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Abstract

The interesting new sources of data for official statistics are cell phone data.
Electronic media has defined the way of research human behavior rapidly over the
last decade. As data storage and sensing technology progressed, electronic records
now cover a diverse variety of human activities from localized data (phone) to open
source contributions on Wikipedia and the Open Area Map. Electronic records now
encompass the numerous fields of activity. The ad hoc vehicle network is a research
community-based wireless technology for the implementation of intelligent transport
applications. It is necessary to estimate migration flows and predict future trends to
understand the causes and effects of migration and to enforce policies to deliver
certain services. Several studies have exposed in this review with their datasets such
as Credit card records (CCRs) provide deep insight into buying behavior; Call
Details Records (CDRs) present new possibilities for under-implemented human
mobility. Therefore, various forms of transportation and other travel behavior,
various travel-related events such as "Home-Tour-Work -Tour-Tour” and the
corresponding travel-related motifs have also been distinguished by the inclusion of
land use details in the GIS data. This review also investigated migration trips
residence between cities and inside a single city. The review concluded clear results
for the adoption of the mentioned data, for example, mobile phone data (CDRs),
because it is very useful as it provides real big data or real time big data without
additional cost and is available in telecommunications companies, from which it is
possible to analyze the movement of communities and deduce the activity of a
particular city. In the future, there is a tendency to use this type of data from Korek
Telecom Company in Iraqg to the flow migration of Irag governorates by using the
gravity model. As well as, an attempt to study the conditions of cities and the
movement of individuals in urban places to clarify the needs of the city in its need
for new improvements.
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1. Introduction

Digital traces are created by communication networks (mobile telephone networks and social
media platforms). By analyzing those traces over cities, good data on everyday activities of
residents can be given, so urban planners have relevant guidance for city design and
developing decision making.

The Call Details Records (CDRs) often offer precious spatial and temporal information at city
or national level. In the background of the observation and during activities, the CDRs may be
investigated for extraction of patterns of life and mobility of individuals in the observed urban
zone[1]. Comprehension of traffic patterns is important to urban and transport planning. The
field of travel demand modeling for which the sequence four-step model has historically been
used in transportation forecasts, such as predicting the number of vehicles on a planned route,
the riding on a railway line, and the number of bus passengers at the airport, is studied in
terms of human mobility from the transport perspective[2]. The movement of both citizens
and organizations in short term and long distances. The way people live has always been
inextricably associated with their movement. In former movements, factors such as climate
change and unfriendly environments were primarily affected, while the current movements
were largely driven by socio-economic factors, such as employment, work conditions and
food [3].

The rest of this paper organized as follows: section 2 explain related work, section 3 describes
the Geographical and locating side. While, section 4 represents some mobility techniques and
models with a little bit of description. Then, section five displays some of the datasets with
their manipulation methods with tables to understand what sides, which entered. Finally,
conclusion section represents the summary of the article content.

2. Related Work

Many studies examined mobile data will be presented in this section. Thus, in [4], a pilot
study presented the key move for using mobile data in official statistics: where someone lives,
to detect his place of residence. Identification of important locations which are places where
people spend substantial time. Most famous example is home or work. Such places need
actively focused on the sensed position traces users involved [5]. The complementary of
national data is one conceptual application of cell phone indicators. The combination with
census data, which usually provide contextual information that, opens up fascinating research
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possibilities by capturing activity in large populations. Concentrate explicitly on three
different spatial factors that affect confusion and errors during development or using mobile
phone indicators [6]. In [7], modeling individual lifestyles together is an issue of greater
heterogeneity in relation to aggregate activity in city areas, which is more complex. GPS
traces provide precise spatiotemporal information for people, but generally, GPS-assisted
surveys remain limited in their sample size and monitoring period [8]. Human mobility is
being studied using numbers of proxies such as CDRs, GPS, Wi-Fi, travel studios. For
predictive models such as Markov chains, Naive Bayes, Artificial Neural Systems, and time
series analysis, a variety of techniques were proposed [9]. For optimization of road, most
studies using GPS data for estimating fuel consumption based on individual user fuel
consumption [10]. In [11] would like to discuss the community structure and relationship of
social networks in cities. Draft study to investigate the role in social networks of social and
geographical distances. In addition, social groups described as network communities that are
dense sub-networks locally. So, in comparison, advanced technology such as GPS, Location-
Based Services (LBS), Location-Based Social Networks (LBSN), Online Social Networks
(OSN), and mobility data can all sensor person movement passively for large numbers of
citizens and at high resolution spatiotemporal [12]. The precise capture of population
movement between various regions is one of the greatest challenges modeling companies face
when it comes to consider and replicate the spatial distribution of an infectious disease
epidemic [13]. In emerging economies, transport networks are stressing high population
growth in urban areas. Road congestion is a common reality in many urban cites, especially
on the main roads which feed the city workforce day-to-day [14]. Non-traditional sources of
data include information produced by internet users or devices actively or passively [15].
However, understanding the patterns of human mobility was an important subject study on
transportation [16]. To consider the demand for travel, the time-space distribution of these
operations must be understood places. The movements of people from place to place can be
grouped according to their time and space features [17]. Urban life is dependent on weekdays
and its time variability [18]. The key distinguishing characteristic is working days from
weekends [18]. More complex movement characteristics are also present for each day,
including Friday and Monday effects on the weekends; Saturday effect is affected by working
days or the mindset of shopping days [18]. The mobility of people influences our current
society and the world different scale trends. The long distance and long journeys consist of
rare and irregular occurrences such as international or traveling flights between towns. In
comparison, short journeys consist mostly of intercity journeys such as job or shopping for
food [19]. Hence, Commute (move between the workspace and the place of residence) is the
most common journey of a common person who makes together profound patterns of
mobility that often characterize the area central mobility characteristic — morning flows
generally (residence to workplace) and night movement (workplace to residential) [20].
Intentionally and periodically, group travel behavior (GTB) is classified as two or more
switches from one place to another, moving together [21]. The fundamental concept is: if two
or more commuters tap at the same bus/metro stop in a very short time window and at least
one such syncing takes place they are known as community travelers a certain number of
times[21]. The study of migration therefore covers different fields of science, including
anthropology, sociology, economics, mathematics, physics and more recently informational.
It has the so-called "social big data” of people created by mobile, web, Online Social
Networks (OSN), web-based devices via things [22]. This investigation focus on three
separate migration phases: the journey -analysis of stocks and flows of migration; Stay - study
of multiculturalism and changes in participating communities; return - study of returning
migrants to their country of origin [21]. The car is a vital part of Vehicle Ad hoc Network
(VANET), which is an evolving sub-class of MANET. On the road, where vehicles are
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mobile nodes, VANET deployed. Hence, a routing node provides information on vehicle path,
road pattern, and speed and vehicle density. Inter- and intra-vehicle contact in VANET. The
contact between vehicles means communication between vehicles (inter-) and the
communication inside the vehicle implies intra-vehicle communications [23].

3. The Telecommunication and Geographies

The Geography is the analysis of places and their relationships with people. Thus, the
Geographers explore physical characteristics of the Earth surface and the human’s societies
that are spread over it. They also analyze the interaction of human culture with natural
surroundings, and the way that places can influence people. However, the Geography tries to
recognize where the stuff found, why it is, and how it develops and changes over time.
Actually, regarding to focus on the position details every 15 minutes, for one sample
Smartphone frequency. Since, every location sample has a timing, latitude, longitude, and
precision meaning [9]. Such allocation normally occurs with home detection algorithms incur
the cell tower that is more plausible to protect the home of a customer on reasonably
straightforward heuristics such as maximum nighttime work [24]. Commuting networks from
census surveys in three census surveys, one for each studied country is taken from the census
commuting networks: Portuguese, Spanish and French [13]. Every survey will track the
number of people traveling daily between two places in the country for work or studying
reasons [13]. Networks are created by establishing a directional weighted connection between
two nodes, showing where the origin and destination are, and weight shows how many
passengers travel on that connection on a daily basis [13]. In order to make outgoing and
incoming calls via a cell phone calls must report regularly the nearby cell towers their
presence, and thereafter record their location within the geographical cell protected by one of
the towers [25]. Generally, it is more difficult to use GPS data for an effective communication
study because users need constant consent to obtain this data and quickly drain the battery,
particularly because of the long time it takes to gain the signal [26]. The following user cell
phone records are used to identify whether the user stays or passes by those tasks at a single
location, en-route to your destination [17]. Listed the most important places each user visited
such as home for users, work and other sites. Then the journey to these sites is related to the
activities occupational or home or other [17]. Analysis of data was achieved by allocating a
single SIM in each date at the divisional secretarial division (DSD) level home and workplace
[27]. Social networking profiles are normally connected to different kinds of Data, including
the present and previous locations of users and demographics, such as age and gender [15].
Mobile locations are usually close to the collected movement data using various means: travel
plans, GPS, counters, video and questionnaires tracking [18]. The data includes two or three
coordinates of position (x, y, z) and time Coordinate (t)[18]. The home and work location has
been checked manually via questionnaire and place data compared [18]. Location-based
social networks (LBSNS) are social platforms online let their users share with friends and the
public their locations [28]. Each check-in provides information that shows who spend time
(which user), where (what position), whenever (what daytime, what weekday), and do what
(depending on the type of location: grocery shopping, restaurant dining, etc.)[28]

4. The Mobility Models

Regarding the mobility models, either analytical or simulation models can be used to describe
behavior or activity of user movement. The contribution to models of analytical mobility
simplifies assumptions in respect to user movements. These models classify mobile user
movements over a period regarding their location, speed, and direction. Therefore, this section
would explain and discuss several types of models and techniques that used in mobility study.
4.1 Mobility techniques

The emerged technology now forms an important part of everyday life and work. Nowadays,
the network technology takes big part of our lives like Internet, Social Networks, News,
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Media and 3G/4G networks. It has been developed with 10T, it is possible to attach multiple
sensor devices in our living areas to cyber and physical objects [29]. The data generated by
smart phones, tablets and wearable have begun to be used by geo-crowdsourcing with the new
way of sensing called Mobile Crowd Sensing (MCS). In reality, MCS is viewed as an loT and
volunteer paradigm. In this concept is proposed a new model of human-human-related
objects, things and things [30]. Whereas, VANET refers to an ad-hoc network where various
passing cars and other connected systems contact each other via a wireless media and
exchange valuable information. A small network with vehicles and other equipment as nodes
in the network is created at the same time. So, [23] VANET plays a significant role in
mobility of automobiles. The VANETMobiSim & Bonnmotion method is used to produce
traces of practical mobility including intelligent driver model-intersection management (IDM-
IM), IDM-lane changing (LC) and ManhattanGrid. Hence, the models of mobility imitate
actual traffic movement. There are multiple factors affecting mobility such as traffic type,
speed limits, path layout, random vehicle delivery, intersection assistance and contact
disruption as a result of obstruction [23]. Continuous track places are found by the
Geographical Information System (GIS) analysis techniques to common algorithms of K-
means, Bayesian nonparametric approaches, radio system, and fingerprinting [5]. In [31] the
study used a simple model based on the previous data to simulate a user location most
frequently, and calculate the exact likelihood of prediction (Precision). To find these sites,
break the week into hours, tantalizing 7 * 24 slots = 168 slots per week for each hour as
in Figure 1.

Sunday Monday Tuesday WednesdayThursday Friday Saturday

WO E RN =D

Figure 1- Averaged over a span of five months, call allocation according to the day and hour
of the week [31]

As well as, a Multivariate Hawkes cyclical process (MHPs) model was proposed, which in
turn captured the rates of different activities among the movements of people [32]. As well as,
in [9] has been considered for two models of approaches, the density based clustering, where
every user processed individually and Markov chain model, where the prediction of the future
behavior linked with the last one. Moreover, the road environment has multi-lane highways,
unusual intersections and traffic lights. Thus, the speed and slow-down models are considered
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because vehicles sharply split and travel [23]. The Random Way Point (RWP) for the first
proposed the time and was used for wireless network applications by several researchers [33].
The mobile node randomly designs the movement, the definition random speed and
coordinates. So, moving node by algorithm moves when the description coordinates are
reached to arbitrarily redefine random coordinates at a random speed [30]. The Model of
Versatility was used the most frequently [33][[34]. Furthermore, Random Walk (RW) model
which has been explained mathematically by Einstein on 1926 as the first time. The mobile
node is used in this model randomly between 0 and 2w a path at a random rapid rate between
Vmin and Vmax, respectively. Thus, randomly redefined route, speed and time and the visit
continues then. The mobile node goes on to visit till established time initially. So, multiple
mobile nodes can exist. This model was simplified; hence each mobile node was identical
Speed [30]. The RW is an extremely simple model of RWP and shown in Figure 2.
Meanwhile, the random direction model is equal to the RW model. But, the difference is that
RD is moving in a random way at a given random direction (0 and 2m) at range between
Vmin and Vmax speed until a defined border area is reached. When the given area boundary
is reached and the travel then continued. The RD is a kind of RW where the random direction
and speed are redefined [30]. In order to spread these points more evenly in the field of
simulation, the RD mobility model was designed to solve the issue of the RWP model [30]
The RD is presented in Figure 3. As well as, Random point (RP) is the developed model of
RP which inspired by a RWP model. During a random speed of mobile nodes between and a
mobile node is active to a random coordination (x,, y,) in this model, it differs from RWP it
followed the sense of the path. The mobile node has finished the initial phase of the model by
equalizing the random x or y with a view to reach the randomly established coordinate
(%0, Vo) [30]. The RP showed in Figure 4.
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(a) Random Initial State for RW (b) The result of 10-seconds
Figure 2-Random walk (RW) model [30]
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(a) Random Initial State for RD

(b) The result of 10-seconds

Figure 3-Random direction (RD) model [30]
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(a) Random Initial State for RP

(b) The result of 10-seconds

Figure 4-Random point (RP) model [30]

Random Journey (RJ) is a model form based on the RW model. In this model, the mobile
node travels in a random direction (0 — 2m) to a randomly determined pixel measurement.
The period of the navigation simulation continues until a number of pixels for a random,
separate path are completed randomly when hitting the appropriate point [30]. Also, Inference
Route Choice [2], the role of this technique could be to determine the line or direction most
likely to go to, with a set of possible routes as well. The method of interpolation depends on
the way points and the choice of the road may lead to a difference in the number of points for
the road. Curved paths contain an additional path and the path divisions are equal in number
of segments with the same waypoint divisions. This technique was carried out using mobile
data CDRs for Portugal between 2006 and 2007, covering millions customers. As shown in
the Figure 5.

All in all[30], the performance in the experimental environment was compared by three
different measurements that are the Nodes visit rates, access rates, and the number of
messages they transmitted. The biggest increase in different areas of the model of RP at
various numbers of nodes was 2.6% compared to RWP, 7% compared to RW and 46.34%
compared to RD, while for the number of nodes visited these values were 3% compared with
RWP, 1.5% compared with RW and 17.67% versus RD. The model collected more
messages, 1465.4,2933.46 and 7260.12, in the same conditions as those collected by the
number of messages, compared to those in RWP, RW and RD respectively. In terms of
reaching the basis, the biggest increase in different sizes and numbers of nodes of the RJ
model is 1% versus RWP and 3.5% versus RW and 25% versus RD, whereas the visited
number of nodes was 0.75% compared with RWP, 2% compared to RW and 21.4% versus
RD. The model collected 1109.56,1534.26 and 4488.5 messages more than those in RWP,
RW and RD respectively under the same terms in the metric of the number of messages.
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Figure 5-Inferring route choice of equal number of waypoints [2]
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On the other side, the gravity model summarizes the volumes of trips between two areas,
inspired by analogies to the gravity law in Newton, which can be considered as proportional
to its populations but inversely proportional to their costs of travel. The relationship is
mathematically defined by Eq. (1) [3]

Tij = ALOLB]Djf(Cl]) ......... (1)

Where, the number of tours between district i and district j is T;; , O;and D;is the total end of
the tours of districts i and j and f(C;;) is the general cost of travel between districts i and j.
For the analysis of value within contingency tables, the log-linear model has applied. The
analysis of the O — D matrix flow among 18 districts could consider as a two-way eventuality
table. The multiplier portion of log-linear model can be written as shown in Eq. (2),
describing the complete system [3].

Ty =telePt?P.. (2)

Where, t is the principal effect representing migration level, t{ and tjD is the principal effects
of origin and destination as represented by categorical data. Given some limitations in the
gravity model[35], for example, the model requires previous traffic data or traffic to predict
mobility in poor areas of regular traffic, and these areas are of great importance in the
movement and modeling of some infectious diseases. The inability of the gravity model to
predict or explain fluctuations between the numbers of travelers to the two sites. It also
predicts that the number of passenger increases with the increase in the population of the
destination and the increase will be without limits, however, it is not possible for the number
of passengers to exceed the number of residents at the source, and this highlights the
analytical contradiction in the model. We turn to the radiation model, which solves many of
the constraints or problems involved in the gravitational model. The radiation model comes
from the dynamics of dissemination and inspired by Stouffers interference framework. The
radiation model explains the quantity of trips made by two areas as the selection process
consisting of the selection of jobs and the selecting of jobs. The jobs selection takes number
of opportunities in each area into account, while the selecting of jobs whose criteria is to
select the job that is next best available in the resident region, and with a benefit higher than
in the resident region[3]. Mathematically, represented by Eq. (3):

T;

minj

J t (mi+sij)(mi+nj+sij)

Where, T;; represents the numbers of trips between origin I and destination j, T; is the total
number of journeys leaving place I, mi is the population of region I, ni the population of
region j and s;; the enclosed community of the distance between zones in the circle with
radius excluding the zones. Additionally, the model of radiation builds a synthetic network
that is based on stochastic decision making method that assigns work locations to each
potential commuter, so that regular flows across the country are calculated [13]. Finally,
Table 1 summarized the common mobility techniques [3][9][23][30][31][33].
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Tablel- Summary of mobility techniques

Model name Highlights
MHPs Captured the rates of different activities among the people movements
Density based clustering Every user processed individually
Markov chain model The prediction of the future behavior linked with the last one

Speed and slow-down

models Specify the speed of vehicles in the street

Used for wireless network applications. Moving node by algorithm moves
RWP when the description coordinates are reached to arbitrarily redefine random
coordinates at a random speed.

The RW is an extremely simple model of RWP. The mobile node goes on to

RW visit randomly until established time initially.
The difference is that RD is moving in random way at given random direction
RD (0 and 27) at range between Vmin and Vmax speed until a defined border area
reached.
RP It differs from RWP it followed the sense of the path.
It is a model form based on the RW model. The period of the navigation
RJ simulation continues until a number of pixels for a random, separate path is

completed randomly when hitting the appropriate point
Summaries the total of trips between two areas and can call them productions
and generations.
Based on the statistical estimation of flows, that includes the characteristics of
origin and destination zones.

The radiation model explains the quantity of trips made by two areas as the
selection process consisting of the selection of jobs and the selection of jobs.
Identify the route that the subject most likely took from his/her pattern of
mobile usage.

Gravity model

Log-linear model

Radiation model

Inference Route Choice

5. Simulation and Modeling of Mobility

Data from migration flows capture the number of migrants visiting a country (inflow and
outflow) for a particular period, a year or month. Migration data are vital for understanding
the patterns of international migration, how different factors and policies can relate to flows in
the countries of origin and destination. Therefore, in this section will explain some of
methods, algorithms, and datasets to analyze and capture the number of migrants in different
directions of migration (groups and individual) and movement.

5.1 Data description

Actually, in [3][2], CDRs data from 1,8,000,000 cell phones were obtained customers in
Portugal, from April 2006 to the following year: March 2007. The data obtained from one of
Portugal biggest telecom operators. The caller 1D, Callee ID and caller link Cell tower 1D and
Callee linked cell tower ID are included in any record during the call size, and time[3]. The
datasets analyzed include the CDRs in a European country of October 2006 for cell telephone
contact for customers of a mobile phone operator (call it O). O has a share market in the
country of around 30[36]. In Mexico City, a six-month model used credit card data. Then,
action forms are purchasing categories in these datasets such as tolls, quick food restaurants,
pharmacies [32]. So, the CDRs are the most common cell phone data gathering information
on each user call or text. They show the population presence on a national basis is estimated
scale, and form an interesting complement for any given time Statistics on population and
migration [37]. Resident and workplace Inferences especially interested to travel, where home
and work place or school is the origin and destination. Therefore, the first details we needed
before we could examine the route were the place of each subject home and the workplace.
Choices of routes until every subject are at his or her place of business, a collection of
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possible route choices inferred from the use of the Google Maps API Addresses. It is asked
for potential routes via the API for each topic, choices by vehicle and public transit [2].
While, in [7] the main data sets are two sets anonymized for Mexican citizens over five
months in 2015: CDRs and CCRS records. For more than 800 users at the Technical
University of Denmark (DTU) the project obtained mobile sensing data from Smartphone.
The data sources contain GPS, Bluetooth, SMS, telephone contacts, Wi-Fi, and
communication via Face book [9]. The study evaluate the smart card transactions for such a
study over a period of three months of 626 public transit users anonymous from London,
United Kingdom [38]. The Face book Network can be used as a non-traditional data source to
estimate the "migrants,” because it is the only wide-spread social network classifying users on
the basis of their previous domicile to our best knowledge[15].

In addition, focuses on a collection of real-world tweets in the city of London metropolitan
area give a good result in extracting spatio-temporal features [39]. Additionally, in [21], the
analysis has used fully the city-scale data obtained from the Automated Fare Collection
(AFC) system. To determine motifs, three separate datasets are used: a Paris survey and data
billing for cell phones and a Chicago survey [19]. Also, Official stats obtained by
organizations are census data and surveys, the following are collected in census data relating
to immigration; ethnicity, country of birth, last residence and stay [22]. Surveys do gather
information on immigrant flows, stocks, and more frequently than census data are collected.
In comparison to census data, information about families, labor markets or neighborhoods
typically collected, depending on its primary objective. Recent studies have shown a growing
use of social big data for the study of immigrant travel [22]. This classification can include
different types of data. It can also be social media data, online services, and smart phones,
transaction records for the store and on and on. Furthermore, Twitter data helps researchers to
target immigrant flows and stocks and to track recent patterns prior to release of the official
statistics. In the context of international migration trends, data from Skype Ego networks can
also be used[22]. In addition, OSN data may contribute to study different subjects, for
example social integration, language usage, local language changes, immigrant sentiment, etc.
[22]. The data collection from human movement named mobility datasets images is mostly
taken as space events from two different viewpoints (independent space and time) and as
trajectories of individuals (e.g. photography owners)[28]. As well as, in [40] using data of two
types: (1) Nanjing Metro intelligent card data and Nanjing public cycle sharing services
automatic fare collection (AFC) system; (2) the Nanjing City GIS data that includes a land-
use layer map and network of highways. Finally, one of the most important aspects of this
review is the mobile phone data CDRs, as the following Figure 6 shows the details and uses
of the data to be added to the mentioned aspects and algorithms.
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Figure 6-Common Principles of CDRs

5.2 Methods

Generally, the migration involves moving people for a certain amount of time between two
locations. However, an accurate description for migration is difficult to determine. The
problem is how long a person has to move and how long he or she has to keep away from the
destination. As well as, migration trips focus about changing the residence, so firstly need to
determine the locations of live or residence for each time and identify if there was change.
That is applying for at least 14 months. Whereas, [41] used the same method, locate the most
frequently towers used at night in range 10 PM and 7 AM as the approximation location of
live. Then, noticed the call just at night every month. Each of these subjects has variances
results of people residence locations, different from one to 14 months or more. At last, only
one place has detected since 14 months which there was no change of residence [3]. Also,
there were some people who moved inside the same city, that’s addition to the migration flow
between regions [3]. Also, the Density-based spatial clustering of applications with noise in
certain areas, which combines points, which narrowly connected (with several nearest
neighbors) as outliers, which lie alone in low-density regions (whose nearest neighbors are
too far away). As well as, [28] the identification of user locations is one of the major tasks in
mobility data analysis and a required preparatory stage for many applications. Correct
detection of these private positions is an important issue in a huge range of methods, which
usually includes grid partitioning or generic clustering algorithms like DBSCAN or OPTICS.
So, the study of the individual mobility of users in terms of their individual locations, that is
to say places or regions where they stop for all manner of activities is a fundamental task in
mobility data analyses. Therefore [28] proposed TOSCA (two-step clustering algorithm) the
concept behind TOSCA lies in the necessity of efficiently detecting user locations without
compromising the clustering efficiency and, above all, without any feature tuning phases.
Consequently, provision on mobile user’s future positions is a useful challenge, which enables
us to operate an array of various applications that require this sort of information efficiently.
So, [28] MyWay is a system that predicts a user exact future positions while he/she flows.
According to the framework of personal data analysis, MyWay indicators leverage individual
structural behaviors, the individual systematic behaviors and a hybrid mix of all users of the
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method. MyWay takes advantage of the ability to make use of two levels of ability (individual
and the group). Whereas, each user day-to-day production of mobility data such as GPS and
GSM via mobile devices helps to improve daily living by custom mobility services. The
predictability of human behavior is the foundation of these mobility services. In addition,[28]
Routinary Actions Mobility Agenda (RAMA) is a method that pulls the customer own
mobility model and makes use of the approach to replicate the user own mobility agenda
which represents the expected locations where the user executes his/her work all day long.
Table 2 represents the summaries for these tools.

Table 2- Tools of algorithms

Tools Highlights
TOSCA Detecting user location without clustering efficiency
MyWay Predict the next location of user (individual) when moving
RAMA Used to extract the customers own mobility to reuse it in another location.

If there are many points, or they can be represented by people based on the methods used in
analyzing the movement of people, it is very important to distribute or separate these points
into several groups to benefit from each group on a specific topic that is determined by the
need for it. As well as, [36] proposed K-means Clustering where the k-means algorithm
divides objects into groups of N clusters within the distances between them, if the character of
each object is distinguish by a features with N elements generally use Euclidean distance
between the vectors as an interval among objects. Indeed, modeling of travel demand aims at
establishing explicitly the spatial distribution of travel through a suitable zone system. As
much as, [3] used a travel demand model, a model of tour production then used to predict
each county total productions and attractions for the journey, then a model for the distribution
of trips from the model for the development of trips can used within destinations. In addition,
[32] offer methodologies for estimating parameters, simulation and hypothesis testing of the
Multivariate Periodic Hawkes Process (MPHP). Also, introduce a Maximum a Posteriori
(MAP), Expectation-maximization (EM) to estimate parameters for MPHP that are
appropriate for large datasets and allow the use of introductions to provide the necessary
regulation. Recently, the artificial intelligent and networks with mobile network data play an
important role in the world by analyzing movement people and migration. Although,[10]
using Street Smart to estimate personal vehicle fuel consumption. The energy required by
vehicles for various movement conditions has been comprehensively established [10]. On the
other hand, [8] explained the proposed methods with two separate data sets from urban areas
Vienna, Austria and Boston, USA, and compare the results. For Vienna cell phone traffic used
for the analysis, including the network connections of the devices idle, For Boston, the
analysis relied on anonymous call detail records CDRs. Although, there is a two-fold
contribution. First, suggest a method to detect stays robustly and turn raw mobile phones into
a series of trips and activities, including estimates of arrival times and stay times. Secondly,
an unsupervised learning approach is proposed in order to expose mobile activity patterns[8].
In order to present a simple method of urban movement, two models have a separate option
for making mobility decisions by an individual: what places to visit, how much time to spend
in each of these places [38].

A variety of techniques used to deliver the message by using smart phone records for six
months for three countries Spain, Portugal and France. It had been defined each criterion of
the experiments, where RAN used depth first search (DFS) in a routing algorithm, random
routing is used as a base-line comparison, so that infinite loops can effectively be avoided.
GEO, this technique gives the message to the friend nearest to the target geographically.
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DEG, in this scenario, the message will send to the friend of most of the members. COM,
Groups within the network is detected in order to imitate social attributes (school, work) [11].
It is important to detect the start point and end point of people in analyzing some data. Thus,
[26] studied the detection of traffic flow by delegated traffic generation, in order to detect
traffic on the road network; an OD matrix containing the principal stay points for users in
time-series was first developed. One of the key steps of the suggested solution was to extract
main areas of activity from the Smartphone use of subscribers through activity hubs
extraction through DBSCAN clusters. This accomplished using the clustering. OD Matrix
Trip Generation, which has agreed based on our OD matrix generation, namely home and
workplace, two key areas of operation per user. The routes from Open Street Maps (OSM)
between their origin and their destination have chosen by travel generation, route choice, and
traffic allocation. The next step in a pipeline was to predict traffic from a fixed time for the
specified place, using Multi-Layer Perception Classifier (MLPC).

Furthermore, [27] built a methodology and SIM to and from their homes and workplaces, in
this case at the DSD level. The first step in identifying Divisional Secretarial Division (DSD)
places at home and at work was to evaluate the time period between the places in which an
average person would work in that locations. A three-step procedure was used to extract
mobility chart data from the datasets by means of a typical working day: measured the
average location, every hour of the day (24 points total) is a (latitude and longitude) for each
human SIM. The distance traveled during each individual SIM is achieved by measurement of
the distance from two consecutive average hourly positions in the Euclidean (the straight
line). For all the SIMs that displayed movement over a species hour and traced the results in a
Figure 7, the average hours-wise distance measure was achieved.
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Figure 7-Average SIM mobility in one day for each hour [27]

Consequently, detection of physical activity is the digital recording of person movements.
Human movement can collect by any camera, and input for processing in a computer vision
engine. In [39], they explained some main steps of methodology presented to detect the
human paths from geo-referenced posts of online communication network. Firstly, the geo
data from twitter have to be collected. Then, discover the semantic site. Next, extract the
tracks and then mining the recurring travel paths using the chain-mining pattern. Finally,
extract spatial/temporal features from all frequent trends in order to capture the factors driving
user motion. Moreover, in [2] there is another method to measure the shortest distance
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between the route segment and the visits cell tower locations instead of the distance to way-
point. Voronoi Cell-based approach for Voronoi is a popular diagram for dividing space into
thread based on a number of predetermined points in space. The generated cells VVoronoi that
define shown in Figure 8 Countrywide service coverage areas for all 6511 cell tower
locations. Filter of noise although traveling to/from other places aside from home and
workplace constitutes a majority of individual travels. These trips are present in connectivity
logs as well as from CDRs data. These trips are not available for travelers. However, since
major focus is on travel, noise can consider in relation to the mobile network connectivity of
those non-travel trips.

Figure 8- Example of VVoronoi Cell [2]

Accordingly, by using various migration phases such as journey, research migration flows,
and stocks, big data helped with migration, giving examples in which big data could affect.
The second phase describes stay, i.e. integration of migrants in the country of destination. The
final phase concerns migration effects on the countries of origin and the return of migrants.
Furthermore, commuting is regular repeated journeys between the place where the traveler
leaves his home community and the place of residence or study at. As well as, [20] concluded
the commuting route, presents two methods: method A is to choose the optimal path, at
minimum distance, for the positions of cells visited or used by the user. This approach helps
users to communicate from many points during their mobile path during the year via their
mobile phones. Method B: maximum overlap A new method was introduced that interpolates
and extrapolates waypoints to normalize the space between them in order to solve the problem
of inconsistent waypoint distribution along the road. That has done by actually making use of
grids and generating a new data point that represents a waypoint at the center of the grid that
leads along the route. Additionally, a framework for simulating spatio-temporal patterns of
human mobility is DITRAS (Diary based TRAjectory Simulator) in Figure 9. The time
features of human mobility are separated by DITRAS through two operating stages. DITRAS
operates In the first phase, DITRAS uses a diary generator to produce a diary, that is, an
algorithm that captures human mobility templates by specifying the time of arrival and time
spent in each of the places that each person visits. Through a mechanism to explore mobility
locations, DITRAS will transform the mobility diary into a track in the second step[42].
Moreover, [15] examines how feasible non-traditional sources of data can use to fill existing
migration statistics gaps. For this, data from Facebook advertising platform is anonymous and
publicly available. If you previously had lived at Country and now live in a different country,
your advertising platform classifies its User as "Live in Country”. Based on statistics on
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Facebook Network users, who have lived abroad (Facebook, Instagram, Messenger and the
Audience Network), and apply sample bias correction methods, calculated the number of
"migrants” on Facebook in 119 countries and in 2 periods by sex, age and gender in 119
countries and previous residential country. The following in the preparations of data for
Facebook Network (FN): first, clean the data for FN; second, the lower or higher boundaries
of the rounded response to the Facebook API; third, the estimation of the rate of penetration
in FN. Finally, Table 3 summarizes the explained methods and approaches in this review.
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Figure 9-DITRAS Framework overview [42]

Table 3- Summery of the methods and approaches explained in the review

Highlights

Datasets

Results

Detecting home and work location by
using coordination of user [3][41].

CDRs

It has concluded that 80% of the travel reaches
only 20 km from the nearest social links at home.
In a geo-social range of 45 km, this rises to 90%.
The workplaces of ties also have a similar result

K-means algorithm divides objects into
groups of N clusters within the distances
between them by using Euclidean
distance [36].

CDRs

Clustering used to divide the people into groups
and comparing between them.

This recorded, at the individual level,
the spatial clustering of human activity,
the structure of interdependence and the
co-excitement between various
activities, and the periodic effects of
every week rhythms [32].

Credit Card

Data

In overall, results show the efficiency and
frequency of tasks priorities in clarifying credit
card transactions activities

Street Smart to estimate personal vehicle
fuel consumption [10].

CDRs, GPS

Approximate fuel consumption for mainly three
traffic conditions times. The hours are from
morning to 9 am, from midday to midday 12 to 13
pm and from evening to weekdays 7-18 pm. For
each edge of the road network, fuel consumption
per car can calculate based on every matched
speed profile.

Suggested a method to detect stays
robustly and turn raw mobile phones
into a series of trips and activities. And

CDRs,

cell

phone traffic

The method produces robust results over several
days, while working days and weekends show
different patterns that reflect the well-known
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an unsupervised learning approach
proposed in order to expose mobile
activity patterns [8].

differences in journey behaviors.

Introduce the spatiotemporal patterns for
the mobility of individuals in cities
using smart metro card transaction data
[38].

Smart card
transaction

Presented a simplistic movement pattern in order
to predict where people visit using the popularity
of places in the city as an exchange parameter
among people.

[22].

Census data
and Surveys,

Several techniques of data mining and | Mobile The results showed that the built method is more

artificial intelligent have focused on | phone efficient than the actual traffic flow rate for

traffic flow measurement and traffic | dataset measuring and predicting traffic flow demand for

flow prediction for a number of particular locations.

locations with mobile data use over time

[26].

Utilizing the huge mobile data for | Mobile The analysis suggests that population movements

transport planning to solve the economic | network big | can be complemented by uncommon surveys with

problems faced by countries in transport | data a larger rate and a higher spatial resolution than

regulations [27]. was previously possible.

Investigate these movements for people | Smartphone | The analysis the most popular routes followed by

and behavior in the community [39]. GPS people voyages and the spatial-temporal
Interface distribution of those journeys were provided with

useful insights regarding common movements
followed in the city.

Used Voronoi and waypoints methods to Based on cell tower locations, these methods could

measure the shortest distance between indicate service coverage zones and other

the route segment and the visits cell | CDR techniques.

tower location [2].

Provides a way to extract information By using visualization tool that is useful to

from mobile phone communication logs understudied the movement and pattern of people

from commuting flow and route | CDR in the whole day.

selection [20].

Used big data to discuss the immigration | Facebook, Three phases have discussed to understand the

phases such as stay, return and journey | Twitter, migration phenomena in several types of data sets.

space[42].

Skype,

CDR.
As the only social network to classify Corrected FN migrants aged 15- 64 are strongly
their users based on their previous related to the migrant supplier of official sources
residences, Facebook have chosen to use | FN (R2 = 0.735,p <0.001) for each gender,
as non-traditionally data source for country of former residence and country of current
"migratory" estimation [15]. residency.
DITRAS a framework extract the [ Mobile The proposed algorithm reproduces in the most
trajectory of people by detecting the | phone data, | precise way the statistical characteristics of actual
time arrival and time time spent in every | GPS trajectories, making a step towards an

understanding of the origin of human spatio-
temporal mobility patterns.

6. Conclusions

This paper focused on several types of important and useful researches in the field of
human mobility and migration, and revealed multiple results using multiple models including
models of mobility for actual traffic movement; which it depends on many factures as
mentioned in previous sections. Moreover, the model of radiation for detecting the position of
every passenger. In addition, the time and network randomly affected the movement and
directions such as RD, RW models. In addition, CDRs can be useful data as explained in this
review because they have several information about users to analyze the movement between
cites or inside a single city like socio analysis, socio economic, home detection and so on.
Furthermore, these data are secure; give approximately the users locations, although the cell
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phone signal would be disappeared when the cell phone is shouting down. There is another
data type such as credit card data for online uses, smart phone data, Facebook data to estimate
the migration as mentioned before, GPS, OSN, and so on. However, this review described
several movement methods or algorithms for analysis datasets such as TOSCA, Voronoi
CellBased, K-means Clustering, MPHP, MyWay, and RAMA. Nevertheless, the most
important one is focus on migration trip of residence. Hence, for future work, it intended to
investigate a dataset composed of CDRs for flow migration analysis among several countries
with several networks data. The intended dataset has several indicators such as id number
caller and called, activity type, geometry, coordinates. In addition, it will focus on some
modeling of spatiotemporal migration flows such as Gravity model, Log- linear model, and
Radiation model.
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