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CBS: Community-based Bus System as Routing
Backbone for Vehicular Ad Hoc Networks

Fusang Zhang, Hai Liu, Yiu-Wing Leung, Xiaowen Chu, and Beihong Jin

Abstract—Compared to general vehicular systems, bus systems have advantages including wide coverage, fixed routes and regular
service. Inspired by these unique features of the bus systems, we propose to use the bus systems as routing backbones of VANETs. In
this work, we present a Community-based Bus System (CBS) which consists of two components: a community-based backbone and a
routing scheme over the backbone. The backbone construction is a one-off operation which is done offline while the routing is done
online in individual buses. We build a community-based backbone by applying community detection techniques and propose a two-level
routing scheme which operates over the backbone. The proposed routing scheme performs sequentially in the inter-community level
and the intra-community level, and is able to support message delivery to both buses and specific locations/areas. We develop a
probabilistic model to analyze the message delivery latency of CBS. The average error of the analytically-derived latency is shown to
be 8.9% of the latency derived from the real traces. Extensive experiments are conducted on real-world traces from the Beijing bus
system and the Dublin bus system and the results show that CBS can significantly lower the delivery latency and improve the delivery
ratio, compared to the existing solutions. CBS is a general solution which is applicable to any bus-based VANETs.

Index Terms—VANETs, bus systems, backbone, routing.
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1 INTRODUCTION

AVehicular ad hoc network (VANET) consists of a set of
mobile vehicles equipped with dedicated short-range

communication (DSRC) devices, which enable inter-vehicle
communications and the communications between vehicles
and roadside units (RSUs). Routing in VANETs is a very
challenging task due to high-speed mobility and dynamic
network topologies. Low delivery latency and high delivery
ratio are two key goals in the design of routing schemes
in VANETs, where the delivery latency indicates the time
it takes to delivery a message to the destination and the
delivery ratio is the ratio of the number of successfully-
delivered messages to the total number of messages. Ex-
isting routing schemes of VANETs could be classified into
three categories. The work in the first category is to deliver
messages from source vehicles to specific geographical lo-
cations (i.e., vehicle → location), which can support various
location-based applications such as geographic advertising
[1], delivery of parking information [2] and tourist points of
interest [3]. The work in the second category is to deliver
messages from source vehicles to destination vehicles (i.e.,
vehicle → vehicle), which is often used for data collection
and information sharing [4]. The work in the third category
is to disseminate messages, e.g., emergency messages [5]
and traffic alert messages [6], in a specified area. A broadcast
operation is usually performed in this category and the
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challenge is to tackle the broadcast storm problem [7].
In the existing solutions, delivering a message from one

vehicle to another is usually determined based on either
real-time information [8] [9] [10] [11] [12] or historical infor-
mation [13] [14] [15] [16] [17]. With the former strategy, a
vehicle holding a message selects its next-hop relay vehicle
based on the real-time information such as geographical
position, vehicle density and moving direction. This strategy
performs well in dense VANETs but it is hard to find suitable
relay vehicles in sparse networks. The latter strategy utilizes
historical information of vehicles to estimate the occurrences
of their contacts in future. A vehicle delivers its message
to the relay vehicle with the largest chance in contact with
the destination vehicles. Notice that the contacts of vehicles
(e.g., taxis) are not on a regular/routine basis but random
in practice. Two vehicles that contacted previously may not
contact again in the near future.

To tackle the aforementioned problems, some work [10]
[18] propose to deploy RSUs at road intersections and bus
stops so as to provide message relay for vehicles. However,
their routing efficiencies are limited by the number and
locations of RSUs and it incurs considerable cost in the
deployment and management of the RSUs [19]. In this work,
we propose to utilize bus systems as routing backbones of
VANETs without RSUs. We study the bus system in Beijing,
China, where there are 21293 buses of 989 bus lines in total.
We collect real traces of 2515 buses (from 1 Mar 2013 to 31
Mar 2013) and conduct extensive analysis of the traces. We
find that there are several advantages in using bus systems
as routing backbones of VANETs.

• Wide coverage. We plot the traces of the 2515 buses in
Beijing in Figure 1. It is clear to see that the traces
form a backbone of the city. Therefore, it is feasible
to use bus systems as routing backbones for message
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Fig. 1: One-day traces of 2515 buses in Beijing. The bold lines
denote the aggregated traces of the buses.

delivery in VANETs.
• Fixed routes. Compared with routes of other vehicles

(e.g., taxis), the routes of buses are normally fixed.
This unique feature of bus systems enables us to map
a specific location/area to fixed routes of buses. For
example, the route of bus line No. 944 passes by the
Beijing Olympic Stadium (i.e., the Bird’s Nest). The
messages destined for the Bird’s Nest area can be
delivered by the buses of line No. 944.

• Regular service. The service of a bus line is regular. For
example, bus line No. 988 starts and stops its service
at 5am and 10pm, respectively, in Beijing. If service
hours and fixed routes of two bus lines overlap, the
contact of the buses from these two bus lines is very
likely to occur and thus message delivery among
these buses is highly predictable.

In this work, we propose a Community-based Bus Sys-
tem (CBS) as routing backbone of VANETs. The idea of CBS
originates from our analysis of real-world traces of 2515
buses. Specifically, CBS is composed of a community-based
backbone and a routing scheme over the backbone. We first
build a contact graph which shows the closeness relation
of bus lines. We notice that some bus lines are “closer”
than others in terms of the frequency of contacts and some
bus lines are “more active” in connecting other bus lines.
Inspired by the concept of social networks, we apply com-
munity detection techniques in the contact graph to build
a community graph which identifies potential communities
of the bus system. A backbone graph is derived from the
community graph by mapping the fixed routes of bus lines
to the real map. Based on the community-based backbone,
a two-level routing scheme is proposed to deliver messages
to either a bus or a specific location. The two-level rout-
ing scheme operates sequentially in the inter-community
level and the intra-community level on the backbone. Our
proposed solution is general and is applicable to any bus-
based VANETs. The main contributions of this work are
summarized as follows.

• We propose to utilize bus system as a routing back-
bone of VANETs. Based on the bus contact informa-
tion, we build a community-based backbone by ap-
plying the community detection techniques of social
networks.

• We present a two-level routing scheme that operates
on the community-based backbone. The proposed
routing scheme is able to support message delivery
to both buses and specific locations/areas.

• We develop a probabilistic model to analyze the
message delivery latency of our proposed solution
CBS. The average error of the analytically-derived
latency is shown to be 8.9% of the latency derived
from the real traces.

• We conduct extensive experiments on real bus traces
from the Beijing bus system (a large-scale dataset)
and the Dublin bus system (a small-scale dataset).
The experimental results show that CBS can signif-
icantly lower the delivery latency and increase the
delivery ratio, compared to the existing solutions.

The rest of this paper is organized as follows. Related
work is reviewed in Section 2. We analyze the real-world
traces of the bus system in Section 3. We apply community
detection techniques to build a community-based backbone
in Section 4, and propose a two-level routing scheme in
Section 5. In Section 6, we develop a probabilistic model to
analyze the delivery latency of the proposed solution. The
experimental results are presented in Section 7. Future work
is discussed in Section 8.

2 RELATED WORK

VANET is a mobile ad hoc network (MANET) and is es-
sentially a delay tolerant network (DTN). We first review
existing routing schemes in VANETs and then discuss rele-
vant work in MANETs and DTNs. The differences between
our solution and the existing solutions are summarized in
Table 1.

2.1 Routing Schemes in VANETs
Basically, there are two strategies in the design of routing
schemes in VANETs. One is to use real-time information
of vehicles such as geographical position, vehicle density
and moving direction. GSR [8] is a typical position based
greedy routing scheme in which a vehicle sends messages
to a neighboring vehicle that is closer to the destination than
itself. A similar idea was used in GPCR [9]. In addition
to the geographical position, traffic information are also
considered in existing routing schemes. For example, VADD
[11] proposes a stochastic model based on vehicular traffic
information which aims to minimize the message delivery
latency. TBD [12] utilizes traces of vehicles and the traffic
information (e.g., vehicle speed and vehicle density) to
improve the performance of data forwarding. The other s-
trategy is to utilize historical information including contacts
and traces of vehicles. MaxProp [13] builds a bus network
in the UMass Amherst campus and estimates the delivery
likelihood, i.e., the probability of contact between buses. The
testbed of MaxProp is composed of 30 buses only. BLER
[14] and R2R [15] study contact lengths between different
bus lines and compute a routing path from one bus line to
another such that the sum of contact lengths of the path is
maximized. ZOOM [16], considers the contact-level mobility
and the social-level mobility in the message delivery. A mes-
sage is relayed by the vehicle with the shortest contact delay
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TABLE 1: Differences between our solution and the existing solutions

Consider
message
delivery
in bus
systems

Use bus sys-
tem as rout-
ing backbone
of vehicular
networks

Use real
traces of
vehicles

Apply
community
detection
techniques of
social networks

Support mes-
sage delivery
to a mobile
vehicle

Support mes-
sage delivery
to a specific
area

Our Solution (CBS)
√ √ √ √ √ √

VANETs

GSR/GPCR [8] [9] × × × × × √
VADD/TBD [11] [12] × × × × × √
MaxProp [13]

√ × √ × √ ×
BLER/R2R [14] [15]

√ × √ × √ ×
ZOOM [16] × × √ √ √ ×
GeoMob [20] × × √ × × √

MANETs
GeoTORA [21] × × × × × √
GeoGrid [22] × × × × × √
SimBet [23] × × × √ × ×
BUSNet [24]

√ √ × × √ ×
DTNs

BUBBLE [25] × × × √ × ×
RCM [17]

√ × √ × √ ×
WiFi-enabled DTN [18]

√ √ × × × √
Ameba [26] × × √ × √ ×

to the destination of the message, or with a high centrality
in the social level. GeoMob [20] captures the traffic volumes
in different regions and uses the k-means clustering method
to construct clustered regions. The route is selected to pass
through the regions with high traffic volumes.

2.2 Routing Schemes in MANET and DTN
There are several routing schemes designed for MANETs.
GeoTORA [21] and Geogrid [22] have been proposed to
route messages to a specific location. Notice that the moving
speeds of nodes in MANETs are usually low. It is feasible to
update the network topology upon each of routing requests.
In contrast, vehicles move with high speeds in VANETs
and the network topologies change rapidly. Thus, GeoTORA
and Geogrid are not suitable for VANETs. SimBet [23] is a
social-based routing scheme in MANETs and employs the
similarity and betweenness centrality of nodes. Messages
are routed to the nodes with the maximum utility values of
similarity and betweenness. Then the packet is routed with-
in the community until the destination is reached. BUSNet
[24] builds a M-GRID mobility model in vehicular MANETs,
and compares its performance with the random-waypoint
model. However, it lacks a detailed routing scheme in [24].
In DTNs, RCM [17] assumes that nodes are with specific
cyclic motion and contact patterns, and uses the Markov
decision process to compute a route such that the expected
latency of the route is minimized. BUBBLE [25] investigates
social-based message forwarding based on human mobility
traces in a social DTN. It utilizes betweenness centrality
to identify communities of the social DTN. Messages are
routed to the nodes with higher betweenness centralities.
In WiFi-enabled DTNs [18], bus stops are utilized as relays
for message exchange among buses. It deploys wireless
communication units at the bus stops so as to provide bus-
stop communications. A framework called Ameba [26] was
proposed to maximize timely content delivery in DTNs.
Ameba assigns a larger hop encounter for the highly popu-
lar content so that more nodes act as intermediate carriers
of the popular content.

3 TRACE ANALYSIS OF REAL-WORLD BUS SYS-
TEM

In order to understand the characteristics of bus systems
in typical metropolitan areas, we collect the GPS traces of
2515 buses in Beijing during 1-31 March 2013. Each bus in
service submits a GPS report every 20 seconds. The GPS
report includes information of timestamp, bus ID, bus line
number, current location (i.e., “Latitude” and “Longitude”),
moving speed, moving direction, etc.

We first study geographic distribution of bus traces by
aggregating the GPS traces of the 2515 buses. In Figure
2, we plot four instantaneous geographic distributions of
bus traces at 7am, 12pm, 3pm and 8pm, respectively. The
aggregated bus traces cover an area of 1120 km2. We have
the following observations.

• The instantaneous geographic distribution of the bus
traces covers the whole city. The aggregated trace of
the 2515 buses indeed forms a backbone of the city,
which enables message delivery over the backbone.

• The aggregated trace is stable against the time. Be-
cause the bus routes are fixed, the backbones formed
by the aggregated traces at different time are more
or less the same. It implies that the design of routing
schemes is independent of the backbone.

Next, we study the connectivity and the distribution of
buses. We first investigate a single bus line No. 944 and plot
instantaneous geographic distribution of its bus traces in
Figure 3, where the position of a bus is indicated by an aster-
isk. We can see that the buses of line No. 944 are distributed
along its fixed route. Notice that the communication range
of vehicles is normally smaller than 1000m [27]. These buses
cannot form a fully connected route but several connected
components instead. Within a connected component, mes-
sages can be quickly delivered via multi-hop forwarding.
We investigate the size of the connected components (i.e.,
the number of buses in each connected component) which is
dependent on the communication range (i.e., 500m). Figure
4(a) and Figure 4(b) show reverse cumulative distribution



1536-1233 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TMC.2016.2613869, IEEE
Transactions on Mobile Computing

4

�� ��� �� � ��	 ��

Fig. 2: GPS traces of 2515 buses in Beijing. Each dot represents a GPS report of a bus.
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Fig. 3: GPS traces of buses of line No. 944. Each asterisk represents a GPS report of a bus of No. 944.

functions (CDF) of the size of the connected components
in bus line No. 944 and all the 2515 buses, respectively.
We can see that there are about 25% and 44% of connected
components that contains at least two buses in Figure 4(a)
and Figure 4(b), respectively. This important feature enables
the multi-hop forwarding of messages in these connected
components, which is exploited in the intra-community
level routing of CBS (Details are given in Section 5.2).
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Fig. 4: The reverse cumulative distribution functions.

From the above discussions, we can conclude that the
bus traces form a backbone and multi-hop forwarding is
feasible among the buses. Though the backbone can be
determined by aggregating the traces of all buses, there are
many challenges to be addressed so as to realize routing
over the backbone. For example, how to explore and utilize
the relation between the buses and thus build a structured
backbone? How to determine an efficient route on the back-
bone? In the following, we propose a Community-based Bus
System (CBS) to answer these questions. CBS is composed
of two components: a community-based backbone (Section
4) and a routing scheme over the backbone (Section 5).

4 COMMUNITY BASED BACKBONE CONSTRUCTION

The construction of the community-based backbone consists
of three steps. Firstly, we build a contact graph which shows
the closeness relation of bus lines. Secondly, we model

the bus system as a social network and apply community
detection techniques in the contact graph to compute a
community graph. Finally, a backbone graph can be derived by
mapping the community graph to the real map. The three
steps are detailed as follows.

4.1 Constructing Contact Graph
We assume that two buses could exchange a message (called
a contact) if the distance between their locations is within
a given communication range. In the Beijing bus system,
trace reports of buses are discretely generated and each bus
sends a GPS report every 20 seconds. Taking the time drift
into account, we treat two GPS reports that are generated
within 20 seconds as the simultaneously-generated reports.
We have the following definitions.

Definition 1 (Contact of Buses/Bus Lines). There is a
contact between two buses if the following two conditions
are satisfied. 1) There exist two trace reports which are
generated within 20 seconds by the two buses, respectively.
2) Their distance is not greater than the communication
range at the time when the two trace reports are generated.
A contact of two bus lines u and v occurs if there is a contact
between a bus of u and a bus of v

Definition 2 (Frequency of Contacts). Frequency of con-
tacts between two bus lines is defined as the number of
contacts between any two buses from these two bus lines,
respectively, in a unit of time.

Because all buses of the same line number follow the
same fixed route and service schedule, the contact relation is
essentially the relation between two bus lines, instead of two
individual buses. By analyzing the GPS reports of all buses,
we present the definition of the contact graph as follows.

Definition 3 (Contact Graph). A contact graph is defined by
a weighted graph Gct = (Vct, Ect), where each node v∈Vct

denotes a bus line representing all the buses of the same line
number. For u, v∈Vct, there is an edge euv∈Ect between bus
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lines u and v if there exists a contact between u and v. Each
edge euv is associated with a weight wuv = 1/fuv , where
fuv represents the frequency of contacts between u and v.

Fig. 5: Contact graph of 120 bus lines (i.e., 120 nodes).

Figure 5 shows an instance of the contact graph, which
is built by analyzing the one-hour GPS reports of all the
2515 buses in the Beijing bus system. The communication
range is set to be 500m. We can see that the contact graph is
connected which implies that the communication between
any two bus lines is feasible. In Figure 5, there are 120 bus
lines (i.e., nodes) with 516 contacts (i.e., edges). The network
diameter of the contact graph is 8 in terms of the number of
hops. Notice that the contact graph is a weighted graph. For
instance, the weight of the edge between bus lines No. 955
and No. 988 is 1/393, where 393 is the frequency of contacts
between the two bus lines in a unit of time (i.e., one hour in
Figure 5). The weights of edges are not specified in Figure 5
due to the large size of the graph.

With the contact graph, a route (e.g., the shortest path)
can be easily computed between any pair of nodes in the
graph. However, the contact graph is unstructured and the
relation among the nodes are not fully exploited. It has been
shown that the social relations of the nodes can be exploited
for more efficient routing in MANETs [23] and DTNs [25]. In
the next section, we study the social structure of the contact
graph to build a community graph.

4.2 Constructing Community Graph

In the contact graph, we notice that some bus lines (i.e.,
nodes) are strongly connected in terms of the frequency
of contacts (i.e., weight of edges) and some bus lines are
“active” in connecting more neighboring bus lines. In the
discipline of social networks, a community is a subset of
nodes with stronger connections among them than towards
other nodes [28]. Inspired by this concept, we apply com-
munity detection techniques in the contact graph to identify
potential communities of the bus lines. It is equivalent to
partitioning the contact graph into several communities,
each of which is a group of strongly connected bus lines.
We define the community graph as follows.

Definition 4 (Community Graph). A community graph
is derived from the contact graph Gct and is defined by
a weighted graph Gcm = (Vcm, Ecm), where each node

v∈Vcm denotes a community of bus lines. For u, v∈Vcm,
there is an edge euv∈Ecm between communities u and v
if there is an edge between two bus lines from u and v,
respectively, in Gct. Each edge euv is associated with a
weight which is the minimum weight of edges between
any two intermediate bus lines in communities u and v,
respectively.

In Definition 4, an intermediate bus line is the bus line
that belongs to a community, say u, and is connected to a bus
line in another community, say v, (u �= v). That is, different
communities are connected by the intermediate bus lines.

Two community detection algorithms are applied in the
contact graph to build the community graph. The first is
the pioneer and well-known Girvan-Newman algorithm
(GN for short), presented by Girvan and Newman [28].
The second is the Clauset-Newman-Moore algorithm (CNM
for short) which is the fastest approximation algorithm for
large-scale networks, presented by Clauset, Newman and
Moore [29]. Both algorithms use edge betweenness to measure
the influence of an edge. Specifically, edge betweenness of
an edge is defined as the number of shortest paths between
pairs of nodes that go through this edge in the graph. If
a graph contains communities that are loosely connected
by a few inter-community edges, then all shortest paths
between different communities must go through these inter-
community edges. Thus, an edge with a high betweenness is
a bridge-like connector between two communities, and the
removal of this edge may separate the communities from
one another.

For completeness, we describe the basic idea of the GN
algorithm [28] in the following. For the CNM algorithm,
readers may refer to [29] for details. The GN algorithm
first calculates the edge betweenness for all edges in the
graph. Each time, the edge with the highest betweenness is
removed and the betweenness of the remaining edges are
recalculated. The above process is repeated until all edges
are removed. The result of the GN algorithm is a reverse
tree structure of all nodes in the graph. To determine the
number of communities in the graph, Newman defined a
quality function called modularity [30] as follows.

Q =
1

2m

∑
vw

[Avw − kvkw
2m

]δ(cv, cw), (1)

where m is the number of edges in the graph and kv/kw
is the degree of vertex v/w. Vertices v and w belong to
communities cv and cw, respectively. δ-function δ(cv, cw) is
1 if cv = cw and 0 otherwise. Avw is 1 if vertices v and w are
connected and 0 otherwise.

Modularity Q measures the fraction of the within-
community edges (i.e., the edges that connect vertices which
belong to the same community) minus the expected value
of the same quantity in a randomized network. Q is equal to
0 if the number of within-community edges is no different
from what we expect for the randomized network. Value
of Q approaching 1 (i.e., the maximum value) indicates a
strong community structure of the network. In practice, a
value above 0.3 is a good indicator of significant community
structure of a network, and the typical value of Q is in the
range from 0.3 to 0.7 [30].
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We apply both the GN algorithm and the CNM algo-
rithm to the contact graph in Figure 5. We enumerate all
possible numbers of communities and compute a modulari-
ty value for each of them. We find that the modularity value
is maximized when the number of communities equals 6
in both the algorithms. The optimal modularity value of
the GN algorithm is Q = 0.576 while that of the CNM
algorithm is Q = 0.53. The comparison of the results is
given in Table 2, where each number in the second and
the third columns denotes the number of bus lines con-
tained in the corresponding community that is computed
by the algorithms. The fourth column “Common” indicates
the number of common bus lines in the same community
identified by the two algorithms. There are more than 93%
overlap between the communities computed by the two
algorithms, which implies that both the algorithms output
a similar community structure. Since the modularity value
of the GN algorithm is larger, we adopt the GN algorithm
in constructing the community graph which is shown in
Figure 6, where the 120 bus lines are grouped into 6 com-
munities in Figure 6(a) and an abbreviated graph is shown
in Figure 6(b). The community graph is a weighted graph.
For instance, the weight of the edge between community 3
and community 5 is 1/198 which is the minimum weight of
edges between any two intermediate bus lines in these two
communities, respectively.

TABLE 2: Number of bus lines in communities

GN CNM Common
Community 1 37 32 32
Community 2 24 25 24
Community 3 21 19 19
Community 4 18 18 17
Community 5 13 16 13
Community 6 7 10 7

4.3 Constructing Backbone Graph

Once the community graph is available, we can construct
the backbone graph by mapping the fixed routes of the
bus lines to the corresponding locations in the real map.
In this way, the bus lines, the communities and geographic
locations/areas are logically connected so as to support
geographic routing. In other words, given a geographic loca-
tion/area, the backbone graph can determine a community
containing a bus line whose service (e.g., route) covers this
location/area. The backbone graph is defined as follows.

Definition 5 (Backbone Graph). The backbone graph is
derived from the community graph by mapping the fixed
routes of the bus lines to the corresponding roads in the
map. The backbone is partitioned into communities and
different communities may overlap due to the overlapping
routes of the bus lines in these communities.

Figure 7 shows the backbone graph derived from the
community graph in Figure 6. The community-based back-
bone is partitioned into 6 communities in different colors.

Theorem 1. Time complexity of the community-based back-
bone construction is O(|Vct|2|Zmax|2 + |Ect|2|Vct|), where
Zmax is the maximum number of buses in a bus line and Vct/Ect

is the node/edge set of the contact graph.

(a) 120 bus lines are grouped into 6 communities
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(b) An abbreviated graph

Fig. 6: Community graph. Six communities are identified.

Fig. 7: Backbone graph. Six communities are in different
colors.

Proof. Construction of the community-based backbone in-
cludes computation of the contact graph, the community
graph and the backbone graph. For any two nodes in the
contact graph, it takes |Zmax|2 to determine the weight
of the edge between these two nodes. The time complex-
ity in computing the contact graph is upper-bounded by
O(|Vct|2|Zmax|2). To compute the community graph, we
calculate the betweenness for all |Ect| edges in the contact
graph of |Vct| nodes, which can be done in time O(|Ect||Vct|)
[28]. The above calculation is repeated after removal of an
edge. So, the entire process runs in time O(|Ect|2Vct). To
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construct the backbone graph, we map the routes of all bus
lines to the corresponding locations in the real map which
takes time O(|Vct|) in total.

Notice that the construction of the backbone graph is
a one-off operation and the graph can be preloaded at all
buses once it is computed. The backbone graph needs to be
updated only when there is a change of bus service (e.g.,
change of bus routes) which does not frequently occur in
practice.

5 ROUTING OVER THE BACKBONE

In this section, we propose a two-level routing scheme
which operates over the community-based backbone. The
routing scheme of CBS can support message delivery from
vehicles to buses (i.e., vehicle → bus case) and from vehicles
to specific locations/areas (i.e., vehicle → location case). In
this work, we focus on the vehicle → location case because
it inherently includes the vehicle → bus case.

The source vehicle could be any general vehicle, e.g.,
a taxi or a private car. Because the backbone covers the
whole city, we assume that a routing message can be easily
delivered from the source vehicle to one of its nearby buses
traveling in the backbone. Therefore, the routing actually
starts with a bus who first gets the routing message. For
simplicity, we assume that the source vehicle is a bus. We
assume that the community graph and the backbone graph
are preloaded at all buses. Each bus periodically broadcasts
HELLO messages so that it can be aware of neighboring
buses within the communication range. The routing scheme
of CBS operates in two levels, namely, the inter-community
level (i.e., macro view) and the intra-community level (i.e.,
micro view). The inter-community routing is to determine a
route from a source community to a destination community
in the community graph, while the intra-community routing
is to compute an efficient route within each community.

5.1 Inter-Community Routing

Given a source vehicle (e.g., bus) and a geographic desti-
nation, the inter-community routing of CBS performs in the
following three steps.

5.1.1 Identifying source and destination communities

The source and the destination are mapped to the cor-
responding communities in the backbone graph. For the
source bus, it is easy to find the community which contains
the corresponding bus line of the source. For the destina-
tion, it determines the community that includes the bus
line whose route covers the destination. Taking Figure 7
as an example, the source is a bus of line No. 942 and
the destination is located in the down-left corner of the
map. Combining the backbone graph in Figure 7 and the
community graph in Figure 6, we can determine that bus
line No. 942 belongs to community 5 and the route of bus
line No. 837 in community 2 goes through the destination.
We call community 5 the source community and community
2 the destination community. Notice that multiple destination
communities could be identified in this step.

5.1.2 Computing route between source and destination
communities
In the community graph (i.e., the weighted graph shown
in Figure 6(b)), the shortest paths are computed from the
source community to each of the destination communities.
Our routing scheme selects the destination community with
the smallest path length. For the example in Figure 7, the
shortest path is: community 5 → community 1 → com-
munity 2, which is called an inter-community route. If the
source and the destination belong to the same community,
the intra-community routing (presented in next subsection)
is invoked immediately.

5.1.3 Identifying intermediate bus lines of communities
According to Definition 4, different communities are con-
nected by the intermediate bus lines. For each community
in the route, we determine the intermediate bus line that
is connected to the downstream community in the route. If
there are more than one intermediate bus lines, it selects the
one with the smallest weight (i.e., the most stable connec-
tion) in connecting the downstream community.
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Fig. 8: Inter-community routing.

Figure 8 shows the inter-community route determined in
the inter-community routing. We can see that bus line No.
955 belongs to community 5 and it is the intermediate bus
line that connects bus line No. 988 in community 1.

5.2 Intra-Community Routing

Once an inter-community route is computed, the intra-
community routing is applied in each of the communities
in the route. The intra-community routing is to route the
message from a bus of the source bus line carrying the
message to the bus of the intermediate bus line within the
same community. In each of the communities, the interme-
diate bus line serves as the destination bus line in the intra-
community routing in that community. It is believed that
a larger frequency of contacts between bus lines implies a
more reliable communication relation and a higher delivery
ratio. Since the bus lines in the same community are strongly
connected with larger frequencies of contacts, it is better to
limit the message delivery within the community. The intra-
community routing is described as follows.

5.2.1 Computing intra-community route
Given a community, the source bus line and the destination
bus line (i.e., the intermediate bus line in this community),
we delete all the bus lines that do not belong to this commu-
nity and the corresponding edges in the contact graph. The
resulting graph is a subgraph of the contact graph induced
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by the bus lines in this community. Then, the shortest path
is computed from the source bus line to the destination bus
line in this subgraph. Figure 9 shows the intra-community
routing in the three communities which are calculated in
Figure 8. Taking community 5 as an example, the shortest
intra-community route is: No. 942 (the source bus line in
community 5) → No. 918K → No. 915 → No. 955 (the
destination bus line in community 5).

Notice that the shortest paths are computed (e.g., by
the Dijkstra’s Algorithm) in determining both the inter-
community route and the intra-community route. The time
complexity of routing is O(|Vct|2) where Vct is the node set
of the contact graph.

5.2.2 Exploiting multi-hop forwarding
According to the observation made in Figure 3, buses of the
same bus line usually form several connected components
in the route. It implies that multi-hop forwarding is feasible
in these connected components. Thus, a copy of the message
will be delivered to the buses of the same bus line whenever
the multi-hop forwarding is possible. This strategy can
significantly save the carrying time of buses and thus can
increase the delivery ratio. Since the number of on-the-
road buses under a single bus line is limited (e.g., a typical
number is 20 in the Beijing bus system), the overhead of
duplicated messages is acceptable.

Fig. 9: Intra-community routing.

After the intra-community routing is applied in the three
communities in Figure 9, the final route from the source
bus line (No. 942) to the destination bus line (No. 837) is
determined as follows: No. 942 (5) → No. 918K (5) → No.
915 (5) → No. 955 (5) → No. 988 (1) → No. 944 (1) → No.
958 (1) → No. 830 (2) → No. 836K (2) → No. 837 (2), where
each number in the parenthesis denotes the community that
the bus line belongs to. There are 9 hops in the route.

6 PROBABILISTIC MODELING AND DELIVERY LA-
TENCY ANALYSIS

In this section, we develop a probabilistic model to analyt-
ically derive the delivery latency of CBS. Notice that the
message delivery from the source to the destination is com-
posed of two interleaving processes: 1) message delivery
within a same bus line; and 2) message delivery between
two distinct bus lines. In the first process, we study two
states of the message, namely, the carry state (i.e., message
is being carried) and the forward state (the message is being
forwarded to neighboring buses of the same line). We model
these two states as a two-state Markov chain. In the second
process, we analyze the inter-contact duration of two bus lines
which is the duration between two consecutive contacts

of any buses from these two bus lines. We find that the
Gamma distribution is a good fit to capture this inter-contact
duration. Combining the analysis in the two processes, we
can derive the delivery latency of CBS.

6.1 Message Delivery within the Same Bus Line
For message delivery within a bus line, a bus carrying a
message forwards the message to the buses of the same
line whenever their distance is not greater than the com-
munication range. It implies that the message is either in
the carry state (c-state for short) or in the forward state (f-
state for short). These two states could be modeled by the
Markov chain [31] [32] with the transition probabilities Pc

and Pf shown in Figure 10. A transition from one state
to the other is dependent on the inter-bus distance which
is defined as the distance between two neighboring buses
with the same bus line. Specifically, a message is in the
c-state if the bus carrying this message cannot find any
forwarders (i.e., the neighboring buses of the same bus
line) within the communication range, and is in the f-state
otherwise. Let x denote the inter-bus distance. Let xc and
xf denote the inter-bus distances in the c-state and the f-
state, respectively. Let R denote the communication range
of buses. We know that xc > R and xf ≤ R. Clearly, x, xc

and xf are random variables. Let Fc(x) and Ff (x) denote
the cumulative distribution functions (CDF) of xc and xf ,
respectively. We have

E[xc] =

∫ +∞

−∞
x dFc(x), and (2)

E[xf ] =

∫ +∞

−∞
x dFf (x). (3)
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Fig. 10: The two-state Markov chain for modeling the mes-
sage delivery within a same bus line.

Previous work [31] [33] pointed out that the inter-vehicle
distance is supposed to follow an exponential distribution.
We conduct an empirical study to check if this assumption
is still valid in the bus systems. Specifically, we collect
real traces of 2180 buses and 1804 buses at 9am and 3pm,
respectively, on 4 Mar 2013. The histograms of the inter-bus
distances are presented in Figure 11. We use the exponential
distribution to fit the histograms and determine the pa-
rameters by the maximum likelihood estimation. However,
we find that the estimation cannot pass the Kolmogorov-
Smirnov (KS) test [34] with a significant level of 0.95. It
implies that the inter-bus distance is different from the inter-
vehicle distance studied in [31] and [33], and it does not
show a significant feature of the exponential distribution.
The reason may be that buses have relatively fixed routes



1536-1233 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TMC.2016.2613869, IEEE
Transactions on Mobile Computing

9

and regular schedules which result in different behaviors
from other vehicles (e.g., taxis and private cars). Though the
exact distribution of the inter-bus distances is unknown, the
expected value of xc can be estimated by

E[xc] =
∑
xi

P (xc = xi)× xi, (4)

where P (xc = xi) is the probability of xc = xi. Notice that
xc is actually x in the c-state. P (xc = xi) can be replaced
by a conditional probability P (x = xi|message is in c-state).
We have

E[xc] =
∑
xi

P (x = xi| message is in c-state)× xi

=
∑
xi

P (x = xi AND message is in c-state)
P (message is in c-state)

× xi

=

∑
xi>R P (x = xi)× xi∑

xi>R P (x = xi)
.

(5)

Values of xi and its corresponding probability P (x = xi)
can be calculated by real traces of buses. In a similar way,
the expected value of xf can be calculated as follows

E[xf ] =

∑
xi≤R P (x = xi)× xi∑

xi≤R P (x = xi)
. (6)
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Fig. 11: The histograms of inter-bus distances and the corre-
sponding exponential distributions.

Let πc and πf denote the stationary probabilities of the c-
state and the f-state, respectively, in Figure 10. According to
[35], we have{

πf + πc = 1

πf × (1− Pf ) = πc × (1− Pc).
(7)

By solving (7), we get⎧⎪⎪⎨
⎪⎪⎩

πf =
Pf

Pf + Pc

πc =
Pc

Pf + Pc
.

(8)

Notice that the state of the message could transit be-
tween the c-state and the f-state multiple times before the
message is delivered to a bus of the next hop bus line (i.e., a
different bus line). We define a round as the duration starting
from the time when a bus just receives a message and carries
the message (because it cannot find any neighboring buses
to forward), and up to the time when another bus of the
same bus line starts to carry the message. An illustrative
example of a round is given in Figure 12. We can see that
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Fig. 12: Message delivery within a same bus line. Buses A,
B and C are associated with a same bus line.

the process of the message delivery within a bus line can be
divided into multiple rounds. In each round, the message
is carried by only one bus and could be consecutively
forwarded by multiple buses. All these buses are associated
with the same bus line. At the end of the last round, the
message is delivered to a bus of another bus line (i.e., the
next hop bus line in the route). Let Bi denote the bus line
i, and LBi denote the message delivery latency within bus
line Bi. Let Lc

Bi
and Lf

Bi
denote the latency in the c-state

and the f-state, respectively, in a round. We have

LBi = (πf × Lf
Bi

+ πc × Lc
Bi
)×HBi , (9)

where HBi denotes the number of rounds that it takes
to delivery a message from one bus line to another. πc

and πf are given in equation (8) where Pc and Pf can be
approximated by

∑
xi>R P (x = xi) and

∑
xi≤R P (x = xi),

respectively. Lc
Bi

= E[xc]
V where V is the average speed of

bus line Bi which can be calculated by real traces of buses.
It has been pointed out that the latency in the f-state (in an
order of milliseconds) is much smaller than the latency in
the c-state [33] and thus Lf

Bi
is negligible in practice. HBi

can be estimated as follows

HBi =
disttotalBi

distunit
, (10)

where disttotalBi
represents the total distance that the message

travels with bus line Bi. Suppose that Bi−1 and Bi+1 are,
respectively, the upstream node and the downstream node
of Bi in the route computed by CBS. Clearly, the routes of
Bi−1 and Bi+1 must overlap the route of Bi. disttotalBi

is
determined by the part of route of Bi that connects the
two overlapped areas with regard to Bi−1 and Bi+1 (An
illustrative example and detailed explanation are given in
Section 6.3). distunit is a random variable which represents
the travelling distance with a bus line in one round. To
calculate distunit, according to Figure 12, we need to de-
termine how many hops, on average, that a message can
be forwarded consecutively within a round (i.e., how many
times that the message stays in the f-state). We let K denote
the number of times that a message stays in the f-state in
the two-state Markov chain in Figure 10. K is a geometric
random variable [31] with the failure probability of

Pf =
∑
xi≤R

P (x = xi). (11)

The average number of times that a message stays in the
f-state until the first success, i.e., transiting to the c-state, is
as follows (according to the geometric distribution)

K =
Pf

1− Pf
. (12)
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Thus, we have

E[distunit] = K × E[xc] + E[xf ]. (13)

Combining (5), (6), (11) and (12), we can calculate
E[distunit] and HBi in (10). Together with (8) and (10), the
message delivery latency within bus line Bi (i.e., LBi in (9))
can be calculated. We analyze the message delivery latency
between two bus lines in the next section.

6.2 Message Delivery between Two Bus Lines
In the routing scheme of CBS, a bus carrying a message
delivers a copy of the message to the neighboring buses
of the same bus line (including the ones moving in the
opposite direction). In this way, even this bus fails to deliver
the message to its next hop bus line, other buses with the
copies of the message can help and compensate in future.
Therefore, it is necessary to investigate the time duration
between two consecutive contacts of two bus lines. We have
the following definition.

Definition 6 (Inter-Contact Duration (ICD) of two bus
lines). Suppose that the routes of bus lines Bi and Bj

overlap. The ICD of Bi and Bj is defined as the time period
between two consecutive contacts of Bi and Bj .

Recent work [36] [37] have studied the ICD between
two vehicles. Different from prior researches, we perform
analysis on the ICD at the granularity of bus lines. Let I
denote the ICD of two bus lines. Clearly, I is a random
variable. We collect the ICD of two bus lines No.901 and
No.968 during one week of March in 2013. The distribution
of the ICD is plotted in Figure 13. We find that the Gamma
distribution is a good fit to this distribution. The probability
density function (PDF) of the Gamma distribution can be
expressed:

f(I;α, β) =
1

βα

1

τ(α)
I(α− 1)e−

I
β , I > 0, α, β > 0, (14)

where α is the different sharp parameter, β is the scale
parameter and τ(α) is the gamma function evaluated at
α [38]. To verify this conjecture, we estimate the two
parameters of the Gamma distribution by the maximum
likelihood estimation. We obtain α=1.127 and β=372.287.
The Kolmogorov-Smirnov (K-S) test shows that the sample
data set with bus lines No.901 and No.968 follows the
Gamma distribution with a significance level of 95 percent.
In the Gamma distribution, the expected value of ICD is
E[I]=αβ = 419.5s. We randomly check over 10% of pairs of
the bus lines and find that they all pass the K-S test. Thus,
we believe that the Gamma distribution fits a majority of
the bus line pairs. In this way, we can calculate the message
delivery latency between two bus lines.

6.3 An Illustrative Example
Suppose that the routing scheme of CBS computes a route
B1 → B2 → ... → Bn. Combined the analysis in the two
processes in Section 6.1 and Section 6.2, the total latency of
message delivery of this route is

n∑
i=1

LBi +
n−1∑
i=1

I(Bi, Bi+1), (15)
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Fig. 13: The histogram of ICD and the corresponding Gam-
ma distribution.

where the first item is the summation of latencies of all the
bus lines, and the second item is the summation of latencies
between two neighboring bus lines. In the following, we
give an illustrative example on how to calculate the delivery
latency.

We select a route No.940 (B1) → No.840 (B2) → No.998
(B3). That is, bus line No.940 is the source and No.998
is the destination. The routes of these three bus lines are
illustrated in Figure 14, where the routes in black, green,
and purple represent the routes of No.940, No.840, and
No.998, respectively. We can see that the route of No.840
(i.e., the bus line B2) overlap both the routes of No.940 (i.e.,
the source bus line B1) and No.998 (i.e., the destination
bus line B3). For each of the overlapped areas, we choose
the middle point as the location where a contact of two
bus lines is assumed to occur. We can calculate the total
distances that the message travels with bus lines B1, B2,
and B3 are disttotalB1

= 5660m, disttotalB2
= 8210m, and

disttotalB3
= 6780m, respectively.

� !�%

� ��%

� !!�

Fig. 14: Overlapped routes of bus lines No.940, No.840, and
No.998.

According to (4), (5), (11) and (12), we can cal-
culate E[xc]=908.333, E[xf ]=264.375, πc=Pc=0.73, and
πf=Pf=0.27, based on the real traces of the bus lines. Then,
we have

E[distunit] = K × E[xf ] + E[xc]

= (
0.27

1− 0.27
× 264 + 908) = 1005.6m.
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LB1 = πc × Lc
B1

×HB1 = 0.73× 908

8.05
× 5660

1005.6
= 463s

LB2 = πc × Lc
B2

×HB2 = 0.73× 908

8.18
× 8210

1005.6
= 661s

LB3 = πc × Lc
B3

×HB3 = 0.73× 908

7.78
× 6780

1005.6
= 574s

We use the Gamma distribution to fit the ICD of bus lines
No.940, No.840, and No.998. The expected values of ICD of
I(B1, B2) and I(B2, B3) are 254 seconds and 369 seconds,
respectively. Therefore, we have

3∑
i=1

LBi +
2∑

i=1

I(Bi, Bi+1)

= 463 + 661 + 574 + 254 + 369 = 38.68mins.

The real message delivery latency is 35.66 minutes which
is derived from the real-world bus traces dated 4 Mar 2013
by applying CBS. The error of our proposed model is only
8.47% in the case. More experimental results are presented
in Section 7.2.

7 EXPERIMENTS

7.1 Experimental Setup
We conduct extensive trace-driven simulations to study the
performance of CBS. In the simulations, CBS is compared
with two routing schemes in bus-based VANETs [14] [15]
and two routing schemes in general VANETs [16] [20]. The
routing schemes are briefly described as follows.

• BLER [14] and R2R [15]. BLER builds a graph in
which each node denotes a bus line and each edge
of two nodes indicates at least one contact between
these two nodes (i.e., bus lines). The weight of an
edge is the contact length which is the length of over-
lapping routes of the corresponding bus lines. The
routing path is computed in the graph such that the
sum of contact length of the route is maximized. R2R
uses a similar graph as BLER except that the weight
of an edge is the frequency of contacts between two
bus lines.

• GeoMob [20]. GeoMob discretizes the map as a tiling
of square cells with a size of 1km*1km and applies
the k-means clustering algorithm to these cells based
on travel distances. The map is divided into clus-
tered regions with different traffic volumes. For each
message, the source vehicle calculates a routing path
(i.e., a region sequence) which has the highest traffic
volumes leading to the destination. The message is
forwarded to the vehicles going to the next region
along the region sequence.

• ZOOM [16]. Each vehicle estimates its delay to the
destination vehicle based on historical contact infor-
mation. All vehicles are grouped into communities
by the Louvain algorithm [39] and ego-betweenness
is adopted to measure the centrality of the vehicles. A
vehicle, say u, delivers a message to a relay vehicle,
say v, if one of the following three rules is satisfied. 1)
v is the destination vehicle of the message. 2) v has a
shorter estimated delay to the destination vehicle. 3)
v has a larger ego-betweenness than u if both u and
v have no information about the destination vehicle.
The vehicles in ZOOM include taxis and buses and

the estimated delay of next contact between two
vehicles follows a specific probability distribution. In
Beijing bus system, we find that there are 59.98% of
bus pairs that contacted only once on 4 Mar 2013. The
estimated delay of next contact could be very large
(e.g., more than 24hrs) in a bus-only system without
other types of vehicles. Therefore, applying rule 2) in
a bus-only system might not be fair to ZOOM. In the
simulations, we adopt only rules 1) and 3) of ZOOM
and name this modified scheme ZOOM-like.

We consider the following metrics in evaluating the
performance of the routing schemes.

1) Delivery ratio. It is defined as the ratio of the number
of successfully-delivered messages to the total number of
messages during the operation of the bus system.

2) Delivery latency. It is defined as the time it takes to
deliver the message from the source to the destination. It is
applicable to only successfully-delivered messages.

We let the data rate be 1.2Mbps based on the follow-
ing practical factors. VANETs adopt IEEE 802.11p which
supports data rates from 6 to 27Mbps [40]. We consider a
conservative situation in which the lowest data rate 6Mbps
is adopted and five pairs of buses are sharing this data
rate. In this manner, a bus communicates with another bus
at a data rate of 1.2Mbps. We let the message size be up
to 6.75MB based on the following practical factors. The
typical communication range of vehicles is 500m [20]. The
speed of urban buses normally ranges from 10 to 40km/hr
[41]. For example, the average speed of Singapore buses is
20km/hr and that of London buses is 23km/hr [42]. We
consider a conservative situation in which two neighboring
buses move at 40km/hr in the opposite directions on the
street. Then these two buses are within the communication
range (i.e., 500m) of each other for 45 seconds. Therefore,
the message size can be up to 1.2Mbps× 45sec = 6.75MB.

We adopt the real-world traces of buses in the Beijing
bus system and the Dublin bus system. We build the graphs
needed by the five routing schemes (i.e., CBS, BLER, R2R,
GeoMob and ZOOM-like). Since CBS, BLER and R2R de-
pend on the relations of bus lines and the contact relations of
the bus lines are relatively stable, we use one-hour traces to
generate their graphs. For CBS, we build the contact graph,
the community graph and the backbone graph, respectively.
BLER and R2R build the contact graphs in a similar way
to CBS. The weight of each edge is set to be the contact
length and the frequency of the contact, respectively, in
BLER and R2R. ZOOM stems from mining the relations of
individual vehicles (e.g., taxis). Since our data sets include
only the traces of buses and daily traces of individual buses
normally are similar, we use one-day traces of the buses
to generate the graph of ZOOM-like in which 49 and 21
communities are identified in the Beijing and Dublin bus
systems, respectively. GeoMob divides maps of Beijing and
Dublin into 20 and 10 clustered regions, respectively (details
are given in the supplementary file). The routing path is
computed based on the traffic flows of buses.

7.2 Applying CBS to Beijing Bus System
We study three cases of routing requests: 1) short distance
case, 2) long distance case, and 3) hybrid case. The source
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(a) Short distance case
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(b) Long distance case
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(c) Hybrid case

Fig. 15: Delivery ratio vs. operation duration of bus system.
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Fig. 16: Delivery ratio vs. com-
munication range (hybrid case,
duration=12hrs).
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(a) Short distance case
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(b) Long distance case
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(c) Hybrid case

Fig. 17: Delivery latency vs. operation duration of bus system.
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Fig. 18: Delivery latency vs.
communication range (hy-
brid case, duration=12hrs).

and the destination are within a same community in the
short distance case while they are located in different com-
munities (i.e., the routing has to cross multiple communities)
in the long distance case. The hybrid case is the mixture of
both the short distance case and the long distance case. 6000
routing requests are generated in the first 6000 seconds of
the experiment, i.e., a new routing request is generated in
every second of the 6000 seconds. For each routing request,
the source vehicle (i.e., the source bus) is randomly selected
from the 2515 buses. In the short distance case, the destina-
tion location is randomly selected from the joint routes of
all the bus lines which belong to the same community of
the source bus. A bus whose route covers this destination
location acts as the destination bus. In the long distance
case, the destination bus is selected in a similar way but the
destination is located outside the community of the source
bus. The destination location could appear in any place of
the backbone in the hybrid case. The experiment lasts 12
hours, i.e., the operation of the bus system lasts 12 hours. A
message that can be delivered to the destination bus within
12 hours is counted as a successfully-delivered message in
calculation of the delivery ratio.

Figure 15 shows the delivery ratio versus the operation
duration of the bus system in the three cases. We can see that
CBS gives the highest delivery ratio among all the schemes
in the three cases. For instance, CBS successfully delivers
94% of messages within 4 hours, while the correspond-
ing delivery ratios of BLER, R2R, GeoMob and ZOOM-
like are 54%, 46%, 69% and 48%, respectively, in the short
distance case in Figure 15(a). Figure 16 shows the relation
between the delivery ratio and the communication range
in the hybrid case. We can see that the delivery ratio of
CBS retains stable at a high level, regardless of the change
of the communication range. For the other four schemes,
their delivery ratios improve as the communication range
increases. In particular, a significant increase is observed
when the communication range increases from 100m to

200m.
Figure 17 shows the delivery latency versus the opera-

tion duration of the bus system in the three cases. We can
see that CBS gives the shortest latency when the bus system
lasts over nine hours. Its delivery latency increases slightly
at the first four hours and remains stable thereafter. GeoMob
performs better than the other three schemes. The reasons
are given in the following. BLER/R2R simply computes
the routing path in the contact graph such that the sum
of weights (i.e., frequency of contacts in R2R) in the path
is maximized. This simple strategy may miss those crucial
links which bridge different groups (i.e., communities) of
bus lines. As a result, BLER/R2R may output the path
containing an unreliable link with a small weight, which
consequently increases its delivery latency. ZOOM utilizes
the relation of individual vehicles for routing. So the routing
efficiency of ZOOM is highly dependent on the number of
contacts of the vehicles. However, we find that a bus can
contact only 5% of all buses in the Beijing bus system. The
delivery latency of ZOOM-like is high with this limited
number of contacts. Figure 18 shows the delivery latency
versus the communication range in the hybrid case. It can
be seen that all the four schemes experience a decrease
as the communication range increases. Obviously, a large
communication range facilitates the contact of buses and
increases the probability of multi-hop forwarding. Once
again, CBS gives the shortest delivery latency among all
the schemes, which demonstrates the superiority of routing
over the backbone of the bus system.

We develop a probabilistic model to analyze the message
delivery latency of CBS in Section 6. To verify the proposed
model, we conduct experiments on the real traces of buses.
Each time, we randomly generate a route and calculate
its latency by the proposed model. Then, we compare this
latency with the one derived from the real traces. We vary
the number of hops (i.e., bus lines) in the route from 2 to 11
in the experiment. Figure 19 shows the comparison of the
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latency estimated by our proposed model and the latency
derived from the real traces. We can see that the proposed
model is a good fit to the message delivery latency of CBS.
The average error of our proposed model is 8.9%.
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Fig. 19: Comparison of the latency estimated by our pro-
posed model and the latency derived from the real traces.

7.3 Applying CBS to Dublin Bus System
We apply CBS to another city, Dublin, Ireland [43], where
there are 817 buses of 60 bus lines (compared to 21293 buses
of 989 bus lines in Beijing). Figure 20 shows the map of
Dublin and the one-day traces of buses on 1 Jan 2013.

��� ��� �� ������ ��� ����� �� ���� �� ������

Fig. 20: Bus system in Dublin.

Experiments are conducted on the traces mentioned
above. The contact graph is built first by analyzing the one-
day GPS reports (dated 1 Jan 2013) of all the 817 buses in
the Dublin bus system. The communication range is set
to be 500m. Figure 21 shows the resultant contact graph,
where there are 60 bus lines (i.e., nodes) with 274 contacts
(i.e., edges). Next, we apply both the GN algorithm and the
CNM algorithm to the contact graph in Figure 21 to compute
the community graph. The modularity value (Q=0.32) is
maximized when the number of communities equals 5.

Fig. 21: Contact graph of 60 bus lines (i.e., 60 nodes) in
Dublin.

The community graph of the Dublin bus system is shown
in Figure 22. Then, the backbone graph is derived from
the community graph in Figure 22. As shown in Figure
23, the community-based backbone is partitioned into 5
communities in different colors.
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(a) 60 bus lines are grouped into 5
communities
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(b) An abbreviated graph

Fig. 22: Community graph. Five communities are identified.

Fig. 23: Backbone graph of Dublin bus system. Five commu-
nities are in different colors.

Finally, we conduct trace-driven simulations to study the
performance of CBS in Dublin. The delivery ratios and the
delivery latencies are shown in Figure 24. Figure 24(a) shows
the delivery ratio versus the operation duration of the bus
system in the hybrid case where the source and the destina-
tion are randomly selected. CBS gives the highest delivery
ratios among all the schemes. For instance, CBS delivers 99%
messages within 2 hours, while the corresponding delivery
ratios of BLER, R2R, GeoMob and ZOOM-like are 75%, 80%,
64% and 68%, respectively. Figure 24(b) shows the delivery
latency versus the operation duration of the bus system.
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Fig. 24: Delivery ratio and delivery latency vs. operation
duration of bus system (Dublin bus system).
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In Figure 24(b), the latencies of CBS increase in the first
50 munities and remain stable thereafter. Specifically, the
delivery latencies of CBS are less than 15 minutes, while
the BLER, R2R, GeoMob and ZOOM-like are 29 minutes,
33 minutes, 24 minutes and 42 minutes, respectively. As the
size of Dublin is smaller than that of Beijing, all the delivery
latencies are relatively low in the Dublin bus system.

8 FUTURE WORK

CBS is applied in the bus systems to efficiently delivery
messages in the hours of service. During the time when bus
services are closed, buses may perform the following main-
tenance operations. 1) Buses check undelivered messages
and delete out-of-date and invalid ones (e.g., according to
the application requirements). The remaining messages will
be delivered on the next day. 2) Buses update the backbone
graph if the ratio of changed bus lines reaches a threshold
(e.g., 5%). Buses could exploit vehicle-to-vehicle messages
to dynamically update the backbone graph. It would not
cause much communication overhead because services of
bus lines are usually static (i.e., the update frequency is low).
We will study these problems in our future work.
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