could seriously harm the environment because of their 

carbon footprints.  Currently, most researchers and practitioners have dedicated their 

efforts to improving the energy efficiency of IoT systems.  But most are falling into a box 

of focus within telecommunications and Internet domains themselves.  This research 

targets to develop a novel, eco-friendly and sustainable data transmission approach to 

offload the data traffic from infrastructures to opportunistic and social networking by 

exploring the existing movements and spatial closeness relations among things.  

Objectively, to complement the traditional infrastructure-based data transmission, the 

new idea is to optimally piggyback the data on the moving physical objects/things for the 

data delivery to achieve energy reduction and ensure their Quality of Services (QoS) 

requirements. 

 

The thesis contribution is presented in three phases; in the first phase, the idea of 

similarity in the user’s mobility patterns is explored.  These similarity patterns are found 

using the co-occurrence matrix.  The identified patterns further motivate the second 

phase, where the research predicts encounters among mobile users.  This enables the 

approach to investigate different mobility patterns and find common points of meeting 

among other users.  The meeting points are then predicted using the random forest 

approach.  After getting the accurate results of ‘prediction of meeting (encounter)’.  The 

multiple-criteria decision model will decide based on delay and transfer the data through 

the Internet or Device-to-Device (D2D) in the third phase. 
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Chaper 1  
Introduction 

 

1.1 Background 
 

The past decade has witnessed a significant proliferation of Internet-capable devices [1].  

While its most important commercial impact has been in consumer electronics, with the 

smartphone revolution and the uptake of wearables, connecting humans is only part of a 

more significant trend toward the interconnection of the physical world with the digital 

world [1].  The expansion of Information and Communications Technology (ICT) has 

provided rich data sources for analysing, modelling, and interpreting human mobility 

patterns.  Many researchers already introduced behaviour-aware protocols to understand 

better architecture and realistically model behavioural characteristics [2], similarity [3], 

and aggregation of mobile users.  These models are essential for potential analysis 

professional development and computation.  Jahromi et al. [4] show the utilisation of 

mobile phone data for transport models, while the Internet is a communication network 

connecting people to information. 

 

The Internet of Things (IoT) is a network that connects different devices (or things), 

where things are wirelessly connected via smart sensors [5-7], shown in Figure 1.1. 

 

 
 

Figure 1.1 Internet of Things  
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The words ‘Internet’ and ‘Things’ mean an interconnected worldwide network based on 

sensory, communication, networking, and information processing technologies, which 

might be the new version of Information and Communications Technology (ICT) [8].  

IoT has been defined as a dynamic global network infrastructure with self-configuration 

capabilities based on standards and interoperable communication protocols.  Physical and 

virtual ‘things’ in an IoT have identities and attributes.  They are capable of using 

intelligent interfaces and being integrated as an information network [9].  The ‘things’ in 

IoT networks can be read, recognised, located, addressed through information sensing 

devices, or controlled via the Internet, irrespective of communication, radio frequency 

identification (RFID), wireless local area networks (WLANs), wide area networks 

(WANs) [7].  An IoT is integrated with billions of objects that can sense, communicate 

and share information.  All devices are interconnected over public or private Internet 

Protocol (IP) networks.  These interconnected objects have data regularly collected, 

analysed, and used to initiate action, providing a wealth of intelligence for planning, 

management, and decision making; this is the world of the IoT [10].  The Internet is not 

only a network of computers, but it has evolved into a network of the device of all type 

and sizes, vehicles, smartphones, home appliances, toys, cameras, medical instruments 

and industrial systems, animals, people.  For example, buildings can communicate and 

share information based on stipulated protocols to achieve smart reorganisations, 

positioning, tracing safe control, and even personal real-time online monitoring, online 

upgrade, process control and administration [7].  IoT utilises the aggregated impact of 

these organised objects for improved efficiency, accuracy, and economic benefits for 

humans [11].  A smartphone may opportunistically pass data to another smartphone in a 

forward manner or as a direct destination or use it as a carrier to give the data to a third 

smartphone. This network of connectivity may be referred to as an opportunistic network.  

Routing algorithms built for these networks aim to increase the probability of effective 

transmission of messages.  The most common method is to measure the likelihood of 

transmitting a message using details such as node contacts and information of the area 

while using past experiences to forecast potential ones.  Conventional mechanisms for 

routing are not suitable [12]. 

 

 

  



Chapter 1 

3 

1.1.1 Characteristics of Internet of Things 
 

The fundamental characteristics of the IoT are as follows: 

Interconnectivity − about the IoT, anything can be interconnected with the global 

information and communication infrastructure [7]. 

 

Things-related Services − the IoT can provide thing-related services within the 

constraints of things, such as privacy protection and semantic consistency between 

physical things and their associated virtual things.  So, to deliver thing-related services 

within the limitations of things, both the physical and the information world technologies 

will change [7]. 

 

Heterogeneity − the devices in the IoT are heterogeneous based on different hardware 

platforms and networks.  They can interact with other devices or service platforms 

through various networks [7]. 

 

Dynamic Changes − the state of devices changes dynamically, for example, sleeping and 

waking up, connected or disconnected, and the context of devices, including location and 

speed.  Moreover, the number of devices can change dynamically [7]. 

 

Enormous Scale − the number of devices that need to be managed and communicate with 

each other will be at least an order of magnitude larger than the devices connected to the 

current internet [7]. 

 

Based on the network topology, it can comprehensively classify system association into 

two types: 

1. Infrastructure empowered association and specially appointed. 

2. Astute association of infrastructure-less. 

 

The first type uses the existing infrastructure, e.g. mobile base stations, access points, 

switches.  At the same time, the second utilises the infrastructure-free, short-run radio 

systems, e.g. Bluetooth, Wi-Fi, and so forth, to fabricate decentralised and commercial 

ad-hoc systems [11].  The device connected to IoT can share data using different methods, 

and Mobile Crowdsourcing is one of them [13].  



Chapter 1 

4 

1.1.2 Mobile Crowd Sensing 
 

Mobile Crowd Sensing (MCS) represents an IoT application category that relies on data 

collected from mobile sensing devices such as smartphones [14].  Compared with the 

traditional mote-class wireless sensor networks, MCS’s unique advantages include: 

1. Most mobile devices have significantly more storage, computation, and 

communication resources than mote-class sensors.  They have several 

communication interfaces, e.g. Wi-Fi, Near-Field Communication (NFC), and 

Bluetooth, inherently equipped with multimodality sensing capabilities. 

2. Mobile devices avoid the cost and time of deploying large-scale wireless sensor 

networks because people carry mobile devices wherever they go and whatever 

they do.  These features make them ideal candidates to carry out the delicate 

data transmission task in the Internet of things domain. 

 

 

1.1.3 Problems with Existing Ad-hoc Mobile Networks 
 

High energy consumption mobile ad-hoc networks use radio Base Stations (BSs) or 

Access Points (APs) to Mobile Terminals (MTs) with the core network or the Internet 

[15].  The BS is the primary source of energy consumption in the wireless access network 

from the operator side.  It is estimated that more than 57% of the operator’s total energy 

consumption is in the BS [11].  There are about three million BSs worldwide that consume 

4.5 GW of power [16].  It is estimated that three billion MTs globally have a power 

consumption of 0.2 to 0.4 GW [17].  The high energy consumption of wireless access 

networks has promoted increased environmental and financial concerns for both service 

operators and users and Quality-of-Experience (QoE) considerations for mobile users.  

When BSs are suffering from ‘over-provisioning problems’ [17], by tuning the BSs, on 

or off, based on traffic load dynamics, energy can be significantly saved from the 

perspective of mobile networks or Mobile Ad-Hoc Network (MANET). 

 

A mobile ad-hoc network collect nodes that act independently but are indirectly 

dependent on each other for their operation in the network.  These networks work on a 

mobile node’s limited battery capacity, affecting network survivability since links are 

disconnected when the battery is exhausted [18].  In case of disconnection from the 

network, the node will not sense and process the data [19].  
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1.1.4 Routing 
 

Because mobile ad-hoc networks are defined by a multi-hop network topology that can 

frequently alter due to volatility, efficient routing protocols must create communication 

paths between nodes without creating undue overhead traffic management or computing 

pressure on the power-restricted devices.  Simulation studies have shown that routing 

protocol efficiency in latency, packet failure, delay, and overhead regulation depends 

heavily on network conditions such as traffic load, agility, density, and the number of 

nodes.  Existing directory-based infrastructure and resource-discovery systems such as 

Universal Plug and Play (UPnP) cannot manage the complexities of ad-hoc networks 

[20].  There is currently no established approach, but it is evident that these protocols 

should be built in close cooperation with the routing protocols and should include context-

awareness (location, neighbourhood, user profile, etc.) to improve performance.  

Although ad-hoc networks are often linked to fixed infrastructure (e.g. telephone, wireless 

network, etc.), protocols and methods are required to enter the ad-hoc network of 

accessible external networks provided by service providers and content providers. 

 

 

1.1.5 Addressing and Internet Connectivity 
 

So, to allow nodes to interact inside the ad-hoc network, every node requires an address.  

The usage of IP addresses is unnecessary for stand-alone ad-hoc networks, as separate 

Media Access Control (MAC) addresses may be used to access nodes.  However, due to 

node versatility, overhead factors, and other options for address distribution, an internal 

address structure of prefixes and ranges as in the fixed Internet is hard to manage in 

mobile ad-hoc networks [21]. 

 

The studies clarify that although several approaches are being investigated, there is still 

no widely accepted approach for addressing Internet access.  Current examples of host 

methods identity where the IP’s function is restricted for routing and not addressing [20]. 
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1.2 Research Gap 
 

Green networking [11, 22] refers to the information to update networking or make the 

communication more powerful with any procedure that finally decreases energy 

consumption.  Because of the possible economic benefits and the expected environmental 

benefits, reducing excessive energy usage is becoming a significant concern in 

wired/wireless networking.  The impact of these concerns is often referred to as green 

networking. 

 

In a Delay Tolerant Network (DTN), this research defines the source reducing the 

Network lifetime. Recognising the importance of reducing energy consumption, 

advanced this research and investigate the sources that consume energy.  Green 

networking has various basic applications, especially as energy becomes more of a 

concern and people become more conscious of the adverse effects of energy use.  Thus 

green networking attracts the attention of analysts.  A DTN, this research delineates the 

sources, reducing the network lifetime. 

 

Understanding the significance of the need for reduced energy consumption, the 

investigation of the sources has advance that expends energy unfruitful.  A DTN [23, 24] 

is portrayed as a network with regular discontinuous associations, disturbances, and 

experience since a long time ago deferred information conveyance due to nodal mobility, 

inadequately sent nodes, node disappointments, etc.  Be that as it may, the nodal 

development has been used for the information communication in such networks, which 

is avoided as Store-Carry and Forward [25, 26]. 

 

Before investigating the energy consumption factors, let’s first solidify the applications 

and the necessity for energy administration plans.  This literature helps understand the 

demand for new technology, which must be effective in all three concepts.  This research 

introduces a new idea to reduce the energy and improve the Delay Tolerant Network with 

Social Layer (Similarity Matrix) while considering all the above factors. 
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This research carried and presented in this thesis aims to answer the following questions: 

 

Question 1: What can be new advancements for energy efficiency in the 

opportunistic network? 

 

The proposed research focuses on energy efficiency while sustaining Quality of Service 

(QoS) in the heterogeneous network (Infrastructure/Infrastructure-less Network).  The 

literature survey concludes that there are many ways to use traditional communication 

with massive energy consumption and network bandwidth congestion.  Our work will 

focus on utilising resources to reduce traffic volume and reduce energy consumption 

using Device-to-Device communication.  Suppose the distance between two nodes is 

diminished with the concept of D2D.  In that case, the QoS can be sustained while 

determining the sustainability challenges such as delivery probability and latency in 

heterogeneous networks.  Distance is directly proportional to energy consumption.  If the 

distance is increased, energy will gradually increase.  In this work, devices will 

communicate according to their social relationship and contact each other at a location, 

exchanging the data with their delay-tolerant features and encounter-time.  But, if they do 

not meet specific requirements, they will use the traditional communication method, 

including an infrastructure-less network, which aims to sustain QoS. 

 

Question 2: How can user mobility similarity matrixes help implement the idea of 

D2D to know the exact mobility patterns to exchange data? 

 

To initiate D2D, it is essential to know when two users will be at the same location and 

time.  It is observed the user’s similarity pattern as per their routine movements and 

schedule defined.  There are many factors in real life, which affect every user’s daily 

movement patterns.  The model must consider their MAC address, IP address, location, 

and time to be in the same range for communication.  Each node analysed the time and 

location of the next node, when and where it will meet him next, and forward the same 

message accordingly.  These decisions are based on real-life traces of nodes and their 

social relationship of nodes according to their daily routines, workplaces, etc. 
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Question 3: How will the encounter patterns extracted from the similarity matrix 

predict future movement to enable data communication? 

 

The similarity matrix resulted in the user’s encounter patterns.  However, the model must 

analyse their future movement patterns from the previous history to enable data 

communication.  It is essential to examine the history of encounter patterns and apply 

some algorithms to predict future movements to address this issue.  This will help us 

know that users will contact each other for how long and what time.  In such a way, the 

connection will be established to exchange data; otherwise, if there is less or no 

probability to meet within delay hours, data will be uploaded onto the Internet. 

 

Question 4: How much energy can be saved while transmitting data using D2D 

communication compared to traditional networks? 

 

The research is focused on designing an energy-efficient data dissemination architecture, 

but how much energy can be saved while using the D2D.  To address this issue, it is 

essential to compare the energy consumption in traditional networks and D2D to utilise 

them efficiently for data dissemination in case of multi-decision for data volume, delay, 

and encounter time. 

 

The following section lists and discusses the contributions of the thesis. 

 

 

1.2.1 Contributions 
 

This thesis develops an eco-friendly and data transmission approach that explores the 

existing movements and spatial closeness relations among ‘things’. 

 

Contribution 1: This research has established a relationship between distance and energy 

consumption of nodes.  It is identified that the data transmission distance is a key but 

changeable factor contributing to the overall energy consumption.  It is straightforward 

that the longer the transmission distance is, the higher the total energy consumption.  In 

our first contribution to design, energy-efficient architecture, the similarity of user 

patterns will be analysed at the 1st stage.  A Similarity-Analysis Approach (SAA) model 

is designed to determine user mobility behaviour as per their spatial-temporal preferences 
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such as MAC address, IP address, physical location, and time.  The user’s similarity 

pattern can be observed as per their routine movements and schedule defined.  A 

similarity matrix is outlined for all users of each location and time from the USC dataset 

to validate the model.  The SAA approach will generate a co-occurrence matrix based on 

users’ similar behaviour and calculate their encounters for a location/time.  The co-

occurrence matrix is used for capturing user’s mobility behaviour and preferences.  A 

mobile encounter index metric is also proposed to indicate the similarity ranking between 

two objects’ mobility preferences.  A technique is also developed for producing a co-

occurrences matrix of users based on their similar behaviour to determine their 

encounters.  Our results show that our proposed approach SAA is 33 % more efficient 

than the previous similarity approach. 

 

Contribution 2: After analysing user’s encounter patterns, it is essential to know their 

future prediction to exchange data.  Therefore, a random forest model is proposed, which 

used the mobility traces of different users for future location prediction and then 

employed these future locations for encounter prediction.  The random forest model is 

based on the decision trees that store the mobility history of each user.  Whenever a user 

visits a new location or an already visited location at a different time cycle, the tree is 

updated to reflect the new pattern.  Moreover, hyperparameter tuning is used in the 

random forest to enhance the predictive strength and fasten the model.  The USC mobility 

traces are used in the dataset for the experiments.  The purpose of our proposed model is 

to reduce resource consumption, i.e. energy and bandwidth during data transmission in 

daily movements.  The Gaussian process and random forest are compared and analysed 

using real-world mobility data traces to predict an accurate encounter pattern. 

 

Contribution 3: The research proposes an energy-saving model for multiple-criteria 

decision device-device communication using Device to Device (D2D) and the Internet, 

which helps sustain the QoS.  An Energy-Efficient Data Dissemination Approach 

(EEDA) is designed, which will take multiple-criteria decisions by using the encounter 

probability results concerning the delay time of the user, the transfer time of data, 

encounter time of senders and receivers, the data size.  The model presented will decide 

that the data may be transferred through the Internet or D2D.  So, to reduce the energy 

consumption, the current system first uses the USC data traces of a user having a mobile 

phone (node) with an encounter device roaming at the location.  Energy consumption will 

be calculated in both networks.  After that encounter, the device forwards them to the 
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decision engine. With the help of the decision engine, data will go through the Internet 

and sustain the QoS or Data travel D2D and save energy consumption. 

 

 

1.3 Methodology 
 

The methodology of this thesis consists of modelling and simulations.  At first, an energy 

consumption model was computed, followed by the proposal of a co-occurrence matrix 

for capturing human mobility and preference patterns.  A given object’s co-occurrence 

matrix M can be constructed to identify the primary mobility trend or mobility 

preferences.  Furthermore, a mobile encounter co-occurrence metric is also proposed to 

indicate the similarity ranking between two objectives’ mobility preferences by 

quantitatively measuring the similarity between their mobility matrices’ eigenvectors.  At 

first, it was validated if the mobile encounter phenomena exist in mobile users’ society 

by obtaining the similarity distribution among mobile peers.  The simulation studies 

showed the correlations between the overall network performance and the mobility 

similarity among users.  Simulations were performed on the datasets and mobility 

information which are available from the USC mobility traces repository.  The datasets 

were first Analysed and pre-processed.  These simulations showed the correlations 

between the mobility similarity threshold, the next hop of the node to route and forward 

data, and the overall network performance, such as success data deliver ratio.  A similarity 

ranking distribution histogram is also prepared for the datasets used to show the number 

of users as a function of similarity rank that quantifies the mobility similarity between 

peers.  For reducing energy consumption, the system first uses the mobility traces of a 

user having a mobile phone (node).  These mobility patterns yield the time-space 

associations of the sender and receiver nodes.  The time-space associations of both nodes 

are used for similarity ranking.  Based on similarity profiles, the future location and 

encounter time interval are predicted for different users.  The energy consumption model 

based on the opportunistic model works to reduce energy consumption in the overall 

network in the last phase.  The random forest model for encounter prediction consists of 

a set of random regression trees.  Decision trees possess the decision-making ability based 

on the results of a specific condition.  The Random forest model is evaluated for encounter 

prediction among users.  The evaluation is done step by step.  At first, the results for the 

encounter were calculated using both Gaussian and Random forest approaches.  After 

this, the encounter prediction results are computed with both approaches, and a 
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comparison among the results obtained through both approaches was performed.  Finally, 

based on the Random Forest Model results, the Energy Efficient Data Dissemination 

Approach (EEDDA) is used to calculate the energy comsumption. 

 

 

1.4 Thesis Structure 
 

This overall thesis structure, shown in Figure 1.2, starts with an introduction to relevant 

background knowledge of IoT devices, contributions of research, and research questions 

in the first chapter.  Chapter 2 presents a detailed Literature Review. 

 

 
 

Figure 1.2 Thesis Structure 
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The structure of chapter 3, shown in Figure 1.3, presents a similarity analysis in which a 

relationship is established among nodes distance and energy consumption. 

 

 
 

Figure 1.3 Chapter 3 structure 

 

The data transmission distance is a key but changeable factor contributing to the overall 

energy consumption.  It is straightforward that the longer the transmission distance is, the 

higher the total energy consumption.  Firstly, it consists of a background that gives a 

complete overview of Characteristics of Human Mobility Behaviour, Skewed location 

visiting preferences, Mobility Heterogeneity, Mobility Correlations, IP address, and 

MAC address.  This chapter gives a brief overview of the similarity analysis pattern.  The 

remaining chapter follows the system model for similarity, co-occurrence matrix, 

similarity analysis, Case Study, Dataset, Location information, Data Gathering, 

Numerical Studies, and Conclusion.  In this chapter, the proposed approach utilises device 

info, i.e. IP and MAC address.  The proposed scenario, where various individuals are in 

the same building but are marginally distant from each other, i.e. separate floors.  So the 

proposed solution assumes all users have the same accessibility nature rather than having 

specific data communication networks.  The same network helps to show specific mobile 

behaviours.  The SAA is provided for finding the similar behaviour of users’ mobility.  It 

is the most suitable and cost-efficient way of analysing mobility behaviour. 
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The structure of Chapter 4, shown in Figure 1.4, shows the detail of encounter prediction 

using the random forest model. 

 

 
 

Figure 1.4 Chapter 4 structure 

 

In this chapter, the Gaussian process and random forest are compared and analysed using 

real-world mobility data traces and show how these encounter prediction results save 

more energy.  This chapter also proposes using supervised learning techniques together 

with Random Forest Regressor and Gaussian process modelling.  To predict future 

encounters based on historical patterns of individual nodes to compare the findings 

produced from the Gaussian and Random Forest model, the precision of predicted 

encounters at various locations is measured by all methods.  Such tests contrasted the 

accuracy of predicted encounters in separate weeks of the month at a similar position.  

For our experiments, the USC data traces are used.  The traces are actual measurements 

taken from the university campus of USC.  The data contains information about Wi-Fi 

associations, user profiles.  The data is about six different buildings on the campus, access 

points, data about all days, including weekdays and weekends. 

 

The structure of Chapter 5, shown in Figure 1.5, presents an energy-efficient data 

discrimination approach using multiple-criteria decisions. 

 

 
 

Figure 1.5 Chapter 5 structure 
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In this chapter, firstly, the System model for Energy Efficient approach is presented.  Then 

data transmission through the internet network is explained.  A comparison analysis is 

performed for energy consumption for device-internet and device-device.  The University 

of Southern California (USC) mobility traces are used in the dataset for the experiments.  

Our proposed model aims to reduce resource consumption, i.e. energy and bandwidth 

during data transmission in daily movements achieved in this chapter.  Hence our 

proposed approach improves the QoS as well.  Chapter 5 concludes all the contributions 

and the findings in this thesis. 

 

Finally, chapter 6 discusses the findings from the presented research in this thesis and 

future work. 
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Chaper 2  
Literature Review 

 

2.1 Introduction 
 

The number of mobile users is rising rapidly in the emerging innovative digital world.  

Mobile devices form a Mobile Ad-Hoc Mobile Network (MANET) that offers different 

scalability and flexibility advantages.  Other users can enter or leave the network without 

prior notice [27].  The mobility of mobile nodes allows them to communicate dynamically 

and arbitrarily, and user agility makes the MANET environment unpredictable for real-

time data transfer applications [28]. 

 

Future social networks are expected to have groups of applications (apps) aware of mobile 

users’ behavioural profiles and interests and likely embrace mobile peer-to-peer 

networking, including Delay Tolerant Networks (DTNs) [29].  In addition to behaviour-

aware communication paradigms, such as participatory sensing, a new generation of 

protocols is evolving [30].  This behaviour-aware communication model controls user 

behaviour and expectations to achieve successful DTN activity, e.g., forwarding interest-

based target messages, encounter-based routing, exploration of mobile resources.  For the 

research, performance assessment, and simulation of such networking protocols, accurate 

models of mobile user behavioural profiles are essential.  Therefore, there is a compelling 

need to recognize and model behavioural profiles, similarities, and user clustering of 

mobile users in a practical way [31, 32]. 

 

Lindgren, Schulen, and Doria [33] introduced the Prophet-Probabilistic Routing Protocol 

History of Encounters and Transitivity (PRoPHET), which has been implemented using 

encounter history and transitivity.  This protocol’s structure to transmit a message is 

structured to exploit transitivity and historical encounter.  It implies that the nodes have 

a repeated mode that is predictable but not a random movement.  Such a move will result 

in the use of a fast and efficient post.  This protocol’s structure to transmit a message is 

structured to exploit transitivity and historical encounter.  It implies that the nodes have 

a repeated mode that is predictable but not a random movement.  Such a move will result 

in the use of a fast and efficient post.  Together, delivery predictability can be considered 

a probabilistic metric for an independently recognised destination.  Each node calculates 
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the probabilistic metric before sending the message, and the probability of node A 

meeting node B is the probabilistic metric P(a,b) ∈ (0, 1).  

 

Moreover, predictability vectors are exchanged when two nodes meet each other.  The 

carrier node passes the message to the neighbouring node when there is a high probability 

of the neighbouring node meeting the destination node.  Otherwise, the message is not 

delivered further and kept to itself.  Moreover, PRoPHET utilises a First In, First Out 

(FIFO) queuing or communicating mechanism for buffer management at the nodes.  After 

forwarding to a minor number of full nodes, it results in the dropping of packets 

consistently.  It is independent of any Messaging Scheme being used.  Concerning node 

movements, slow and inefficient responses to evolving patterns could be carried out by 

this procedure.  Besides, only the distribution predictability of nodes is used to determine 

the best carrier of the message later on PRoPHET.  The PRoPHET used different 

parameters like Buffer, Location, Popularity, and Power to choose the best next hop to 

the destination.  Some weight assigns these parameter values a well.  To achieve an 

ultimate value from 0 to 1, these parameter values are normalized.  A final metric is 

determined by the obtained values of these parameters and their comparable weights.  

This final metric then decides the best next hop.  For selecting the next hop, such a 

complex protocol uses a lot of parameters.  The calculations are difficult for these values, 

providing an outcome of various overheads in passing a message. 

 

Discussing further, it does not use any parameters to predict the future actions in the 

movement of nodes in the network.  Boldrini et al. [34] proposed the HiBOp (History-

Based Routing Protocol for Opportunistic Networks).routing protocol based on 

opportunistic network history.  To find a better path, this protocol uses the current history 

of the nodes, a screenshot of the area where the node currently resides (snapshot).  The 

local context is stored in the Identity Table (IT) and the History Table (HT).  They are 

shared, and the Current Context (CC) is generated when nodes meet one another.  The 

HT previously stores the values that nodes see from the ITs.  Any value is related to a 

Continuity Probability (Pc), Redundancy (R), and Heterogeneity (H) counter.  All feasible 

background data is stored and used by HiBOp for a node.  These are usually very difficult 

to discover.  IT, CC, R, and HT need a significant measure of memory space on each 

node. 
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Essentially opportunistic networks are Delay Tolerant Networks (DTNs).  There is no 

need for permanent source-destination communication for such networks; rather, attempt 

to utilise any current foundation to get the message over.  For the transmission of the 

messages, hub adaptability is additionally figured out.  The plan of any correspondence 

convention for DTNs emphatically relies upon how well the hidden portability is 

perceived [31, 35].  DTN conventions are created and tried in two essential manners: 

follow-based and versatility model-based [36].  On account of following-based 

engineering and approval, you can download a versatility follow from a confined number 

of following repositories [37].  These follow to get from this present reality and catch 

from the current versatility propensities for clients.  Testing the convention on the tracks 

would give the following choice climate the most sensible presentation.  Be that as it may, 

there are likewise a couple of disadvantages to utilising genuine follows a set number of 

follows, not all prospects being assembled, and not having the option, to sum up, 

discoveries based on a couple of follows.  Due to these disadvantages, analysts have 

proposed models that catch key human versatility attributes and make engineered follows.  

Models are intended to impersonate hardly any real follow attributes, for example, 

between experience time because of the intricacy of comprehension and demonstrating 

human portability [38]. 

 

In many cases, a manufactured follow is approved by contrasting key attributes and the 

genuine follow.  It doesn’t assess the application-arranged boundaries of the created 

follow.  Ongoing accentuation in DTN-related exploration has attracted another 

convention model that relies upon designs in human conduct.  In these examinations, 

scientists endeavour to misuse the social parts of human portability to remove new 

projects and conventions [38]; for instance, analysts have assembled conduct arranged 

assistance called 21 profile-cast, which depends on client space-transient similarities [37, 

39].  Profile-cast allows a deliberate system to utilise certain connections between 

versatile clients to advance and circulate intrigue-based messages in DTNs productively.  

Participatory sensing [23] gives a strategy to publicly supporting using versatile clients.  

This system empowers us to test and fabricate portability models while holding the 

relevance of the follows delivered.  The intricate versatility model, the Time-Variant 

Community (TVC), is considered alongside the irregular course portability model as a 

contextual analysis in this work [40].  This model makes the non-homogeneous practices 

of portable clients in both existences.  The following made by this model demonstrate (i) 

skewed visiting area preferences (ii) occasional time-subordinate return of versatile 
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clients as found in WLAN estimations, alongside different measurements of experiences, 

for example, the normal level of hubs and meeting times.  It utilises a few certified follows 

to affirm the nature of its design. 

 

 

2.2 Similarity Analysis Patterns 
 

Thakur, Helmy, and Hsu [41] discussed issues relating to mobile users' similarity, 

classification, study, and modelling.  Using their online association matrix, they have 

adopted a behavioural profile based on user location preferences.  The direct similarity 

method uses to define similarity and then calculate the behavioural gap to capture user 

similarity.  This measures the distinction between the key Spatio-temporal behavioural 

patterns and can be used to organize users into similar groups or populations.  Their 

results show a wealth of similar cultures of different consumer behavioural clusters in 

real mobile communities.  This is true for all the traces tested, with the trend becoming 

constant over time.  Surprisingly, however, the current mobility models do not capture 

similarities and lead to homogeneous consumers who are identical.  Thus, the richness 

and diversity of customer behaviour are not captured to any degree in the current models.  

Such findings explicitly suggest that similarities should be captured explicitly in future 

mobility models.  However, they do not present any solutions to the problems. 

 

El Sherief et al. [42] discussed the concept of mobile user similarity as a primary enabler 

of innovative applications focused on opportunistic mobile encounters.  It is analysed that 

the performance of established similarity metrics applies to our problem domain to 

quantify the fundamentally qualitative notion of similarity and propose a new temporal-

based metric.  Implement generalized profile structures, beyond mere position, in the form 

of a probability distribution aimed at capturing users’ preferences and prior experiences.  

Afterwards, they Analysed existing and proposed similarity metrics for the proposed 

profile structures using publicly available data.  Owing to the probability distribution 

structure of the suggested profiles, in addition to the classic Cosine similarity, as a good 

candidate for quantifying similarity, they define a distance metric from probability theory, 

namely the Hellinger distance.  Besides, they implemented a novel temporal similarity 

metric based on matrix vectorization to capitalize on the richness in the temporal 

dimension and maintain low complexity.  Eventually, the numerical results show several 

primary observations.  Second, the temporal metrics generate because of the 
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incorporation of dynamics into the temporal dimension on average, Relative to non-

temporal ones, lower similarity indexes.  Second, the Hellinger distance holds great 

promise for the quantification of similarity among probability distribution profiles.  Third, 

vectorized metrics constitute a low-complexity technique.  As a key enabler for 

innovative apps and services, they answered the question of mobile user similarity.  To 

this end, they first introduced a new, generalized profile framework beyond mere location 

to capture the users’ long-term interests and short-term experiences. 

 

Lin et al. [43] looked at the possibility of finding a little privacy.  Profiles are constructed 

as a way to help customers monitor their mobile app privacy preferences.  Their word 

depended on the static code analysis to determine why the software needs and its 

permissions, distinguishing between.  For example, applications that provide their core 

features based on specific permissions and applications need permission to share 

information with advertising networks or social networks.  Under their latest solution, 

users will also be asked if the variance of forecasts associated with an entry in each profile 

will exceed a certain threshold.  However, they did not introduce more advanced learning 

methods that could further improve the precision of such predictions. 

 

For location-based social network services, mobile user similarity is essential.  Research 

on measuring mobile device similarity based on their trajectories has gained much 

publicity with the omnipresence of location-acquisition techniques.  However, 

Trajectories only indicate short-term mobile regularities, so it is difficult to capture the 

similarity of long-term user behaviour.  Lv, Chen and Chen [44] discussed the long-term 

similarity of mining users’ behaviours based on their trajectories.  They suggested a two-

stage approach to solve this problem.  At the first point, the idea of the routine operation 

is proposed to capture the regularity of the long-term operation of users.  A user’s routine 

operations are taken from his/her daily trajectories.  User similarity is determined 

hierarchically at the second stage based on the derived routine activities.  Finally, based 

on both actual and artificial datasets, they tested their method.  The experimental results 

show that, based on their similarity measure, users with different profiles can be 

discriminated against and thus show the efficacy of their method.  Still, they have not 

proven that their method is percentage-wise better than other methods. 
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2.2.1 Mobility Modelling 
 

For contact and knowledge sharing, cell phones are often used.  A person usually carries 

a cell phone with him during the day.  The data that a cell phone uses is another way of 

reflecting a cell user’s mobility habits.  It is, therefore, a valuable instrument for detecting 

patterns of human mobility.  For this reason, data from cell phones is attracting 

researchers interested in researching patterns of human mobility.  Modelling mobility 

offers a way of simulating mobility in ad-hoc wireless networks, urban planning, and 

emergency management systems.  To explain the essence of mobility, mobility models 

use traces of mobility.  Initially, human mobility modelling includes an appreciation of 

people’s mobility preferences.  Traces of mobility gathered through Global Positioning 

Systems (GPS) devices, social media accounts, and mobile phone networks can be used 

to deeply analysed human movements on a large scale.  Besides, human mobility has a 

high degree of predictability, as most tend to spend most of their time in locations.[40]. 

 

Mobility patterning may usually be categorized as synthetic or trace-based.  One of the 

most widely used synthetic models involves random models, e.g., Random Way Path 

(RWP) [45], where nodes are not associated and where their destinations are randomly 

selected in the simulation region.  In several cases, the inadequacy of these models is well 

known in the literature [46] and will use it as a mere reference.  Several recent models 

used trace analysis for design guidance.  The truncated form of Levy walks observed in 

some human mobility scenarios is formed in [47] and is also used to recreate 22 

distributions of power-law inter-contact time a Self-similar Least-Action Walk (SLAW) 

[15].  A time-variant population model using Spatio-temporal characteristics of human 

mobility was proposed by [48].  Munjal, Camp, and Navidi [49] research presented 

another model that borrows from SLAW and adds flight, touch, and pause time 

distributions is SMOOTH.  Several other models have also Analysed the mobility patterns 

in greater depth, both motivated by the basic principle of human behaviour 

characterization, but they have not shown the experimental implementation of encounter 

prediction. 

 

Our understanding of the connection between individual mobility and the social network 

is limited, partially because the collection of large-scale data is challenging, which at the 

same time capture dynamic traces of individual movements and social interactions.  Due 

to many unknown variables that affect mobility patterns that range from the transit of jobs 
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or constraints and priorities imposed by family, human trajectories are typically modelled 

using different diffusion models or random walks.  Thus the modelling of human 

trajectories is done by the only sources, through continuous random walks with only small 

distances, usually between home and work or travelling for a short period.    Thus, it is 

not apparent if the distribution represents individual users' movement or an undiscovered 

connection between population heterogeneities and individual human paths.  However, 

this scenario changes quickly due to the widespread usage of mobile telephones.  Indeed, 

the records of mobile communications gathered by telecom operators offer a significant 

representative of individual trajectories and social connections, tracking every telephone 

contact between the two parties and localizing the calling party place and time [50].  The 

increasing prevalence of mobile phones means that such data catches a significant part of 

a country's population.  The availability of these enormous call-detail records has made 

it feasible to validate classic social network theories empirically.  In fact, despite the 

inhomogeneous rates of the space and sampling, the vast amount of call detail record 

(CDR) data enables us to reconstruct many essential elements of daily routines, such as 

the most frequent visit places and their time and regularity.  These data thus serve as a 

social microscope that helps examine mobility patterns together with social structure and 

their intensity [51]. 

 

From GPS in-car to smartphones and fitness wristbands, millions of personal gadgets link 

us to the cloud.  These all-encompassing linkages between the physical and the digital 

environment provide many new possibilities for predictive mobility models.  Each device 

user generates extensive information, which enables us to assess their regular mobility 

routines.  This information is likely to affect a broad range, including health monitoring, 

computing, intelligent traffic management and catastrophe response.  The modelling for 

mobility has evolved quickly over the last decade, but more work is required to address 

the individual predictability issue.  Currently, mobile companies simultaneously gather 

complete data, including human movement and social contacts, across a broad section of 

the population.  Almost every individual carry mobile phones throughout their everyday 

activities.  When mobile carriers record the nearest mobile tower for billing reasons, each 

time the user uses his cellphone, the data is collected, and details of8 individual 

movements are recorded [52]. 

 

Opportunist networks consist of infrastructure-free networks consisting of wireless 

devices using their contacts for data transmission.  Mobile devices don't depend on the 
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complete availability of routes between source and destination nodes in opportunistic 

networks; instead, mobility is used to provide information.  Mobile nodes use their 

neighbouring nodes to relay data so that the data reaches the target node.  Since mobile 

nodes communicate data in opportunist networks when they touch one another, it helps 

to enhance routing protocol efficiency by anticipating the motion behaviour of mobile 

nodes.  A rising interest in forecasting patterns of human life has led to the creation of 

many novel mobility models.  It is interesting to model mobility since it predicts the 

pattern of interaction for a pair of mobile nodes.  For instance, predict how long remains 

until a pair of mobile nodes meet each other again, given the movement patterns of mobile 

nodes. 

 

Similarly, it is possible to forecast the length of contact between couples of mobile nodes 

and estimate the quantity of data transferable throughout the contact time.  It is essential 

to develop models of mobility that can create synthetic trails to imitate actual human 

walking patterns.  Mobility models may often be categorized into two models: synthetic 

and trace models [53]. 
 

The Random Waypoint Movement Model is the first simulation model used to measure 

randomly human mobility.  Several random models of mobility have since been 

suggested.  In general, synthetic mobility models are basic and straightforward to use; 

however, the traces of a synthetic model of mobility do not reflect human movement 

patterns.  In particular, many research investigations have revealed that human beings do 

not move entirely randomly; instead, their movement patterns are somewhat predictable.  

There has thus been an increasing interest in creating models based on actual datasets.  A 

mobility model that built real-life scenario data sets is termed a trace-based mobility 

model [54]. 

 

Point of interest is an essential task in location-based social networks that offer a 

customized recommended area for mobile users.  Contrary to conventional product 

recommendations, POI recommendations are more complicated due to the time effects: 

checking whether the POI is suitable for a user's availability is necessary.  Although many 

previous studies consider temporal impacts checking in timestamps just for modelling, 

they suffer from the scarcity of check-in data.  In recent years, the introduction of 

positioning technology has collected a range of urban data about human movement.  
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Human movement patterns may be used from diverse sources of information to improve 

POI recommendations [55]. 

 

Gauss-Markov mobility model adjusts to various stages of randomness.  There are fixed 

simulation regions in indoor mobility models in which go randomly.  However, there is 

no notion of the simulation area in the outside mobility model as it is random.  For low-

density network situations, after that find the network connection under the Gauss 

Markov model is substantially lower than that achieved under the Random Waypoint 

model.  The network connectivity achieved under the two mobility models is nearly 

similar for moderate and high-density network situations [56]. 

 

The long-term choices on the mobility of people rely on their present circumstances 

or future goals.  Consequently, long-term mobility models should take into consideration 

lagging, contemporaneous and lead effects.  Trajectory Distribution Approximation 

(TDA) solves the challenge of identifying new trajectory patterns in human and social 

networking.  TDA has a comparable job to identify fundamental human movement 

patterns with conventional statistics-based scaling.  It learns the individual trajectory 

probability distribution directly from the data.  It is based not on a quantitative analysis 

of various factors and variables that affect user motion but on the underlying characteristic 

of its mobility patterns. The  effective TDA solution should meet four desiderata: Ability 

to understand the natural features that determine moving patterns; allow a particular 

person to generate synthetic trajectories once the characteristics of their moving patterns 

are learned; ensure theoretical soundness of the way to guide and testing the results of the 

generation of trajectory; The synthetic trajectories should enhance the performance of 

other trajectory classification problems supervised, such as Trajectory-User Linking 

(TUL) in y Location-Based Social Networks (LBSNs) [57].  Neither the Generative 

Adversarial Nets (GAN), discriminators nor human labour can directly identify the actual 

semantics of produced trajectories.  For example, the pictures or words produced may be 

readily distinguished from those realistic by manually identifying an ordinary individual 

without any supervision.  When it comes to the point of intersections produced that form 

a path from actual places visited by a user, the final result may be identical patterns on a 

synthetic trajectory [58]. 

 

Previous work focuses primarily on simulating human movement spatial and temporal 

patterns.  However, the semantics of trajectory is neglected and therefore, the motive of 
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individuals behind the movement is not modelled.  A new mobility model captures human 

movement using broad-scale semantic spatial-temporal data from social networks.  This 

technique initially created a multimodal embedding method to leave users, times, 

locations, and activities unattended in the same place while maintaining the original 

trajectory.  Then, the hidden Markov model was used to learn latent states and transitions 

between them inside the embedding space, which is the position vector to take spatial, 

temporal and user motivation into account [59]. 

 

Model associative prediction of position investigates a mix of data mining methods to 

deduce unchecked places secretly visited from the disclosed user route.  Association rule 

mining extracts how often successive check-in pairs occur.  The Markov model models 

trajectories with a series of observable and unobserved states or sites to discover the 

hidden sites of the user.  The suggested ALPM thus employs a unified picture of the 

interaction between related check-in systems, people with similar trajectories and places 

located nearby [60]. 

 

 

2.2.2 Behavioural Characterization 
 

Several studies have been proposed to use human behavioural patterns for intermittent 

linked networks.  On this front, non-homogeneous behaviours in both space and time are 

commonly suggested by Daly, and Haahr [61], where the location of preferential visits 

and time-dependent mobility behaviour was studied.  Chaintreau et al. [62] examined 

transfer possibilities.  It showed that the distribution of intercontact time between wireless 

devices borne by humans is shown by a strong tail such as a power-law (that is, the time 

difference between two contacts of the same pair of devices).  These properties have had 

a significant impact on the design and creation of new models of mobility that aim to 

capture realistic mobility [62].  Hsu, Dutta, and Helmy [63] identified Spatio-temporal 

similarity that can be exploited to propagate messages with similar characteristics through 

mobility models.  Still, their focus is on a theoretical point of view, and they have not 

given any idea or model to save energy consumption in their work. 
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2.2.3 Co-occurrence Matrix 
 

The use of co-occurrence data in spatial-metric research is very prevalent.  For different 

purposes, data on co-occurrence can be used.  For example, co-citation data can be used 

to study the relationships between authors or articles, co-authorship data can be used to 

study scientific collaboration, and word co-occurrence data can be used to create so-called 

co-word maps that provide a visual representation of the scientific field’s structure.  A 

transformation is typically applied to the data first when co-occurrence data is used.  This 

transformation aims to extract data similarities or, more precisely, the normalization of 

results.  For example, when Glänzel and Thijs [64] analysed relationships between 

authors based on co-citation data.  To evaluate these similarities, they typically extracted 

similarities using multidimensional analytical techniques, such as multidimensional 

scaling and hierarchical clustering. 

 

Similarly, when researchers use co-authorship data to investigate scientific collaboration, 

they usually apply data standardization and then focus their study on standardized data.  

In the research article by Jarneving [65], the focus is methodological, and there is no 

mathematical implementation concentrate on their work.  They are researching different 

steps to draw parallels from data regarding co-occurrence.  There are essentially two 

methods to extract similarities from co-occurrence results.  Jarneving [65] referred to 

these methods; the techniques are sometimes referred to as the local and global 

approaches as the direct and indirect approaches.  They are researching different steps to 

draw parallels from data regarding co-occurrence.  There are essentially two methods to 

extract similarities from co-occurrence results.  These methods are referred to as the direct 

and indirect approach, but the local and global approach is also referred to as the 

techniques.  The indirect method of deriving similarities from data from co-occurrences 

is based on profiles of co-occurrences.  A vector containing the number of co-occurrences 

between objects is a co-occurrence profile of an object.  Indirect similarity tests measure 

the relationship between two objects by comparing the objects’ co-occurrence profiles.  

The indirect approach is used primarily for deliberative data.  The method is very well 

known from a theoretical point of view. 

 

Two algorithms were used in a station’s cellular system to predict the number system, 

namely PPM-C and LAST, by  Monreale et al. [66].  It is considered that a heuristic model 

that predicts two factors is LAST.  No user movement is one factor, and the other is the 



Chapter 2 

26 

similarity of the former and next base stations.  The move of market basket breakdown 

calculates the correct algorithm to be applied for a given portion of historical data.  This 

movement takes place through the creation of diverse trends.  Historical data from Market 

Basket analysis shows that the consumer stayed linked to a similar base station for four-

time measures.  Accordingly, the LAST algorithm estimated the new base station.  In 

those cases where the historical data indicated a base station trend, there is another case 

where market basket research did not find a typical step.  PPMC predictor was applied, 

and those algorithms returned the prediction on the single best position, which was the 

author's hard decision.  The author uses the vectors for refunding all predictions, called 

the soft decision, and aggregates the hard decision with the soft decision.  Still, none of 

these models focuses on reducing energy consumption during this whole process. 

 

 

2.3 Encounter Prediction 
 

Vu, Do, and Nahrsted [67] gave results of their locations, time prediction recently 

published in their research.  The model consists of a time slot for days, weekends, and 

time slots, and the model based on the Naive Bayesian classifier was used.  Bluetooth 

MAC addresses and locations listed every day is split into several records.  The most 

probable (up to three) spot, mean calculation, standard deviation, and people (Bluetooth 

Max) mostly encountered at that location is predicted when the MAC address matches 

people encountered by the user looking forward to the form and time of time slot 

predictions.  However, when they used the time slot, the result was not substantially 

modified, meaning that forecasts of the most commonplace, e.g. office, can be returned, 

and places that have been briefed for a limited time cannot be provided.  Patterns of public 

travel, daytime, acreage use, and interest-point approach to a stable model.  It can predict 

60 % within an hour, depending on an individual’s next place.  This work may be one of 

the first to add to the geographical models, and for position predictions, this geographical 

model movement pattern of the group to a person.  Spatial-temporal data mining is applied 

to trajectories to predict the next area and a vehicle’s arrival time.  But this accuracy is 

not enough. 

 

Bauer et al. [68] proposed two methods, along with records, of potential forecasting 

destinations.  A market basket survey of several buyers can establish the relationship 

between locations and the development of rules.  For example, if anyone goes to the 
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coffee shop, this algorithm decides the same direction the author shows on paper but has 

not demonstrated the required results if he or she should buy the cake or biscuits.  In the 

cellular system of the base station, Lymberopoulos, Bamis, and Savvides did work.  Two 

algorithms, namely PPM-C and LAST, were used to predict the number system.  It is 

considered that a heuristic model that predicts two factors is LAST [69].  No user 

movement is one aspect, and the other is similar to the former and next base stations.  The 

Market Basket breakdown movement calculates the correct algorithm for a given portion 

of historical data.  This movement takes place through the creation of diverse trends.  

Historical data from Market Basket analysis shows that the consumer stayed linked to a 

similar base station for four-time measures.  The most recent base station was predicted 

accordingly by the LAST algorithm.  In cases where the historical data showed the base 

station trend, there is another case where Market Basket Analysis did not detect a typical 

movement at that time.  The PPMC predictor has been introduced, and the algorithms 

return the prediction of the single best place, and this was the hard work of the author 

deciding.  The author uses the vectors and aggregates the difficult decision with a gentle 

judgment [66]. 

 

 

2.3.1 Random Forest Model 
 

The random forest model is based on decision-tree principles, where each tree stores and 

grows unique information in compliance with a particular parameter.  In making the 

projections, the data is accumulated from the ensemble.  Random trees from the forest 

produce fast performance, are simple to implement, and deal with numerous input 

variables without the overfitting problem.  In this model, and tree in the Random forest is 

generated for each tree in the Random forest at the beginning.  Input features of the node 

are selected and then further separated.  The strongest one, based on the input features in 

the training dataset, the split is determined without pruning; the tree grows more similarly.  

The overall result is determined by taking the subtrees’ average individual performances 

[70, 71]. 

 

Significant enhancements in arrangement and relapse precision have been demonstrated 

to be refined by utilising trees, where each tree in the gathering is created as per an 

arbitrary boundary.  Extreme forecasts are reached by amassing over the troupe exhibited 

by Breiman [72, 73].  Since tree-organized indicators are the fundamental constituents of 
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the group, and since every one of these trees is framed utilising a haphazardness infusion, 

these techniques are designated ‘irregular woods.  The early work on mathematical 

element choice, the arbitrary subspace system, and the irregular split choice methodology 

decisively affected Breiman’s thoughts.  Arbitrary timberlands have risen as genuine 

contenders to cutting-edge methods, such as boosting and supporting vector machines, as 

represented by different observational investigations.  They are basic and simple to 

actualize; they produce exceptionally exact expectations and deal with countless 

information factors without overfitting.  They are right now viewed as one of the most 

dependable broadly proper learning techniques accessible. 

 

Genuer, Poggi, and Tuleau review [74] will offer each functional direction and a sensible 

beginning stage for understanding the strategy.  Each tree in the assortment is underlying 

Breiman’s approach by first choosing a little gathering of info facilitates (additionally 

called highlights or factors beneath) at arbitrary, at every hub, to part on and, besides, by 

figuring the best part dependent on these highlights in the preparation set.  Without 

pruning, the tree is developed to the most extreme size utilising the CART [79] procedure.  

Each time another individual tree is created, this subspace randomization strategy is 

mixed with stowing to resample and the preparation information assortment with 

substitution.  Although the component shows up simple, it includes a variety of main 

thrusts that make investigating troublesome.  Undoubtedly its numerical attributes remain 

generally obscure to date.  Most hypothetical exploration so far has fixated on 

disconnected segments or adapted variations of the calculation.  Fascinating endeavours 

with regards to this course are by Lin and Jeon [75], who make an association between 

irregular timberlands and closest versatile neighbouring techniques [62] for additional 

outcomes); Meinshausen [67] examines the precision of arbitrary woodlands in the 

feeling of restrictive quantile forecast; and Devroye et al.[39], Who give hypotheses of 

consistency for various streamlined renditions of arbitrary backwoods and other 

randomized outfit indicators.  The ‘genuine’ arbitrary woodland measurable component 

isn’t yet totally known is as yet under dynamic examination.  In the current paper, 

irregular woodlands by working out and cementing the properties of a model 

recommended by Breiman in [15].  Although this model is as basic as the ‘valid’ 

calculation, it is closer to reality than other plans.  The short draft [15] is founded on 

instinct and numerical heuristics.  Some are flawed and make the report hard to peruse 

and comprehend.  In any case, the thoughts introduced by Breiman merit explaining and 

creating, and they will fill in as a beginning stage for our investigation troublesome.  
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Anyway, in the ongoing years, Artificial Intelligence (AI) methods have demonstrated 

power in stock anticipating.  Numerous calculations, for example, SVM, ANN, and so 

on, have been read for heartiness in foreseeing financial exchange.  Be that as it may, 

group learning techniques have stayed unexploited in this field.  In [38] have utilised 

irregular woodland classifiers to assemble our prescient model, and our model has 

delivered truly noteworthy outcomes.  The model ends up being truly strong in 

anticipating the future heading of stock development.  The power of their model has been 

assessed by figuring different boundaries, for example, exactness, accuracy, review, and 

particularity.  For all the datasets they have utilised, i.e., AAPL, MSFT, and Samsung, 

they had the option to accomplish precision in the reach 85-95% for long haul forecast.  

ROC bends were likewise plotted to assess their model.  The bends graphically 

demonstrated the power of their model.  It was likewise demonstrated that our 

arrangement calculation meets as more trees are added to the irregular woodland.  The 

absence of standard information portrayals in EHRs limits the generalizability of 

prescient models.  Candia et al. [38] proposed growing such models by first producing 

inferred factors that describe clinical aggregate.  Decreases the number of factors, 

diminishes commotion, brings clinical information into the model structure, and modifies 

works away from the raw information portrayal, encouraging utilisation of standard 

information mining calculations.  They consolidated this pre-handling venture with an 

arbitrary backwoods calculation to figure the hazard for readmission within 30 days for 

patients in ten malady classes.  Results were promising for experiences that their analysis 

was appointed high or extremely generally safe.  Relegating patients to these two 

dangerous gatherings could be an incentive to tolerant consideration groups planning to 

forestall readmissions.  Computational models of clinic readmissions within 30-days can 

give essential data to recognise factors related to readmissions and distinguish patients at 

high and generally safe.  Processing determined factors that speak to clinical aggregates 

and utilising them in hazard models may upgrade models’ exactness and make them 

reusable in a more extensive assortment of clinical conditions.  Clinical choice help 

instruments that influence these models in giving danger evaluations at the purpose of 

care could improve dynamic during hospitalization and the post-release period.  However, 

they did not talk about energy utilisation and QoS in such a manner. 

 

The exact energy expectation of the system plays an essential role in enhancing the energy 

proficiency of structures.  A homogeneous troupe solution, i.e. the use of Random Forest 
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(RF) for hourly structure energy expectation, was suggested by Wang et al. [71].  A 

simple architecture of the Radom Forest Model, shown in Figure 2.1. 

 

 
 

Figure 2.1 Architecture of Random Forest Model 

 

The technique for estimating the hourly usage of the power of two instructive systems in 

North Central Florida was obtained.  In contrast to examining the effect of boundary 

setting on the expectation execution of the model, the RF models prepared with different 

boundary settings were compared.  The results showed that the number of factors (mtry) 

was not susceptible to RF, and the use of experimental mtry is optimal as it saves time 

and is more reliable.  To approve the predominance of RF in building energy expectation, 

RF and relapse tree (RT) and support vector regression (SVR) were contrasted.  The 

output list (PI) estimated RF expectation displays were 14-25% and 5.5 % better than RT 

and SVR, respectively, showing that RF was the best correlation forecast model.  To 

identify the most convincing highlights during different semesters, an inquiry was also 

conducted based on the variable importance of RF.  The findings have shown that the best 

highlights differ depending on the semester, indicating different operating conditions for 

the systems being attempted.  A further connexion between RF prepared with annual and 

month-to-month information showed that the energy usage forecast for instructive 

structures could be improved by thinking about their energy behaviour adjustments across 

different periods.  Table 2.1 shows the different model which used for prediction. 
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Table 2.1 Different Models used for prediction 

 

Model use for 

prediction 

Working/uses Reviewed 

Literature 

Random Forest 

Model 

The most common algorithm, able to both classify 

and regress, is Random Forest.  It can identify large 

quantities of data accurately. 

[70, 71, 76, 

77] 

Gaussian 

Process 

A non-parametric, Bayesian approach to regression 

that creates waves in the field of machine learning is 

Gaussian process regression (GPR).  GPR has several 

advantages, working well on tiny datasets and 

measuring the predictions with uncertainty. 

[16, 78]  

Generalized 

Linear Model 

for Two 

Values 

A more complex version of the General Linear 

Model is the Generalized Linear Model (GLM).  

Until drawing from an array of different distributions 

to find the ‘best fit’ model, it takes the above model 

to compare the effects of multiple variables on 

continuous variables. 

[8] 

Gradient 

Boosted Model 

Until generalizing, the Gradient Boosted Model 

generates a prediction model consisting of an 

ensemble of decision trees (each one of them a’ bad 

learner,’ as was the case with Random Forest).  As its 

name suggests, instead of the bagging used by 

Random Forest, it utilises the ‘boosted’ machine 

learning technique.  It is utilised for the model of 

classification. 

[79]  

K-Means K-means is a widely standard, high-speed algorithm 

that involves placing unlabelled data points based on 

similarities in separate classes.  For the clustering 

model, this algorithm is used. 

[80] 

Prophet In the time series and forecast models, the Prophet 

algorithm is used.  It is an open-source algorithm 

created by Facebook that the company uses internally 

for forecasting. 

[81] 
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2.4 Energy Consumption 
 

One of the essential issues for the administration and organisation suppliers is the 

decrease of energy utilisation, which ought to be accomplished without effect on the 

nature of administrations.  Tajiki et al. [82] proposed a novel asset distribution design that 

empowers energy-mindful SFC for SDN-based organisations.  To this end, they model 

the issues of Virtual Network Functions (VNF) arrangement, distribution of VNFs to 

streams, and stream directing as improvement issues.  Also, the model stream rerouting 

to decrease the effect of asset discontinuity on organisation usage.  From that point, 

heuristic calculations are proposed for the diverse enhancement issues to discover close 

ideal arrangements on satisfactory occasions.  The exhibitions of the proposed 

calculations are mathematically assessed over actual geography and different 

organisation traffic designs.  The outcomes affirm that the proposed heuristic calculations 

give close ideal arrangements while their execution time is pertinent for genuine 

organisations.  Their paper proposed a novel asset allotment design for VNF situations 

and directing in the Software defined networking (SDN) based organisations.  Plus, 

administration work fastening to limit the energy utilisation and organisation 

reconfiguration overhead is tended to.  To this end, it is a numerically defined issue and 

proposed a few heuristics to explain them.  The goal is to limit the energy utilisation and 

organisation reconfiguration symptoms while the stream necessities are met.  Recreation 

results demonstrated that the proposed plans dispense the organisation asset such that the 

energy utilisation is close to the ideal arrangement.  Figure 2.2 shows the percentage of 

energy consumption in a different field. 
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Figure 2.2 Percentage of Energy Consumption in different fields 

 

Hsu, Dutta, and Helmy [69] suggested an addition to the epidemic.  Routing Protocol by 

naming the protocol Spray and Wait.  This protocol works by helping to minimise the 

distribution of the number of network-wide copies.  Therefore, the congestion caused by 

the flooding is minimised.  In-depth, the mechanism of forwarding has two The Spray 

Phase and Wait Phase phases are named.  If a message spreads to L nodes only, L copies 

of messages are built or made.  It is then referred to as the Spray Process.  However, the 

relay nodes wait for the destination with a copy of the packet transmit it directly.  The 

chosen value of L shows the likelihood of transmitting messages and is firmly responsible 

for this action.  Again, L’s calculated value is dependent on the parameters of the network.  

Even though L is chosen to reduce flooding, the protocol undergoes delays and resource 

usage issues.  Makhlouta has presented an updated version of the spray-based routing 

scheme.  This version of enhancement can categorize adaptive Fuzzy Spray and Wait. 

 

 

2.4.1 Network Selection by taking Multiple-criteria decisions 
 

The energy productivity of correspondence networks has been the focal point of wide-

ranging exploration work in the past few years.  In writing, several green methodologies 

were suggested to minimise the energy usage of both cell and fixed organisations, at all 

layers, and in all parts of the organisation (i.e. entry, metro/collection, and centre  [40]  
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investigated the effect that rest mode (SM)- put together green methodologies have on 

the dependability execution of optical and cell network components.  First, they think 

about a gadget in disengagement (i.e. not connected to organisation inactivity), indicating 

how operational temperature Varieties of temperature and temperature, both presented by 

SM, affect its lifespan.  At that point, they evaluate the impact of these lifetime varieties 

from an operational cost point of view, showing that a few gadgets are simple; for 

example, their reachable energy reserve funds probably won’t spread the potential extra 

reparation costs coming about because of being placed in SM too habitually.  They have 

researched the effect of SM-put together energy-productive methodologies for the 

lifetime of gadgets in cell and spine optical organisations.  Specifically, they have first 

examined the issue from an operational cost point of view, demonstrating that the energy 

reserve funds presented by SM at times can scarcely take care of the reparation costs 

when the gadgets are supplanted as a result of disappointments. 

 

 

2.4.2 Device to Device 
 

The interactions between the fields of ICT and energy are becoming stronger and 

stronger.  On the one hand, many ICT sectors are expected to play a key role in reducing 

energy consumption, especially those where most energy is spent, such as transport, 

construction, and manufacturing.  On the other hand, with a fast growth rate, ICT is 

emerging as a greedy energy user.  Marsan and Meo [83] briefly discussed three issues 

relating to green networking research’s importance and potential impact, with particular 

focus on the wireless case, as this is the context in which energy efficiency is most needed.  

Their view is that economic incentive, at least in the first stage, would primarily stimulate 

research in the field of cellular networks.  Although equipment manufacturers are working 

on creating energy-efficient components of the network (particularly base stations), the 

critical task of academic research is to develop algorithms to enable the portions of the 

network dynamically required for the provision of services to end-users with the desired 

QoS [75]. 

 

There is a growing concern among telecom operators about the energy efficiency of 

cellular networks.  In addition to preserving their viability, the goal is also to reduce 

adverse environmental effects.  Thus, the energy efficiency goal motivates 

standardization authorities and network operators to explore new technology to better 



Chapter 2 

35 

network infrastructures.  Since BSs consume a significant portion of the total energy 

consumed in a cellular system, turning off selected BSs (or placing them in sleep mode) 

when the traffic load becomes light is an effective technique to save energy on wireless 

networks.  In the literature, BS sleeping technique has been thoroughly investigated.  

Switching off BSs results in substantial energy savings, as traffic in peak hours can be up 

to 10 times higher in the same region than traffic in off-peak periods.  Yaacoub et al. [84] 

studied the joint operation of cooperative device-to-device (D2D) communications and 

explored green cellular communications.  It describes a practical approach to grouping 

mobile terminals (MTs) into cooperative clusters.  Through D2D communications, MTs 

cooperate in each cluster to share the content of shared interest.  Besides, an energy-

efficient technique is presented in an LTE cellular network to put BSs in sleep mode.  

Finally, to ensure green connectivity with both the users' MTs and the operator's BSs, 

both approaches are merged.  D2D communications between mobile terminals have been 

investigated along with green cellular communication techniques in this paper.  

Collaborative D2D communications have achieved reduced energy usage for mobile 

terminals, while energy savings in the cellular network have been achieved by introducing 

the green communication strategy.  Therefore, the combined approach outlined in this 

paper has contributed to energy savings for both mobile users and the mobile network 

operator. 

 

 

2.4.3 Communication through the Internet 
 

The web has modernized the contact of people connected eventually, likewise discover a 

few situations where the web foundation isn’t open for contact.  Catastrophe zones, huge 

occasions, sports, and different celebrations, and territories where the web is either too 

costly or not even accessible are a portion of these zones.  These pieces of the network 

need elective methods for correspondence.  Delay Tolerant Networks (DTNs) model an 

organisation to settle shakiness in fixed information networks by connecting specialized 

portable gadgets.  Backstrom et al. [85]  introduced a nitty-gritty investigation of the as 

of late proposed impetus plans for Vehicle Delay-Tolerance Networks (VDTNs).  This 

paper is composed to recommend and understand the recent improvements in the field of 

DTNs, zeroing in on the childish conduct of the hubs.  Animating hubs in the investment 

organisation could improve its exhibition.  All the hubs in the organisation make an honest 

effort to advance the messages to different hubs. 
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Be that as it may, the egotistical nature or the failure of a hub to submit the messages can 

corrupt the organisation’s presentation.  The childish conduct of hubs is a significant test 

in VDTNs.  The hubs don’t assume liability to advance the messages to spare its assets, 

for example, computational force, memory, and so forth.  Different motivating force plans 

are proposed to address self-centeredness in the VDTNs to improve its presentation.  

These plans grant motivators to the hubs for dynamic cooperation in the organisation 

exercises.  The paper gave some open difficulties.  In the Internet of Things time, all over 

a trillion ordinary things will incorporate probably some capacity to store and handle data; 

moreover, and all the more critically, sharing that data over the worldwide Internet with 

the other trillion things.  The mechanical objective is to incorporate the Internet and the 

web with everyday items (for example, entryways, seats, electric apparatuses, vehicles, 

and so on) and eventually interconnect the advanced and physical areas.  The sorts of 

objects associated with the Internet, e.g.  as far as to use, size and numbers, are incredibly 

assorted, consequently having distinctive calculation and correspondence requirements.  

Therefore, many processing structures and systems administration models have been 

proposed, and unique systems administration norms have been created.  Khalil Massri 

and Alessandro Vernata [86] proposed a reference design for Delay-Tolerant Networking 

(DTN) steering conventions and a careful quantitative assessment of numerous patterns 

presented in writing. 

 

Pandemic steering is a notable convention proposed to communicate a message to all 

hubs in an organisation [87].  A few ways, then again, abstain from broadcasting and 

depend on real properties examples of experience to control the message to the objective.  

In ongoing works, conventions have been proposed dependent on mutual activities in 

portable social orders, Simbet, Bubble rap, and Profile-cast, among others [61].  Messages 

are coordinated dependent on social gatherings and profiles in these conventions.  These 

works utilise conduct attributes to support execution contrasted with directing 

conventions that are socially ignorant.  Spyropoulos et al. recommended an expansion by 

naming it Spray and Wait for the convention to the Outbreak directing convention.  By 

assisting with limiting the spread of the number of duplicates over the organisation, this 

convention works.  The clog because of the reasons for flooding is additionally 

diminished.  Top to bottom, there are two stages in the sending cycle, called the Spray 

Phase and the Wait Phase.  If a message is just spreading to L hubs, for example, L 

duplicates of messages are manufactured or produced, it is called Spray Process.  The 

transfer hubs with a duplicate of the message are trusting that the objective will send it 
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legitimately.  L’s chosen estimation demonstrates the chance of conveyance of the 

message and is certainly answerable for this activity.  Once more, the given estimate of 

L relies upon the boundaries of the organisation.  Despite how L is picked to decrease 

flooding, the convention goes through issues, such as deferrals and asset utilisation.  Be 

that as it may, the parcel of energy utilisation happened while utilising this one. 

 

In [88], an improved rendition of shower-based directing plans was introduced by 

Makhlouta.  This form of progress can be arranged by naming Adaptive Fuzzy Spray and 

Wait.  This exploration aims to anticipate the comparative situation of walkers, and even 

specialists may amend the area update to shape a direction of movement.  Regularly PDAs 

or gadgets with such helpless GPS inclusion would be killed, unremembered, or enter 

metropolitan ravines or other areas.  For example, client warnings, such as substantial 

time slips between area changes, are primary realities that rely on such applications as 

Facebook and Twitter. 

 

Moreover, clients must approach record cancellation or shirking of recording according 

to the alternative to approve complete protection strategies.  Bauer and Deru 

recommended two different ways to anticipate future objections close to previous 

narratives [68].  A market container review of numerous purchasers is fit for recognizing 

the connection among areas and delivering rules, e.g. on the off chance that anybody goes 

to the café, this calculation chooses a similar heading the creator shows on paper, the 

calculation, yet has not demonstrated the necessary outcomes, on the off chance that the 

individual in question should purchase the cake or bread rolls. 

 

 

2.4.4 Quality of Services Effects 
 

In various ways, different cultures view and interpret QoS.  For instance, it is referred to 

by network communities as the’ measure of service quality offered to users by the 

network.’ On the other hand, the Internet Engineering Task Force treats QoS as ‘a set of 

service specifications that the network must meet when transporting a flow.’ The primary 

aim is to provide QoS while optimising the utilisation of network resources.  The network 

user community refers to QoS as the consistency experienced by applications/users.  QoS 

is described by the International Telecommunication Union (ITU) as ‘the capability of a 
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‘Network or network portion to provide communications-related functionality between 

users.  Quality services effects, shown in Figure 2.3. 

 

 
 

Figure 2.3 Quality of Services effects 

 

The notion of QoS is quite large.  QoS is more technically focused on IP networks, 

tracking and enhancing network efficiency metrics such as packet latency, jitter, loss of 

packets, and throughput. 

 

Productive way calculation and supporting nature of administration necessities are key 

systems administration concerns.  Current organisations have gone to multipath directing 

plans to part streams over various ways.  Anyway, existing arrangements bring about sub-

streams being coordinated in similar ways.  QoS steering also presents significant 

difficulties because of the intricacy of multi-target way streamlining and association 

demands guaranteeing that all the necessities are satisfied.  Programming characterized 

networks (SDN) have effectively conquered these restrictions with their brought together 

control of the organisation.  Doshi and Kamdar proposed [89] a two-stage system for 

acquiring max-min QoS disjoint ways joined with the investigative chain of command 

measure in an SDN climate.  The advancement and development of current organisations 

with SDN requires an exceptionally versatile and smart TE framework.  This has 

advanced the objective of accomplishing a solitary physical organisation that supports 

changing QoS necessities and keeps up the proficiency of way improvement.  

Subsequently, in this paper, they talked about a two-stage technique that tends to these 

issues.  The principal stage utilises the scientific progression cycle to catch the differing 

QoS necessities and reduce it to another cost work used to appoint connect loads.  This 

lessens the unpredictability of preparing and improves the quality control of the 
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organisation.  The subsequent stage acquires k max-min QoS disjoint ways that make the 

heap adjusting of the central organisation proficient, lessens blockage, and improves 

unwavering quality. 

 

With the consistently expanding number of versatile broadband information clients and 

data transmission concentrated administrations, the interest in radio assets has grown 

massively.  One of the techniques utilised by versatile administrators to address this 

difficulty is to convey extra low-fuelled base stations (BSs) in territories of appeal.  The 

following organisation alluded to the heterogeneous organisation (HetNet), which helps 

keep up the nature of administration (QoS) for a more significant number of clients by 

reusing the range.  Yaacoub et al. [84] examined the issue of energy proficiency in 

heterogeneous cell organisations (HetNets) is researched utilising radio assets and force 

the board joined with the base station (BS) ON/OFF exchanging.  The goal is to limit the 

all-out force utilisation of the organisation while fulfilling the nature of administration 

(QoS) necessities of each associated client.  Coinciding microcell BS, little cell BSs, and 

secret femtocell passages (FAPs) are considered.  In this paper, the energy productivity 

issue in thick cell HetNets is thought of.  The specific instance of existing together 

microcell BSs, little cell BSs, and private FAPs are explored.  In light of the support of 

private FAPs (missing, shut, half breed), three potential organisation situations are 

examined.  A common technique for radio assets and force the executives and BS 

ON/OFF exchanging is utilised to use the radio access foundation and limit energy 

utilisation proficiently.  The accessibility of privately produced environmentally friendly 

power is additionally consolidated in the created system. 

 

 

2.5 Summary 
 

The nearby devices will directly communicate with each other in D2D communications 

and establish a communication network.  Data traffic can be offloaded to the D2D 

network instead of transmission via the infrastructure-based network.  For example, by 

authorizing D2D communications, some users can download substances from the Cellular 

Base Station (BS), while others can get them from their associates.  D2D communications 

and the energy use of networks [76] can also significantly minimise traffic congestion.  

Future wireless access networks can modify the user’s BS affiliations and balance the 

traffic load between base stations [37].  One of their study topics is predicting consumer 
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behaviour at the Massachusetts Institute of Technology (MIT) [90].  The time period is 

reported by mobile phones while linked to Cell Tower IDs and Bluetooth devices.  And, 

depending on how the devices are attached, Bluetooth devices exhibit different 

behaviours.  The participation of business students in a related area was found to carry 

out the same activities [91].  Bluetooth signals were mounted inside the person's house to 

check the accuracy of data transmission to locations via cell towers [92].  By predicting 

the next position of the goals using the dynamic Bayesian Network, an effective rate of 

93 % to 99 % can be achieved. [93].  Zeibart et al. [94] predicted that driving to 

destinations will be feasible, given a partially travelled course, by comparing the 

probabilities of different possible routes.  Along with past backgrounds, Lee and Cho [95] 

suggest ways of predicting future destinations.  For the work, the Naive Bayesian 

classifier-based model was used in [96], consisting of the time slot of days, weekends, 

and 1-8 hours.  A list of Bluetooth MAC addresses and locations for mobility prediction 

consists of the daily time stamp and is split into several records. 
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Chaper 3  
Similarity Analysis 

 

 

3.1 Introduction 
 

The previous chapter presented a literature review on research on mobility prediction, 

user profiling, and encounters.  The research studies reviewed have shown state-of-the-

artwork to reduce energy resource consumption.  This chapter’s introduction starts with 

a brief detail of the mobility of the users, uses of such data, source for gathering human 

mobility data, mobility modelling, how it was carried out, and a few existing mobility 

modelling methods.  After introducing human mobility, some common attributes of 

human mobility are listed: space-time associations of a user, periodical reappearance at 

specific locations, mobility patterns showing mobility preferences, uniform mobility 

through mobility correlations, device and network information, and mobility patterns 

other characteristics as well.  After this, a brief introduction to the similarity in human 

mobility behaviour is provided; the next step is to identify the limitations of existing 

solutions for determining similarity in mobility patterns.  The contribution of this research 

to the research field follows the boundaries of existing solutions. 

 

The second section highlights the steps that are used in the proposed methodology for 

conducting a similarity analysis.  A case study showing a paradigm for calculating 

similarity among different users using the current approach are discussed in detail.  Some 

new characteristics of human mobility for their similarity analysis are selected.  In the 

Similarity Analysis Approach (SAA) model, a cosine similarity-based mathematical 

model is presented in which the users’ similarity is calculated, i.e. similarity in their 

mobility behaviour. 

 

Section 3 provides detail of the experimental setup, the dataset used for experimentation, 

pre-processing of the dataset. 

 

The results in section 4 showed the similarity of different users in the dataset at various 

locations.  The similarity is then calculated on different days of the week, and a total 

similarity of all seven days is also shown in the result section.   
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3.1.1 Background 
 

Researchers have employed various data resources, including banknotes, Tweets, and 

GPS devices[97].  This data can be helpful for traffic control [98], urban planning [4], 

and mobile marketing [68].  The data obtained from these sources can also help in 

empirically driven studies on human mobility.  But these resources show limitations in 

scale, data resolution, and adaptation.  Mobile phones have emerged as a more efficient 

resource for overcoming the constraints in behavioural analysis resources  

 

The use of smartphones is increasing in people, becoming an essential part of our lives.  

The mobile phone is mainly used for communication and information exchange.  An 

individual throughout the day typically carries a mobile phone with him.  The data used 

by a mobile phone is another way of representing the mobility preferences of a mobile 

user.  Hence, it is a valuable tool for identifying human mobility patterns. 

 

For this reason, mobile phone data is attracting researchers who are interested in studying 

human mobility patterns.  As with mobile data, many users can be tracked in the long 

term at a low cost.  Some mobile users show similar mobility behaviour while others are 

dissimilar to one group but similar to others.  This is called a similarity in mobility 

behaviour.  Before discussing the similarity in mobility behaviours, first, the existing 

models for mobility modelling are focused. 

 

Mobility modelling provides a medium for simulating mobility in ad-hoc wireless 

networks [35, 40] urban planning and disaster response systems.  Mobility models use 

mobility traces to understand the nature of mobility.  In mobility modelling, researchers 

usually collect the real-time data of mobile users carrying mobile phones with them 

during travelling, shopping, office, or university.  The mobility traces are the result of 

human mobility.  This mobility results from the repeated movement of a user to a specific 

place, time-based human activities, and mobility, because mobility is based on social 

relationships [4] The mobility of the mobile users may be at large scales, i.e. travelling 

from country-country, travelling through aeroplanes or trains.  The mobility at a smaller 

scale can be travelling within a city, university, or from home to office.  After collecting 

traces, the data is filtered out, and the daily life environment can be modelled. 
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Moreover, mobility patterns can be used to model people’s decisions based on their 

behaviour.  Through mobility modelling, various network operations, i.e. resource 

management, routing, handover, resource management, routing, and even a better 

independent deployment of connectivity models, can be simulated.  The simulation is 

possible due to the possibility of understanding human movement patterns and 

regularities [4] 

 

Modelling of human mobility, at first, understanding the mobility preferences of people 

is required.  Mobility traces gathered through GPS devices, social media accounts, and 

mobile phone networks can be used to analyse human movements deeply at large scales.  

Moreover, there lies a high degree of predictability in human mobility as most of them 

tend to spend most of their time at specific locations.  The time to visit a particular place 

is also mostly fixed [99]. 

 

 

3.1.2 Characteristics of Human Mobility Behaviour 
 

Human mobility behaviour consists of different characteristics, specifically human 

mobility, location-time features, and pattern statistics.  As most people are at common 

locations daily for a particular time interval, e.g. home/office, night/day, the mobility 

patterns and the time-space associations are similar at different scales.  This similarity has 

been recently observed on real traces. 

 

 

3.1.3 Spatial-Temporal Preferences 
 

When different mobile nodes gather at a specific location, a wireless network is formed.  

The data generated by this network is usually community-contributed and mainly 

contains geographical coordinates, visiting preferences, social relationships, 

demographics, social-economic data, and many more.  The in-depth analysis of this 

mobility data can help us determine a user’s mobility preferences, favourite places for 

food, shopping, etc.  The Heterogeneity of people or mobile users plays a crucial role in 

understanding and analysing human mobility patterns.  Hence, the non-uniform behaviour 

of mobile users in space and time is captured by (i) Skewed location visiting preferences 

(ii) Periodical reappearances.  The existing relevant literature shows that a mobile user 
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exhibits mobility preference and reappearance at different locations and same time in 

DTNs.  The idea of these mobility preferences and reappearances in space and time 

associations can make message distribution, delivery, and prediction of information 

transmission relatively easy and accurate in an opportunistic setting. 

 

 

3.1.4 Skewed location visiting preferences 
 

Recent studies on mobility traces show that most nodes do show the property of Skewed 

location visiting preferences.  These preferences refer to visiting a small percentage of 

places for a small portion of the time.  To create skewed location visiting preferences, the 

node in the network is randomly assigned to a sub-region of the mobility region R, called 

its community.  A node tends to visit its community relatively more often than regions 

residing outside the community.  The notion of community is different for different nodes. 

 

 

3.1.5 Mobility Heterogeneity 
 

During real mobility scenarios of human mobility, each node demonstrates a considerable 

pattern in its mobility pattern.  These mobility preferences are quite different from those 

of other nodes.  In some cases, few nodes show similar qualitative properties, but these 

properties often vary in location, access point, and stability time at the location. 

 

 

3.1.6 Mobility Correlations 
As evident, all nodes present in a network or other network cannot have the same mobility 

preferences or mobility characteristics.  Instead, a subset of nodes will be subject to higher 

correlations in their preferred locations and visiting patterns.  Consider, for example, 

colleagues or classmates, and they usually tend to be frequently present at the exact 

location or nearby each other because of their common study or working environment.  

These correlations are evident in the collected mobility traces.  Generally, the larger the 

amount of average node mobility, the better the performance of the routing protocol that 

relies on such mobility. 
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3.1.7 IP address and MAC address 
 

A user’s mobility to different places causes it to connect to various networks.  This 

connection with the networks assigns mobile devices to separate IP addresses.  An IP 

address is a 32-bit long address assigned to each device when it connects to a network.  

An IP address can also provide geography information of a device [100]. An IP address 

has two parts: a network ID and a host ID.  Network Id shows the information on the type 

of the specific network to which the device is connected.  And the host id provides 

information about the particular host in the network.  In comparison, the MAC address is 

a 48-bit unique identifier of each device. 

 

Based on the above characteristics, different studies have modelled human mobility.  

These mobility traces of different individuals are highly correlated with their peers, 

colleagues, or other people [99].  The human mobility of different people shows similarity 

based on gender, educational background, or job.  Multiple users periodically reappear at 

specific positions or locations [101, 102], creating a link among similar nodes [103].  

People with identical mobility characteristics can show more similarities.  Gathering 

various mobile nodes with similar mobility characteristics and patterns usually develops 

mobile societies in wireless networks [102, 104, 105].  Researches exist for measuring 

this similarity among different mobile nodes [106-108].  

 

Hsu et al. [102] introduced a novel service that was behaviour-oriented ‘profile cast, this 

service relied on the user and network coupling.  It provided a framework to analyse and 

process the coupling of mobile users with the network for the transmission and 

propagation of data and information in DTNs.  Some authors used mobile users’ profiles 

(constructed using similarity data) for crowdsourcing.  This Participatory sensing [30, 

109, 110] was provided using recruiting campaigns and relied on similarity data of mobile 

users.   

[106] analysed wireless users’ behaviour using their traces from the network data.  The 

authors used location-preference data for analysis and applied an unsupervised machine 

learning technique (clustering) to determine similarity in mobile users’ behavioural 

patterns.  The structure for data capturing was an association matrix.  Based on the 

analysis’s results, the authors suggested a ‘distance’ metric based on the similarity of the 

users. 
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In recent research, Kim et al. [111]  demonstrated that if a user is connected to an access 

point (AP), the user keeps the connectivity unless the AP goes out of range and only then 

connects to the new best available AP.  In Figure 3.1, a user is connected to a public AP, 

and even when the user arrives home, a better connection is available.  The user stays 

connected to the less reliable/slow public network unless the user himself shifts to the 

better network or the public AP goes out of range.  In a similar analogy, a set of two users, 

despite having a small Euclidean distance between them, might be connected to a 

different set of APs, and have different connectivity routes.  This gives rise to the 

motivation that IP-based similarity has been used rather than Euclidean distance-based 

user’s mobility similarity analysis. 

 

 
 

Figure 3.1 Mobile user connectivity behaviour with the Access Points  

 

By keeping the scenario already mentioned above, in the presented research, the AP 

connectivity is kept as a sign of presence at a location, i.e. if two users are connected to 

the same AP, they are considered to be at the exact location.  This increases the chance 

of 2 users having a direct connection in the MANETs scenario.  This connectivity 

consideration helps us better correlate the user’s mobility patterns and show an improved 

similarity. 

 

In the SAA approach, the users’ mobility has been mapped temporally, and the 

association has been made by comparing temporal presence at specific locations.  The 
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mobility characteristics of users, including temporal values, device information (IP, MAC 

address), and Access Point (AP) id, are considered.  AP id is part of the IP address, hence 

simply and without loss of generality, the location using the IP address only can be 

referred to.  This reduces the need to include AP as a feature in the data separately.  The 

use of device and network information help to identify devices at slightly distant locations 

but connected with the same network.  Network and device information reduce the 

resource consumption for searching a network for data transmission to those present in 

the same network.  These characteristics also regarded users current at slightly distant 

locations as having similar mobility behaviour.  Further, the temporal values allowed us 

to find similarities based on the tight coupling of the user, location, and time.  The criteria 

for identifying users’ similarity, analysis, and modelling based on their mobility patterns 

by employing a co-occurrence matrix on the selected characteristics are defined. 

 

The purpose of this SAA approach is to identify the user’s mobility characteristics that 

can efficiently contribute to determining the user’s similarity without extra resource 

consumption.  This research also aims to develop a technique for producing co-

occurrences of mobile users based on their similar mobility behaviour.  This similarity in 

mobility is identified through mobility patterns and can further determine mobile users’ 

encounters in the next phases of research. 

 

 

3.2 System Model for Similarity Analysis Approach 
 

For determining users’ similarity based on mobility behaviour, the IP address, MAC 

address of mobile devices, and temporal values (mapping of physical location vs time) 

are used.  The IP and MAC address provides information about the access point to which 

the mobile is connected.  The temporal values are used to estimate the exact time when 

the connection between the device and AP (each building has its access point) is 

established.  These selected features are represented in the form of an occurrence matrix.  

The proposed approach considers users present on different building floors but connected 

to the same network with similar mobility behaviour.  Hence, instead of using the various 

network for data transmission, the SAA approach uses the same network and reduces 

energy consumption by the resources used to search other networks.  Figure 3.2 shows 

the overall flow of the working model that the Similarity Analysis Approach has followed 

throughout this methodology. 
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Figure 3.2 Working Flow of  Similarity Analysis Approach  

 

The SAA approach methodology is designed for scenarios requiring data transmission 

among nodes through a wireless network shown in point ‘1’.  All nodes are usually 

connected to access points shows in point ‘2’.In point ‘3’ shows where the user’s AP_ID, 

device-network information, and spatial and temporal values are extracted.  The extracted 

features are used in the SAA approach and computed the results. 

 

 

3.2.1 Similarity Calculation: 
 

The user’s similarity calculation consists of the following steps. 

1. User’s location IP based location information at different times is represented as 

a matrix. 

2. Capturing spatial-temporal values for occurrence matrix. 

3. Similarity analysis with Co-occurrence matrix. 
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3.2.2 Information based on IP address 
 

The proposed method model’s the space-time associations of the mobility patterns and is 

thus better able to determine similarity among the users’ mobility patterns. 

 

A user’s presence probability at a location is used to find co-occurrence with others as 

part of the model.  The SAA approach used cosine similarity as a measure to estimate 

correlation among users.  If the mobility patterns are correlated, i.e. mobility directions 

are the same, then cosine similarity enables the model to compute similarity patterns 

among the users.  Here, it is essential to mention that the IP information is central to 

determining a user’s geo-location.  As previously mentioned, the IP address not only 

shows the device ID but network information as well.  In the model, IP addresses have 

been used (both device no.  and network ID), which resulted in constructing a more 

informed model.  Hence better similarity patterns are obtained.  The equation (3.4) 

similarity results are computed based on equation (3.1), equation (3.2), and equation (3.3).  

The model is explained in the next section, and its effectiveness is verified from the results 

presented later in this chapter.  

 

 

3.2.3 Capturing AP and Temporal Values 
 

The representation of IP address and time values is done in the form of an occurrence 

matrix.  In this matrix, each row vector describes the normalised percentage of time the 

user spends at each location on a measured time, e.g. from 8 a.m to 8 p.m; in a day.  This 

reflects the most significant locations of the user.  Depending on the cases, the granularity 

of the time duration is defined as an hour, a day, or a week. 

 

 

3.2.4 Similarity Analysis with Co-occurrence Matrix 
 

This section explains some mathematical notations, where P is represented as an 

occurrence matrix with the order as m × n.  The ‘n ‘denotes Location (Each building has 

its access point), and ‘m’ represents a particular day.  Let Puki define the specific time in 

the kth
 row at itch location of P.  When M denotes the occurrence matrix of user 1,....n, is a 

matrix in the order of m x n.  Let Maj represent the time in it rows and Jth
 locations of M.  
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For i is not equal to j when Mij equals the number of co-occurrence of time and location I 

and j. 

 

 𝑀𝑀𝑖𝑖𝑖𝑖 = � 𝑝𝑝𝑘𝑘𝑘𝑘𝑝𝑝𝑘𝑘𝑘𝑘

𝑚𝑚

𝑘𝑘=1

 (3.1) 

 

Suppose Ti denotes the total object occurrence or object co-occurrence at i location. 

 

 𝑇𝑇𝑖𝑖 = � 𝑝𝑝𝑘𝑘𝑘𝑘

𝑚𝑚

𝑘𝑘=1

 (3.2) 

 

Suppose Tj denotes the total object occurrence or object co-occurrence at j location. 

 

 𝑇𝑇𝑗𝑗 = � 𝑝𝑝𝑘𝑘𝑘𝑘

𝑚𝑚

𝑘𝑘=1

 (3.3) 

 

The Fc shows the ratio between the observed time of user i and j separately.  The cosine 

angle is used between the ith and jth columns of the co-occurrence matrix of P for measure 

purposes. 

 

 𝐹𝐹𝐶𝐶 = �𝑀𝑀𝑖𝑖𝑖𝑖, 𝑇𝑇𝑖𝑖𝑖𝑖� =
𝑀𝑀𝑖𝑖𝑖𝑖

�𝑇𝑇i�𝑇𝑇𝑗𝑗
 (3.4) 

 

In the above-explained model, the concept of cosine similarity is used to show the 

similarity of patterns in the mobility traces of the users.  The user’s movement pattern is 

considered a vector, and the angle between the vectors is inversely proportional to the 

similarity between the vectors, i.e. mobility traces of the users.  The inherent idea of the 

cosine similarity is that the vectors are pointing in the same direction has a higher 

similarity irrespective of their physical distance.  Here, if two users follow a similar 

movement path, they would have a higher similarity.  The similarity is being modelled as 

a probability in this context. 
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3.2.5 Benchmark for Similarity Analysis 
 

The paper similarity analysis uses the Ap and Mac addresses to build mobile user’s 

spatial-temporal profiles[41].  The representation of spatial-temporal preferences in the 

form of an association matrix can be changed to use each column for a building (where a 

collection of access points represents a location/building floors and the time granularity 

can be changed to represent hourly, weekly or monthly behaviour.  For this study, each 

row represents a day in the trace, and the column represents hourly presence at the 

location.  After that, calculate the Singular Value Decomposition (SVD) of each associate 

matrix. 

 

The SVD of a given matrix A can be represented as a product of three matrices: an 

orthogonal matrix U, a diagonal matrix S, and the transpose of an orthogonal matrix V.  It 

is written as: 

 

 𝐴𝐴 = 𝑈𝑈 ∗ 𝑆𝑆 ∗ 𝑉𝑉𝑇𝑇 (3.5) 

 

After representing a mobile encounter index metric, i.e. Mei to indicate the similarity 

ranking (i.e. 0 represents dissimilar and 1 indicates the same) between two objectives’ 

mobility preferences.  Quantitively measure the similarity between them the eigenvectors 

as A =[a1,a2,ara] and B =[b1,b2,brb].  The mobility similarity can be calculated by the 

weighted sum of the pairwise inner product of their eigenvectors. 

 

 𝑀𝑀𝑒𝑒𝑒𝑒  (𝐴𝐴, 𝐵𝐵) = 𝑆𝑆𝐴𝐴,𝐵𝐵 = � � 𝑤𝑤𝑎𝑎 𝑖𝑖𝑤𝑤𝑏𝑏 𝑗𝑗�𝑎𝑎𝑖𝑖𝑏𝑏𝑗𝑗�
𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝐵𝐵)

𝑗𝑗=1

𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝐴𝐴)

𝑖𝑖=1

 (3.6) 

Mei (A, B) is a quantitative measure index that shows the closeness of two mobile peers 

in their mobility preferences of time-space dimension. S (A, B) is an index that shows the 

closeness of users in terms of the values in their co-occurrence matrix. Here, A and B are 

the respective eigen-vectors of the users. wa i and wb j are number of co-occurrences of 

user A and B at a specific location.  Co-occurrence is measured in terms of time, location, 

and device information. 

 



Chapter 3 

52 

The similarity analysis shows that the value of the similarity is within the range of   0 ≤ 

S A, B ≤1. The lower the similarity rank indicates that peers have very different time-space 

mobility preferences. In other words, they have very less opportunities to meet each other 

somewhere. Otherwise, for the higher similarity rank cases, the user pairs have similar 

mobility preferences, or they have high probabilities to meet each other in some locations 

where they have the same interests to visit. 

 

In addition, we can also quantify how the mobility preferences similarity between the 

same pair of moving objectives varies with time. Firstly, we can calculate the similarity 

between two mobile objectives e.g., A and B, at two points in time  Mci (A, B) T1 and Mci 

(A, B)T2, where T represents a specific time instance. We perform this calculation to all 

user pairs and investigate the relationship between the users’ location and time we 

calculated the mobility correlation coefficient Mcc of the similarity matrices obtained after 

a T interval as; They also quantify how the mobility preferences similarity between the 

same pair of moving objectives varies with time.  First, the similarity between two mobile 

users is calculated, e.g. A and B, at two points in time Mei (A, B)T1 and Mei (A, B)T2, 

where T represents a specific time instance.  This calculation is performed on all user 

pairs and then calculate the mobility correlation coefficient (MCC) of the similarity 

matrices obtained after a T interval as: 

 

 

where X = 𝑆𝑆𝐴𝐴,𝐵𝐵(𝑇𝑇1) and Y = 𝑆𝑆𝐴𝐴,𝐵𝐵(𝑇𝑇2) and the notations 𝑋𝑋� and 𝑆𝑆𝑋𝑋  Denote the average and 

standard deviation of X, respectively.  N is the total number of mobile user pairs.  This 

mobility correlation coefficient indicates how stable the relationship between the mobile 

objective pairs is.  It has been reported that the similarity metrics between objective pairs 

correlate reasonably well if the considered time is not far apart. 

 

  

 𝑀𝑀𝐶𝐶𝐶𝐶 = ∑ (𝑋𝑋−𝑋𝑋�)(𝑌𝑌−𝑌𝑌�)𝐴𝐴,𝐵𝐵
𝑁𝑁𝑆𝑆𝑋𝑋𝑆𝑆𝑌𝑌

  (3.7) 
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3.3 Case Study 
 

This section contains a scenario for understanding the proposed model and the benchmark 

working in detail.  A case study shows that the data transmission distance is a key but 

changeable factor contributing to the overall energy consumption.  It is straightforward 

that the shorter the transmission distance, the total energy consumption will be reduced.  

For example, there are two users Alice and Bob: Alice and Bob are working in the same 

university but on a different floor, Alice is a professor at the university, and bob is 

studying, and they usually met to discuss the research work.  Alice intends to send a file 

to bob, which will be required by bob after seven days as at the moment, Bob is working 

on another task.  In this case, how can Alice send the file to Bob? There are several options 

available: 

 

Option A: Alice can send the data through the internet, passing through many 

intermediate devices and covering several hops. 

 

Option B: when a direct file-transfer service is available, for example, they both have 

their routers, thus can exchange data between each other through point-to-point transfer. 

 

Option C: Check similarity among the users’ mobility traces if found a similar option for 

a direct file transfer. 

 

The first two options, A and B, are the most popular way and overall energy consumption 

depends upon the size and distance of data. 

 

Option C, loose requirements of time, and a delay-tolerant indicator is decided to reach 

data between that duration.  In option C, human mobility traces are matched according to 

behaviour.  Alice and Bob have similar mobility preferences as they are at slightly distant 

locations.  They are also connected to the same network.  In such a way, the proposed 

approach can fully utilise the benefits of mobility traces, using these traces, and predicting 

the similarity of location and time.  If they match, then data will transfer by D2D while 

consuming less energy. 

 

The benchmarked work has calculated the similarity of the users based on the use of their 

Spatial-temporal preferences and preferential attachment to locations and the frequency 
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and duration of visiting these locations.  They have utilised an association matrix that 

captures Spatial-temporal preferences and a statistical technique that use it to measure 

similarity among mobile users.  In the proposed architecture, an algorithm based on a co-

occurrence matrix that calculates the similarity of the users based on their occurrence to 

visit a specific place is developed.  For comparisons, the same case study for both the 

benchmarked and SAA approach is utilised. 

 

 

3.3.1 Calculation of Similarity Analysis Approach 
 

The case study is designed as four people moving to specific locations.  The data window 

has been set to 4 days, i.e. 4 days of the mobility data have been shown here to 

demonstrate the working of the SAA approach.  So, assume that there is 4 users matrix, 

and each matrix represents the location (Column) and day/time (row).  The location has 

been labelled based on the IP address of the user.  The IP/locations of the users have been 

numbered for a more straightforward representation.  The list of IP addresses have been 

mentioned against the location numbering assigned linearly: 

 

1. 138.70.128.43 

2. 168.233.57.204 

3. 95.36.236.124 

4. 194.134.255.229 

5. 51.136.182.224 

6. 99.245.73.36 

7. 98.201.125.212 

8. 202.189.184.98 

9. 56.76.244.60 

10. 37.62.113.116 

 

Each location number in Table 3-1 represents an IP address of the user present at a 

particular location.  The data in Table 3-1 has been obtained after cleaning and pre-

processing the mobility traces logs of the users.  Here, for each user, his/her presence at 

a location is noted in the cells of the following matrices.  Each cell in the following tables 

represents an event in the daily mobility history of the user.  Considering the example of 

user 1, the first cell shows that user 1 (identified through the MAC address, 
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xx:xx:xx:ed:eb:73) was present on location (based on IP address) at the given time t.  

Table 3-1 matrices of 4 users are generated as a sample dataset. 

 

Table 3.1 The matrices of 4 users 

 

  User 1 
(xx:xx:xx:ed:eb:73) 

mobility history 

 

 

User 2 
(xx:xx:xx:a7:c0:c2) 

mobility history 
  Time   Time 

  t1 t2 t3 t4 
 

 t1 t2 t3 t4 

Day 

d1 1 3 1 5 

Day 

d1 1 1 2 3 
d2 2 1 3 4 d2 2 1 3 4 
d3 1 4 2 3 d3 3 4 2 1 
d4 2 6 1 2 d4 4 6 3 6 

 

 

 

 User 3 
(xx:xx:xx:96:65:93) 

mobility history 

 

 

User 4 
(xx:xx:xx:56:dc:a1) 

mobility history 
  Time   Time 

  t1 t2 t3 t4 
 

 t1 t2 t3 t4 

Day 

d1 1 2 6 4 

Day 

d1 2 5 1 3 
d2 1 2 2 1 d2 4 1 7 9 
d3 2 7 1 2 d3 6 2 3 2 
d4 1 2 3 3 d4 7 2 1 4 

 

The day number in the above data represents a date from the mobility traces of the users, 

and each day represents a date as listed in Table 3-2 

 

Table 3.2 Each day is representing a date 

 

  Date 

Day 

d1 Jan 23 
d2 Jan 24 
d3 Jan 25 
d4 Jan 26 

 

The time number from t1 through t4 represents the hour number in the day.  Here in the 

sample example, the data of 4 users, 8 locations, and 4 hours of each day, i.e. 8 a.m., 9 

a.m., 4 p.m., 5 p.m., is shown in Figure 3.2. 
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After the representation of the data in the matrix form, the analysis of the data is 

accomplished.  Here, only the data of 4 users are represented.  The proposed method of 

similarity has been explained through equations (3.1) to (3.2)  

 

After generating the 4 user matrices, the SAA approach needs to make the user’s pairs 

and calculate the cosine similarity with equation (3.4).  Each cell in the cosine similarity 

matrix represents the similarity between two user’s mobility for a day.  The results of the 

applying equation (3.1) to the data of user 1 and user 2 is given in Table 3-3. 

 

Table 3.3 The data of user 1 and user 2 

 

  User 1 
(Day) 

  d1 d2 d3 d4 

User 2 
(Day) 

d1 21 28 22 55 
d2 21 30 20 47 
d3 18 24 26 52 
d4 16 21 34 59 

 

The result of applying equation (3.1) at the user 1 and user 2 data.  The above table simply 

shows the number of co-occurrences between the users. 

 

After calculating the co-occurrence and magnitude of the angle between the eigenvectors 

of the user’s daily mobility data, the similarity between them is calculated given in Table 

3-4. 

 

Table 3.4 The co-occurrences between the users 

 

  User 1 
(Day) 

  d1 d2 d3 d4 

User 2 
(Day) 

d1 0.904 0.852 0.669 0.931 
d2 0.990 1 0.667 0.871 
d3 0.849 0.800 0.867 0.964 
d4 0.616 0.572 0.925 0.893 
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It can be observed from the user 1 and user 2 data given above that they both follow the 

same route throughout day 2.  They have a similarity of 1 for d2 of the observed routes. 

 

Table 3.5 shows cosine similarity among the mobility patterns of the users for each 

specific day.  It is essential to mention here that the similarity analysis is not symmetric 

instead of the general notion of having a symmetric matrix of cosine similarity.  In some 

of the applications where similarity is used, the diagonal of the matrix is 1.  In the SAA 

approach case, the matrix is not symmetric.  It is because the rows and columns are the 

mobility patterns of the different users.  If the same user is selected to calculate the 

similarity with him/herself, then the SAA approach returns a symmetric matrix. 

 

Table 3.5 The similarity between different days of the same user 

 

  User 1 
(Day) 

  d1 d2 d3 d4 

User 2 
(Day) 

d1 1 0.84 0.90 0.86 
d2 0.84 1 0.66 0.74 
d3 0.90 0.66 1 0.88 
d4 0.86 0.74 0.88 1 

 

The application of equation (3.4) is to find out the similarity between different days of 

the user days, as shown above.  The cosine similarity shows the angle between the 

eigenvector of the mobility traces of the users.  Each cell of the table above represents the 

similarity in the mobility pattern of users for given days, for example, considering 

checking the similarity between 2 users for a given day.  The above matrices are filled 

just to show the calculation.  Otherwise, cells at the diagonal show actionable similarity, 

as it can be used to establish the 2 users could be present at the same location at a point 

in time.  This similarity analysis is essential for data transmission between the users. 
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3.3.2 Calculation for the Benchmarked 
 

The same matrix is used in the SAA approach and the benchmark.  In the benchmark, 

SVD is calculated for each matrix.  SDV (Singular Value Decomposition) converts high 

dimensional data into lower dimensions to handle large datasets denoted by A. 

 

 𝐴𝐴 = 𝑈𝑈 ∗ 𝑆𝑆 ∗ 𝑉𝑉𝐼𝐼 (3.8) 

 

Where U is t × t matrix, S is t × n matrix, V is n × n matrix.  It is being calculated transpose 

of A and with its eigenvectors.  The similarity for each pair needs to be calculated.  The 

similarity is to be calculated as the weighted sum of the inner products of two users. 

 

The similarity analysis is conducted as: 

  

(User2, User1), (User4, User1), (User3, User2), (User4, User2), (User4, User3) 

 

For example, Similarity values for each pair are shown in Table 3-6. 

 

Table 3.6 Similarity of two users  

 

 u1 u2 u3 u4 
u1 0.721926 0 0 0 
u2 0 0.28716 0 0 
u3 0 0 0.951263 0 
u4 0 0 0 0.974081 
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After calculating the similarity of each pair, the Weighted Similarity is calculated in Table 

3-7 for comparing the SAA approach with the benchmark similarity results. 

 

Table 3.7 Benchmarked Similarity Results 

 

 u1 u2 u3 u4 
u1     
u2 0.733607    
u3 0.733607 0.66279   
u4 0.320123 0.673118 0.855155  

 

 

While SAA approach Similarity results are given in Table 3.8. 

 

Table 3.8 Similarity Analysis Approach Similarity Results 

 

 u1 u2 u3 u4 
u1     
u2 0.7761    
u3 0.7861 0.659836   
u4 0.9336 0.820487 0.875770883  

 

After analysing both baseline and the proposed results, it is observed that the similar 

pattern of the SAA approach is better than the benchmark.  It shows that matrix 

information and the direct similarity method used in the SAA approach are advanced than 

the benchmark method. 

 

The model calculation shows the direct similarity measures and compares their properties 

with the benchmark.  The similarity is calculated through the direct similarity method; it 

applies to co-occurrence data.  The purpose of the direct similarity method is to normalise 

the data.  The direct similarity method corrects the data for differences in the total number 

of occurrences or co-occurrence of objects. 

 

 

3.4 Numerical Studies 
In the numerical studies, all data description, location information, and how the data is 

gathered are given and explained that how results are generated based on the data. 
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3.4.1 Dataset Description 
This section provides the details of the traces used for the experiments.  The traces are 

actual measurements taken from the University of Southern California USC. It's a very 

recognized dataset and is used in different research works.  The data contains information 

about WIFI associations and user profiles.  The data is about different buildings on the 

campus, access points, and data about other days, including weekdays and weekends.  The 

dataset is about the campus of USC in Fall 2007.  The mobility traces dataset of the 

campus that is used is shown in Table 3.9. 

 

Table 3.9 Mobility traces datasets 

 

 

 

 

 

Table 3.9 provides the detail of sources for these documented network usage traces.  The 

campus environment is chosen here since it is comprehensive` with many active users 

and has sufficient location samples.  The data consists of Wi-Fi usage and location data. 

 

 

3.4.2 Location Information 
 

To analyse traces in different places, location information of other Access Points is 

required.  Since exact locations of the APs were available, the APs are assigned 

approximate locations based on the campus building where the AP’s were installed. 

 

 

3.4.3 Data Gathering  
 

The event logs of the WLAN event is collected from the university campus.  Every log 

entry had a timestamp, an IP address at a corresponding access point (AP), and the MAC 

address of the associated user device.  There are almost 1,700 Access Points and ≈ 78𝑘𝑘 

devices found in the dataset.  Therefore, in this research, the behaviours of devices were 

Campus  # Users  Duration  

USC 3000 Fall 2007 
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analysed as indicated by their respective MAC address.  The Paired user mobility patterns 

of behaviour are represented by the patterns between mobile nodes in different users.  

When two user devices are associated similar to Access Point where there time in 

overlapping intervals.  Traces are then created basing Wireless LAN Access Network 

(WLAN).  The location information of Access points is needed for the analysis of traces 

in different places.  Since the APs exact locations are not available, the APs are given 

new proximate locations based on the building where they are installed.  The 

crowdsourced service validated positioning from 130 matched Access Points of about 

7.6% in around 58 building structures within a range of 200m or less from where they are 

mapped.  Almost 1.5% of campus area error was considered a reasonable maximum 

Access Point range of coverage, coarse-grained localisation that is inaccurate services.  

The coordinates of the centre of each building are used in which users may see an AP of 

the building. 

 

 

3.5 Simulation Studies  
 

At first, from the dataset, the SAA approach abstracted out a subset of peers independent 

of each other as much as possible from the substantial population data.  Then the relevant 

statistical analysis is conducted on mobile peers’ selected co-occurrence matrix 

information.  This matrix consists of information about the AP, temporal values, IP 

address, and MAC address of the mobile devices.  The dataset was divided based on each 

day, i.e. for seven days a week.  Each day, the iterator tools are used to bring the data in 

sorted form, i.e. all combinations were extracted.  After that, the direct similarity 

technique is used to normalise the extract of a mobile user’s preferred locations and times.  

The locations visited by both users x, y were sorted, and their co-occurrences were 

recorded.  After recording multiple co-occurrences, the redundant information is removed 

and unique location IDs were extracted.  The result was a co-occurrence matrix having 

no null value and combinations of visited locations for both users.  Each similarity value 

was calculated for different days and plotted respectively.  An Instance of the co-

occurrence matrix in this work is shown in Figure 3.3. 
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Figure 3.3 An instance of the output co-occurrence matrix 

 

 

3.5.1 Simulation Results 
Based on the analysis of similarity profiles, the following results are found.  At first, 

different user pairs were shown that were at a specific location at the same period. 

 

For calculating mobility similarity among other user pairs at different time intervals, data 

of the users are selected from the USC traces available in the dataset.  Figure 3.4 shows 

that the other pairs of users are calculated at the exact location at the same time interval. 
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Figure 3.4 Similarities of user pairs on different days. 

 

 

Following histograms show the similarity of different user pairs on additional days of the 

week.  The users are from the same dataset that is used for experiments.  The number of 

user pairs is considered a similarity function in these histograms, showing different 

mobile users’ behavioural similarities.  
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From the histograms in Figure 3.4, most of the users showed high behavioural similarity 

on Wednesday.  Friday also observes the highest similarity but with less number of user 

pairs compared to Wednesday.  The highest similarity on Friday is 0.000030.  The lowest 

similarity on Friday is 0.000005.  On the weekend, i.e. Saturday and Sunday, the lowest 

similarity reaches zero.  The highest similarity is 0.000020 and 0.00008.  The number of 

active users is relatively less due to the absence of any academic activity these days, the 

similarity of all days in the week. 

 

Figure 3.5 shows the overall similarity of all days in the week.  Each curved line 

represents the similarity of user pairs on a specific day.  As described earlier, Saturday 

and Sunday show similarity almost approaching zero.  At the same time, Wednesday and 

Thursday have the highest similarity of the user pairs. 

 

 
 

Figure 3.5 Similarities of user pairs 

 

The comparison results show a similar pattern with an increased number of similar user 

pairs in the SAA approach, Figure 3.6, the x-axis shows similarity, and the y-axis shows 

user pair.  This plot shows the comparison of the SAA approach with the existing work.  

This is very clear that the existing model can predict the similarity of 6000 users.  Still, 

the SAA approach can indicate the similarity of 9000 users, so it is clear from the results 

that the SAA approach is 33 % more efficient than the existing approaches.  Comparison 

results of existing and both approaches based on same dataset.  In the proposed work, 

user pairs vs similarity are higher in comparison with existing work. 
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Figure 3.6 Similarity Analysis Approach similarity comparison with existing work. 

 

Comparison results of current datasets and both processes based on one week of datasets. 

Yellow(dotted line )  shows the existing model results, while blue(straight-line) shows 

the SAA approach (proposed model) results. 

 

3.6 Summary 
 

This chapter covers the method for finding behaviour similarities of mobile users.  In the 

first stage, how our mobile phone can be used as a user’s mobility behaviour is analysed 

listed.  As most people carry their mobile phones with them throughout the day, it is the 

most suitable and cost-efficient way to analyse mobility behaviour.  The existing mobility 

modelling methods are also listed.  For data transmission among users, there is a need to 

find the similarity among user’s behaviour.  The SAA approach has used spatial-temporal 

parameters of a mobile user and the device-network information of the mobile node.  The 

spatial preferences of a user and temporal values at which a particular location was visited 

are listed.  The mathematical way of calculating the similarity was also provided in this 

chapter.  For experiments, the SAA approach has used the mobility traces of students 

from a university campus of USC.  After extracting the spatial-temporal associations of 

traces, the SAA approach stored them in a co-occurrence matrix.  After that, the SAA 

approach normalised the time associations and applied a direct similarity technique to 

normalise the data and extract the preferred locations and times of a mobile user.  Through 

the case studies, the whole process of calculating behavioural similarity is explained.  In 

experiments, the similarity analysis of the processed data is performed and calculated for 
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different users on different days.  In the next chapter, the SAA approach will be enhanced 

with encounter prediction. 
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Chaper 4  
Encounter Prediction Using Random Forest Model 

 

 

4.1 Introduction 
 

In chapter three, work for calculating similarity in mobility behaviour of different mobile 

users was presented.  The similarity was calculated based on their familiar mobility 

preferences, i.e. visited locations and the time of visit.  The co-occurrence of the Spatial-

temporal traces has been computed, and similarity analysis of the users has been done.  

The experiments showed that a higher accuracy could be achieved than the existing work 

[112] for the estimation of similarity among a large number of users.  After calculating 

the similarity, the next step is to predict the encounters of different users.  When and 

where users might come into proximity based on their common mobility preferences.  

This chapter works on encounter prediction, where encounters among different users are 

predicted based on their previous mobility history.  An encounter is predicted in the case 

of matched mobility preferences, i.e. same time to visit a location.  Predicting future 

encounters helps avoid additional resource consumption for continuously predicting 

future locations and finding a meetup point and time for initiating data transfer. 

 

At first, the introduction and the need for encounter prediction are mentioned.  Then some 

existing works and techniques for encounter prediction are listed.  The presented model 

used for encounter prediction is explained along with the mathematical representation of 

the model.  The experiments, results, and comparison with the benchmark technique are 

also discussed in detail in this chapter. 

 

In the current revolutionized digital world, smartphone users are increasing exponentially 

[113].  The proliferation of these devices results in increased mobile traffic, which has 

reached up to 79% in 2019 [114].  The mobile devices form a wireless Mobile Ad-hoc 

Network (MANET), which provides different scalability and flexibility advantages. 

Other users can join or leave the network without any prior notification [81].  The users 

of these mobile devices travel to different places autonomously in any direction.  This 

mobility of the nodes enables them to dynamically and arbitrarily connect with other such 



Chapter 4 

68 

nodes.  The mobility of users makes the MANET environment unpredictable for real-time 

applications of data transfer [115]. 

 

Mobile ad-hoc networks do not require any fixed infrastructure [116].  Due to the absence 

of any central infrastructure and limited transmission distances, the nodes in MANET are 

responsible for discovering each other for data transmission [116].  Discovering other 

nodes is also essential for reliable communication and ensuring data transmission without 

interruptions [81]. The forecasting of the following location of a mobile user is called 

mobility prediction.  For mobility prediction of a specific mobile user, where millions of 

devices are in the mobile network, determining the behavioural pattern of users is a key 

step.  As most individuals follow a standard pattern, for example, a user is at work from 

9 am to 5 pm, goes back home at around 5 to 6 pm, and is usually found at a restaurant 

between 7 to 9 pm.  From these behavioural patterns, it is evident that the users visit 

certain places around specific time intervals.  Using such mobility patterns, the future 

location of a mobile user can be determined.  This pre-determined future location can lead 

to encounter information among users.  The time and location information of mobile users 

is important information in this scenario.  The mobility of mobile users is quite 

homogenous and usually shows periodicity.  The presence of two users at the same place 

at a specific point in time is being called an encounter.  For a particular encounter to 

occur, a different set of users, u1, u2, … un, must be present at location l and at time t. 

 

There exist several works for future location prediction, but only a few focused-on 

encounter prediction.  Hui and Crowcroft [117] showed the mobility prediction of users, 

they considered the idea of centrality, i.e. at first, they predicted the nodes having 

centrality values and considered them as hubs.  Based on this idea, a message packets 

forwarding algorithm was proposed.  For evaluating their approach, the authors used a 

greedy algorithm, ‘RANK’ and observed the message delivery ratio and cost of their 

proposed algorithm.  Further work by Hui, Crowcroft, and Yoneki [118] proposed 

‘BUBBLE Rap’ hybrid algorithm, that uses social data about the nodes to calculate the 

probability that a neighbour is quite near to deliver a packet.  Ciobanu and Dobre 

predicted future device encounters by employing a function that describes individual 

mobility patterns, e.g. the Poisson distribution [119]. 

 

There exists a considerable amount of work on future location prediction.  In most of the 

studies, after discovering a future location, the sender node ensures the occurrence of the 
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encounter.  These operations of mobility prediction, encounter checking, and data transfer 

across multiple nodes result in massive resource consumption, such as bandwidth, energy, 

Central Processing Unit (CPU), and buffer space [115].  To avoid resource consumption 

and ensure the encounter among devices, there is a need to predict user encounters.  The 

literature for encounter prediction is quite limited.  One of the works used the concept of 

probabilities for encounter prediction.  The reliability of probabilities is low, and the 

outcomes through these techniques are not significant.  Hence, there is a need for some 

machine learning techniques for encounter prediction. 

 

This work has contributed to the research by presenting a method for encounter prediction 

among different users carrying mobile phones.  A supervised machine learning technique 

is used for encounter prediction that uses a random forest model.  The work predicts 

encounters among different users having mobile devices acting as nodes.  The novelty of 

the work lies in the reduced resource consumption that it offers.  In the previous methods 

[120] , the resources are consumed for continuous monitoring and calculating if a nearby 

device can be found for data transfer.  In this work, with the future encounter prediction, 

there will be no need to keep scanning for other users endlessly, thus saving on power 

and computational resources, i.e. mobile battery, and CPU, etc. 

 

The effectiveness of the proposed approach has been tested by deploying an experimental 

setup to obtain encounter prediction. Furthermore, the obtained results have been 

compared with a benchmark model and improved upon the former. 

 

An optimized random forest model for predicting encounters among mobile nodes has 

been used in the proposed approach.  The proposed work determines the exact location, 

and time, at which the encounter will occur with a specific user.  The objective of the 

research was to reduce the required resources for effective communication. 
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4.2 System Model Encounter Prediction  
 

The mobility traces of a user are used to track his future location, and then encounter 

information is being estimated.  The proposed work uses an optimized Random forest 

model for encounter prediction.  The random forest model is based on the decision trees 

that store the mobility history of each user.  Whenever a user visits a new location or an 

already visited location at a different time cycle, the tree is updated to reflect the new 

pattern.  In this manner, the future locations of different users, stored in the sub-trees as 

Spatio-temporal associations, help predict whether users can encounter a specific location 

and time.  Figure 4.1 shows an abstract representation of the proposed encounter 

prediction model. 

 

 
 

Figure 4.1 Overall working of the proposed model 

 

After calculating the mobility traces of nodes/users of the network, the encounter 

prediction is carried out using a random forest model.  Nodes, in this case, are the mobile 

devices being carried around by people.  The prediction step is followed by a comparison 

of the estimated encounters with the actual encounters. 
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Figure 4.2 Flow diagram of Random Forest encounter prediction model. 

 

Upon a user’s visit to a new location, the location is added to the mobility preference of 

the user.  The mobility history update is carried out by adding the location and the time 

of the visit to the decision tree.  If the time and location of a visit match with an existing 

occurrence in the mobility history of another user, then an encounter is registered. These 

steps are also shown in Figure 4.2 Flow diagram Random Forest encounter Prediction 

model  

 

 

4.2.1 Random Forest Model  
 

The random forest model is based on the concepts of decision trees, where each tree stores 

information and grows by a specific parameter.  It is used for classification and regression 
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[72] and is based on bagging and random methods.  Bagging refers to the idea of 

constructing a group of learners, each trained on a bootstrap subset obtained from the 

database.  Bagging refers to the independent growth of the trees.  For making the 

predictions, the data from different ensembles of the decision tree is accumulated, and the 

final prediction is made through simple majority voting among trees of the forest.  

Random forest trees produce quick output, are easy to implement, and can deal with 

numerous input variables without the problem of overfitting.  In this model, each tree in 

the forest is created when at first, for each node, input features are selected and then 

further divided.  The best split is calculated based on the input features in the training 

dataset.  The tree grows further in the same manner without pruning.  The overall outcome 

is calculated by taking the majority among the individual outcomes of the trees. 

 

The construction of learner trees in the random forest model can be understood through 

the following example. 

 

Let D be a dataset consisting of N instances.  A Dsn will be created by randomly selecting 

k examples from D with replacement.  In case N is large, and the condition k = N holds, 

then it is concluded that Dsn holds probably two-thirds instances from D.  For making the 

predictions, a new cluster or group is created from the separate decisions through 

classification or regression. 

 

Decision trees play the major role of base learners in the random forest model.  Decision 

trees possess the decision-making ability based on the results of a specific condition.  

After deciding how many trees a forest will contain, each tree is grown up on a distinct 

bootstrap instance obtained from the training dataset.  Each node of the tree represents a 

condition/decision against the variable that is selected as the predictor.  The purpose of 

establishing the variable is to reduce the residual sum of squares of both the branches (left 

and right).  The nodes at the end possess only a fixed maximum number of examples from 

which the target value is obtained through averaging/majority voting.  In order to avoid 

having correlated trees in a forest, the process of choosing the best splitting predictor in 

each node of a tree is altered.  This variable plays a role in determining between the only 

m randomly selected predictors, i.e. select a random subset of the original n-dimensional 

problem. 
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4.2.2 Hyperparameter Tuning 
 

The number of features is denoted by the hyperparameter F, which is used in the process 

of tree induction and selected randomly at each node.  The interval [1 ... N] is selected for 

the hyperparameter F where N shows the feature space dimensionality.  A smaller value 

of F reflects strong mean randomization, which is possible by selecting the accurate 

number because randomization strength is controlled through the N number.  A tree 

structure split (such as splitting criteria is used for feature) randomly choose a feature 

among all available feature in a case if F = 1.  On the other hand, if the value of F = N, 

then split selection does not introduce any randomization, and the tree induction process 

is used to grow each tree.  By using the bagging process, randomization is introduced in 

this specific case.  The main contribution of this research is to study the accuracy of the 

Random Forest concerning hyperparameter K on different problems of machine learning. 

 

The main objective of the experiment is to know Random Forest accuracy evolution 

concerning the different k values.  In order to know the effect of hyperparameter tuning 

on the random forest, the role of various values of the P must be known.  In the random 

forest encounter experiment, all the random forests are induced by setting the number of 

trees to 100.  The reason behind choosing this value is that it is already given in Jupiter 

Notebook, which showed that it is the most reasonable value to grow a perfect random 

forest.  Firstly, each dataset will be divided randomly between training and splitting 

datasets while testing sets are already available.  The training and testing data will be two-

thirds and one-third of the original dataset, respectively.  The split will be shown as a 

training and testing dataset where i ∈ [1 ... 50].  The Random Forest algorithm has been 

run for each training dataset as F in [1 … fn], where fn denotes the total number of features.  

Nonetheless, basically for computational reasons, the definition area of F has been tested 

for a portion of the dataset for which the size of the component space is too huge, so that 

estimations of F have been picked at customary stretches among feature number ‘1’and 

feature fn. 

 

Important Hyperparameter:  The main reason to use the hyperparameters in the random 

forest is to enhance the predictive strength and fasten the model.  Let’s look at the built-

in function sklearns’s hyperparameters of the random forest. 
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Firstly, the number of trees is denoted by the n_estimators hyperparameters.  The 

performance is increased, and prediction becomes more stable through a higher number 

of trees, but the computation becomes slow.  In the experiment, the n_estimator is set to 

100 according to the results. 

 

The max_features is another important hyperparameter that shown the maximum number 

of features it uses for the normal distribution of the random forest model. 

 

Another important hyperparameter is min_sample_leaf, which is used to split an internal 

node based on the required minimum leaf number. 

 

To determine the allowed number of processors, the n_jobs hyperparameter is used.  If 

this parameter contains 1 then it allows only one processor.  If the n_job parameter value 

is ‘1’, then unlimited processors are allowed. 

 

The output of the model can be replicable through the random_state hyperparameter.  The 

random_state definite value is always producing the same result of the model if the same 

training set and hyperparameter are given. 

 

At last, the Out of Beg (OOB) Score is a cross-validation method in the random forest 

which is also called OOB sampling. Again, one-third of data is used to evaluate the 

performance which is not used to train data in this sampling. 

 

 

4.2.3 Random Forest Encounter Prediction Model  
 

Before formalizing the model, some definitions are being presented.  First, select some 

suitable parameters for the dataset, and these parameters help us improve the accuracy of 

the random forest model.  Throughout the document, suppose that the given training 

sample data input features Fn = of the dataset with [0,1]e × R-valued random variables of 

encounter (e ≥ 2) with the same distribution as an independent generic pair Fn.  For fixed 

u ∈ [0,1]e, the goal is to estimate the classification function r(u) = E[F|u] using the feature 

Fn. 
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Tree Generation: -Formally, a random forest is a predictor consisting of a collection of 

randomized base decision trees [121m ≥ 1][, where E1, E2,... are I,i.d. outputs of a 

randomizing variable E.  These random trees are combined to form the aggregated 

classification estimate. 

 

 𝑟𝑟𝑛𝑛(𝑢𝑢, 𝐹𝐹𝑛𝑛) = 𝐸𝐸𝐸𝐸[𝑢𝑢, 𝐸𝐸, 𝐹𝐹𝑛𝑛] (4.1) 

 

where EE denotes the expectation of an encounter concerning the random parameter, 

conditionally on users u and the features of dataset Fn.  In the following, to lighten 

notation a little, the dependency of the estimates in the sample will be omitted, and write 

for example rn(U) instead of rn(u,Fn). 

 

The random forest model for encounter prediction consists of a set of random decision 

trees.  Each jth random tree rj has a co-ordinate U and variable E which determine the 

location for performing cuts for the new tree.  In equation (4.2), n is the size of the sample 

and 𝜇𝜇𝑛𝑛(U,E) is a time whose occurrence resulted in the cuts for the new tree.  Let  

Cn (U, E) is the cell obtained after each random partition.  Each random tree will be: 

 

 𝑟𝑟𝑗𝑗 =
∑ 𝑂𝑂𝑗𝑗1[𝑢𝑢𝑗𝑗 ∈ Cn(U,E)]𝑛𝑛

𝑗𝑗=1

∑ 1[𝑢𝑢𝑗𝑗 ∈ Cn(U,E)]𝑛𝑛
𝑗𝑗=1

1𝜇𝜇𝑛𝑛(U,E) (4.2) 

 

where Oj is the output of the tree. 

 

Assume the data is spread in a Euclidean space, and each random tree explores a sub-

section of that space.  Each tree caters to the region of the search space in a discrete 

random manner.  The selection of location sub-space is itself a random process.  The 

selection of random, sub-space is justified by the notion that is combined with the effect 

of bagging will result in improved performance.  In equation (4.3), the performance of 

the random tree depends on the selection of sub-space and the cut of the tree applied over 

successive steps.  The time 𝜇𝜇𝑛𝑛(U, E) is: 

 

 𝜇𝜇𝑛𝑛(U,E) = [∑ 1[𝑢𝑢𝑗𝑗∈ Cn (U,E)]
𝑛𝑛
𝑗𝑗=1 ] (4.3) 
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In equation (4.4), after considering the final expectation Ef, the estimate for each random 

tree will be: 

 

 𝑟𝑟𝑗𝑗(𝑢𝑢) = 𝐸𝐸𝑓𝑓[𝑟𝑟𝑗𝑗(𝑈𝑈, 𝐸𝐸)] �
∑ 𝑂𝑂𝑗𝑗1[𝑢𝑢𝑗𝑗 ∈ Cn(U,E)]𝑛𝑛

𝑗𝑗=1

∑ 1[𝑢𝑢𝑗𝑗 ∈ Cn(U,E)]𝑛𝑛
𝑗𝑗=1

1𝜇𝜇𝑛𝑛(U,E)� (4.4) 

 

In the next step, the correlation among different trees is calculated.  The correlation of 

different trees is calculated using equation: 

 

 𝑊𝑊 = � 𝑅𝑅𝑖𝑖  (𝑈𝑈 +  ∈)/𝑃𝑃
𝑃𝑃

𝑖𝑖=1
 (4.5) 

 

where W is the variable of interest that is to be predicted, p is the no.  of estimators used 

in the search process, Ri is the classification rule set for predicting the value of W.  Ui 

belongs to set U, a learning set.  ∈  is a zero-mean random noise in the data.  The definition 

∈ is given in equation (4.6). 

 

 ∈= β [∈ |𝑈𝑈] = 0   𝑎𝑎𝑎𝑎𝑎𝑎   β [∈2 |𝑈𝑈] 𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 (4.6) 

 

For comparing the results obtained through Gaussian and Random Forest model, the 

accuracy of predicted encounters is calculated at different locations through both 

approaches.  The accuracy assessments of predictions made by both models were done 

using the Mean Absolute Error (MAE) of encounter prediction.  The accuracy was 

obtained by comparing observed encounters with the predicted ones.  In equation (4.7), 

MAE obtained predictive models’ accuracy by calculating how close each prediction ratio 

was arrayed around the original data. 

 

 𝑀𝑀𝑀𝑀𝑀𝑀 =
∑ |𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖|𝑛𝑛

𝑖𝑖=1

𝑛𝑛  (4.7) 

 

where 𝑥𝑥𝑖𝑖 is the encounter prediction made for each location, and 𝑦𝑦𝑖𝑖 is the target encounter 

value and n is the total number of locations for which encounters are predicted? 
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4.2.4 Gaussian Model  
 

The Gaussian model is used as a benchmark to compare with the proposed random forest 

model to have a more detailed validation of results.  The author has used the Gaussian 

model [112] for encounter prediction and model diagram of Gaussian process shown in 

Figure 4.3.  The figure shows a Gaussian process model is a collection of random 

variables.  Any finite set consisting of these variables possesses a joint Gaussian 

distribution.  This model can also be defined as a distribution over functions.  These 

functions are the mean and covariance functions. 

 

 
 

Figure 4.3 Model diagram of Gaussian process  

 

The classification made by the Gaussian process is non-parametric.  This method is 

mostly used for Opportunistic Mobile Networks (OMNs), where connections are sparse.   

 

A Gaussian process is represented through a covariance or mean function (or the kernel) 

which is: 

 

 𝑓𝑓(𝑥𝑥)~𝐺𝐺𝐺𝐺[𝑚𝑚(𝑥𝑥), 𝑘𝑘(𝑥𝑥, 𝑥𝑥′)] (4.8) 

 

where m(x) is the mean function k (x, x’) is the covariance function for a real process f(x). 

 

For training, the Gaussian process model require a matrix X = [x1, x2, x3, …..  , xn] the size 

of matrix X is usually n × d and represents the data points.  The model also requires a 

vector Y, that is: [y1, y2, y3, ……, yn]T  for training dataset, having size n × l.  f is usually 

the latent function, and f(xi) is the predictive class membership probability.  The Gaussian 
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model performs mapping of latent space to the observation space, which is usually non-

linear. 

 

The kernel function is used to change non-linear input space into space which is 

represented by various dimensions in a manner where the output of the problem can be 

shown linearly. 

 

The major problem of this model lies when a probability for a given test point X* is to be 

predicted.  Where X* is a member of one of the mentioned classes.  The positive class 

membership probability p(y = C+ | x) is represented by using the following equation: 

 

 𝑝𝑝(𝑦𝑦 = 𝐶𝐶+|𝑥𝑥) = 𝑠𝑠𝑠𝑠𝑠𝑠[𝑓𝑓(𝑥𝑥)] (4.9) 

 

Where f is a latent function f: R -> R which is mapped into the interval [0, 1] through a 

sigmoid function such that sig : R -> [0, 1], hence, sig is a sigmoid transformation 

function x is a data point belonging to the finite dataset. 

 

The classification through classifier is made using supervised learning. Hence, every data 

point also contains a class label: 𝑦𝑦𝑖𝑖 ∈ {𝐶𝐶+, 𝐶𝐶−} 

 

For calculating the predictive class membership probability, at first, the marginal 

probability is calculated by using the formula given by: 

 

 𝑃𝑃(𝑌𝑌∗, 𝑋𝑋∗, 𝑌𝑌, 𝑋𝑋, 𝛷𝛷) = � 𝑃𝑃(𝑌𝑌∗|𝑓𝑓∗) 𝑃𝑃(𝑓𝑓∗|𝑋𝑋∗, 𝑌𝑌, 𝑋𝑋, 𝛷𝛷)𝑑𝑑𝑓𝑓∗   (4.10) 

 

where, Φ represents the hyperparameter on which the covariance function depends. 

In the last, the predictive class membership probability is calculated as: 

 

 𝑃𝑃∗ = 𝑃𝑃(𝑦𝑦∗ = 𝐶𝐶+|𝑋𝑋∗, 𝑌𝑌, 𝑋𝑋, 𝛷𝛷) (4.11) 
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4.3 Algorithm Explanation of Random Forest and Case Study  
 

In this sub-section, the working of the model has been explained through an example.  

The selection of sample data representing a sub-space is being carried out through 

bootstrapping.  A step-by-step explanation of the algorithm and a working example is 

presented and before the algorithm is explained in the following steps.  The symbols 

which are being used in the model are explained in Table 4.1. 

 

Table 4.1 The symbols which used in the model 

 

 

 

4.3.1 Training Stage 
 

The training/construction of each tree is carried out by first selecting the random subset 

of samples from the training Data (D). 

 

Symbols Meaning 

D Data (search/data space) 

Dt Training data partition 

Dte Test data partition 

Dsn Selected sub-space out of the training data 

nsn No of samples in the selected sub-space of the data 

Oj The output of the tree 

Uj Is the co-ordinate of each node 

Cn (U,E) Cuts of the new tree, in short, denoted as Dsn 

U,E The co-ordinates of rj 

rj The set of the random classification output 

μn(U,E) The time of each co-ordinate 

J Varies 1≤ j ≤ 3 

Ef Is the estimation function which estimates each random tree rj(U,E) 

Μi µi belong to set of μ, which are learning set 

Ri Ri is the rule been set for predicting the value of W 
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The training of the random forest model is carried out for each tree independently by 

selecting samples from the data at random based on the Ei , i.d. distribution, as defined in 

the case study.  The features for training from the set of Fn are also selected in the same 

manner.  The training model selects samples and features using replacement, i.e. some of 

the samples or features may repeat for the training of each tree of the forest. 

 

At the training stage, the tree building is carried out by following the procedure: 

1 By counting samples in the randomly chosen sub-space Cn(U,E), let’s call it 

nsn. 

2 The concept behind decision tree training is the reduction in entropy S, and 

maximization of information gain. 

3 For each selected feature(s), compute the information gain of the features and 

compute the difference.  For example, for the encounter column/feature, 

compute the entropy and information gain. 

4 The coefficient of variations is used to put a threshold on further branching or 

if a node has less than a specific number of samples, then stop further 

partitioning and declare the node as a leaf node. 

 

 

Where, mse is the error of classification for the node, samples show the number of data 

points/samples being decided by the node, and value is the average value of the data being 

represented by the node.  In this simulation, the minimum no of samples in a node was 

set to 1.  Hence it leaves only contain 1 sample. 

 

 

4.3.2 Testing Stage 
 

The model checks all the trees by using the estimation function, which will estimate each 

random tree, and the majority value of the output of all the trees is output as the predicted  

value. 

 

Equation (4.2) is used to check the accuracy of each tree, here compute the ratio of correct 

encounter output to the total number of encounters present in the data, the equation only 

takes into account the encounter that happened at a specific point in time, where time is 

represented by 𝜇𝜇𝑛𝑛(U,E).  
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The aggregate estimate of the prediction is obtained by factoring in the prediction of all 

the trees, equation (4.3) is being used for this purpose.  In this step, simply a majority of 

the predictions made using equation (4.2) is being computed. 

 

 

4.3.3 Validation of Output 
 

In the first step, equation (4.2) is being used to evaluate the location feature of the number 

of users present in the randomly selected sampled data Cn (data partition made through 

bootstrapping).  Here, the location has been taken as the first feature, but it is important 

to mention here that as the features are selected in the random sequence, the day of the 

week or time may be selected as the first feature in some of the trees.  This makes different 

trees of the forest uncorrelated, which is one of the hallmark characteristics of random 

forests.  The uj is one such selected feature among the set.  The denominator is the total 

no.  of users at the location irrespective of the time.  The notion of time gives rise to the 

encounter information.  The 𝜇𝜇𝑛𝑛(U,E) is the time information about the presence of the 

user at the selected location.  The Oj is the output of the tree. 

 

 

4.4 Dataset 
 

The University of Southern California (USC) dataset traces are used to evaluate the 

random forest model for encounter prediction.  These traces were real-time mobility 

measurements.  Here, the campus environments are used since they are comprehensive 

with many active users and associated with sufficient location samples.  The data traces 

are from six different buildings on the campus.  The dataset consisted of users’ profiles, 

i.e. their id, information about WiFi associations, i.e. IP address, MAC address of the 

device, time, and date for a particular connection.  The mobility traces were of different 

months and were recorded for different week, days, including the weekdays and 

weekends.  After the pre-processing of data and noise removal, for evaluation, the traces 

for January are selected.  The mobility traces in the dataset were divided based on the 

locations.  The resultant traces from January were divided into two parts.  The first part 

of the dataset was trained using the Gaussian and random forest.  For validating the 

Gaussian and random forest model, the second part of the dataset is used.  Figure 4.4 

represents an instance of the dataset used for the evaluation of both models. 
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Figure 4.4 Instance of the dataset used for evaluation 

 

 

4.4.1 Encounter Prediction Case Study 
 

This section presents a case study to show the application of a designed random forest 

model over the user’s mobility dataset, i.e., the USC dataset [37].  

 

 

4.4.2 Cleaning and conversion to ordinal data 
 

The data is arranged in the columns of S. No. of the mobility transaction, date and time, 

IP address as a location marker, MAC address to identify a user.  After reading the data, 

it is first cleaned and converted to ordinal data to make it suitable to be used in the 

proposed random forest model.  A piece of the data is shown in Figure 4.4.  The data is 

cleaned and converted to a sorted temporal form.  As a sample few records are shown in 

Table 4.2. 
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Table 4.2 Sample data of user 1 

 

Day of the Week Time (Hour no.) Location 

1 7 3 

1 8 3 

1 9 2 

1 10 2 

1 18 3 

2 8 2 

2 9 2 

2 18 1 

2 19 3 
 

A user’s sample movement/presence activity is explained here.  Suppose a user is at home 

(location 3) at 07 hours and stays there till 08 hrs.  Then leaves for work between 08 and 

09 hours and reaches the workplace (location 2) at 09.  He/she stays in the office until 17 

hours and returns home (location 3) at 18 hr.  In the same manner, activity for the rest of 

the day and all week and month is being recorded for each user.  A sample data of another 

user is shown in Table 4.3.  Here, user’s have been assigned the labels user 1’, ‘user 2’ 

based on the unique MAC addresses of their devices. 

 

Table 4.3 Sample data of user 2 

 

Day of the Week Time (Hour no.) Location 

1 7 5 

1 8 5 

1 9 2 

1 18 2 

2 8 2 

2 9 2 

2 18 4 

2 19 6 
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Here, the day of the week represents day no., and time represent hour no., in the example, 

the time granularity has been set to 1 hour, i.e. time has been rounded to the nearest hour, 

while in the simulation of the results, it was set to a more practical level, at 1 minute.  The 

time has been rounded to the nearest hour, For example, the events between 07:30-08:29 

are mapped to 08 hours, meaning 08:00, and the 08:30-09:29 are mapped to 09:00. 

 

The IP addresses which provide location information have been assigned a countable 

range.  It is important to mention here that the IP address gives the network information 

and a unique ID number of each device, Here the location represents the network 

information.  For example, If the two users are connected to the same network and 

assigned the IP addresses, 128.125.214.243 and 128.125.214.240.  It is trivial from the 

example, that they both are connected to the same network.  In this manner, each network 

has been assigned a location no.  and in the rest of the thesis, the location has been quoted 

as the same countable number.  Sorting the samples as per the time is carried out to map 

user movements for temporal prediction of location. 

 

 

4.4.3 Mapping of Temporal Data for Classification 
 

The data in the sample tables above represents the time-space relationship of the user’s 

presence.  As the data will be used for the prediction of his/her next location in the time 

axis, the temporal data is required to convert to classification data.  The user’s next 

location is to be predicted based on his current time and location.  In this step, the temporal 

data is mapped in such a manner that given the event at time t, its prediction will be t+1.  

For the random forest model to make predictions in time, the data is prepared accordingly 

and use for training.  The conversion of sample data of user 1 is shown in the Table 4.4. 
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Table 4.4  Data user 1 

 

Day of the Week Time (Hour no.) Location Next Location (y) 

1 7 3 3 

1 8 3 2 

1 9 2 2 

1 10 2 2 

1 18 3 3 

2 8 2 2 

2 9 2 2 

2 18 1 3 

2 19 3 3 
 

Here, the column next location serves as the output/target/class label.  The data samples 

from Table 4.4 are taken for the training of the RF model. 

 

 

4.4.4 Training of Random Forest model with user’s mobility data 
 

In the data presented in the previous sub-section, the last column (next location) of  

Table 4.4 is set as the target (class label) in the classification training phase.  The next 

location is required to set at the target (y) during the training phase to predict a user’s next 

location based on their current location and time. 

 

A separate random forest model will be constructed and used in the prediction process 

for each user profiling.  For training of the model, the selection of data samples and 

features is done randomly made, as explained in the previous section.  A sample trained 

tree from the forest is provided in Figure 4.5. 
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Figure 4.5 A sample trained tree 

 

 

4.4.5 Interpretation of the Model 
 

The model is built for the prediction of the next location of the user.  In the Figure 4.5 the 

ranges of each attribute/feature on each branch are chosen as the mid-point where most 

samples from the data will belong.  These thresholds are selected based on the method 

presented in Random forest model. 

 

For example, if a sample data of (Day 3, Time 9) is given and it’s required to predict user 

1’s next location.  Begin from the root node and travel along the branches of the tree.  In 

this case, the time of 09 hours leads us to the right of the root, then the day (day 3 of the 

week, Wednesday) will take us to the left, and here the next location is given, which has 

been predicted as 2 (work).  Similarly, the user’s next location can be predicted for all 

test samples.  The data in the sample tree is only using time and day of the week as 

features, in some of the trees, location is also picked randomly, and a tree is built 

accordingly. 

 

After training of model user that data, the user’s mobility profiles are obtained, through 

which the next location of any given user can be predicted.  To determine where and with 

whom a user will encounter, first estimate the next location of the user in question.  Then, 

estimate the future (next hour or any given hour) location for all the users and make a list 

to users with whom the encounter will take place.  This procedure later on, will be 

presented in the form of a formal algorithm. 
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The prediction algorithm: 

1. Trained users profile P = (p1,  p2,  p3, …, n) 

2. Encounter estimation for sample (u, d, t| U, D, T), D = [1, 2, 3, …7 ], T = [68, … 

3], U = [1, 2, 3 ... n] 

3. For a given value of (d, t), estimate the next location of the given user ‘I’ predict 

the next location (l) 

4. For all other users, compute the next location, and select the one having a similar 

next location as in the previous step. 

5. These users are possible candidates with whom an encounter might happen. 

 

 

4.5 Experimental set up for Results 
 

In this section, the proposed work is evaluated for encounter prediction among users.  The 

evaluation is done step by step.  At first, the observed results for the encounter were 

calculated.  After this, the encounter prediction results are computed with both 

approaches.  In the end, a comparison among the results obtained through both approaches 

was performed. 

 

For evaluating the proposed work, the dataset is trained with both random forest and 

Gaussian processes.  At first, the actual encounters were determined from the mobility 

traces, after which the encounter prediction by both approaches was made.  The code for 

training the dataset was written in python code.  The encounter prediction model predicted 

the location, time, and user id with whom the encounter will occur in this code.  The 

output was in the form: 

 

<user_id, day-of-month, time, location_id>. 
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4.5.1 Observed encounter of different users of the dataset at specific 

locations 
 

At first, the actual encounters that occurred among the users are noted in the dataset.  

These results were calculated only for five users to increase efficiency.  In the results, two 

variables are considered, i.e. day of the week and numbers of encounters that were 

observed on that day.  If an encounter was observed at that hour, it is considered as 1 and 

as 0 in another case. 

 

Figure 4.6 and Figure 4.7 represent the encounters that occurred in January at location 1 

(cafeteria) and location 2 (computer lab).  These encounters were observed from the real 

mobility traces in the dataset.  The x-axis shows the (day, encounters occurred) ordered 

pair of January at which the encounter occurred.  Y-axis shows the normalized values of 

the encounters. 

 

 
 

Figure 4.6 Actual Encounters observed in the cafeteria 
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Figure 4.7 Actual Encounters observed in the Computer Lab 

 

The highest normalized values of the encounters were on day 6 and day 24 of January for 

the cafeteria.  As on both these days, 17 encounters occurred.  The lowest number of 

encounters was on day 1, as no encounter occurred on that day in the cafeteria.  Variable 

lengths of the peaks show the different values of encounters that occurred on different 

days.  Similarly, in the computer lab, i.e. in Figure 4.7, the highest number of encounters 

occurred on days 8, 19.  The lowest number of encounters was on day 11, as only one 

encounter occurred in the computer lab. 

 

 

4.5.2. Encounter prediction and Hyper Tuning results 
 

This section shows the results of hyper-tuning variables and compares the results of 

predictions made using the benchmark Gaussian model and the random forest model. 

 

Figure 4.8 and Figure 4.9 both show the encounter prediction vs actual encounter 

observed through Gaussian Model at the cafeteria and computer lab.  The x-axis showed 

the total number of hours in the whole dataset when encounters occurred, y-axis shows 

the prediction values of encounters. 
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Figure 4.8 Comparison of observed and predicted results by Gaussian model for the 

location cafeteria 

 

 
 

Figure 4.9 Comparison of observed and predicted results by Gaussian model for the 

location computer lab 

 

 

Figure 4.10 and Figure 4.11 show the comparison of observed and predicted encounters 

through random forest model locations: cafeteria and computer lab, respectively. 
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Figure 4.10 Comparison of observed and predicted results by Random forest model for 

the location cafeteria 

 

 
 

Figure 4.11 Comparison of observed and predicted results by Random forest model for 

the location computer lab 

 

Figure 4.10 and Figure 4.11 show how close the results for encounters observed and 

encounters predicted when results were predicted using the random forest model.  The 

maximum total number of hours at which the encounters occurred was 80.  These hours 

are for January. Thus, the predicted and observed encounters for the computer lab were 

quite close while using the random forest model. 
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Figure 4.12 shows that when the estimators are increased, the prediction accuracy will be 

increased, but it depends on the dataset so the random forest model checks the different 

estimator ranges and select the 100 estimators that are better for the dataset. 

 

To improve the results of the random forest model, I change some parameters based on 

my dataset, so first, I check the estimators and Max_feature and compare both 

Max_fearture(auto) max_feature log2. Figure 4.12 shows that the prediction accuracy 

will increase when the estimators are increased, but it depends on the dataset. Hence, the 

random forest model checks the different estimator ranges and selects the  100 estimators 

that are better for the dataset. 

 

 
 

Figure 4.12 The prediction accuracy vs estimators 

 

Figure 4.13 shows Max_fearture(auto) and max_feature log2 used for the normal 

distribution of data, and the plot shows max-feature log2 is better for normal distribution 

so the max_feature (log2) is chosen. 
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Figure 4.13 Comparison of Max_fearture(auto) and max_feature log2 

 

 

4.5.3 Comparison of results through Gaussian and Random Forest 

Model 
 

Figure 4.14 and Figure 4.15 show the cross-correlation for predicted encounter results 

through the Gaussian and random forest models.  A cross-correlation plot helps to 

determine whether a relationship exists among two series or not.  The results of 

correlation between the time shift and the predicted results.  As at negative values of the 

time shift shows, the correlation is decreasing and vice versa. 

 

 

Figure 4.14 Cross-correlation for the results predicted through Gaussian model 
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Figure 4.15 Cross-correlation for the results predicted through Random forest model 

 

 

4.5.4 Accuracy of Gaussian and Random Forest Model 
The comparison of accurately predicted encounters at a specific location in different 

weeks of the month helped determine which model made accurate encounter predictions. 

Figure 4.16 shows the after-effect of hyper-tuning results of the gaussian and random 

forest models.  Figure 4.16 shows an instance of the output that was achieved after making 

a comparison among accuracies of both approaches. 

 

 
 

Figure 4.16 Graphical representation of comparison among accuracies of Gaussian and 

Random Forest Model. 

 

The graphical representation of accuracy comparison for results obtained through both 

approaches (Gaussian and Random Forest) is shown in Figure 4.16.  An evident higher 

accuracy of the Random Forest model can be seen, shown in Figure 4.16.  The highest 
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accuracy achieved by the Random forest model was for location 5, which was more than 

80%. 

 

Results were obtained through two models i.e. Random forest and the benchmark model 

(Gaussian Process).  Comparison of results clearly showed high accuracy and 

performance of Random Forest model.  The reason for this better performance is because 

of various factors that differ from Gaussian Process.  First, the Gaussian process only 

deals with the non-linear data problems, while Random forest deals with linear and non-

linear data [122] .  In the random forest encounter case, a user may have linear and non-

linear mobility patterns e.g. in the case of linear patterns, the user may have the same 

sequence for visiting different locations each day.  While for nonlinear patterns, the user 

may sometimes change the sequence of visiting different locations on different days.  

That’s why a model needs a model that can handle both linear and non-linear kinds of 

data.  Secondly, the superiority of the Random forest model is because of its group or 

cluster-based learning.  As it combines different weak learners to form a strong learner.  

The decision at a specific point is not dependent on the earlier data.  Whereas, Gaussian 

process is a complete model that relies entirely on all training instances.  For encounter 

prediction, the movement preferences of a specific user may vary on some particular day 

from his daily routine.  Hence, there is a need to make decisions based on the recent 

mobility patterns done by the random forest model. 

 

 

4.6 Summary 
 

Human mobility patterns are quite helpful in the data transmission process among 

different nodes.  The mobility patterns help to define user behaviour in the form of 

movement.  These mobility patterns help to predict the future location of a user.  The 

knowledge of the future location of users is important for inferring multiple parameters, 

i.e. next future encounter.  In this chapter, the human mobility patterns are used for an 

efficient, ensuring, and less resource (energy, bandwidth) consuming data transmission 

process.  The research is presented on encounter prediction, i.e. predicting when two or 

more users will encounter a specific place and time.  The exact encounter prediction can 

help avoid resource consumption used continuously searching for any available 

encounter.  For encounter prediction, the random forest model is used that stored the 

history of human mobility traces in tree form.  For encounter prediction, the model at first 
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predicted the next future location-based of mobile users based on the data stored in 

decision trees in the random forest model.  Based on the similar mobility preferences of 

different users, an encounter was predicted at a specific day of the month and hour of the 

day.  The encounter prediction was made based on data stored in the decision trees.  A 

mathematical representation of the random forest model shows how the encounter among 

different users is predicted using mobility history data of different users.  The model 

showed how the trees in the model grow based on the value of a random variable.  The 

steps for determining specific positions for the cuts in the tree were also explained.  The 

positions for the cuts were important for making new trees.  A scenario is given to explain 

the whole process of how the encounter prediction works.  For experimentation, the USC 

dataset is trained with Benchmark Gaussian and Random forest model.  The environment 

for experiments was developed in Python.  At first, the observed encounters were noted 

down.  For results, the encounters were predicted through both, Random forest and 

Gaussian approaches.  For results comparison, a cross-correlation was also plotted 

through both approaches.  The accuracies of predicted encounters through both 

approaches, their graphical representation, and comparison were also shown in the 

chapter.  The results showed that the accuracy of encounter prediction through the random 

forest model was quite higher than the Benchmark Gaussian model.  Even at some 

locations, the encounters were predicted even with an accuracy higher than 80%. 

 

The next chapter will show how energy consumption can be reduced through the proposed 

encounter prediction method will be explored. 
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Chaper 5  
Energy-Efficient Data Dissemination Approach using 

Multiple-Criteria decision 
 
 
5.1 Introduction 
 

Smart devices are the digital core of our lifestyle for smooth ways of conducting 

traditional everyday tasks.  These devices have many essential features, including 

usability, ease of use, and environmental awareness, which induce consumers to consider 

them personal property instead of a digital tool [123].  In addition to the vast number of 

applications available for work, entertainment, and social networking, mobile devices 

provide many methods for connecting with the rest of the world, such as cellular 

networks, Wi-Fi, and ad-hoc mode [124], and these machines have become omnipresent.  

Thus, this results in a lot of energy consumption.  There are already existing models to 

reduce energy consumption.  These also involve several challenges in the form of the 

nodes in the networks consuming their resources.  This chapter will present the Energy 

Efficient Data Dissemination Approach (EEDDA) using Multiple-criteria decisions.  The 

suggested approach will save energy in a better way by taking multiple-criteria decisions. 

 

In the previous chapter, the random forest model is used for predicting encounters among 

different users having cell phones.  The proposed work determines the exact location, and 

time, at which the encounter will occur with a specific node.  The purpose of the previous 

chapter was to reduce the resources consumed for continuously searching any available 

nearby node with which the encounter may or may not occur.  In the previous chapter, 

the human mobility patterns are used for an efficient, ensuring, and less resource (energy) 

consuming data transmission process.  In chapter 4, encounter prediction, i.e. predicting 

when two or more users will encounter at a specific place and time.  A random forest 

model is used that stored the history of human mobility traces in tree form for encounter 

prediction.  For encounter prediction, the model first predicted the next future location of 

the mobile user and stored it in a decision tree in the random forest model.  The encounter 

prediction was made based on data stored in the decision trees.  The mathematical 

representation of the random forest model is also provided.  The model showed how the 

trees in the model grow based on the value of a random variable.  The steps for 

determining specific positions for the cuts in the tree were also explained in the chapter 
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4, Random Forest Encounter Prediction Model section.  How the encounter prediction 

works is also explained with the help of a scenario. 

 

At first, the introduction and the need for an energy-efficient data dissemination approach 

using multiple-criteria decisions are mentioned.  Then some existing works and 

techniques for energy-efficient data dissemination are listed.  The model used for energy-

efficient data dissemination is explained along with the mathematical representation of 

the model.  The experiments, results, and comparison with standard techniques are also 

discussed in detail at Energy consumption model section. 

 

 

5.2 Background 
 

In the option of data transmission through the internet, energy usage depends on the 

energy used by nodes at both ends for transmitting and receiving sides to download and 

upload the amount of network equipment used, such as hops used before the final 

destination, in between.  The option of data transmission through Device-to-Device 

(D2D) energy consumption depends upon data volume, sending, and receiving sides.  Our 

goal is to find out which communication way is using less energy consumption.  In this 

chapter, the EEDDA uses multiple-criteria decision energy models.  The model shows 

the multiple-criteria decision, and based on encounter prediction results, the node decides 

to transfer the data through the internet or D2D.  The number of recent studies discussing 

and implementing D2D communications [124] is broad, ranging from those dealing with 

the discharge of mobile data traffic to those dealing with the extension of network 

coverage or sharing of content in community areas. 

 

Mobile and wireless networks are part of our lives.  More and more people are becoming 

part of interactive networks to exchange multiple details.  A Mobile Ad-hoc Network 

(MANET) is a decentralised, network-less infrastructure activity that arbitrarily switches 

wireless nodes.  The nodes communicate with nodes in the transmission range directly 

and interact with others in multi-hop communication.  Such networks are rapidly gaining 

popularity because of their easy integration.  Due to the rapid economic growth influenced 

by industrialisation and globalisation, energy consumption has been steadily increasing.  

Industry, transport, and buildings are the three main economic sectors that consume a 

large amount of energy, having the highest proportion of homes.  In mobile ad-hoc 
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wireless networks, energy consumption is a significant issue, as most mobile nodes 

operate on a limited battery resource.  The latest models for calculating energy use in 

mobile ad-hoc networks have shown that both transmission capacity and processing 

capability are involved in the various components of energy-related costs. 

 

Energy efficiency is of great importance to the research community in expanding the 

analysis to wireless networks, in general, to cope with the continued growth of energy-

demanding applications in scenarios with limited energy resources [121].  In particular, 

green radio solutions are being studied for potential wireless systems [125, 126], the base 

station side implements a discontinuous transmission mode (DTX) to reduce LTE 

communications use.  In the LTE-A standard, the discontinuous reception/transmission 

(DRX/DTX) mechanism is also defined to allow devices to go to sleep when data from/to 

the base station does not need to be received or transmitted.  For MTCs over cellular 

infrastructures, this function is certainly of particular interest.  Liang et al. [127] 

investigated that, in particular, the DRX/DTX optimisation to optimise devices’ sleeping 

cycles, ensuring their standard of service, but no one worked on multiple-criteria decision 

approaches. 

 

Based on the discussions mentioned above, surveys and classifies several energy-efficient 

mechanisms proposed for MANETs.  Generally, they can be described based on when 

the energy-saving is over.  A mobile node uses its battery power not only when it actively 

sends or receives packets but also for some particular potential contact requests from other 

nodes when it sits idle listening to the wireless medium [18]. 

 

Reliability is less in the existing models, and the outcomes through these techniques are 

not significant.  Hence, there is a need for some energy-efficient data dissemination 

techniques using Multiple-criteria decision 

 

This work has contributed to the research by presenting a model for Multiple-criteria 

decision energy consumption among different users having mobile phones.  Our proposed 

model will show the Multiple-criteria decision of node takes the decision based on 

encounter prediction results from data transfer through the internet or D2D or internet.  

The University of Southern California (USC) traces are used for this research.  The 

decision engine will help to sustain the Quality of Service (QoS) and help to save energy.  

The novelty of the work lies in the reduced resource consumption that our proposed model 
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offers.  The key idea is to minimise the infrastructure-based transmissions by best utilising 

the devices’ mobility to encounter following among smart devices through the short-

range D2D tethered communications using the internet of moving things.  Based on the 

rich opportunities for mobile experiences, this chapter has been verified based on the 

similarity study of real mobility traces.  Exist in human society.  Hence, the research is 

focused on reducing energy consumption and sustain the QoS’s. 

 

The chapter proposed the best utilisation of the existing telecommunications 

infrastructures, infrastructure-less mobile social networking in proximity, to transmit the 

traffic with delay-tolerant features.  A network model is proposed to reflect the energy 

consumption problem to measure the more efficient energy solution.  The results of 

experiments show the D2D is saving energy consumption with the help of multiple-

criteria decisions.  For the analysis of this research, an experimental setup is used to obtain 

the results for the multiple-criteria decision energy model. 

 

The conventional world has become a digital world where it is possible to access almost 

anything everywhere.  The digital society, however, is responsible for high-energy 

consumption. 

 

Several business sectors have benefited from emerging technology with technological 

developments over the last few years.  The trend is to develop more and more inventions 

to meet our daily demands.  Yet another aspect to consider is their safe and effective use.  

Advances in technology such as 3G, 4G, and 5G, and so on give us advantages but equally 

cause of high-energy consumption.  The energy conservation theory has been introduced 

to cope with this situation.  One of the main issues is to reduce network infrastructure 

energy usage by introducing various approaches, such as an energy-efficient approach to 

data dissemination. 

 

In this chapter, first, the energy challenges will be addressed and then how the EEDDA 

approach checks the encounter prediction results and stability of encounters and takes 

multiple-criteria decisions. 
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5.3. System Model for Energy Efficient Data Dissemination 

Approach. 
 

The elaboration of the system model for an energy-efficient data dissemination approach 

is given in the next paragraph. 

 

The EEDDA take the multiple-criteria decision by using the encounter probability results 

and checking the Delay time of the user, transfer time of data, encounter time of senders 

and receivers, the data size.  Then the EEDDA will decide that the data may be transferred 

through the internet or D2D. 

 

The current system first uses the USC data traces of a user having a mobile phone (node) 

taken from the building location App-based to reduce energy consumption.  An encounter 

device is used.  It will take prediction of encounter traces and IP address stability, then 

Analyse both.  After that encounter device forwards them to the decision engine.  Then 

with the help of the decision engine, data will go through the internet and sustain the QoS 

or Data travel D2D and save energy consumption.  In the last phase, the Energy Efficient 

Data Dissemination Approach using Multiple-criteria decision works for reducing energy 

consumption in the overall network. 

 

In Figure 5.1, the overall working of the energy-efficient data dissemination approach 

will examine the delay tolerance indicator concerning the user who wants to initiate the 

communication by sending the data.  Next, the proposed multiple-criteria decision 

approach will check the encounter probability between sender and receiver, then compare 

the encounter probability of both the users with delay tolerance index to ensure that both 

the user, i.e., sender and receiver, will encounter a given period. Finally, the approach 

will check the users' encounter time, i.e., sender and receiver. If the conditions are 

specified after confirming, the model would decide the mode of communication either by 

D2D or over the internet. 
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Figure 5.1 The overall working of the Energy-Efficient Data Dissemination 

Approach.  

 

 

5.3.1. Energy Consumption Model 
 

To measure the more sustainable energy solution, a network model reflects the energy 

consumption problem.  Let’s say that multiple networks are directed by G = (N, L) with 

N as some nodes and L are a set of edges in the network.  In a network, the flow of objects 

from I to j between n nodes is represented by edges (i, j), I, j ε E.  Edges have Ij E a 

potential and an energy consumption function Ci, j.  S ε N Display the vertex of the sender 

node, and transmitter x ∈ N.  Bandwidth is also based on network link capacity, and they 

are defined as Uij.  Considering the demand and source Bi < 0, in between a relay node 

with demand Bi = 0 and a demand destination Bi > 0. 

 

For prototyping, assumed a general and simplified energy consumption model for 

wireless or wired energy dissipation where the transmitter dissipates power to generate 
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radio or line electronics.  The power amplifier consumes energy to transmit traffic, and 

the receiver dissipates energy to receive and process radio or line electronics, as shown 

in Figure 5.2. 

 

 
 

Figure 5.2 A general Energy Consumption Model 

 

Taking radio transmission as an example, by setting the power amplifier accordingly, the 

power control can correct signal propagation loss.  For example if the transmission 

distance is less than the threshold d 0, the free space prorogation model is used with the 

attenuation parameter εfx.  Otherwise, the multipath (mp) propagation model is used with 

the attenuation parameter εmp: 

 

 𝐸𝐸𝑇𝑇𝑇𝑇(𝑘𝑘, 𝑑𝑑) = 𝐸𝐸𝑇𝑇𝑇𝑇−𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒(𝑘𝑘) + 𝐸𝐸𝑇𝑇𝑇𝑇−𝑎𝑎𝑎𝑎𝑎𝑎(𝑘𝑘, 𝑑𝑑) (5.1) 

 

For the case of radio transmission: 

 

 𝐸𝐸𝑇𝑇𝑇𝑇(𝑘𝑘, 𝑑𝑑) = �
𝑘𝑘 ∙ 𝐸𝐸𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 + 𝑘𝑘 ∙ 𝜀𝜀𝑓𝑓𝑓𝑓 ∙ 𝑑𝑑2, 𝑑𝑑 < 𝑑𝑑0

𝑘𝑘 ∙ 𝐸𝐸𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 + 𝑘𝑘 ∙ 𝜀𝜀𝑚𝑚𝑚𝑚 ∙ 𝑑𝑑4, 𝑑𝑑 > 𝑑𝑑0
 (5.2) 

 

where Eelec is the energy consumed by the transmitter.  It depends on variables such as 

the processing of digital coding, modulation, and filtering signal.  As for the power used 

by the amplifier, the distance to the receiver and the acceptable bit error rate depends on 

it.  It is possible to measure the energy consumption of the data obtained by:  

 

 𝐸𝐸𝑅𝑅𝑅𝑅(𝑘𝑘) = 𝐸𝐸𝑅𝑅𝑅𝑅−𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒(𝑘𝑘) = 𝑘𝑘 ∙ 𝐸𝐸𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒  (5.3) 
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Based on the above general energy consumption model for communications, two 

significant and changeable factors will change the overall energy consumption.  It is 

compared to the energy consumed by the electronic components and the signal processing 

mechanism in the transmitter, receiver, and relay amplifiers, as seen in the amount of data 

k and the transmission distance.  Can the transmission distance d that is being traversed 

through the networks be reduced? The shorter the transmission distance, in other words, 

the lower the consumption of electricity.  The minimum cost flow issue for the various 

data volume numbers is clarified, and less energy consumption is measured by moving 

the data between two locations and nodes.  Multiple-criteria decisions based on encounter 

prediction for EEDDA. 

 

 

5.3.2 Energy Consumption model for Device to Device and Internet 
 

When sending data through the internet, data will be submitted to the core network and 

forwarded according to the TCP/IP concept, and, on the other hand, it will be downloaded 

from the core network.  Energy usage depends on the energy used by the transmitting and 

receiving sides of the nodes for downloading and uploading at both ends.  The number of 

network devices used between routers/hops is used until the final destination.  The delay 

value depends on the bandwidth used and the storage space available to carry data in 

equation (5.4); INodes is the power consumed by nodes for uploading and downloading. 

 

 𝐼𝐼𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 = 𝑚𝑚𝑚𝑚𝑚𝑚 �
𝑚𝑚
𝑏𝑏1

,
𝑛𝑛
𝑏𝑏0

(∇𝐸𝐸𝑚𝑚 + ∇𝐸𝐸𝑛𝑛)� (5.4) 

 

where 𝑏𝑏1 and 𝑏𝑏0 the bandwidth upload and download of the node that sends and receives.  

In our case, each node's upload and download bandwidth is 0.1 Mbits/s and 1 Mbits/s for 

uploading and downloading data to the internet.  During data transmission, the difference 

in power consumption by a node is Em. 

 

 𝐶𝐶𝑏𝑏𝑏𝑏𝑏𝑏 =
𝑃𝑃1

𝑏𝑏  (5.5) 

 

where n represents as the number of bits being exchanged, b is the highest bandwidth 

used, and P - 1 is the maximum power extracted by a device.  The incremental energy 
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cost of one-bit transfer to model the energy usage of network equipment will also be 

considered. 

 

 𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑛𝑛 × 𝐶𝐶𝑏𝑏𝑏𝑏𝑏𝑏 (5.6) 

 

Also, the overall incremental transmission energy cost should be considered as the 

amount of node energy consumption and the total node per node.  Where k is the number 

of network devices used during the connexion, in the EEDDA case study, suppose there 

are three switches, two core routers, and two edge routers in both places.  Energy 

consumption can be estimated from equation (5.7), as each nodes’ total energy and energy 

usage. 

 

 𝐸𝐸𝑐𝑐 = 𝐼𝐼𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 + � 𝐼𝐼𝑖𝑖𝑖𝑖𝑖𝑖1

𝑛𝑛

𝑗𝑗=1

 (5.7) 

 

The D2D communications technologies have been developed recently, and the smart 

devices nearby You can directly interface with each other and structure a communication 

network.  Instead of transmission through the devices, data traffic can be offloaded to the 

D2D network infrastructures such as base stations. 

 

For example, some clients download substances from BSs by approving internet 

communications, while others might recover substances from their associates.  D2D 

messages, along these lines, significantly reduce the limit requests in BSs and likewise 

reduce BS energy consumption [125], calculating the D2D energy data sent 

independently to N users, according to the equation (5.8): 

 

 𝐷𝐷𝐷𝐷 = 𝑅𝑅𝑓𝑓 ∗ �𝑈𝑈𝑝𝑝 + ∇𝐿𝐿𝑇𝑇𝑃𝑃𝑃𝑃� ∗ (𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝐴𝐴𝐼𝐼)⁄  (5.8) 

 

Up = Minimum active power unit 130W, Rf = number of radio frequencies 6, ∇L = linear 

transmission dependence factor 4.7, Smbps = Data size 20 Mbps, TPX = Transmission 

power, AI = Air interface 4.  

 

 



Chapter 5 

106 

5.3.3 Multiple-criteria decision model among traditional and Device to 

Device network 
 

Algorithm 1 in Figure 5.3 shows the multiple-criteria decision model math.  Inputs of the 

multiple-criteria decision model are some variables which are declared at the start of the 

model which includes, Users denoted by u1 to un, Time Encounter by user EP(u), the 

maximum time to transfer denoted by T, Delay Tolerance Indicator in days denoted by 

DTI(d) and location of users denoted by Loc(u).  The output of our proposed Multiple-

criteria decision model is the selection of optimal data transmission mode, i.e. D2D or 

over the internet between users.  The output of the proposed model will be purely based 

on values of defined variables at the first instance of the model. 

 

 
 

Figure 5.3 Multiple-criteria decision Model 
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Operations of the proposed multiple-criteria decision model are explained step by step 

below: 

• First, the model will examine the delay tolerance indicator concerning the user 

who wants to initiate the communication by sending the data.  Line 2 in algorithm 

1 illustrates the mathematical form of this statement.   

• Next, the proposed multiple-criteria decisions will check the encounter probability 

between sender and receiver, as per line 3 of the algorithm.   

• Line 4 of algorithm 1 illustrates the comparison of encounter probability of both 

the users with delay tolerance index to ensure that both the user, i.e. sender and 

receiver, will encounter a given period.  The results of encounter probability, its 

extracted via the Random Forest Model.  In the previous chapter, the Random 

Forest model is discussed and demonstrated. 

• Line 5 in the multiple-criteria decision algorithm above will check the encounter 

time of both the users, i.e. sender and receiver. 

• If the conditions specified above met for all the users after confirming in line 6 

and 7 of algorithm 3, the model would decide the mode of communication either 

by D2D or over the internet based on the following conditions. 

 

If encounter time is less than equal to Maximum Time = (data volume/ data transfer rate), 

the data will transmit via D2D mode; otherwise, data transfer over the internet. 

 

The following examples illustrate the selection of data transmission modes by multiple-

criteria decisions in different cases. 

 

For example, the direct data transmission range is 250 Mbps via a Wi-Fi link.  In the 

EEDDA case, it is assumed that the ideal data transmission rate of 200 Mbps by reserving 

50 Mbps for obstacles and other communication barriers between source and destination 

user.  Hence: 
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As 0.5 1<  it means data is possible to transmit within a threshold time.  Hence, upon 

meeting all other conditions, communication between 𝑢𝑢𝑠𝑠 and 𝑢𝑢𝑟𝑟will happen in 2D D

manners. 

 

Now, look at the other side of a pillar, assume the data required to send by 𝑢𝑢𝑠𝑠to 𝑢𝑢𝑟𝑟While 

communication is 250MB instead of 200MB as per the previous example.  Now; 

  

250
200
1

250 1.25
200

s

r

Th

s

r

D MB
D Mbps
T s
D MB s
D Mbps

=
=
=

= =
 

 

As 1.25 > 1 so last condition set in the algorithm returns false.  Therefore, communication 

will be occurred over the internet via LTE mode despite all other conditions return true. 

 

 

5.4 Numerical Studies: 
The numerical studies describe the Comparison of Energy Consumption for the Device 

to Device and the Internet. Multiple-criteria decision model effect on energy consumption 

based on data size, number of users, delay. 

 

 

5.4.1 Comparison of Energy Consumption for the Device to Device 

and the Internet. 
 

The EEDDA Energy-Efficient Data Discrimination Approach is used to minimise energy 

consumption and sustain QoS.  The results provided in section 5.4 prove the minimised 

energy consumption cost for data transfer through the device to device or internet. 

 

This chapter considers three parameters that affect energy consumption.  These 

parameters are distance among sender-receiver, data size to be sent, the number of users 

on the network, and the delay of time (the user wants to send the after some time).  

Distance between two users plays a vital role during communication.  The size of the data 
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defines how much data two users wanted to transmit which each other.  The number of 

users also affects the performance due to bandwidth limitations; as the number of users 

on the networks increases, the delay in transferring the information between two users 

increases.  The importance of the data also defines what the worth of data is.  Do you 

need it on an urgent basis, or can you send it later. 

 

This work is focused on the effects of these parameters on energy consumptions between 

D2D and through internet communications.  Only those parameters are chosen which 

have a direct impact on energy consumption.  The section discusses data size and the 

number of users on energy consumption between D2D and internet communications. 

 

 

5.4.2 The Effect of Data Size on Energy Consumption 
 

Data size is another parameter that plays a crucial part in energy consumption in the data 

transmission process. 

 

The total energy consumption of a specific amount of bit can be calculated using the 

amount of energy consumed by sending and receiving nodes and all the switching and 

routing equipment routing data between two nodes.  The total energy consumption can 

be calculated using equation (5.4) which gives us the energy consumptions between two 

nodes.  The parameters m and n define the number of the bits which need to be transmitted 

between two nodes.  The incremental energy cost is given by using equation (5.6), while 

equation (5.5) provides the maximum energy consumed for a given bandwidth.  The total 

energy for the communication between two nodes on the internet is calculated using 

equation (5.7).  The energy consumption using D2D is calculated through equation (5.8). 

 

To calculate the effect of varying data size on energy consumptions, considering the 

EEDDA case study where communication is done between two nodes.  While assuming 

the number of nodes in equation (5.7) remains fixed, the effects of direct changing the 

data size on energy consumption can be seen.  The data size is changed from 0.5Tb to 

64Tb, and the energy consumption for both the internet and D2D is calculated.   

Figure 5.4 shows a comparison of energy consumption according to data with varying 

sizes.  The experiment was performed for the same group of people as in the section.  The 

energy is consumed more when data is sent through to the internet. This is because big 
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data size requires more time and energy for uploading on the internet and then for the 

transmission to the destination.  In this, the sender and receiver’s data is calculated with 

various data sizes and calculated the energy with both aspects, transfer through D2D and 

Internet.   

The plot depicts that as the data size increases, the energy consumption in the case of the 

internet is extremely high compared to D2D communications. 

 

 
 

Figure 5.4 The comparative analysis of energy consumption based on Data size 

 

 

5.4.3 Effect number of users on Energy Consumption 
 

To evaluate the effects of an increasing number of users in terms of energy consumption, 

utilising the growing number of nodes while keeping the data size fixed in both internet 

and D2D communications.  The effect of the increasing number of nodes is discussed in 

both cases.  The number of nodes is increased from 10 to 200 while considering a campus 

scenario where users wanted to transfer a varying data size between them.  The individual 

user’s energy is calculated and added to calculate the overall power of the users.  The 

number of nodes and other parameters remains fixed for fair evaluations.  As the number 

of users increased, the amount of energy consumption between them grew in an 

exponential form.  The change in energy consumption in the case of D2D communication 

is lower as compared to the internet.  The results of this case study are shown in  

Figure 5.5.  Normally, if the number of users increases, energy consumption transmitting 
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data in the network is high, but still, it is low compared to that consumed for data transfer 

using the internet. 

 
 

Figure 5.5 The comparative analysis of energy consumption based on No of users. 

 

This plot is based on our energy model.  This plot shows that 200 nodes transfer the data 

through the D2D, then how much energy will use and if the same 200 nodes send the data 

through the internet, how much energy will be used.  These nodes select the data size 

randomly.  Now, it can be seen when ten users send the data through D2D, then  

139 Joules J of energy is used in the same scenario when ten nodes send the data through 

the internet 684 J will use.  It clearly shows that the internet uses more than then1/3 energy 

than D2D; even reach 200 users in D2D use 6096 J energy when the internet uses 203 J 

energy simultaneously.  This shows that D2D is more efficient. 

 

 

5.4.4 Delay and Multiple-criteria decision model effect on energy 

consumption 
 

The multiple-criteria decision model is used to select the preferable mode of 

communication between two nodes.  The multiple-criteria decision model considers the 

traces of the communication to consider to select the mode of communication.  The model 

chooses the mode for a specific time interval between the user, and after that specific 
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time, the model will again decide the mode of selection between two devices.  Each data 

has a different sensitivity.  Suppose the time interval in which data must be transmitted is 

increased.  In that case, more users can be physically located in the same location so that 

the multiple-criteria decision model will select a device.  For generating these plots, the 

USC dataset is used to contain the traces of the user in the form of id, start time, end time, 

person, and location.  The multiple-criteria decision model uses the traces of the users to 

select the optimal model of communication between using their time and location during 

a specific time interval.  The users are located in 6 possible locations and traces for seven 

days from Monday to Sunday.  The traffic demand between the users is selected using a 

random size of data between different users. 

 

To calculate the impact of the delay, the EEDDA utilises a multiple-criteria decision 

model that calculates the optimal way of transferring the data based on the prediction 

based on a specific time slot and specific location.  Each data has a different severity 

level, and some data needs to transmit immediately while others can be transmitted in 

several days. 

 

The plot shown in Error! Reference source not found. compares ‘Energy consumption 

using multiple-criteria decision model vs delay.’ They showed how the delay affects 

choosing the network to transfer the data and its impact on energy consumption.  The 

multiple-criteria decision models will only allow one permissible connection between two 

nodes, as given in equation (5.4).  Two nodes can transmit data either using D2D or 

through the internet.  The EEDDA model ensures only one connection between two nodes 

will select an optimal approach to transfer the data through D2D or internet 

communication.  The model will utilise the traces of the users to decide the mode of 

communication between users.  The multiple-criteria decision model will do away with 

selection for users’ requests and also determine the connection activation.  A user can be 

either a D2D user or an internet user at any given time frame.  The traceability information 

is needed for the multiple-criteria decision model for selecting the mode of 

communication between two users at any given time interval.  The decisions upon the 

possible way of selection are made based on previous traces.  If two users are not meeting 

in a given time frame, the model will prefer to send data through the internet.  If they are 

expected to meet in a given time frame, the system will transfer the data between these 

users using the D2D approach to minimise energy consumptions. 
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The results shown in Figure 5.6 come from Algorithm-1 in Figure 5.3; the multiple-

criteria decision model will decide the optimal mode of communication between different 

user’s demands.  For generating the result, the USC traces of the users are used.  The 

user’s data demands are fixed and only contain the user’s traces.  The results are generated 

by assuming 200 users.  The delay for demands of the data transmitting is considered for 

day-1, day-2, day-3, day-4, and day-5. 

 

 
 

Figure 5.6 Energy Consumption vs Delay 

 

This comparison plot shows as delay increases the more data will transfer through D2D.  

A set of 200 nodes communicating the data to each other in random data size, based on 

multiple-criteria decisions to decides the data may transfer through D2D or the internet. 

 

On the 1st day, the ten users seem to appear in the same physical location as each other, 

transferring the data through D2D communication, and consuming 139 J of energy.  The 

other 190 users are transferring the data through the internet, consuming an energy of 

9990 J. 

 

On the 2nd day, the 48 users can appear at the same location and transfer the data through 

D2D, consuming energy of 1183 J.  Other users are transferring through the internet, 

consuming an energy of 8049 J. 
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On the 5th day, the 185 users can appear at the exact location and transfer the data through 

D2D, consuming energy of 6096 J.  The other 15 users are transferring the data through 

the internet, consuming an energy of 342 J. 

 

It shows as delay increases, the more chances of data transferred through D2D.  If data is 

not urgent, the delay option is better to transfer the data and save energy without 

compromising the QoS. 

 

The user modes are decided based on their traces, so to sustain the QoS, our model 

EEDDA approach ensures the data delivery through the internet. 

 

Considering the results of this plot, it can conclude that the delay option is efficient as the 

delay option may transfer the data through D2D and save energy.  The results concluded 

that the multiple-criteria decision model becomes an optimal approach if the severity of 

the data is low, which can be transmitted in multiple days.  More data will be sent through 

D2D modes, resulting in optimising the energy consumption between the users. 

 

 

5.4.5. Energy Comparison based on the availability of users at each 

location. 
 

EEDDA model optimises the power consumption by using the multiple-criteria decision 

model for the availability of users on a specific location. 

 

For the case study, the five different locations are considered with 200 users on each 

location who wanted to communicate with each other.  After utilising the multiple-criteria 

decision model on each location, assuming the different percentage of users physically 

available at the same location such as location-1 has 45% of the total users; total users 

available at location-1 are 90.  The location-2 has 55% of the total users; the total users 

available at location-2 are 100.  Location-3 has 70% of the total users; the total users 

available at location-3 are 140.  location-4 has 85% of the total users; the total number of 

users available at location-4 is 170; location-5 has 45% of the total users, total users 

available at location-5 are 190. 
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Our multiple-criteria decision model will choose D2D communication for the transfer of 

data based on the available users on each location, and the remaining users will transfer 

the data through the internet. 

 

The EEDDA decides for the network; for example, if users want to transmit the data at 

location 1, the model will check the similar user for location-1.  These users send the data 

through D2D communication rest of the user’s data will be transferred through the 

internet. 

 

It is evident from Figure 5.7 that as the number of availability of users increases in the 

exact location, most data will be transferred through D2D communication and result in 

reducing the total energy consumption. 

 

 
 

Figure 5.7 Energy consumption vs location 

 

The plot shows that EEDDA is utilising a multiple-criteria decision model for energy 

consumption as compared to internet communication.  The EEDDA results in less energy 

consumption as compared to the normal flow of communication (internet). 
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5.5 Energy-Efficient Data Dissemination Approach Privacy and 

Profiling Issues 
 

Realistically, implementing any D2D communication paradigm need to incorporate the 

security mechanism for privacy and profiling control mechanism.  Several questions need 

to be addressed to realise efficient EEDDA network architecture.  In the first place, 

EEDDA proposes a network paradigm in which D2D can directly exchange information 

with delay-tolerant nature to deviate from the infrastructure-based transmission approach.  

These devices may have limited processing ability to perform cryptographic computation 

and cryptographic key management; the devices are autonomous and sometimes 

anonymous and distributed in nature.  How can a device know whether its communication 

partner is genuine or malicious? Can the request, content, or message from any mobile 

device be trusted? How can the devices perform self-organisation processes to provide a 

secure network paradigm with a high QoS and absolute privacy control? To fully answer 

these questions, EEDDA architecture needs to incorporate a mechanism for efficient 

traffic filtering control.  In this line, a distributed algorithmic approach is required for 

tracking the operating state and characteristics of packet context and network connections 

for dynamic packet filtering; and data transmission control across devices.  EEDDA 

anticipates a significant privacy control mechanism through developing a distributed 

context-aware trust algorithm, traffic engineering decisions, and a stateful traffic 

mechanism for privacy and profiling handling in EEDDA architecture. 

 

Finally, it needs to state that the current proof-of-concept on the EEDDA paradigm does 

not yet lend itself to sweeping prescription.  Nevertheless, this research direction is 

thought-provoking and paving a new conversation and research direction for researchers 

to rethink and redesign more sustainable communications and networking by fully 

exploring the existing infrastructures of telecommunications, transportations and social 

networking, as well as the mobility and encounter opportunities of the moving objectives, 

include human and things. 
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5.6 Summary 
 

A new approach to taking multiple-criteria decisions to reduce energy usage and maintain 

the standard of service was suggested in this chapter.  Our proposed EEDDA approach 

checks the availability and stability of users and decides for networks. 

 

Our EEDDA decides on a network (D2D or Internet) to transfer data based on the 

availability of users (location and time). 

 

The work best utilises the existing infrastructures of telecommunications, infrastructure-

less, mobile social networking in proximity, to transmit the traffic with delay-tolerant 

features.  The key idea is to reduce the infrastructure-based transmissions by utilising the 

devices’ mobility to encounter stalking among intelligent devices through the short-range 

D2D tethered communications using the internet of moving things.  A case study and a 

mathematical model are presented to minimise energy consumption.  The results show 

that the proposed model is more efficient in terms of energy consumption.  The results 

are verified for the device to device and the internet.   

The case study mentioned in this chapter offers clear evidence that substantial energy 

savings can be achieved while ensuring data transmission.  To create more adaptable data 

delivery methods, complex mobility models are to be used. 
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Chaper 6  
Conclusion 

 

 

Smart devices are our lifestyle’s digital centre for smooth ways of accomplishing 

traditional everyday tasks.  Such devices have many robust features, including mobility, 

ease of use, and knowledge of the surrounding environment, which induce consumers to 

consider them a private asset rather than a digital tools.  In addition to the vast number of 

applications available for work, entertainment, and social networking, mobile devices 

provide many methods for connecting with the rest of the world, such as cellular 

networks, Wi-Fi, and ad-hoc mode.  Today, mobile devices are now fitted with a rich 

array of devices and communication interfaces that provide different details about the 

user’s environment and condition, such as their current position and motion.  The 

mobile’s microphone, camera, and communication interfaces, including Wi-Fi and 

Bluetooth, can be utilised as devices to reveal decisive information about the environment 

nearby. 

 

The purpose of this thesis is to evaluate sustainable next-generation network design.  A 

new advancement for energy efficiency in the opportunistic network is proposed using 

social awareness and delay-tolerant approaches.  In this way, the solution presents that 

user mobility similarity matrixes can help implement energy-saving while making a more 

effective decision in forwarding messages.  The co-occurrence matrix will help to show 

the user’s mobility pattern or encounter.  Based on encounters, it can be analysed that the 

data will be transferred through D2D, and the energy will be saved.  To contribute new 

knowledge and solutions to prove that this idea is better than traditional approaches to 

sustain QoS and energy efficiency simultaneously.  A proposed network model represents 

our problem to calculate a more sustainable energy approach. 

 

This thesis proposed utilizing the existing telecommunications infrastructures, 

infrastructure-less mobile social networking in proximity, to transmit the traffic with 

delay-tolerant features.  Our experiments show that the D2D saves energy consumption 

with the help of multiple-criteria decisions.  An experimental setup is used to analyse this 

research and obtained results for the multiple-criteria decision energy model. 
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6.1 Summary of Contributions 
 

Mobile and wireless networks are part of our lives.  More and more people are becoming 

part of interactive networks to exchange multiple details.  A Mobile Ad-hoc Network 

(MANET) is a decentralised network-less infrastructure job in which wireless nodes 

switch arbitrarily.  The nodes communicate directly with nodes in the transmission range 

and engage with others in multi-hop communication.  Such networks are rapidly gaining 

popularity because of their easy integration. However, due to the rapid economic growth 

influenced by industrialisation and globalisation, energy consumption has steadily 

increased in recent years.  Industry, transport, and buildings are the three main economic 

sectors that consume a large amount of energy, having the highest proportion of homes.  

Energy consumption is a significant problem in mobile ad-hoc wireless networks, as most 

mobile nodes run on a small battery resource.  Current models for measuring energy usage 

in mobile ad-hoc networks have shown that the different components of energy-related 

costs involve both transmission power and processing capability. 

 

Device-to-device (D2D) connectivity has been suggested as an underlying coexistence 

with cellular networks to increase cell throughput and save the device’s transmitting 

capacity.  D2D connectivity underlying cellular networks has also gained significant 

attention recently.  The reason for this study, which is the identification of a research gap 

between the studies in the computer network, similarity analysis, encounter prediction on 

‘D2D’ versus Internet communication, and saves energy consumption from sustaining 

QoS, has been verified from the literature review in these areas in Chapter 2. 

 

Chapter 3 summarises similarity analysis in which a relationship is developed between 

distance and node energy use.  The distance from data transmission is a key but variable 

factor contributing to the overall energy usage.  It is clear that the longer the period of 

transmission, the greater the overall energy consumption.  Second, it consists of a 

background that provides a complete summary of human mobility activity features, 

distorted location visiting preferences, mobility heterogeneity, mobility correlations, IP 

address, and MAC address.  Chapter 3 offers a brief description of trends for similarity 

analysis.  Our proposed approach in this chapter utilises system details, i.e. IP address 

and MAC folder.  The proposed solution assumes that all users have the same accessibility 

character rather than provide unique data communication networks.  The same network 

helps to display specific mobile behaviours.  
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A few novel conduct mindful conventions and directions are intended for DTNs, utilising 

closeness as a foundation for their engineering.  In the chapter, the spatial-fleeting conduct 

closeness profiles among portable clients are examined.  When characterising versatility 

profiles dependent on clients’ affiliation frameworks and afterwards utilise indirect 

similarity method-based-weighted similarity records to look at these versatility profiles 

quantitatively. 

 

The Similarity Analysis Approach (SAA) is provided for finding behaviour similarity of 

users’ mobility.  First, it is shown how our mobile phone can be used as a user’s mobility 

behaviour analyser.  Most people carry their mobile phones with them throughout the 

day; hence it is the most suitable and cost-efficient way of analysing mobility behaviour.  

The existing mobility modelling approach for data transmission among users is also 

provided.  At first, there is a need to find the similarity among user’s behaviour; the 

spatial-temporal parameters of a mobile user and the device-network information of the 

mobile node is used. Then, the spatial preferences of a user are provided along with 

temporal values at which a particular location was visited.  The mathematical way of 

calculating the similarity was provided in the third chapter.  For experiments, the mobility 

traces of users from different campuses, i.e. (campus1, campus2, …, campus6) are used.  

After extracting the spatial-temporal associations of traces, it is stored in the co-

occurrence matrix and normalised the time associations, use the direct similarity method 

to conclude the similarity.  The whole process of calculating behavioural similarity is 

explained through the case study.  In experiments, similarity analysis of the processed 

data is performed and calculated the similarity of different users on different days and 

different campuses.  In the future, it is the plan to further investigate similarity modelling 

and prediction and introduce new methods and approaches for similarity analysis. 

 

Second, the description of the prediction of encounters using a random forest model is 

provided.  Chapter 4 compared and Analysed the Gaussian process and random forest 

using data traces of real-world mobility and showed how these results of encounter 

predictions save more energy.  The precision of expected encounters at different locations 

is calculated by all methods to fit the products provided by the Gaussian and Random 

Forest models.  Such studies compared the expected encounter precisely at a similar 

location in different weeks of the month.  Also, in this chapter, the Random forest model 

is used to predict user encounters.  The proposed work determines the exact location, and 

time, at which the encounter will occur with a specific node.  The purpose of the encounter 
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prediction chapter was to lessen the resources consumed for continuously searching any 

available nearby node with which the encounter may or may not occur. 

 

The human mobility patterns for an efficient, ensuring, and less resource (energy) 

consuming data transmission process in the previous chapter.  The encounter prediction 

is presented, i.e. predicting when two or more users will encounter a specific place and 

time.  A random forest model is used that stored the history of human mobility traces in 

tree form for encounter prediction.  For encounter prediction, the model first predicted 

the next location-based of mobile users based on the data stored in decision trees in the 

random forest model.  The encounter prediction was made based on data stored in the 

decision trees.  A mathematical representation of the random forest model is also provided 

that shows how to encounter different users is predicted using the mobility history data 

of different users.  The model showed how the trees in the model grow based on the value 

of a random variable.  The steps for determining specific positions for the cuts in the tree 

were also explained.  The process of working encounter prediction is presented with the 

help of a scenario.  At first, the introduction and the need for an energy-efficient data 

dissemination approach using multiple-criteria decisions are mentioned.  Then some 

existing results and techniques for energy-efficient data dissemination are listed.  The 

model used for energy-efficient data dissemination is explained along with the 

mathematical representation of the model.  The experiments, results, and comparison with 

standard techniques are also discussed in detail at the end. 

 

In the option of data transmission through the Internet, energy usage depends on the 

energy used by nodes at both ends for transmitting and receiving sides to download and 

upload and the amount of network equipment used, such as hops used in between before 

the final destination.  Data transmission through D2D energy consumption depends upon 

data volume, sending, and receiving sides.  Our goal is to find out which communication 

way is using less energy consumption.  In chapter 5, multiple-criteria decision energy 

models are used.  The model shows the multiple-criteria decisions, and based on 

encounter prediction results, the node decides to transfer the data through the Internet or 

D2D.  The number of recent researches addressing D2D communications [2] and their 

implementations is wide. It ranges from those addressing offloading mobile data traffic to 

those dealing with the extension of network coverage or sharing of content in community 

areas. 
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The human mobility patterns are used for an efficient, ensuring, and less resource (energy, 

bandwidth) consuming data Transmission process.  The proposed model knows energy 

use about occupant behavioural trends from the building.  In the encounter prediction, i.e. 

predicting when two or more users will encounter at a specific place and time.  The exact 

encounter prediction can help avoid resource consumption used continuously searching 

for any available encounter.  The random forest model is used to store the history of 

human mobility traces in tree form for encounter prediction.  For encounter prediction, 

the model at first predicts the next future location.  Then based on similar mobility 

preferences, an encounter is predicted at a specific day of the month and hour of the day.  

A mathematical model is provided to encounter the prediction of different users.  For 

experimentation, The USC dataset is trained with Benchmark Gaussian and Random 

forest model.  The results were computed for observed and predicted encounters through 

both approaches.  The accuracy of predicted encounters and their comparison were also 

shown in chapter 5.  The results showed that the accuracy of encounter prediction through 

the random forest model was relatively higher than the Benchmark Gaussian model.  Even 

at some locations, the encounters were predicted even with accuracy higher than 80%.  

The Gaussian process and random forest are compared and analysed using real-world 

mobility data traces and show how these encounter prediction results save around 30% of 

the energy used compared to other communication models and show that device to device 

(D2D) are better than the internet.  Our proposed method can save energy using the 

Random Forest Model.  In the future, it is the plan to investigate energy-saving models. 

 

Human versatility designs are beneficial in information transmission measures among 

various hubs.  The portability designs help to characterise client conduct as development.  

These versatility designs help to predict the future area of a client.  The information on 

the future area of clients is significant for inducing different boundaries, for example, next 

future experience.  This section has utilised human portability designs for a productive, 

guaranteeing, and less asset (energy, transfer speed) burning-through information 

transmission measure.  It is introduced to deal with experience forecast, for example, 

foreseeing when at least two clients will experience at a particular spot and time.  The 

specific experience forecast can assist with evading asset utilisation that is utilised 

consistently, looking for any accessible experience.  For experience forecast, an irregular 

backwoods model is utilised to put away the historical backdrop of human versatility in 

a tree structure.  For experience forecast, the model anticipated the following future area 

put together of portable clients based on the information put away in choice trees in the 
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arbitrary backwoods model.  In light of the comparative portability inclinations of various 

clients, the experience was anticipated at a particular day and hour of the day.  The 

experience forecast was based on information put away in the choice trees.  A numerical 

portrayal of an arbitrary woodland model is given that shows how to experience among 

various clients is anticipated utilising versatility history information of multiple clients. 

 

The USC dataset with Benchmark Gaussian and Random woods model is prepared for 

experimentation.  The climate for tests was created in Python.  From the outset, the 

watched experiences were noted down.  For results, the experiences were anticipated 

through both, Random timberland and Gaussian approaches.  A cross relationship was 

also plotted through the two methodologies for results examination.  The correctness of 

anticipated experiences through the two methodologies, their graphical portrayal, and 

correlation have additionally appeared in part.  The outcomes indicated that the precision 

of experience expectation through the irregular old models was lower than the Benchmark 

Gaussian model.  Indeed, even in certain areas, the experiences were predicted even with 

accuracy higher than 80%. 

 

Thirdly, uses several decisions to present an energy-efficient data dissemination approach 

was presented in chapter 5.  This chapter will address the challenges of energy first and 

then how the EEDDA approach checks the encounter prediction results and stability of 

encounters and make multiple-criteria decisions. 

 

System Model for Energy Efficient Data Dissemination Approach is proposed in chapter 

5.  Then,  explained the transmission of data through an internet network.  The device-

internet and device-device energy usage are analysed.  In the proposed approach, EEDDA 

sustains the QoS (Quality of Service). 

 

Fourthly, this proposed approach takes multiple-criteria decisions to reduce energy 

consumption and sustain the Quality of service.  In chapter 5 EEDDA  take the results of 

chapter 4 encounter prediction based on prediction results to check some specific 

condition such as encounter time, data size, delay, etc. and based on these take the 

decision the data goes to the internet of the device to device. 

 

Our proposed EEDDA approach checks the encounter prediction results and stability of 

encounters and takes multiple-criteria decisions.  The work is the best utilisation of the 
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existing telecommunications infrastructures, infrastructure-less mobile social networking 

in proximity, to transmit the traffic with delay-tolerant features.  The key idea is to reduce 

the infrastructure-based transmissions by utilising the devices’ mobility to encounter 

stalking among intelligent devices through the short-range Device-to-Device (D2D) 

tethered communications using the Internet of moving things.  As the last chapter 5, this 

thesis also presented a case study and a mathematical model for minimised energy 

consumption.  The results show that the proposed model is more efficient in terms of 

energy consumption.  The results are verified for the device to device and the internet.  

Clear evidence is shown that substantial energy savings can be achieved while ensuring 

data delivery with the help of the case study.  The work has contributed to the research 

by presenting a model for multiple-criteria decision energy consumption among different 

users having mobile phones.  The proposed model will show the numerous decision of 

node takes the decision based on encounter prediction results in data transfer through the 

D2D or Internet. 

 

The ‘novelty of the work’ lies in the reduced resource consumption that our proposed 

model offers.  The key idea is to minimise the infrastructure-based transmissions by 

utilising the devices’ mobility to encounter stalking among smart devices through the 

short-range Device-to-Device (D2D) tethered communications using the Internet of 

moving things.  Based on the similarity analysis of the real mobility traces, this thesis has 

confirmed the rich opportunities for mobile encounters in human society.  Hence, in this 

research, the proposed model EEDDA reduces energy consumption and sustains the 

Quality of Services. 

 

The thesis proposed the best utilisation of the existing telecommunications 

infrastructures, infrastructure-less mobile social networking in proximity, to transmit the 

traffic with delay-tolerant features.  The results of our experiments show the D2D saves 

energy consumption with the help of multiple-criteria decisions.  This thesis addressed 

the energy challenges first and then gave models and approaches to overcome them. 
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6.2 Future Work 
 

The study of the impact of the proposed solution on D2D communication and the study 

of the energy consumption introduced by this approach remains part of our ongoing and 

future research work. 

 

Considering the work covered in this thesis occurred within the constraint of a limited 

period and the expected development of the future network, it would be helpful to 

highlight some future areas to be further investigated. 

 

Future work evaluates the proposed work against scalability, evaluates different data 

communication problems, and applies the algorithm for different attacks during data 

transfer. 

 

First, to build more adaptable data distribution approaches, it is expected to use the 

complex mobility models and consider some unpredictability of public transport 

movements.  Secondly, there should be more approaches for similarity that must be 

introduced for different scenarios.  In the future, the researchers may propose more 

models that may help reduce energy consumption using the encounter prediction method. 

Finally, more research is needed to combine and integrate some of the approaches 

presented in this thesis to keep better communication functioning for a longer duration. 
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