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a b s t r a c t
Mobile cyber-physical systems entail large volumes of data collected by various sensors and cameras
embedded in vehicles and mobile devices. Participatory sensing is a model widely encouraged by
cyber-physical systems (CPS) to provide a smart knowledge base to consumers using various sensed data
contributed by voluntary participants. Aggregation is a viable approach to convert the sensed data into a
usable form. An efﬁcient way to perform aggregation is to divide the network into a number of
geographical regions, called aggregation regions. In this paper, we propose a novel mechanism to determine aggregation regions based on the location of Access Points (APs). Besides, we propose a strategy to
determine the optimal location of aggregation that minimizes the delay of dissemination of sensed data.
 2014 Elsevier B.V. All rights reserved.

1. Introduction
The growing number of sensor rich and communication enabled
devices brings opportunities for perceiving the environment in
innovative ways. Participatory sensing is a paradigm that renders
smart living by interactions among sensors. With the advent of
mobile cyber-physical systems1 such as mobile devices, smartphones and vehicles, participatory sensing can entail even more
diverse information sources encompassing multiple rich media.
Smartphones, for example, are equipped with a multitude of sensing
equipment such as GPS, accelerometer and cameras. Vehicles can
now integrate sensing and computing abilities with communication
technologies such as DSRC, Wi-Fi and 3G/LTE to build powerful
intelligent participatory sensing systems.
Participatory sensing has gained lots of attention from research
community and has been used in numerous applications such as
trafﬁc information collection [9,18], environmental monitoring
[10], urban surveillance [10] and parking space discovery [5,11].
Data collection from personal devices on traveling vehicles enables
access to valuable information such as trafﬁc congestion and
driving behaviors. Moreover, smartphones [17,20] of participant
users can obtain weather or temperature information at a given
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time and place. Similarly, sensing the on-goings in a street in the
form of multimedia data provides enormous opportunities for
smart surveillance applications.
From the previous examples, it is clear that many applications
of participatory sensing gain in value with a growing number of
participants because more data can collectively provide a better
basis for information analysis. In the case of sensing vehicles, this
can translate into serious communication challenges to sensing
applications. Besides, users2 are often interested in a concise and
reﬁned report rather than a bulk of sensed data. In-network data
aggregation [1,4,16,19] is thus a viable approach to enhance the efﬁciency of sensing applications. In order to reduce the cost of dissemination and produce localized reports, the aggregation is performed
with a spatial scope (e.g. a street segment). As a consequence, the
network needs to be divided into a number of geographic regions,
called aggregation regions.
Aggregation mechanisms [5,7,9] proposed in the literature
address the division of network from the perspective of a single
sensing application. In this paper, we develop a division mechanism that would be applicable to a diverse range of applications.
Basically, for each aggregation region, a mobile cyber-physical
system is selected to perform the aggregation on the sensed data
received from other participating mobile cyber-physical systems.
Besides seeking real-time aggregated data, retrieving data over a
certain time can also be of much signiﬁcance to a large group of
users. The challenge in accessing events history lies in the selection
2
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of storage entities. In this paper, we consider that the mobile
cyber-physical system that performs aggregation sends the aggregated data to Access Points (APs) where the data is stored for a long
time period. Since the locations of APs are known a priori, data can
be accessed by consumers with much ease than from a mobile
storage entity.
Inside the aggregation region, the location of aggregation has a
direct impact on both the delay incurred in collecting sensed data
from mobile cyber-physical systems as well as the delay of disseminating aggregated information to APs. We, therefore, determine an
optimal aggregation location that minimizes the above delay.
The rest of the paper is organized as follows. Section 2 elaborates the state-of-art. Section 3 describes the proposed mechanisms. In Section 4, we present numerical results. Finally,
Section 5 concludes the paper and presents future endeavours.
2. Related work
In this section, we provide a brief discussion of state-of-art on
participatory sensing which involves collection of multi-modal
data from surrounding environment and sharing this data using
communication infrastructures. The data contributed by various
participants is also aggregated in order to create reports or summaries. The state-of-art is described in the following categories: (1)
information collection and aggregation, and (2) information
distribution
2.1. Information collection and aggregation
Two of the most ubiquitous mobile cyber-physical systems with
sensing capabilities are smart phones and vehicles. Over the years,
both cellular networks, vehicular networks or the combination of
the two technologies have witnessed parallel development of
various vehicular sensing and mobile sensing systems. The
approaches differ in the way data sensed by vehicles or mobile
devices is stored and distributed among consumers. In [8], a centralized approach is adopted to allow consumers to query sensed
data. After collecting sensor data directly from vehicles via cellular
connections, cyber-space data aggregation centers process and
store data. The same kind of technique is used for smart-phones
in the centralized approach. Consumers query the aggregation centers to obtain required data. In [12], a mobile surveillance system
was proposed using the centralized approach. The authors introduced a virtual credit based mechanism to motivate participants
to collect data and share their bandwidth. Data recorded by video
sensors is uploaded via the participant’s 3G-enabled smartphone
to a server, and later shared with the other participants.
The centralized approach is suitable for exchanging light data
among remote mobile cyber-physical systems or between a mobile
cyber-physical systems and a data aggregation center. However,
large volumes of data require tedious efforts to maintain seamless
connectivity for uploading sensor readings. Besides, it lacks efﬁciency and ﬂexibility. Moreover, when sensed data happens to
originate in close proximity of consumers, instead of obtaining it
directly from the producer, consumers have to bear the cost of
using a cellular link to retrieve the required data from the server.
In addition, as most information in sensing applications is localized, the usage of remote data aggregation centers/servers results
in bandwidth waste and introduces latency.
Decentralized approaches [5,7,9–11] do not rely on remote
servers but rather rely on operations within the local networks,
for example a peer-to-peer network or a vehicular network. In
these approaches, some of the mobile cyber-physical systems are
chosen to perform aggregation and the aggregated information is
disseminated to other mobile cyber-physical systems located few
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hops away. Since, aggregation is performed as an in-network operation; the major focus is to design an efﬁcient aggregation scheme
that reduces bandwidth and overhead. It is worth noting that most
of the decentralized approaches propose aggregation strategies
that apply to speciﬁc sensing applications.
2.2. Information distribution
Accessing sensed information from either a remote server or a
mobile cyber-physical system is a signiﬁcant issue in sensing
applications. There are basically two disseminations models;
push-based and pull-based [1,13]. Most of existing works [5,7,10]
use push-based dissemination in which sensed information is
broadcasted in a proactive way. Since this approach increases the
network load, it is more suitable for applications where sensed
information is sought by a large number of users, which can justify
the incurred load (e.g. trafﬁc congestion information of a road few
kilometers away is needed by all vehicles). It is not suitable in the
case, for example, of information about a speciﬁc book store or a
scenic place that is generally solicited by a small number of users.
Additionally, when some of the information is irrelevant, important information, if it exists, may be unable to reach potential
users. On the other hand, pull-based [6] dissemination allows consumers to query a mobile cyber-physical system or the server
where information is stored. It has advantages over the push-based
model in terms of bandwidth requirements. However, the limitation lies in the availability of sensed information of a past event.
Also, for large pieces of information such as video streams, chunks
may be located in more than one mobile cyber-physical system.
When a consumer wants to view the entire video, he/she needs
to locate all the chunks. Since, mobile cyber-physical systems
may have moved to random locations, multiple routing paths need
to be established to obtain the video, which results in more network overhead. The situation is worsened further when the path
corresponding to large chunks is highly unstable and hence results
in signiﬁcant loss of information and/or high delays.
In contrast, in this paper, we consider that sensed information is
periodically pushed in aggregation regions where selected mobile
cyber-physical systems can perform the aggregation operation.
Based on the location where the information is originated, the
nearest AP is pulled on-demand by a consumer. Since, the pushmodel is used in a small scale (i.e. inside the aggregation region
only), bandwidth is used efﬁciently. This work shows that a decentralized approach coupled with a combination of push–pull strategies, leads to better efﬁciency of participatory sensing of mobile
cyber-physical systems.
2.3. Some recent works in participatory sensing
Recently, ubiquitous sensing data availability is made possible
through participatory sensing. Here, we would like to discuss some
recent research in this direction. In [27], the reported data are clustered and parameter estimations of the pollution sources are performed. Inspired by the expectation maximization method, the
existence of the pollution sources is estimated and these results
leverage for noise estimations iteratively. The rationale is that, it
can identify the truthful pollution sources with the noisy data mitigation iteratively. The large amount of social data can provide new
forms of valuable information via any traditional data collection
methods, and can be used to enhance decision making processes.
In [28], authors proved that location-based social media systems,
such as Instagram and Foursquare, can act as valuable sources of
large-scale sensing, providing access to important characteristics
of urban social behavior much more quickly than traditional methods. In [29], sensor calibration in monitoring pollution sources is
investigated, without explicit calibration process in uncooperative
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environment. It uses the opportunity in sensing diversity, where a
participant will sense multiple pollution sources when roaming in
the area. Further, inspired by EM (Expectation Maximization)
method, a two-level iterative algorithm is proposed to estimate
the source presences, source parameters and sensor noise iteratively. The key contribution is that, only based on the participatory
observations, authors can ‘‘calibrate sensors without explicit or
cooperative calibrating process’’. In [30], the author discussed
various applications and architecture of participatory sensing.
While variations in air quality are signiﬁcant, today’s air quality
monitors are very sparsely deployed. To address this visibility
gap, the Common Sense project [31] has developed participatory
sensing systems that allow individuals to measure their personal
exposure, groups to aggregate their members’ exposure, and
activists to mobilize grassroots community action.
3. Participatory sensing strategy
In this paper, we propose a participatory sensing scheme for
mobile cyber-physical systems. We consider an urban participatory sensing scenario, illustrated in Fig. 1 in which people traveling
along streets or roads sense data such as street video, parking
spaces and air pollutants using their personal mobile devices or
vehicles. The sensed data needs to be aggregated to reduce network overhead and to enhance its usefulness among consumers.
In this paper, we reinforce in-network aggregation. The purpose
is to avoid collecting aggregated data from a 3G/LTE server; and
rather collect it from a peer-to-peer or vehicular network which
is in the vicinity of the consumers. In-network aggregation creates
aggregates based on data collected within a geographical region.
Thus, a fundamental requirement of in-network aggregation is to
divide the network into a number of geographical regions. In this
paper, we propose a mechanism to construct aggregation regions
based on positions of pairs of APs, called ‘‘bounding APs’’.
We consider that inside an aggregation region, a mobile cyberphysical system closest to a ﬁxed location is selected to perform
the aggregation and the aggregated data is sent to a pair of bounding APs where it is stored and pulled on-demand by the consumers.
We term the ﬁxed location as the aggregation location. To enable
real-time access of aggregated data, collection of sensed data as
well as dissemination of aggregated data must incur a small
delay. Delay of data dissemination in urban environments depends
on factors such as ﬂuctuations in node density [21,22] and the
presence of numerous intersections [23]. Apart from these
factors, when aggregated data intended for different AP pairs are
disseminated through same intermediate road segments and/or

Fig. 1. Participatory sensing scenario.

intersections, network effects such as increased channel waiting
time, retransmissions due to collision and interference are witnessed. To reduce these effects; which also reduce delay, dissemination paths of aggregated data must be disjoint with each other.
3.1. Deﬁnitions and problem description
The urban road network is transformed into a graph G = (V, E),
where each intersection is replaced by a vertex v e V and each road
segment is replaced by an edge e e E, where E  V  V. A path Pi
from vertex u to vertex v is represented by a sequence of vertices
u ? v1 ? . . .vn ? v. E(Pi) denotes the set of edges that belongs to
path Pi. Note that it is possible for a path to have the start and
end vertices represent a position on an edge e e E. Given a set of
paths between vertex u and vertex v, an optimal path is one that
produces the smallest delay in disseminating a packet from vertex
u to vertex v.
In this paper, besides addressing the problem of constructing
the aggregation regions given the locations of APs, we also address
the problem of ﬁnding the optimal aggregation location for each
aggregation region. This last problem is divided into two sub-problems. The ﬁrst sub-problem consists of ﬁnding a path between the
bounding APs for each aggregation region. Basically, the aggregated data needs to be disseminated from the aggregation location
to both the bounding APs, say AP1 and AP2. We assume that APs
are placed at intersections. By intuition, it can be inferred that if
a path between AP1 and AP2 is optimal, then for any aggregation
location, say v on the path, the resulting path between v and AP1
as well as the path between v and AP2 are also optimal. Thus,
the solution to the ﬁrst problem ensures the smallest delay in disseminating aggregated data from the aggregation location to the
APs. The second sub-problem consists of determining an optimal
aggregation location on the path represented by the solution to
the ﬁrst sub-problem. By solving the second sub-problem, we
ensure that the sensed data is assembled with the smallest possible delay. Table 1 contains the deﬁnitions of variables used in the
paper.
3.2. Sensing strategy
With the abundance of mobile cyber-physical systems, an efﬁcient participatory sensing strategy is crucial to the realization of
various sensing applications. We assume that APs are deployed
randomly in the network. Mobile cyber-physical systems are
equipped with digital road maps and aware of the positions of
APs. Before the deployment of sensing applications, the aggregation regions are constructed ofﬂine using the algorithm described
in the next section. In addition, the problem described in
Section 3.1 is also solved by ofﬂine execution of a genetic algorithm
described in Section 3.4.2. Thus, information about the constructed
regions, position of their bounding APs, optimal aggregation
location and optimal path between aggregation locations and
bounding APs are generated ofﬂine. A mobile cyber-physical system that enters the network can download this information from
any AP.
Data sensed by mobile cyber-physical systems is periodically
pushed within each aggregation region. The time interval for sending sensed data is termed as aggregation interval. Data is aggregated locally by a mobile cyber-physical system, called as
aggregator. Since the adequate aggregation operation is usually
application speciﬁc, it is more logical to have a participating mobile
cyber-physical system perform aggregation rather than an AP.
Basically, we consider a strip of road segment having the optimal
aggregation location as the mid-point. The mobile cyber-physical
systems located in the strip are considered as the candidates to
take up the role as aggregator. The length of the strip is determined
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Table 1
Summary of notations.
Deﬁnition

Meaning

Dist(m,n)
Hmax(Ci)
Hop(m,n)
UNCOV(Ci)

Euclidian distance between locations m and n
Maximum number of hops within a circle Ci
Number of hops in the shortest-path between locations m and n
Ratio of number of intersections in the uncovered region to that
of total number of intersections in circle Ci
Threshold on maximum number of hops within a circle
Threshold on number of intersections in the uncovered region.
Transmission range
Set of edges that constitute the path Pi
Set of edges located inside circle Ci
Length of the road segment represented by edge e
Threshold on delay of transmitting aggregated data to the APs
Probability of ﬁnding a forwarding node
One hop delay
Delay of an edge ej due to hop-count
Probability of disconnection along an edge ej
Delay of an edge ej due to disconnection
Delay of a path Pi due to hop-count and disconnection
Number of aggregation regions

hth
Ith
T
E(Pi)
E(Ci)
L(e)
Tagg
Pf
T1-hop
Thop,j
Pdcon
Tdcon,j
Tdelay,i
K

based on maximum node velocity, and aggregation interval. We
consider that the length of the strip is given by the distance (e.g.
60 m) traveled by a mobile cyber-physical system at the maximum
speed (e.g. 20 m/s) for a time period of few (e.g. 6) aggregation
intervals (e.g. 0.5 s each). The candidates exchange short position
messages with each other to select the closest one to the optimal
aggregation location as the aggregator. The aggregator creates
aggregates from the sensed data received during the aggregation
interval and sends the aggregates to the bounding APs using the
optimal path found between the aggregation location and
bounding APs. To avoid disruption in the aggregation operation,
the current aggregator informs the candidates to select a new
aggregator much before it leaves the strip. The dissemination of
sensed information as well as aggregated information is accomplished using unicast transmission.
The use of APs as a storage entity for aggregates enhances the
possibility of obtaining knowledge of past events such as street
activities during a festival held last week. In such a case, the mobile
cyber-physical systems that had sensed the event are less likely to
exist in the network. As a result, with a strategy where data are
exchanged on peer-to-peer basis and no storage is provisioned,
the large bulk of sensed data will be unused resulting in lower satisfaction among consumers. In addition, storing data at a ﬁxed
place avoids the need to rely on ﬂooding the entire network in
order to search for the desired content. For retrieving sensed data,
a pull-based approach is proposed. Since, a consumer is aware of
the location of APs, using the spatial scope of the desired information, the consumer can ﬁgure out the appropriate AP(s) to be queried. In the pull-model, a query is disseminated to AP(s) which then
responds back with the desired information.

3.3. Construction of aggregation regions
Sensing applications require that sensed data be aggregated
within a certain geographical region in order to create spatial
results. Moreover, if aggregation is performed on data sensed in
the entire network, it introduces signiﬁcant overhead and delay.
Hence, it is necessary to develop an efﬁcient strategy to divide
the network into a number of regions. We term such regions as
aggregation regions. The construction strategy is described as
follows.
Let nAP denote the total number of APs deployed in the network
under consideration. Then, there would be nrsu C 2 AP pairs. Let N
denotes the number of AP pairs. We consider that each region is
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bounded by a pair of APs. Basically, an aggregation region is represented by a circle centered at the mid-point of the Euclidian distance between the two bounding APs. Each aggregation region Ci
is associated with subsets V(Ci)  V and E(Ci)  E, where the vertices in the set V(Ci) are the intersections located within the region
Ci. We propose an algorithm to discard AP pairs that seems to be
redundant for data aggregation. Algorithm 1 shows the basic steps
to eliminate AP pairs and select aggregation regions. Lines 1–5 of
Algorithm 1 show that circles are formed considering all pairs of
APs located in the network. A set of circles is created while preserving an ordering of their radii. In Lines 7–9, effort is made to eliminate circles which are completely covered by one or more small
circles; this step ensures that only sufﬁciently large circles are
eliminated. Sensing applications require that aggregated sensed
data reach APs within a certain delay threshold to enable real-time
access by consumers. The aggregation regions need to be large
enough to collect more information but small enough not to
introduce too much delay for nodes that forward the aggregated
data to the APs. We, therefore, eliminate circles in which the
maximum hop-count is larger than a hop-count threshold. In line
11, the function Hmax(Ci) returns the maximum number of hops
from any edge(mid-point is considered as the start vertex) within
circle Ci to any of the bounding APs. Let mi and ni denote the locations of bounding APs of circle Ci. Let the function Hop(l1, l2) return
the total hop-count of the shortest path between locations l1 and
l2. This is obtained by Dijkstras Algorithm [24] by using minimum
hop-count of an edge (computed by Eq. (3)) as the edge cost. By
location, we mean a geographical position with x and y coordinates. The maximum number of hops is determined as follows:

Hmax ðC i Þ ¼ arg max maxfHopðe; mi Þ; Hopðe; ni Þg

ð1Þ

e2EðC i Þ

hth denotes the maximum number of hops needed by any node
within a region/circle to transmit aggregated data to one of the
bounding APs within delay threshold Tagg. hth is determined as
the maximum value for which the following inequality is satisﬁed:

T 1-hop hth < T agg

ð2Þ

where T1-hop is described in Section 3.4.1.
The circles obtained by the above steps, may exhibit overlap to
certain extent. For example, in a circle C, a large fraction of the
intersections located in C may also belong to different circles. In
this case, circle C should be eliminated. To achieve this, we deﬁne
a metric which is the ratio of number of intersections in the uncovered region to that of the total number of intersections in the circle.
The uncovered region is the non-overlapping region of a circle. For
a circle Ci, the above metric is denoted as UNCOV(Ci) and is given
by:

UNCOVðC i Þ ¼

jVðC i Þ  [i–j VðC j Þj
jVðC i Þj

As stated above, a circle must be eliminated if it has a small
number of intersections in the uncovered region compared to the
total number of intersections. We consider a threshold Ith. A circle
Ci is thus eliminated if UNCOV(Ci) is smaller than the threshold, Ith.
The elimination is performed in lines 13–15 of Algorithm 1. Note
that the proposed method for the construction of aggregation
regions is not constrained by the requirement of a speciﬁc application and hence can serve as the basis for a diverse range of sensing
applications.
Fig. 2 shows an example of the construction of aggregation
regions in an urban area. A deployment of four APs, A, B, C and D
is shown in Fig. 2(a). Fig. 2(b) shows how a circle is created using
the Euclidean distance between a given pair of APs. Fig. 2(c) shows
elimination of circle C1 as given by lines 7–9 in Algorithm 1. Since,
circle C1 is entirely covered by both C2 and C3, it is eliminated.
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Fig. 2. Construction of aggregation regions: (a) Deployment of APs in a city, (b) creation of circles by a pair of APs, (c) elimination when one circle is covered by another (d)
elimination by hop-count (hth = 5.0), (e) and (f) elimination by fraction of intersections in the uncovered region, (g) ﬁnal aggregation regions.

Fig. 2(d) shows the elimination of circle formed by the bounding
APs A and B. Since, Hmax is greater than hth, then according to lines
11–12 of Algorithm 1, the circle formed by A and B is eliminated.
Fig. 2(e) and (f) shows the elimination of circles C5 and C6 according to the lines 13–15 of Algorithm 1. Fig. 2(g) shows that circles C7
and C8 are ﬁnally selected as the aggregation regions for sensing
applications.
Algorithm 1. Selection of aggregation region
Input: N pairs of APs, Graph, G = (V,E)
Output: Set of aggregation regions, C
1. for each pair of AP locations m and n, do
2. ri = Dist(m, n)/2
3. Form a circle Ci using radius ri
4. AP1(Ci) = m, AP2(Ci) = n
5. Sort the radii ri
6. C = {Ci : ri >ri+1, 0<i<N-1},
7. for each Ci e C do
8. If $ Cm e C and Cm is entirely covered by Ci
9.
then C = C  {Ci}
10. for each Ci e C do
11. If Hmax(Ci) > hth
12.
then C = C  {Ci}
13. for each Ci e C do
14. If UNCOV(Ci) < Ith
15. then C = C  {Ci}

3.4. Optimal location for aggregation
As described in the beginning of Section 3, to enable consumers accessing the aggregated data in real-time, the dissemination
of sensed data from mobile cyber-physical systems to the aggregation location as well as the dissemination of aggregated data
from the aggregation location to the bounding APs must be
accomplished with small delay. However, the presence of numerous intersections in urban settings impacts the number of hops
required by packet dissemination from source to destination. In
addition, a highly dynamic topology of nodes also results in
selecting intermediate forwarders at non-uniform distances. As
a result, the number of hops varies. Apart from hop-count, frequent disconnection can be observed due to high relative speed
among nodes. We consider that when disconnection occurs,
mobile cyber-physical systems adopt store-carry approach [3]
and carry the packet until a forwarder is spotted within the
transmission range. The store-carry approach increases delay by
substantial amounts.
Apart from these factors, the path between bounding APs pair in
one aggregation region may share a number of intersections with
path for one or more aggregation regions. When the aggregated
data trafﬁc is high, paths suffer from mutual interferences.
Moreover, severe contention and collision results in increased back
off time and retransmission time. As a result, delay is increased.
Since the shared road segment and/or the shared intersection are
the major bottlenecks, delay can be reduced by disseminating

J. Sahoo et al. / Computer Communications 74 (2016) 26–37

31

Fig. 3a. Calculation of maximum hop-count.

aggregated data through independent or disjoint paths. In a
nut-shell, the delay is contributed by hop-count, connectivity as
well as overlap among paths.
An optimal aggregation location is determined by solving the
two sub-problems introduced in Section 3.1. For the ﬁrst sub-problem, we deﬁne an optimal path for an aggregation region as the
path between two bounding APs and characterized by low hopcount, high connectivity and less number of common vertices.
We determine optimal paths for all aggregation regions with the
objective to minimize delay. We consider two types of cost: path
cost and overlap cost for the optimization problem. We consider
that one unit of overlap cost is equivalent to b units of path cost.
Path cost is given by delay due to hop-count and connectivity.
The next section provides an analytical approach to estimate the
delay of data dissemination. Overlap cost is estimated by a matrix
based approach which will be discussed later. In the second
sub-problem, we ﬁnd an optimal edge that minimizes the delay
of collecting sensed data from mobile cyber-physical systems
located on all other edges in the aggregation region.
3.4.1. Delay estimation
For each edge, ej e E, nodes are distributed according to a Poisson process with parameter kj which denotes the average node
density per unit area. Thop denotes the average delay incurred in
a path Pi from source vertex to destination vertex considering the
fact that a forwarder is always found within the transmission
range. It is estimated as the sum of average delay for each edge
ej of the path. To ﬁnd the average delay for an edge e = (u,v), it is
necessary to estimate the average number of hops required to
disseminate a packet from vertex u to vertex v. Let hmin and hmax
denote, respectively the minimum and maximum number of hops
in a given edge. hmin corresponds to the case where a forwarding
node is always located at the transmission range denoted as T;
whereas hmax refers to the case shown in Fig. 3(a), where the
forwarding nodes are located alternately at positions d and
T  d þ e, 0 < d <¼ T, 0 < e < 1.
Let L(e) denote the length of an edge e. Then, hmin and hmax for
the edge e are computed as follows:

&
hmin ¼

LðeÞ
T

hmax ¼ 2

’

 

LðeÞ
LðeÞmodðT þ eÞ
þ
T þe
T

ð3Þ



ð4Þ

We consider an edge eh of substantially large length. Let k
denote the average node density per unit area for edge eh. In order
to determine the probability, Pf of ﬁnding a farthest node as the
forwarder, the transmission range is divided into a number of cells
of width W shown in Fig. 3(b). At most one node can be located
inside a cell. Let the cells be denoted as w1, w2, . . ., wn, where the
index increases with decrease in distance from the sender. Let
the forwarding node be placed in cell wi. Let D represent the distance between sender and forwarding node. Then, D is given by

D ¼ T  ði  1Þ W. The resulting hop-count of the edge eh, is given
by:

&
h¼

Lðeh Þ
T D

’
ð5Þ

The probability, Pf is described by the event that cell wi contains
one node and all other cells wj, j = i  1, i – 2, . . ., do not contain




nodes. Hence, Pf is given by Pf ¼ ð1  eW k=T Þ eði1Þ W k=T
In terms of D, it can also be written as

Pf ¼ ð1  eW



k=T  ðD=W1Þ W  k=T

Þe

ð6Þ

For the edge eh, to illustrate the scenario of maximum hop
count, hmax, we assume d = T/2 for the sake of simplifying the calculation of Pf. Similarly, hmin occurs when the farthest node is
located in cell w1. For edge, eh, the average hop-count havg is determined as the median of hmin and hmax obtained for eh. Let Pavg represent the probability of ﬁnding the farthest node as forwarder in
edge eh for hop-count havg; it is calculated using Equation (6). We
consider that for each edge ej e E(Pi), the average hop-count havg,j
occurs when the farthest node is found with probability Pavg. Let
Dj denote the distance between sender and forwarding node for
edge ej. By substituting kj and Pavg in Eq. (6), distance Dj is obtained;
it provides the average hop-count havg,j using (5) for each edge ej.
The delay of an edge ej due to hop-count is thus expressed as
follows.

T hop;j ¼ T 1-hop hav g;j

ð7Þ

where T1-hop denotes the one hop delay which consists of transmission delay (transmission time of RTS, CTS, Data and ACK packet) and
average back off delay. Let CWmin denote minimum contention window. On average, a node spends (CWmin + 1)/2 back-off slots [25]
before transmitting a packet successfully. Hence, average back-off
delay will be equal to (CWmin + 1)/2  tslot, where tslot denote the
duration of one back-off slot.

Fig. 3b. Division of transmission range into cells.
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Let Tdcon,j denote the delay of packet transmission when disconnection occurs along edge ej. A node will not be able to ﬁnd a forwarding node if the distance between them exceeds the
transmission range, T. Let Pdcon,j denote the probability that disconnection occurs along the ej; note that, an edge is bounded by two
intersections. Since, a forwarder can always be found from an
intersection region, the maximum distance separating the sender
and forwarder is given by the length of the edge. Thus, probability
Pdcon,j is obtained as :

Pdcon;j ¼

Z

Lðej Þ

kj ekj x dx ¼ ekj Lðej Þ  ekj Lðej Þ

ð8Þ

T

When disconnection occurs, the sender carries the packet until
a forwarder is encountered. Thus, the delay due to disconnection is
given by the period of time the sender moves along the edge with
the packet being stored in it. Let vavg denote the average velocity of
a node. The delay when no forwarder is found along an edge is
given by:

T dcon;j ¼ Lðej Þ v av g

ð9Þ

Note that, when no disconnection occurs, the forwarding strategy is used and the delay is given by hop-count along the edge.
Hence, the delay of path, Pi considering both hop-count and disconnection is given by:

T delay;i ¼

jEðP
Xi j

½ð1  Pdcon;j Þ T hop;j þ P dcon;j T dcon;j 

ð10Þ

j¼1

3.4.2. K-optimal path problem
Our objective is to ﬁnd optimal paths for aggregation regions in
order to minimize delay of transmitting aggregated information to
bounding APs. The minimization objective is achieved by solving
an optimization problem where the solution represents a set of
optimal paths to be used in aggregation regions. Let Pi denote a
path between bounding APs in aggregation region Ci. Either mi or
ni can be considered as the start and end vertices of Pi which is represented by a sequence of vertices mi ? v1 ?  vn ? ni, vj e V(Ci).
E(Pi) denotes the set of edges that belongs to path Pi. A formal
description of the optimization problem in a network having K
aggregation regions is as follows:
Input: A graph G = (V, E), vertex set V(Ci)  V, edge set E(Ci)  E,
a pair of start and end vertices mi e V(Ci) and ni e V(Ci), i = 1,2. . .K, a
path cost function fp:E ? R+ and overlap cost function
fov:(P1,P2....., PK) ? R+
Output: Optimal paths P01 , P02 , . . ., Pk0 such that the start and end
vertex of Pi0 are mi and ni respectively for i = 1, 2, . . ., K. that
minimize the delay cost

f ¼

K
X
1
fp ðP 0i Þ þ fov ðP01 ; P02 ; . . . ; P0K Þ
b
i¼1

ð11Þ

where b is the normalization factor and the path cost fp ðP0i Þ is estimated using Eq. (10).
Before solving an optimization problem, it is important to identify the problem as convex or non-convex. Such identiﬁcation has
many advantages. If the problem is convex, then it can be solved
with a reasonable amount time. On the other hand, non-convex
problems are much harder to solve. A problem is non-convex if it
has a discrete solution space. According to the deﬁnition of convexity property, for a convex problem the set of feasible solutions
must be a convex polygon. However, discrete set of points is never
convex unless it consists of at most one point [35]. In the K-optimal
path problem, each solution is a subset of vertices of the set of
vertices in graph G. Thus, the solution space of K-optimal path
problem is a discrete set of solutions, which establishes the

non-convexity of K-optimal path problem. When the solution
space is small, exhaustive search can be used to enumerate all
paths and to ﬁnd the optimal solution which is the set of K-paths
having the smallest value of the cost given in (11). However, as
the solution space grows (i.e. for a large network), the computational time of exhaustive grows quickly. Generally, for non-convex
problems with a large solution space, metaheuristics are used to
obtain a solution close to the optimal solution in reasonable time.
To solve the K-optimal problem, we use genetic algorithms (GA)
which are considered as efﬁcient and robust meta-heuristics to
solve combinatorial optimization problems in large-scale networks. In contrast to simple search methods such as local search
and hill climbing, the population-based search used in GA offers
diversity and hence reduces the possibility of being trapped in local
optima. Moreover, the probabilistic nature of genetic operators
such as crossover and mutation allows genetic algorithms to
explore any region in the search space in a randomized way. All
variants of genetic algorithms work according to a basic principle.
They start by initializing a random population of individuals. The
ﬁtness of individuals is then assessed by a ﬁtness function. The ﬁttest individuals undergo genetic operations such as crossover and
mutation to produce new generations. The procedure is repeated
until a termination criterion for example maximum number of
generations is reached or ﬁtness reaches a pre-speciﬁed value is
satisﬁed. We consider a maximum number of generations as the
termination criterion.
3.4.2.1. Encoding. The most crucial part in a genetic algorithm is to
encode the individual. We used a priority encoding [2] for this purpose. The encoding is a permutation of n numbers, where n is the
total number of vertices in the network. For a vertex v, 1 6 i 6 n,
pr(i) represents its priority. Fig. 4 shows a chromosome encoded
with priority encoding. Using a reachability matrix, a path can be
constructed as follows. For vertex u, the next vertex v in the path
is the neighbor having highest priority among all neighbors.
We used the path growth procedure described in [2] to enumerate
the paths for a given encoding. The solution consists of K paths,
where K is the number of aggregation region. Each aggregation
region has a set of vertices Vi  V, i = 1, 2, . . ., K. Since, each of the
K paths has a start and end vertices, given an encoding, the solution
is found by enumerating each path considering priorities assigned
to the vertices in set Vi.
3.4.2.2. Genetic operations. Crossover and mutation are the two
genetic operations performed on the chromosomes in a population.
In a crossover operation, genes from different chromosomes (parents) are recombined to produce new chromosomes (children).
On the other hand, mutation operation randomly alters one or
more genes in the chromosomes. In the genetic algorithm, we
use PMX (Partially Mapping Crossover) [15] and swap mutation
[14] as the crossover and mutation operations respectively.
3.4.2.3. Fitness function. Designing a ﬁtness or objective function is
an important aspect of genetic algorithm. For our problem, the ﬁtness of an individual is measured by estimating two parameters:
total path cost, fp and overlap cost, fov. The path cost is given by
the ﬁrst term in (11). The overlap cost is obtained using a binary
matrix based approach described as follows. Consider an 0/1
matrix A where an ai,j = 1 ,if vj belongs to path Pi. Fig. 5(a) shows
such a 0/1 matrix. In order to calculate overlap cost, the matrix
needs to be reduced to a form where each column contains at least
two 1’s and each row contains at least one 1. We eliminate
columns where vertices are not shared by more than paths. Then,
columns or rows containing all zeros are also eliminated to produce the desired matrix.
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3.4.3. Optimal edge for aggregation
The solution to the K-optimal path problem yields K optimal
paths, Pi0 , i = 1, 2, . . ., K for each aggregation region Ci. Our objective
is to ﬁnd an aggregation location for each aggregation region. As
discussed in Section 3.1, for an aggregation region, Ci, all edges
along the optimal path Pi0 are considered as candidate edges to
select the aggregation location. E(Pi0 ) denote the set of edges that
constitute the path Pi0 . Note that, there may exist edges that have
only one end-point in an aggregation region. In that case, the portion of the edge that lie in the aggregation region is considered as
a new edge. E(Ci) denote the set of edges that lie inside the aggregation region Ci. Before the aggregation operation, nodes from all
edges inside an aggregation region send their sensed data to the
aggregation location. Since, sensed data must be received with a
short delay; nodes use shortest hop-count paths. But, due to highly
dynamic node topology, each candidate edge results in different
number of hops to other edges in the aggregation region. For sake
of simplicity, to calculate the number of hops between two edges,
we consider the location of the center of the edges. le denotes the
location of the center of an edge e that belongs to the aggregation
region Ci. lej denotes the location of the center of an edge, ej that
belongs to E(Pi0 ). The hop-count of the path between the two edges
ej and e is given by calculating the hop-count between the locations
lej and le. The optimal edge is, therefore, determined as follows:

Fig. 4. Solution representation.

eopt ¼ arg min0 max ðHopðlej ; le ÞÞ
ej 2EðP i Þe2EðC i Þ

Fig. 5. Overlap cost calculation (a) 0/1 matrix, (b) matrix for case ‘4’ when k = 6, (c)
matrix for case ‘3’ when k = 6, (d) case ‘4’, (e) case ‘3’.

A simple way of calculating overlap cost would be to count the
total number of vertices in the resultant matrix. However, in this
cost, the effect of overlap among different paths is not considered.
To illustrate this situation, let us consider k shared vertices. Each
path is referred to as Pi. Then, there can be a variety of overlap
cases: (1) paths P1, P2, . . ., Pk share one vertex, (2) paths P1, P2,
. . ., PK1 share one vertex and any one of Pi, i 6 k  1 share a vertex
with Path Pk, (3) paths P1, P2, . . ., Pk4 share two vertices and any
one of Pi, i 6 k  4 share a vertex with Path Pk (4) paths P1, P2, . . .,
Pk4 share three vertices so on. The above cases represent some
of the combinations and the actual number of cases is huge for a
higher value of k. Path Pi corresponds to an aggregation region Ci.
In case ‘1’ the dissemination delay in aggregation regions is higher
than that in case ‘2’. Among case ‘3’ and case ‘4’, delay in case ‘4’ is
higher than delay in case ‘3’. Fig. 5(d) and (e) illustrates case ‘4’ and
case ‘3’ for k = 6. The corresponding matrices are shown in Fig. 5(b)
and (c) respectively. The rows represent the paths and the columns
represent the vertices. To take into account the severity of the
overlap, we estimate the deviation from all 1’s matrix of the same
number of rows and columns is considered. The overlap cost is
thus computed as follows:

fov ¼ a  nc þ ð1  aÞ  ns
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ð12Þ

where nc denotes the number of 1’s and ns denotes the ratio of number of 1’s and size of the matrix (number of rows  number of columns) respectively. From Fig. 5(d) and (e), it is observed that the
expression for overlap cost can be used to distinguish case ‘3’ from
case ‘4’. Thus, (12) provides a valid overlap cost to ﬁnd the solution
for the K-optimal problem.
The ﬁtness of an individual is thus given by:

ð14Þ

The optimal aggregation location is given by the center of the
optimal edge. Maximum possible number of hops of shortest paths
between all edges lej and le represents the maximum possible delay
experienced by a candidate edge. Then, selecting the edge having
minimum of the maximum possible delays ensures that the
dissemination delay of sensed data from all other edges to the chosen
edge is smaller than the delay of dissemination to other candidate edges.
3.5. Time complexity
It is important to discuss the complexity of the proposed algorithms as they are designed for large-scale network. Algorithm 1
is proposed to construct aggregation regions. Then, a genetic algorithm is used to solve the K-optimal problem. In Algorithm 1, N is
the number of pairs of APs. Also, let Nv and Ne denotes the number
of vertices and number of edges in the largest circle. Lines 1–4
require O(N) time. The sorting operation in line 5 is executed in
O(N log N) time. Each execution of lines 8–9 can be accomplished
in O(Nv log Nv) time. Thus, lines 7–9 requires O(N  Nv log Nv) time.
Lines 11–12 involves Dijkstra algorithm which requires O((Nv + Ne)log Nv). Thus, lines 10–12 requires O(N(Nv + Ne)log Nv). Finally, lines
13–15 are executed with O(N  Nv log Nv). Note that, N can be considered as constant as number of APs is a very small value. Thus, the
time complexity of Algorithm 1 is obtained as O(Nv + Ne)log Nv).
In genetic algorithms, the time complexity is represented by the
number of evaluations of the ﬁtness function. If n is size of population, pc is the crossover probability, g is the number of generations, then a GA involve n  pc  g function evaluations. In GA, the
convergence time is more important than the execution time
which is given by the number of function evaluations. The convergence time is deﬁned as the time period after which the population
has converged and solutions tend to have almost identical ﬁtness
values. In other words, no qualitative improvement is noticed after
the convergence time. As described by the analytical work of [26],
the convergence time complexity of GA is O(n log n).
3.6. Discussions



f ¼ fp þ

1
fov
b

ð13Þ

In this section, we highlight on the assumptions taken on the
previous sections and discuss the consequences if the assumptions
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are relaxed. We also discuss the prospective of encouraging AP
owners to provide their storage resources in the system.
In the deﬁnition and problem description provided in
Section 3.1, it is assumed that APs are placed at intersections. Such
an assumption does not impact the performance of the proposed
algorithms. Since, the road network is transformed to a graph,
where intersections are replaced by vertices; the above assumption results in APs represented by one of those vertices. Then, a
path between two APs is given by a path between two vertices.
But, in real scenarios APs are also deployed along the streets, in
addition to intersections. In that case, for each AP position, a new
vertex is created in the graph G. Since, the streets are connected
by intersections, graph G is still connected and paths can be found
from any position on street to any other position on a different
street. Hence, the proposed algorithms work well when the above
assumption is relaxed. In Section 3.2, it is assumed that APs are
deployed randomly in the networks. The rationale behind this
assumption is to make the proposed algorithms applicable to any
kind of deployments. The deployment of APs can vary greatly
depending upon the circumstances. For example, deployment policies have been proposed to improve the delivery ratio in sparse
regions and to provide internet connectivity [32,33] to vehicles.
A uniform mesh deployment policy [34] is also used in some applications. The robustness of an algorithm can be ensured, only when
the algorithm can be applicable to much uncontrolled environment
such as a random deployment scenario. A third assumption is
made in Section 3.4.1, in which d is set to T/2. As stated in
Section 3.4.1, d lies between 0 and T. To simplify the calculation,
the assumption was made. However, with any value of d between
0 and T can be used to obtain the value of Pf in (6).
In the current scenario, many AP owners exist who may like to
participate in the system in the expense of some beneﬁts such as
money. To exploit huge storage resources available at the APs, a
policy can be devised to motivate the AP owners to participate in
the system. Money is the most suitable extrinsic motivating factor
for inclusion of AP owners in the system. In this regard, proper
incentive mechanisms can be developed taking into account the
personal choices of the AP owners and requirement of sensing
applications. Personal choices include period of involvement of
AP owners. In other words, storage is provided either on a daily
basis, monthly basis or for a certain time period. Similarly, the storage requirements differ among sensing applications. For example,
the multimedia surveillance applications demand a large storage
space compared to trafﬁc efﬁciency application.

4. Results and discussions
In this section, we investigate the performance of the proposed
scheme to determine optimal paths. We used MATLAB simulator to
implement the proposed algorithms. We consider a grid shaped
road network of 100 intersections shown in Fig. 6. Each road segment is of length 400 m. The small shaded circles at some of the
intersections show the locations of APs. We generate various scenarios by selecting the average node density of a road segment at
random from a range of minimum and maximum value. The minimum value is set to 10 while the maximum value is varied from
20 to 45 in steps of 5. Tagg is set to 0.5 s. In the MATLAB implementation, we used the IEEE 802.11p MAC and PHY parameters.
According to 802.11p speciﬁcation, tslot = 13 ls. A ﬁxed packet size
of 1500 bytes is considered. CWmin is set to 3. We consider a data
rate of 3 Mbps for dissemination of aggregated information. The
average node velocity is set to 20 m/s. W is set 6 m. Ith is set to
0.6. The transmission range, T is set to 300 m. Algorithm 1 is used
to divide the network into aggregation regions based on position of
APs. In Fig. 6, the dotted circles represent aggregation regions con-

Fig. 6. Grid-shaped road network.

structed by Algorithm 1. There are eight aggregation regions and
hence K is set to 8.
The proposed genetic algorithm is used to determine optimal
paths for the constructed aggregation regions. Since, GA cannot
always produce optimal solution; we performed an exhaustive
search of the solution space. Since, the network size is small, it
can be easily determined by enumerating paths using breadth-ﬁrst
search. The performance of a genetic algorithm depends on certain
parameters such as population size, crossover probability and
mutation probability. A low crossover probability limits the
improvement of the individuals while a very high mutation rate
often leads to local optima. Hence, these parameters need to
be ﬁne-tuned; otherwise, the exploration of the search space
may not be effective and it may not converge rapidly. Various
parameters for the genetic algorithm are illustrated in Table 2. To
determine suitable values of these parameters, we run extensive
experimentation; indeed, we designed a series of experiments each
representing a combination of crossover probability (Pc) and mutation probability (Pm). Each such experiment was replicated 10
times and repeated for 3 population sizes (Ps). Table 3 indicates
the combinations used in the experiments. We decide the parameters based on conditions such as smallest ﬁtness value, greater
consistency in delivering desirable solutions and smallest number
of function evaluations needed for the ﬁtness value to converge.
For all the experiments, the normalization factor b is set to 5.
Fig. 7 shows the best ﬁtness at the termination (i.e. maximum
number of generations reached) of the genetic algorithm for each
experiment. We observe that the best ﬁtness for Ps = 30 is the
smallest among all population sizes in a maximum number of
experiments (combinations). The best ﬁtness for Ps = 10 shows
the worst behavior for all experiments except at combination #3
and combination #8 where best ﬁtness is pretty close to the smallest value. The best ﬁtness for Ps = 20 lies in between that obtained
for Ps = 10 and Ps = 30 for most of the experiments. At combination
#8 (Pc = 0.8, Pm = 0.05), all population sizes attain the best
performance.
We measure consistency in terms of standard deviation of best
ﬁtness values in replicated experiments. The standard deviation
values are demonstrated in Fig. 8. The smallest and largest variations correspond to the Ps = 30 and Ps = 10 respectively. Given
unlimited time, the genetic algorithm is guaranteed to yield
a solution close to the actual solution using a low mutation and
a high crossover rate. As a consequence, there is a trade-off
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Table 2
Parameters for genetic algorithm.
Population size
Crossover probability
Mutation probability
Number of generations
Number of replications
Network size

10,20,30
0.2,0.4,0.6,0.8
0.01,0.05,0.1,0.2,0.3,0.4
60
10
100 vertices

Table 3
Combinations of Pc and Pm.
Comb. #

Pc

Pm

Comb. #

Pc

Pm

Comb. #

Pc

Pm

1
2
3
4
5
6
7
8

0.2
0.4
0.6
0.8
0.2
0.4
0.6
0.8

0.01
0.01
0.01
0.01
0.05
0.05
0.05
0.05

9
10
11
12
13
14
15
16

0.2
0.4
0.6
0.8
0.2
0.4
0.6
0.8

0.1
0.1
0.1
0.1
0.2
0.2
0.2
0.2

17
18
19
20
21
22
23
24

0.2
0.4
0.6
0.8
0.2
0.4
0.6
0.8

0.3
0.3
0.3
0.3
0.4
0.4
0.4
0.4

Fig. 8. Standard deviation of best ﬁtness.

between computation time and quality of the solution. The computation time is measured by the number of evaluations of the ﬁtness
function during the execution of the genetic algorithm. The number of function evaluations is calculated as Ps  Pc  N, where Ps
and N represent population size and maximum number of generations respectively. Fig. 9 shows the number of function evaluations
needed to achieve a ﬁtness after which no improvement is
observed till the termination.
We determine the Pc and Pm combination corresponding to best
ﬁtness value. Since, the objective is to minimize the cost of using
the optimal paths, the smaller the ﬁtness, more desirable is the
solution. As shown in Fig. 7, the smallest ﬁtness is obtained in
(Ps = 10, combination #3) and (All population sizes, combination
#8). With respect to consistency as shown in Fig. 8, it is observed
that Ps = 10 and combination #3 show high variations. In fact, the
standard deviation value is the highest among all combinations.
Hence, it cannot be a good combination. Next, we evaluate all population sizes for combination #8 in terms of number of function
evaluations shown in Fig. 9; We observe that among the three population sizes, Ps = 10 needs to perform the smallest number of function evaluations. Hence, Pc = 0.8, Pm = 0.05 and Ps = 10 is selected as

the most suitable set of values for the genetic algorithm to yield
optimal paths for aggregation regions.
Next, we observe the convergence behavior of the genetic algorithm for all population sizes and Pc = 0.8 and Pm = 0.05 in Fig. 10.
We observe that, the higher the population size, the smaller the ﬁtness of the initial population. The ﬁtness of initial population for
Ps = 10, Ps = 20 and Ps = 30 are 0.272, 0.19 and 0.15 respectively.
Then, as generations passed, the ﬁtness became smaller. With
Ps = 10, no improvement is observed after 41 generations. Similarly, Ps = 20 and Ps = 30 requires only 33 generations to produce
the solution. This shows a fast convergence of the genetic algorithm for the selected values of crossover probability and mutation
probabilities.
To verify the effectiveness of the proposed scheme, we consider
Dijkstra algorithm [24] for comparison which we simply refer to as
shortest path scheme. The proposed scheme uses the genetic algorithm to determine K optimal paths. Unlike the proposed scheme,
the shortest path scheme determines the shortest path by execution of Dijkstra algorithm for each aggregation region independently. Each edge is associated with a cost given by the delay
estimated in Eq. (10). Fig. 11 shows the delay performance in both
schemes. The delay is the sum of delay in all paths. In the proposed
scheme, the delay is given by path cost of the solution produced by

Fig. 7. Best ﬁtness at termination.

Fig. 9. Number of function evaluations.
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Fig. 12. Delay cost (path cost and overlap cost).
Fig. 10. Convergence behavior.

genetic algorithm and no overlap cost is considered. Therefore, it is
appropriate to represent delay in seconds as it involves dissemination delay due to hop-count and connectivity. In Fig. 11, it is
observed that, for both the schemes the delay decreases as node
density increases. The rationale behind this fact is that as density
increases the possibility of ﬁnding a forwarder near the transmission range becomes higher. As a consequence, hop count decreases
and since the nodes become well connected, no delay due to disconnection is added. It is noticed that the shortest path scheme
provides paths with less delay compared to proposed scheme. It
is because, apart from hop-count and connectivity, the proposed
scheme tries to ﬁnd paths that are disjoint with each other. Hence,
the paths may not provide shortest delay within a given aggregation region.
Fig. 12 shows the delay cost performance of both the schemes
for two scenarios (maximum node density 25 and 35) and several
values of normalization factors. The delay cost involves both path
cost and overlap cost. For the proposed scheme, the delay cost is
given by the best ﬁtness of the solution yielded by the genetic algorithm. For the shortest path scheme, after obtaining the shortest
paths for each aggregation region, overlap cost is calculated by
the method described in Section 3.4.2. The delay cost for the shortest path scheme is given by the sum of delay in all paths and 1/b
times overlap cost. In Fig. 12, it is observed that the proposed
scheme achieves substantially lower delay than the shortest path

scheme for all cases. The reason behind a large delay cost in the
shortest path scheme is the fact that the paths are not disjoint
and hence the delay cost is contributed by high overlap cost. On
the other hand, in the proposed scheme, the delay cost is similar
to the delay shown in Fig. 11 for node density 25. A very small
overlap cost is introduced for density 35. The result also shows that
at any value of the normalization factor, b the proposed scheme
yields paths having short delay using Eq. (11) as the delay cost
metric. From the comparison, it is clear that the proposed scheme
is effective in ﬁnding optimal paths that allows dissemination of
aggregated information with lowest delay.
From Figs. 11 and 12, it is observed that, the solution obtained
by the proposed approach is near to the optimal solution. It
conﬁrms the efﬁciency of the proposed GA.

5. Conclusion
Participatory sensing by mobile cyber-physical systems such as
vehicles, mobile devices and smartphones is increasingly popular
as the sensors and cameras embedded in these systems grow in
number and sophistication. In order to produce meaningful data,
aggregation is a viable approach to create localized reports or summaries. An efﬁcient way to perform in-network aggregation is to
divide the network into a number of geographical regions, called
aggregation regions. In this paper, we propose a novel mechanism
to construct aggregation regions based on the location of APs.
Besides, we estimate the delay of packet transmission along a road
segment considering hop-count and connectivity. The location of
aggregation impacts the delay of receiving sensed data from the
participants as well as the delay of disseminating the aggregated
information to APs. Hence, we propose a scheme to determine
the optimal location of aggregation that minimizes the estimated
delay with minimal overlap in paths among different aggregation
regions.
Our future endeavours include use of content-centric
networking to develop a data retrieval mechanism for mobile
cyber-physical systems.
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