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*is paper proposes a matching degree to study dynamic spatiotemporal characteristics of urban taxi and offers a novel under-
standing of self-organization taxi dispatch in hotspots on top of the Fermi learning model. *e proposed matching degree can not
only reflect the overall spatiotemporal characteristics of urban taxi supply and demand but also show that the density of distribution
and the distance between the taxis supply and the city center will affect the satisfaction of demand. Besides, it is interesting to note that
supply always exceeds demand and they will self-organize into an equilibrium state in hotspots. To understand the phenomenon, we
develop the Fermi learning model based on the prospect theory and compared the results with the popular reinforcement learning
model. *e results demonstrate that both models can account for self-organization behavior under different scenarios. We believe
our work is crucial to explore taxis data and our indicator can provide a significant suggestion for urban taxis development.

1. Introduction

Because of the flexibility and convenience, taxis become one
of the most important ways to travel. In Guangzhou, taxis
account for 7.7% of the transportation modes, and there are
about 1,776,000 taxi trips per day [1].

In order to understand the characteristics and opera-
tion of urban taxis, three general measurements of taxis
supply and demand indicators—the number of ownership,
full-load ratios, and mileage utilization rate—have been
widely used [2–4].*e number of ownership is an indicator
defined from the quantitative point of view. *e full-load
ratios are to measure the use of taxis in a certain area by
sampling. Mileage utilization refers to the ratio of pas-
senger mileage to total mileage during operation time.
*ese indicators can only reflect the urban taxis operations
in a macroscope.

More works addressing data distribution characteristics
of taxi trips have been done. *e traveling displacements of
urban taxis were found to follow an exponential distribution
[5] while the traveling duration and interevent time dis-
tributions can be approximated by log-normal distributions

[6]. Christoforou et al. find that user’s residence area which
has high population density is related to longer journey
durations and off-peak and nighttime traveling last longer
than others [7]. However, those distribution characteristics
can only present the static feature.

*anks to the development of information technology, a
number of companies established taxi services on top of the
mobile network, such as Didi, Uber, and Lyft.*ere are three
advantages using these services. (a) Realizing the informa-
tion exchange between passengers and taxi drivers, reducing
the mutual search cost between passengers and drivers: the
drivers do not need roaming around the city vacantly, and
the passengers can also enjoy instant services [8]. (b) Saving
fuel costs and reducing environmental pollution: informa-
tion exchange allows drivers to spend less time looking for
passengers and saving fuel [9, 10]. (c) Relieving the heavy
traffic flow: taxi can be allocated reasonably in a limited
space according to passenger needs [11, 12]. *e emerging
taxi Global Positioning System (GPS) trip datasets of origin
and destination of passengers and drivers provide the op-
portunity to extract spatiotemporal characteristics for a
particular region [13].
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*e indicators and researches mentioned above are all
static. *ey cannot reflect the dynamic characteristics of
taxis supply and demand, especially after the intelligent
dynamically dispatching systems by these taxis platforms.
*us, we need a dynamic indicator based on origin and
destination GPS data to measure the characteristics of taxis
supply and demand in the urban area.

*erefore, we proposed a matching degree using bi-
partite networks [14, 15] based dynamic allocation model to
measure the characteristics of taxis supply and demand in
the urban area. Based on the Hungarian method [16–18], we
established the best match between taxis supply and demand
under the conditions of meeting the minimum cost. *at is
to say, the matching degree is constructed on the assumption
of the passengers waiting for the least time because taxis
move more quickly and are more flexible than passengers.
We then explore the spatiotemporal characteristics of supply
and demand through data.

One of the main approaches to address both charac-
teristics and taxi dispatch problems is agent-based model-
ling, where passengers and drivers are modeled as
autonomous agents that are able to interact in a dynamic
environment. A multiple trip negotiation model is intro-
duced in [19], where flexible activity scheduling is consid-
ered between a small group of agents. Flexible trip departure
times are also studied in theory and experiment [20, 21]. *e
multiagent model is also introduced in taxi-sharing [22],
considering drivers’ multiple preferences and taxi dispatch
[23] with reduction in customer waiting and empty taxi
cruising times. Although some different aspects of taxi
multiagent dispatching are studied in these approaches,
none of them consider dynamic characteristics and multiple,
often-conflicting interest for passenger and driver agents.

We propose a new multiagent model that models both
passengers and drivers as autonomous agents and conduct
multiagents simulations on top of reinforcement learning
model [21, 24, 25] and prospect theory [26–30] based Fermi
learning model [21, 31].

*e remainder of this paper is organized as follows. In
Section 2, we first review the basic knowledge of our bipartite
networks based dynamic allocation model, such as the bi-
partite networks and Hungarian method. *en, we im-
proved the method to be better applied to our model and
proposed matching degree. In Section 3, we analyze the
spatiotemporal characteristics through actual data from four
cities. In Section 4, by the analysis of data, we find that taxi
demand and supply in hotspots will form a balanced system
just like a kind of double-role-like EI Farol Bar game. To
better explain the phenomenon, we propose a multiagent
model which models both passengers and drivers as au-
tonomous agents and conducts simulations based on rein-
forcement learningmodel and a novel Fermi learningmodel.
In the last section, we present our conclusion and discussion.

2. Establish the Matching Degree

Table 1 shows the commonly used taxi operation indicators:
the possession quantity of taxis per ten thousand persons c

and mileage utilization rate ϕ. Beijing is the capital of China

with a large population. Shanghai and Guangzhou are
modern cities. Xi’an is an old city in central China. *ey are
lying in the north, east, south, and central part of China,
respectively. *us, we choose these four cities as repre-
sentative examples in our paper.

According to the data, the possession quantity of taxis
in Beijing and Shanghai are higher than those in Xi’an and
Guangzhou while the mileage utilization rates are the
opposite. *ese traditional indicators give a big picture of
urban taxi operation status in the four cities in China.
However, if people want to know the satisfaction of urban
taxi demand spatially and temporally, a more specific
indicator is needed. *us, in this section, we will utilize the
classical binary matching method—Hungarian algorithm
to build the matching model. *e obtained optimal
matching degree can be seen as an indicator to measure
spatiotemporal characteristics of urban taxi supply and
demand.

In this section, the methods to acquire a matching
degree will be elaborated. Since the time window of the
data that we are going to use is hourly, it was decided that
the best method to adopt for this investigation was to
transform continuous matching into discretely distributed
matching. *e best match between the taxi distribution
points and the demand points is solved under the con-
dition that the cost of passengers allocated to taxis is
minimized; that is, the waiting time of passengers is
minimum. Next, we will first introduce the theoretical
background of the model: bipartite matching and Hun-
garian method. And then, the algorithm steps of matching
degree will be given.

2.1. BipartiteMatching. When modelling relations between
two different classes of objects, bipartite networks usually
arise naturally. It is widely used in social network analysis
[32–34], optimization problem [14, 15], and recommender
systems [35–37]. Let G � (V, E) be an undirected graph. If
the vertex set V can be divided into two mutually disjoint
subsets S, T, graph G is a bipartite graph. *e bipartite
graph can also be recorded as G � (S, T; E). We propose a
complete bipartite graph G � (S, T; E) with passenger
nodes S and taxi nodes T, and each edge has a nonnegative
cost c(i, j). We want to find a perfect matching with a
minimum total cost. A simple bipartite matching is shown
in Figure 1.

Table 1: Traditional indicators for measuring taxi operations.

City N† P† L‡ L‡
p c ϕ

Beijing 68284 21.70 5898.15 3783.82 31.47 0.64
Shanghai 49586 24.15 6084.88 3926.88 20.53 0.65
Xi’an 14459 8.7 — — 16.62 0.73∗
Guangzhou 22022 13.5 — — 16.31 0.7∗

N denotes the number of taxis.P denotes resident population (106 persons).
L denotes operating mileage (106 kilometres). Lp denotes passenger mileage
(106 kilometres). c � (N/P) denotes the number of ownership (per 104
persons). ϕ � (Lp/L) denotes mileage utilization rate. Source: †China City
Statistical Yearbook, 2016. ‡Ministry of Transport of the People’s Republic
of China. ∗Data from news.
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2.2. Hungarian Method. *e Hungarian method is a com-
binatorial optimization algorithm based on bipartite
matching to solve the assignment problem [16, 17].
According to Berge’s lemma [18], a matching is maximum if
and only if it does not have any augmenting path.

A maximum matching is a matching that contains as
many edges as possible [38]. A perfect matching (com-
plete matching) is a matching which matches all nodes of
the graph. A perfect matching can only occur when the
graph has an even number of nodes [39]. Since our goal is
to measure whether passengers’ needs are met, the
perfect matching in our paper describes a matching
satisfying all passengers’ requirements, that is, maximum
matching.

In general, we set a matching matrix M. In each step, we
find an augmenting path P to get a bigger match M′ than M.
Augmenting path P is a path in graph G that connects two
unmatched vertices V, E. If the matched and unmatched
edges alternate onP, then P is an augmenting path relative to
M. *e process is done if we cannot find a new augmenting
path. *e detailed algorithm of the Hungarian method is
shown in Figure 2.

2.3. Matching Degree. Since the demand and supply of taxis
in each place are changing over time, the adjacency matrix of
the bipartite network is also changing correspondingly. To
solve this problem, we use the idea of discretization to
simplify this complex problem. In our model, we deal with
this continuity problem step by step. We can consider that
there is only one person at each demand point, and each taxi
supply point only supplies one taxi every time.We repeat the
process until there is no passenger at the demand point.

*e bipartite networks based dynamic allocation process
consists of four steps:

Step 1: establish the adjacency matrix M: the element
mij in the adjacency matrix is the spatial distance
between passenger i and taxi j based on latitude and
longitude, that is, the matching cost.
Step 2: discretize the continuity problem: we assume
that in each time window, only one passenger in each

demand point participates in the matching. In each
matching process, we use the Hungarian method to
establish an optimal match. *e matching process is
just like the simple example in Figure 1. *e goal is to
match all passengers with a minimal matching cost.
After each round of matching, all demand points
should be reduced by one passenger. If supply points
meet the matching, one taxi should also be reduced.
Step 3: in a point, when all the passengers or taxis are
matched, the cost of matching will be set to infinity,
M(i, j) �∞+, which means this point is no longer
involved in the next matching.
Step 4: the above steps are performed continuously.
When all the passengers have been matched, the match
process is ended. In this case, the remaining number of
the taxis at each taxi supply point Rj can be obtained.
*us, the matching degree of each taxi supply point can
be calculated by ((Tj − Rj)/Tj), where Tj is the initial
number of taxis.

3. Spatiotemporal Characteristics

According to the algorithm steps of matching degree in the
previous section, we will then substitute the datasets of four
cities and use matching degree to explore spatiotemporal
characteristics of urban taxis. *e dataset is from Cangqiong
Intelligent Travel Platform, which includes the location of
the supply points of taxis and the location of the passengers
in need at each moment.

Figure 3 shows the spatial distribution of taxi demand
and supply at 8 a.m. in Beijing, Shanghai, Xi’an, and
Guangzhou, respectively. An important finding is that the
taxis supply is always higher than demand but taxis usually
gather around hotspots. We then study the temporal
characters of taxi demand and supply. Figure 4 shows the
average matching degree of Shanghai, Beijing, Xi’an, and
Guangzhou. On the whole, the four cities have three peak
travel times, mainly around 8 a.m., 6 p.m., and 9 p.m., which
is in line with reality.

When looking at the results of the four cities separately,
we can find that the average matching degree of Beijing is the
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Figure 1: A simple example of the Hungarian method. (a)*is is a simple bipartite network where the value on each edge is matching cost.
Red circles indicate the matched nodes and blue circles indicate the unmatched nodes. (b) Firstly, let node 1 match node 4. Now, the
matching degree is 1. (c) Node 2 can only link with node 4. Although node 4 has already matched node 1, it can be replaced by node 6 at the
same cost. *erefore, let node 1 match node 6 instead and node 2 matching node 4 can give a minimum cost. So, the matching degree
becomes 2. (d) Finally, let node 3 match the node 5. In this example, the maximum matching degree is 3 at minimum cost.
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highest, followed by Shanghai.*ese two cities are two of the
most developed cities in China. In addition, we find that
even in Beijing, during the peak hours of commuting, the
average matching degree is still less than 40%. We suspect
that the urban taxi matching degree is related to taxi dis-
tribution density and urban spatial structure. As shown in
Figure 5, in Beijing, Shanghai, and Xi’an, when the taxi
density in the unit space becomes too large, the matching
degree will be reduced. However, Guangzhou is the opposite.
According to the number of ownership (Table 1), we think
the overall taxi supply in Guangzhou is insufficient. In
Beijing and Shanghai, the number of ownership per 104
persons is more than 20; thus, they have relatively sufficient
supply.

Next, we study the relationship between taxis supply
density and matching degree. We find that the spatial dis-
tribution of taxi has a great influence on the matching
degree, which reflects the importance of information ex-
change between passengers and taxi drivers.

Specific to each city, we analyze the impact of spatial
distribution on the matching of taxi supply and demand. As
shown in Figure 6, for Beijing, the area with the highest taxi
utilization rate is about 15–20km and 32km away from the city
center (Tiananmen Square). *is result can be easily explained
by the specific situation in Beijing. *e existing urban area of
Beijing is built on the old city; thusmost of its commercial areas
are about 10–20 kilometers away from the center of the city. So
there will be a large matching degree in this distance range.
With the expansion of urban areas, such as the Beijing Fourth
Ring Road and the Fifth Ring Road, the development is also
relatively rapid, which leads to the emergence of the second
matching peak in the map. For the more emerging city
Shanghai, it is quite different from Beijing. *e largest
matching area is mostly within 18 km from the city center.
*erefore, the influence of the urban structure on thematching
degree of supply and demand for taxis is also remarkable.
Rationally dispatching taxis according to urban space layouts
can make the allocation of taxi resources much reasonable.

Establish a cost
adjacency matrix

Update the coefficient matrix.
Each column or row of the

coefficient matrix subtracts the
minimum value of the column or
row, ensuring that each row and

column has at least one zero.

All zeros in the matrix must be
covered by marking as few rows

and/or columns as possible.

Yes 

No 

No

In the row where the
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Figure 2: *e process of bipartite networks based optimal match.
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4. The Demand and Supply of Taxis and
Dynamics Model Simulation

4.1. *e Demand and Supply of Taxis in Hotspots.
*rough Figure 3, we find that passenger demand is scat-
tered, while the supply of taxis is denser in certain areas,
hereinafter as hotspots. Taking Beijing as an example, we
calculate the demand and supply around Beijing Railway
Station (116.433547, 39.909462) and Beijing South Railway
Station (116.385488, 39.87128). As shown in Figure 7, the
blue line indicates the demand for taxis, and the orange line
indicates the number of taxis that can be provided around
the areas. We find that in hotspots, supply always exceeds
demand.

*is phenomenon is easy to understand. In hotspots,
such as office buildings, tourist attractions, and stations,
there will be a relatively stable demand. Taxi drivers do not
need to search passengers if they wait around hotspots. In
this way, the driver can reduce the fuel and time cost of
empty cruising. However, if too many taxis crowed into
popular areas, drivers may not receive orders due to
oversupply.

*is problem is similar to the El Farol Bar Problem
proposed by Arthur in 1994 [40, 41].*e game is that, every
weekend, a group of people, such as n � 100 persons, have
to decide whether to go to a bar or stay at home. *e bar’s
capacity is limited, assuming 60 persons. If someone
predicts that more than 60 persons will go to the bar, would
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Figure 3: *e supply and demand distribution of taxis at 8 a.m.
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s/he go to the bar or not? Each participant or decision-
maker only knows the number of people who went to the
bar before. *us, the strategy can only be summarized

based on the information of the previous feedback. *is is a
typical dynamic game problem. *rough computer sim-
ulation, we can get an interesting result. After a period of
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Figure 4: From top to bottom, the lines represent the average matching degree of Beijing, Shanghai, Xi’an, and Guangzhou in 24 hours of
one day. *is diagram indicator can measure the degree of matching between passengers and taxis at the current moment.
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Figure 5: *e matching degree varies with taxi density. (a–d) Beijing, Shanghai, Xi’an, and Guangzhou, respectively. *e blue stars are
original average values, and the red curves are trend fitting curves. *e X-axis represents the number of taxis per unit space, and the Y-axis
represents the matching degree.

6 Complexity



time, the number of people who went to the bar tends to be
60. *e participants will self-organize into a balanced
system.

However, unlike the El Farol Bar game, there are two
roles in our problem. We need to consider not only the
number of drivers but also the number of passengers. In a
hotspot, passengers can choose to take a taxi, which is more
comfortable and faster than other public transportation.
However, if too many people take taxies at the same time,
there will be a supply shortage and it will take more time for
passengers to wait for vehicle dispatch. For this double-role-
like bar game scenario, will it also form a stable equilibrium
system? Based on the data shown in Figure 7, we think that
demand and supply of taxis in hotspots will also form such
an equilibrium state. Below, we construct a dynamic game
model and verify this conjecture through a multiagent
simulation.

4.2. Demand and Supply Dynamics Model. We assume that
the system consists of two types of agents: passengers, who
can choose transportation method, taxi, or other public
transportations and taxi drivers, who can decide to wait
around the hotspot or cruise for searching potential pas-
sengers. *e expected returns for these two types of agents
are affected by the number of demand and supply of the
same system.

If there are Np passengers choosing to take taxis and Nd

taxis are waiting around the hotspot, their payoffs are given
by

πd � pl + ρ + cd
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Figure 6: *e matching degree varies with the distance from the city center. (a) Beijing. (b) Shanghai. *e blue dots are the maximum
matching degree and the orange stars are average matching degree. *e X-axis represents the distance of taxis supply points from the city
center. *e Y-axis represents the matching degree of taxi resources.
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Figure 7: *e supply and demand relationship around hotspots. *e blue line is the demand for taxis, and the orange line is the supply. (a)
Beijing railway station. (b) Beijing south railway station.
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where p denotes the average income per kilometre, l denotes
the average operating mileage, ρ denotes the starting price,
cd denotes the cost of searching time for drivers, cp denotes
the cost of waiting time for passengers, and U denotes the
degree of comfort by taxis, compared with other trans-
portation. When the demand is greater than supply, the
passengers have to wait for taxis, the waiting time cost is
cp(Np/Nd), and the drivers can save the searching time
cd(Np/Nd). To make it easier, we assume cp � cd � c in the
following simulation. However, the passengers who worry
that there are lots of people waiting for taxis and choose to
take the bus or subway will have fixed income P0. Also, the
taxi drivers who choose to supply the service out of hotspots
have fixed income D0.

In order to get a deeper insight, we have conducted
multiagents simulations based on two popular models: the
reinforcement learning model and the Fermi learning
model.

4.2.1. *e Reinforcement Learning Model. Reinforcement
learning has been widely used to develop decision behavior
models [21, 24, 25]. In reinforcement learning, the benefits
of a strategy selected in the previous round will be used to
reinforce the tendency to choose that strategy, and the
tendency to choose a different strategy will be converted into
the probability of that strategy.

We firstly examined the ability of the reinforcement
learning model to simulate the multiagents system. Simu-
lation processes of the model are shown as follows.

(1) Initial propensity: we assume that all agents have the
same initial propensity, which is set equal to the fixed
income 50.

(2) Update propensity: suppose an individual (passenger
or driver) has chosen action a ∈ i, −i{ } in round t, the
propensities in round t + 1 are updated by

q
a
s (t + 1) � θπs(t) +(1 − θ)q

a
s (t), s ∈ p, d , (2)

where qa
s (t + 1) is the propensity to choose action a

in the next round t + 1; πs(t) is the payoff corre-
sponding to the action in round t; and θ is the
learning rate.

(3) Update probability: the probability of choosing ac-
tion i in round t + 1 is determined by

p
i
s(t + 1) �

exp cqi
s(t + 1)( 

exp cqi
s(t + 1)(  + exp cq−i

s (t + 1)( 
, (3)

where c> 0 is a parameter that determines reinforcement
sensitivity. In our simulations with the reinforcement
learning model, we set c � 0.5, θ � 0.1, 0.2. *e results are
shown in Figure 8.

4.2.2. *e Fermi Learning Model. We then propose a new
Fermi learning model based on the prospect theory and
Fermi rule.

Prospect theory: prospect theory is an economics theory
developed by Tversky and Kahneman, which proposes
an asymmetric form of risk aversion [26, 27]. According
to the prospect theory, people make decisions based on
the potential gains or losses relative to the reference
point rather than in absolute terms [28]. *e value
function of prospect theory that passes through the
reference point is s-shaped and asymmetrical. Faced
with a risky choice leading to gains, individuals are risk-
averse; while faced with a risky choice leading to losses,
individuals are risk-seeking [29, 30].
Fermi rule: Fermi rule originated from condensed
matter physics and is widely used in decision modelling
in evolutionary games [21, 31]. Compared with the
general reinforcement learning model, the number of
adjustable parameters using Fermi rule is reduced by
one. As far as we know, the Fermi rule combined with
the prospect theory has not been employed to model
individual choice behaviors in self-organization sys-
tems. *erefore, the Fermi learning model is based on
the Fermi rule and prospect theory to offer a simpler
characterization of individual choice behavior for the
systems.
In our Fermi learning model, passengers and drivers
use the expected return as a reference point to measure
gains or losses. *at is, for passengers, they will use the
fixed income D0 of other transportation as a reference
point. When πd >D0, the passengers consider gains;
when πd <D0, the passengers consider incurring loss.
*e same goes for taxi drivers. Let xd and xp denote the
gains or losses of the passengers and drivers’ expected
decision, respectively. When the passengers choose to
take taxis and drivers choose to serve in the hotspot
area, xd � πd − D0, xp � πp − P0.
Agents in the system will update the probability of
taking a taxi (passengers) or waiting around the hotspot
(drivers) based on the potential gains or losses
according to their historical experience:

P �
1

1 + exp r 
n
i�1 x−

s − 
m
j�1 x+

s  
, s ∈ p, d , (4)

where λ � n + m denotes the memory length and r> 0 de-
notes intensity of selection [31]. In our simulations with the
Fermi learning model, we set r � 0.1. Here, 

n
i�1 x−

s is the
sum of historical losses and 

m
j�1 x+

s is the sum of historical
gains. *e results are shown in Figure 9.

4.3. Results. Figures 8 and 9 show the simulation results of
the reinforcement learning model and Fermi learning model
at different parameter settings. We set the initial number of
passengers and taxi drivers as 1000 and 3000, respectively.
We hypothesize that the average income per kilometre p � 3
and the average operating mileage l � 10, starting price
ρ � 13, and the fixed income P0 � D0 � 50. *ese results
demonstrate that both models can account for self-orga-
nization behavior under different scenarios.
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Figure 8: *e reinforcement learning model results. *ere are totally 3000 drivers and 1000 passengers in the systems. (a, c) θ � 0.1; (b, d)
θ � 0.5. *e probability of taking a taxi and waiting around hotspots for (a) and (b) at the initial state is half, and for (c) and (d), it is 1.
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Figure 9: Continued.
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Furthermore, we set different memory lengths λ in the
Fermi learning model. Figure 9 also shows the memory
length will slightly inhibit the amount of supply and de-
mand. However, the demand and supply in hotspots tend to
be stable after a period of time. *ese results support that
demand and supply of taxis in hotspots will self-organize
into a balanced system over a period of time.

5. Conclusion and Discussion

*e research of urban transport is a complex system in-
volving multidomain and multidisciplinary. With the de-
velopment of the Internet and technology, taxi operation
data are more detailed and specific. *erefore, we can better
explore these data to provide useful suggestions for urban
development. Traditional operation indicators of urban taxis
pay more attention to the overall situation of taxi supply and
operation. If urban planners want a more detailed de-
scription, especially spatiotemporal characteristics of urban
taxis, the matching degree provides a novel perspective.

In this work, we study the dynamic spatiotemporal
characteristics of the urban taxis. We propose the matching
degree through bipartite networks based dynamic allocation
model to measure supply and demand. *e peak travel time
shown in our results keeps in touch with reality. We find that
matching degree can be influenced by taxi supply density and
location. Rationally dispatching taxis according to urban
space layouts can allocate the taxi resources much more
reasonable. According to the analysis of data, taxi supply is
always more than demand but taxis usually gather around
hotspots. It is interesting to note that the demand and supply
of taxis in hotspots tend to be stable after a while. *en, we
establish a dynamic game model, which is a kind of double-
role-like bar game, and simulate the multiagents system using
two learning models, reinforcement learning and prospect
theory based Fermi learning. *e results of the two learning
models both show that the amount of demand and supply in
hotspot will self-organize into a balanced system finally.

Regardless of this, there is still some room for im-
provement. Firstly, our matching degree will be more op-
timistic than the actual situation because we ignore the fact
that drivers will selectively accept orders in real life. Sec-
ondly, in ourmultiagents simulation, maybe we can consider
diversity in individual behaviors to offer a better charac-
terization of collective behaviors.
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*e data used to support the findings of this study are
available from the corresponding author upon request.

Conflicts of Interest

*e authors declare no conflicts of interest.

Acknowledgments

*is work was supported by the National Natural Science
Foundation of China (Grant nos. 61573065 and 71731002).

References

[1] GTPR Institute, Guangzhou Transport Key Figures, GTPR
Institute, Gangzhou, China, 2018.

[2] N. Wu, S. Zhao, and Q. Zhang, “A study on the determinants
of private car ownership in China: findings from the panel
data,” Transportation Research Part A: Policy and Practice,
vol. 85, pp. 186–195, 2016.

[3] J. Yang, J. Dong, Z. Lin, and L. Hu, “Predicting market po-
tential and environmental benefits of deploying electric taxis
in Nanjing, China,” Transportation Research Part D: Transport
and Environment, vol. 49, pp. 68–81, 2016.

[4] K. I. Wong, S. C. Wong, H. Yang, and J. H. Wu, “Modeling
urban taxi services with multiple user classes and vehicle
modes,” Transportation Research Part B: Methodological,
vol. 42, no. 10, pp. 985–1007, 2008.

[5] X. Liang, X. Zheng, W. Lv, T. Zhu, and K. Xu, “*e scaling of
human mobility by taxis is exponential,” Physica A: Statistical

3000

2900
1000

900
400

300

200

100

0
0 20 40 60 80 100

Time

N
um

be
r

Passenger
Driver

(c)

3000

2900

1000

900
400

300

200

100

0
0 20 40 60 80 100

Time

N
um

be
r

Passenger
Driver

(d)

Figure 9: *e Fermi learning results. *ere are totally 3000 drivers and 1000 passengers in the systems. (a, c) λ � 1; (b, d) λ � 5. *e
probability of taking a taxi and waiting around hotspots for (a) and (b) at the initial state is half, and for (c) and (d), it is 1.

10 Complexity



Mechanics and Its Applications, vol. 391, no. 5, pp. 2135–2144,
2012.

[6] W. Wang, L. Pan, N. Yuan, S. Zhang, and D. Liu, “A com-
parative analysis of intra-city human mobility by taxi,”
Physica A: Statistical Mechanics and Its Applications, vol. 420,
pp. 134–147, 2015.

[7] Z. Christoforou, C. Milioti, D. Perperidou, and
M. G. Karlaftis, “Investigation of taxi travel time character-
istics,” in Proceedings of the 2011 Transportation Research
Board 90th Annual Meeting, Washington, DC, USA, 2011.

[8] Y. Lin, W. Li, F. Qiu, and H. Xu, “Research on optimization of
vehicle routing problem for ride-sharing taxi,” Procedia -
Social and Behavioral Sciences, vol. 43, pp. 494–502, 2012.

[9] P.-Y. Chen, J.-W. Liu, and W.-T. Chen, “A fuel-saving and
pollution-reducing dynamic taxi-sharing protocol in vanets,”
in Proceedings of the 2010 IEEE 72nd Vehicular Technology
Conference-Fall, pp. 1–5, Ottawa, Canada, 2010.

[10] F. Stodolsky, L. Gaines, and A. Vyas, “Analysis of technology
options to reduce the fuel consumption of idling trucks,”
Technical report, Argonne National Laboratory, Lemont, IL,
USA, 2000.

[11] P. S. Castro, D. Zhang, and S. Li, “Urban traffic modelling and
prediction using large scale taxi GPS traces,” in Proceedings of
the 2012 International Conference on Pervasive Computing,
pp. 57–72, Newcastle, UK, 2012.

[12] J. M. Viegas, “Making urban road pricing acceptable and
effective: searching for quality and equity in urban mobility,”
Transport Policy, vol. 8, no. 4, pp. 289–294, 2001.

[13] Y. Han and W. Wang, “On the spatial and temporal distri-
bution of resident trip based on taxi GPS data,” Geomatics &
Spatial Information Technology, vol. 2, pp. 87–89, 2018.

[14] P. Calégari, F. Guidec, P. Kuonen, and F. Nielsen, “Combi-
natorial optimization algorithms for radio network planning,”
*eoretical Computer Science, vol. 263, no. 1-2, pp. 235–245,
2001.

[15] R. Niedermeier, “Invitation to fixed-parameter algorithms,”
Oxford Lecture Series in Mathematics and Its Applications,
vol. 31, Oxford University Press, Oxford, UK, 2006.

[16] H. W. Kuhn, “*e Hungarian method for the assignment
problem,” Naval Research Logistics Quarterly, vol. 2, no. 1-2,
pp. 83–97, 1955.

[17] H. W. Kuhn, “Variants of the Hungarian method for as-
signment problems,” Naval Research Logistics Quarterly,
vol. 3, no. 4, pp. 253–258, 1956.

[18] C. Berge, “Two theorems in graph theory,” Proceedings of the
National Academy of Sciences, vol. 43, no. 9, pp. 842–844, 1957.

[19] I. Hussain, L. Knapen, T. Bellemans, D. Janssens, and G.Wets,
“An agent-based negotiation model for carpooling: a case
study for flanders (Belgium),” in Proceedings of the 94th
Transportation Research Board Meeting, WWashington, DC,
USA, 2015.

[20] N. Ronald, T. Arentze, and H. Timmermans, “An agent-based
framework for modelling social influence on travel behav-
iour,” in Proceedings of the 18th World IMACS Congress and
MODSIM09 International Congress on Modelling and Simu-
lation, pp. 2955–2961, Canberra, Australia, 2009.

[21] X. Sun, X. Han, J.-Z. Bao et al., “Decision dynamics of de-
parture times: experiments and modeling,” Physica A: Sta-
tistical Mechanics and Its Applications, vol. 483, pp. 74–82,
2017.

[22] F. Golpayegani et al., “Co-ride: collaborative preference-based
taxi-sharing and taxi-dispatch,” in Proceedings of the 2018
IEEE 30th International Conference on Tools with Artificial
Intelligence (ICTAI), pp. 864–871, Volos, Greece, 2018.

[23] K. T. Seow, N. H. Dang, and D.-H. Lee, “A collaborative
multiagent taxi-dispatch system,” IEEE Transactions on Au-
tomation Science and Engineering, vol. 7, no. 3, pp. 607–616,
2009.

[24] R. Selten, T. Chmura, T. Pitz, S. Kube, and M. Schreckenberg,
“Commuters route choice behaviour,” Games and Economic
Behavior, vol. 58, no. 2, pp. 394–406, 2007.

[25] T. E. Daniel, E. J. Gisches, and A. Rapoport, “Departure times
in y-shaped traffic networks with multiple bottlenecks,”
American Economic Review, vol. 99, no. 5, pp. 2149–2176,
2009.

[26] A. Tversky and D. Kahneman, “Prospect theory: an analysis of
decision under risk,” Econometrica, vol. 47, no. 2, pp. 263–291,
1979.

[27] D. Kahneman and A. Tversky, “Prospect theory: an analysis of
decision under risk,” in Handbook of the Fundamentals of
Financial Decision Making: Part I, pp. 99–127, World Sci-
entific, Singapore, 2013.

[28] A. Karlström and J. P. Franklin, “Behavioral adjustments and
equity effects of congestion pricing: analysis of morning
commutes during the Stockholm trial,” Transportation Re-
search Part A: Policy and Practice, vol. 43, no. 3, pp. 283–296,
2009.

[29] S. Fujii and R. Kitamura, “Drivers’ mental representation of
travel time and departure time choice in uncertain traffic
network conditions,” Networks and Spatial Economics, vol. 4,
no. 3, pp. 243–256, 2004.

[30] H.-l. Xu, J. Zhou, and X.-g. Chen, “Analysis and demon-
stration of the traveler’s route choice behavior rule based on
the prospect theory,” Journal of Transportation Systems En-
gineering and Information Technology, vol. 6, 2007.

[31] M. Perc and A. Szolnoki, “Coevolutionary games—a mini
review,” BioSystems, vol. 99, no. 2, pp. 109–125, 2010.

[32] S. Wasserman and K. Faust, Social Network Analysis: Methods
and applications, vol. 8, Cambridge University Press, Cam-
bridge, UK, 1994.

[33] G. Ergün, “Human sexual contact network as a bipartite
graph,” Physica A: Statistical Mechanics and Its Applications,
vol. 308, no. 1–4, pp. 483–488, 2002.

[34] P. Zhang, J. Wang, X. Li, M. Li, Z. Di, and Y. Fan, “Clustering
coefficient and community structure of bipartite networks,”
Physica A: Statistical Mechanics and Its Applications, vol. 387,
no. 27, pp. 6869–6875, 2008.

[35] T. Zhou, J. Ren, M. Medo, and Y.-C. Zhang, “Bipartite net-
work projection and personal recommendation,” Physical
Review E, vol. 76, no. 4, Article ID 046115, 2007.

[36] R.-R. Liu, J.-G. Liu, C.-X. Jia, and B.-H. Wang, “Personal
recommendation via unequal resource allocation on bipartite
networks,” Physica A: Statistical Mechanics and Its Applica-
tions, vol. 389, no. 16, pp. 3282–3289, 2010.

[37] F. Yu, A. Zeng, S. Gillard, and M. Medo, “Network-based
recommendation algorithms: a review,” Physica A: Statistical
Mechanics and Its Applications, vol. 452, pp. 192–208, 2016.

[38] J. Edmonds, “Maximummatching and a polyhedron with 0,1-
vertices,” Journal of Research of the National Bureau of
Standards B, vol. 69, no. 125–130, pp. 55-56, 1965.

[39] R. M. Karp, E. Upfal, and A. Wigderson, “Constructing a
perfect matching is in random nc,” Combinatorica, vol. 6,
no. 1, pp. 35–48, 1986.

[40] W. B. Arthur, “Inductive reasoning and bounded rationality,”
*e American Economic Review, vol. 84, no. 2, pp. 406–411,
1994.

[41] W. B. Arthur, “Complexity and the economy,” Science,
vol. 284, no. 5411, pp. 107–109, 1999.

Complexity 11


