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Abstract— Recently, several problems concerning smart 
and connected communities (S&CC) have been studied. In 
many S&CC applications such as autonomous driving, 
mobile crowdsourcing and crowd sensing, the mobility of 
vehicles and pedestrians has large impact on their 
performance and reliability. Many research works have 
used mobility generators to simulate realistic mobility, and 
evaluated the performance and reliability of the proposed 
applications and protocols. Although such mobility 
generators might be useful for producing typical mobility 
patterns, those mobility patterns are just snapshots and 
they cover only some part in the possible mobility patterns. 
Since many S&CC applications are used as social systems, 
their reliability and efficiency are very important. In order 
to improve the reliability of such mobility aware 
applications and accurately evaluate their performance, we 
need to collect many mobility patterns via simulation 
and/or observation from the real world, analyze their 
mobility influence statistically and provide adequate design 
platforms. In this paper, we first show the fact that many 
research works adopt snapshot-based mobility analyses. 
Then we propose a technique to reproduce a large part of 
possible mobility patterns, and provide a design platform to 
analyze their features and develop high-reliable mobility 
aware applications for S&CC. Some experimental results 
are also given. 

Keywords— smart and connected community; mobility 
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I. INTRODUCTION 
Recently, several problems concerning smart and connected 

communities (S&CC) have been actively studied [1], [2]. In 
recent autonomous driving and inter-vehicle communications, 
several techniques for information sharing and situation 
recognition among vehicles have been developed.  Smart and 
intellectual techniques for crowd sensing and crowdsourcing 
using many smartphones and sensors have also been proposed. 
Such S&CC applications might be considered to be multi-agent 
systems in distributed environments. Basically, such a multi-
agent system consists in any instances of the same agent 

program. These agent programs access their cloud/edge servers 
and provide similar services to the users, while depending on 
the positions and attributes of the users, different services might 
be provided. For example, in a case of emergency evacuation, 
depending on the positions of residents, different guidance 
needs to be provided.  If developing an emergency guidance 
system, it is desirable to be able to guarantee that at the time of 
system development, it is possible to reproduce various 
residents’ density distributions in a target area, and to present 
appropriate evacuation routes to residents at different positions 
in each residents’ density distribution respectively. Exhaustive 
reproduction of residents’ density distributions and 
visualization of evacuation routes for residents at different 
positions would make such an emergency guidance system 
more usable and reliable. Also, since the wireless network 
performance often varies depending on the density distributions 
of mobile nodes in a target area and their dynamic changes, the 
selection of suitable protocols and their QoS parameters might 
be needed in order to achieve better performance and reliability. 
Since many S&CC applications might be developed as key 
social systems, it is very important to design and develop such 
S&CC applications with high reliability and efficiency. For this 
purpose, in this paper, we focus on the design and development 
of such multi-agent based mobility-aware applications, and 
show the importance of exhaustive mobility analysis. We also 
highlight the necessity of design platforms for such exhaustive 
mobility analysis and visualization of S&CC applications 
running on different mobile devices. 

In the design and development of such multi-agent based 
mobility-aware applications, the mobility of those agents has a 
large impact on the reliability and performance of the target 
applications. In mobility analysis, we can generate several types 
of mobility patterns using mobility generators/simulators and 
carry out the reliability verification and performance 
evaluations. In order to generate typical pedestrian mobility in 
urban areas, several methods such as [3], [4] and [5] have been 
developed. In some countries, Mobile Spatial Statistics (MSS) 
are provided by cellular phone carriers as a tool for analyzing 
spatiotemporal population distributions and their dynamic 
change [3]. STEPS and EXODUS have been widely used as 



tools for disaster/emergency mobility generation [5]. In order 
for generating realistic vehicular mobility, several 
generators/simulators such as SUMO [6], VISSIM and 
VanetMobiSim have been proposed. Ref. [7] provides a survey 
for vehicular mobility models. Although such mobility 
generators might be useful for producing typical mobility 
patterns, most research works only produce typical mobility 
patterns and evaluate the performance of the proposed 
applications. However, such mobility patterns correspond to 
only some part of the total mobility patterns, and the produced 
mobility patterns are just snapshots in the total mobility 
patterns. Such snapshot-based analyses are not enough for 
accurate analysis of the system performance and reliability. On 
the other hand, Refs. [8], [9] show that it takes much time to 
generate designated mobility patterns and make them stable. 
We need techniques to collect many mobility patterns via 
simulation and/or observation from the real world, and to 
analyze their mobility influence statistically. For disaster 
mobility generation, efficient production methods for extreme 
mobility patterns are also needed. 

 
Fig. 1. Production of Random Waypoint Based Mobility Satisfying 

Designated Node Density Distributions 

In our previous work [10], we assume that a target area is 
divided into gridded small cells like  Fig. 1 and that we can 
designate an expected node density ratio for each cell. For such 
cells, we have developed a mobility generator for producing 
random waypoint-based mobility distributions satisfying 
designated node density distributions. In Fig. 1, darker cells’ 
node densities are higher, and typical three types of node density 
distributions such as (a) gradation, (b) checkerboard and (c) 
Manhattan are shown. The movement trajectory of a sample 
node at each density distribution is represented as a red 
polygonal line in Fig. 1(a’), (b’) and (c’), respectively. As shown 
in those figures, the generated movement trajectories are not so 
different from those in the general random-based mobilities [10].  
In this paper, we extend this mobility generation technique and 
propose a method for exhaustive mobility analysis. In the 
proposed method, we produce mobility patterns in a target area 
exhaustively via simulation and/or observation from the real 
world, make a state transition model representing the node 
density distributions in the target area and their dynamic change, 
and evaluate their perforamance and reliability more efficiently. 
Based on the obtained node density distributions and their 
dynamic change, the proposed method systematically produces 
random waypoint-based mobility distributions satisfying 

designated node density distributions using the technique in [10] 
and carry out the reliability verification and performance 
evaluation. 

As we mentioned above, we focus on the design and 
development of multi-agent based mobility aware applications 
where agent programs communicate with each other and/or 
access the cloud/edge servers via wireless communication 
facilities. In vehicular applications, in general, we combine a 
vehicular mobility generator with a wireless network simulator, 
and evaluate the communication among agent programs and the 
access to servers. If the targets are pedestrians in urban areas, 
we can combine a pedestrian mobility generator with a wireless 
network simulator. In both cases, if we want to show with high 
probability that (i) given invariants have held among agent 
programs, (ii)  expected performance is achieved for each agent 
program, and (iii) faulty I/O’s have not been detected, we need 
a design platform as shown in Fig. 2 where location manager 
controls the node mobility, network simulator controls the 
wireless communication among agent programs and the access 
to servers, and the design platform manages the dynamic 
change of locations and attributes of mobile nodes, and 
evaluates the above properties (i), (ii) and (iii). 

  
Fig. 2. Platform for Design/Development of Mobility Aware Applications 

II. RE-THINKING: DESIGN OF MOBILITY AWARE APPLICATIONS 
Here, we introduce two problems concerning the design and 

development of mobility aware applications in smart and 
connectted communities (S&CC). 

A. Snapshot-based Mobility Analyses 
Recently, several inter-vehicle communication protocols 

have been proposed. Those protocols might be useful for 
autonomous driving, collision detection and safe driving. In 
general, the node density distributions of vehicles are not 
uniform. Thus, DTN-based protocols such as store-and-
forwarding mechanisms can work well for information 
dissemination among those vehicles. However, the performance 
of such protocols strongly depends on the node density 
distributions for target road segments. The dissemination 
intervals of many VANET protocols are adjusted depending on 
the observed neighbor vehicle densities so that packet collisions 
do not occur so often. Therefore, many research works are 
studying to reproduce realistic vehicular mobility, and several 
microscopic vehicular mobility models and their simulation 
tools have been proposed [7], [9]. Such microscopic mobility 



models can reproduce rather realistic vehicular mobilities and 
the derived node density distributions are also rather accurate. 
For example, the microscopic mobility model in [11] can 
accurately reproduce vehicular density distributions obtained 
from highway road pictures in Google Earth. Although such 
microscopic mobility models can rather accurately reproduce 
instances of vehicular density distributions, it takes much time 
to reproduce all the vehicular density distributions. 

In [12], we have investigated the node density distributions 
and average speeds near an intersection as shown in Fig. 3 using 
the traffic simulator VISSIM. In this figure, each cell width is 
200 meter, and the node densities are classified into three 
categories: low (white), middle (gray) and high (black). We have 
produced one hour’s traffic data for a 1km2 square area with 5*5 
gridded roads. In our experiments, we have generated 1,025 
patterns of node density distributions at intersections. Fig. 3 
denotes one of them. Fig. 4 denotes the state transitions among 
the top 14 patterns of such node density distributions. Each state 
transition in Fig.4 corresponds to a dynamic change of node 
density distributions. Here, those top 14 patterns cover about 
25% of traffic situations. If we want to increase its cover ratio, 
we can construct a larger state transition graph using the top N 
patterns (N>14). If N is large with an enough cover ratio, and if 
we can check all the state transitions, we might claim that we 
have checked most of dynamic changes of vehicular density 
distributions. 

 
Fig. 3. Typical Node Density Distribution and Average Speed at Intersection 

	

Fig. 4. Transitions among Top 14 Patterns of Node Density Distributions 

On the other hand, many research works have used 
microscopic traffic simulators to derive several types of 
vehicular density distributions and evaluated the proposed 
mobility-aware applications and V2V and V2I communication 
protocols. However, basically such evaluations are snapshot-
based analyses. It seems that the evaluated V2V and V2I 
communications only track some part of state transitions even if 
they carry out long term simulation experiments. In general, 
traffic simulators cannot track all the state transitions, and it 
requires a very long simulation in order to derive most of state 
transitions. 

 
Fig. 5. Mobile Spatial Statistics (MSS) for Area near Osaka Station 

Recently, several approaches introduce social behaviors to 
mobility models so that network simulations can be conducted 
for more realistic situations. Ref. [13] proposes a mobility model 
to represent social behavior in a theme park. The model 
describes several situations where the visitors gather in 
attractions, spend time in queues and go to other attractions. The 
visitors not only go to different attractions based on a given 
scenario but also wait in lines according to queueing theory. This 
approach could derive more realistic node traces to introduce 
several actual actions into the mobility model. On the other hand, 
community-based mobility models like [14] focus on realizing 
relationships between nodes in order to represent spatial and 
social dependencies among the users. For example, if two nodes 
belong to the same community, they tend to spend more time 
and go to the same place together. Ref. [15] provides a survey 
for human mobility in opportunistic networks. In [16], we 
propose a technique for estimating the number of passengers in 
a train using cellular phone signals. In [17],[18], we also propose 
crowd-sensing based techniques for automatically identifying 
positions of several types of equipment in a station and 
estimating the congestion levels at several places in the station. 
In some countries, Mobile Spatial Statistics (MSS) have been 
provided by cellular phone carriers as a tool for analyzing 
spatiotemporal population distributions and their dynamic 
change [3]. Fig. 5 shows MSS for an area near Osaka Station. 
MSS can show dynamic change of population distributions as 
shown in Fig. 5. By analyzing variations of spatiotemporal 
population, we can estimate the difference between inflow and 
outflow populations. However, such variations of 
spatiotemporal population distributions are also snapshots. We 
need to collect MSS in several situations such as 



weekday/weekend, morning/day time/evening/night, good 
weather/bad weather, and so on. We need techniques for 
collecting several types of variations of spatiotemporal 
population distributions. 

Recently, location data from vehicles and smartphones has 
attracted many researchers to understand urban dynamics. 
Although such data does not contain the movement of all 
vehicles/people, it still reflects trends of urban scale mobility. 
For example, Ref. [19] leverages Call Detail Records (CDRs) 
collected by mobile network operators to estimate the locations 
of Points of Interest (PoIs) and the mobility patterns between 
them. Ref. [20] achieves accurate estimation of population in 
each PoI by using Cellular Data Access Records (CDARs) 
recorded with higher frequency than CDRs since data access 
occurs much more frequently than phone calls. Jyotish [21] 
successfully constructs a predictive model of contacts among 
people with locations and stay duration by using WiFi SSID and 
Bluetooth MAC records. CityMomentum [22] predicts future 
movement from GPS trajectories based on Markov chains. 
These approaches focus on reproducing the real mobility, 
understanding trends of urban mobility, or detecting 
abnormalities such as events and accidents. This means the 
reproduced mobility patterns are still instances of distributions. 

 
Fig. 6. Markov-based Mobility Model 

Therefore, we need a framework to reproduce various 
mobility patterns. One of traditional approaches for urban-scale 
mobility modeling is a Markov-based method [23]. Markov-
based methods focus on people flows between PoIs which 
represent residential/commercial areas, business districts and so 
on. As shown in Fig. 6, PoIs are represented as nodes and the 
transition probabilities are assigned between PoIs. Therefore, 
the microscopic mobility, such as people movement on a street, 
is abstracted. In Markov mobility models, the assignment of 
transition probabilities is most important since they determine 
how long people stay at each PoI and how often people travel 
from a PoI to another PoI. Usually, in order to reproduce real 
mobility patterns, some location data such as WiFi and GPS 
traces are used to determine the transition probabilities. On the 
other hand, if we appropriately adjust the transition probabilities 
for situations which vary according to contexts such as days, 
time and weather, Markov models can reproduce various 
mobility patterns. 

Note that the meaning of exhaustive mobility generation is 
unclear in general. Different mobility patterns should be 
considered at intersections and highways. Thus, the meanings of 
exhaustive mobility patterns at intersections and highways are 
also different. However, if we fix the target area and its external 
conditions, we can roughly provide exhaustive mobility patterns 
for the target problem. On the other hand, it is not clear whether 
all designated mobility patterns can be easily reproduced by 
simulators and mobility generators. 

B. Simulation & Emulation for Mobility Aware Applications 
When we design and develop mobility aware applications, 

the I/O’s from each mobile device might often vary depending 
on its location and attributes. Recently, immersive computing 
(mixed reality) is becoming rather popular. Sometimes, we 
might want to show the I/O’s from each mobile device on its 
head mount display. In a match-type fighting game, each person 
might be able to watch the actions of his/her surrounding players 
on his/her head mount display. Depending on the situations of 
the surrounding players, different pictures are shown. Similarly, 
different I/O’s might be shown to the mobile device of each user 
in mobility aware applications depending on his/her location and 
attributes. It is desirable that we can reproduce several types of 
locations and attributes of the surrounding pedestrians/vehicles 
and show the corresponding I/O’s to each mobile device. Some 
simulation/emulation tools might be able to measure the 
performance of I/O’s from those mobile devices and/or show 
I/O’s to each mobile device. However, it is not so easy to 
reproduce the locations and attributes of surrounding 
pedestrians/vehicles exhaustively and check their performance 
and emulate the corresponding I/O’s. Some intellectual design 
platform is needed. 

III. DESIGNATED MOBILITY GENERATION 
In [10], we have proposed a technique for generating a 

random waypoint-based mobility satisfying designated node 
density distributions. Here, we extend this technique so that we 
can designate the ratios of moving directions for specified cells. 

A. Outline of Designated Mobility Generation 
In this subsection, we will outline the method for generating 

a random waypoint-based mobility satisfying designated node 
density distributions. In the proposed method, we assume that a 
target area is divided into m*n cells and they are numbered 
sequentially from the top left (cell 0) to the bottom right (cell 
m*n-1) as shown in Fig. 7(a). We assume that each node repeats 
(i) choosing a destination point, (ii) moving to the destination 
point at a constant speed and (iii) staying at the destination point 
for a certain period like the random waypoint mobility. Here, we 
assume stable node density distributions. Suppose that each 
node at a cell i selects a destination cell j with a probability pi,j 
called destination probability.  All the destination probabilities 
pi,j need to satisfy the following constraints. 

𝑝𝑝",$

%∗'()

$*+

= 1	 0 ≤ 𝑖𝑖 ≤ 𝑚𝑚 ∗ 𝑛𝑛 − 1  



 
(a) destination probability          (b) transition on cell k 

Fig. 7. Calculation of Nodes’ Transition Probability 

Let fj denote flow rate at cell j which corresponds to the 
number of nodes moving to cell j from all cells. Then, the 
following constraints need to hold among the flow rates. 

𝑓𝑓$ = 𝑓𝑓"

%∗'()

"*+

∗ 𝑝𝑝",$	(0 ≤ 𝑗𝑗 ≤ 𝑚𝑚 ∗ 𝑛𝑛 − 1) 

Let V and 𝑇𝑇:;<=> denote the speed of moving nodes and the 
pause time of those nodes at the destination cells, respectively. 
As shown in Fig. 7(b), for each movement 𝑚𝑚",$,? from cell i to 
cell j through cell k, we can calculate the distance passing cell k 
as 𝐿𝐿",$,?

:;== . Thus, the average cell passing time 𝑇𝑇",$,?
:;==  for the 

movement 𝑚𝑚",$,?at cell k can be calculated as follows. 

𝑇𝑇",$,?
:;== = 𝐿𝐿",$,?

:;==/𝑉𝑉	 𝑗𝑗 ≠ 𝑘𝑘 ,			𝐿𝐿",$,?
:;==/𝑉𝑉 + 𝑇𝑇:;<=>	(𝑗𝑗 = 𝑘𝑘) 

The number of nodes moving from cell i to cell j through cell 
k is calculated as 𝑓𝑓" ∗ 𝑝𝑝",$ ∗ 𝑇𝑇",$,?

:;== .  The movements passing 
through cell k are calculated as all the combinations of origin-
destination cell pairs. Thus, the total number dk of nodes at cell 
k called cell transit number is calculated as follows. 

𝑑𝑑? = 𝑓𝑓"

%∗'()

$*+

%∗'()

"*+

∗ 𝑝𝑝",$ ∗ 𝑇𝑇",$,?
:;== 

In order to treat the cell transit number dk as the probability 
of node density distributions, we can give the following 
constraint for dk. 

𝑑𝑑?

%∗'()

?*+

= 1 

The above constraints are non-linear constraints. Thus, we 
give a heuristic algorithm to derive a solution in [10]. A trivial 
solution is that all nodes move only inside of the assigned cells 
although such a trivial solution is meaningless. Thus, in [10] we 
have given a proof that for any designated node density 
distribution, we can generate a non-trivial random waypoint-
based mobility satisfying the designated density distribution. 
For the details, see [10]. 

B. Specification of Moving Directions for Designated Cells 
In Subsection II.A, we have discussed about VANET 

protocols at intersections. In such applications, it is desirable 
that we can specify moving directions for designated cells. In 

this subsection, we give a mobility generation method for such 
a situation.  

For simplicity of discussion, we consider a case where the 
moving direction at cell k should be from its left sub-region 𝐴𝐴?H  
to its right sub-region 𝐴𝐴?I as shown in Fig. 8. We can calculate 
the number 𝑛𝑛?H→Iof nodes at node k moving from the sub-region 
𝐴𝐴?H 	to the sub-region 𝐴𝐴?I by the following equation.  

𝑛𝑛?H→I = 𝑓𝑓"
"∈LM

N

∗ 𝑝𝑝",? ∗ 𝑝𝑝?,$
$∈LM

O

+ 𝑓𝑓"
$∈LM

O"∈LM
N

∗ 𝑝𝑝",$ ∗ 𝑇𝑇",$,?
:;== 

The first term of the right side represents the number of the 
nodes moving to the right direction from the region 𝐴𝐴?H 	with stop 
at node k. The second term of the right side represents the 
number of nodes moving to the right direction from the region 
𝐴𝐴?H 	without stop at cell k. We can count the number of nodes 
between any pair of sub-regions based on the probabilities in a 
similar way. Thus, the ratios of moving directions for specified 
cells can also be represented by the probabilities. Based on the 
equations, the problem can be formulated as an optimization 
problem of minimizing the error between the given ratios and 
the realized ones by the probabilities. 

 
Fig. 8. Specification of Moving Directions for Designated Cells 

C. Application using the Proposed Mobility Generation 
Method 
Using the above technique, as shown in Fig. 9, we have 

prepared eight different mobility patterns. The arrows on the 
colored cells in the figure mean the constraints for moving 
directions. For each pattern, we have the constraint that 60% of 
the nodes on the colored cells need to move the direction 
indicated by the allows. The other nodes can move freely. In this 
case study, the origin node and destination node are located at 
the top left cell and bottom right cell, respectively. The origin 
node sends a 512 bytes packet to the destination node 
periodically. The packets are relayed on routes constructed by 
the AODV protocol. Fig. 10 shows the probability distributions 
of the number of packets arrived at the destination node for each 
pattern. The x axis shows the number of arrival packets and y 
axis shows its ratio, respectively. We can see that the two 
patterns with red and pink colors show different trends than the 
other patterns. These two patterns correspond to the direction 
from the upper left to the lower right and the direction from the 
lower right to the upper left, respectively. Their average arrival 
packet ratios are 20% or 10% smaller than those for the other 
patterns. By using our proposed mobility model, we can evaluate 
what kinds of node mobility patterns can affect the network 
performance systematically.  
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Fig. 9. Mobility Patterns with Different Moving Directions 

 
Fig. 10. Ratios of Arrival Packets 

 
Fig. 11. Typical Dynamic Variations of Node Density Distributions at 

Intersection 

In Fig. 3, we have shown a typical node density distribution 
at an intersection. Fig. 11 shows a typical dynamic variation of 
node density distributions at the intersection, which can be 
reproduced by the VISSIM simulator for a relatively short time. 
The numbers shown at the upper left in the node density 
distributions denote the pattern numbers in the generated 1,025 
patterns. We have conducted a network simulation for a trace 
composed of these 10 patterns to evaluate multi-hop 
communications by the AODV protocol over the intersection in 
Fig. 3. We have transmitted packets horizontally from left to 
right through the intersection every second. Fig. 12 shows the 
number of packet losses at each cell for mobility patterns 
generated by the VISSIM simulator. Each row [n] denotes the 
number of packet losses at the cell [n] on the horizontal road in 
Fig. 3. On the other hand, Fig. 13 shows the number of packet 
losses at each cell for mobility patterns generated by the 
designated mobility generation method described in Section III 
where Manhattan1 mobility in Fig. 1 is used in order to produce 
the mobility patterns. As shown in Fig. 12 and Fig. 13, the results 
(the number of packet losses) shown in the two figures are not 
the same. However, they show that their similarity is rather high. 
Therefore, our proposed mobility generation method producing 

designated node density distributions can expect a trend in 
network throughput/reliability that is related to how many 
packet losses occur. On the other hand, although the variation of 
node density distributions shown in Fig. 11 can be created by the 
VISSIM simulator for a relatively short time, it does not mean 
that any variation of node density distributions shown in Fig. 4 
can also be created in a relatively short time. For details, see [12]. 

 
Fig. 12. The Number of Packet Losses at Each Cell for Mobility Patterns 

Generated by VISSIM Simulator 

 
Fig. 13. The Number of Packet Losses at Each Cell for Mobility Patterns 

Geralated by Designated Mobility Generation Method in Section III 

D. Performance Evaluation and Reliability Improvement 
In order to test the state transitions exhaustively as described 

in Fig. 4 and Fig. 6, we need to treat variations of node density 
distributions. In [12], we have also proposed a technique for 
generating a random waypoint-based mobility satisfying 
designated variations of node density distributions like Fig. 4. 
As shown in the above case study, we can represent several types 
of mobility characteristics based on the parameters such as node 
degree, direct communication time and so on. Thus, it is possible 
to see how the mobility characteristics affect the network and 
application performance. In addition, the proposed technique 
gives us the possibility to systematically generate exhaustive 
mobility patterns under given constraints. This feature allows 
performance testers to assess the feasibility of protocols and 
applications based on a variety of mobility patterns, while they 
can use a common waypoint model. Recently, several 
researchers have pointed out the importance to create a realistic 
synthetic dataset which covers exhaustive mobility patterns. Ref. 
[24] shows realistic synthetic dataset, covering 24 hours of car 
traffic in a 400 km2 region around the city of Köln, Germany, 
and outlines how the dataset improves the traces employed for 
the simulative evaluation of vehicular networks.  

In [25], we propose a self-organized task distribution method 
for smart IoT edge devices in a fully distributed manner (see Fig. 
14). In order to guarantee that the proposed task distribution 
method can achieve enough performance independently of user 

0 20 40 60 80

0.
00
0

0.
01
0

0.
02
0

0.
03
0

0 20 40 60 80

0.
00
0

0.
01
0

0.
02
0

0.
03
0

0 20 40 60 80

0.
00
0

0.
01
0

0.
02
0

0.
03
0

0 20 40 60 80

0.
00
0

0.
01
0

0.
02
0

0.
03
0

0 20 40 60 80

0.
00
0

0.
01
0

0.
02
0

0.
03
0

0 20 40 60 80

0.
00
0

0.
01
0

0.
02
0

0.
03
0

0 20 40 60 80

0.
00
0

0.
01
0

0.
02
0

0.
03
0

0 20 40 60 80

0.
00
0

0.
01
0

0.
02
0

0.
03
0



mobility and network capacity, it is desirable to reproduce 
exhaustive node density distributions inferred from advanced 
observations. 

 
Fig. 14. Self-organized Task Distribution Based on Edge Computing Paradigm 

IV. DESIGN PLATFORM FOR MOBILITY-AWARE APPLICATIONS 
In this section, we discuss what facilities the design platform 

for developing mobility-aware applications should hold, and 
explain our current on-going work for the development of such 
a design platform. 

A. Development of Mobility Aware Applications: an Example 
Here, for the simplicity of discussions, we assume that each 

mobility-aware application consists of software in multiple 
mobile devices and their server. We also assume that the 
software in those mobile devices is the same and their output 
depends on inputs, location and attributes of its user. The 
software of each mobile device accesses the server and 
provides/obtains some data to/from the server (e.g. by http). 
Each mobile device can give the inputs, location and attributes 
from its user to the server. The server can keep the given data as 
inputs and reply the corresponding outputs, whose contents 
might depend on both the sequences of inputs obtained from 
multiple users and the contents of its own database. Here, it is 
assumed that the map DM of dynamic variations of node density 
distributions called distribution map is managed by a location 
manager. We also assume that the location manager manages 
the attributes att(DM) of the mobile users in DM. 

For example, let us consider the following mobility-aware 
application at a shopping mall under the above assumptions. We 
assume that some shoppers use software provided by the mall 
via their smartphones, and that the location of each shopper can 
be identified from WiFi signals at the mall and so on. The server 
can provide different shopping information f from its database 
DB depending on the location pos and attributes att (e.g., age, 
sex and taste) of each shopper when the shopper gives an input 
in to the server. The server also provides the distribution map g 
of shoppers whose tastes are similar to that of each user. Thus, 
it is considered that f and g are represented as f = f(DB,pos,att,in) 
and g = g(DM,att(DM),pos,att,in). If the database DB of the 
server can be modified by input from multiple users in-seq (= 
in1,…,ink), the current DB’s content c can be represented as c = 

c(DBint,in-seq) where DBint denotes the initial content of the 
database. 

Suppose that there are 20 mobile users in a target area as 
shown in Fig. 15 where the distribution map of mobile users and 
their example attributes are specified. Now, let us consider the 
case that at time t1, t2, … tK-1, the mobile users Nj1, Nj2, … NjK-1 
give inputs query1, query2, … query K-1, and that the 
corresponding outputs guide1, guide2, … guideK-1 are replied 
by the server, respectively. In this case, if a new input query K 
from the mobile user Njk is given at time tK, the corresponding 
output guide K is represented as guide K = f(DB,posjk,attjk,injk) 
where posjk, attjk and injk denote the position, attributes and input 
of the mobile user Njk, respectively. The distribution map g = 
g(DM,att(DM),posjk,attjk, injk) of shoppers with similar tastes is 
also replied. If the contents of the database DB of the server can 
be changed by the user inputs, the current DB’s contents c can 
be represented as c = c(DBint,in-seq) as described above. Thus, 
if we can construct the programs of the those functions f, g and 
c, and if we can provide the distribution map DM of mobile users 
and their attributed att(DM), the outputs f and g corresponding 
to the given input sequences in-seq and the update of the 
database c(DBint,in-seq) can be also calculated automatically. 

 
Fig. 15. Distribution Map, their Attributes and I/O’s of Mobile Users 

B. Our Design Platform 
We are designing and developing the following design 

platform for mobility-aware applications. The basic architecture 
of the design platform is shown in Fig. 2. In our design platform, 
we will treat both simulation nodes and emulation nodes. The 
real products (programs) for mobile devices are considered as 
the emulation nodes. The simulation nodes are used to simulate 
the movement of mobile devices, communication among the 
mobile nodes and access the servers. 

In the design platform, the location manager controls the 
movement of the mobile users, and updates the distribution map 
DM of the mobile users from moment to moment. In general, 
V2V and V2I network simulators use the pair of a mobility 
generator and a network simulator. For example, SUMO 
produces the mobility of vehicles and ns-3 simulates wireless 
communications among vehicles where the network simulation 
is carried out based on the vehicular positions produced from 
SUMO. We have designed and developed a mobile wireless 



network simulator called MobiREAL [3] (see Fig. 16). 
MobiREAL can generate a Urban Pedestrian Flow Mobility 
(called UPF Mobility) shown in Fig. 17 from the numbers of 
pedestrians measured at multiple observation points in a target 
urban area, and evaluate the mobility change by exchanging 
messages using smartphones and wireless devices. MobiREAL 
combines such a mobility generator with the network simulator 
GTNetS (Georgia Tech Network Simulator).  MobiREAL also 
has visualization facilities which show movement trajectories of 
mobile nodes, network performance at the target cells, I/O’s at 
specific mobile nodes and communication stability among those 
mobile nodes, and so on. 

  
Fig. 16. Mobile Wireless Network Simulator MobiREAL  

 

Fig. 17. Urban Pedestrian Flow Mobility (UPF Mobility) 

In our design platform, we use Scenargie [26] produced by 
Space-Time Engineering as the network simulator, while we can 
use several mobility generators such as MobiREAL and SUMO 
since Scenargie has a functionality for importing the outputs of 
mobility generators. For example, in MobiREAL, depending on 
the attributes (e.g. commuters, shoppers and so on), different 
pedestrian mobility can be specified [3]. In our design platform, 
we also provide the mobility generator described in Section III, 
which can produce a random waypoint-based mobility 
satisfying designated node density distributions. This mobility 
generator takes a state transition graph of node density 
distributions as an input, and produces the change of the 
corresponding node density distributions exhaustively using the 
given state transition graph as an output. In the design platform, 
the location manager also keeps the attributes (e.g. age, sex, 
taste and so on) of all the mobile users.  

In our design platform, the network simulator simulates the 
wireless communications among the simulation nodes and the 
servers based on the distribution map DM of mobile users 
managed by location manager. The performance of such 
wireless communications and the access frequency to the servers 
can also be evaluated. Our location manager also manages the 
attributes of all the mobile nodes (devices). Basically, the 

attributes of those mobile devices can be specified by the system 
designer in advance for simulation/emulation purposes. 

On the other hand, for the emulation of real products, the 
system designer can provide the distribution map of mobile 
nodes, their attributes and I/O’s of those mobile devices to our 
design platform shown in Fig. 15 in advance. Then, the design 
platform can check whether the corresponding outputs obtained 
from the emulation nodes (real products) are the expected ones. 
We can specify several test scenarios and check whether the 
emulation nodes (real products) can produce the expected ones 
for those test scenarios. Depending on target applications, the 
purposes for test scenarios might be different. In evacuation 
scenarios in disaster/emergency situations, we might need to 
check whether suitable evacuation routes can be displayed. In 
shopping mall scenarios, we might need to check whether 
suitable shop information can be shown depending on the 
attributes of the target users. By specifying the features of the 
outputs, such checking becomes possible. 

In the research of smart and connected communities (S&CC), 
all information might not be collected to the cloud server. 
Multiple edge servers might cooperatively act as a cloud server. 
Suppose that the four base stations in Fig. 15 are used as the edge 
servers and they cooperatively act as the cloud server. In such a 
case, the network simulator of our design platform can check the 
communication performance between the four edge servers and 
the corresponding mobile devices. If we specify variable 
response times from each edge server depending on the access 
intervals for the edge server from mobile nodes, we can check 
whether the assignment of the edge servers can achieve the 
expected performance (response time). Especially, depending 
on node density distributions, rather different response times 
from those edge servers might be recorded. By checking several 
node density distributions exhaustively, we can check whether 
the assignment of the edge servers can achieve the expected 
performance (response time) for most cases. 

V. CONCLUSION 
In this paper, we focus on techniques for improving the 

performance and reliability of mobility aware applications in 
smart and connected communities (S&CC). Many targets in 
S&CC research are social systems. Thus, the accurate advanced 
estimation of the performance for the targeted social systems is 
essential. Also, the reliability of these estimation should be 
discussed enough and guaranteed. The proposed mobility 
generation method can generate a random mobility which 
reproduces given node density distributions and their dynamic 
changes. The proposed design platform provides several 
facilities for testing mobile applications although it is still under 
development. Recently, several testing and simulation 
methodologies for improving the reliability of mobile 
applications have been developed (e.g. [27],[28]). Combining 
such methodologies with the proposed method would make the 
proposed methodology more powerful. We hope our techniques 
and their platform are useful to extend the coverage of the 
mobility patterns for target applications in S&CC research and 
improve the reliability of the target applications. Currently, the 
problems discussed in this paper are still challenging in S&CC 
research. More studies should be carried out in ICDCS 
communities. 
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