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Abstract. Taxis as a kind of public transit have been taken by citizens
thousands of times every day in urban areas. However, it is economically
inefficient for vacant taxis to randomly cruise around to seek for pas-
sengers. In this paper, we propose a dynamic taxi dispatch system for
smart city which dispatches routes with high probability to encounter
passengers for vacant taxis. In the system, a dynamic probabilistic model
has been established, which considers the impact of time on passenger
appearance and the effect of different vacant taxis traveling route on
each other’s pick-up probability. Specifically, a novel feedback system
has been introduced in the system, which utilizes the information about
where taxis pick up passengers to amend system probabilistic model.
Moreover, extensive trace-driven simulations based on real digital map
of Shanghai and historical data of over 2,000 taxis demonstrate the good
performance of our system.

Keywords: taxi dispatch system, passenger probabilistic model, hot
spot, feedback mechanism.

1 Introduction

As an important part of public transit, taking taxis are very popular among
citizens’ choices of traveling in the urban area. For example, according to an
investigation in New York City [1], 41% respondents take a taxi every week and
25% of them take a taxi every day. Due to the huge demand of citizens, large
amount of taxis are deployed in most metropolises such as Shanghai. Generally,
in order to pick up passengers, drivers of vacant taxis often drive their vehicles
along random routes or special routes based on their personal experience, which,
however, due to the lack of passenger information, often ends up with not en-
countering any passengers. Thus, taxi drivers acquire decline of income because
of the waste of time and energy in cruise. Moreover, the invalid cruise of vacant
taxis also contributes to traffic jams in cities.

To help vacant taxi pick up passengers more efficiently and smart, however, is
a challenging problem. First, it is difficult to gain the distribution of passengers
since passengers can appear at any place and any time in the city. Second, despite
knowing possible time and place where passengers may appear, designing a cruise
route for a vacant taxi is still not trivial, which somehow can be reduced to a
traveling salesman problem [2]. Third, since the number of passengers is limited,
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different vacant taxies traveling on road can impact each other. For example, a
vacant taxi heading for a place where passengers may appear will fail to meet
passengers if another vacant taxi has arrived there earlier and pick up the only
one passenger. Recently, some taxi schedule systems have been proposed to help
vacant taxis pick up passengers more efficiently. Y. Ge et al. [2] introduced an
algorithm for taxi dispatching called LCP, which however ignored neither the
dynamics of passenger appearance nor the impact among different vacant taxis.
An adaptive taxi dispatching system was proposed by K. Yamamoto [3], which
simply takes passenger appearance for a fixed model.

In this paper, a novel taxi dispatch system is proposed to help vacant taxis
pick up passengers more efficiently. Generally, the taxi dispatch scheme consists
of two technical components. First, a dynamic model of passenger appearance
is established in order to predict the appearance of passengers across the whole
area. By clustering passenger appearance records from historical data into sev-
eral clusters, places where passengers appear with high probability-hot spots-
are found, around which the appearance of passengers within a short time is
discovered to obey Poisson Process. In this way, the system can predict where
and when passengers appear precisely. Second, an adaptive dispatch algorithm
with feedback mechanism is proposed, which considers the impact among differ-
ent taxis when designing routes for vacant taxis and introduces methods with
pruning to search best routes for vacant taxis so that computing complexity de-
clines. In order to enhance the accuracy of the system, a feedback mechanism is
introduced, in which taxis report where they succeed to pick up passengers. The
system is evaluated through extensive trace-driven simulation and results show
that it can achieve performance.

– Discover that the appearance of passengers in a region within a short time
obeys Poisson Process by analyzing massive historical records. This phe-
nomenon is key to the system to establish an accurate model of passengers
and predict the pick-up probability of vacant taxis precisely.

– Propose an online taxi dispatch system, which considers impact among dif-
ferent taxis while designing routes for vacant taxis and introduces a feedback
mechanism to improve the accuracy of pick-up probability predicted by the
system.

– Give a good method of pruning to reduce the computing complexity faced
when designing routes for vacant taxis. In this way, our system can handle
large scale vacant taxis in urban area, especially in metropolises.

The remainder of the paper is organized as follows. In Section 2, the related work
in the literature is introduced. In Section 3, we present the problem definition
and the system model. The design detail of our system is presented in Section 4.
Section 5 describes the evaluation on the system and gives the result. We finally
give a conclusion of our work in Section 6.
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2 Related Work

As the GPS facilities is common in taxis, taxis dispatching system is attractive
nowadays. D. Lee et al. [4] designed a taxi dispatch system based on current de-
mands and traffic conditions, which, however, aims at reducing the waiting time
of passengers but not consider much of taxi drivers’ profit. S. Phithakkitnukoon
et al. [5] proposed a method to predict vacant taxis on road, which, like [4], also
only services passengers. The work in [2], [7], [8] and [9] all proposed taxi dis-
patch systems for taxi drivers so that they could pick up passengers more quickly
and efficiently. But, they all missed the dynamics of passenger appearance and
the impact among different taxis. J. Yuan et al. [6] introduced a taxi system
which considered passenger appearance a dynamic process but ignored the im-
pact among different taxis. An adaptive taxi dispatch system was proposed in
[3], which also simplify the appearance of passengers as a fixed model.

Different from those systems, in our system, each design of routes for vacant
taxis to pick up passengers is based on a dynamic model of passenger appear-
ance and the impact of different taxis. Furthermore, a feedback mechanism is
introduced in our system so that the system can be more accurate and adaptive.

3 System Model

Recommend route

Recommend route

Recommend route

Fig. 1. System model

In this section, the model of our system and the problem solved by the system
is presented. Generally, our system can be divided into two parts: a client inte-
grated in taxis and an online dispatch server. In order to simplify the problem,
it is assumed that all vacant taxis on road obey dispatching of the system. As
shown in Fig. 1, when a taxi is vacant, it sends a request including its location
information to the dispatch server. Then the server designs a route for the taxi
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according to historical data and routes designed for other vacant taxis, and sends
it to the taxi. After that, the taxi will drive along the route until it encounters
passengers. If the taxi fails to encounter any passengers until it drives to the end,
it will send dispatch request to the server again, which however seldom happens
in our system.

3.1 Metrics and Problem Formulation

In order to describe the problem clearly, some definitions are firstly given as
follows.

Definition 1. Route. A route is a limited sequence of consecutive roads.

Definition 2. Hot spots. Hot spots are special roads where passengers are
more likely to appear than on other roads.

The pick-up probability can be easily conceived of as the metric, which how-
ever is not always in accordance with the taxi drivers’ profit. It is because what
taxi drivers want is to pick up passengers while drives as short as possible. But
high pick-up probability sometimes means long traveling distance. Since pick-up
probability is not suit as metric in our system, we introduce the expected trav-
eling distance as the metric, which represents the expected traveling distance
before a vacant taxi can come across passengers.

Generally, there are several hot spots in urban area. An idea way to dispatch
a vacant taxi is to design a route traveling all the hot spots with the lowest
expected traveling distance, which however is very difficult. According to [2],
even if passenger appearance is assumed to be with fixed probability, the problem
can be reduced to a traveling salesman problem. It is more complex if a dynamic
passenger appearance model is applied in the system since dynamic model is
more complex than the fixed one.

In order to reduce the computing complexity of the problem, a traveling dis-
tance limit σ is set for designing routes in the system. Therefore, the problem
becomes how to design a route through several hot spots with a limited distance
for a vacant taxi so that the taxi has the lowest expected traveling distance when
traveling along the route.

3.2 Passenger Appearance Model

From historical data, it is discovered that passenger appearance in a region
spot within a short time obeys Poisson Process. Fig. 2(a) shows an example
of passenger appearance number per minute in Xujiahui area, Shanghai from
14:00 to 17:00 every day during the period from 2007/02/20 to 2007/02/25. It
is obvious that the curve in the figure is almost the same as the curve of Poisson
distribution, which indicates passenger appearance obeys Poisson Process.

Pr[N(ts − tr) = k] =
[λ(ts − tr)]

k

k!
e−λ(ts−tr). (1)
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Since passenger appearance around a hot spot within a short time obeys Poisson
Process, it can be presented by Eq. (1), where ts is the start time, tr is the end
time, k is the number of passengers appeared during the period and λ is the
eigenvalue of Poisson Process. It should be noted that in the equation,
”one passenger” represents a group of passengers taking the same
taxi. For the ith vacant taxi arriving at a hot spot, let

– ti denote the arriving time and t0 denote the start time of Poisson
Process;

– Ai represent that the ith taxi succeeds to pick up a passenger;
– Pr(Ai) denote the probability of picking up a passenger around the

hot spot for the taxi.

Though the model of passenger appearance is known, it is still difficult to predict
the pick-up probability i.e. Pr(Ai). In order to simplify the problem, a function
of two variables is introduced:

F (i, k) =

k+1∑

j=0

F (i − 1, j)Pr[N(ti − ti−1) = k − j + 1]. (2)

F (i, k) denotes the probability that there are k passengers left around a hot spot
after the ith arriving taxi leaves, which means there are k+1 passengers around
the hot spot before the ith taxi arrives as Eq. (2) presents. It is obvious that
Eq. (2) can be calculated iteration and the boundary iteration can be calculated
intuitively. With Eq. (2), Pr(Ai) can be easily calculated:

Pr(Ai) =1− Pr(Ai)

=1− F (i− 1, 0)Pr[N(ti − ti−1) = 0].
(3)

It should be noted that there is some difference on the boundary such as i = 1
or k = 0. But all these boundary situations can be derivate intuitively, and we
do not present the details here due to room limit.

Considering the pick-up probability of the ith arriving taxi under the condition
that the (i−1)th taxi does not pick up any passengers i.e. Pr(Ai|Ai−1). Since the
(i−1)th taxi fails to pick up any passengers, no passengers are left after the (i−
1)th taxi leaves i.e. F (i−1, 0) = 1. Moreover, according to the features of Poisson
Process, the event of passenger appearance from ti−1 to ti is independent from
that during other nonoverlapping period. Therefore, the conditional probability
is:

Pr(Ai|Ai−1) = 1− Pr[N(ti − ti−1) = 0], (4)

which can be used to update the passenger model in the system with feedbacks
from taxis.

4 Design Details

In this section, the details of our taxi dispatch system will be exhibited. First,
the contents about how the system finds hot spots and estimate eigenvalue of



A Novel Taxi Dispatch System for Smart City 331

0 5 10 15 20
0

0.04

0.08

0.12

0.16

0.2

passenger number per minute

pe
rc

en
ta

ge

(a) Passenger number per minute

0 5 10 15 20
0

20

40

60

80

100

120

140

160

180

time(Hour)

pa
ss

en
ge

r n
um

be
r

(b) Passenger number per 0.5h

Fig. 2. The feature of passenger appearance

Poisson Process at each hot spot according to historical records are presented;
second, the dispatch algorithm i.e. how the system assign a route for each vacant
taxi is shown; finally, the state buffer and feedback algorithm is demonstrated.

4.1 Analysing Historical Records

As defined in Definition 2, hot spot are special roads where passengers are more
likely to appear. An intuitive thought is that there must be more passengers
appearing around hot spots than in other places in historical records. Therefore,
the system can divide historical passenger records into several clusters according
to their clustering property in geographical location. Then, the geographical
center of each hot spot can be treated as a hot spot. In our system, the K-
means algorithm [11] is applied to cluster historical passenger records. Since the
cluster number should be set before applying K-means algorithm, the system
must choose a suitable cluster number for a region through test.

For each hot spot, the eigenvalue of Poisson Process should be ascertained
in order to build passenger appearance model around it as presented in Eq.
(1). However, the eigenvalue at a hot spot varies with time. Fig. 2(b) illustrates
average passenger number per half hour across a day with one-month statistics
retrieved from historical records in Xujiahui area, Shanghai. From the figure,
it can be seen that passenger number varies much across a day due to most
people’s daily routine. However, the number does not change much during a short
period like an hour, which gives the system a way to ascertain the eigenvalue
during a short period without much deviation. In the system, a sliding window
of which the length is set to be one hour is set to estimate the eigenvalue of
a hot spot. For example, when the system needs to know the eigenvalue at
time t, it counts passenger number from historical records in the time window
[t−30min, t+30min]. Then the system uses the Maximum-likelihood Estimation
(MLE) to estimate the eigenvalue during that period. Sliding window is better
than dividing a day into several fixed periods because the second method is not
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accurate on the boundary of each period. Therefore, using sliding window to
estimate eigenvalue makes the system more adaptive to time change.

4.2 Dispatch Algorithm

As shown in previous sections, a good route means the expected traveling dis-
tance for a vacant taxi to pick up passengers is short. Since the process of pre-
dicting pick-up probability shown in section 3.2 has already taken the impact of
other taxis into account, what the system should do is to design a route through
several hot spots with the shortest expected traveling distance.

Assume that the hot spots traveled by a route are:

{S1, S2, ..., Sn},

and the corresponding pick-up probabilities at each hot spot are:

{P1, P2, ..., Pn}.

Since the route is divided into n parts by the n hot spots, the corresponding
distance of each part is:

{D1, D2, ..., Dn}.

In order to simplify the problem, the system uses the minimum distance got by
Dijkstra algorithm [12] to represent the distance between two hot spots or the
origin and a hot spot. Thus the expected traveling distance of the route is:

P1D1 + (

n∑

i=1

Di)×
n∏

j=1

(1− Pj) +

n−1∑

i=1

[Pi+1 × (

i+1∑

j=1

Di)×
i∏

k=1

(1− Pi)]. (5)

Thus, the aim of designing route is to make Eq. (5) minimum.
As presented before, in order to reduce the computing complexity of designing

a best route, a distance limit σ has been set. In the system, the branch and bound
method is applied to searching solution space under the distance limit σ. With
this method, the system can find the solution i.e. the best route quickly. The
general steps of dispatch algorithm is presented in Algorithm. 1.

4.3 State Buffer and Feedback Mechanism

As presented before, the system needs the dispatch information, such as time
and dispatch route, of previous vacant taxis to dispatch current vacant taxis. In
the system, a linked table, which plays a role as state buffer, is established for
each hot spot as shown in 1.

However, linked tables are enlarging with time in the system because the
number of vacant taxis dispatched by the system is increasing, which brings large
overheads in storing and computing. In order to solve this problem, a feedback
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Algorithm 1. Dispatch algorithm

Input:
Current GPS location of vacant taxi; Current time;

Output:
A scheduled route;

1: Match GPS location of vacant taxi with corresponding route in the digital map
and calculate the distance (of the shortest route) to each hot spot;

2: Build passenger model at each hot spot according to time and use branch and
bound method to search for the best route for the vacant taxi under the distance
limit σ.

3: Once the best route is got by the last step, the predicted time of the taxi arriv-
ing at each hot spot contained int the route is stored into the linked tables of
corresponding hot spots.

4: Send out the best route to the vacant taxi.

mechanism is introduced in the system. As Eq. (4) denotes, the conditional pick-
up probability around a hot spot is independent from previous taxis if the last
taxi does not pick up any passengers around the hot spot. Thus the system
can remove information in a linked table of a hot spot before the time when
a taxi reports it does not pick up passengers around the hot spot. Moreover,
the feedback mechanism raises the precision of pick-up probability because it
introduces the information in reality to amending the information retrieved from
historical records.

5 Evaluation

In this section, we will show how we evaluate the system through trace-driven
simulations and how the system performs under the evaluation. As presented
before, the evaluation on the system is realized by trace-driven simulations.
The simulation program is written by C# language under Visual Studio 2010
environment. The simulation is executed in a computer with I5 2400 CPU, 8
GB memory and 64bit Windows 7 Professional operating system. The train-
ing historical data and trace data are all collected around Xujiahui, Shanghai
from ShanghaiGrid project [10]. The area where data is collected starts from
121.418409 to 121.463299 in longitude and from 31.181709 to 31.203882 in lati-
tude with a length of 4.3 km and a width of 2.4 km. The data used as historical
records is collected from 2007/1/31 to 2007/2/28 and the data used as trace is
collected from 2007/3/1 to 2007/3/6.

5.1 The Impact of Hot Spot Number

In this simulation, we set the distance limit 5000 meters and change the number
of hot spots from 4 to 10 to see the performance of the system i.e. the average
distance traveled by vacant taxis before picking up passengers. The LCP system
[2] is also realized in the simulation to be compared to our system.
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Fig. 3. The result of evaluation

As Fig. 3(a) illustrates, the performance of both systems raises with the in-
crease of hot spots number and our systems always precedes LCP. Though the
gap is low when hot spot number is high, our system can reach the same perfor-
mance with less hot spots, which means low computing overhead.

Since more hot spots means more precise passenger model around each hot
spot, the performance of both systems raises with the increase of hot spot num-
ber. However, the performances improve when hot spot number is high is not
as fast as that when hot spot number is low. This implies that for an area, high
hot spot number does not always mean good as high hot spot not only brings
performance improve but also high computing overhead.

5.2 The Impact of Distance Limit σ

In this simulation, we change the distance limit from 2000 meters to 5000 meters
with 8, 9 and 10 hot spots to see its impact on system performance.

As Fig. 3(b) presents, the system performance improves a little with the in-
crease of distance limit. However, the system improve caused by increase of
distance limit is not as obvious as that caused by increase of hot spot num-
ber. Moreover, the average traveling distance is much shorter than the distance
limit. This phenomenon implies that most vacant taxis pick up passengers at
the first several hot spots. Therefore, for the evaluated area, the system can use
a relatively short distance limit, which brings both good performance and low
computing overhead.

6 Conclusion

This paper proposes a novel dynamic taxi dispatch system to dispatch route
for vacant taxis to pick up passengers. In the system, a dynamic passenger ap-
pearance model is established according to historical records and an adaptive
dispatch algorithm is introduced considering the impact of previous dispatched
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vacant taxis. Moreover, the dispatch algorithm is specially designed to reduce
computing overhead. Furthermore, a feedback mechanism is introduced in the
system to reducing computing and storing overhead and improving dispatch ac-
curacy. Besides, a trace-driven simulation has been conducted to evaluate our
system, of which the result shows our system has a good performance.
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