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Abstract

Human mobility prediction has attracted a lot of attention because it plays the key point for

the success in a variety of applications ranging from location-based recommendation systems

to epidemiology. Therefore, the purpose of this thesis is to answer two main questions in

human mobility prediction: where a person is most likely to visit and whom a person is

most likely to meet. Accordingly, two prediction models which estimate the most probable

future locations and encounters are proposed.

In the first model, we aim at estimating the next location of a person-of-interest even

when the recent information about the position of that person is unknown. Motivated by

the fact that the behavior of an individual is greatly related to other people, a two-phase

framework is proposed, which first finds persons who have highly correlated movements with

a person of interest, then leverages the position information of selected persons to predict the

person-of-interest’s location. For the first phase, we propose two methods: community in-

teraction similarity-based (CISB) and behavioral similarity-based (BSB). The CISB method

finds persons who have similar encounters with other members in the entire community. In

the BSB method, members are selected if they show similar behavioral patterns with a given

person, even though there are no direct encounters or evident co-locations between them.

For the second phase, a neural network is considered in order to develop the prediction

model based on the selected members.

The purpose of the second model is to design a low cost, high accurate human encounter

prediction framework that can be applied to large-scale networks. Taking inspiration from

the advantages of the distributed system (e.g., low cost and ease of scaling up) and the

temporal dependency of human mobility, we propose the distributed human encounter pre-

diction (DHEP) model, which uses the mobility history of only the person of interest to

estimate future encounters of that person. The DHEP model based on a recurrent neural
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network is constructed, in which recent encounter information is captured and used to make

future contact predictions. In addition, for devices with constrained computation capability,

we design a feed-forward neural network-based DHEP model which contains a much smaller

number of model parameters. Also, an embedding model that learns the low-dimensional

representation of a person’s location is proposed in order to accelerate the training of the

prediction model.

Extensive experiments have been conducted to evaluate the performance of the proposed

prediction models with a variety of parameters on different large mobility traces (e.g., MIT,

Dartmouth, and UB datasets). The evaluation results show that the designed frameworks

achieve higher performance in terms of predictive accuracy than existing studies. Specifically,

the human location prediction model under the BSB method outperforms other selection

methods on considered datasets. Moreover, the decentralized encounter prediction model

with low overhead and high accuracy can protect data privacy and can be applied to large-

scale networks.

Thesis Supervisor: Yoon Seok Hoon
Title: Associate Professor
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Chapter 1

Introduction

1.1 Predicting Human Mobility in Large-scale Networks

The ability of understanding and predicting human mobility plays an important role in a

variety of areas, such as location-based recommendation systems, urban planning, traffic

forecasting, contagious diseases control, geographic profiling, and among others. For ex-

ample, in location-based recommendation systems, packets, which contain information of

services (e.g., restaurant and ATM) close to the likely visiting location of a person, should

be advertised to the person-of-interest in order to enhance user experience. In geographic

profiling, for the purpose of ensuring security, law enforcement agencies need to analyze

movements of suspects and determine their most likely position. In addition, the accurate

prediction of human movement can help to control the outbreak of diseases (e.g., flu and

malaria) which are rapidly spread by people’s contacts. Specifically, people who tend to

meet many other people should be vaccinated first in order to reduce the possibility of the

disease spread.

Future encounter estimation can also be used to determine influencers who usually en-

counter with many other people, allowing those influencers to then be selected to forward

packets that contain an advertisement in opportunistic networks. In addition, being able

to estimate future contacts allows us to calculate the expected inter-meeting time between

people, which is necessary for data forwarding algorithms with constrained deadline in op-

portunistic networks. For example, a packet routing application may require data to be

transmitted to the destination within a given delay bound. Since accurate predicting human

movement can be beneficial in a variety of applications, in this thesis we aim at constructing

and evaluating human mobility prediction models in large-scale networks.
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Chapter 1. Introduction

Due to the daily schedules, members in the community usually expose geographical

mobility in a specific area. For example, Figure 1-1 presents geographical movements of 4

people from time 𝑡0 (e.g., early morning) to 𝑡1 (e.g., afternoon). Usually, people move from

a place to the next one and then stay there during a period of time for their purpose (e.g,

studying and talking with friends). According to previous studies [3–7], even though human

mobility have a high degree of freedom and variation, they also show structural patterns

due to geographic constraints and social relationship. That means it is possible to discover

and predict the most likely trajectories of people in the future.

Figure 1-1: Mobility trajectories in a network

However, there are some main challenges in constructing and evaluating human mobility

prediction. First, in order to train and examine the proposed prediction models, it is required

to have a large human movement traces of many different people during a long period of

time (e.g., several months or years). However, mobility data of some people is not available

all the time in cases when people are not in the range of communication networks or mobile

devices are forced to turn off the global positioning system function to reduce the power

consumption. Therefore, when designing the human mobility prediction models, we need to

10



Chapter 1. Introduction

pay attention to the problem of non-continuous movement data of collected traces. Moreover,

the proposed prediction model should be able to address the lack of samples in some real

mobility traces.

Secondly, due to the increase in mobile phone users, some prediction models, which

require the mobility information of all people in the network, suffer from the scale problem

and encounter the privacy concern. Therefore, there is a high demand for a low-cost mobility

prediction model which can be used in large-scale networks without worrying about the

privacy leakage problem.

Thirdly, neural networks have been widely used to construct different prediction and

classification models. In neural network-based models, parameters (e.g., weights and biases)

can be adjusted using a gradient descent method to accurately generalize an output value

given specific input features. However, if there is an increase in input features, we may

face the problem of a long training process. In order to cope with this problem, a common

and well-known technique called dimension reduction should be used. Specifically, input

feature selection can be applied to find useful input features for prediction models or a

low dimensional representation of input features can be used to lower the size of the input

features. In the next chapters, we will describe how to accelerate the training process of

neural network-based human mobility prediction models.

Moreover, since a person may associate with different base stations during a short period

of time, inferring a person’s location and encounter from mobility traces should be considered

carefully. Usually, the base station to which a person connects most in a time period is used

to present the representative location of that person during the considered period. Also,

from the raw datasets, it is necessary to extract people whose mobility are most active and

an experiment period in which we observe the most mobility samples.

Lastly, existing works usually focused on predicting human movement in the near future

(e.g., next several hours) but not the far future (e.g., next several days). Note that some

applications (e.g., data forwarding, disease spread) may need information about future hu-

man mobility for a long time period, it is necessary to predict human mobility in the far

future. Moreover, when predicting human movement some existing works required extra

information (e.g., call or message history) of people, which is not easy to obtain due to the

increasing privacy concern. In summary, we briefly analyze several challenges that need to

be considered when designing a human mobility prediction model. And, we will present how

to address the above-mentioned challenges in the next chapters of this thesis.
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Chapter 1. Introduction

In human mobility prediction, there are two main questions: where a person is likely to

visit and whom the person is likely to meet in the future. Therefore, the purpose of this

thesis is to design two models which predict future location and encounter of a person-of-

interest. Specifically, we first extract movement features from real mobility datasets and

then use these extracted features to construct two movement estimation models. The detail

approaches are presented in the next section.

1.2 Proposed Prediction Models

1.2.1 Two-phase Human Location Prediction Framework

In the following subsection, we first introduce the considered problem and then the two-

phase location prediction framework is briefly summarized. If someone’s recent location

is known using a global positioning system (GPS) or other localization techniques (e.g.,

Wi-Fi, cellular-based systems), it is relatively simple to estimate that person’s current or

next locations. However, there are cases where someone’s recent location sequences are not

available. For instance, the GPS function is required to turn off due to lack of battery power

in a smartphone even though people want to share their positions. In addition, there are

some cases where data is sparse [8, 9](e.g., call detail records, health record of individuals,

and credit card spending data). Moreover, in some cases, it is necessary to estimate locations

even when someone may not want to share that information (e.g., geographic profiling of

criminals). Therefore, we consider a new problem which is estimating someone’s current or

next location, particularly when recent location sequence information is not available.

Specifically, the mobility information of other Persons with Correlated Movements (PCM)

with a given person is used to estimate the person of interest’s current or future location,

based on the fact that the behavior of one individual is largely related to other members.

In other words, the current or next location of a given person is estimated using the known

position information of other specific people. Although there were several studies on the

prediction of human location using social relationships [6, 10, 11], those works focused on

finding direct social ties between people (e.g., friendships) using encounters or calling traces

between them. However our work, in addition to friendships, considers behavioral similar-

ity between people, which may not be reflected by direct encounters or co-location events

between them.

We propose a two-phase human location prediction model. More specifically, in the
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Chapter 1. Introduction

first phase, PCMs with a given person are selected. For this phase, two novel PCM selec-

tion methods are proposed: community interaction similarity-based (CISB) and behavioral

similarity-based (BSB). In the CISB method, interactions with other community members

are considered as well as direct encounters between certain individuals, i.e., the strength of

the social relationship between people is measured by not only their direct interactions but

also their interactions with other members of society. The motivation is that if two people

have a close social tie, then they may have similar patterns of meeting other members of the

community. In contrast to the CISB method, which attempts to find PCMs with stronger

social ties, the objective of the BSB method is to find PCMs with similar behavioral pat-

terns. As a result, the selected PCMs under the BSB method may not have a strong social

relationship with the person of interest. In the second phase, motivated by the fact that

the movement of an individual is highly correlated with other people, the current or next

location of a person is estimated using the position information of selected PCMs. A PCM-

based location prediction (PLP) model is developed based on a neural network (NN) [12].

Chapter 3 will present the two-phase location prediction framework in more details.

1.2.2 Low Cost Decentralized Human Encounter Prediction Model

In this subsection, we summarize limitations of existing works and then briefly introduce

our prediction model. Several existing studies, including [13, 14], addressed the problem of

predicting people’s contacts in the 20-minute [14] or one-hour [13] time slot immediately

following. However, they did not consider encounters in the more distant future, rendering

them insufficient to address the problem currently under consideration. Moreover, with the

rapidly increasing number of mobile device users, there is a need for a scalable encounter

prediction model that can be used in large-scale networks. However, in existing studies

[15,16], the mobility traces of all people in the network were collected in order to build the

encounter prediction model, which could have caused the scale problem and privacy leakage.

To this end, we propose a distributed human encounter prediction (DHEP) model which

requires the mobility traces of only one person to predict the future contacts of that per-

son. Therefore, our model preserves data privacy, since mobility traces are not exchanged

throughout the network. In addition, the DHEP model does not suffer from the scale prob-

lem and is particularly suitable for OppNets with intermittent connectivity.

Over the past few decades, recurrent neural networks (RNNs) [17] have emerged as a

promising model for handling sequential data in various tasks, including natural language
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Chapter 1. Introduction

processing, image captioning, and handwriting recognition. In contrast to traditional feed-

forward neural networks, an RNN includes states that can capture historical information

from an arbitrarily long context window. Therefore, in order to learn temporal encounter

dependency, an RNN-based DHEP model, named DHEP/RNN, is constructed. In addition,

we propose a feed-forward neural network-based DHEP model (DHEP/FFNN) in which

human future contacts are forecasted using only the current encounter data. Compared

with the DHEP/RNN model, the DHEP/FFNN model is more suitable for devices with

limited computation capability due to the fact that it involves fewer training parameters.

In this study, for comparing with DHEP in terms of performance and applicability, we

also develop a centralized human encounter prediction (CHEP) model in which a central en-

tity aggregates the mobility traces of all people in order to train the prediction model. Then,

the trained model parameters are distributed to each individual who will make a contact

prediction using the received model parameters. Through the use of the global information

about human mobility, the CHEP model is expected to exhibit improved performance over

the DHEP model. However, the CHEP model suffers from the scale problem and the privacy

leakage issue as well as high network overhead, due to the data exchange throughout the

network.

The DHEP model leverages the historical encounter information in order to estimate

whom a person will meet in the future. The encounter information consists of the en-

countered people, meeting time, and rendezvous places, which are represented by points

of interest (POIs). If there are a large number of POIs and one-hot encoding is used to

represent the locations of people, the number of parameters becomes substantial. In order

to avoid this problem, we propose an embedding model that outputs the distributed vectors

which reflect the people’s POIs. Taking inspiration from natural language processing, the

embedding model is trained such that nearby physical positions are represented by vectors

that are close to each other in the vector space. The detail description of the encounter

prediction model will be presented in Chapter 4.

1.3 Evaluation Methods

The purpose of this thesis is to propose human mobility prediction models which can be

used in a variety of real applications such as location-based recommendation systems and

data forwarding in opportunistic networks. Therefore, we evaluate the proposed prediction
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models using the real large mobility traces of communication networks. Specifically, human

movement data is extracted from three different datasets including the cellular network

traces (i.e., the MIT Reality Mining dataset [18]), the Wi-Fi logs from the Dartmouth

college [19], and the Wi-Fi traces from University at Buffalo (UB) [20]. The description of

these datasets is presented in next chapters.

Each dataset is divided into training, validation, and test sets. The training data is

used to adjust model parameters (i.e., weight and bias values) while we select the hyper-

parameters (e.g., the number of hidden layers and the number of hidden units) which produce

highest performance on the validation set. Meanwhile, the evaluation results are collected

by using only the test set.

In this dissertation, since we construct classification-based prediction models, different

performance metrics can be used to evaluate the prediction models as follows.

∙ The most important metric is estimation accuracy which is defined as the percentage

of correct prediction samples. More generally, we consider top-𝑘 accuracy, in which

the model outputs a list of 𝑘 labels (e.g., locations) with the highest probability. If the

target label (e.g., future location) belongs to the list of 𝑘 element(s), the prediction is

considered accurate.

∙ Since some datasets may expose bias in favor of negative samples, we record the

confusion matrix on the test set. Then, other metrics, which are extracted from the

confusion matrix, could be also considered including sensitivity, precision, F1 score.

∙ In order to observe the performance of prediction models under different decision

threshold values, receiver operating characteristic (ROC) and area under curve (AUC)

are collected to evaluate the prediction models.

∙ Because we aim at designing prediction models for large-scale networks, time and space

complexity of prediction models should be also computed. Specifically, the number of

training parameters of the prediction models are estimated and compared with other

methods.

1.4 Dissertation Organization

The rest of this thesis is organized as follows. Chapter 2 summarizes literature related to

human mobility prediction including human mobility analysis, mobility models, mobility
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estimation schemes, and social circle-based mining. Then, two models that predict next

visiting locations and future contacts of the person-of-interest are described and evaluated

in Chapters 3 and 4, respectively. Finally, in Chapter 5 the concluding remarks are drawn

to summarize our work and discuss future directions of our studies.
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Related Works of Mobility Prediction

2.1 Human Mobility Analysis

A number of studies aimed to reveal human movement characteristics [3–5]. For example,

Karamshuk et al. [5] classified the properties of human mobility into three groups consisting

of spatial, temporal, and connectivity. With regard to the spatial characteristic, they focused

on geographic movement, i.e., how far a user moves and where a user goes. Flight was defined

as an Euclidean distance between two consecutive spots visited by the same individual.

Temporal features were also considered, e.g., pause-time indicates the time period a user

stays at a specific location. Meanwhile, the connectivity property reflects the contact or

encounter between two users, e.g., inter-contact time was defined as the elapsed time between

two adjacent contacts for a pair of users.

González et al. [4] analyzed the 6-month trajectory of 100,000 anonymized mobile phone

users and found that human mobility follows simple reproducible patterns. Specifically, the

distribution of flight can be approximated by a truncated power-law. Moreover, the authors

measured the radius of gyration, which is the characteristic distance travelled by a person

during a time period, and concluded that the radius of gyration also follows a truncated

power-law distribution.

In addition, there were a few studies that considered the effect of social relationship on

the user movement [6], [7]. Cho et al. [6] found that human movement is a combination

of periodic mobility, which is geographically limited, and movement which is related to

social relationship. Moreover, people are likely to visit a distant place where a friend stays

nearby, based on the datasets of online location-based social networks and cell phone location

trace. Meanwhile, the short travel is less affected by social ties and more related to periodic
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movement. Crandall et al. investigated the effect of social ties on the co-occurrence events in

time and space. More specifically, the authors tried to answer the following question: what is

the probability that two people have a social tie (i.e., they know each other), given that they

encounter 𝑘 times during a period of time. By analyzing a dataset of 38 million geo-tagged

photos from Flickr, the authors found that even a very small number of co-occurrences can

result in a high likelihood of a social tie.

Those studies differ from ours in that they mainly focus on capturing human mobility

characteristics. Whereas we aim to design human movement prediction models to estimate

a person’s future location and encounter. Note that embedding the properties of human

mobility will be helpful for accurately predicting human movement. Therefore, in this work,

a mobility prediction model is proposed considering human movement characteristics such

as encounter frequency and social correlation.

2.2 Human Mobility Model

2.2.1 Synthetic Mobility Models

This subsection presents several simulation-based human mobility models which can be used

to reproduce movement patterns of individuals. For example, a classic mobility model (called

random walk) is based on a random selection of direction and speed for each individual

[21–25]. A person starts from a current location and moves to a new one by choosing speed

and direction randomly from the given intervals. Right after reaching each position, the

person will calculate the new direction and speed. When an individual reaches an area

boundary, he/she will bounce off the border with an opposite angle with the incoming

direction.

The probabilistic random walk mobility model considers the probability of moving to

next positions of a person. Specifically, assume that there are 𝑛𝑙 points-of-interests (POIs).

The mobility model computes a square matrix which has 𝑛𝑙 rows and 𝑛𝑙 columns. The

element at 𝑖𝑡ℎ row and 𝑗𝑡ℎ column represents the probability that a person, who currently

stays at location 𝑖, will move to position 𝑗 in the future. Another extension of the random

walk mobility model is called the random waypoint model, which assumes that people stay

at a position for a pause time before moving to the next spot. This synthetic model is usually

used when conducting movement simulations in ad-hoc networks. Unlike the random walk

model, the random direction model assumes that a person will select new direction between
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0𝑜 and 180𝑜 degree whenever he/she arrives at the area border.

Random walk is a memoryless model since no information about previous movement is

stored for a future mobility decision. Therefore, there can be sudden changes in direction

and speed and some characteristics of realistic mobility may not be captured (e.g., temporal

and spatial dependency), thus rendering the random walk model unrealistic. However, due

to its simplicity of implementation and analysis, the random walk model has been widely

used.

The Gauss-Markov mobility model, which is inspired by a Gaussian distribution, removes

sudden changes in direction and speed in human mobility. Particularly, this model takes into

account the historical mobility of people (e.g., speed and direction) in order to determine

future movement. According to [21], the mean speed and direction are random variables

following the Gaussian distribution.

Some mobility models [26, 27] tried to reflect human mobility features. For example,

the city section model [26] provides realistic movements for people who are located in a

certain city area. The area includes a number of streets and there are intersections between

them. Each street is associated with a pre-determined speed limit. A person starts at a

street intersection and determines the next visiting intersection. The shortest path from

the starting spot to the destination is calculated and the person travels on the determined

shortest path. After arriving at the spot, this person will stay there for a pause time.

Because of considering the real map of a specific city, the city selection model is widely

applied in vehicular ad-hoc networks.

If two individuals have a social interactions (e.g., friends, family, colleagues), their move-

ments are usually correlated [28–30]. For example, two friends may have an appointment of

visiting a place in which they are both interested. In order to better understand the rela-

tionship between movement and social tie, [7,31,32] studied the impact of social interactions

on human mobility. For example, two people tend to have stronger relationship when they

concurrently visited more geographic locations during a given time period. The reason for

this finding is that friends are more likely to spend time together in the same place or to live

close to each other. Therefore, [33] proposed a model which predicts location of a person

using the information of his/her near contacts.

There are several human mobility models [34–36] which consider only the effects of social

relationship between people on human movements. However, these models are not able to

capture realistic human movements because next destinations are determined using only
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social ties instead of considering human movement characteristics (e.g., flights, inter-contact

time, and pause-time) which were explored in existing studies [4, 37–39].

Some mobility models motivated by the generated social networks were studied [40,41].

For example, in [41] people are initially located randomly according to population density in

the area. Then, each person decides to visit a social contact with probability 𝑝𝑣, or follows

the movement with a Levy-like flight with probability 1 − 𝑝𝑣. The destination is one of the

physical locations in order to prevent people from moving to unphysical spots. Meanwhile,

the study in [40] assumed that each step a person goes back to previously visited location

with probability 1 − 𝑝 or discovers a new place with probability 𝑝. The new location is

selected from the list of his/her contact’s previously visited locations.

Duong et al. [42] proposed a social relationship-aware mobility model (SRMM) which

not only captures main characteristics of human movements (e.g., flight, inter-contact time,

and pause-time follow the truncated power-law distribution) but also considers the impact

of social relationship on human mobility. Specifically, a clustering algorithm is proposed to

partition people into social groups where each group represents a certain community in the

real world (e.g., family, class, baseball club). Spots (such as classroom, laboratory, clothing

stores, and cafeteria) are clustered into a number of places (e.g., a university, mall). Then,

the SRMM model allows people in a social group to visit places with the same probability

and to decide some frequently visiting spots in a place for movement.

2.2.2 Real Mobility Traces

Even though synthetic mobility models tried to capture main features of human movements,

the realistic movement traces should be collected and used to evaluate mobility prediction

models and data routing algorithms. By using real large-scale mobility data, evaluation

results have become more reliable and convincing. Therefore, in this subsection, a number

of real large-scale movement data, which is extracted from traces of communication networks,

will be briefly introduced and analyzed.

Thanks to the development of the personal devices’ communication technologies (e.g.,

cellular network, Wi-Fi, Bluetooth, and LTE direct) during the last few decades, human

trajectories can be inferred using traces of mobile networks. For example, call detail records

[1] from mobile phones provide the time of incoming and outgoing call/message as well as cell

towers with which a user was associated. Since people are likely to carry mobile devices most

of the time, the geographic coordinates of the cell tower can be used as the representative
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location of the user. Figure 2-1 shows the recorded movements of 2 mobile device users.

There are a number of available CDR datasets as listed in Table 2.1. For example, the

Nodobo dataset [43] provided a mobile phone traces of 27 high school students over a 5-

month period in 2011. The data contains 13,035 call records, 83,542 message records, and

5.2 million proximity samples. Moreover, authors in [44] collected mobile phone activity

data over 2 months (from November 1st 2013 to January 1st, 2014) in Milan and Trentino,

Italy. The dataset provides information of the message, call, Internet activities of people in

Milan and Trentino. Note that the population in Milan and Trentino is 1.3 and 0.5 million,

respectively. The area of Milan is divided into a grid of the 1,000 cells of 235x235 𝑚2 and

an cell ID is used to approximate a user’s location.

Figure 2-1: Trajectories of two anonymized mobile phone users travelling in the vicinity of
22 and 76 different cell phone towers during a 3-month period. Each dot represents a mobile
phone tower, and each time a user makes a call, the closest tower that routes the call is
recorded. The gray lines correspond to the Voronoi lattice, approximating each tower area.
The colored lines represent the recorded movement of the user. Source: Figure from [1].

Since the extract position of a user may be 100 meter away from the cell tower location,

inferring human mobility from CDR datasets has low spatial resolution. In contrast, global

positioning system (GPS) data can provide more fine-grained positions of people. For in-

stance, [2] studied the human mobility patterns extracted from a GPS data which stores

information about the trips of 46,000 vehicles in May 2011 in Italy. Figure 2-2 visualizes

human trajectories started from 2 cities in Italy. Moreover, another GPS dataset [45] col-

lected 2.5 × 106 different trajectories of 35,000 vehicles moving in a circular area with the
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Figure 2-2: A visualization of the complexity of the explored mobility area. A fragment of
the GPS trajectories display trips originating in the metropolitan area of Pisa city (in blue)
and Florence city (in red). Source: Figure from [2].

radius of around 30 km.

Now, several datasets of wireless local area networks (WLANs) will be presented. The

WLANs traces [46] collected the Wi-Fi logs of 275 freshmen students for 11 weeks from Sep

22 to Dec, 8, 2002. Students are assumed to have a registered wireless card MAC address

and there is one-to-one mapping between users and wireless cards. Each record contains the

following information: detected access point signal strength, AP MAC address, and current

AP association. Another Wi-Fi dataset in [47] recorded human mobility data from a lot of

APs located mostly in cafes, restaurants, bars, and libraries in Canada. The experiment

collection lasts 1095 days with the participation of 140 people.

In order to generate innovations around smart phone-based research, the mobile data

challenge (MDC) dataset of nearly 200 volunteers was collected by Nokia started in October

2009 in the Lake Geneva region, Switzerland. The MDC data provides a variety of data

types (GPS, WLAN, Bluetooth, and phone call/sms). This kind of mobility data can be

used to evaluate location/encounter prediction models and to understand the effect of the

demographic attribute on human mobility. The UIM traces [48] provided both the location

and contact information of 28 people on University of Illinois campus. Each mobile device

is able to detect nearby devices by using Bluetooth and Wi-Fi communication technologies.
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In order to have the better view of real mobility datasets, Table 2.1 summarizes main

features of real large-scale mobility traces including data type, the number of people, and

the experiment collection period.

Table 2.1: Summary of real large-scale mobility traces

Real movement traces Data type Number of participants Duration
MIT reality mining dataset [18] CDR 106 75 days

Nodobo dataset [43] CDR 27 5 months
Mobile phone activity dataset [44] CDR 1.8 million 2 months

GPS data [2] GPS 46,000 1 month
GPS data [45] GPS 35,000 1 month

WLAN data [46] Wi-Fi 275 11 weeks
Dartmouth dataset [19] Wi-Fi 17,414 4 months

WLAN data [47] Wi-Fi 140 1095 days
MDC dataset [49] Bluetooth 185 1 year

UIM trace [48] Bluetooth/Wi-Fi 28 19 days

2.3 Human Location Estimation

Several studies tried to predict where a person stays given the prior information on historical

locations of that person [8, 50–58]. Most of those studies are based on the Markov model.

For instance, in order to predict the person’s position in upcoming time slots, Pang et

al. [53] proposed a modified Markov model considering spatio-temporal information (i.e.,

sojourn time and location transition preference). The authors claimed that the modified

Markov model achieves higher prediction accuracy than the original Markov model. Ghosh

et al. [50, 51] found that human mobility exhibits the partially orbital movement pattern,

i.e., people routinely stay at a few certain spot(s) for a considerable amount of time. This

partially deterministic movement pattern can be used for human location prediction without

the need for constant tracking.

Al-Molegi et al. [59] constructed a Markov Chain-based model to predict the most likely

future regions-of-interest (ROIs) of a person given the current ROI and time information

of that person. Specifically, a state in Markov Chain contains the person’s ROI and time

of day while state transition corresponds to the movement from one ROI to the next. The

location, to which the highest transition probability is produced, is predicted as the next

ROI of that person.

Alhasoun et al. [8] constructed a prediction model based on dynamic Bayesian networks

with the assumption of knowing the last visited location of the person of interest and histor-
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ical position data of ’strangers’. Strangers were defined as members who do not necessarily

have a social link to the person of interest. Authors proposed three methods to determine

strangers: temporal closeness, spatial closeness, and spatiotemporal closeness. In case of

the temporal closeness approach, the members who have the most similar pattern of com-

munication (e.g., call, sms, and data) to the person of interest were chosen. Meanwhile, the

spatial closeness method selected the person with the most similar distribution of visited

locations to the person of interest. The spatiotemporal closeness considered the chi squared

test value to compute the closeness between two people 𝑝 and 𝑞. Specifically, the contingency

table was first constructed where the element at row 𝑖 and column 𝑗 represents the number

of times persons 𝑝 and 𝑞 concurrently stay at location 𝑖 and 𝑗, respectively. Then, the chi

squared test value was used to measure the degree of association between two persons on

the contingency table.

In addition, Zeng et al. [58] first determined the missing data of human trajectories by us-

ing the Gibbs sampling algorithm. Then, a high-order Markov chain model was constructed

to predict the most likely location of the person of interest. Meanwhile, Noulas et al. [57]

considered two location prediction models based on linear regression and M5 model trees

to address the problem of predicting the person’s next location. Mobility features such as

historical visits and temporal information were fed into the prediction model. The authors

concluded that combining different mobility features achieved noticeably higher performance

than using a single feature approach. Unlike models in [8, 53–58], we design a prediction

model which does not require a prior location history of the person of interest.

In addition to historical visit information, a number of factors can be used to predict

human mobility, such as social friendships, location preferences, and temporal information.

Among these factors, the strong relationship between person movement and friends was

revealed in some studies [6, 33, 60]. Consequently, a number of mobility prediction models

were designed with the support of friendship information [6, 10,11,56,61,62].

For instance, Cho et al. [6] decomposed human mobility into two parts: periodic and so-

cially correlated movements. The authors demonstrated that short-distance travel is usually

affected by periodic mobility, whereas friendship tends to influence long-range movement.

They first developed a human mobility prediction model assuming that people’s periodic

travels follow a mixed Gaussian distribution of home and workplace. Then, with consider-

ation for social friendships, the probability of being in a location is estimated as a function

of the time period during which a friend stays in that location and the distance from the
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person to his/her friend. Finally, a mobility probability distribution combining periodic and

socially correlated movement is formulated using Bayes’ theorem.

Even though certain studies [6, 10] did not require a location history for people, their

models only work with datasets of geographic locations, e.g., GPS traces. Therefore, to

address the limitation of [6,10], our work attempts to design a more flexible and applicable

model that does not require a dataset of physical locations. Moreover, our model considers

behavioral similarity between people as well as friendship. Note that behavioral similarity

may not be revealed based on direct interactions or encounters between people.

In regard to datasets of symbolic locations, among the models considering social cor-

relation features to predict person movements, a few approaches worked with datasets of

non-geographic locations [11,56]. In [56], a location prediction model was considered based

on two factors: periodic movements and social relationships. Specifically, a Markov-based

model was constructed to capture periodic movements while colocation frequency was used

to measure the closeness between people. In order to reflect the impacts of both factors

on human mobility, the location prediction model was built where a different weight was

assigned to each factor. Meanwhile, Zhang et al. [11] proposed an algorithm called NextCell

to predict the future locations of people. A boosting technique was used to combine two

predictors that are based on periodic behaviors and social interplay. The periodic behavior

predictor considers a probability distribution over locations. Meanwhile, in the social inter-

play predictor, the probability that two people co-locate at a given time was estimated as a

function of phone call features.

Although the above studies [11,56] consider the datasets of symbolic coordinations, those

models do not take into account the impact of time features on human mobility which are

believed to be an important factor for human mobility prediction [6,53,57]. Meanwhile, our

work aims at considering both temporal and spatial information of social friends to design

the movement prediction model. Moreover, for predicting the current or future location of a

person, the proposed framework also takes into account other human mobility characteristics,

e.g., encounter frequency, community interactions, and behavioral similarity.

2.4 Human Encounter Estimation

Note that since the purpose of location prediction is to estimate where a person will be in

the future, encounter information between two people can be inferred if their future trajec-
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tories are provided. However, in order to predict encounters between a person and other

individuals, location traces of all people in the network are required for constructing location

prediction models. This requirement becomes definitely costly if the network consists of a

large number of people. Therefore, instead of indirectly inferring the future encounters of a

person through location prediction, in this work, we propose a model which directly predicts

the future contacts of that person.

The rest of this section describes recent studies related to future contact prediction.

Several studies [63–66] have leveraged the temporal context (e.g., the day of a week and

time of a day) to estimate whom a person of interest is likely to meet in the future. In [63],

the Naive Bayes (NB) predictor with a modification was used to construct a link prediction

model. In the traditional NB model, input features are assumed to be independent given the

output value, e.g., Jyotish’s model [64] applied the Bayesian classifier to determine whom a

person is likely to meet given the type of day (weekday or weekend) and the time slot index.

On the other hand, the modified NB, which is called Jahromi’s model hereafter, relaxes the

assumption of the traditional Naive Bayes by assigning a different weight to each temporal

feature, according to [67]. Note that the studies in [63–66] only took the temporal context

into account. This consideration may be insufficient, since, according to several studies [3–5],

human mobility highly depends on a number of other features such as location preferences

and past locations. Therefore, in order to address the limitations of [63–66], we consider a

future encounter prediction model that embeds not only temporal information but also the

historical contacts and spatial information of the person of interest.

Other studies, such as [13, 14], aimed at predicting people’s encounters given historical

contact information. Nguyen et al. [13] proposed a prediction model that considered two

features to forecast the next encounters of a person at the very next time, 𝑡+1. One feature

was the encounter at current time 𝑡 on the same day, while the other was the encounter

distribution of that person at time 𝑡 + 1 on previous days. These features were then fed

to a boosting algorithm which adjusted the features’ weights in order to minimize the error

function.

While many studies only consider the direct encounter between people, Tatar et al. [14]

stated that the direct encounter may provide a limited view about transition possibilities.

Therefore, given the historical encounter information of all people in the network, their pre-

diction model outputs contacts who are 𝑘 nodes away from the person-of-interest. Through

simulations, it is concluded that predicting that nodes stay at a distance of at most two hops
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from the person-of-interest can produce twice the prediction performance of a direct con-

tact prediction. Moreover, indirect encounter estimation can bring us higher transmission

opportunities in applications such as data forwarding in opportunistic networks.

Unlike the studies in [13, 14], which only considered the prediction of the very next

contacts of people, our work investigates the predictability of human encounters after 𝑘

time slots (𝑘 ≥ 1).

In [15, 16] human encounters were viewed in the form of a time-varying network graph.

People were represented by a set of nodes, and an encounter between two persons are de-

noted by a bidirectional edge between a pair of corresponding nodes. The prediction of

future human encounter was made based on historical graphs which included all nodes’

contacts during a certain period in the past. Specifically, the study [15] extracted several

features, which include the number of common neighbors, time spent with common neigh-

bors, overlapping time between two nodes 𝑢 and 𝑣. Then, these extracted features are used

as the input of the Naive Bayes-based classifier which predicts the future contact between

two nodes 𝑢 and 𝑣.

Jahanbakhsh et al. [68] studied the problem of estimating the missing part of a contact

graph by computing a similarity score between neighbor sets of 2 nodes. They assumed that

only a subset of nodes are equipped with a sensor device and able to sense nearby contacts.

The experimental results collected on real life mobility traces indicate that combining social

information with time-spatial information achieves higher performance than using each of

them separately. The evaluation results also show that reconstructing the missing parts of

contact graphs enables researchers to expand the existing collected traces to include external

people as well.

While the studies in [15,16] required the past encounters of all nodes to predict the future

contacts of a person, our work only needs the historical encounter data of that person.

2.5 Social Circle-based Mining

This section aims at summarizing recent studies based on a social circle including social

community detection and social circle-based applications.

A number of studies were conducted to detect social circles (i.e., social communities)

using graph clustering [69, 70] where a network was divided into disjoint social circles by

using clustering techniques. There were several studies on community detection based on
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the contact history of members in the network, e.g., encounter frequency and duration [71]

and the total number of past encounters of a person [72]. Eagle and Pentland represented

the behavior of individuals from a set of primary vectors called eigenbehaviors [72]. Then,

community affiliation can be inferred by computing the social behavior distances (e.g., the

total number of past Bluetooth encounters) between a person and other members of a social

circle.

Those community detection schemes differ from ours in that they were mainly focused

on partitioning people into groups, whereas in our work, people can have overlapping PCMs.

Moreover, in order to select PCMs for a given person, community interactions and behavioral

similarities are considered, in addition to encounter frequency.

A number of recent studies have shown that the social circle information can play an

important role in various areas because human activities are certainly shaped by the social

relationship, rather than are randomly and independently determined.

For example, there were a number of social circle-based recommendation systems [73–

75]. The problem of suggesting a sequence of points of interests (POIs) for travelers was

considered in [74]. First, socially close friends who have similar travel records with a person

of interest were discovered, and then the system recommends a list of POIs where the close

friends visited in the past. While social circle-based recommendation systems mainly focus

on estimating rating and preference of the person of interest by using top-ranked items from

his/her close friends, our work proposes the human location prediction framework with the

support of the recent spatial data of PCMs.

Another social circle-based application is social messages geolocation which infers the

location associated with a specific post from a person of interest in the social network [76–78].

In [76], a modified majority voting scheme was used which returns the most popular location

among positions of social friends of the person of interest. Unlike social posts geolocation

which does not take into account human mobility prediction, our work first selects persons

with correlation movements (PCMs) of the person of interest based on the social relationship

and interaction between people in the social circle. Then, the selected PCMs’ position

information is fed into the prediction model to estimate where the person of interest stays

at the current or future time.
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Two-phase Human Location

Prediction Framework

3.1 Preliminaries

3.1.1 Dataset

In this work, we consider two different datasets. The first one is called the MIT Reality

Mining dataset [18], which was collected during a period of nine months with the attendance

of 106 subjects, including students and faculty members of MIT. Since subjects in the MIT

dataset are involved in the same university, the social relationships between people exist

with a high probability.

The MIT dataset provides cell tower logs including the tower transition events and a

set of base stations seen by the participants. In cellular networks, a mobile phone can be

within the ranges of several cellular towers. However, the phone is only associated with the

tower with the strongest signal. The events of tower transitions are recorded with cell tower

ID and a timestamp. Due to the fact that small and short-range cells that cover distances

of few hundred meters are more popular in metropolitan areas [79], the cell tower logs can

be used to represent human locations [11, 56, 80–83]. Hence, this work uses the dataset of

cellular traces in order to evaluate the movement prediction model. The subjects in the

dataset participated in the experiment in different time periods, and some subjects have no

data or very little data [70]. Therefore, by considering overlapping periods and available

data, 43 people with sufficient mobility data were selected. M and 𝑚 are defined as the set

of chosen people and the cardinality of M, respectively.
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The second one, called Dartmouth dataset [19], provides the mobility traces extracted

from logs of APs in the Dartmouth university campus. A log message including the times-

tamp, user ID, and AP ID was recorded when a mobile device connects or disconnects to the

AP. Because of the short range of the Wi-Fi technology, human mobility can be represented

as a sequence of connected APs [84–86]. For the Dartmouth dataset, a 4-month period from

January 3th to April 30th, 2004 was considered since the during this period the academic

campus was relatively consistent [87,88]. Similar to the MIT dataset, persons whose mobil-

ity data was provided less than 75% over the experiment period was filtered out. Then, the

Dartmouth dataset includes 162 mobile users.

3.1.2 Location Extraction

In this subsection, the way to extract locations for people is described. In this work, location

information based on time slots is used. Note that a mobile device may be connected to

several base stations (e.g., cell towers or access points) during a time slot. Therefore, in

such cases, the way to determine the locations of people in a time slot is needed.

Let 𝜆 denote a threshold for location extraction (0 ≤ 𝜆 ≤ 1). By using 𝜆, the repre-

sentative base station with which the phone is associated the most is determined, since a

mobile device may connect to several base stations during a time slot. Specifically, if the

ratio of the time a person spends at a base station to the time slot length exceeds 𝜆, this

base station is regarded as the representative human location in the specific time slot. In

this work, 𝜆 and time slot length are set to 0.5 and 30 minutes, respectively. In cases where

no base station satisfies the conditions for location extraction, or where a mobile phone does

not receive any signal during a time slot, the person’s location in that time slot is marked

as undefined.

In case of the MIT dataset, positions at which people rarely stay should be pruned.

The locations are first arranged in descending order of occurrence frequency in the dataset.

Then, a location set that contributes 98% of the cellular traces is selected for use in this

work. Let L denote the set of all symbolic locations in the dataset after the pruning process.

In the MIT dataset, the total number of positions remaining after the above pre-processing

is 482, i.e., |L| = 482. Meanwhile, in the Dartmouth dataset, there are total 399 APs. Table

3.1 summarizes the main characteristics of both datasets.

30



Chapter 3. Two-phase Human Location Prediction Framework

Table 3.1: Summary of two datasets after location and user extraction

Dataset No. of people No. of locations Duration (Days) Period of a day
MIT 43 482 75 8 am to 12 pm

Dartmouth 162 399 118 8 am to 12 pm

3.2 The Proposed Mobility Prediction Model

3.2.1 Problem Definition

Recall that M and L are the set of 𝑚 members in the entire community and the set of

locations, respectively. We take into account the problem of predicting the position of

person 𝑝 (1 ≤ 𝑝 ≤ 𝑚) at current or future time 𝑡 with the precondition that the recent

locations of person 𝑝 are unknown. Assume that the historical positions of (𝑚 − 1) other

members can be observed. Therefore, we can make use of the historical information of the

rest of people for predicting where person 𝑝 stays at the current or future time.

Let us define 𝑦𝑡 as the location of person 𝑝 at time 𝑡 and 𝑅 as the spatio-temporal

information of the rest of members during the historical period. Specifically, 𝑅 = {𝑅𝑖
𝑗 |𝑅𝑖

𝑗 ∈

L, 𝑖 ∈ M, 𝑖 ̸= 𝑝, 1 ≤ 𝑗 ≤ 𝑡}. The problem of predicting human location is formulated as

follows. The objective is to predict where person 𝑝 is the most likely to visit at time 𝑡 given

the recent information 𝑅, or to maximize the following probability:

𝑃 (𝑦𝑡|𝑅) (3.1)

3.2.2 Two-phase Mobility Prediction Framework

The proposed human mobility prediction framework consists of two phases, i.e., detection of

persons with correlated movements (PCMs) and PCM-based location prediction, as shown

in Fig. 3-1. Let 𝑟 denote the number of selected PCMs. In the first phase, 𝑟 from among

(𝑚 − 1) remaining members are extracted as PCMs of person 𝑝. Then, given the location

information of the chosen members, the current or future position of person 𝑝 is predicted.

In the first phase, we measure independently the social correlation between person 𝑝 and

each of the (𝑚 − 1) other members. In order to choose 𝑟 useful PCMs for person 𝑝, these

(𝑚− 1) people are arranged according to their correlation scores, and 𝑟 members with the

highest scores are selected. The training set is used in the first phase where the input is

vector 𝑥 that represents positional information of the (𝑚 − 1) remaining members. Table

3.2 shows an example of vector 𝑥 when the location of an arbitrary person, 𝑝, is estimated,
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Figure 3-1: The proposed framework for predicting the current or future location of person
𝑝

where 𝑥 consists of spatial and temporal information. More specifically, 𝑥loc1 , 𝑥loc2 , ..., 𝑥loc𝑝−1,

𝑥loc𝑝+1,..., 𝑥loc𝑚 denotes the positions of the (𝑚− 1) remaining members, while 𝑥day and 𝑥time

account for the day and time slot indices, respectively. The first phase returns 𝑟 PCMs of

person 𝑝 as the output.

Then, the location prediction phase estimates the most likely current or future position

of person 𝑝 using the spatio-temporal information of the 𝑟 selected PCMs. Each sample of

the training set is given by (𝑧𝑖2
𝑖1
,𝑦𝑡), where label 𝑦𝑡 is location information of person 𝑝 at

time 𝑡, and feature vector 𝑧𝑖2
𝑖1

is spatio-temporal information of PCMs from time slots 𝑖1 to

𝑖2 where 1 ≤ 𝑖1 ≤ 𝑖2 ≤ 𝑡. In the proposed framework, a conditional probability distribution

is estimated with the objective of maximizing probability 𝑃 (𝑦𝑡|𝑧𝑖2
𝑖1

). More specifically, given

the location information of PCMs at time slots between 𝑖1 and 𝑖2, the position of person 𝑝

at time 𝑡 needs to be predicted.

In this work, (𝑡−1) ≤ 𝑖1 ≤ 𝑖2 ≤ 𝑡 is considered, i.e., (𝑖1, 𝑖2) = {(𝑡−1, 𝑡−1), (𝑡−1, 𝑡), (𝑡, 𝑡)}.

In cases where 𝑖1 = 𝑖2 = (𝑡−1), the location of PCMs in the previous time slot (𝑡−1) is used

to predict the next location of person 𝑝 (i.e., estimate person 𝑝’s future location at time 𝑡).

Meanwhile, (𝑖1, 𝑖2) = (𝑡−1, 𝑡) indicates that the model estimates the current position of the
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person using previous and current location information of PCMs. Whereas, if 𝑖1 = 𝑖2 = 𝑡,

the current position of the person is estimated given the information of PCMs at time 𝑡.

Hereafter, the model is regarded as estimating the location of a person at time slot 𝑡. In

the second phase, the PCM-based location prediction model is used to label an unknown

sample as one out of |L| possible locations.

Table 3.2: Elements of the input vector in the first phase of the model for predicting the
location of person 𝑝

Feature Description
{𝑥loc𝑖 , 1 ≤ 𝑖 ≤ 𝑚, 𝑖 ̸= 𝑝} location of (𝑚− 1) remaining members

𝑥day index of day in a week
𝑥time index of time slot in a day

There are several benefits from the proposed framework. Our model does not require a

recent location sequence of person 𝑝 when predicting the current or future location of person

𝑝, which is beneficial in cases where the location information of that person is not available.

Note, however, that the location information of person 𝑝 is necessary for training parameters

of the prediction model.

The proposed framework first selects 𝑟 PCMs based on human mobility characteristics,

e.g., encounter frequency and behavioral patterns. Then, the location information of only

these chosen PCMs is used to predict a person’s location at time 𝑡. As a result, by reducing

redundant input features of the second phase, the overfitting problem can be mitigated.

Moreover, the proposed framework allows for low time and space complexity.

3.3 Detection of Persons with Correlated Movements

In this section, two methods for selecting PCMs are proposed: community interaction

similarity-based (CISB) and behavioral similarity-based (BSB) methods. Each uses a dif-

ferent measurement score to estimate the closeness between people’s movement patterns.

Then, the 𝑟 PCMs with the highest scores are selected.

3.3.1 Community Interaction Similarity-Based Method

Recall that the encounter frequency-based (EFB) method only uses direct encounters be-

tween certain individuals to estimate their friendship. In contrast, to measure correlation

scores between persons p and q, CISB considers interactions between these persons and other
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community members as well as direct encounters between them. The CISB method is in-

spired by the fact that interactions and relationships with other members in the community

have a great impact on a person’s behaviors.

Figure 3-2: A three-dimensional CIS tensor, denoted by S

The CISB method utilizes the community interaction-based similarity (CIS) tensor shown

in Fig. 3-2, which represents the spatio-temporal encounters between people. The 3D CIS

tensor, S, consists of 𝑚 layers each of which is a matrix, e.g., S:,:,𝑞 reflects the interactions

between person 𝑞 and the rest of the (𝑚 − 1) people. More specifically, the 𝑝th row in the

matrix, i.e., S𝑝,:,𝑞, indicates the temporal encounters of persons 𝑝 and 𝑞. Let 𝑛day and 𝑛time

denote the total number of days in the overlapping period and the number of time slots per

day, respectively. 𝑛 = 𝑛day × 𝑛time indicates the total number of samples per person during

the whole period. 𝑎𝑞𝑝,𝑡 := S𝑝,𝑡,𝑞 accounts for the encounter between persons 𝑝 and 𝑞 in time

slot 𝑡.

Vector S𝑝,:,𝑞, representing the encounters between persons 𝑝 and 𝑞, is defined as follows:

S𝑝,𝑡,𝑞 =

⎧⎪⎪⎪⎨⎪⎪⎪⎩
1, if persons 𝑝 and 𝑞 are in the same cell

during time slot 𝑡

0, otherwise

(3.2)
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Person 𝑝 is not considered able to encounter himself or herself, because tensor S represents

the interactions between a person and the entire community, i.e., ∀𝑡, 𝑝 : S𝑝,𝑡,𝑝 = 0. The CIS

tensor owns a symmetric property, i.e., ∀𝑡 : S𝑝,𝑡,𝑞 = S𝑞,𝑡,𝑝.

From the CIS tensor, we reshape every 2D matrix, S:,:,𝑞, to a one-dimensional vector

with (𝑚×𝑛) elements, which is denoted by 𝑠(𝑞). In order to evaluate the closeness between

persons 𝑝 and 𝑞, we consider the meet/min correlation coefficient [89] for measuring the

similarity between 𝑠(𝑝) and 𝑠(𝑞), which can be used if the vectors include a lot of 1s. Thus,

score 𝑑𝑝,𝑞 between nodes 𝑝 and 𝑞 is calculated as follows:

𝑑𝑝,𝑞 =
𝑠(𝑝)⊤𝑠(𝑞)

min
(︀
|𝑠(𝑝)|, |𝑠(𝑞)|

)︀ (3.3)

where |𝑠(𝑞)| is the 𝐿1-norm of vector 𝑠(𝑞). After obtaining scores between person 𝑝 and

(𝑚− 1) others, 𝑟 people with the highest scores are chosen as PCMs.

Because of the characteristics of CIS, i.e., ∀𝑡, 𝑝 : S𝑝,𝑡,𝑝 = 0, and the dot product in the

numerator of Eq. (3.3), when measuring similarity 𝑑𝑝,𝑞, the interactions between persons 𝑝

and 𝑞 vanished unintentionally. For example, in calculating 𝑑1,2, two vectors 𝑠(1) and 𝑠(2)

are as follows:

𝑠(1) = [0 0 ... 0 𝑎12,1 𝑎
1
2,2 ... 𝑎

1
2,𝑛 ... 𝑎1𝑚,1 𝑎1𝑚,2 ... 𝑎1𝑚,𝑛]

𝑠(2) = [𝑎21,1 𝑎
2
1,2 ... 𝑎

2
1,𝑛 0 0 ... 0 ... 𝑎2𝑚,1 𝑎2𝑚,2 ... 𝑎2𝑚,𝑛]

Since the first 𝑛 elements of 𝑠(1) and the (𝑛 + 1)th to (2𝑛)th elements of 𝑠(2) are zeros,

similarity score 𝑑1,2 that is estimated using Eq. (3.3) does not consider the encounters of

persons 1 and 2.

To avoid this vanishing problem, when calculating 𝑑𝑝,𝑞, the CIS tensor is temporarily

modified as follows: S𝑝,𝑡,𝑝 = S𝑝,𝑡,𝑞 and S𝑞,𝑡,𝑞 = S𝑞,𝑡,𝑝. For example, the modified vectors 𝑠′(1)

and 𝑠′(2) corresponding to 𝑠(1) and 𝑠(2), respectively, can be obtained as follows:

𝑠′(1) = [𝑎21,1 𝑎
2
1,2 ... 𝑎

2
1,𝑛 𝑎

1
2,1 𝑎

1
2,2 ... 𝑎

1
2,𝑛 ... 𝑎1𝑚,1 𝑎

1
𝑚,2 ... 𝑎

1
𝑚,𝑛]

𝑠′(2) = [𝑎21,1 𝑎
2
1,2 ... 𝑎

2
1,𝑛 𝑎

1
2,1 𝑎

1
2,2 ... 𝑎

1
2,𝑛 ... 𝑎2𝑚,1 𝑎

2
𝑚,2 ... 𝑎

2
𝑚,𝑛]

By using the modified CIS tensor, the CISB method takes into account the interactions with

the entire community members.

Table 3.3: Behaviors of Persons 𝑝, 𝑞, and 𝑢

day 1 day 2
Time 1 pm 3 pm 5 pm 7 pm 1 pm 3 pm 5 pm 7 pm

𝑝 math class gym restaurant B tea house lab D gym restaurant B home
𝑞 office A café restaurant C piano class office A café restaurant C piano class
𝑢 math class market park home lab D lab D library concert hall
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3.3.2 Behavioral Similarity-Based Method

Persons 𝑝 and 𝑞 are said to have similar behavior if they experience a correlated visit behavior

pattern, and hence, the location of a person can be estimated by using the other’s positional

information. The places two people with similar behaviors visit at the same time are denoted

as correlated locations. Note that correlated locations may be different. As seen in Table

II, persons 𝑝 and 𝑞 show a lot of similar behaviors even though they do not encounter

each other. For example, person 𝑝 exercises at a gym whenever person 𝑞 visits a café. It

is beneficial to measure the behavior similarity between persons because the location of a

person can be inferred by using information of another person with a correlated behavioral

pattern. For instance, the location of 𝑝 at 3 p.m. on day 2 can be predicted using person

𝑞’s location (café). Based on this observation, in the BSB method, persons with the highest

behavioral correlation are chosen as PCMs.

The key difference between the BSB method and friendship-based methods (i.e., CISB

and EFB) is as follows. When selecting a PCM, the BSB method does not consider real

friendships between people while friendship-based methods extract co-location information

to measure the friendships between them. Specifically, in the EFB method, members with

the highest number of encounters with a given person are chosen as PCMs. As shown in Table

II, persons 𝑝 and 𝑢 encounter each other several times (in math class and the laboratory),

which indicates a close friendship between them. Therefore, in friendship-based methods,

person 𝑢 is likely to be chosen as a PCM of person 𝑝. Meanwhile, in case of two people

with similar behaviors but different correlated locations, a person is not likely to be selected

as a PCM of the other person. For example, persons 𝑝 and 𝑞 have the same behavior of

having dinner at 5 p.m. at restaurant B and restaurant C, respectively. Since there is no

encounter between people 𝑝 and 𝑞, in friendship-based methods person 𝑞 does not obtain a

high enough score to be selected as a person 𝑝’s PCM. On the other hand, the BSB method

considers this correlated behavior for choosing PCMs.

In the BSB method, a feed-forward neural network (NN), shown in Fig. 3-3, is con-

structed to evaluate the behavioral similarity between persons 𝑝 and 𝑞. 𝑥loc𝑞,𝑡 is defined as

the location of person 𝑞 at time 𝑡, while 𝑥day𝑡 and 𝑥time
𝑡 are indices of the day and the time

slot at time 𝑡, respectively. The objective is to learn the underlying conditional probabil-

ity distribution 𝑓BSB(𝑥loc𝑞,𝑡 , 𝑥
day
𝑡 , 𝑥time

𝑡 ) = 𝑃 (𝑥loc𝑝,𝑡 |𝑥loc𝑞,𝑡 , 𝑥
day
𝑡 , 𝑥time

𝑡 ), i.e., the probability mass

distribution that person 𝑝 stays in a specific location during time slot 𝑡 given the spatio-

temporal information of person 𝑞.
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Figure 3-3: Architecture of the neural network for measuring behavioral similarity between
persons 𝑝 and 𝑞 in the BSB method

Here, the training process is described. First, symbolic location 𝑥loc𝑞,𝑡 is embedded into

an |L|-dimensional indicator vector using one-hot encoding, because there is no ordinal

relationship between locations. Similarly, time slot and day indices (i.e., 𝑥day𝑡 and 𝑥time
𝑡 ,

respectively) are also converted to indicator vectors. Then, these vectors are used as input

units of the neural network including one hidden layer with 150 logistic sigmoid activation

nodes. These input features propagate progressively throughout the network until reaching

the softmax output layer, which obtains a conditional probability distribution over locations.

Θ is defined as the parameters of the NN consisting of weights, denoted by 𝑊 , and biases

that are randomly initialized. Let 𝜂 denote the number of samples in the training dataset.

After retrieving the conditional probability at the output layer, regularized cost function

𝐽(Θ) using cross-entropy error [90] is calculated as follows:

𝐽(Θ) = −1

𝜂

𝜂∑︁
𝑗=1

𝑡(𝑗)
⊤

log 𝑓
(𝑗)
BSB(𝑥loc𝑞,𝑡 , 𝑥

day
𝑡 , 𝑥time

𝑡 ) + Ω(𝑊 ) (3.4)

where 𝑓
(𝑗)
BSB(𝑥loc𝑞,𝑡 , 𝑥

day
𝑡 , 𝑥time

𝑡 ) and 𝑡(𝑗) are the estimated output and target vectors of the 𝑗th

instance, respectively. Note that log(.) is an element-wise operation. Ω(𝑊 ) is the 𝐿2-based

regularization term. The neural network model is trained to minimize cost function 𝐽(Θ)

using a back-propagation algorithm combined with a gradient descent method.
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In order to select 𝑟 PCMs of person 𝑝, (𝑚 − 1) NNs are trained separately, where each

NN measures the similar behavior pattern between individuals 𝑝 and 𝑞 (𝑝, 𝑞 ∈ M, 𝑝 ̸= 𝑞).

The prediction accuracy, 𝜉𝑝,𝑞, of the 𝑞th NN, which indicates the behavioral similarity of

persons 𝑝 and 𝑞, is defined as the ratio of the number of correctly predicted instances to

the number of test samples. In the BSB method, 𝑟 PCMs among the (𝑚 − 1) remaining

members with the highest 𝜉𝑝,𝑞 are selected.

It is worthwhile to note that there are alternative ways of selecting a set of PCMs.

For example, forward search (FS) [91] begins with an empty set and then progressively

incorporates each feature (i.e., PCM) into the set. However, FS has an inherent weakness,

i.e., high time and space complexity when a large number of features need to be selected.

Another simple approach that can be considered is that positional information of all

(𝑚 − 1) remaining people is used as input features for a prediction model that labels the

location of a person at time 𝑡 with one of the |L| positions. In our work, this simple method

is called ignored feature selection (IFS) since there is no feature selection process. Note that

IFS may need to train a model with tens or hundreds of thousands of features, which may

result in a long training time, and might suffer from the overfitting problem.

In order to gain insight into computational costs, the number of training parameters

for three methods including IFS, FS, and BSB is compared. For IFS, there is no PCM

selection phase, i.e., the location of person 𝑝 is predicted given the positional information

of the (𝑚 − 1) other people. With FS, to choose the first PCM, (𝑚 − 1) NNs are trained

independently. To select the second PCM, a combination of the first PCM and one of the

(𝑚 − 2) remaining members is examined; (𝑚 − 2) NNs need to be learned, each of which

estimates person 𝑝’s location at time slot 𝑡 given the contextual information of two examined

people. Similarly, to select the 𝑟th PCM, (𝑚 − 𝑟) NNs are used to evaluate the subset of

the (𝑟 − 1) already selected PCMs and one of the (𝑚 − 𝑟) remaining members. In the FS

method, a large 𝑟 value leads to a significant increase in the number of training parameters.

In the BSB and FS methods, it is assumed that three selected PCMs are used for the

location prediction phase, where a neural network with three hidden layers of 500, 150, and

50 neurons is considered. For a fair comparison, the number of hidden neurons for IFS is

proportional to that of the BSB/FS methods in the mobility prediction phase with the ratio

(𝑚− 1) : 𝑟 because (𝑚− 1) and 𝑟 are the numbers of people whose location information is

given to the IFS and BSB/FS methods, respectively.

Table 3.4 compares the number of training parameters of the three methods, where
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Table 3.4: Comparison of the number of parameters among behavioral similarity-based
(BSB), ignored feature selection (IFS), and forward search (FS) methods

𝑚 𝑙BSB 𝑙IFS 𝑙FS
(millions) (millions) (millions)

43 7.00 59.02 158.30
100 15.36 142.09 878.17
500 74.06 725.03 2,229.0
1000 147.42 1,453.7 8,933.1

𝑙BSB, 𝑙IFS, and 𝑙FS denote the number of parameters, i.e., weights and biases, in behav-

ioral similarity-based, ignored feature selection, and forward search methods, respectively.

When the total number of people, 𝑚, increases, the three considered methods need to train

more parameters. However, the BSB method always learns the least number of parameters.

Moreover, the increase rate is quite different in each method, e.g., when 𝑚 varies from 43 to

1000 people, 𝑙BSB rises
147.42

7.0
≈ 21 times, compared to

1, 453.7

59.02
≈ 24.6 times with 𝑙IFS and

8, 933.1

158.3
≈ 54.6 times with 𝑙FS. In summary, because only location information of PCMs

is used to predict human mobility of a given person, the proposed BSB method incurs a

much lower computation cost in terms of time and space complexity than IFS and FS, which

makes the BSB method more practical, particularly when there is a large number of people.

3.4 The PCM-based Location Prediction (PLP) Model

In this section, we propose the PCM-based location prediction (PLP) model based on the

neural network to predict human mobility given the movement patterns of 𝑟 selected PCMs.

Figure 3-4 illustrates the NN-based prediction model where the location of a person at

time 𝑡 is estimated given the information of 𝑟 PCMs, i.e., 𝑧𝑖2
𝑖1

= {𝑧loc𝑙,𝜏 , 𝑧
day
𝑡 , 𝑧time

𝑡 }. Spatial

information 𝑧loc𝑙,𝜏 , where 1 ≤ 𝑙 ≤ 𝑟 and 𝑖1 ≤ 𝜏 ≤ 𝑖2, indicates the symbolic location of

the 𝑟 PCMs from time 𝑖1 to 𝑖2. Meanwhile, temporal information 𝑧day𝑡 and 𝑧time
𝑡 are the

indices of the day of the week and the time slot in the day at time 𝑡, respectively. Let

𝑦predNN , 𝑓NN(𝑧loc𝑙,𝜏 , 𝑧
day
𝑡 , 𝑧time

𝑡 ) denote the output of the NN-based predictor, i.e., the most

likely location of the person during time slot 𝑡. Note that to predict the location at time 𝑡

of 𝑚 persons in the community, 𝑚 corresponding NN-based prediction models need to be

trained separately. The remainder of this subsection describes an NN-based predictor.

The function 𝑓NN(𝑧loc𝑙,𝜏 , 𝑧
day
𝑡 , 𝑧time

𝑡 ) can be decomposed into three parts, as follows.

1. The contextual information of 𝑟 PCMs, i.e., 𝑧loc1,𝑖1
, 𝑧loc1,𝑖2

, ..., 𝑧loc𝑟,𝑖2
, 𝑧day𝑡 , 𝑧time

𝑡 , is mapped
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Figure 3-4: The PCM-based location prediction model

onto real vectors using the one-hot encoding function 𝑐(.), where output is the indicator

vector in which only one element is set to 1 while others are 0. Since |L| is the size

of the extracted location set, 𝑐(𝑧loc1,𝑖1
), 𝑐(𝑧loc1,𝑖2

), ..., 𝑐(𝑧loc𝑟,𝑖2
) are vectors in B|L|, where B is

a set of binary numbers; 𝑐(𝑧day𝑡 ) is a day-index vector in B7. Meanwhile, the cellular

trace between 8 a.m. and 12 p.m. is extracted and each time slot lasts 30 minutes;

therefore, 𝑧time
𝑡 is mapped onto a 32-dimensional binary vector. In addition, grouped

time slots are considered. In this case, 𝑐(𝑧time
𝑡 ) is a three-dimensional vector where

each dimension corresponds to one of the three parts of a day, i.e., morning, afternoon,

and evening.

2. The NN classifier maps input sequence 𝑐(𝑧𝑖2
𝑖1

) = {𝑐(𝑧loc𝑙,𝜏 ), 𝑐(𝑧day𝑡 ), 𝑐(𝑧time
𝑡 )} to a condi-

tional probability distribution over locations. Let 𝑣(𝑖) denote an indicator vector in

which only the 𝑖th element is 1 and others are 0 (1 ≤ 𝑖 ≤ |L|). Vector 𝑡 is defined as
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the target vector of the NN classifier. The output of the NN is denoted by vector 𝑦NN

where the 𝑖th element, 𝑦𝑖, estimates posterior probability 𝑦𝑖 = 𝑃 (𝑡 = 𝑣(𝑖)|𝑐(𝑧𝑖2
𝑖1

)) that

the person stays in location 𝑖 given the information of 𝑟 PCMs.

3. The vector 𝑣max = arg max𝑣(𝑖) 𝑃 (𝑡 = 𝑣(𝑖)|𝑐(𝑧𝑖2
𝑖1

)) that indicates the most likely location

of the person is mapped onto symbolic position 𝑦predNN by the inverse function, i.e.,

𝑦predNN = 𝑐−1(𝑣max).

Now, the neural network training process that includes feed-forward propagation, a cost

function calculation, and a parameter update is presented. First, feed-forward propagation

is described. In this work, 𝜇 is defined as the number of hidden layers, and a neural network

is considered with logistic sigmoid activation units denoted by 𝜎(.). Hereafter, the input

layer is referred to as layer 0, the 𝑗th hidden layer as layer 𝑗 (1 ≤ 𝑗 ≤ 𝜇), and the output

layer as layer (𝜇 + 1). Let Θ = {𝑊 (1),𝑊 (2), ...,𝑊 (𝜇+1), 𝑏(1), 𝑏(2), ..., 𝑏(𝜇+1)} denote all

learning parameters consisting of weights and biases of the NN classifier. More specifically,

𝑊 (𝑗) and 𝑏(𝑗) are the matrix of weights and the vector of biases, respectively, that indicate

connections from layers (𝑗 − 1) to 𝑗; ℎ(𝑗) is defined as the state vector at layer 𝑗, and ℎ(𝑗)

is given by:

ℎ(𝑗) = 𝜎
(︀
𝑊 (𝑗)⊤ℎ(𝑗−1) + 𝑏(𝑗)

)︀
, 1 ≤ 𝑗 ≤ 𝜇 (3.5)

Note that ℎ(0) is a vector of input features at layer 0. For the output layer, the unnormalized

output vector ℎ(𝜇+1) is calculated by ℎ(𝜇+1) = 𝑊 (𝜇+1)⊤ℎ(𝜇) + 𝑏(𝜇+1).

Then, the output of a softmax function represents the categorical distribution over lo-

cations where the 𝑖th element of the output vector reflecting the probability that the person

stays at time 𝑡 in location 𝑖 is calculated as follows:

𝑦𝑖 = 𝑃 (𝑡 = 𝑣(𝑖)|𝑐(𝑧𝑖2
𝑖1

)) =
𝑒ℎ

(𝜇+1)
𝑖∑︀|L|

𝑗=1 𝑒
ℎ
(𝜇+1)
𝑗

(3.6)

where ℎ
(𝜇+1)
𝑖 is the 𝑖th value of unnormalized output vector ℎ(𝜇+1).

Secondly, the calculation of the cost function is briefly described below. Assume that

there are 𝜂 training instances. Cost function 𝐽(Θ) using the cross entropy metric and

regularization method can be expressed as follows:
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𝐽(Θ) = −1

𝜂

𝜂∑︁
𝑗=1

𝑡(𝑗)
⊤

log 𝑦
(𝑗)
NN + Ω(𝑊 ) (3.7)

where 𝑦
(𝑗)
NN and 𝑡(𝑗) are, respectively, the estimated output and target vectors of the 𝑗th in-

stance, and 𝑊 denotes the weight matrices. Note that log 𝑦
(𝑗)
NN is an element-wise operation.

Regularization Ω(𝑊 ) is implemented using the 𝐿2 parameter norm penalty.

Finally, parameters including weights and biases are obtained by applying a back prop-

agation algorithm, which minimizes the cost value using the gradient descent method with

momentum. Let 𝛼 and 𝛾 denote the learning rate of gradient descent and the momentum

coefficient, respectively, (0 ≤ 𝛾 ≤ 1). Let 𝜃 denote a training parameter in the set Θ, i.e.,

𝜃 ∈ Θ. Then, each 𝜃 is updated in the 𝑗th epoch as follows:

𝜔 = 𝛾𝜔 + 𝛼
𝜕𝐽(Θ)

𝜕𝜃
(3.8)

𝜃(𝑗) = 𝜃(𝑗) − 𝜔 (3.9)

where partial derivative
𝜕𝐽(Θ)

𝜕𝜃
is the gradient of the cost function with respect to 𝜃, and 𝜔

is the current velocity vector with the same dimensions as parameter 𝜃.

Table 3.5: Setup for the location prediction framework

Parameters Values
PCM selection method {SC, STC, EFB, CISB, BSB }

Prediction model {PLP}
Temporal location type {pre-loc, cur-loc, pre-cur-loc}

Time slot feature {un-grouped, grouped }
Number of selected PCMs (𝑟) {1, 2, 3, 4, 5}

Top-𝑘 accuracy {top-1, top-2, top-3, top-4}

3.5 Evaluation Results and Discussion

In this section, the performance of the human mobility prediction framework is examined

under different PCMs detection methods and is compared with the baseline prediction model,

most frequent location (MFL). The whole dataset is randomly partitioned into training,

validation, and test sets at the ratio of 5:2:3. Recall that in case of the Dartmouth dataset

the 118-day period is selected and for each day human mobility from 8h to 24h is considered.
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Since each time slot lasts 30 minutes, there are total 32 time slots per day. Therefore, the

number of samples in the Dartmouth dataset is 118× 32 = 3, 776. The training, validation,

and test sets consist of 1,886; 755; and 1,133 instances, respectively. The training set is

used to fit the model while the purpose of validation set is to determine the appropriate

hyper-parameters for the neural network, e.g., the number of hidden layers, hidden units,

activation units, and learning rate. Note that only the training set is used in the first phase

of the prediction model and the performance of model is estimated based on the test set.

Table 3.5 presents the setup for the mobility prediction framework. Specifically, the

two proposed PCM selection methods consisting of community interaction similarity-based

(CISB) and behavioral similarity-based (BSB) are evaluated and compared with three recent

selection approaches: encounter frequency-based method (EFB) [56,70,92], spatial closeness

(SC) [8], and spatiotemporal closeness (STC) [8]. Table 3.6 shows a list of acronyms which

are used in the manuscript.

Table 3.6: List of Acronyms

Abbreviation Meaning
BSB Behavioral similarity-based
CISB Community interaction similarity-based
EFB Encounter frequency-based
MFL Most frequent location
PCM Persons with correlated movements
PLP PCM-based location prediction
SC Spatial closeness

STC Spatiotemporal closeness

Encounter frequency is usually considered as a metric for measuring the friendship be-

tween two users [92], especially finding social friends, colleagues, or coworkers. In EFB,

PCMs are selected according to the assumption that two members who encounter more fre-

quently are assumed to hold a closer relationship. We first define that a co-cell event occurs

when the mobile phones of two users are associated with the same cell tower at the same

time slot. The higher number of co-cell events means the more frequently two members stay

in the same place, which can indicate the stronger social tie between two users. Therefore,

in EFB, members with the highest frequency of co-cell events are selected as PCMs of a

considered person.

The EFB method is implemented as follows. In order to represent whether persons 𝑝
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and 𝑞 are at the same location during time slot 𝑡, an indicator 𝐼𝑝,𝑞(𝑡) is defined as follows:

𝐼𝑝,𝑞(𝑡) =

⎧⎪⎪⎪⎨⎪⎪⎪⎩
1, if 𝑝 and 𝑞 are in the same cell

during time slot 𝑡

0, otherwise

(3.10)

where 𝑝, 𝑞 ∈ M. 𝐼𝑝,𝑝(𝑡) = 1 if person 𝑝 stays at one of |L| feasible locations at time 𝑡. If the

location of 𝑝 or 𝑞 is undefined at time slot 𝑡, then, 𝐼𝑝,𝑞(𝑡) = 0. The friendship correlation

𝜌𝑝,𝑞 (0 ≤ 𝜌𝑝,𝑞 ≤ 1), which indicates the link weight between persons 𝑝 and 𝑞, is defined with

the consideration of number of co-cell events between them as follows:

𝜌𝑝,𝑞 =

∑︀
𝑡 𝐼𝑝,𝑞(𝑡)∑︀
𝑡 𝐼𝑝,𝑝(𝑡)

(3.11)

Then, among (𝑚 − 1) remaining members, 𝑟 people who have the highest 𝜌𝑝,𝑞 are selected

as user 𝑝’s SCs.

Recall that Alhasoun et al. [8] constructed a prediction model based on dynamic Bayesian

networks which leveraged historical location data of selected PCMs to predict the most prob-

able position of the person of interest. However, the prediction model in [8] requires to know

the last visited place of the person of interest, which is not applicable to our considering

problem where the historical position data of the person of interest is assumed to be un-

known. Note that since there was no existing prediction model designed for the considering

problem, the PCM-based location prediction (PLP) model is used in the experiments.

Additionally, we make a performance comparison between our two proposed PCMs selec-

tion approaches and counterpart methods in [8]. There were three similarity measurement

metrics to select PCMs in [8], and specifically the first method, temporal closeness, com-

pares patterns of communication (e.g., call, sms, and data) between people. Due to the

requirement of extra communication information of members, the temporal closeness is not

considered as a counterpart method for selecting PCMs in our work. Therefore, we compare

the proposed PCMs selection methods with only two approaches in [8]: STC and SC.

For the PLP model, a variety of NN architectures which have a different number of layers,

hidden units, and activation functions were examined. Then, among the considered setting,

the most appropriate NN architecture was selected by using the validation set. Specifically,

there is 1 hidden layer of 150 sigmoid activation units in the NN of the BSB approach.

In the NN-based predictor, 500, 150, and 50 sigmoid hidden units are used in the first,
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second, and third hidden layers, respectively. The reason of selecting a neural network to

construct a prediction model is explained below. Figure 3-5 shows the performance of the

prediction model constructed by using different machine learning classifiers, e.g., support

vector machine (SVM), Naive Bayes (NB), and logistic regression (LR). Since achieving the

highest prediction accuracy, the NN-based model is used in this work.

pre-loc cur-loc pre-cur-loc
LR NB SVM NN LR NB SVM NN LR NB SVM NN
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Figure 3-5: The effects of machine learning classifiers on the performance of the prediction
model

Weight and bias values are initialized with normal distribution. The 𝐿2 regularization

coefficient is set to 0.01. Learning rate in the gradient descent and the momentum coefficient

are set to 0.4 and 0.1, respectively. Full batch learning with 1500 iterations is examined.

Note that only the training set is used to select the 𝑟 PCMs in the first phase of the prediction

models. For example, in case of the Dartmouth dataset, 𝑟 PCMs are determined by using

the training set of 1,866 samples which are randomly selected from the total 3,776 instances.

Moreover, three types of temporal information are considered. The number of selected

PCMs varies from 1 to 5, while top-𝑘 accuracy is considered with 𝑘 = {1, 2, 3, 4}. In

addition, un-grouped and grouped time slot features are compared. The bold text in the

second column of Table 3.5 denotes default values of the prediction model. In this work,

performance metrics including average and standard deviation of prediction accuracy are

obtained over 5 runs. The results are collected via averaging the entire people.

The most noticeable results are summarized as follows. From the conducted experi-
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ments, the performance of designed PLP model outperforms that of the baseline method,

MFL. With regard to the PCMs selection methods, the proposed BSB shows significantly

better performance than other PCM extraction approaches. In addition, the generalization

capability of the proposed framework increases as a larger number of PCMs are embedded

into the model. In particular, this increase is more clearly shown in case of BSB.

3.5.1 Performance Comparison of PCM Selection Methods

In this subsection, the performance results of PCMs extraction methods are discussed with

different temporal features of selected PCMs. The location of a person during time 𝑡 is

predicted with the support of PCMs’ positions during the time slot (𝑡 − 1) (denoted by

pre-loc), time slot 𝑡 (denoted by cur-loc), and both (𝑡 − 1) and 𝑡 time slots (denoted by

pre-cur-loc). Recall that the time slot lasts 15 minutes. The obtained results are shown in

Fig. 3-6.

First, we evaluate the predictability of the baseline prediction model, most frequent

location (MFL). As can be seen in Fig. 3-6, the MFL model achieves much lower performance

than the proposed PLP architecture, and specifically leads to top-1 accuracy of 38.62% and

70.92% with MIT and Dartmouth datasets, respectively. Since the MFL model does not

use information of PCMs to predict where person 𝑝 stays at time 𝑡, the temporal feature of

PCMs does not affect the performance of MFL model.

Now, the performance of PLP model is analyzed with different PCM selection methods.

In EFB and CISB methods, members with the most similar movement paths are selected

as PCMs, i.e., people who stay the most frequently with a given person. The main differ-

ence between these two methods is that the EFB scheme weights the link of two people

based on direct encounters between them, whereas the CISB method compares community

interactions between persons to estimate their social correlation. Even though in some cases

the CISB method obtains slightly higher accuracy than the EFB method, the two generally

achieve similar performance. This indicates that a social relationship between two persons

can be mainly reflected by direct interactions between them.

In contrast, the BSB method aims at selecting PCMs with the most correlated behavioral

patterns. Our work shows that discovering behavior patterns helps to significantly improve

prediction accuracy of the model compared to the friendship-based method. In fact, for

members who work in the same university or company, they tend to have similar lifestyles

(e.g., behavioral pattern) owing to the common schedules of the workplace. Therefore,
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Figure 3-6: Effects of temporal location features on the prediction model in case of (a) the
MIT dataset and (b) Dartmouth dataset
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considering behavioral similarity between people can be helpful in selecting better PCMs for

predicting people’s locations. Specifically, when embedding pre-cur-loc information of PCMs

selected by the BSB scheme into the PLP model, we achieve top-1 prediction accuracy as

high as 71.00% and 92.31%, respectively, with MIT and Dartmouth datasets.

In the SC scheme, regardless of encounters between 2 people, members who have similar

spatial distribution, or longevity of visiting places are selected as PCMs. The SC method

may choose PCMs who have different frequency or regularity of staying in locations with the

person of interest. For example, if 2 people 𝑝 and 𝑞 spend 4 hours at the library everyday,

the SC method is likely to choose person 𝑞 as a PCM of 𝑝. However, if person 𝑝 stays at

the library in the whole afternoon while 𝑞 spends 2 hours in the morning and 2 hours in the

evening, using location information of 𝑞 may not be appropriate to predict the mobility of

person 𝑝.

Meanwhile, in case of the STC method, two people have a high closeness score if they

move in a synchronous manner or their movement are highly dependent. Note that PCMs in

both STC and BSB tend to move in a synchronous way with the person of interest. However,

a fundamental difference between BSB and STC is that the STC method does not consider

the temporal information when measuring the similarity between two people. Specifically,

the STC approach computes the spatial distribution of person 𝑝 given the location of person

𝑞. Meanwhile, the BSB method investigates the spatial distribution of person 𝑝 given both

spatial and temporal information of person 𝑞. By considering the temporal data when

selecting PCMs, the BSB approach is able to measure movement association with both

spatial and temporal aspects. As a consequence, the BSB method achieves significantly

higher prediction accuracy than the STC one with both datasets.

However, the performance gap between BSB and STC in the Dartmouth traces is no-

ticeably smaller than that in the MIT one. The gap difference may come from different

characteristics of human mobility in 2 datasets. Recall that the STC scheme does not con-

sider the dependence between human movement and the temporal information. Therefore,

if human mobility extracted from a dataset (e.g., the Dartmouth) is not highly related to

the temporal data, the STC can achieve better accuracy than the case of strong relationship

between human movement and the temporal information.

One should note that BSB, SC and STC approaches do not take into account the ac-

tual encounter or friendship between people. The experiment results in Fig. 3-6 indicate

that friendship-based methods (EFB and CISB) causes the lower performance than other
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approaches (BSB, SC, and STC) in which friendship is not considered. In addition, the

proposed BSB approach achieves the most accurate prediction among the considered PCMs

selection methods. For example, using location data of PCMs at time (𝑡−1) and 𝑡, the PLP

model predicts human locations at time 𝑡 with top-1 accuracy of 81.64%, 82.57%, 85.92%,

82.07%, and 92.31% using EFB, SC, STC, CISB, and BSB methods, respectively, in case of

the Dartmouth dataset.

Also, from the observations in Fig. 3-6, among three considered temporal features, pre-

cur-loc and cur-loc lead to quite similar performance in both datasets. For example, in

case of the MIT traces, the PLP model achieves 71.13% and 71.00% accuracy in predicting

the location of person 𝑝 given pre-cur-loc and cur-loc information of PCMs, respectively.

As anticipated, using data of PCMs during time 𝑡 (cur-loc) can result in a more accurate

prediction than the use of (𝑡− 1) (pre-loc).

3.5.2 Top-k Accuracy

In this subsection, we evaluate the top-𝑘 accuracy of the proposed PLP model when 𝑘 =

{1, 2, 3, 4}. Other parameters are set to the default values shown in Table 3.5. For top-𝑘

accuracy, the model outputs a list of 𝑘 location(s) with the highest probability. If the correct

location belongs to the list of 𝑘 element(s), the prediction is considered accurate.

As expected, Fig. 3-7 shows that the obtained accuracy increases from top-1 to top-4.

For example, in case of the MIT dataset, the BSB approach results in 71.00%, 82.17%,

85.53%, and 87.59% accuracy corresponding to top-1, top-2, top-3, and top-4, respectively.

In all examined PCM selection schemes, the steepest rising rate is observed when 𝑘 changes

from 1 to 2. Then, the outcomes tend to plateau.

As can also be observed from Fig. 3-7, there is higher prediction accuracy in the Dart-

mouth dataset than the MIT one. This observation is attributed to the fact that human

movement in the MIT dataset was collected within a wider area than that in the Dartmouth

traces. More specifically, all APs in the Dartmouth dataset are located in the university

campus while movement trajectories of people in the MIT dataset are not bounded in the

school area. Therefore, people mobility in the MIT dataset tends to be more divergent and

more difficult to predict than that in the Dartmouth traces.
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Figure 3-7: Top-𝑘 accuracy of the prediction model in case of (a) the MIT dataset and (b)
Dartmouth dataset
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3.5.3 Effects of the Number of PCMs

In this subsection, the number of selected PCMs varies from 1 to 5. As seen in Fig. 3-

8(b), using location information of one PCM (i.e., 𝑟 = 1), the PLP model obtains top-1

accuracy of 86.53% with the BSB method compared with 70.92% in case of the MFL model.

Meanwhile, the PLP model with EFB, SC, STC, and CISB approaches results in 76.58%,

76.94%, 79.57%, and 76.70% accuracy, respectively.

It should be emphasized that when adding more PCMs, the performance of the pre-

diction model is generally enhanced. In friendship-based methods (CISB and EFB), this

is attributed to the fact that a person usually interacts with multiple PCMs rather than

one person during the day. For example, in the morning, person 𝑝 encounters co-worker

𝑞 at the workplace. At lunch, 𝑝 and 𝑟 have an appointment at their favorite restaurant.

Then, persons 𝑝 and 𝑠 go to the fitness center to exercise in the afternoon. In other PCMs

selection approaches, the performance gain with more PCMs is due to the fact that a person

has movement correlation with various PCMs depending on the time of a day. For instance,

assume that person 𝑝 is a middle-aged man. He may have a similar behavioral pattern with

younger co-worker 𝑞 during the daytime, whereas after work, he may have behaviors similar

to other middle-aged men, rather than with the younger co-workers.

Moreover, the performance gap between the BSB and friendship-based methods (CISB

and EFB) becomes larger as the number of PCMs embedded in the model increases especially

in the MIT dataset. This is because selected PCMs of CISB and EFB tend to have more

similar encounter patterns with person 𝑝 than under the BSB method. To show this, KL

divergence [93] is considered to measure similarity between temporal encounter distributions

of PCMs and person 𝑝. Vector 𝑞 denotes the probability distribution of encounters between

persons 𝑝 and 𝑞. The 𝑖th element of 𝑞 represents the probability that persons 𝑝 and 𝑞

encounter each other during time slot 𝑖. Vector 𝑟 indicates a distribution of encounters

between persons 𝑝 and 𝑟. The length of 𝑟 and 𝑞 equals the number of samples for each

person. Using KL divergence, the difference between the two probability distributions is

given by:

𝜑𝑞,𝑟 =
∑︁
𝑖

𝑞𝑖 log
𝑞𝑖
𝑟𝑖

(3.12)

where 𝑞𝑖 and 𝑟𝑖 are the 𝑖th elements of vectors 𝑞 and 𝑟, respectively. If the score from KL

divergence is small, encounter distributions between PCMs and person 𝑝 are close, which
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Figure 3-8: Effects of the number of PCMs on the performance of the prediction model in
case of (a) the MIT dataset and (b) Dartmouth dataset
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indicates similar movement patterns between PCMs.

Assume that a mobility prediction model with 𝑟 PCMs is considered. If another PCM

with highly similar movement patterns to those of the 𝑟 existing PCMs is added at input, the

location information of the added PCM would not be helpful in predicting location of person

𝑝. As shown in Table 3.7, in cases where the number of selected PCMs is 5, the average

value of KL divergence between PCMs’ patterns of encounters with a person of interest is

11.01, 11.03, and 15.19 in EFB, CISB, and BSB methods, respectively. We can also observe

from Table 3.7 that KL divergence values of SC and STC approaches are generally higher

than friendship-based ones since SC and STC do not consider encounters between people.

Table 3.7: Comparison of KL divergence values between PCMs selection methods

Dataset EFB SC STC CISB BSB
MIT 11.01 11.66 15.07 11.03 15.19

Dartmouth 13.59 13.63 20.32 13.76 20.44

Lower KL divergence values from EFB and CISB methods indicate that they tend to

select PCMs with more similar mobility patterns than the BSB method, and accordingly,

movement patterns of the selected PCMs under the BSB method are more divergent than

those under EFB/CISB methods. This contributes to a large accuracy gap between the BSB

and friendship-based methods. The results also agree with the assumption that correlated

locations in the BSB method do not have to be the same places.

3.5.4 Effects of Time Slot Feature Selection

Figure 3-9 compares the precision of the mobility prediction model with two different time

slot features: un-grouped and grouped. For the un-grouped case, 32 time slots in a day are

mapped into a 32-dimensional vector. Meanwhile, for the grouped case, one-hot encoding

converts a time slot index into a vector in B3 where each dimension indicates one of the

three parts of a day.

In addition, as shown in Fig. 3-9, it is clear that grouping time slot feature achieves higher

prediction accuracy than with un-grouped features. The results reflect that people tend to

spend time with each other for a relatively long period. This becomes more understandable

in environments like university campuses or companies, where people usually stay with their

colleagues for a significant amount of time during the day. After work, they may enjoy

leisure activities with friends in the evening. Another reason for the low performance with

the un-grouped case may be the small number of data samples compared with the large
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Figure 3-9: Comparison of time slot features in the human prediction framework in case of
(a) the MIT dataset and (b) Dartmouth dataset
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input dimensions in the un-grouped case.

3.6 Chapter Summary

Human mobility prediction has been a key point for the success of a variety of potential

applications. For instance, with the development of device-to-device communication tech-

nologies, being able to accurately predict human locations will facilitate the design of an

efficient data routing protocol in opportunistic networks. Moreover, the location prediction

model inspires further applications such as urban data mining, location-based recommen-

dation services, and contagious disease control. In addition, location estimation is required

even when someone may not be willing to share their locations (e.g., geographic profiling of

criminals).

Therefore, in this chapter, we address the mobility prediction problem in which the cur-

rent or next location of a person is estimated, especially without requiring the positional

history of that person. Since the movement of a person is highly related to other people,

a two-phase framework is proposed in which persons with correlated movements (PCMs)

with the person of interest are determined in the first phase. Then, information of these

selected PCMs is leveraged in the second phase to estimate the location of the person of in-

terest. For selecting PCMs, the communication interaction similarity-based (CISB) method

considers encounter interactions between people, whereas the behavioral similarity-based

(BSB) scheme selects PCMs who have similar behavioral patterns, instead of considering

co-location between people.

For the considered problem, our approach is robust, because it can reduce overfitting

by only using the location information of the selected PCMs to estimate the positions of

the person of interest. Low time and space computational complexity is also achieved.

Furthermore, geographic locations are not required in our model. Experimental results show

that the BSB method gains significant improvement over other PCMs extraction approaches.

In addition, the performance generally increases when more PCMs were embedded into the

designed prediction model. In particular, a large number of PCMs is more beneficial under

the BSB method than others.

However, our PCMs selection methods are centralized approaches because of requiring

mobility traces of all people. Therefore, the proposed PCMs extraction methods are re-

stricted to small or medium networks. In addition, information assurance needs to be taken
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into account since mobility data of people is exchanged in the network.
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Chapter 4

Low Cost Decentralized Human

Encounter Prediction Model

4.1 Preliminaries

4.1.1 Dataset

In this work, two datasets of Wi-Fi traces are used to examine the proposed model. The first

dataset is the Buffalo/phonelab-wifi logs collected over 5 months from smart phones carried

by a group of 284 people, who are faculty members, staffs, and students at University at

Buffalo (UB) [20, 94]. The second dataset provides four-month Wi-Fi logs of 13,888 mobile

device carriers on the Dartmouth college campus [19]. Whenever a phone connects to a

nearby AP, information including time-stamp, device ID, and basic service set identifier

(BSSID) was recorded.

People usually carry their phones most of the time and Wi-Fi networks have short ranges

of tens of meters. Therefore, human mobility can be represented by a sequence of associated

(or scanned) APs which are identified by BSSID [95]. Specifically, in the first dataset, we use

the sub-dataset named WifiScanResult which contains Wi-Fi scan logs of 274 anonymous

mobile users and 1,193,746 APs. In the second dataset, the Wi-Fi logs including the AP

association information of 13,888 mobile device users and 623 APs were used.

In order to extract significant human movement, the most active period in a day, that

is, from 9 am to 6 pm, is considered. Moreover, in the UB dataset, we select the 129 most

active users who have sufficient Wi-Fi scans and 5,251 APs, which were scanned more than

20,000 times. In addition, the experiment duration was trimmed to 65 days (from January
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26th to March 31st, 2015), in which we can observe the most Wi-Fi activities of all mobile

users as well as their interactions. Similarly, in the Dartmouth dataset, the 162 most active

users and the 118-day period from January 3rd to April 30th, 2004 are extracted. Table 4.1

summarizes the main features of the two datasets.

Table 4.1: Summary of two datasets after user and AP extraction

Dataset UB Dartmouth
Number of people 129 162
Number of APs 5,251 623
Duration (Days) 65 118
Period in a day 9h to 18h 9h to 18h

4.1.2 Encounter Extraction

Since the purpose of this study is to construct an encounter prediction model, the contact

information between mobile carriers is extracted using Wi-Fi logs. In particular, time-sliced

user position indication data (TSUPID), which represents the temporal location of all users,

is created first. Then, we build the meeting table, which contains the time-sliced encounters

between individuals. Note that if two people concurrently associate with the same AP

deployed at some place, e.g., a class room or cafeteria, they stay in proximity to each other

and are likely to have an encounter. This definition of indirect encounter was also introduced

in other existing studies [4, 63, 96, 97]. Moreover, the event of indirect encounter between 2

people implies either a direct encounter or they are two-hop neighbors of each other. That

means a communication path exists between these 2 people. Therefore, in this work, two

individuals are considered to have contact during a time slot if their devices associate with

the same AP in that time slot.

Now, we describe how to create TSUPID for each person based on the Wi-Fi association

(or scan) traces of that person. Recall that the movement of a person in a given period can

be represented by the sequence of associated APs in that period. Specifically, we consider

Table 4.2: TSUPID of person 𝑝

Person ID Day Index Time Slot Index Start Time of Time Slot Number of Associated APs Set of Associated APs
𝑝 1 1 9:00 3 {17, 256, 300 }
𝑝 1 2 9:15 0 { ∅ }
... ... ... ... ... ...
𝑝 1 𝑛𝑇𝑆 17:45 2 {118, 5246}
𝑝 2 1 9:00 1 {5246}
𝑝 2 2 9:15 2 {1, 1299}
... ... ... ... ... ...
𝑝 𝑛𝐷 𝑛𝑇𝑆 17:45 4 {71, 3527, 4630, 5110}
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Table 4.3: Meeting table

𝑝1𝑑1𝑠1 𝑝1𝑑1𝑠2 ... 𝑝1𝑑𝑛𝐷𝑠𝑛𝑇𝑆 𝑝2𝑑1𝑠1 ... 𝑝2𝑑𝑛𝐷𝑠𝑛𝑇𝑆 ... 𝑝𝑚𝑑1𝑠1 ... 𝑝𝑚𝑑𝑛𝐷𝑠𝑛𝑇𝑆

𝑝1 0 0 ... 0 1 ... 0 ... 1 ... 1
𝑝2 1 1 ... 0 0 ... 0 ... 0 ... 1
... ... ... ... ... ... ... ... ... ... ... ...
𝑝𝑚 1 0 ... 1 0 ... 1 ... 0 ... 0

the nine-hour duration from 9 am to 6 pm in a day and divided this duration into 15-min

time intervals. Then, a list of associated APs during a 15-minute time slot can be used to

reflect human mobility in that slot.

Table 4.2 shows the example of person 𝑝’s TSUPID, which contains six fields: person ID,

day, time slot, start time of time slot, number of APs, and the set of associated APs. For

instance, at time slot 1 of day 1, person 𝑝 associates with a total of three APs (i.e., 17, 256,

and 300), while at time slot 2 of day 1, that person associates with no AP. We define 𝑚,𝑛𝐷,

and 𝑛𝑇𝑆 as the number of people, number of days in the experiment period, and number of

time slots per day, respectively. In the UB dataset, 𝑚 = 129, 𝑛𝐷 = 65, and 𝑛𝑇𝑆 = 36.

Then, given TSUPID of 𝑚 people, a meeting table is constructed which accounts for

the temporal contacts of all people throughout the duration of the experiment period. The

meeting table is composed of 𝑚 rows corresponding to the encounter information of 𝑚 in-

dividuals, and (𝑚× 𝑛𝐷 × 𝑛𝑇𝑆) columns, where each column indicates one specific time slot

of a day for a person. Specifically, row 𝑝 of the table represents the time-sliced encounter

information between person 𝑝 and other members. During a specific time slot, if the inter-

section of associated AP sets of two people contains at least one element, there is considered

to be an encounter between them, and the value corresponding to that specific time slot is

set to 1. Otherwise, this value is set to 0. Note that a person is considered not to meet

himself/herself during the experiment period.

Recall that we aim at predicting indirect encounters, which are inferred from Wi-Fi

traces. In the case when a person wants to extract encounter information, access point 𝐴𝑃𝑖,

with which that person is concurrently associated, should send a list of persons who are

connecting to 𝐴𝑃𝑖. As a result, the problem of privacy leakage can happen. In order to

mitigate the privacy issue, people are assumed to be willing to share their association with

members who are connected to the same Wi-Fi access point. Moreover, an extra privacy

method for Wi-Fi networks should be used, e.g., access point 𝐴𝑃𝑖 needs to first encrypt and

then send the information about the list of associated people.

Note that encounters can be obtained by using traces from device-to-device communica-
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tion networks (e.g., Bluetooth, Wi-Fi direct). In this case, privacy can be better preserved

since people communicate directly to each other. However, due to the lack of a large Blue-

tooth dataset, in this work the Wi-Fi traces are used to infer encounters between people.

4.1.3 The AP Embedding Model

Recall that historical mobility information, as represented by a sequence of associated APs,

is used to predict future encounters between people. Therefore, it is necessary to encode

the AP indices. Let 𝑛𝐴𝑃 denote the number of APs. If we apply the one-hot encoding

technique, an AP index is mapped to an indicator vector in B𝑛𝐴𝑃 . In the case that we

process with a large number of APs, e.g., the UB dataset, a fundamental problem is raised:

the curse of dimensionality. Specifically, a large number of parameters need to be fitted,

thus resulting in a substantially long training process. Therefore, in this section, we propose

an embedding model with which to learn low-dimensional representations of the APs which

reflect geographical closeness of APs, i.e., two geographically near APs should be represented

by vectors with a short distance in the vector space.

The proposed embedding model is inspired by the task of learning a distributed repre-

sentation for words in natural language processing. Specifically, we consider the Skip-gram

architecture [98,99], which shows improved estimation of word representations. In word em-

bedding, given a current word, a Skip-gram model is trained to predict surrounding words,

which are within a certain window centered at the current word in the same sentence. Dur-

ing the training process, pairs of current and surrounding words are fed into the model.

Consider the following sentence as an example: a dog is walking in the garden. Assume that

the window size is set to 1, then, the pairs of (current, target) words include (dog, a), (dog,

is), and (is, walking). If the number of sentences in the word training dataset is sufficiently

large, other words pairs of semantic and syntactic similarities can be found, such as (cat, a),

(cat, is), and (was, walking). As a result, after training the Skip-gram model, semantically

and syntactically neighboring words (e.g., dog and cat; is and was), which have the similar

surrounding words, will be encoded into close embedding vectors.

We construct the AP embedding model which predicts the one-hop neighbor AP given

a current AP. Let 𝐴𝑃𝑖 denote the 𝑖𝑡ℎ AP (1 ≤ 𝑖 ≤ 𝑛𝐴𝑃 ) and 𝑣𝑖𝐴𝑃 denote the representative

AP vector of 𝐴𝑃𝑖. In this work, an 𝐴𝑃𝑖 is said to be a one-hop neighbor of an 𝐴𝑃𝑗 if one

person stays in the communication range of both 𝐴𝑃𝑖 and 𝐴𝑃𝑗 at an arbitrary time. Two

APs (e.g., 𝐴𝑃𝑖 and 𝐴𝑃𝑘) which have the same one-hop neighbor (e.g., 𝐴𝑃𝑗) are likely to be
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near each other geographically. Therefore, taking the Skip-gram model as an inspiration, the

AP embedding model is trained such that APs (e.g., 𝐴𝑃𝑖 and 𝐴𝑃𝑘) with the same one-hop

neighbor are represented by close vectors in the vector space.

The Skip-gram based AP embedding model consists of three layers: input, hidden, and

output. The input and output layers have 𝑛𝐴𝑃 units (e.g., 𝑛𝐴𝑃 = 5, 251 in the UB dataset),

while the number of hidden units equals the size of embedding vector. There is no activation

at the hidden layer, whereas the sigmoid units are used at the output layer. Note that

there are 5,251 output units corresponding to the outcomes of 𝑛𝐴𝑃 binary classifiers. The

weight matrix connecting the input and hidden layers contains the embedding vectors of

𝑛𝐴𝑃 considered APs. Let 𝑛′ denote the length of the AP representation vector (𝑛′ < 𝑛𝐴𝑃 ).

The embedding model outputs an 𝑛𝐴𝑃 ×𝑛′ weight matrix, where row 𝑖 accounts for the 𝐴𝑃𝑖

embedding vector, 𝑣𝑖𝐴𝑃 . The length of the representative AP vector is reduced from 𝑛𝐴𝑃 to

𝑛′, where 𝑛′ is set to 12.

The training samples of the embedding model are (𝐴𝑃𝑖, 𝐴𝑃𝑗) where 𝐴𝑃𝑗 is a one-hop

neighbor of 𝐴𝑃𝑖. The objective of the embedding model is to maximize the probability

𝑃 (𝐴𝑃𝑗 |𝐴𝑃𝑖) or minimize the loss function −log𝑃 (𝐴𝑃𝑗 |𝐴𝑃𝑖). The embedding model is

trained such that neighbor APs are encoded into close vectors with a small distance. In

addition, non-neighbor APs are embedded into distant points in the vector space.

In order to accelerate the training process, negative sampling [98] is used, in which we

only adjust weights that connect to the neighbor unit 𝐴𝑃𝑗 (a positive sample) and a few

non-neighbors of 𝐴𝑃𝑖 (negative samples), as opposed to updating all of the model parameters

every epoch. In this work, the model parameters are adjusted every epoch by using a positive

sample and two negative samples which are randomly selected with a uniform distribution.

4.2 The Human Encounter Prediction Model

Assume that there are 𝑚 people in the network, and that at every time slot, each person

records contact data consisting of a list of encountered members, a rendezvous place, and

the contact time. Given the recorded encounter data of a specific person 𝑝, our work aims

at predicting whom person 𝑝 is likely to meet after 𝑘 time slots (𝑘 ≥ 1). In the upcoming

subsections, the proposed distributed human encounter prediction (DHEP) models based on

RNN and FFNN are presented and compared to the centralized human encounter prediction

(CHEP) models. For simplicity, DHEP/RNN and DHEP/FFNN are used hereafter to denote
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the DHEP models based on RNN and FFNN, respectively. Similarly, we use CHEP/RNN

and CHEP/FFNN to represent the CHEP models based on RNN and FFNN, respectively.

4.2.1 DHEP/RNN Model

Let 𝑥𝑝,𝑡 denote the encounter information of person 𝑝 at current time slot 𝑡. In our work,

𝑥𝑝,𝑡 = {𝑣𝐿𝑜𝑐
𝑝,𝑡 ,𝑣

𝐶𝑜𝑛
𝑝,𝑡 ,𝑣𝑇𝑆

𝑝,𝑡 }, where vectors 𝑣𝐿𝑜𝑐
𝑝,𝑡 , 𝑣𝐶𝑜𝑛

𝑝,𝑡 , and 𝑣𝑇𝑆
𝑝,𝑡 represent the location of person

𝑝, his/her contacts, and the time slot index at 𝑡, respectively. Recall that 𝑛′ and 𝑛𝑇𝑆 ,

respectively, are the size of the AP embedding vector and the number of time slots in a day.

If person 𝑝 only has an association with 𝐴𝑃𝑖 at time slot 𝑡, the 𝐴𝑃𝑖 embedding vector is

used to reflect the meeting place, i.e., 𝑣𝐿𝑜𝑐
𝑝,𝑡 = 𝑣𝑖𝐴𝑃 . In the case that person 𝑝 associates with

𝑗 APs (e.g., 𝐴𝑃1, 𝐴𝑃2, ..., 𝐴𝑃𝑗 with 𝑗 ≥ 2), a vector which represents 𝑗-associated APs is

used to reflect the location of that person. Recall that 𝐴𝑃1, 𝐴𝑃2, ..., 𝐴𝑃𝑗 are encoded into

embedding vectors 𝑣1𝐴𝑃 , 𝑣
2
𝐴𝑃 , ..., 𝑣

𝑗
𝐴𝑃 , respectively. The median is a common metric used

to measure the properties of a set, particularly when the elements of a set exhibit skewed

distribution. Therefore, the median of two-dimensional array [𝑣1𝐴𝑃 , 𝑣
2
𝐴𝑃 , ..., 𝑣

𝑗
𝐴𝑃 ]⊤ along the

first axis is computed and used as the location representation of person 𝑝. Vector 𝑣𝐶𝑜𝑛
𝑝,𝑡

contains 𝑚 elements, in which the 𝑞𝑡ℎ element denoted by 𝑣𝐶𝑜𝑛,𝑞
𝑝,𝑡 is set to 1 if person 𝑝

encounters 𝑞 at time t, and otherwise this element is 0. 𝑣𝑇𝑆
𝑝,𝑡 with 𝑛𝑇𝑆 elements is a vector

of 0s, but the element corresponding to time slot 𝑡 gets activated.

In the proposed model, the sequential contact data during the past 𝑟 time slots {𝑥𝑝,𝑡−𝑟+1,

𝑥𝑝,𝑡−𝑟+2, ...,𝑥𝑝,𝑡} is driven into the prediction model, which outputs the probability that

person 𝑝 will meet (𝑚 − 1) other people at time slot 𝑡 + 𝑘. More specifically, for person 𝑝,

a generalization model is constructed such that the future encounter probability between 𝑝

and 𝑞 is maximized given his/her own historical contact information:

𝑃

(︂
𝑣𝐶𝑜𝑛,𝑞
𝑝,𝑡+𝑘 |{𝑥𝑝,𝑡−𝑟+1,𝑥𝑝,𝑡−𝑟+2, ...,𝑥𝑝,𝑡}

)︂
, 1 ≤ 𝑞 ≤ 𝑚 (4.1)

If the computed encounter probability between persons 𝑝 and 𝑞 exceeds a decision threshold

value (e.g., 0.5), then 𝑝 and 𝑞 are predicted to have contact with each other at time slot

𝑡 + 𝑘.

Since recurrent neural networks (RNNs) have shown potentially high performance when

modeling sequential data, we propose an RNN-based encounter prediction model for esti-

mating future contacts between people. In particular, our work considers long short-term
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Figure 4-1: The RNN-based distributed human encounter prediction model of person 𝑝

memory (LSTM) [100], which is a specific recurrent neural network architecture, to better

capture the dependencies of human encounters. As shown in Fig. 4-1, an unrolled LSTM

contains a number of memory blocks, where each block stores the temporal cell state of the

network, which depends on the previous cell state and current input. In order to control the

information flow in the network, three gates are used: input, output, and forget gates. Pre-

cisely, the previous cell state is scaled by the forget gate prior to being added to the current

cell state. The input gate adjusts to what degree the current input activations contribute to

the cell state of the current block. Meanwhile, the flow of cell activations into the network

is determined by the output gate.

The architecture of one LSTM block is described in detail. The current encounter data

𝑥𝑝,𝑡 at time 𝑡 is fed into the LSTM block. Let 𝑐𝑡 and ℎ𝑡 denote the cell state and hidden cell

state at time slot 𝑡, respectively. Further, let 𝑓𝑡, 𝑖𝑡,𝑜𝑡 denote the outcomes of forget, input,

and output gates, respectively. In each LSTM block, the current cell state is computed

based on the input and previous cell states as follows:
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𝑓𝑡 = 𝜎(𝑊⊤
𝑥𝑓𝑥𝑝,𝑡 + 𝑊⊤

ℎ𝑓ℎ𝑡−1 + 𝑏𝑓 ) (4.2)

𝑖𝑡 = 𝜎(𝑊⊤
𝑥𝑖𝑥𝑝,𝑡 + 𝑊⊤

ℎ𝑖ℎ𝑡−1 + 𝑏𝑖) (4.3)

𝑜𝑡 = 𝜎(𝑊⊤
𝑥𝑜𝑥𝑝,𝑡 + 𝑊⊤

ℎ𝑜ℎ𝑡−1 + 𝑏𝑜) (4.4)

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ tanh(𝑊⊤
𝑥𝑐𝑥𝑝,𝑡 + 𝑊⊤

ℎ𝑐ℎ𝑡−1 + 𝑏𝑐) (4.5)

ℎ𝑡 = tanh(𝑐𝑡) ⊙ 𝑜𝑡 (4.6)

where 𝑊𝑥𝑓 ,𝑊ℎ𝑓 ,𝑊𝑥𝑖,𝑊ℎ𝑖,𝑊𝑥𝑐,𝑊ℎ𝑐,𝑊𝑥𝑜,𝑊ℎ𝑜 denote weight matrices and 𝑏𝑓 , 𝑏𝑖, 𝑏𝑐, 𝑏𝑜

represent bias vectors.

The outcome of LSTM block ℎ𝑡 is mapped to the output of prediction model 𝑣𝐶𝑜𝑛
𝑝,𝑡+𝑘

by a fully connected sigmoid output layer. There are 𝑚 output units corresponding to the

probability of encounter between person 𝑝 and 𝑚 people at time 𝑡+ 𝑘. The future contacts,

𝑣𝐶𝑜𝑛
𝑝,𝑡+𝑘, are predicted as follows:

𝑣𝐶𝑜𝑛
𝑝,𝑡+𝑘 = 𝜎(𝑊⊤

ℎ𝑦ℎ𝑡 + 𝑏ℎ) (4.7)

Let 𝑦 and 𝑡 denote output 𝑣𝐶𝑜𝑛
𝑝,𝑡+𝑘 of the prediction model and the true label, respectively.

The number of samples is defined as 𝜂. The cross-entropy cost function 𝐽(𝜃) is used to

measure the difference between the estimated and correct labels as follows:

𝐽(𝜃) = −1

𝜂

𝜂∑︁
𝑗=1

(︂
𝑡(𝑗)

⊤
log 𝑦(𝑗) + (1 − 𝑡(𝑗))⊤ log (1 − 𝑦(𝑗))

)︂
(4.8)

where 𝑦(𝑗) and 𝑡(𝑗) are the estimated output and target vectors of the 𝑗th instance, respec-

tively. The adaptive moments algorithm [101] is used to minimize the cost function and

to train the parameters (i.e., weight matrices and bias vectors) of the model. In addition,

in order to construct a generalization model that fits well for not only the training dataset

but also the unobserved data, the dropout regularization technique [102] is applied, since

dropout showed the substantially reduced overfitting on a variety of tasks.
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4.2.2 DHEP/FFNN Model

Although RNNs can capture information of sequential data, learning the RNN-based pre-

diction model demands high computation capability due to a large number of training pa-

rameters. Moreover, since people typically carry mobile devices with constrained resources,

constructing the RNN-based prediction model can cause the out of memory problem. There-

fore, for devices with limited computation capability, we also propose another DHEP model

based on a feed-forward neural network (FFNN), which requires fewer resources than the

RNN-based model.

The objective of the DHEP/FFNN model is either to predict whether persons 𝑝 and 𝑞

are in physical proximity to each other, given person 𝑝’s current mobility information 𝑥𝑝,𝑡,

or to maximize the following probability:

𝑃 (𝑣𝐶𝑜𝑛,𝑞
𝑝,𝑡+𝑘 |𝑥𝑝,𝑡), 1 ≤ 𝑞 ≤ 𝑚 (4.9)

As shown in Fig. 4-2, the proposed FFNN-based model consists of an input layer,

followed by two hidden layers with tanh activation units. The logistic output layer has 𝑚

units which correspond to the encounter probabilities between person 𝑝 and 𝑚 people in

the network. Two individuals 𝑝 and 𝑞 are said to be in close proximity to each other after 𝑘

time slots if the value at output unit 𝑞 exceeds a given decision threshold value (e.g., 0.5).

During the training process, the cross-entropy loss function, which indicates the error

between the actual and predicted movements, is minimized by using the adaptive moment

estimation [101]. Dropout regularization is applied to the outputs of two hidden layers in

order to mitigate the problem in which the prediction model is over-fitted to the training

dataset.

Next, we compare the complexity of DHEP/RNN and DHEP/FFNN prediction models.

We define 𝑛𝑖 and 𝑛𝑜 as the number of input and output units of the prediction models,

respectively. Let 𝑛𝑐 denote the number of cell units in each LSTM block, i.e., 𝑛𝑐 = |𝑐𝑡| = |ℎ𝑡|.

In the FFNN-based model, 𝑛ℎ1 and 𝑛ℎ2 are defined as the number of activation units in

hidden layers 1 and 2, respectively. Ignoring their biases, the number of parameters 𝑁𝑅𝑁𝑁

in the DHEP/RNN model is computed as:

𝑁𝑅𝑁𝑁 = 4𝑛2
𝑐 + 4𝑛𝑖𝑛𝑐 + 𝑛𝑜𝑛𝑐 + 3𝑛𝑐 (4.10)
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Meanwhile, the proposed DHEP/FFNN is composed of 𝑛𝐹𝐹𝑁𝑁 weight parameters, and

𝑛𝐹𝐹𝑁𝑁 is calculated as:

𝑁𝐹𝐹𝑁𝑁 = 𝑛𝑖𝑛ℎ1 + 𝑛ℎ1𝑛ℎ2 + 𝑛ℎ2𝑛𝑜 (4.11)

For example, in the case of the UB dataset, 𝑛𝑖 = 178 and 𝑛𝑜 = 129. If 𝑛𝑐 = 900 and

𝑛ℎ1 = 𝑛ℎ2 = 256, 𝑁𝑅𝑁𝑁 ≈ 4M and 𝑛𝐹𝐹𝑁𝑁 ≈ 144k, which means that the RNN-based

prediction model needs to train approximately 27 times as many parameters as the FFNN-

based model does.

In spite of requiring substantially more computation resources, unlike the FFNN-based

model, the RNN-based model can learn long-term temporal information. Due to the self-

recurrent connections, the RNN-based model can store historical encounter data in the cell

state. Therefore, the RNN-based prediction model is expected to achieve higher performance

than the FFNN-based model, at the cost of large computation complexity.

Figure 4-2: Architecture of the FFNN-based encounter prediction model of person 𝑝

4.2.3 The Centralized Human Encounter Prediction (CHEP) Models

Note that the distributed models, DHEP, may suffer from a lack of samples, since each

person constructs a separate model by solely using his/her own encounter data. In this

subsection, we consider the centralized human encounter prediction (CHEP) model which

uses the contact data of all people to construct one predictor for the encounter prediction

task. CHEP would be useful when all people’s data is allowed to be collected.

The centralized model maps the recent encounter data of person 𝑝 (1 ≤ 𝑝 ≤ 𝑚) to the
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future contacts between 𝑝 and other members. Note that, since the mobility data of all 𝑚

people is fed into the centralized model, vector 𝑣𝐼
𝑝 ∈ B𝑚, which indicates the person index,

is appended to input 𝑥𝑝,𝑡. That means 𝑥𝑝,𝑡 = {𝑣𝐼
𝑝 ,𝑣

𝐿𝑜𝑐
𝑝,𝑡 ,𝑣

𝐶𝑜𝑛
𝑝,𝑡 ,𝑣𝑇𝑆

𝑝,𝑡 }, where 𝑣𝐼
𝑝 ∈ B𝑚 is a

vector of 0s except that the 𝑝𝑡ℎ element is set to 1 in order to distinguish person 𝑝 from

other members. The CHEP model outputs 𝑣𝐶𝑜𝑛
𝑝,𝑡+𝑘, i.e., encounters of person 𝑝 at time 𝑡+ 𝑘.

In the centralized prediction model, the network architecture, loss function, and training

algorithm are similar to those of the distributed model.

Figure 4-3: Data communication in the centralized encounter prediction model

Figure 4-3 summarizes the data exchange in the network. Each individual needs to

send the historical contact information to a central entity via infrastructure-based or ad-hoc

networks, as represented by (1) in Fig. 4-3. At the central entity, the CHEP model is trained

using the aggregated encounter data. Then, the model parameters (i.e., weights matrices

and biases vectors) are distributed to all people, as shown by (2) in Fig. 4-3. Finally, for

each person, future encounters are estimated using the trained parameters. People keep

transmitting their contact data so that the central entity can update the parameters of the

CHEP model. Further, changes in parameters should be regularly noticed to all persons via

networks.

The comparison between DHEP and CHEP models is now discussed. Since the central-

ized model requires encounter data of all people, connections between the central entity and

all individuals in the network should be established. By contrast, the DHEP model is more

suitable for opportunistic networks with intermittent connections between members in the
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network. Because transmitting personal encounter data via networks can result in privacy

leakage, information assurance techniques should be used in the case of the CHEP model.

Moreover, since the centralized model suffers from the scale and high overhead problem,

it is restricted to the small or medium network. In order to better understand the high

overhead problem of the CHEP model, we compute the amount of data exchanged in the

network. Recall that each time slot person 𝑝 transmits time-sliced encounter data, 𝑥𝑝,𝑡 =

{𝑣𝐼
𝑝 ,𝑣

𝐿𝑜𝑐
𝑝,𝑡 ,𝑣

𝐶𝑜𝑛
𝑝,𝑡 ,𝑣𝑇𝑆

𝑝,𝑡 }, to the central entity. In the UB dataset, 𝑚 = 129, 𝑛𝐴𝑃 = 5251, 𝑛𝑇𝑆 =

36, and the number of model parameters 𝑛𝑅𝑁𝑁 = 4M. Assume that a person associates with

only one AP during a time slot. If binary coding is used to represent encounter data 𝑥𝑝,𝑡,

we need 8, 13, 129, and 6 bits (i.e., 156 bits in total) to indicate 𝑣𝐼
𝑝 ,𝑣

𝐿𝑜𝑐
𝑝,𝑡 ,𝑣

𝐶𝑜𝑛
𝑝,𝑡 , and 𝑣𝑇𝑆

𝑝,𝑡 ,

respectively. Since there are 36 time slots in a day and 129 people, the amount of contact

data that needs to be sent by people each day is 156bits× 36× 129 = 90.5kB. Additionally,

the 4M parameters of the CHEP model should be informed to all people. Assume that

four bytes are required to store each parameter value, then the central entity needs to send

4 × 4 × 129 = 2.06 GB data to 129 people whenever model parameters are updated.

On the other hand, due to the fact that it only requires the contact information of the

person of interest, the DHEP model can be applied to a network of arbitrary size. However,

the centralized model is likely to capture the whole encounter interactions between individu-

als in the network. Therefore, the centralized model may show a performance improvement

over the distributed model.

4.3 Performance Analysis

In this section, an evaluation of the proposed distributed human encounter prediction

(DHEP) models is conducted. First, we describe the counterpart methods (i.e., Jahromi’s

model [63], Jyotish’s model [64], and the DHEP model based on Naive Bayes (NB)) and the

evaluation metrics in subsection 4.3.1. Then, the predictive performance of DHEP models

is analyzed in subsection 4.3.2. Finally, the comparison with regard to performance and

applicability between DHEP and CHEP models is discussed in subsection 4.3.3.

4.3.1 Experiment Setup

In this subsection, Jyotish’s and Jahromi’s models, which are motivated from the NB classi-

fication, are summarized. We also describe the NB-based DHEP model (DHEP/NB), which
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is proposed to evaluate the predictability of the NB classifier with our input encounter fea-

tures (i.e., 𝑣𝐶𝑜𝑛,𝑞
𝑝,𝑡 and time 𝑡). Recall that 𝑣𝐶𝑜𝑛,𝑞

𝑝,𝑡 denotes the contact information between

𝑝 and 𝑞 at time 𝑡. Jyotish’s model assumes conditional dependence between the features of

day 𝑑 and time slot 𝑡. Accordingly, the probability that 𝑝 meets 𝑞 at time 𝑡 on day 𝑑 is

calculated as follows:

𝑃Jyotish(𝑣𝐶𝑜𝑛,𝑞
𝑝,𝑡 |𝑑, 𝑡) =

𝑃 (𝑑, 𝑡|𝑣𝐶𝑜𝑛,𝑞
𝑝,𝑡 )𝑃 (𝑣𝐶𝑜𝑛,𝑞

𝑝,𝑡 )

𝑃 (𝑑, 𝑡)
(4.12)

Meanwhile, Jahromi’s model assigns weights 𝑤𝑑 and 𝑤𝑡 to features 𝑑 and 𝑡, respectively.

Then, given time slot 𝑡 and day index 𝑑, the encounter probability between 𝑝 and 𝑞 is

estimated below:

𝑃Jahromi(𝑣
𝐶𝑜𝑛,𝑞
𝑝,𝑡 |𝑑, 𝑡) =

𝑃 (𝑑, 𝑡|𝑣𝐶𝑜𝑛,𝑞
𝑝,𝑡 )𝑃 (𝑣𝐶𝑜𝑛,𝑞

𝑝,𝑡 )

𝑃 (𝑑, 𝑡)

∝ 𝑃 (𝑑|𝑣𝐶𝑜𝑛,𝑞
𝑝,𝑡 )𝑤𝑑𝑃 (𝑡|𝑣𝐶𝑜𝑛,𝑞

𝑝,𝑡 )𝑤𝑡𝑃 (𝑣𝐶𝑜𝑛,𝑞
𝑝,𝑡 )

(4.13)

We then present the proposed DHEP/NB model, which, given temporal contact data

at current time 𝑡, predicts future encounters at time 𝑡 + 𝑘. Inspired by the Naive Bayes

classifier, DHEP/NB supposes that the current contacts and time slot 𝑡 are conditionally

independent. More specifically, person 𝑝 is predicted to meet 𝑞 after 𝑘 time slots if the

following probability exceeds a decision threshold value (e.g., 0.5):

𝑃
(︀
𝑣𝐶𝑜𝑛,𝑞
𝑝,𝑡+𝑘 |𝑡,𝑣

𝐶𝑜𝑛,𝑞
𝑝,𝑡

)︀
=

𝑃 (𝑡,𝑣𝐶𝑜𝑛,𝑞
𝑝,𝑡 |𝑣𝐶𝑜𝑛,𝑞

𝑝,𝑡+𝑘 )𝑃 (𝑣𝐶𝑜𝑛,𝑞
𝑝,𝑡+𝑘 )

𝑃 (𝑣𝐶𝑜𝑛,𝑞
𝑝,𝑡 , 𝑡)

∝ 𝑃 (𝑡|𝑣𝐶𝑜𝑛,𝑞
𝑝,𝑡+𝑘 )𝑃 (𝑣𝐶𝑜𝑛,𝑞

𝑝,𝑡 |𝑣𝐶𝑜𝑛,𝑞
𝑝,𝑡+𝑘 )𝑃 (𝑣𝐶𝑜𝑛,𝑞

𝑝,𝑡+𝑘 )

(4.14)

Now, we describe the evaluation metrics. This study evaluates the prediction models

in terms of estimation accuracy. In addition, since each person usually contacts a small

number of other people during a time slot, the presence of bias in favor of non-encounter

cases can clearly be seen. Therefore, other performance metrics are also considered, including

sensitivity, precision, F1 score, receiver operating characteristic (ROC), and area under curve

(AUC). Sensitivity is defined as the number of accurately estimated contacts divided by the

number of actual encounters. Precision indicates the ratio of correctly predicted samples to

samples for which models estimate encounters that are likely to happen. Meanwhile, the

performance of prediction models with varying decision threshold values can be seen in the
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Figure 4-4: Performance of Encounter Prediction Models on the UB dataset: (a) Accuracy,
(b) F1 Score, (c) Precision, (d) Sensitivity

ROC curve.

Our work collects the performance of prediction models on both UB and Dartmouth

datasets. Each dataset is randomly divided into training, validation, and test sets at the

ratio of 6:2:2. The experiment period lasts 65 and 118 days in UB and Dartmouth traces,

respectively. The first two sets are used to fit the models and select the optimal hyper-

parameters, respectively. Specifically, a variety of RNN and FFNN architectures were eval-

uated. Then, we selected the RNN-based model with one LSTM layer of 900 cell units and

the FFNN-based model with 256 units in each of the two hidden layers. On the other hand,

using the test set, the performance of models is measured by averaging the results of the 50

people with the most samples.

70



Chapter 4. Low Cost Decentralized Human Encounter Prediction Model

1 6 12 18 24 30 36 42 48 54 60

k Value

0.985

0.99

0.995

1

A
cc

ur
ac

y

CHEP/RNN
DHEP/RNN
CHEP/FFNN
DHEP/FFNN
DHEP/NB
Jyotish's model
Jahromi's model

(a)

1 6 12 18 24 30 36 42 48 54 60

k Value

0.4

0.5

0.6

0.7

0.8

0.9

1

F
1 

S
co

re

CHEP/RNN
DHEP/RNN
CHEP/FFNN
DHEP/FFNN
DHEP/NB
Jyotish's model
Jahromi's model

(b)

1 6 12 18 24 30 36 42 48 54 60

k Value

0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

P
re

ci
si

on

CHEP/RNN
DHEP/RNN
CHEP/FFNN
DHEP/FFNN
DHEP/NB
Jyotish's model
Jahromi's model

(c)

1 6 12 18 24 30 36 42 48 54 60

k Value

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

S
en

si
tiv

ity

CHEP/RNN
DHEP/RNN
CHEP/FFNN
DHEP/FFNN
DHEP/NB
Jyotish's model
Jahromi's model

(d)

Figure 4-5: Performance of Encounter Prediction Models on the Dartmouth dataset: (a)
Accuracy, (b) F1 Score, (c) Precision, (d) Sensitivity
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4.3.2 Performance of DHEP Models

In the following subsection, we evaluate the proposed distributed models which predict

encounters after 𝑘 time slots. In this work, 𝑘 is set between 1 and 60. Recall that we

consider 15-minute time slots and a 9-hour period each day. As shown in Figures 4-4 and 4-

5, the DHEP/RNN model outperforms DHEP/FFNN, DHEP/NB, Jahromi’s, and Jyotish’s

models in both datasets. In the UB dataset, the DHEP/RNN model predicts people’s

contacts at the very next time slot (i.e., 𝑘 = 1) with accuracy of 90.74% compared to the

values of 89.33%, 85.65%, 80.36%, and 80.3 % in the FFNN-based, NB-based, Jahromi’s,

and Jyotish’s models, respectively. Note that there is a difference in input features between

the DHEP/RNN and DHEP/FFNN models. i.e., encounters information during the past 𝑟

time slots (𝑟 is set to 6 and 3 in the UB and Dartmouth datasets, respectively) is fed to

the DHEP/RNN model, while only the current encounter data is used for the prediction

of future contacts in the FFNN-based model. Due to its ability to handle the temporal

dependencies of LTSM, the RNN-based model can capture the human encounter pattern

better than the FFNN-based model, thus gaining performance improvement over the other

distributed models.

On the other hand, as defined in Equation (4.14), the DHEP/NB model assumes that the

input features (i.e., current contacts and time slot 𝑡) are conditionally independent, given

the output of future contacts at 𝑡 + 𝑘. This assumption may not be realistic, as people are

likely to follow regular daily movements. For example: person 𝑝 usually takes a class in

the morning on weekdays and has an encounter with classmates during class time. In the

afternoon, person 𝑝 often studies and meets some people at the library. In this example,

contacts and time are strongly correlated. Therefore, the DHEP/NB model leads to lower

performance than the RNN-based distributed model in both datasets. For example, as

shown in Fig. 4-4(c), when 𝑘 = 1, the NB-based model achieves 0.613 precision, i.e., 61.3%

of predicted future encounters will be accurate, as compared to the 0.781 precision of the

DHEP/RNN model, respectively.

In contrast to other models that leverage the historical human encounter information for

the prediction of future contacts, Jahromi’s and Jyotish’s models only used the temporal

context, which includes time slot and day indices. As a consequence, Jahromi’s and Jyotish’s

models achieve the lowest evaluation results among the examined ones. This consequence

indicates that using temporal context alone is not sufficient for a future encounter prediction

model. Note that the performance of Jahromi’s and Jyotish models is independent of the 𝑘
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value, as their models predict contacts given the time slot and day indices of that period.

It can also be seen in Figures 4-4 and 4-5 that an increased 𝑘 value generally leads to

decreased performance in all of the models evaluated. This is attributed to the fact that

human mobility is usually affected more by recent activity. For example, a student takes

a class in the morning, goes to a restaurant at lunch time, then visits a café after lunch.

It is highly likely that whom the student meets in the café depends more on the members

encountered in the restaurant rather than those encountered in the classroom. As a result,

there is a tendency of lower encounter predictability in the forecast span.

Note that there is an interesting common pattern of evaluation results among models

in both datasets. Specifically, we observe that the performance of the evaluated models

starts to improve when 𝑘 is around 36 time slots (i.e., about one day). Recall that human

movement traces were extracted daily during the 9-hour period which is divided into 36 time

slots, meaning that a one-day experiment period lasts 36 time slots. This phenomenon is

attributed to the fact that human mobility tends to have a temporal periodicity. Specifically,

people typically keep consistent daily schedules (e.g., work, school), thus leading to some

regularity in human movement.

However, the increased model performance at 𝑘 = 36 is more clearly shown in the UB

traces than Dartmouth dataset. This result can be attributed to the fact that the Dartmouth

data only captured human movement on a college campus, whereas the human mobility in

the UB dataset was not bounded inside the university area. Human movement on a school

campus experiences less periodicity because people’s schedules at a university are likely to

differ between days. For instance, a student might take a Maths class on Mondays while

they have a Physics class on Tuesdays. For a larger area, geographically and temporally

periodic movements can be observed more clearly. For example, people normally stay at

home in the morning and then go to their workplace (e.g., a company or school). In the

evening, people usually spend time at home. Therefore, the prediction models exhibit more

clear improvement when 𝑘 is around 36 in the UB traces than in the Dartmouth traces.

Since the UB data provides human movement in a larger region than the Dartmouth

traces, we discuss the performance on the UB dataset in further detail. Figures 4-6 and 4-7

show the ROC and AUC of prediction models collected on the UB data, respectively. As

shown in Fig. 4-6, the proposed DHEP models with 𝑘 = 1 achieve a higher true positive (TP)

rate given a false positive (FP) rate, and result in a lower FP rate with a given TP value. For

example, if the FP rate is required to be at most 0.1, Jahromi’s, Jyotish’s, DHEP/FFNN,
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and DHEP/RNN models yield TP rates of 0.345, 0.342, 0.816, and 0.836 respectively. The

ROC curves also allow us to select the most appropriate models and decision threshold value

for satisfying performance requirements. For instance, suppose that an application requires

a human encounter prediction model with TP values of at least 0.8 and FP values of at most

0.1, the four models of CHEP/RNN, CHEP/FFNN, DHEP/RNN, and DHEP/FFNN meet

the requirement. If the DHEP/RNN model is used, the decision threshold value should be

set from 0.093 to 0.2.

The AUC scores, shown in Fig. 4-7, reflect the performance across the entire range of

decision threshold values; an AUC score of 1 implies perfect predictions, whereas a random

binary classifier yields a value of 0.5. The results in Fig. 4-7 show that higher AUC scores

are produced by the proposed DHEP models than by Jahromi’s and Jyotish’s methods.

Specifically, DHEP/RNN, DHEP/FFNN, and DHEP/NB achieve average AUC values of

0.869, 0.857, and 0.833 in the forecast span, respectively. By contrast, the scores in Jharomi’s

and Jyotish’s models are 0.745 and 0.739, respectively.

Figure 4-8 presents the clock-time-based F1 scores (i.e., the average F1 score over one-

hour periods) of the distributed models on the UB traces. Recall that human mobility is

extracted in one day over the 9-hour period ranging from 9 am to 6 pm. As shown in

Fig. 4-8, when the current time 𝑡 is set from 9 to 10 am, the DHEP/RNN model predicts

encounters in the next hour (𝑘 = 4) with an F1 score of 0.744. Interestingly, the performance

of DHEP/RNN and DHEP/FFNN tends to decrease in the time span from 10 am to 4 pm,

which may be attributed to the fact that there is a stable tendency of people’s movements

in the morning due to their daily schedules. By contrast, people may have greater variation

in their activities in the afternoon, such as exercising and meeting friends, thus resulting in

more diverse movements. As a result, the predictions of the DHEP models are less accurate

in the afternoon than in the morning.

It should also be highlighted, as shown in Fig. 4-8, that the lowest performance of

the models with 𝑘 = 4, 8, and 12 is produced when 𝑡 is in periods (17h-18h), (16h-17h),

and (15h-16h), respectively. The reason for this result is that when 𝑡 is in (17h-18h), the

DHEP models with 𝑘 = 4 actually predict future encounters on the next day in (9h-10h),

i.e., contacts after 16 hours. Due to the fact that predictions are being made regarding

encounters in a distant future, the DHEP models with 𝑘 = 4 yield the lowest evaluation

results when 𝑡 is in the (17h-18h) period. Similarly, the DHEP models with 𝑘 = 8 and 12

show the worst performance when 𝑡 is in the (16h-17h) and (15h-16h) periods, respectively.
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4.3.3 Comparison between Distributed and Centralized Models

In this subsection, we compare the performance of the DHEP and CHEP models. Figures

4-4 and 4-5 show that the CHEP models produce a clear decreasing pattern in the time span

of interest and the performance increase at 𝑘 is around 36, which is similar to that of DHEP.

However, the centralized models show clearly higher performance than the distributed ones.

For example, as shown in Fig. 4-4(a), the CHEP/RNN model with 𝑘 = 1 achieves 93.87%

accuracy on the UB traces, as compared with the 90.74% accuracy of DHEP/RNN. More

impressively, Fig. 4-4(c) shows that CHEP/RNN with 𝑘 = 1 produces nearly 10% higher

precision than DHEP/RNN.

Note that CHEP model makes encounter prediction based on the historical contact data

of all users, while DHEP models use only the data of the person of interest. The higher

performance of CHEP over DHEP model is attributed to the following facts. First, the

DHEP prediction model tries to adjust parameters using samples which contain an encounter

pattern of a specific person, thus being susceptible to the overfitting problem. On the other

hand, by observing a much higher number of samples from all people, the CHEP model is

able to capture common encounter patterns between people and tends to generalize better

than the DHEP model.

Secondly, by leveraging the data from all people, the CHEP model can better learn the

effect of social aspects on the human mobility patterns (e.g., encounter transitions and hu-
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Table 4.4: Applicability comparison of the distributed and centralized prediction models
with different factors

Factors The DHEP model The CHEP model
is preferred if is preferred if

Number of People large small
Data exchange cost high low

Model maintenance cost high low
Requirement of predictability medium-high high

Data security threat high low

man interactions) throughout the entire network. For example, from the historical encounter

data of people, CHEP discovers that people in a social group tend to encounter each other

more frequently than people in different social groups. In addition, the contact between 2

people can be predicted by analyzing the interaction between these 2 people and the rest of

the community. More specifically, given the assumption that person 1 meets person 2, the

probability that person 1 will encounter person 3 is higher in the case that there is a contact

between persons 2 and 3 than the case of no contact between persons 2 and 3.

Even though the CHEP models achieve better performance than the distributed ones,

they involve a higher cost for data communication in the network and require the training of

a complex prediction model as well as the maintenance of the central entity. In the case of a

large number of people, e.g., thousands of participants, this cost becomes extremely large. In

contrast, the distributed model can remove the burden of the central entity and the overhead

in the network. Therefore, the distributed models can be easily scaled up. Moreover, the

identity security level is greatly enhanced since there is no encounter information or model

parameters to be exchanged over the network.

It is prominent to discuss which model (distributed or centralized) should be selected

for a specific application. Table 4.4 summarizes the factors that need to be considered,

including the network characteristics (e.g., the number of members, data communication

cost, and model maintenance fee), requirement for the encounter prediction model (e.g.,

estimation accuracy), and data security threat. Specifically, in the case of a large number

of members, high data exchange cost, or high maintenance fee, the DHEP model may be

an appropriate choice for reducing the overhead of data communications. Meanwhile, if

the application requires high prediction accuracy and data security is not a major concern,

we can use the CHEP model to satisfy the required performance. In summary, since both

types of prediction models have their own advantages and disadvantages, selecting a suitable
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model depends on the specific application and the features of the considered network.

4.4 Chapter Summary

In this chapter, we considered the encounter prediction problem in which human encounters

are predicted in the near and distant futures. The ability to accurately predict human

encounters allows for improved understanding of human mobility and will facilitate a variety

of applications such as context delivery in opportunistic networks and contagious disease

control. Therefore, our goal is to design a distributed prediction model with high accuracy,

low overhead, and ease of scaling up.

Specifically, the RNN-based and FFNN-based prediction models have been constructed,

which both leverage the historical encounter information of a person in order to estimate

whom that person is likely to meet in the future. Since a person’s position is represented by

a list of associated APs, we also propose an embedding model which produces a low dimen-

sional representation of a person’s location in order to mitigate the computation complexity

of the prediction model. As can be seen from the performance results on two large-scale

Wi-Fi traces, the proposed models achieve substantially more accurate encounter prediction

than existing schemes. Moreover, with little sacrifice in performance, the low-cost decentral-

ized model has been shown to be much more suitable for large networks than the centralized

architectures.
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Concluding Remarks

5.1 Summary of the Contributions

In this dissertation, because of a variety of applications of human mobility prediction (e.g.,

location-based recommendation systems, geographic profiling, disease spread control, urban

planning, and data forwarding in opportunistic networks), we have studied the problem of

predicting human movement using large mobility traces (e.g., Wi-Fi and cellular network

logs). Specifically, two prediction models are proposed to answer two separate but related

questions: where a person-of-interest is most likely to visit and whom that person is most

likely to encounter in the future. The proposed prediction models are summarized in a

concise way as follows.

First, for the human location prediction problem, we assume that the current position

of a person is unavailable due to some reasons (e.g., battery power shortage or the person

may not want to share the current position). Taking the inspiration from the facts that the

behavior of an individual is highly related to other members in the community, a two-phase

framework is proposed, which first selects some persons with greatly correlated movements

with the person of interest, and then uses the location information of these selected people

to estimate the person’s location. For the first phase, two methods are proposed including

communication interaction similarity-based (CISB) and behavioral similarity-based (BSB).

Specifically, in the CISB method, people who have similar encounters with the rest of the

community are selected. Meanwhile, the BSB method finds members with similar behavioral

patterns with the person-of-interest even though no direct encounters or co-locations between

them are observed. In the second phase, by leveraging the location information of selected

members, a prediction model based on a neural network is constructed.
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Secondly, we proposed a low cost and high accurate human encounter prediction model

which can be applied to large-scale networks. Inspired by the advantages of distributed

systems, we leverage the historical mobility data of only the person-of-interest to construct

the distributed human encounter prediction (DHEP) model. We proposed the DHEP models

based on a recurrent neural network and a feed-forward neural network, the latter which

contains a smaller number of training parameters even becomes more suitable for devices

with constrained computing resource. Also, in order to speed up the training process, an

embedding model is proposed to produce the low-dimensional representation of a person’s

location.

In summary, the main contributions of the dissertation are listed as follows.

∙ We summarized studies related to human mobility prediction and described limitations

of existing works as well. Then, we formally define two problems of predicting future

human location and encounter using large mobility traces.

∙ For the first problem, human location was estimated in a challenging situation when

the recent historical location of the person-of-interest is unknown. Specifically, we

proposed the two-phase framework with low time and space complexity, which first

finds persons with correlated movement and then estimates the future location of

the-person-of-interest by leveraging the location information of these selected people.

∙ For the second problem, the low cost distributed human encounter prediction (DHEP)

model, which uses the movement history of only the person-of-interest, was designed

to estimate future contacts of that person. More specifically, the DHEP models based

on a recurrent neural network and a feed-forward neural network are constructed,

the latter is more preferred for devices with limited computing capability. Moreover,

the embedding model which learns the low-dimensional representation of a person’s

location was also proposed in order to accelerate the training process.

∙ Extensive experiments have been conducted to evaluate the proposed models and

compare with existing methods by using large mobility datasets extracted from traces

of communication networks. The evaluation results show that the proposed models can

predict future human locations and encounters with higher accuracy while requiring

lower cost than existing methods.
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5.2 Future Works

For the location prediction model, our PCM selection methods are centralized approaches

because of requiring mobility traces of all people. Therefore, the proposed PCM extraction

methods are restricted to small or medium networks. In addition, information assurance

needs to be taken into account since mobility data of people is exchanged in the network.

As a future work, to address the limitations of the current PCM selection methods, we plan

to design a better PCM selection method with lower time complexity which can be used in

large networks without demanding movement data of all people.

In addition, datasets with more people and samples will be used to examine the proposed

prediction model and this case allows us to apply deep neural network architectures (i.e.,

recurrent and convolutional neural networks) to construct prediction models with higher

estimation accuracy. Specifically, deep learning techniques can be used to extract useful

features from input data and then these extracted features are leveraged to build a human

mobility prediction model. Moreover, in the proposed location prediction framework, each

person needs to build and train their own prediction model. However, we can actually

think about a centralized model which aims at predicting future locations of all people in

the community. As we discussed and compared two types of models in Chapter 4, the

centralized model is able to capture common movement patterns of people and tends to

generalize better than the distributed one. In the case when we do not have such a large

dataset, the centralized location prediction model is a preferred solution.

For the human encounter prediction model, since two people may not have a commu-

nication link even though there is an indirect encounter between them, we plan to address

the problem of predicting direct encounters between people. Note that direct contacts can

be extracted by using traces from device-to-device communication networks (e.g., Bluetooth

or Wi-Fi direct). Therefore, the necessary condition is we need to obtain a large dataset of

Bluetooth or Wi-Fi direct logs. Then, the encounter prediction model will be constructed

and evaluated.

Moreover, we would like to apply the encounter prediction model to enhance the data

routing in opportunistic networks. Specifically, influencer who tend to meet many other

members should be selected to forward advertising packets in opportunistic networks. By

using the encounter prediction model, we can be able to estimate the expected packet delay

from the source to the destination, which allows us to design a data forwarding algorithm
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with constrained packet delay. Furthermore, in the task allocation problem in crowdsensing,

the encounter prediction model can be used to calculate the inter-meeting time between a

task requester and workers, which can then allow the requester to select the most appropriate

worker to satisfy a given task completion deadline.
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