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Trajectory Improves Data Delivery in Urban Vehicular Networks
Yanmin Zhu, Member, IEEE, Yuchen Wu, and Bo Li, Fellow, IEEE
Abstract—Efficient data delivery is of great importance, but highly challenging for vehicular networks because of frequent
network disruption, fast topological change and mobility uncertainty. The vehicular trajectory knowledge plays a key role in
data delivery. Existing algorithms have largely made predictions on the trajectory with coarse-grained patterns such as spatial
distribution or/and the inter-meeting time distribution, which has led to poor data delivery performance. In this paper, we mine
the extensive datasets of vehicular traces from two large cities in China, i.e., Shanghai and Shenzhen, through conditional
entropy analysis, we find that there exists strong spatiotemporal regularity with vehicle mobility. By extracting mobility patterns
from historical vehicular traces, we develop accurate trajectory predictions by using multiple order Markov chains. Based on
an analytical model, we theoretically derive packet delivery probability with predicted trajectories. We then propose routing
algorithms taking full advantage of predicted probabilistic vehicular trajectories. Finally, we carry out extensive simulations
based on three large datasets of real GPS vehicular traces, i.e., Shanghai taxi dataset, Shanghai bus dataset and Shenzhen
taxi dataset. The conclusive results demonstrate that our proposed routing algorithms can achieve significantly higher delivery
ratio at lower cost when compared with existing algorithms.
Index Terms—Vehicular networks, probabilistic trajectory, routing, prediction, Markov chain
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1

INTRODUCTION

A vehicular network is a network of vehicles which
communicate with each other via short-range wireless
communications [1]. Vehicles can therefore communication with each other either directly when there meet
each other or through multihop transmissions. Vehicles
can act as powerful sensors and form mobile sensor
networks [2, 3]. Vehicular networks have many appealing applications, such as driving safety [4], intelligent transport [5, 6], infrastructure monitoring [7, 8].
and urban monitoring [9].
Today 3G networks are getting more and more popular and ubiquitous access to 3G is possible. Moving
vehicles can also communicate with each other via 3G.
The 3G communication has advantage of ubiquitous
access and shorter delay. Compared with multihop
inter-vehicle communication, however, communication
via 3G has limitations. First, although 3G communication becomes more and more cheaper, the cost of 3G
communication is still high. In Shanghai, China, for
example, the rate of 3G data communication is around
1 USD for only 30 MByte. By contrast, ad hoc vehicular
communication is for free. Second, the bandwidth of
inter-vehicle communication, realized through DSRC or
802.11, can be higher than that of 3G. Finally, many
real-time applications, e.g., emergent message dissemination, are time critical and direct inter-vehicle communications may be more suitable.
Efficient inter-vehicle data delivery is of central importance to vehicular networks and such importance
has been recognized by many existing studies [10-16].
In this paper we focus on such vehicular networks that
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are sparse and do no assume that all vehicles on the
road are member nodes of the vehicular network. Such
sparse vehicular networks feature infrequent communication opportunities. Inter-vehicle data delivery may
introduce nonneligible delivery latency because of frequent topology disconnection of a vehicular network.
Thus, we should stress that the inter-vehicle communication in vehicular network are suitable for those applications which can tolerate certain delivery latency. For example, in the context of urban sensing, vehicles continuously collect useful information, such as road traffic
conditions and road closures. A vehicle may send a
query for a specific kind of information and the one
that has the information should respond the querying
node with the data. Such communication require multi-hop data delivery in vehicular networks. Other examples of such applications include peer-to-peer file
sharing, entertainment, advertisement, and file downloading.
There is a great deal of uncertainty associated with
vehicle mobility. Vehicles move at their own wills. It is
difficult, if not impossible, to gain the complete
knowledge about the vehicular trace of future movement, i.e., the position of the vehicle at a given point in
time. For routing in a vehicular network, a relay node
must decide how long a packet should be kept and
which node a given packet should be forwarded to.
Existing study [17, 18] shows that it is possible to find
an optimal routing path when the knowledge of future
node traces is available, which is NP-hard though.
However, it is impractical to have prior knowledge
about future traces of nodes.
The knowledge of future vehicular trajectories plays
a key role for optimal data delivery. Existing routing
algorithms heavily rely on prediction of vehicle mobility. However, they have adopted only simple mobility
patterns, such as the spatial distribution and inter-meeting time distribution, which support
coarse-grained predictions of vehicle movements. Some
algorithms [14, 19] assume random mobility in which
vehicles move randomly in an open space or a road
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network. This model is simple but far from the reality.
Some other algorithms assume simple mobility patterns
such as exponential inter-meeting times and regular
spatial distributions. As a result, prediction results
based on these simple patterns are of limited value to
efficient data delivery in vehicular networks. In addition, many of existing algorithms ignore the fact that
links in a vehicular network have unique characteristics
[16]. On the one hand, a link is typically short-lived.
This suggests that the capacity of the link is limited.
Thus, the order for forwarding packets becomes important. On the other hand, links in a densely populated area may interfere with each other. This indicates
that link scheduling becomes necessary.
To overcome the limitations of existing algorithms,
this paper proposes an approach to exploiting the hidden mobility regularity of vehicles to predict future
trajectories. By mining the extensive dataset of vehicular traces from more than 4,000 taxis in Shanghai, China,
we show that there is strong spatiotemporal regularity
with vehicle mobility. More specifically, our results
based on conditional entropy analysis demonstrate that
the future trajectory of a vehicle is greatly correlated
with its previous trajectory. Thus, we develop multiple
order Markov chains for predicting future trajectories
of vehicles. With the available future trajectories of vehicles, we propose an analytical model and theoretically derive the delivery probability of a packet.
Since the optimal routing problem with given vehicle
trajectories is still NP-hard, we develop an efficient
global algorithm for computing routing paths when
predicted trajectories are available. For more practical
situations, we develop a fully distributed algorithm
which needs only localized information. The two algorithms jointly consider packet scheduling and link
scheduling. We evaluate the algorithms with extensive
trace driven simulations, based on the trace dataset
collected in Shanghai and Shenzhen. The results
demonstrate that our algorithm considerably outperforms other algorithms in terms of delivery probability
and delivery efficiency.
The rest of the paper is organized as follows. In Section 2, we formally state the problem. In Section 3 we
reveal spatiotemporal regularity with vehicle mobility.
Section 4 presents the analytical model and a global
algorithm. Section 5 details the design of our distributed algorithm. We further discuss some design issues in
Section 6. Performance results are presented in Section
7. We discuss related work in Section 8. The paper is
concluded in Section 9.

2

SYSTEM MODEL AND PROBLEM STATEMENT

We have adopted a system of notations throughout the
paper. A table of notations have been summarized,
which can be found in the supplementary material.
2.1 System Model
The vehicular network is modeled as a set of nodes, ܰ.

When two nodes, ݅ and ݆, are in the communication
range (denoted by )ܦ, i.e., ݀ ൏ ܦ, there is a link between the two nodes and they can communicate with
each other while the link exists.
The position of node ݊ at time ߬ is denoted by
 ሺ߬ሻ. The time is slotted. Therefore, the trajectory of
node ݊ is a sequence of positions, denoted by
Tn  pn (0), pn (1),...pn (U ) .

(1)

The distance between two nodes,݅ and ݆, at time ߬ is
denoted by ݀ ሺ߬ሻ.
Links in the network are changing with the relative
positions of the nodes. The set of all possible links at
time ߬ is denoted by ܮሺ߬ሻ,
L(U )  {li , j | di , j (U ) b D; i, j  N } .
(2)
Links are assumed to have the same capacity in theoretical analysis.
The vehicular network tries to deliver a set of packets,
denoted by ߔ, and the packets are of equal size. A
packet has a source, ߜሺሻ, and a destination, ߰ሺሻ. A
packet is copied and forwarded from one node to another if there is a link between them. A packet group,
ߠሺሻ, is introduced to denote all the copies of packet 
in the network. The size of packet group, ȁߠሺሻȁ, increases when there is a new copy-forward process of
packet  in the network.
2.2 Problem Formulation
The main goal of data delivery is to move the packets
from their sources to respective destinations. The delivery performance objectives include delivery ratio,
delay and efficiency. In the following, we first analyze
the properties of individual packets, and then show the
objectives in a global view.
The delivery probability is the chance of a packet
successfully delivered from its source to its destination.
The delivery probability of packet , denoted byߩ ,
depends on the routing strategy, ߓ, and the trajectories
of nodes,
Sp  f` (E(p), Z(p), {Tn | n  N }) .
(3)
With given trajectories, ߩ can be calculated at the beginning and it does not change over time. But in the
real world where the future traces are uncertain, this
delivery probability can be considered as a random
variable.
The delay of a packet, denoted by ߪ , is defined as
the total transmission time spent for the network to
deliver the packet to its destination. Analysis of delay is
similar to that of delivery probability. The delay consists of two parts. One part is the time already spent,
and the other is time to spent,
Tp (U )  U ( ` (E(p), Z(p), {Tn }) .
(4)
When ߪ ሺ߬ሻ ൌ ߬, the delivery of the packet is complete.
The cost of the transmission of a packet, denoted by
߫ , is defined as the total number of times that a packet
is forwarded. A new copy is created when a packet is
forwarded. Thus, the total number of copies indicates
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the delivery cost. The cost is therefore defined as
7 p  R(p ) .

1

(5)

Thus, the problem is to find the optimal routing of the
packets through the vehicular network that meets (6).
Two other common objectives are minimization of
delay and minimization of total cost, which are given
respectively by
min  p ' [Tp ] , and min  p ' [7 p ].
(7)
The efficiency is defined as the ratio of total successfully delivered packets to the total cost, given by
A   p ' [Sp ]  p ' [7 p ] .
(8)
A high efficiency indicates that one algorithm achieves
high delivery ratio at a low cost.
2.3 Complexity Analysis
Without loss of generality, we take the objective of
maximizing the delivery ratio for example. Objective (6)
can be written as,
max  p ' [ f` (E(p), Z(p), {Tn | n  N })] .
(9)
Theorem 1: This routing problem with objective (9) when
the vehicular traces and the set of packets to transmit are
given is NP-hard.
The proof of this theorem can be found in the supplementary material of the paper.
In practice, the complete knowledge is hard to be obtained because the future knowledge of vehicular traces
is usually unavailable. Following this practical constraint, the trajectory of a node is divided into two parts:
the past and the future, denoted by

{Tn }  {Tn |U bt }  {Tn |U t } .

(10)

Let ߣ௧ ሺሻ to denote the current position of the packet.
The objective at time  ݐfor routing becomes
max  p ' [Sp ]
(11)
 max  p ' [ f` (Mt (p), Z(p),{Tn }, {Tn ' })].
The second part of the trajectory is different from the
first part. The first part has been fixed while the second
part is not fixed and unknown at the time of being.

3

SPATIOTEMPORAL REGULARITY ANALYSIS

In this section, we quantitatively reveal the spatiotemporal regularity with vehicle mobility. The quantitative
analysis is based on mining the large dataset of vehicular traces of more than 4,000 taxis in Shanghai, China,
which have a duration of more than two years. The
GPS trace of a taxi, equipped with a GPS receiver, was
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One of the common objectives of vehicular networks
is to maximize delivery ratio. The delivery ratio is defined as the proportion of successfully delivered packets to the total packets to be transmitted. The number of
total packets is often omitted in calculations because it
is fixed and not affected by routing strategies. Thus,
one objective can be given by
max  p ' [Sp ] .
(6)
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Figure 1: The CDFs of marginal entropy and conditional entropies
of a vehicle positional state. The grid size is 200 m×200 m, and the
number of vehicles is 500.

collected by the vehicle periodically sending its instant
position to a data collection center at an interval from
10 seconds to several minutes. The taxis operates in the
whole urban area of Shanghai, which covers an area of
over 120 square kilometers.
For simplification of discussion, the whole space is
divided into ܳ small grids., and is denoted by ܵ,
S  {s 0, s1,.., sQ 1 | si  s j  } .
(12)
where ܳ is the total number of grids. The time is slotted. The location of a vehicle at a given time is considered as a random variable which takes state values
from the grid space. Let ܵ denote the random variable
for vehicle ݅. We reveal the spatiotemporal regularity
by computing the marginal and the conditional entropies of ܵ given the previous  ܭstates.
For vehicle ݅, suppose we have observed its states for
 ܮtime slots. The state sequence of the vehicle can be
denoted by a vector ܶ ൌ൏ ݏ ǡ ݏଵ ǡ Ǥ Ǥ ǡ ݏିଵ , where ݏ א
ܵ,Ͳ  ݆  ܮ-1 is the positional state of vehicle ݅ at time
slot ݆. Suppose that ݏ appeares  times in the vector
of ܶ ǡ Ͳ  ݆  ܮ-1. Thus, the probability of vehicle ݅
taking state ݏ can be computed as  Ȁܮ. Then, the
marginal entropy of Si is
Q 1
1
.
H (Si )   j  0 (o j / L) q log2
(13)
oj / L
Next, we compute the conditional entropy of ܵ
given its immediately previous state ܵଵ which has the
same distribution with ܵ . The conditional entropy is,

H (S i | Si1 )  H (Si , Si1 )  H (Si ) .

(14)

To derive the conditional entropy, we have to derive
the entropy of the joint random variable ሺܵ ǡ ܵଵ ሻ By
using the state sequence ܶ , we derive a sequence of
2-tuples, ܶଵ ൌ൏ ሺݏ ǡ ݏଵ ሻǡ ሺݏଵ ǡ ݏଶ ሻǡ Ǥ Ǥ Ǥ ǡ ሺݏିଶ ǡ ݏିଵ ሻ  . By
counting the occurrences of ൫ݏିଵ ǡ ݏ ൯, denoted by ିଵǡ ,
we can get its probalibty. Thus, the joint entropy of the
two dimensional random variable of ሺܵ ǡ ܵଵ ሻ is,
Q 1 o
1
H (Si , Si1 )   j 1 j 1, j q log2
.
(15)
L 1
o j 1, j / (L  1)
By generalizing the previous computation, we can
compute the conditional entropy of Si given its immediately previous  ܭstates ܵଵ ǡ ܵଶ ǡ Ǥ Ǥ ǡ ܵ

H (S i | Si1, S i2,...S iK ) .

(16)
3
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In essence, by showing the marginal entropy we reveal spatial regularity, which characterizes the uncertainty of a vehicle residing a location in the space. By
showing the conditional entropy given the previous
states, we reveal the spatiotemporal regularity of vehicle mobility. This characterizes the uncertainty of a vehicle residing a specific location when its previous
states are given. This demonstrates the correlation of a
vehicle’s positional states over different times.
In Figure 1, the cumulative distribution functions
(CDFs) of the marginal and the conditional entropies
for  ܭൌ ͳǡ ʹǡ ͵ are shown. The conditional entropies are
significantly smaller than the marginal entropy. This
implies that the uncertainty of the positional state becomes smaller when the previous states are known. We
also find that when  ܭbecomes larger, the entropy
continues to decrease. This suggests that more previous
states help further reduce uncertainty. However, the
improvement quickly stalls as  ܭincreases. This gives
the guidance to the order selection for trajectory prediction using multiple order Markov chains.

4

4.1 Overview
The global metric of a packet changes after intermediate transfers over time. Consider that a packet, , is
forwarded from node ݅ to ݆ at time ݐ. After the forwarding, the increment in the global metric becomes
%2p,N .t  2p,N ,t ( j )  2p,N ,t (i ) .
(17)
%2p,N ,t ) .

(21)

Then, for a two hop delivery with the two-hop route of
൏ ߣሺሻǡ ݊ଵ ǡ ߰ሺሻ , the probability is
M ( p ),n1 , Z( p )

Sp

 FM( p ),n q Fn ,Z( p ) .
1

(22)

1

Thus, the probability for packet being delivered in two
hops is

Sp2  1  n N ,n vM( p ),Z( p ) (1  SpM( p ),n ,Z( p ) )

(23)

 1  n N ,n vM( p ),Z( p ) (1  FM( p ),n q Fn ,Z( p ) ).

Sp

M ( p ),n1 ,..,nh 1 , Z( p )

 FM( p ),n q

h 2



i 1

Fn ,n
i

i 1

q Fn

(18)

Since the sum of increments before time  ݐhas been
fixed, it can further be written as
max  p ' %2p,N ,t .
(19)
Item ߂߆ can be considered as the current metric for
packet .
At time ݐ, there may exist a number of links that may
inference with each other, and it is impossible for all the
links to be active simultaneously. The routing algorithm must schedule the links, i.e., choose a subset of
links from all possible links to maximize the sum of
current metrics. Thus, the objective becomes
max  p ', l L(t ) (%2p,N ,t q li, j ) .
(20)
The optimal routing performs two tasks, i.e., link
scheduling and packet scheduling. Before the routing
decision can be made, we have to obtain the metric increment of every packet over all possible transfers.
When all the increments are available, the optimal
routing chooses such a set of links and a set of packet
transfers that meet (20).
We should emphasize that even when all ߂߆ǡேǡ௧ are
available, finding the best links and packet transfers is
still an NP-hard problem. A brief proof is as follows.
This problem can be considered as a weighted maximum independent set problem that has been proved to

h 1 , Z ( p )

.

(24)

Then the set of all h-hop routes (denoted by ߌ) which
starts from ߣ and ends at ߰ is denoted by

9h (M, Z)  { M, n1,.., nh 1, Z | ni  N ; ni v M, Z}.

(25)

Thus, the h-hop delivery probability is calculated by

Sph  1  r 9h (M( p ),Z( p )) (1  Sp r ) .

And the original objective becomes
max  p ' ( U 0 %2p,N ,U

Sp1  FM( p ), Z( p ) .

The delivery probability of the packet with the h-hop
route ൏ ߣሺሻǡ ݊ଵ ǡ Ǥ Ǥ ǡ ݊ିଵ ǡ ߰ሺሻ  is

DESIGN OF GLOBAL ALGORITHM

t 1

be NP-hard. To solve this problem, a number of existing heuristic algorithms [20] can be used, in which
߂߆ǡேǡ௧ are considered as link weights.
As mentioned before, we take delivery probability
maximization as example. The delivery probability of
packet, ߩ , depends on the encounter probability of
every two nodes, denoted by ߝǡ ǡ ݅ǡ ݆ ܰ א. In the following we derive the relationship between metric increments and encounter probability.
The probability for the packet to be delivered in no
more than one hop is

(26)

Therefore, the total delivery probability is

Sp  1  0h H 1  Sph .

(27)

Constant  ܪacts as the hop limit.
The previous analysis indicates that encounter probability is the key to computing the overall delivery
probability of a packet. Since it is impossible to know
future movements of vehicles, the knowledge of encounter probability of each pair of vehicles is not immediately available.
Fortunately, we have observed that there is strong
spatiotemporal regularity with vehicle mobility. Based
on this observation, we propose the notion of mobility
patterns to characterize this regularity. With the mobility pattern, we are enabled to predict the trajectory of a
vehicle. With trajectories of vehicles, we can effectively
compute the encounter probability of two vehicles. Let
the mobility pattern of node n denoted by ܲܯ . We
develop the following mobility pattern for characterizing the spatiotemporal regularity of vehicle mobility.
For vehicle i, its mobility pattern is defined as,
ܯ ൌ ሺܪǡ ܨሻ where H is a vector of past positional states,
 ܪൌ൏ ܪ ǡ ܪଵ ǡ Ǥ Ǥ ǡ ܪିଵ ,  ܭ ͳ, and  ܨis the future positional state. The mobility pattern characterizes the
frequencies of  ܨfollowing  ܪin the vehicle’s traces by
computing the probability distribution of the
two-dimensional random variable ܯ . This can be
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Figure 3: An illustrating example with four nodes for explaining the
global algorithm. The links formed among node a, b, c should
compete for the media.

Figure 2: An illustrating example of calculation for encounter
probability and delivery probability.

achieved by analyzing the historical traces of the vehicle, as discussed in Section 3.
4.2 Prediction of Future Trajectories
Predicting the future trajectory of vehicle ݅ at time  ݐis
to compute the future trajectory, ܶ ȁఛவ௧ , given the trajectory before  ݐ, ܶ ȁఛழ௧ . A trajectory, ܶ , can be described by a sequence of positional states,
(28)
T  s 0, s 1, ¸¸, s U , ¸¸  .
Because of the uncertainty of vehicle mobility, there
may exist a number of possible future trajectories.
Definition 1. The set of all possible trajectories of node n is
defined as a trajectory bundle, denoted by ܶܤ , which can
be characterized by

TBn  D n (1), D n (2), ¸¸, D n (U ), ¸¸  .

(29)



where  ܦሺ߬ሻ is the probability distribution of spatial
states at future time ߬.

D n (U ) : Psn (U ) | s  S .

(30)

where ܲ௦ ሺ߬ሻ is the probability of the node n appearing
in state s at time ´.
To predict the trajectory of a vehicle, it is essentially
to calculate the trajectory bundle of the vehicle. For trajectory prediction, we develop multiple order Markov
chains for predictions. The key is to establish the matrix
of transition probabilities. The transition probabilities
are computed on an individual vehicle’s basis, since
different vehicle possesses different regularities.
For a vehicle, we can easily derive its transition matrix (denoted by X) from its mobility pattern. When we
are using a K-order Markov chain, an element, ݔ ܺ א,
represents the transition probability from ܪ to ܨ ,
where ܪ is a sequence of positional states, ܪ ൌ൏

 , and ܨ is a single state. Then,
݄ ǡ ݄ଵ ǡ Ǥ Ǥ ǡ ݄ିଵ
ݔ ൌ ܲݎሺܪ ǡ ܨ ሻ, where ܲݎሺήሻ is the probability distribution function of the mobility pattern of the vehicle.
By applying the K-order Markov chain, we can compute the trajectory bundle as follows. Given the current
trajectory of node n is ܶ ൌ൏ ିݏାଵ ǡ ିݏାଶ ǡ ǥ ǡ ݏ , the
initial distributions for ܶ are
£¦P n (U )  1
D n (U ) : ¦¤ snU
,(U b 0) .
(31)
¦¦Ps (U )  0, s v s U
¦¥
The distributions of spatial state at future times can be

iteratively calculated. For a single trajectory (denoted
by൏൏ ݏଵ ǡ Ǥ Ǥ ǡ ݏ ǡ  ݏ, its probability is
Pns ,..,s
1

K

,s

(U )  x s ,..,s
1

q i 1 Psn (U  K
K

K

,s

i

i) .

(32)

ܲ௦ ሺݐሻ

are derived from the previous distributions and
ݔழ௦భ ǡǤǤǡ௦಼ வǡ௦ is defined in the transition matrix.
Then,ܦ ሺ߬ሻ can be derived by

D n (U ) : Ps n (U )   all s  Ps ,s n (U ), U  0 .
i

i

(33)

4.3 Analysis of Delivery Probability
With the predicted trajectories, we are able to derive the
encounter probabilities which are required for computing the eventual delivery probabilities.
Given the trajectory bundles of node ݅ and ݆ ,
ܦ ሺ߬ሻand  ܦ ሺ߬ሻ are known. Let ߝǡ ሺ߬ሻ denote the encounter probability of the two nodes at time ´. It can
be calculated by
Fi, j (U )   s S Ps i (U ) q Ps j (U ) .

(34)

Then, the encounter probability, ߝǡ is given by

Fi, j  1  U t (1  Fi, j (U )) ,
T

(35)

where ܶ denotes the max prediction range of time.
If the overall objective is to minimize the delivery
delay, the estimated encounter time for the two nodes
can be derived by
T

T

U t

U t

Ii, j   U q Fi, j (U ) /  Fi . j (U ) .

(36)

Therefore, the estimated delay of a packet can be calculated through trajectories in a similar way with delivery
probability computation.
An example for calculating encounter probability and
delivery probability is shown in Figure 2. There are
three vehicles, a, b and c. Vehicle a encounters b while a
wants to deliver packet p to c. To simplify the example,
we consider only one predicted trajectory for each vehicle, which is shown as a line with an arrow along
roads. Thus, the encounter probability between a and c ,


ߝǡ , can be calculated by ߝǡ ൌ ܲ௦ଵ
ൈ ܲ௦ଵ
where s1 is
the overlapped grid between the trajectories of a and c

stands for the probability of a to appear in grid
and ܲ௦ଵ
s1. There are several overlapped girds between the trajectories of b and c. The encounter probability, ߝǡ , can
be calculated by ߝǡ ൌ ͳ െ ς௦אሼ௦ଶǡ௦ଷǡ௦ସǡ௦ହሽሺͳ െ ܲ௦ ൈ ܲ௦ ሻ .
5
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practical, distributed algorithm with which a vehicle
requires only limited and localized knowledge.

Figure 4: An illustrating example for explaining the distributed
algorithm at node n. The link between n and n’ may compete for
the media with the link between b and d.

If a copies packet p to b, b contributes to packet delivery
because it may encounter c as well. In this case, the delivery probability of packet p, when a and b forward it
independently, is ߩ ൌ ͳ െ ൫ͳ െ ߝǡ ൯൫ͳ െ ߝǡ ൯.
4.4 Algorithm Description
The global algorithm is described as follows. According
to Subsections 4.2, each vehicle which has a transition
matrix obtained from historical data can calculate its
future trajectory bundle using its current position. With
the trajectory bundles, the encounter probability of
every two vehicles is known from (34). Then, the delivery probability of each packet in the network through
each possible path can be calculated by (35) and (27).
With these probabilities, the global algorithm solves an
optimization problem to determine which the best next
hop for each packet is. The algorithm repeatedly
schedules the delivery until all the packets are delivered.
An illustrating example for explaining the global algorithm is given as follows. Suppose at a small area of
the vehicular network, there are only four vehicle, a, b, c
and d in each other’s communication range as shown in
Figure 3. Vehicle a has one packet p and vehicle b has
one packet q. Both a and b want to deliver their packets
to their destinations. The algorithm first calculates the
delivery probabilities of packet p of each possible next
hop (b, c, and d) and then finds that c is the best next
hop. In the same way, d is the best next hop for packet q.
Because the wireless links between a, c and b, d will
interfere each other, the algorithm selects the packet
with the largest delivery probability to be forwarded.

5

DESIGN OF DISTRIBUTED ALGORITHM

The global algorithm requires the complete knowledge
of all packets and vehicles. More specifically, for each
packet, the knowledge of its source and destination,
and the current position must be known. For each vehicle, the knowledge of its position and the mobility pattern must be known. These pieces of knowledge are not
available in a distributed setting. Thus, we design a

5.1 Overview
The distributed algorithm consists of two fundamental
building blocks. In the first block, the new objective for
each individual vehicle is designed, since it is impractical for individual vehicles to compute the global
objective. In the second block, we define the metadata
for vehicles to exchange with each other at meetings.
In the distributed setting, the knowledge of nodes
and packets is usually incomplete. Therefore, a global
optimization (19) is hard for it is impossible to compute
the global metric ߆ and the current metric ο߆
(defined in (11) and (17)). In this case, we have to
design a new metric based on which an individual
vehicle makes routing decisions. Let the incomplete set
of nodes and packets be denoted by ߔǯ and ܰǯ, respectively. Then, the new objective becomes
max  p ' ' %2p,N ',t .
(37)
ο߆ǡேᇲ ǡ௧ becomes the new metric of packet p at time t,
which is local and can be computed by individual vehicles for each packet. When making routing decisions, a
node maximizes the sum of local metrics of all the
packets it knows.
It would be better for a node to have more
knowledge about nodes and packets. Since it is difficult
for a node to have the complete knowledge, we design
a distributed protocol for the nodes to exchanging information when they meet each other. By this way, the
knowledge can be propagated throughout the network.
For exchanging information, we define metadata,
which include two parts of information. The first part is
about the mobility pattern and the most update position of each vehicle (time stamped). The second part is
about the packets that the node carries. Note that for a
relatively stable set of vehicles, the mobility pattern
reflects the regularity of a vehicle’s mobility. Thus, it is
relatively stable and therefore it is no need to update
the mobility patterns frequently.
5.2 Algorithm Description
As a distributed algorithm, each vehicle executes the
routing algorithm independently. For each vehicle, a
routine procedure is invoked each time it finds a new
communication neighbor. For neighbor discovery, it is
required that every vehicle periodically broadcasts hello messages so that other vehicles can discover it when
it enters their communication ranges.
In the following we describe the procedure, supposing that vehicle ݊ finds another vehicle, ݊ǯ, entering its
communication range. The Pseudo code description of
this procedure is shown in Figure 5.
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Procedure 1 (݊ǡ ݊ᇱ ǡ Ȧ ୬ ǡ ࣧ ǡ ࣧᇱ ǡ )ݐ
Variables
n: the node; ݊ᇱ : new neighbor; ࣧ ǡ ࣧᇱ : metadata;
Ȱ : packets of node n; Ȧ ୬ : neighbors of n;
ݐ: current time; ܰ: total nodes
1.
2.
3.
4.
5.

6.

Ȧ  ൌ Ȧ   ሼ݊ᇱ ሽ,
n exchanges metadata with ݊ᇱ :݊ ՚ ࣧᇱ , ݊Ԣ ՚ ࣧ
n calculates ߂ߔᇱ ൌ ߔ െ ߔᇱ from ࣧ ǡ ࣧᇱ
For every packet  א ȟȰᇱ , calculate metric ߂߆ǡேǡ௧ ሺ݊Ԣሻ ൌ
ߩ ሺ݊ᇱ ሻ െ ߩ ሺ݊ሻ
Sort all packets  א ȟߔ according to metric ߂߆ǡேǡ௧ ሺ݅ሻ for
all ݅  אȦ ୬ in the decreasing order
Transmit the packets in this order

Figure 5: Pseudo code of the procedure of the distributed algorithm, which is executed upon each contact with a vehicle.

First, node ݊ updates its neighbor set (߉ ). Then,
node n and ݊ǯ exchange their metadata. The metadata
of a node, ݅, denoted by ࣧ ǡinclude two metadata sets,
࣪ and ࣰ . Set ࣪ contains the metadata about the
packets that node ݅ carries, including identification
and source-destination pair. Set ࣰ contains the
metadata about the vehicles known to node ݅, including ID, most update position and mobility pattern.
Next, it recalculates the metrics for all the packets it
carries, and sort the packets respect to the new metrics
in the decreasing order. The packets will then be transferred in the sorted order. Note that if the node has already been transferring a packet, the transmission of
this packet is not interrupted. After its completion, the
packets shall be transmitted according to the new order.
By ordering the packets, we are essentially doing the
link scheduling in a distributed way. However, before a
packet transfer can be started, a vehicle has to follow
media access control to avoid potential collisions.
As packets are transferred between vehicles, the
packet set, ࣪ , is updated whenever the vehicle receives
a new packet from its neighbors.
An illustrating example for explaining the distributed
algorithm is shown in Figure 4. At first, the vehicles
exchange their short metadata with each other. With
these metadata and the metadata obtained from other
vehicles in the previous rounds, vehicle a and c calculate the delivery probabilities of p and q, respectively.
Then, they compete for the wireless media with each
other following a media access control protocol. The
winner sends the packet to the chosen next hop.
The distributed algorithm is efficient and its complexity is analyzed. The analysis can be found in the
online supplementary material.
5.3 Other Design Issues
For the design of the distributed algorithm, there are
some other issues, including use of historical data, division of grids, and privacy issue. Due to the page limit,
we leave the handling of these design issues in the
online supplementary material.

6

PERFORMANCE EVALUATION

In this section, we first present the methodology of

7

performance evaluation, describe the settings of simulations, introduce the compared algorithms and finally
present evaluation results.
6.1 Methodology and Settings
We evaluate our algorithms with the performance metric of delivery ratio, delay, cost and efficiency. These
metrics have been defined in Section 2. We compare
our algorithms with several other algorithms, which is
to be introduced shortly.
The simulations are conducted with the three datasets of real GPS vehicular traces. One dataset includes
the vehicular traces of more than 4,000 taxis collected in
Shanghai, the second dataset is the traces of more than
2,000 buses in Shanghai and the third dataset consists
of vehicular traces of more than 12,000 taxis collected in
Shenzhen. The Shanghai dataset covers a duration of
two years and the Shenzhen dataset a duration of one
month. The whole urban area of Shanghai is 133 kilometers in length and 69 kilometers in width, and that of
Shenzhen is about 27 kilometers in length and 97 kilometers in width.
The whole space is divided into grids, and the grid
size is three kilometers by default and will be varied in
the impact study of grid size. The communication range
is 300 meters. We consider link interfaces, and each
node can communicate with one neighbor at any time.
We randomly select a subset of 400 taxis or buses from
the complete trace for simulations.
For each packet, we randomly select its source and
destination. The packets are injected at different times.
Every packet has the same size and priority. The maximum hop and the maximum time-to-live (TTL) of each
packet is set to 20 and 2 hours, respectively. The number of packets is varied from 100 to 800 to study different loads of the network.
The order of Markov chains  ܭis set to two. From
conditional entropy analysis, we have already found
that a higher order beyond two gives little reduction in
uncertainty. To build the mobility pattern for each vehicle, its vehicular trace of the past 15 days is used.
Each data point is the average over five different runs
of trace-driven simulations.
6.2 Compared Algorithms
Flooding [21], also known as epidemic routing, is a
simple algorithm. Each node forwards all the packets it
carries to any node it meets. This algorithm provides an
upper bound on delivery ratio and a lower bound on
delivery delay. It introduces very high cost, which is
the major defect.
P-Random [18] is an opportunistic routing algorithm,
which randomly decides whether to forward a packet
to another node. In simulations, the probability is set to
0.4. This algorithm represents the algorithms without
predictions.
MobySpace [14] is a routing algorithm for delay tolerant networks. It obtains the probability of each node
residing in each possible location by analyzing the his7
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Figure 6: Delivery ratio vs.
amount of packets, with
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Figure 7: Average delay vs.
amount of packets, with
Shanghai taxi dataset.

torical trace data. It assumes that every node has the
full knowledge of such probabilities of all vehicles. It
then computes the contact probability of every two vehicles based on the probability distribution, and then
routing decisions can be made.
Max-Contribution [16] is a routing algorithm using a
simple mobility pattern that only considers the inter-meeting times of exponential distribution. This pattern makes prediction independent of the current location of a vehicle.
6.3 Comparative Results
We present performance results of our algorithms
compared against other algorithms. First, we show the
results using the Shanghai dataset of real taxi traces. To
characterize the mobility pattern, the vehicular trace of
the recent 15 days is used.
We vary the amount of packets and compare the six
algorithms in terms of delivery ratio, average delay and
total cost under different loads of network. For a given
setting of amount of packets, the same set of packets
and the set of nodes are used for all the six algorithms.
Since the delivery ratio is largely affected by the simulated time length, we use the metric of relative delivery ratio instead of bare delivery ratio, which is the delivery ratio of each algorithm normalized by that of
Flooding. In Figure 6, the performance of the six algorithms in terms of relative delivery ratio is shown. We
can see that our algorithms perform better than
P-Random, MobySpace and Max-contribution. Among
the six algorithms, Flooding performs the best, as expected. In general, the algorithms that use predictions
produce better delivery ratios than the algorithms that
make no predictions. Our algorithms are better than
MobySpace and Max-Contribution because our algorithms use not only the historical traces information but
also the current state and the previous states. Predicted
trajectories of vehicles help to find better routing paths.
The global algorithm is better than the distributed one
since it has the global, complete network information.
We can also find that when the amount of packets increases, the overall delivery ratios of all algorithms decrease. The reason is that the overall capacity of the
network is limited. By injecting more packets, the packets may compete for network resources and as a result,
fewer packets can be delivered in the end.
In Figure 7, average delay against amount of packets
is plotted. Our algorithms have a lower delay than
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Figure 9: Efficiency vs. amount
of packets, with Shanghai taxi
dataset

P-Random, MobySpace and Max-Contribution. As expected, Flooding has the smallest delay. The average
delays of our algorithms are slightly larger than that of
flooding. This performance gain of our algorithms is
mainly due to the fact that routing paths with high delivery probabilities usually lead to shorter delays. Since
our algorithms can select routing paths of high delivery
probabilities, the resultant delay is low.
Figure 8 shows the costs of the six algorithms. We
can find that our algorithms have lower costs, better
than all the other algorithms. The main reason is that by
effectively predicting the trajectories of vehicles, we
only consider the paths that lead to eventual delivery
with high probability. Therefore, unnecessary packet
transfers are greatly reduced.
In Figure 9, we compare the efficiencies of the six algorithms. We can see that our algorithms have higher
efficiency, better than all the other algorithms. Flooding
and P-Random have a similar efficiency and are much
worse than the rest four. This is due to the blindness of
Flooding and P-Random when they are making transfer
decisions. Max-Contribution and MobySpace have
larger efficiency than Flooding and P-random, but have
lower efficiency than our algorithms, since
Max-Contribution and MobySpace merely uses a simple mobility pattern of inter-meeting time.
6.4 Effect of Trace Datasets
To validate the performance of the proposed algorithms, we also show the performance results with the
Shanghai bus dataset and Shenzhen taxi dataset. It
should be noted that the whole area of Shenzhen is only
one third of that of Shanghai. Thus, the Shenzhen dataset provides a better network connectivity than the
Shanghai taxi dataset does. The Shanghai bus dataset
has the best network connectivity because buses tend to
run on the same routes and the buses are more densely
distributed along the routes.
In Figure 10 and Figure 14, the performance of relative delivery ratio for the six algorithms is shown. We
can see the similar trend as shown in Figure 6 that the
proposed global algorithm outperforms the distributed
algorithm and that both of the algorithms achieve better delivery ratio performance than the rest four other
algorithms. On average, the distributed algorithm
achieves several times larger delivery ratio than P-Random and is about 75% of the delivery ratio achieved by
the Flooding. However, we also find that the impacts of
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packet amount in Shanghai bus dataset and Shenzhen
taxi dataset are not as large as in Shanghai taxi dataset.
This is because the better network connectivity in both
Shanghai bus dataset and Shenzhen taxi dataset leads
to a higher network capacity.
The performance of average delay for the six algorithms is shown in Figure 11 and Figure 15. We can see
that the result is consistent with that in Shanghai taxi
dataset. The proposed algorithms produce an average
delay that is close to the delay of Flooding. The average
delay of P-Random is much larger than the rest of algorithms. We can see the average delay for all algorithms
increase slightly as the packet amount increases, since
the delivery capability is limited.
In Figure 12 and Figure 16, the total cost for the six
algorithms is shown. It is shown that the proposed algorithms introduce much lower cost than Epidemic,
P-Random, MobySpace and Max-Con. In addition, as
the packet amount increases, the costs of the proposed
global and distributed algorithm increase with a lower
rate than the rest algorithms.
In Figure 13 and Figure 17, we compare the efficiency
performance of the six algorithms. The global algorithm
achieves the highest efficiency and the distributed algorithm is the second best among all the algorithms.
In summary, the performance results using the
Shanghai Bus and Shenzhen Taxi dataset are consistent
with those using the Shanghai Taxi dataset. This confirms that the proposed algorithms can still achieve
good performance for different types of vehicles and
for different densities of vehicles.
Note that taxis and buses cannot represent all types
of vehicles. Mobility patterns of taxis may be different
from those of other type of vehicles. We do not have
access to traces of private vehicles. Thus, we are not
able to show the performance of our algorithm when
traces of private cars are used. However, our algorithm
should work well if there exist mobility patterns for
private cars.
6.5 Additional Evaluation Results
It is clear that other important system parameters including grid size and length of historical trace make
impact on the performance of our algorithms. We have
also performed additional simulations to study such
impact of the two system parameters. The evaluation
results can be found in the online supplementary mate-
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RELATED WORK

We classify existing routing algorithms for vehicular
networks into two categories.
For first class of routing algorithms, there is no need
to make estimation or prediction on vehicular traces.
They take advantage of navigation systems, in which
vehicular traces are priori known before they begin to
travel [10]. This model and assumption work well in
traditional Delay Tolerant Networks, such as interplanetary networks or satellite networks. The nodes in such
networks have simple and stable mobility patterns.
These algorithms can only be applicable to those vehicular networks, in which drivers must tell the navigation
system the destinations before their journeys and must
follow the lead of the system [12].
Some work assumes partial knowledge about the vehicular traces. In TBD [22], a routing problem is considered to deliver a packet from a mobile vehicle to a
static AP. The movement path of a vehicle from the
source to the destination is known by itself through a
navigation system. It then proposes a link model for
computing the expected delay of a road segment, based
on which the end to end delay can be computed.
The second class of routing algorithms makes estimations about routing metrics, since there is no further
information about node future traces. Delegate Forwarding [23] demonstrates that forwarding with a metric of good quality can reduce network cost. This is
done by the strategy of only forwarding packets to
those nodes which lead the packet to the highest quality. RAPID [13] treats the routing of DTNs as a resource
allocation problem and proposes a routing protocol to
maximize the performance of a specific routing metric.
The algorithms mentioned above care about calculation
of metrics by estimating delay or inter-meeting time
based on the simple model of exponential inter-meeting
times. Max-Contribution [16] considers the joint optimization of link scheduling and packet forwarding. It
illustrates that this optimization is better than former
algorithms. MobySpace [14] characterizes mobility patterns with appearance frequencies of nodes over a
space. The algorithm indicates that nodes with the similar frequencies of appearances have more opportunities to connect. This brings benefits to routing in DTNs.
9
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CONCLUSION

In this paper, we demonstrate the strong spatiotemporal regularity with vehicle mobility by entropy analysis with the extensive datasets of real taxi and bus
traces. By developing multiple order Markov chains,
we predict vehicle trajectories. Based on the analytical
model, we derive delivery probability with the predicted probabilistic trajectories. The proposed algorithms take full advantage of predicted probabilistic
vehicle trajectories. Extensive simulations based on the
large datasets of real vehicular GPS traces. Performance
results verify that our algorithm outperforms other algorithms. This demonstrates that predicted trajectories
do help data delivery in vehicular networks.
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