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ABSTRACT To gain insight into how transportation network companies, such as Uber and Didi, impact the
taxi industry, we conduct a multi-period analysis of taxi drivers’ behaviors, based on GPS trajectory data
collected from three time periods in Beijing, i.e., November 2012, November 2014, and November 2015.
We extract both passenger-delivery and passenger-searching trip information from GPS trajectories and
compare the spatial, temporal, densification, and poolability properties of taxi trips in different time periods.
Our results reveal that the taxi industry was adversely influenced by the competition between transportation
network companies; as compared with that of 2012, the average passenger-delivery trip number per day
per taxi dropped by 18.08% and the average daily profit per taxi dropped by 19.29% in the year 2015,
respectively. We also compare passenger-searching strategies, passenger-delivery strategies, and service
area preferences between taxi drivers with top and bottom efficiency in different time periods. We find
that compared with drivers with lower efficiency, drivers with high efficiency tend to search locally, have a

higher delivery speed, and serve more often within the inner part of Beijing.

INDEX TERMS Transportation, human factors, performance analysis.

I. INTRODUCTION

In the past few years, the largest disruption to the taxi industry
is the rise of transportation network companies. A trans-
portation network company (TNC), such as Uber, Lyft, and
Didi Chuxing, provides prearranged transportation services
for compensation of traditional taxi market using an online-
enabled application (app) or platform to connect passengers
with drivers using their personal vehicles [1]. Adopting more
efficient driver-passenger matching technology and surge
pricing rules [2], these TNCs have become strong competitors
for traditional taxis.

Previous studies have shown that Uber has a higher effi-
ciency than traditional taxis, by comparing the capacity uti-
lization rate of UberX drivers with that of traditional taxi
drivers in five cities [3], which leads to a significant decrease
in traffic congestion and carbon dioxide emissions in the
urban areas of the United States [4]. There is also evidence
showing that Uber makes it easier to get a ride in rainy hours,
by increasing supply with surge pricing [5].

The growth of TNCs is accompanied with the depression
of taxi demand. Previous study has shown that after Uber
entered the New York market in May 2011, the number of
NYC taxi rides per hour decreased by approximately 8%
in 2014 and 2015 [5]. Besides, there have been protests
against TNCs (e.g., Uber) from taxi drivers all over the world
since 2014 [6].

In China’s market, Didi Chuxing (formerly Didi Kuaidi)
has become the largest transportation network company after
its merging with other TNCs, including Kuaidi Dache and
Uber China in 2015 and 2016, respectively. Nowadays, Didi
offers a diverse range of transportation services, including
private car hailing, taxi hailing, Hitch (a social commuting
program), and Chauffeur (a designated driver service), for
about 300 million users across over 400 cities in China [7].

Didi started with its taxi hailing service in 2012. Unlike
Uber’s automatic dispatch system [8], Didi’s taxi hailing
service gives taxi drivers the privilege of choosing passengers
and competing with each other. In early 2014, Didi and Kuaidi

2169-3536 © 2018 IEEE. Translations and content mining are permitted for academic research only.

12438 Personal use is also permitted, but republication/redistribution requires IEEE permission.

VOLUME 6, 2018

See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.


https://orcid.org/0000-0003-2224-6178

W. Jiang, L. Zhang: Impact of the Transportation Network Companies on the Taxi Industry

IEEE Access

Dache fought with each other for taxi hailing market share in
China. Backed by China’s Internet giants Tencent and Alipay,
both companies gave promotion fees to taxi drivers for each
deal made and greatly changed the taxi service pattern [9].
Since then, Didi launched its Chauffeur service, private car
hailing service, and Hitch service in August 2014, May 2015,
and June 2015, respectively. In November 2015, Didi added
ridesharing service to its private car hailing service, bringing
more competition to taxi drivers.

From the perspective of taxi drivers, although Didi’s taxi
hailing service improves their income by increasing the num-
ber of rides and reducing idle time, the competition from
Didi’s Chauffeur, private car hailing, and Hitch services can-
not be ignored. In this paper, we conduct a comparative
analysis and answer the following questions: (1) how does the
taxi industry in Beijing change before and after the emergence
of TNCs and whether they have caused the taxi industry to fall
into a recession; (2) how do taxi drivers’ behaviors change,
in terms of the passenger-searching strategy, the passenger-
delivery strategy, and the service-area preference.

To answer these questions, we use GPS trajectories col-
lected from thousands of Beijing taxis in November for three
different years:

o November 2012: when DiDi was in the early stage and
competed with other small startups, and Uber had not
entered into China’s market;

« November 2014: when the two largest taxi-hailing com-
panies at that time, Didi and Kuaidi Dache, were fighting
with each other for taxi-hailing market share, and Didi
just launched its Chauffeur service;

o November 2015: when Didi and Uber China were com-
peting with each other for private car-hailing market
share, using subsidies and lower prices.

During these time periods, the number of resident popu-
lation in Beijing is 20.693, 21.516, and 21.705 million in
years 2012, 2014, and 2015, respectively [10]. The population
growth rate is less than 4.9% from 2012 to 2015. The number
of private cars in Beijing is 4.075, 4.372, and 4.403 million in
years 2012, 2014, and 2015, respectively, while the number of
licensed taxis in Beijing has been controlled around 67,000 in
the past few years. In the meantime, the public transit passen-
ger volume (including bus and subway) is 7,615.78, 8,158.49,
and 7,383.84 million in years 2012, 2014, and 2015 [11]. The
decrease of public transit volume in 2015 might be another
result of the competition between TNCs, since a lower price
would attract passengers from both taxis and public transit.

Based on GPS trajectories of taxi drivers, we extract trip
records and estimate taxi fares based on Beijing’s taxi pricing
rule. We quantify the taxi drivers’ performance using the
average efficiency, and take both the revenue from delivering
passengers and the gasoline cost of delivering and searching
passengers into consideration.

Our contributions in this study are threefold:

1. We conduct a comparative analysis of taxi trips and
reveal the change of the taxi industry in three time peri-
ods, which makes us one of the first papers to present a
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comprehensive analysis on transitions of taxi drivers’ behav-
iors during different phases of TNCs’ development.

2. Our quantitative research approach based on GPS tra-
jectory analysis reveals that the taxi industry is adversely
influenced by transportation network companies, in terms of
the number of daily orders and profits.

3. We compare taxi service strategies between taxi drivers
with top and bottom efficiency and observe some significant
differences. Our findings give an insight for taxi drivers on
how to make improvements.

Compared to our preliminary work [12], we add new
results of spatial analysis, densification and poolability prop-
erties, new definitions of service area preferences, and many
other minor revisions in this paper.

The rest of this paper is organized as follows. Section II
gives a literature review of related work on analysis of
GPS trajectory and taxi drivers’ performance. Section III
presents the data description, trip extraction process and
fare estimation method used in this paper. Section IV deliv-
ers our analyses and results. We conclude this paper in
Section V.

Il. RELATED WORK

With the development of mobile sensing devices such
as smart phones and GPS navigators and location-based
services, we now have the ability to collect and analyze
digital footprints of human mobility, such as GPS trajecto-
ries [13], mobile phone records [14], and check-ins [15]. With
more and more datasets becoming available, previous studies
have addressed a variety of research issues, such as activity
recognition [16], road map making [17], [18], urban human
mobility understanding [19]-[22], anomalous trajectory
detection [23], city region function identification [24]-[26],
and location-based social networks [27]. Some concerns
about privacy and location cheating are also discussed in
previous studies [14], [28].

In this study, we would focus on the analysis of GPS tra-
jectories collected from taxi drivers. These trajectories could
help us gain a better understanding of taxi drivers’ behaviors,
compare taxi drivers’ performance, and monitor the change
of the taxi industry. In this section, we would give a literature
review from these three aspects.

A. STUDY OF TAXI DRIVERS’ BEHAVIORS
In this part, we classify the previous studies of taxi drivers’
behaviors into four aspects.

The first aspect is about taxi drivers’ driving style. Previous
studies have shown that by analyzing GPS trajectories, driv-
ing style could be assessed and even recognized [29], [30].
In [31], drivers are divided into 4 types as aggressive, rel-
atively aggressive, relatively cautious and cautious, and the
driving style could be further used in a lane change warning
system. Abnormal or dangerous driving behaviors could also
be identified using machine learning techniques [32].

The second aspect is about taxi drivers’ passenger-delivery
behaviors. By utilizing GPS trajectories collected from taxis,
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previous studies have used the extracted knowledge for trip
time estimation [33] and route planning [34].

The third aspect is about taxi drivers’ passenger-searching
behaviors. Previous studies have discussed whether taxi
drivers should actively hunting or passively waiting for pas-
sengers [35]. To improve the passenger-searching process,
previous studies have proposed recommendation systems that
are designed for both taxi drivers and passengers [36], taxi
dispatching services that send a nearby taxi to a passen-
ger [37], and taxi ridesharing services that pair more than one
passenger to a taxi [38].

The last aspect is about taxi drivers’ service-area pref-
erence. Clustering algorithms have been used to identify
pickup/dropoff hotspots [39] and discover the spatial distri-
bution of taxis [40].

In this study, we would leave the driving style for our future
research and focus on the latter three aspects.

B. COMPARISON AMONG TAXI DRIVERS

Instead of taking taxi drivers as a whole, some studies split
taxi drivers into different groups, and compare the behav-
iors among taxi drivers from different groups. To evaluate
and split taxi drivers, different metrics of performances have
been used already, such as daily income [41], occupied dis-
tance [35], proportion of occupied time [42], and average
passenger-finding time [43]. Based on the performances,
there are two common practices of grouping: top and ordi-
nary drivers [44], [45], or top and bottom drivers [46]. For
example, in [45], the authors find that compared with ordinary
drivers, top drivers seek passengers more actively and usually
navigate through the whole city.

In this study, we propose to use the average efficiency as
the performance metrics, which is calculated with not only
the revenue from delivering passengers, but also the gasoline
cost from delivering and searching passengers. We would
compare top and bottom drivers, not only because it is less
studied before, but also because we want to know why the
top drivers are successful, as well as why the bottom drivers
are less successful.

C. CHANGE OF TAXI INDUSTRY

With the development of transportation network companies,
there have been studies about their impacts on the taxi indus-
try, as we discussed in Section I. In [9], the authors use a
comparative approach and analyze the taxi drivers’ behav-
iors within the battle between Didi and Kuaidi Dache. Their
results show that the money promotion used by these taxi-
hailing companies increases the number of taxi trips per
day per taxi and shortens the total idle time, while it also
brings inconvenience to the passengers who travel for longer
distance or go to unpopular locations. In [47], the author uses
a large taxi GPS trajectory dataset to examine the impact
of ridesourcing on the taxi industry, and finds out that taxis
compete effectively in peak/off-peak periods and in areas
with high density.
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Ill. DATA

A. DATA DESCRIPTION

We use the taxi GPS trajectory data collected in Beijing in
three time periods: November 2012, November 2014, and
November 2015. The taxi GPS trajectory is sampled at a
rate of one minute. Each sample contains the anonymous
taxi identity, timestamp, latitude, longitude, azimuth, spot
speed, and operation status (occupied, vacant or stopped).
Since human traveling patterns are notably different in week-
days and weekends/holidays, we only consider weekdays in
this study and leave the situations on weekends for future
research. The data is summarized in Table 1 (some weekdays
are omitted in this study due to lack of data) and more details
are discussed in Section I'V.

As we could see from Table 1, the average passenger-
delivery trip number per day per taxi dropped by 18.08 % and
the average profit per day per taxi dropped by 19.29 % in year
2015, respectively, compared with that of year 2012. These
results reveal that the taxi industry was adversely influenced
by the competition between Uber and Didi in 2015.

TABLE 1. Data summary.

Year 2012 2014 2015
Number of weekdays used in this study 22 18 18
Number of taxis 8,879 17,749 | 20,067
Average pa§senger—dellvery trip number per 17.64 1731 14.45
day per taxi

Average working hour per day per taxi 12.07 11.93 11.39
Average profit per day per taxi (RMB) 515.89 | 519.53 | 416.38
Average efficiency per day per taxi

(RMB/hour) 42.25 42.96 36.25
Average efficiency per day per taxi of top
drivers (RMB/hour)

Average efficiency per day per taxi of
bottom drivers (RMB/hour)

56.55 59.11 51.53

26.04 25.96 20.19

B. TRIP EXTRACTION

Based on the raw GPS data, our first objective is to extract
the trip information from the data. We define a trip record
as the tuple (origin longitude&latitude, destination longi-
tude&latitude, begin time, end time, trip distance, anonymous
taxi identity). For a passenger-delivery trip, the begin time
is when a taxi becomes occupied from a previous vacant
status, i.e., pick-up, and the end time is when a taxi becomes
vacant from a previous occupied status, i.e., drop-off. The
origin/destination longitude and latitude correspond to the
location of the taxi at start/end time. A passenger-searching
trip is the opposite process. We estimate the trip distance by
the length of trace, which is represented as a polyline that
connects a set of GPS points. As the location errors caused by
inaccurate GPS signals (less than 10 meters) are much smaller
than the traveling distances of trips, these errors are omitted
in this paper.

A trip’s duration is defined as the interval between begin
time and end time. However, the dataset is imperfect, as the
information about whether the taxi is occupied or vacant
may be inaccurate. To alleviate this problem, we define that
a trip is valid only if the trip lasts for at least 1 minute.
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This specification filters out the cases when a vacant taxi is
labeled as occupied mistakenly, and we only consider valid
trips in this study. A taxi driver’s working hour is defined
as the summation of duration of both passenger-delivery and
passenger-searching trips.

C. FARE ESTIMATION

Even though the pricing rule may be slightly different in
different time periods, we use the latest pricing rule (Table 2)
for trips in this study to make a fair comparison.

TABLE 2. Beijing taxi pricing rule since 2016.

13 RMB for the first 3km. 2.3 RMB/km
(mileage fare) after the first 3km.

4.6 RMB for each 5 minutes in peak hours or
2.3 RMB for each 5 minutes in regular hours
after the first 3km at speed lower than 12km/h.
Peak hours are defined as time periods from
7:00 to 9:00 and from 17:00 to 19:00.

Extra fee for | Extra 50% mileage fare for the part of trip
long-distance over 15km. This extra fare is waived if the
trips distance between the pick-up and drop-off
locations is less than 2km, e.g., a round trip.
Extra 20% mileage fare for the part of trip at
night from 23:00 to 5:00.

Basic fee

Congestion fee

Extra fee for
late-night trips

We consider the gasoline consumption as the main cost
of taxi drivers. The gasoline consumption rate is estimated
as 6.9 liters per 100 kilometers, based on China’s Phase IV
fuel consumption standard for passenger vehicles, and we use
the gasoline price in December 2016, which is 5.92 RMB per
liter. The overall gasoline consumption takes both passenger-
delivery and passenger-searching trips into consideration.
A taxi driver’s daily profit is then calculated as his/her daily
income minus the gasoline cost.

To quantify taxi drivers’ performance, we introduce the
definition of efficiency as the profit a taxi driver earns per
working hour. Note that in some cities of China, a taxi may be
shared by two drivers, and these drivers take shift handover
twice every day (i.e., once in the morning and once in the
afternoon) [44]. We would not consider this situation for
two reasons. Firstly, this practice is not common in Beijing,
as compared with the total number of taxis. Secondly and
more importantly, we are focusing on the efficiency of taxi
drivers, rather than the working hour or the daily profit. While
a taxi shared by two drivers may get longer working hour
and higher daily profit, it may not be necessary to be more
efficient. Since the daily profit is divided by the working hour,
we are actually evaluating an averaged performance of the
two drivers.

IV. ANALYSIS
In this section, we present our analyses and results about both
the taxi industry and the taxi drivers’ behaviors.

A. PASSENGER-DELIVERY TRIP INFORMATION

We start with passenger-delivery trips in this part,
as passenger-delivery trips are the most important indicators
of both human mobility as well as the taxi drivers’ income.
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We would firstly give some statistics, and then study the
spatial and temporal properties. We would also use a model
named as space-time graph and validate the densification
property. We further introduce a concept of trajectory-based
poolability and study the potential of sharing these trips.

1) TRIP STATISTICS

In Figure 1, we show the histogram that plots the daily
passenger-delivery trip numbers served by each taxi. In 2014,
there is a larger proportion of drivers with bigger number of
trips, compared with 2012 and 2015. This phenomenon may
be explained by the money promotion policy in the battle of
Didi and Kuaidi Dache. During the promotion period, more
trips served would bring more rewards, regardless of the trip
distances. Interested readers may refer to [9] for a similar
result.

FIGURE 1. The histogram plot of the daily passenger-delivery trip
numbers served by each taxi on a weekday.

In Figure 2, we show the empirical distribution of traveling
distances. The distribution exhibits a shape of the long-tailed
distribution, as the trips are more concentrated on the
short-distance part. Besides, the proportion of shorter trips
(e.g., 0-3 km) increases noticeably in 2015.

FIGURE 2. The empirical distribution of traveling distances on a weekday.
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FIGURE 3. (a) Heatmap of pick-up points in 2012; (b) Heatmap of drop-off points in 2012; (c) Heatmap of pick-up points in 2014;
(d) Heatmap of drop-off points in 2014; (e) Heatmap of pick-up points in 2015; (f) Heatmap of drop-off points in 2015.

2) SPATIAL PROPERTY

To show the spatial properties of passenger-delivery trips
in different time periods, we plot the pick-up and drop-off
heatmaps of the whole month in three years from Figure 3(a)
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to Figure 3(f). The heatmaps are noticeably different in 2012,
and higher proportions of both pick-up and drop-off points
are located in the northern part of Beijing (the upper side on
the map) in 2014 and 2015.
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3) TEMPORAL PROPERTY

To recall, the begin time of a passenger-delivery trip is defined
as the pick-up time of the trip. In Figure 4, we show the
average numbers of passenger-delivery trips per day per taxi
served in each hour during the three time periods. In 2012 and
2014, the numbers are basically on a similar level, while
there is a significant drop in 2015 during daytime. This drop
of average trip numbers in 2015 reflects the lower demand
for taxis, when the competition from transportation network
companies is an important factor.

FIGURE 4. The average numbers of passenger-delivery trips per day per
taxi served in each hour.

To better understand the supply-demand relationship in the
temporal domain, we define the occupancy rate as the ratio
of occupied taxis over the total number of taxis which are
occupied or vacant. Notice that the definition excludes the
taxis which are stopped. We show the occupancy rate sampled
every half hour in Figure 5. During daytime, the occupancy
rate is the lowest in 2015, while during nighttime, the occu-
pancy rate is the lowest in 2012. From this result, we can find
that although it becomes harder for the taxi drivers to become
occupied with a passenger during daytime, less drivers would

FIGURE 5. The occupancy rate every half hour on a weekday.

VOLUME 6, 2018

stay vacant during nighttime in 2015. This could be explained
from the phenomenon that taxi drivers prefer to work late into
the night or early in the morning, when there are prearranged
trips, e.g., a trip to the airport for catching up an early morning
flight. With smartphone-based taxi-hailing services, it would
be much easier and more convenient for the passengers to
book a taxi trip.

4) SPACE-TIME GRAPH AND DENSIFICATION PROPERTY

To capture the spatial and temporal variability of passenger-
delivery trips, we use a graph model introduced in [48] and
discover that the taxi trips exhibit the well known property
called ““densification power law’’, which are found in graphs
modelling human behaviors, such as social network graphs
and publication citation graphs [49].

To build a space-time graph, we firstly split a day into time
intervals of 5 minutes and the geographical map into grid cells
of 100 meters x 100 meters. For each trip, we would map
the trip’s origin and destination into the corresponding grid
cell ids. For example, in Figure 6, the trip with origin O
and destination D is mapped to N; and N,, and the trip
with origin O, and destination D, is mapped to N1 and N3.
In each time interval ¢, we would build a space-time graph,
and a cell is considered as a node in the graph only if the
origin or destination of a passenger-delivery trip with a begin
time in this specific time interval falls within that cell. As in
the example in Figure 6, two trips are mapped to a space-time
graph consisting of three nodes, i.e., N1, N, and N3, and two
edges, i.e., N| = Ny and N| — Ns.

Ox—|— -~ _
N N1 —

0Oy \\ / \
7 Y <
1 D, N3
|
\
\. N

D4 N2

(@) (b)

FIGURE 6. (a) Two trips, (O1; D1) and (02; D2), within the same time
interval; (b) The corresponding space-time graph, which consists three
nodes and two edges.

We discover that the passenger-delivery trips exhibit the
densification power law (DPL), which means the number of
edges grow as a power of the number of nodes. Specifically,
for each time interval 7, we have:

e(t) o n(t)* or e(t) = Cn(t)*

where e(f) and n(t) represent the number of edges and nodes
in the space-time graph, respectively. C and « are constants.
We show the specific values of C and « learned from data
in Figure 7(a) to Figure 7(c). A smaller C or a larger o
indicates that the trips are “denser” in the spatial space,
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year=2012, C=0.475, a=1.018

year=2014, C=0.479, a=1.022

year=2015, C=0.495, a=1.016
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(©

FIGURE 7. Densification power law (DPL) plots of the passenger-delivery trips. (a) DPL plot of the space-time graph in 2012; (b) DPL plot of the

space-time graph in 2014; (c) DPL plot of the space-time graph in 2015.

which gives a higher probability of carpooling, as we would
evaluate next.

5) POOLABILITY PROPERTY

While the densification power law reveals how the space-
time graphs evolve, a more practical descriptor would be how
likely these taxi trips could be pooled, as previous studies
have shown that carpooling, or ride-sharing, could generate
both significant environmental and economic benefits [50].
This is particularly meaningful for a city like Beijing, which
is bothered by severe air pollution in the past few years and
the emissions of automotive exhaust have been proved to be
a non-negligible factor that produces air pollution.

In the previous study, the concept of poolability is built
on road network [51] or origin-destination pair [48]. In this
study, we propose a trajectory-based definition of poola-
bility. Considering Trip 1 with origin Oj, destination Dy,
start time s1, and end time ej, we denote its trajectory
as {(x1, y1, t1), (x2, 2, ©2), . .., (Xn, YN, tv)}, Where x; and y;
represents longitude and latitude, and #; represents the times-
tamp of GPS sample i, N is the total number of GPS samples
for this trajectory, i = 1,2,..., N. Equivalently, we have
01 = (x1,y1), D1 = (xy,yn), S1 = t1, and e; = ty. For
Trip 2 with origin O, destination D>, start time s>, and end
time e, we say that Trip 1 is poolable with Trip 2 as long as
the following constraints are satisfied:

(Ds1 =52

2)e; =z e

(3) distance((x}, y;), O2) < AO, where j =
arg min;e{1,2,... N} |t — 82|

(4) distance((xx, yx), D2) < AD, where k =

arg minje(1,2,... N} |t — e2|

where the first constraint requires that Trip 1 starts no later
than Trip 2, the second constraint requires that Trip 1 ends no
later than Trip 2, the third and fourth constraints require that
the origin and destination of Trip 2 are close to the trajectory
of Trip 1, as shown in Figure 8. We use Euclidean distance
as the distance function shown above, and AO and AD
are predefined parameters. In this study, we choose AO =
200 meters and AD = 200 meters.
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FIGURE 8. An example of a pair of poolable trips.

FIGURE 9. The average poolability every half hour.

For a trip, we say it can be pooled, as long as there is
another trip that is poolable with it. We define poolability
as the percentage of trips that can be pooled and evaluate
poolability every half hour. The result is shown in Figure 9.
As we can tell from the result, poolability is higher during
daytime, when there are more trips and thus higher oppor-
tunity of being pooled. However, since we have different
subsets of taxis used in this study for different time periods,
the poolability in 2012 may not be necessarily lower than
2014 and 2015, if we could evaluate the trips from all taxi
drivers in Beijing.

B. PASSENGER-SEARCHING TRIP INFORMATION
Now we discuss the passenger-searching trips. For simplicity,
we refer the duration of a passenger-searching trip as its
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idle time and the travelling distance as its idle distance. The
empirical distributions of the idle time and distance are shown
in Figure 10 and Figure 11, respectively. Even though the idle
time lengths become larger in 2014 and 2015, the idle dis-
tances have only a small change. It is possible that the drivers
do not want to go far away to search for a passenger, or they
just want to save the gasoline cost.

FIGURE 10. The empirical distribution of the idle time lengths on a
weekday.

FIGURE 11. The empirical distribution of the idle distances on a weekday.

C. WORKING HOUR, PROFIT & EFFICIENCY
Now we pay our attention to the working hour, profit and
efficiency of taxi drivers.

1) WORKING HOUR

As we defined in Section III-B, the working hour is defined
as the accumulated duration when the taxi driver is occu-
pied or vacant. As shown in Table 1, the average working
hours per day per taxi are 12.07, 11.93, and 11.39, in 2012,
2014, and 2015, respectively. The distribution of the working
hour exhibits a bell shape of the normal distribution, as shown
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in Figure 12. The distribution in 2012 has a higher mean and
a lower variance, indicating that the working hour difference
among taxi drivers becomes larger in 2014 and 2015.

FIGURE 12. The empirical distribution of the working hour on a weekday.

2) PROFIT

As discussed in Section III-C, a taxi driver’s daily profit is
calculated as the income minus the gasoline cost. The average
profits per day per taxi (in RMB) are 515.89, 519.53, and
416.38, in 2012, 2014, and 2015, respectively. The empirical
distribution of the daily profit is shown in Figure 13. The
decrease in 2015 can be interpreted as a result of the competi-
tion between Didi and Uber China. Lower prices and different
choices of service provided by these TNCs attract passengers
from traditional taxi services.

FIGURE 13. The empirical distribution of the daily profit on a weekday.

3) EFFICIENCY

Recall that the efficiency is defined as the profit a taxi
driver earns per working hour. The empirical distribution
of the efficiency is shown in Figure 14. The average effi-
ciency per day per taxi (in RMB/hour) is 42.25, 42.96, and
36.25, in 2012, 2014, and 2015, respectively. In 2015, fewer
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FIGURE 14. The empirical distribution of the efficiency on a weekday.

taxi drivers can achieve a high efficiency (e.g., greater than
60 RMB/hour). This result again supports the observation that
taxi drivers experienced a hard time in 2015, compared with
2012 or 2014.

D. COMPARISON BETWEEN TOP AND BOTTOM DRIVERS
To compare the taxi drivers’ performance, we choose the
taxi drivers with top 20% efficiency as our top drivers and
those with bottom 20% efficiency as our bottom drivers. The
average efficiency of top and bottom drivers in different years
is listed in Table 1. We regard efficiency as a better mea-
surement of a taxi driver’s intelligence rather than the daily
profit, as each taxi driver’s working hour may be different.
In this part, we would firstly show some spatial and temporal
properties of the trips from both top and bottom drivers, and
then compare their passenger-searching strategies, passenger-
delivery strategies, and service area preferences.

1) SPATIAL AND TEMPORAL PROPERTIES

The temporal distribution of both top and bottom drivers’
passenger-delivery trips in three years is shown in Figure 15.
There is a remarkable pattern that shows the top drivers
have a higher proportion of trips during nighttime, while
the bottom drivers have more trips during daytime. This
phenomenon may have different interceptions, e.g., the top
drivers work harder during nighttime, or the competition
among taxi drivers during daytime is more intense. Further
research is needed to explain this pattern.

To describe the spatial property, we show the pick-up
heatmaps of both top and bottom drivers’ trips in the whole
month in Figure 16(a) to Figure 16(f). In 2012, the bottom
drivers pick up more passengers in the southern part of Bei-
jing (lower side on the map), and in 2014 and 2015, the bot-
tom drivers pick up more passengers in the southeastern part
of Beijing (lower right side on the map). Compared with the
result from Section IV-A.2, there is a higher demand for taxis
in the northern part of Beijing and top drivers have a closer
spatial connection with this result.
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FIGURE 15. The temporal distribution of both top and bottom drivers’
trips in three years.

2) PASSENGER-SEARCHING STRATEGY

Passenger-searching strategies refer to the cruising behaviors
of taxi drivers during vacant time. We classify the passenger-
searching strategies into three types, i.e., hunting locally,
waiting locally, and going distant. The definitions are stated
as follows:

> 14, going distant

didie tidle > wg, Wwaiting locally (1)
2

tidle < wgq, hunting locally
where djqje and g1 denote the idle distance and time, respec-
tively; and 74 and w, are threshold parameters. In this study,
we empirically set #; = 1.5 kilometers and wy = 5 minutes.
We count the number of going-distant trips s(yéd, hunting-
locally trips sﬂl, and waiting-locally trips Sivl in different
years, where y € {2012, 2014, 2015}. Then we could con-
struct the passenger-searching strategy vector for a particular
taxi driver (with normalization) as [%d’ s}yﬂ, Si,}vl] / (S;d + Jﬁl +
s 1)- The pure strategy can be represented as [1, 0, 0] for going

dvivstant, [0, 1, O] for hunting locally, and [0, O, 1] for waiting
locally.

We show the average result of normalized searching strate-
gies for both top and bottom drivers in Figure 17. As we
can tell from Figure 17, top drivers usually have a lower
probability of going distant, because this searching strategy

might waste more gasoline.

3) PASSENGER-DELIVERY STRATEGY

Passenger-delivery strategies refer to the behaviors of taxi
drivers when delivering passengers. It is a complex process
which involves factors such as route planning and driving
style. For simplicity, we use the average passenger-delivery
speed as an indicator of the passenger-delivery strategy,
as shown in Figure 18. We can find that top drivers tend to
have a higher passenger-delivery speed, which may indicate
better route-planning abilities and driving skills.
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FIGURE 16. (a) Heatmap of top drivers’ pick-up points in 2012; (b) Heatmap of bottom drivers’ pick-up points in 2012; (c) Heatmap of top
drivers’ pick-up points in 2014; (d) Heatmap of bottom drivers’ pick-up points in 2014; (e) Heatmap of top drivers’ pick-up points in 2015;
(f) Heatmap of bottom drivers’ pick-up points in 2015.

4) SERVICE-AREA PREFERENCE o Area 1: within the 2nd Ring Road;

Beijing has a regular chessboard pattern and possesses multi- « Area 2: within the 3rd Ring Road and outside the 2nd
ple ring roads, as shown in Figure 19. We would consider the Ring Road;

four major ring roads (from 2nd to 5th Ring Road) and divide e Area 3: within the 4th Ring Road and outside the 3rd
the whole city into five areas: Ring Road;
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FIGURE 17. The passenger searching strategies.

d

FIGURE 18. The average p ger-delivery sp

FIGURE 19. Map of four ring roads in Beijing.

o Area 4: within the 5th Ring Road and outside the 4th
Ring Road;
o Area 5: outside the 5th Ring Road.
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FIGURE 20. Delivering time ratio in different areas.

FIGURE 21. Searching time ratio in different areas.

In Figure 20 and Figure 21, we show the time ratios of both
top and bottom drivers spending in these areas, when they are
delivering passengers or searching passengers, respectively.
As we can tell from Figure 20 and Figure 21, top drivers
usually spend more time delivering and searching passengers
in the inner part of Beijing.

V. CONCLUSION

Taxis play an irreplaceable role in city road transportation.
Recent transportation network companies such as Uber and
Didi have brought a remarkable impact on the taxi industry.
To better understand the influences, we conduct a multi-
period analysis of the taxi drivers’ behaviors, based on
GPS trajectories collected from three time periods, Novem-
ber 2012, November 2014, and November 2015 in Beijing.

Our results support the opinion that the growth of TNCs is
accompanied with the depression of taxi demand. Especially,
the lower price caused by the competition between these
TNCs in November 2015 results in a significant reduction of
taxi trips. A lower usage of taxis also decreases the poola-
bility of taxi trips and damages the taxi drivers’ enthusiasm,
as indicated by the shorter working hours per day.

We also compare the strategies between taxi drivers with
top and bottom efficiency in different time periods. We find
that drivers with top efficiency tend to search locally, have a
higher delivery speed, and serve more often within the inner
part of Beijing, compared to drivers with lower efficiency.
These findings may be used to explain the efficiency differ-
ence and help the taxi drivers to make improvements.
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