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In large urban networks, taxis are considered an efficient mode of transport that transfers
travelers from their preferred origin to destination points. Taxis are spending a significant part of their
service to cruise for passengers in urban networks and significantly contribute to congestion. Developing
a model to describe how vacant and occupied taxis will cruise in a road network to search for customers
and provide transportation services is a challenging research question. Investigating how information
services can facilitate the decision making of taxi behavior while searching for customers can influence
the quality of service and the associated costs.

During taxi services, once a customer is served and his trip is completed at a destination point,
the taxi driver could either stay in the same zone or move to other zones (possibly of higher demand) to
search for a new customer. Previous models attempt to identify equilibrium conditions where drivers try
to minimize expected search time to meet the next customer (see for example Yang and Wong, 1998).
The same paper also investigates the minimum taxi fleet required to ensure the existence of a stationary
equilibrium state. Most of the models in the literature integrate concepts of traffic assignment literature
or gravity-type models to identify equilibrium conditions for small size networks (see for example Wong
et al, 2005, Yang et al. 2002 and others) or investigate the economic consequences of regulations as
price control and location restriction (e.g. Cairns and Liston-Heyes, 1996; Arnott, 1996, Yang et al.,
2005a). Nevertheless, there is not significant body of literature to develop and validate with real data
from large networks the behavior of taxis both during equilibrium and transient conditions. A detailed
literature review will be provided in the full version of the paper.

In this paper we analyze a unique dataset from Shenzhen — a fast growing megacity. We utilize
GPS data from a large dataset of taxis to identify mobility patterns of taxis and identify aggregated
strategies that describe the behavior of taxis when searching for passengers. The data contains the
network structure and daily GPS data of taxis for multiple days in the city of Shenzhen in China.
Shenzhen is a major city in the south of Southern China's Guangdong Province, situated immediately
north of Hong Kong. The rapid foreign investment created one of the fastest-growing cities in the world
with a population close to 11 million and, as expected large congestion problems both in the urban and
freeway system of the city. Each day, the taxis make records of current time, GPS locations in form of
coordinates and passenger information (if the taxi carries a passenger or not). The time of recording is
random and the length of interval between two records ranges from 1 second to several hours. In total
there are around 30 to 50 million records per day. Data processing is the first and critical step of data



analysis. It plays an essential role by extracting useful information and facilitating the work of later
stages in observing the underling patterns and deriving insightful results. Thus the final messages
inferred and phenomena revealed are directly related to the quality of data and the effectiveness of the
processing methods.

This data gives us an ability to investigate not only the traffic conditions on the roads (Ji and
Geroliminis, 2012), but also the properties of trips with passenger and searching trips for passengers.
The searching trip starts from the point where a passenger alights and ends in the point where a new
passenger boards. However, our analysis should ensure that during this period taxi is in a working shift
(e.g. not parked). To extract the GPS points that correspond to the searching trips only, we developed a
model which estimates the activity of the taxi in a particular time period. Moreover, this model tries to
through away GPS tracks which contain apparent errors.

After cleaning the data we investigate the distributions of duration of both types of trips (with
passengers and searching) and the circuity of trips for each type. We first observe (Figure 1a) that the
distributions of trip duration are similar to a power-law for a range of the distribution. It is very common
for big complex systems (there are a lot of examples in Shiode and Batty, 2000). It means that our
cleaning model is rather reliable. Since this time we will be focused on the time interval from 8am to
10am (morning peak hour). One of main findings is that searching trips and trips with passenger are very
different. For example, the average length of searching trip is 3.0 km and the average length of trip with
passenger is 5.0 km, see also Figure 1b (duration of trip). Furthermore, there is a big difference in ratio
k= L/S, where L is a trip length and S is distance between the first and last points of the trip (Figure 2).
More explanation of the data analysis will be provided in the full paper.

Figure 1 Distribution of duration of trips in the time interval from 8am to 10am
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The average value of k for searching trips is 1.77 and for trips with passenger is 1.35, which
means that searching trips are less straight than trips with passenger. One of possible explanations of
this fact is that after the passenger alights, taxi driver starts to move in some direction, but in order to
increase probability to find the new passenger, he tries to visit more roads and therefore his path is less
straight.

To investigate the behavior of searching taxis we decided to quantify spatial distributions of
different parameters of trips (e.g. length, duration, number of origins, number of destinations...) and
analyze them. Given the large size of the studied network, we need first to divide the map of Shenzhen
into several regions. Our idea is to do it the way that each region has an area that “attracts” searching
taxis which are currently in this region. First, we divided the city into 1 x 1 km squares. Then a clustering
algorithm is developed to identify the main regions of attraction. While more details of the algorithm
will be presented later, the logic is as follows:

1. For each square we look at 24 neighboring squares (which lie in the 5x5 km square with the
chosen square as a center) and calculate number of searching trips that start in this square and
end in each of the other 24. Then we draw an arrow from our square to one of these 24 squares
which attracts more trips. Finally, these arrows give an oriented graph. Each component of this
graph can be considered as a cluster.

2. To keep the number of clusters smaller (that can be utilized later to develop an elegant model)
we merge some of the ones created in the previous step. To do this we define an attractor as a
vertex of the graph which belongs to the cycle. If we start to move from any vertex by arrows
then we will finally reach one of the attractors of the cluster. If two attractors from different
clusters belong to two squares with the common side then we merge these two clusters in one
big cluster.

This algorithm succeeds in dividing the large network in a small number of clusters (12 in total,
see Figure 3). We can now estimate O-D matrices for searching trips and trips with passenger (Figure 4).
The rest of the territory was called cluster 0. We will look at all trips excluding trips inside cluster O
because there are very few trips connecting cluster 0 with clusters 1-12 and we can say that clusters 1-
12 are almost isolated. An interesting result is that even at this aggregated scale taxis with and without
passengers have a completely different behavior. About 77% of searching trips are internal (lie on the
diagonal of the matrix) and only 44% of trips with passenger are internal. It means that we cannot claim
that taxi drivers usually return to the place where they took a passenger. This behavior is more complex,
and should be further investigated, here we can remember the fact that ratio k for searching trips is
higher than for trips with passenger.

In the second part of paper we develop a general approach for modelling the system in an
aggregated manner. We try to describe the behavior of taxis in some region in terms of portions of them
that make different decisions. We imply that all of them maximize or minimize their objective function
(e.g. searching time) — this is a kind of equilibrium model. To simplify the problem we start with a static
case, but our main goal is to understand how behavior of taxi drivers depends on changing number of
searching taxis and changing traffic conditions. Having such a model we can develop an understanding
of possible usage of GPS taxi data for real-time traffic control.



Figure 3 Results of clustering. Big blue points correspond to attractors, color means the number
of destinations of searching taxis.

8:00 - 10:00 Searching trips (destinations), density

Figure 4 O-D matrices
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