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Abstract

With the development of information technology, more and more travel data have

provided great convenience for scholars to study the travel behavior of users. Plan-

ning user travel has increasingly attracted researchers’ attention due to its great

theoretical significance and practical value. In this study, we not only consider the

minimum fleet size required to meet the urban travel needs, but also consider the

travel time and distance of the fleet. Based on the above reasons, we propose a

travel scheduling algorithm that comprehensively considers time and space costs,

namely, the Spatio-Temporal Hopcroft-Karp (STHK) algorithm. The analysis re-

sults show that the STHK algorithm can not only significantly reduce the off-load

time and off-load distance of the fleet travel by as much as 81% and 58% respec-
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tively, but also retains the heterogeneous characteristics of human travel behavior.

Our study indicates that the new planning algorithm can not only provide the size

of the fleet to meet the needs of urban travel, but also reduce the waste of travel

time and distance, thereby reducing energy consumption and reducing carbon

dioxide emissions. Concurrently, the travel planning results also conform to the

basic characteristics of human travel, and have important theoretical significance

and practical application value.

Keywords: Human travel behaviour, Minimum fleet, Spatio-Temporal
Hopcroft-Karp

1. Introduction

The study of human travel behavior has received greater attention, espe-
cially its important impact in solving traffic congestion, disease prevention
and control, and environmental protection and emission reduction [1, 2, 3, 4].
With the acceleration of urbanization, urban travel is becoming more and
more convenient, which also brings many problems such as traffic congestion,
carbon dioxide emissions, and air pollution [5, 6, 7, 8, 9]. A major current
focus in urban travel is carpooling, which is older than horse-drawn carriage
travel, and recent innovations have made carpooling easier, more convenient,
and more efficient than ever. Innovative travel services based on sharing can
reduce travel costs, alleviate congestion, and reduce greenhouse gas emis-
sions, and have huge economic, social, and environmental benefits [10]. Car-
pooling services represented by taxis are changing the mode of transportation
in cities, due to their multi-body and self-organizing characteristics [11], pro-
viding timely and convenient transportation services for anyone, any place,
and any time. These services also have huge potential positive social impacts
in terms of pollution, energy consumption, and traffic congestion [12, 13].

On the one hand, a lot of research has focused on the demand for carpool-
ing services and dynamic pricing, and has achieved very meaningful results.
Çolak et al. [14] combined the road network of five different cities with the
travel demand curve during morning peak hours and found that the dimen-
sionless ratio of road supply to travel demand explained the percentage of
congestion time lost. Boesch et al. [15] found that the relationship between
service demand and required fleet size is non-linear, and the ratio increases
as demand increases. If the waiting time is extended, it is possible to reduce
the number of vehicles. Storch et al. [16] modelled the basic incentives be-
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hind individual carpooling decisions and found that there are two opposing
mechanisms for carpooling decisions: constant or decrease as demand in-
creases. Combining game theory and time series analysis, Schröder et al. [17]
revealed how and under what conditions dynamic pricing encourages online
ride-hailing drivers to act collectively, leading to abnormal supply shortages.
Molkenthin et al. [11] observed an universal scaling law and found that one
scaling parameter could jointly captures the influence of network topology
and demand distribution.

On the other hand, the route planning of carpooling services has also
received a lot of research attention. Traditionally precise methods based on
mathematical planning (traditionally used in traffic system design) can only
handle a few thousand trips or vehicles at most [18, 19, 20]. Alonso-Mora et
al. [21] provided a general mathematical model for real-time high-capacity
ride-sharing, which could be extended to a large number of passengers and
trips, and could dynamically generate the best routes considering online de-
mand and vehicle locations. Especially recently, with the rapid development
of transportation technology and communication technology, the manage-
ment and planning of taxis have become more systematic and technological.
For instance, in order to answer the question of the minimum number of
taxis needed to meet the travel needs of the city, a few works addressed the
”minimum fleet problem”. Vazifeh et al. [22] processed the actual itinerary
data into a multi-segment itinerary and stored it in the form of a bipartite
graph, and determined the minimum fleet size through the Hopcroft-Karp
algorithm [23] for solving the maximum matching of the bipartite graph, and
gave a travel plan for the taxi fleet. Additionally, Fagnant et al. [24] studied
the dynamic ride sharing (DRS) on the shared autonomous vehicle (SAV)
network in Austin, Texas, and observed that DRS would reduce the average
service time and travel cost of SAV users. Ke et al. [25] proposed a deep
learning method that considered spatial dependence, temporal dependence
and exogenous dependence at the same time, and it captured the correlation
between spatio-temporal features.

Although the above methods can give the minimum number of fleets that
meet the travel demand, or consider the time and space consumption of
the fleet, the minimum fleet algorithm that integrates the minimum spatio-
temporal consumption is rarely mentioned. This work comprehensively con-
siders the travel time and space consumption, and proposes an algorithm that
integrates the vehicle’s empty distance and the driver’s tolerance time. The
experimental results show that our proposed algorithm can greatly reduce the
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time consumption and distance waste of taxis, and the human travel behavior
characteristics of the algorithm results are also consistent with our everyday
life. It shows that on the basis of saving time and distance consumption,
our method is also in line with the user’s daily basic travel habits. Then,
this paper is organized as following. The section 2 is the data processing, the
algorithm principles, and implementation steps, such as specific optimization
processing details; the section 3 is the analysis of experimental results. This
work compares and analyzes the original data and the improvements of the
results of the algorithm; the last section 4 presents the summary and con-
clusions, including possible future development directions and a discussion
of related applications and extensions.

2. Materials and Methods

This section introduces mainly the details of the data set and its process-
ing, as well as the description of related algorithms. Firstly, we introduce
the raw data and how to incorporate the raw Global Positioning System
(GPS) location information into itineraries. Secondly, the original maximum
matching algorithm for bipartite graphs, the Hopcroft-Karp algorithm, is in-
troduced. Then, we describe the Spatio-Temporal Hopcroft-Karp algorithm,
an algorithm proposed in this work, to analyze how to reduce the off-load
distance and off-load time. Finally, the Gini coefficient that quantifies the
heterogeneous characteristics of human travel behavior is presented.

Data collection

The data set used in this work is the travel record data of Chengdu taxis
for about one month. We divide the data into daily data sets, each of which
is about 55 million records (as shown in Table 1). Each recorded data item
includes anonymous vehicle ID, GPS coordinates, and vehicle status sign (on-
load or off-load, as demonstrated in [26, 27]). We define the on-load mode
as the process in which the vehicle status sign changes from 0 to 1, and then
to 0. The off-load mode is that the vehicle status sign changes from 1 to 0,
and then to 1.

The detailed process of converting GPS location information to itinerary
information is as follows. Firstly, the daily GPS records is sorted in ascending
order of time. Secondly, the starting position of the vehicle, anonymous
vehicle ID, timestamp, and the vehicle status sign is recorded. Thirdly, each
piece of GPS information is scanned to determine whether the vehicle status
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sign has changed. If it changed, which indicates the end of one itinerary,
the information of the itinerary is recorded. Finally, the obtained itinerary
records are distinguished according to the vehicle status sign, e.g., for the off-
load data (the vehicle status sign is 0), the actual distance of the itinerary
needs to be recorded, and for the on-load data (the vehicle status sign is 1),
the service time and travel distance of the itinerary is calculated. In order to
filter out noise data, the itinerary with a service time of less than 1 minute or
more than 240 minutes, and distance less than one kilometer is deleted, and
the operation process is similar to the previous studies [26, 27]. Inevitably,
this operation reduces some GPS information, but it is necessary to ensure
the validity of the itinerary. After the above process, approximately 240,000
itineraries that meet our conditions are extracted every day, and the number
of effective taxis exceeds 13,000 every day. Detailed data information is
shown in Table 1.

Hopcroft-Karp algorithm

Hopcroft-Karp algorithm is an algorithm that takes bipartite graphs as
input and produces maximum cardinality matching as output, which was in-
dependently discovered by John Hopcroft and Richard Karp [23] and Alexan-
der Karzanov [28]. Bipartite graph (G) is one in which the vertices can be
divided into two set U and V and the edges of the graph pass between the
two sets but not within the same set [29]. In order to make the subsequent
paragraph easier to read, we have defined the symbols used in this work and
their corresponding explanations in Table 2.

The Hopcroft-Karp algorithm repeatedly increases the size of partial
matches by finding an augmenting path, which is a set of edges that starts at
an unmatched vertex and ends at another unmatched vertex. Additionally,
the edges in the path alternate between being in the matching and out of the
partial matching. The algorithm runs in phases and consists of the following
steps. In the beginning, breadth-first search is used to find an augmentation
path. It partitions the vertices of the graph into layers of matching and not
matching edges. For the search, it starts from a free node in U , which forms
the first layer of the partitioning. The search ends at the first layer k, where
one or more free nodes in V are reached. Secondly, the free nodes in V are
added to a set called F . This means that any node added to F is the ending
node of an augmenting path—and a shortest augmenting path at that since
the breadth-first search finds shortest paths. Thirdly, once an augmenting
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path is found, a depth-first search is used to add augmenting paths to cur-
rent matching M . At any given layer, the depth-first search follows edges
that lead to an unused node from the previous layer. Paths in the depth-first
search tree must be alternating paths. Once the algorithm finds an augment-
ing path that uses a node from F , the depth-first search moves on to the next
starting vertex. Finally, the algorithm terminates when the algorithm can
find no more augmenting paths in the breadth-first search step.

Spatio-Temporal Hopcroft-Karp algorithm

In order to minimize energy consumption, reduce carbon dioxide and
other emissions, and reduce environmental pollution, a feasible goal is to
consider the time and space consumption of users’ daily travel [12, 10, 13, 9,
6, 5]. In order to achieve this goal, the aim is to reduce unnecessary travel
distance and waiting time, for example, to reduce the off-load time and off-
load distance of taxis. Based on the original algorithm, this work puts the
overall operating cost of the fleet into consideration. For example, the total
off-load trip is added as the travel cost for comprehensive evaluation. At
the same time, we consider the waiting time and empty travel distance of
the driver to optimize the itinerary of the fleet, while ensuring a reduction
in the size of the fleet, and minimizing the time and space consumption of
the fleet. Based on this, we propose the Spatio-Temporal Hopcroft-Karp
(STHK) algorithm, as shown in Figure 1, which is implemented as follows.

First, the itinerary that meets the conditions is selected and formed into
a travel trajectory network. In the process of constructing the network,
on-load itineraries are added to the travel trajectory network, and off-load
itineraries that meet certain conditions are also added to the network. This
condition is the connection time between the two trips, that is, the customer’s
tolerance time δ. This concept is similar to that in [22]. Here, δ is selected
as 8 minutes. Figure 1 (a) is a schematic diagram of the travel trajectory
network. The circles of different colors are the starting or end points of
the different itineraries, the solid black arrow is the on-load itinerary and
direction (from start point to end point), and the purple dashed arrows are
the off-load itinerary and direction. The circle number on the black arrows
are the on-load itinerary number, and the red number on the purple arrow
is the weight of the off-load itinerary.

The second step is to construct a bipartite graph network for subsequent
calculations based on the itinerary network in Figure 1 (a). The specific
construction process is exactly the same as in [22]. That is to say, all the
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on-load trips are sequentially converted into the nodes of the two branches
of the bipartite graph and then connected, and all possible off-load trips are
also connected in turn. For example, on-load itinerary 1 may be connected to
other on-load itineraries 2, 3, and 6, through the off-load itineraries (indicated
by the red dotted lines) that meet the conditions. In this work, we use the
Euclidean distance of the GPS position of the start and end points as the
weight of the off-load itinerary. Although we only consider distance as the
weight, taking into account the proportional relationship between distance
and time, as shown in Supplementary Information Figure S1. We find this
processing method to be reasonable. In addition, future research should more
accurately consider the GPS real road distance of the start and end locations
as the weight.

The third step, as shown in Figure 1 (c), is the process of finding the
maximum cardinality matching in the bipartite graph, which is similar to
the HK algorithm [23]. However, the original HK algorithm does not con-
sider the weight of the bipartite graph, while the STHK algorithm considers
the spatio-temporal characteristics of the trip as the weight. For example,
in each matching, if there are multiple candidate connected edges (that is,
conflicts), the connected edge with the highest weight is given priority to be
the connected edge, as shown by the red line in Figure 1 (c). Moreover, com-
pared with the maximum matching algorithm Kuhn-Munkres (KM) [30, 31],
which considers the weight, the major difference is that the STHK algorithm
only considers the weight when the candidate connected edges are in conflict,
while the KM algorithm considers the total weight of the node to be optimal.

Finally, according to the above-mentioned STHK algorithm process, we
get a new itinerary plan for urban taxis. The planning result is shown in
Figure 1 (d), where the number of arrows in different colors indicates the size
of the required fleet, and the edges of the arrows of the same color indicate
the re-planned itinerary required by the same vehicle. Of course, due to the
limitation of data, we only got the global static plan; future research should
focus on the local dynamic plan.

Gini coefficient

The Gini coefficient [32] was proposed by Gini to measure the degree of
inequality in a distribution. For example, in economics, it is most commonly
used to measure the degree of deviation between a country’s wealth or income
distribution and an equal standard distribution. A Gini coefficient of 0 means
exactly the same and no different distributions (for example, everyone has the
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Figure 1: The illustration of Spatio-temporal Hopcroft-Karp algorithm. (a)
Multiple travel requests are abstracted into a directed network, where the black solid
arrow represents the user’s real needs (or on-load process [26, 27], the need must be met)
from the starting posiion to the destination, and the red dashed arrow represents the taxi
off-load itinerary [26, 27]. The red number on the arrow indicates the cost of the itinerary.
(b) This figure indicates that the itinerary graph 1 (a) is converted into a bipartite graph.
The black solid lines indicate the connection of on-load itinerary, the purple dashed lines
indicate that the possible itinerary is connected together, and the red number on the line
segment indicates the cost of the itinerary. (c) The calculation process of the STHK
algorithm is shown here, where the solid red line represents the path selected by STHK.
(d) The planned taxi route plan is recalculated by the STHK algorithm. The connecting
edges of different colors indicate the number of taxis after re-planning, and the connecting
edges of the same color indicate the itinerary completed by the same taxi.
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same income). A Gini coefficient of 1 indicates the largest inequality between
the distribution values (for example, for an individual who has all income or
consumption, but the other individual has not any income or consumption).
One method is to define the Gini coefficient as half of the relative average
absolute difference, which is mathematically similar to the definition of the
Lorentz curve [33]. The average absolute difference is the absolute difference
of all item pairs, and the relative average absolute difference is the normalized
ratio by dividing the average absolute difference by the average x̄. If xi is
the occurrence frequency of taxis in area i and there are N areas in total, the
calculation formula of the Gini coefficient is given by the following formula 1:

G =

N∑
i=1

N∑
j=1

|xi − xj|

2N2x̄
(1)

3. Results

Here, we analyze the itineraries of Chengdu taxis, a total of about 6.8
million itineraries, and we plan the route of these itineraries in days according
to the STHK algorithm. We compare the original data and the performance
results of the STHK algorithm optimized travel in terms of distance and
time. Remarkably, our results show that the STHK algorithm can reduce
the off-load distance by 58% and the off-load time by 81%. Meanwhile, we
analyze the heterogeneity of the distribution of the number of occurrences
and the distribution of jumps in different regions, as well as the Gini coef-
ficient of these two quantities over time. It is found that the average Gini
coefficient is extremely heterogeneous regardless of the region or even the
transfer between different regions. In short, the results of our quantitative
analyses demonstrate that the STHK algorithm performs well in terms of
space and time, and of heterogeneous human behavior.

Overall optimization of time and space.

Previous studies have mostly focused on the size of the urban taxi fleet,
and have achieved good results, which could reduce the size of the taxi
fleet [22, 34, 35]. According to our proposed STHK algorithm, impressive
optimization results of the travel system in terms of distance and time re-
sources are obtained.
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Figure 2 (a) displays the comparison results of the actual and the total
empty distance optimized by the STHK algorithm. From this result, we ob-
serve that the total off-load distance has dropped sharply from 21,303,835
kilometers to about 9,043,792 kilometers, a drop of 58%. However, this result
simply considers the Euclidean distance between the start point and the end-
point, and future research should focus on the actual road travelled distance.
Our result clearly demonstrates that the route arrangement re-planned by
the STHK algorithm can not only ensure the normal travel demand of the
city, but also significantly reducing the empty distance of the actual travel,
thereby considerably reducing the consumption of fossil and the waste of
energy and consequently, considerably reducing carbon emissions and pro-
tecting the environment. Similarly, we compare the actual data with the
off-load time of the trip after the STHK algorithm re-planned, and the re-
sult is shown in Figure 2 (b). It indicates that the total off-load time after
the re-planning of the STHK algorithm has been significantly reduced, from
4,609,332 hours to 863,222 hours, a drop of up to 81%. This result indicates
that the STHK algorithm has a striking effect in saving the total cost of
travel time in the city and can alleviate the congestion in the city.

The fluctuation of the itinerary in the city is a particularly noticeable
problem [36]. The same road or intersection has obvious differences at differ-
ent times of the day (working hours and off-working hours). There are also
great differences between different days (holidays and working days) [26, 27].
Figure 2 (c) shows the daily fluctuations of the off-load travel distance. It can
be seen from the figure that the daily off-load distance of the original trip data
fluctuates greatly, from the lowest 678,787 kilometers to the highest 845,611
kilometers, with an average of 760,851 kilometers and a standard deviation
of 36,864. Although this result is the distance change of the off-load trip, it
can also clearly indicates traffic travel fluctuations. Surprisingly, the STHK
algorithm’s re-planned trip has an average daily off-load journey of 322,993
kilometers, which is about 58% lower than the actual data. In addition, the
range of fluctuation is also significantly reduced, from 312,716 to 329,805
kilometers, the standard deviation is only 4,114. It is further confirmed that
the STHK algorithm can dramatically reduce the off-load travel distance.
This result implies that the STHK algorithm can not only greatly reduce en-
ergy consumption, reduce exhaust emissions, and protect the environment,
but also reduce fluctuations in urban travel demand, thereby helping to keep
daily travel relatively stable.

Daily off-load time is a very important indicator that reflects the daily
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Figure 2: The results of STHK versus Actual Data. (a) The total off-load distance
of actual data versus the STHK algorithm. The ordinate axis represents the total off-
load distance in kilometers. (b) The total off-load time of actual data versus the STHK
algorithm. The ordinate axis shows the total off-load time in hours. (c) The trend of the
daily off-load distance, in which the X-axis represents the time in days, and the Y-axis
represents the empty distance in kilometers. (d) The change trend of daily off-load time, in
which the X-axis is time, and the Y-axis demonstrates the off-load time in hours. (e) The
trend of the average distance of one off-load trip of a taxi. The horizontal axis represents
the day of the month, and the vertical axis displays the average distance of one off-load
trip, the unit is meter. (f) The trend of the average off-load time. The horizontal axis
represents the day of the month, and the vertical axis displays the average off-load time,
the unit is second. The actual results and the STHK algorithm results are represented by
purple and yellow histograms and line segments, respectively.
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work efficiency and work intensity of taxi drivers. Similar to the analysis
of off-load distance, we compare the actual data and the daily off-load time
processed by the STHK algorithm. Figure 2 (d) displays the fluctuations
of the daily off-load time. The actual data has a large fluctuation range of
the daily off-load time, from the minimum of 150,802 hours to the maximum
of 182,016 hours, with an average value of 164,619 hours and a standard
deviation of 6,407. The off-load time of the itinerary re-planned by the STHK
algorithm fluctuates from 28,392 hours to 34,437 hours, with an average
value of 30,829 and a standard deviation of 1,879. The average off-load time
has been reduced by 81%. Such a large reduction shows that the STHK
algorithm can greatly reduce the off-load time of taxis, and the daily off-load
time fluctuations are also smaller. This may be due to the fact that the
vehicles in the STHK algorithm continuously provide services to passengers,
and the next trip destination is determined. Therefore, compared with the
actual data, it is more efficient to find passengers without a goal, and the
empty time consumed is greatly reduced. Future research should pay more
attention to taxi scheduling and forecasting in real situation. In general, the
results of the STHK algorithm are very encouraging, indicating that there is
still a lot of room for improvement in the service of urban taxi travel.

For one taxi, the off-load distance and off-load time required to carry
a passenger are two important economic and efficiency indicators. How to
reduce the off-load distance and off-load time is a problem of important
theoretical significance and application value. Here, we compare the average
off-load distance and off-load time spent by each taxi to obtain one passenger
under actual and STHK algorithm optimization, respectively. Figure 2 (e)
shows the average off-load distance of each taxi per day and the average
off-load distance optimized by the STHK algorithm. The average off-load
distance represents the average value of off-load trip. The actual data’s off-
load distance ranges from 2,903 meters to 3,721 meters, while the STHK
algorithm’s off-load distance ranges from 1,261 meters to 1,473 meters, a
reduction of up to 58%. Meanwhile, we can observe that the average off-load
distance obtained by the STHK algorithm has smaller fluctuations than the
actual off-load distance. Figure 2 (f) compares the average time of vehicles
per day in Chengdu and the average time of the STHK algorithm. In the
actual data, the average time of a single off-load varies from 2,353 seconds
to 3,008 seconds, which means that it takes more than 40 minutes for a
taxi to find the next passenger, while the average off-load time of the STHK
algorithm is reduced to about 480 seconds. That is, it only takes eight
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minutes to serve the next passenger, reducing the off-load time by 81%.
This result suggests that the endurance time δ, the waiting time to load a
passenger, is a very effective influencing factor, and future research should
pay more attention to the impact of endurance time δ. It can be seen that
the actual taxi spends much time to search for the next passenger, and the
time spent waiting at a specific location occupies a considerable proportion.
Future research should focus on reducing these unnecessary waiting times
and improving the efficiency of taxi operation, thereby reducing the total
cost of taxi travel distance and time.

Analysis of influencing factors

In order to measure the influence of the two main factors, the tolerance
time (No improvement 1) and vehicle conflict (No improvement 2) in the
STHK algorithm, we conduct relevant experiments in this section to compare
and analyze the differences in the results of the two factors. The comparison
process is to remove one of the two factors each time, and then statistically
analyze the experimental results after removing the factor, so as to evaluate
the influence of the factor. Figure 3 displays the optimization results of the
above two factors in the off-load distance and time of the STHK algorithm,
respectively.

Firstly, we analyze the optimization results of the STHK algorithm’s two
factors for the off-load distance. If the impact of tolerance time is not con-
sidered, the result is shown as the yellow line in Figure 3 (a). We observe
that the average off-load distance has dropped from 3,312 meters to 1,554
meters, which is 53% lower than actual data and verifies the optimization
of the endurance time. In addition, the cyan line demonstrates the off-load
distance is 2,569 meters when vehicle conflicts is not considered, which is
22% lower than actual data. This result imply that the vehicle conflicts has
a more significant impact on the off-load distance.

Secondly, the impact of the two factors of the STHK algorithm on the
off-load time consumption was shown in Figure 3 (b). We find that when the
driver’s tolerance time is not considered, the average off-load time is about
882 seconds, which is 1701 seconds less than the actual data (a drop by 66%),
indicating that it shows optimization effect on the off-load time. Moreover,
when the vehicle conflict is not considered, the off-load time is reduced from
2,583 seconds to 534 seconds, indicating that this factor has the greatest
impact on the off-load time. Our experimental results demonstrate that
considering the endurance time have basically effect on the average daily
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Figure 3: Analysis of the effectiveness of the two main improvement factors. (a)
the average off-load distance of taxis in Chengdu in a month and the change of the average
off-load distance of the STHK algorithm after removing one of the improvement factors.
The abscissa represents days in the month, and the ordinate represents the average off-load
distance of taxis (the unit is meters). (b) The trend chart of the average off-load time
of taxis in one month in Chengdu and the average off-load time of the STHK algorithm
after removing one of the improvement factors. The abscissa represents days of the month,
and the ordinate represents the average off-load time of taxis (the unit is seconds). The
actual off-load result is represented by the purple line, the result of no tolerance time (No
improvement 1) is represented by the yellow line, and the result of no vehicle conflict (No
improvement 2) is represented by the cyan line.

off-load time. However, ignoring the influence of vehicle conflict inventory
factors is the most effective of the above mentioned factors. Furthermore,
the experimental results confirmed that the vehicle conflict judgment factor is
the most influential factor on the STHK algorithm, whether it is viewed from
the time or space level. Our experimental results convincingly confirm that
these two factors we proposed that drivers endure time and vehicle conflicts
can optimize taxi travel from space to time.

Our experiments mainly test the optimization effect under the action of
different factors. The experimental results show that when vehicles have con-
flict, determining the matching edge by calculating the conflicting vehicles’
off-load time can yield better optimization results. In conflict judgment, in-
creasing the driver’s endurance time makes the vehicle path choice-less but
increases the off-load time. These results indicate that the taxi service plat-
form system’s future research and design should focus on the influence of
the driver’s endurance time, vehicle conflict, and the most suitable strategy
should be selected according to the actual situation.
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Heterogeneity distribution of taxi trips
The heterogeneity of the distribution of taxi trips was the main focus in

previous studies [37, 38, 39, 1, 26, 27]. Here we compare and analyze the
travel distribution characteristics of actual data and STHK algorithm plan-
ning. Figure 4 shows the distribution characteristics of travel demand, the
jump characteristics between different regions, the distribution of different
regions, and the Gini coefficient of jumps between regions.

It is known from the literature that users’ travel pattern obeys a hetero-
geneous distribution [37, 38, 26, 27]. Figure 4 (a) shows the travel charac-
teristics of the actual data. In general, from which it can be inferred that
there is a strong heterogeneity in travel demand in different regions, with
average daily travel demand values varies from 469 to 60,027. It can be ob-
served from Figure 4 (a) that not only the travel demand between regions is
dramatically different, but the travel demand within the same region is also
obviously uneven. The results are qualitatively similar to those of earlier
studies [26, 27]. It should, however, be noted that the heterogeneity of these
heterogeneous distributions may be caused by some natural environments
in different regions, such as lakes and parks, etc. This phenomenon shows
that the user’s taxi behavior has a preference feature similar to other human
mobile behaviors [37, 38, 39, 1, 3, 26, 27]. Similarly, Figure 4 (b) shows
the taxi distribution characteristics after the algorithm STHK is re-planned.
Surprisingly, there is a substantial similarity between the STHK algorithm
results and the actual data, indicating that our optimization algorithm is in
line with human taxis’ actual travel behavior. Comparing Figure 4 (a) and
Figure 4 (b), it can be seen that although the STHK algorithm has drasti-
cally changed the details of the matching process, it still retains the actual
human preference characteristics, which implies that the optimization results
of our algorithm does not make users feel inconvenient.

Human transfer behavior among different nodes (areas) is an important
indicator, and it has a non-negligible influence in human behavior modelling
and infectious disease model construction [37, 38, 39, 2, 3, 27]. Figure 4 (c)
shows the jump characteristics between different areas in the actual data.
We observe that there is a strong heterogeneity in the transfer of taxis in
different blocks. The average of the largest transfer ratio is 0.210 and the
average of the smallest transfer ratio is 0.004. The difference between the two
is up to 55 times. The transfer feature after the re-planning of the STHK
algorithm is shown in Figure 4 (d). It can be seen that regardless of the
proportion of jumps in the same region or the proportion of jumps in different
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Figure 4: The characteristic distribution of taxi travel. (a) the actual distribution
heat map of taxi travel records. The entire Chengdu area is divided into 16 blocks. (b)
The heat map of the taxi distribution after the re-planning of the STHK algorithm. (c)
The Sankey diagram of the actual flow of taxis. The flow of taxis from the departure area
on the left to the destination area on the right. (d) The flow Sankey diagram after the re-
planning of the STHK algorithm. (e) The trend of the Gini coefficient of taxis distributed
in different blocks each day, where the abscissa represents time, and the ordinate is the
value of the Gini coefficient. (f) The Gini coefficient variation trend of the distribution
of taxi transfers in different blocks every day. The actual data is represented by a purple
line, and the result of the STHK algorithm is represented by yellow line.
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regions, there are heterogeneous features in line with the actual data. For
example, comparing Figure 4 (c) and Figure 4 (d), we find that the number
of taxis whose destinations are still in the same area accounts for the largest
proportion for vehicles departing from one area. In comparison, the number
of vehicles from one area to another is quite different. These phenomena
show that the STHK algorithm can better retain the characteristics of the
actual taxi journeys. Future research could also focus on the correlation
between the actual jump distance and the jump intensity. In general, our
research confirms that there is also significant heterogeneity in the movement
and jump behavior of taxis, similar to other types of past human movement
behavior.

The Gini coefficient is a crucial method to describe whether the distri-
bution is uniform. Here we calculate the Gini coefficient of taxi appearance
frequency and transfer frequency in different areas every day. Figure 4 (e)
reports the Gini coefficient of the frequency of taxi appearances in each area
every day. The average Gini coefficient of the actual data is 0.62, with a
standard deviation of 0.02, while the average Gini coefficient after STHK al-
gorithm reprogramming is 0.59, with a standard deviation of 0.01. Similarly,
the Gini coefficient of the transfer frequency distribution between different
regions every day is shown in Figure 4 (f). The average Gini coefficient of
the actual data is 0.56, and the standard deviation is 0.01. The average Gini
coefficient after the STHK algorithm reprogrammed is 0.68, and the standard
deviation is 0.01. These results confirm the heterogeneous characteristics of
taxi movement behavior in Figure 4 (a-d). It can be seen that there is a sig-
nificant gap in the distribution of vehicles and the flow of vehicles in various
regions. This gap is closely related to the differences in traffic and population
flow in various regions. The STHK algorithm indicates this regular differ-
ence, which is consistent with the actual situation, which means that our
algorithm could well meet human travel behavior’s inherent heterogeneity.

4. Conclusion & Discussion

With the development of information technology, urban travel planning
has attracted more and more attention from academia and industry. Re-
cently, research on the minimum fleet size required for urban travel has
received increasing attention. Existing research results show that after re-
planning travel routes, the size of the fleet can be greatly reduced [22]. How-
ever, the above research did not consider how to reduce travel distance and
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travel time. In order to solve the above problems, we propose an algorithm
STHK that comprehensively considers travel distance and time. In this al-
gorithm, we not only consider the driver’s endurance time, but more impor-
tantly, in the case of conflicts in the algorithm path selection, we consider
the time and distance cost of the selected trip, and re-select the path in the
global scope. The research results show that the STHK algorithm can not
only reduce the size of the fleet required for urban travel, but also greatly re-
duce the empty time and distance spent in cities itineraries. Moreover, these
results are not only applicable to taxis, but also to the currently popular
Uber, lyft, Didi and others.

Particularly, we observe that the total off-load distance has dropped
sharply from 21,303,835 kilometers to about 9,043,792 kilometers, a drop of
58%. Meanwhile, the total off-load time after the re-planning of the STHK
algorithm has been significantly reduced, from 4,609,332 hours to 863,222
hours, a drop of up to 81%. In addition, the daily off-load distance decreased
from an average of 760,851 kilometers to 322,993 kilometers, and the daily
off-load time decreased from an average of 164,619 hours to an average of
30,829 hours. The average empty distance for each taxi to find the next
passenger has dropped from 3,312 meters to 1,393 meters, and the average
time has been reduced from 43 minutes to about 8 minutes. More impor-
tantly, the itinerary re-planned by the STHK algorithm does maintain the
heterogeneous characteristics of human behavior [37, 38, 39, 1, 26, 27].

On the one hand, the above research results show that the urban travel
planned by the STHK algorithm can not only greatly reduce the empty
distance, but also greatly reduce the empty time, which has the feat of alle-
viating urban traffic congestion, reducing fossil fuel consumption, narrowing
carbon dioxide and other harmful gas emission, and protecting the environ-
ment. On the other hand, maintaining the heterogeneous characteristics of
human travel behavior also implies that the results of the algorithm can
match the travel habits of passengers, being simpler to implement.

Of course, our algorithm only considers the Euclidean distance between
two locations when considering the distance, and does not consider the true
path distance. In addition, our algorithm is for global static travel planning.
Future research should focus more on real-time and local dynamic planning
methods. Additionally, another problem is that the current taxi research
only focuses on the situation where there is only one start and end point for
one journey, and future research should focus on scenarios with multiple start
points and end points. Existing studies have shown that there are obvious
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differences in the travel mode of taxis from the two different perspectives,
those of drivers and passengers [26]. Another work shows that due to urban
structure and regional restrictions, taxi travel also has a greater impact [27].
Future research should combine the actual characteristics of taxi travel.
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Table 1: Basic statistical characteristics of taxi data

Date # of Records # of Itineraries # of Taxis
Aug. 1 55,980,722 228,551 13,244
Aug. 2 56,098,807 229,335 13,275
Aug. 3 55,805,598 234,755 13,178
Aug. 4 56,014,007 234,672 13,368
Aug. 5 56,211,481 236,069 13,219
Aug. 6 55,515,611 229,601 13,151
Aug. 8 54,943,356 230,563 13,643
Aug. 9 53,228,728 229,925 13,659
Aug. 10 52,774,204 234,048 13,689
Aug. 11 53,899,068 254,425 13,675
Aug. 12 53,944,409 259,134 13,550
Aug. 14 54,115,297 240,918 13,642
Aug. 15 54,619,707 253,882 13,656
Aug. 16 53,975,820 229,775 13,730
Aug. 17 54,075,095 262,859 13,613
Aug. 18 53,502,810 263,983 13,696
Aug. 19 54,130,314 245,549 13,396
Aug. 20 54,239,145 237,905 13,519
Aug. 21 54,095,585 236,938 13,645
Aug. 22 54,012,483 235,803 13,330
Aug. 23 53,736,387 233,513 13,194
Aug. 24 52,695,248 231,468 13,629
Aug. 25 53,629,467 251,882 13,807
Aug. 26 53,373,453 260,714 13,950
Aug. 27 53,745,205 261,271 13,958
Aug. 28 54,049,165 255,113 13,924
Aug. 29 54,317,107 267,524 13,753
Aug. 30 53,718,591 254,041 13,681
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Table 2: Terminology

Notation Description
G G is a bipartite graph network, in this study, which

is used to indicate the endpoints set of the
itineraries.

U(V ) U(V ) demonstrates two sets of vertices from the
bipartition of G, in particular, U and V with an

equal number of nodes.
M M means set of edges between nodes in U and

nodes in V .
Vf Vf presents a vertex with no matching edges

connected to it.
ALP An alternating path (ALP ) is a path in which the

edges belong alternatively to the matching and not
matching. All single edges paths are alternating

paths.
AMP An augmenting path (AMP ) is an alternating path

that starts from and ends on free vertices. All single
edge paths that start and end with free vertices are
augmenting paths. The edges in the path alternate

between being in the matching and not in the
matching.

MCM The maximum cardinality matching MCM is a set
of as many edges as possible with the property that

no two edges share an endpoint.
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