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Abstract: Spatiotemporal systems are common in 

real world. The generation of realistic spatio-

temporal trajectories of human mobility is of 

fundamental importance. Although various human 

mobility modelings are available no existing work 

has summarized.  In this survey, we define 

spatiotemporal data and human mobility and discuss 

some of the existing human mobility models like 

ORBIT, Self similar least action walk(SLAW), Small 

World in Motion (SWIM) and Exploration and 

preferential return (EPR). We also compare these 

models and point out some potential research 

directions. 
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I. Spatiotemporal data:  

It is a data that manages both space and time 

information. Spatial refers to space. Temporal refers 

to time. Spatiotemporal, or spatial temporal, is used 

in data analysis when data is collected across both 

space and time. 

Spatiotemporal data analysis is a growing area of 

research with the development of powerful 

computing processors like graphic processing 

units (GPUs) used for big data analysis. 

Spatiotemporal databases host data collected across 

both space and time that describe a phenomenon in a 

particular location and period of time. 

Spatiotemporal data visualization and analysis can be 

challenging because space has unlimited directions 

— up, down, sideways, North, South, East, West — 

while time can only go forward. Combining and 

assessing the two factors of space and time can be 

complex. 

The data can produce different results depending on 

how space is defined — a zip code, a census tract or a 

state. Time can also provide conflicting answers 

depending on whether it is measured in seconds, 

minutes, hours, days or years. 

The primary goals of spatiotemporal analysis are 

prediction and description. 

Spatiotemporal data with relational data 

A Spatiotemporal is responsible for managing or 

dealing with the both space and time information. 

1. Spatial and temporal aspects form a 

major portion of the vast amount of data 

generated by mobile devices, GIS 

systems, computer vision applications 

and many other processes. The spatial 

relations (distance, direction, shape, etc.) 

and temporal relations (occurrence time, 

duration, occurrence before or after other 

events, etc.) have to be extracted from the 

raw data so that useful inferences can be 

drawn from the data. 

2. Spatial data is different because it 

includes raster (e.g. satellite images) or 

vector data, which have to be processed 

by different methods. 

3. Users working with spatiotemporal data 

are interested in the properties of the data 

which makes the interpretation of data 

easy and intuitive. Therefore, the data can 

be stored in any form but its presentation 

involves visualization and/or 
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manipulation for presentation in human 

understandable form. 

4. The several research issues related to the 

field are effective visualization of 

complex data and the patterns occurring 

in them, scalability of the methods for 

spatial and temporal information 

extraction and efficient indexing of 

spatiotemporal data. 

5. Although there exists numerous relational 

databases with spatial extensions, 

spatiotemporal databases are not based on 

the relational model for practical reasons, 

chiefly among them that the data is multi-

dimensional, capturing complex 

structures and behaviors. 

6. There are no RDBMS products with 

spatiotemporal extensions. There are 

some products such as the open-

source TerraLib which use 

a middleware approach storing their data 

in a relational database. 

 

A Geographic Information System (GIS) is a 

system designed to capture, store, manipulate, 

analyze, manage, and present spatial or geographic 

data. GIS applications are tools that allow users to 

create interactive queries (user-created searches), 

analyze spatial information, edit data in maps, and 

present the results of all these operations.
[1][2]

 GIS 

(more commonly GIScience) sometimes refers 

to geographic information science (GIScience), the 

science underlying geographic concepts, applications, 

and systems.
[3]

 Since the mid-1980s, geographic 

information systems have become valuable tool used 

to support a variety of city and regional planning 

functions.
[4] 

Spatial analysis with geographical information 

system (GIS) 

GIS spatial analysis is a rapidly changing field, and 

GIS packages are increasingly including analytical 

tools as standard built-in facilities, as optional 

toolsets, as add-ins or 'analysts'. In many instances 

these are provided by the original software suppliers 

(commercial vendors or collaborative non 

commercial development teams), while in other cases 

facilities have been developed and are provided by 

third parties. Furthermore, many products offer 

software development kits (SDKs), programming 

languages and language support, scripting facilities 

and/or special interfaces for developing one's own 

analytical tools or variants. The increased availability 

has created a new dimension to business 

intelligence termed "spatial intelligence" which, 

when openly delivered via intranet, democratizes 

access to geographic and social network 

data. Geospatial intelligence, based on GIS spatial 

analysis, has also become a key element for security. 

GIS as a whole can be described as conversion to a 

vectorial representation or to any other digitization 

process. 

Adding the dimension of time 

The condition of the Earth's surface, atmosphere, and 

subsurface can be examined by feeding satellite data 

into a GIS. GIS technology gives researchers the 

ability to examine the variations in Earth processes 

over days, months, and years. 

II. Human mobility: 

The study of human mobility is especially important 

for applications such as estimating migratory flows, 

traffic forecasting, urban planning, and epidemic 

modeling. In this survey, we review the approaches 

developed to reproduce various mobility patterns, 

with the main focus on recent developments. This 

review can be used both as an introduction to the 

fundamental modeling principles of human mobility, 

and as a collection of technical methods applicable to 

specific mobility-related problems. The review 

organizes the subject by differentiating between 

individual and population mobility and also between 

short range and long-range mobility. Recent years 

have witnessed an explosion of extensive geo located 

datasets related to human movement, enabling 

scientists to quantitatively study individual and 

collective mobility patterns, and to generate models 

that can capture and reproduce the spatiotemporal 

structures and regularities in human trajectories. The 

study of human mobility is especially important for 

applications such as estimating migratory flows, 

traffic forecasting, urban planning, and epidemic 

modeling. In this survey, we review the approaches 
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developed to reproduce various mobility patterns, 

with the main focus on recent developments. This 

review can be used both as an introduction to the 

fundamental modeling principles of human mobility, 

and as a collection of technical methods applicable to 

specific mobility-related problems. The review 

organizes the subject by differentiating between 

individual and population mobility and also between 

short range and long-range mobility. 

III. Various algorithms used to track 

human mobility: 

Individual-Level (Random Walks) 

A random walk is mathematically defined as a path 

formed by successive discrete random steps although 

they can be described in the continuum limit as well  

The simplest version, however, deals with spatial 

displacements _Xi that are taken at discrete times ti. 

For the sake of simplicity, we are going to 

concentrate first in the case of 1D and later will 

discuss the generalization to higher dimensions. If x0 

= 0 corresponds to the initial position of the walker at 

time ti = 0 (we can arbitrarily fix the origin in the 

initial position of the walker), then the position after 

N steps is given by the random variable 

 
Brownian Motion 

Brownian motion is a class of random walk originally 

developed to describe the motion of a particle 

suspended in a fluid (liquid or gas) [112]. Such a 

particle undergoes many rapid instantaneous 

collisions with much smaller particles in the medium, 

resulting in a trajectory characterized by a series of 

irregular and random displacements. Mathematically, 

a 1-dimensional Brownian motion is a random walk 

in the space of real numbers R with independent and 

normally distributed increments where the probability 

to observe a displacement of magnitude X from the 

origin location after a time t is Gaussian distributed 

with mean zero and variance proportional to t. 

Brownian motion can be defined as a limit of the 

discrete symmetric random walk. Let us assume that 

the particle can take steps of length 1/pk to its left or 

right with equal probability, and that after time t the 

particle has taken N = t k steps. For a given k, the 

displacement of the particle at time t is given by 

 
L´evy Flight 

Unlike Brownian motion, there is a class of random 

walks called L´evy Flights, for which one cannot use 

the CLT. A L´evy Flight is composed of a series of 

small displacements, interspersed occasionally by a 

very large displacement). It is formally defined as the 

sum of independent identically distributed random 

variables whose PDF for a single jump has a 

divergent second moment due to a long-tailed 

distribution of the form 

 
ORBIT is an algorithm that tries to reproduce the 

heterogeneity of individual human mobility and 

simulate how individuals visit locations. It splits into 

two phases: (i) at the beginning of the simulation it 

generates a predefined set of locations on a bi-

dimensional space; (ii) then every synthetic 

individual selects a subset of these locations and 

moves between them according to a Markov chain 

model. In the Markov chain every state represents a 

specific location in the scenario and proper 

probability of transitions guarantee a realistic 

distribution of location frequencies. 

SLAW (Self-similar Least-Action Walk) produces 

mobility traces having specific statistical features 

observed on human mobility data, namely power law 

waiting times and travel distances with a heavy-tail 

distribution. In a first step SLAW generates a set of 

locations on a bi-dimensional space so that the 

distance among them features a heavy-tailed 

distribution. Then, a synthetic individual starts a trip 

by randomly choosing a location as starting point and 

making movement decisions based on the LATP 

(Least-Action Trip Planning) algorithm. In LATP 

every location has a probability to be chosen as next 

location that decreases with the power-law of the 

distance to the synthetic individual’s current location. 

SLAW is used in several studies of networking and 
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human mobility modeling and is the base for other 

generative algorithms for human mobility, such as 

SMOOTH and MSLAW. 

 

Small World In Motion (SWIM) is based on the 

concept of location preference. First, each synthetic 

individual is assigned to a home location, which is 

chosen uniformly at random on a bi-dimensional 

space. Then the synthetic individual selects a 

destination for the next move depending of the 

weight of each location, which grows with the 

popularity of the location and decreases with the 

distance from the home location. The popularity of a 

location depends on a collective preference calculated 

as the number of other people encountered the last 

time the synthetic individual visited the location. 

Another category of generative algorithms combine 

notions about the sociality of individuals with 

mobility patterns to define socio-mobility models, 

demonstrating how they can be exploited to design 

more realistic protocols for ad hoc and opportunistic 

networks. 

The Exploration and Preferential Return (EPR) 

model does not fix in advance the number of visited 

locations on a bi-dimensional space but let them 

emerge spontaneously. The model exploits two basic 

mechanisms that together describe human mobility: 

exploration and preferential return. Exploration is a 

random walk process with a truncated power-law 

jump size distribution preferential return reproduces 

the propensity of humans to return to the locations 

they visited frequently before (González et al. 2008). 

A synthetic individual in the model selects between 

these two mechanisms: with a given probability the 

synthetic individual returns to one of the previously 

visited places, with the preference for a location 

proportional to the frequency of the individual’s 

previous visits. With complementary probability the 

synthetic individual moves to a new location, whose 

distance from the current one is chosen from the 

truncated power-law distribution of travel distances 

as measured on empirical data (González et al. 2008). 

The probability to explore decreases as the number of 

visited locations increases and, as a result, the model 

has a warmup period of greedy exploration, while in 

the long run individuals mainly move around a set of 

previously visited places. Recently the EPR model 

has been improved in different directions, such as by 

adding information about the recency of location 

visits during the preferential return step (Barbosa et 

al. 2015), or adding a preferential exploration step to 

account for the collective preference for locations and 

the returners and explorers dichotomy, as the authors 

of this paper have done in previous research by 

defining the d-EPR model (Pappalardo et al. 2015b, 

2016a). It is worth noting that although the 

algorithms described above are able to reproduce 

accurately the heterogeneity of mobility patterns, 

none of them can reproduce realistic temporal 

patterns of human movements. 

 

IV. Conclusion: In this paper, we conduct a 

comprehensive overview of recent advances in 

exploring various algorithms used to track human 

mobility. For different types of human mobility, we 

show the corresponding models that are suitable to 

handle them. 
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