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Abstract: In taxi management, taxi-driver shift behaviors play a key role in arranging the operation
of taxis, which affect the balance between the demand and supply of taxis and the parking spaces.
At the same time, these behaviors influence the daily travel of citizens. An analysis of the distribution
of taxi-driver shifts, therefore, contributes to transportation management. Compared to the previous
research using the real shift records, this study focuses on the spatiotemporal analysis of taxi-driver
shifts using big trace data. A two-step strategy is proposed to automatically identify taxi-driver shifts
from big trace data without the information of drivers’ identities. The first step is to pick out the
frequent spatiotemporal sequential patterns from all parking events based on the spatiotemporal
sequence analysis. The second step is to construct a Gaussian mixture model based on prior
knowledge for further identifying taxi-driver shifts from all frequent spatiotemporal sequential
patterns. The spatiotemporal distribution of taxi-driver shifts is analyzed based on two indicators,
namely regional taxi coverage intensity and taxi density. Taking the city of Wuhan as an example,
the experimental results show that the identification precision and recall rate of taxi-driver shift events
based on the proposed method can achieve about 95% and 90%, respectively, by using big taxi trace
data. The occurrence time of taxi-driver shifts in Wuhan mainly has two high peak periods: 1:00 a.m.
to 4:00 a.m. and 4:00 p.m. to 5:00 p.m. Although taxi-driver shift behaviors are prohibited during the
evening peak hour based on the regulation issued by Wuhan traffic administration, experimental
results show that there are still some drivers in violation of this regulation. By analyzing the spatial
distribution of taxi-driver shifts, we find that most taxi-driver shifts distribute in central urban areas
such as Wuchang and Jianghan district.

Keywords: big trace data; taxi-driver shift; spatiotemporal analysis; transportation management

1. Introduction

As an important part of the urban public transport system, taxis are very important for the
daily travel of citizens, especially in the bustling cities [1-3]. However, with the fast development
of urbanization, problems such as the contradiction of taxi supply and customer demand, the low
efficiency of taxi operation, and poor service of the taxi industry are becoming more and more obvious,
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especially in developing countries such as China. Research on how to improve the operating efficiency
of the urban taxi system and optimize the public transport services is of significant importance in
order to create a green and harmonious public traffic system [4]. One of the big improvements that
could make urban taxis more efficient is regulating taxi-driver shift behaviors. Taxi-driver shift refers
to the process of changing shifts of taxi drivers. Taxi-driver shift behavior are caused by the fact
that taxi drivers share the same taxi and take turns using the taxi for a living. Typically, taxi drivers
spontaneously reach a consensus on the specific shift time based on profit distribution and break time,
and then conduct taxi-driver shifts to complete the taxi operation throughout the day. At present,
there are no unified and appropriate taxi-driver shift locations in China’s big cities. The locations of
taxi-driver shifts depending on the convenience are simply decided by the oral agreement of both
drivers and are usually fixed. In order to balance the income of each driver in a day, a period of active
travel in city is usually guaranteed in each driver’s shift. Therefore, the most direct and effective
method chosen by most drivers is to take shifts in the middle of the evening rush hour so that both
sides can share the benefits of prime time. However, due to these common habits of taxi drivers
in taxi-driver shift behaviors, many taxi drivers may be on their way to deliver the taxi to the next
partnered driver during the evening rush hour. When the taxi drivers in the whole city are engaged in
the taxi-driver shift activities during this period, the whole city will be in the state of no taxi service.
Thus, the phenomenon of passenger rejection in rush hour is very common, and it is difficult for the
public to get a taxi, which brings serious inconvenience to public travel. Therefore, the taxi-driver shift
event as a basic part of taxi operation process is not only an important link of work shifts but also plays
an important role in equilibrating the demand and supply of taxis [5-8]. In addition, a taxi often has a
parking state of waiting for the next driver during a taxi-driver shift activity. So, thousands of urban
taxis will occupy a large amount of urban land in a collective shift period, resulting in the shortage of
land resources and congestion in big cities. To alleviate the problem, China’s major provincial capitals
have enacted laws in the past decade that prohibit taxis from taking shifts during the evening rush
hours, but these have shown little effect. At the same time, some scholars have done relevant research
seeking to improve this problem. Most of the existing research for taxi-driver shift events intends
to improve the taxi service performance by building models to explicitly consider taxi-driver shift
schedule. For instance, researchers claimed that taxi drivers worked on a shift basis, with eight hours
per shift, and most of the taxis operate on two or three shifts by more than one driver every day [9,10].
The taxi-driver shift schedule was usually used to divide the operation time of a taxi in a day into
different shifts. Then, the service model of taxis can be constructed based on the factors of each work
shift such as taxi operating cost, service intensity, waiting time, weather condition and so on [6,9,11,12].
Beyond that, a few studies proposed to establish the model to obtain the optimized schedule or parking
spots for taxi-driver shifts [13,14]. For example, Meng et al. [13] constructed a model of taxi-driver
shift behavior by analyzing customer demand of taxis under different weather conditions and travel
intensity of citizens. Then, the taxi-driver shift model was used to provide information about the
optimized parking spots for taxi-driver shift activities. Li et al. [14] applied an optimized fuzzy
clustering method to obtain the districts of traffic zone and then used the shortest path algorithm
to obtain the best parking spot of the taxi-driver shift in each district. Sun et al. [15] analyzed the
spatiotemporal distribution of taxi-driver shift event in Beijing city by using the taxis” GPS data and IC
card information of taxi drivers. Although they provided a case study of taxi-driver shift event analysis,
most taxi trajectories do not record the information of drivers, such as his or her employee number,
from the perspective of privacy protection. Spatiotemporal distribution analysis of taxi-driver shift
events by using taxi GPS trajectories without taxi drivers’ IC card data still faces challenges, including
how to detect the taxi-driver shift activities from all parking events and explore its distribution features
in the context of space—time to assist decision-making for governments or policymakers.

The objective of this study is to automatically detect taxi-driver shift activities using big trace data
collected by taxis and further analyze their spatiotemporal distribution features. Its significance lies
in the intelligent detection and identification of the distribution of taxi-driver shifts to promote the
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management of urban traffic and facilitate people’s travel. It also contributes to the acquisition of
dynamic traffic information in the construction of smart cities. To detect taxi-driver shift activities, a
two-step strategy has been designed. First, the frequent spatiotemporal sequential pattern mining
algorithm was used to detect the frequent spatiotemporal sequences from all parking events. Then,
a Gaussian model was constructed based on the prior knowledge of taxi-driver shift events to
further identify taxi-driver shift events from all frequent spatiotemporal sequences in the second step.
The spatiotemporal distribution of the detected taxi-driver shift events is analyzed based on two
indicators: regional coverage intensity and density. Taking Wuhan city as an example, the experimental
results show that the taxi-driver shift events have two high peak periods: from 1:00 a.m. to 4:00 a.m.
and 4:00 p.m. to 5:00 p.m. About 10.35% of the taxi-driver shifts seriously violated the regulation
issued by Wuhan traffic administration. In addition, the experimental results show that the parking
locations of most taxi-driver shift events distribute in a central urban area, which is in accordance with
the drivers’ goal of increasing income. Meanwhile, the Wuchang district and Jianghan district have the
strongest intensity and density distributions of taxi-driver shifts, respectively. These results will help
policymakers and governments decide when and where to step up road patrols and prevent traffic
jams. Our main contributions in this paper are as follows:

1. A two-step strategy is designed in this study to automatically detect taxi-driver shift activities
from big trace data, without drivers’ identity information. The experimental results showed that
the identification accuracy and recall of taxi-driver shift activities in the city of Wuhan can reach
about 95% and 90%, respectively. This identification method can monitor the distribution of
urban taxi-driver shifts in a timely manner and detect the occurrence of taxi-driver shifts at a low
cost, thus providing technical support for intelligent traffic management in the future.

2. The spatiotemporal distribution of the detected taxi-driver shift events is analyzed based on two
indicators: regional coverage intensity and density. The statistical results of taxi-driver shift
events in the context of space-time can assist in traffic management and taxi supervision, such as
checking the illegal taxi-driver shift behaviors and serving as a reference for the site selection of
parking lots for taxi-driver shifts, and thus alleviate the problems caused by the taxi-driver shifts
and promote the convenience of the city.

The rest of this paper is organized as follows. Section 2 demonstrates the proposed method for
detecting taxi-driver shift events using big trace data. Section 3 evaluates the effectiveness of the
proposed method and analyzes the spatiotemporal distribution of taxi-driver shift events by using
big trace data collected by taxis in the city of Wuhan. Finally, Section 4 concludes the findings and
discusses future work.

2. The Methodology of Taxi-Driver Shift Activity Detection

2.1. Querview

As shown in Figure 1, a two-step strategy was proposed to automatically detect taxi-driver shift
events from big trace data. First, the theory of spatiotemporal sequence analysis is applied to pick
out the frequent spatiotemporal sequences from all parking events. Then, taxi-driver shift events are
identified from all frequent spatiotemporal sequences by using the Gaussian model. Here, the prior
knowledge used for constructing the Gaussian model was obtained from the ground truth which was
confirmed by manual inspection.
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Figure 1. Architecture of taxi-driver shift event detection based on big trace data.
2.2. Taxi-Driver Shift Behavior Analysis

Parking events frequently occur during a day of taxi operation, such as taking shifts, picking up
passengers, having a meal, refueling, and idling due to traffic jam. The information of these parking
events mixes in one vehicle trajectory, which brings challenges for taxi-driver shift event detection.
The taxi-driver shift activities are produced by job-sharing, as most taxis operate on two or three shifts
by more than one driver every day. For individual taxis, the time and place of taxi-driver shifts is
regular, and drivers sharing a taxi usually take shifts at about the same time and place every day
based on their own convenience. However, the shift schedule and place vary across individual taxis or
drivers [9]. For example, there are about 20,000 taxis in Wuhan city, and each taxi adopts a two-shift
operation mode. These taxis may take shifts at different specific times and locations, but in general,
the shift times are similar. Because the income of taxi drivers is related to the travel intensity of citizens,
each shift in Wuhan city includes peak travel to equilibrate the income of each driver [16]. The behavior
of taxi-driver shift activities in this study is illustrated from two aspects: time and space.

2.2.1. Schedule of Taxi-Driver Shift Activities

Taking Wuhan city as a case, a full operation cycle for a taxi takes 24 h and runs on a two-shift
operation mode. Most taxi drivers work for 10 h per day, and they will choose to rest during non-rush
hours [10]. Based on the rule of travel activities of citizens, the two-shift operation mode of taxi drivers
may contain two possibilities because of the rest schedules, as shown in Figure 2. One is to have a
rest in the morning from 0:00 a.m. to 4:00 a.m. (see Figure 2a), and the other is to take a break in the
morning from 0:00 a.m. to 2:00 a.m. and at the noon from 12:00 a.m. to 2:00 p.m. (see Figure 2b).
In the first instance, the first shift ranges from 4:00 a.m. to 3:00 p.m. and the second shift ranges from
3:00 p.m. to 0:00 a.m. In the second instance, the first shift ranges from 2:00 a.m. to 12:00 a.m. and the
second shift ranges from 2:00 p.m. to 0:00 a.m.
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0:00 am 0:00 am
Rest: 2 Hours
21:00 p 3:00 am 21:00 p 3:00 am
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(a) (b)

Figure 2. Two-shift operation mode in China: (a) the shift operation mode in the first instance; (b) the
shift operation mode in the second instance.

2.2.2. GPS Data Recording During Taxi-Driver Shift Activities

For taxi GPS trajectories, there are two kinds of data record formats for taxi-driver shift activities,
as shown in Figure 3. The first one is to record many GPS points located in the same shift place as the
power of the GPS device is on, as shown in Figure 3a. In addition, in the case of the power failure of
the GPS device, there are only two GPS track points that are collected during the taxi-driver shift event
occurrence. One is collected in the previous shift, and the other is obtained at the beginning of the
current shift (see Figure 3b). For most of the taxis, the shift place for drivers who operate one taxi is
fixed, although the shift schedule may change with the operation situation [14].
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ime : Time ./:
— : 2 ’ i
4 : : : H i
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® H : i
¢ : . - - i
e 4 i ; I 5 i :
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Figure 3. Taxi GPS data collection during taxi-driver shift activities: (a) the GPS data collection when
the GPS device is on; (b) the GPS data collection when the GPS device is failure.

2.3. The Methodology of Taxi-Driver Shift Activity Detection

Based on the above analysis, the taxi-driver shift activities of a taxi in a full operation cycle is
regarded as a sequential event. The length of this sequential event is equal to the number of shifts.
For example, the length of the sequential event for taxis in Wuhan is 2 because of running on a
two-shift operation mode. For a taxi, the shift operation mode occurs every day and it is cyclically
repetitive. Based on the time sequence theory, the taxi-driver shift activity belongs to a frequency
sequence [17]. It needs to be stressed that the frequent spatiotemporal sequences not only contain
taxi-driver shift activities but also contain the other parking events. However, taxi-driver shift events
have their own characteristics that other parking events do not have, which gives us an opportunity
to identify them. Therefore, to accurately detect taxi-driver shift activities from all parking events,
this paper proposes a two-step strategy to detect taxi-driver shift activities. The first step is to detect
the frequent spatiotemporal sequential patterns from all parking events. Then, a Gaussian model is
constructed based on the prior knowledge of taxi-driver shift events to further identify which frequent
spatiotemporal sequential patterns belong to the taxi-driver shift activity in the second step.
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2.3.1. Frequent Spatiotemporal Sequences Identification

In this study, the parking event that occurred during taxi operation is denoted as Pe, where
Pe = (I, t) and ] and t are the location and time of Pe occurring, respectively. Based on the method
proposed by Giannotti et al. [17], the spatiotemporal sequence of taxi-driver shift activity is marked
as TAS (Temporally Annotated Sequence). In this study, the GPS trajectory of taxis is denoted as T.
The information of all parking events, including the occurrence location and time, is contained in
the trajectory T. To obtain the sequences of events from a whole trajectory T, we first segment T into
a series of subsequences (denoted as T) based on the operation cycle of taxis. Since there are 24 h
in an operation cycle of a taxi, each Ty is collected in 24 h. Then, we find all parking events from
each Ty. The following steps show how to detect frequent spatiotemporal sequential patterns from all
parking events.

Step 1: Any two adjacent parking events (Pe; and Pe; , 1) in a full operation cycle of taxis can
compose a spatiotemporal sequence, which is denoted as TTAS in this paper. The length of TTAS is
equal to 2 and can be denoted as TTAS = (P, At), where P = (Pe;, Pe; 4 1), Pe; = (i, t;), Pej + 1 = (li + 1,
ti + 1), and At is the transition time between Pe; and its corresponding event Pe; . 1.

Step 2: For any two spatiotemporal sequences TTAS; and TTASy, where TTAS; = (P1, At;) and
TTAS, = (P,, At), if their occurrence locations are same, i.e., [; = I, and transition time is less than the
time threshold 7, i.e., |At; — Aty| < 7, that means TTAS; is exactly contained in TTAS; and denoted as
TTASl <z TTASZ

Step 3: The location and transition time of the parking event compose the spatiotemporal sequence
pattern, which is denoted as Patt = (L, TI), where L is the location set of the parking event occurrence,
and TI is the time interval of the transition times. For a given spatiotemporal sequence TTAS, if the
occurrence location of TTAS is the same as Patt, and its transition time is contained in T1, then we say
that TTAS matches with Patt, denoted as TTAS~Patt. For taxi-driver shift events, the spatiotemporal
sequence patterns can be denoted as Pattg;f. All spatiotemporal sequence patterns of parking events
for a taxi can be denoted as Pt = (Pattq, Patt,, ... , Patty).

Step 4: The number of taxi operation days is denoted as d. The spatiotemporal sequences set is
denoted as J, and TTAS* is the matched spatiotemporal sequences with the spatiotemporal sequence
pattern Patt; (Patt; € Pt). The t-support of Patt; can be computed as follows (see Equation (1)). If sp(Patt;)
> 1, the sequence pattern Patt; is regarded as a frequent spatiotemporal sequential pattern.

{TTAS" € JITTAS* ~ Patt;}|
Id|

sp(Patt;) = )

2.3.2. Taxi-Driver Shift Activity Identification Based on Gaussian Model

Theoretically, the value of 7-support of Pattgire should be 1 and higher than other spatiotemporal
sequence patterns such as picking up passengers, having a meal, and vehicle gas-filling. In fact, when
both drivers who share a taxi take a break and ask others to replace them to keep the taxi operation, the
taxi-driver shift location and time will change greatly, which is not in the mutual inclusion relation with
the usual spatiotemporal sequence of taxi-driver shift events, resulting in that the value of T-support of
Pattgife of these activities could be less than 1. To accurately detect taxi-driver shift activities from
all frequent spatiotemporal sequential patterns, we manually selected real samples of taxi-driver
shift events from the training dataset and analyzed their behavioral characteristics from four aspects:
interval distance, interval time, transition time, and average no-load distance. The interval distance
(denoted as f1) indicates the distance between the parking locations of taxi-driver shift activities of one
taxi. For two shifts in a day, the interval distance is the distance between the parking locations for the
two shifts. The interval time (denoted as f7) is the duration of each shift. For example, the duration of
the first shift or the second shift is regarded as the interval time, as shown in Figure 2. The transition
time (denoted as f3) refers to the duration of a taxi-driver shift event, from the first driver delivering
the vehicle to the second driver starting the operation, as shown in Figure 3. In Figure 4, the value of



ISPRS Int. . Geo-Inf. 2020, 9, 281 7 of 16

transition time is (f5 — f4). No-load distance is the distance from the starting location of taxi-driver
shift activity to the site of the previous driver who drops off the passengers, as shown in Figure 4.
The average no-load distance of a taxi when it is in idle load (denoted as f4) is the average no-load
distance of two shift events in a day.

The taxi is operated by driver A The taxi is operated by driver B
|
~ N
e 1 g o) 12 f‘ 1 5
.- -------------------------------------------------------- The starting track point of
Drop passengers  No passengers ~ No passengers  No passengers taxi-driver shift event
T T @ The ending track point of

taxi-driver shift event
No-load distance

Figure 4. Schematic diagram of a taxi-driver shift behavior.

Based on the above definitions of shift behavior features, we extract the prior knowledge from the
training samples of taxi-driver shift events obtained by manual investigation. The statistical results
show that the interval distances of all taxi-driver shift samples are within 5 km, and about 80% are
within 1 km, as shown Figure 5a. The interval time ranges from 8 to 12 h, and the average value is
about 10.5 h (see Figure 5b). The transition times of about 90% taxi-driver shift activities are greater
than 0.8 h (see Figure 5c). The average no-load distance of taxi-driver shift activity is less than 1 km,
as shown in Figure 5d. There are many cars with a no-load distance of 0, which is due to the fact that
many taxi drivers will mark the meter to full load before the shift. In this way, they show a rejection
signal to passengers when they are busy changing shift. The probability histograms of these behavior
characteristics present Gaussian-like distributions—especially for f, and f3.

25% 35%
30%
é?’zo% § 25;
£ 15% 2 20%
5 3 15%
S 109 S
5 10%|
0,
5% s
0
4 3 2 10 1 2 3 4 5 0 9 10 11 12 13 14
Distance (km) Time (h)
(@) (b)
70%) 20%)
o 60%
2 50% § 15%
2 40% 2 o
32 30% <"
X 307 S
= 20% = s,
10%
0
070705 1.0 1.5 2.0 2.5 3.0 Z 2 0 2 4 6
Time (h) Distance (km)
(c) (d)

Figure 5. The probability histograms of behavior characteristics using taxi-driver shift samples:
(a) interval distance (f1), (b) interval time (f,), (c) transition time (f3), and (d) average no-load
distance (f4).
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Based on the above analyses, this study proposed to apply the Gaussian model to further identify
taxi-driver shift events from all frequent sequential patterns, as shown in Equation (2).

p) exp—3 (=) (v )] @

B 1

T P
V(2n) IC]

where x is the feature vector of parking events which includes the interval distance, interval time,

transition time, and average no-load distance; C is the covariance matrix of these features; y is composed

by the average value of each features, u = (u1, 4z, 43, Ha4). The feature vector x can be denoted as:

x =(f1,f2, f3,f4), where f1, f, f3, and f4 correspond to the above four features.

P(Patt; = Patty,ig|Patt; € Pt) = Z p(x) 3)
Ty~Patt;

Pattshift = max(P(Patt;)) 4)

The probability of the frequent spatiotemporal sequential patterns Patt; (i=1,2, ..., n) belonging
to taxi-driver shift activity is computed in Equation (3). We think that the Patt; is taxi-driver shift
activity only when its probability is higher than others, as shown in Equation (4).

3. Case Study: Identification and Spatiotemporal Analysis of Taxi-Driver Shift Events in
Wuhan City

In this study, the proposed method was tested by using real-world taxi trajectories collected from
1 August to 7 August in 2013. These vehicle trajectories were generated by 2000 taxis in the city of
Wuhan, China, as shown in Figure 6. The administrative map of Wuhan city in 2013 is provided by
the Wuhan planning bureau and used to display the spatial distribution of the detected taxi-driver
shift events. Based on the administrative map, there are 13 districts in Wuhan city, seven of them
are located in the central urban area, including Jiangan district, Jianghan district, Qingshan district,
Qiaokou district, Hanyang district, Wuchang district, and Hongshan district, as shown in Figure 6.

Y o T, T
Yo B T N W $ N
| YRS ™ s ¢
I AN O ;
uiq R Sl 2 by 53 l
4 $Y : o H
" '
vs’?“” v . o
E 2N o Huangpi District
H 5 FOE S
Eomnady . (¥
s
\ ! -
RV S .,:\\ o - Xinzhou
Y i .
£ % - [ Dongxihu District ", D
. . 4 .
o]
=pa N
S e’ |
v
Saeee % . Caidian Distri
A aidian District
%"
] : o Jiangnan District
- ; S K 4 : Jiangxia District
£ el - LT .
A N [ U i
i kf I3 S P L g o 0 13500 27,000 54,000
(a) (b)

Figure 6. Experimental datasets: (a) taxi trajectories collected in a workday in the city of Wuhan, China;
(b) the administrative map of Wuhan city.

In order to better explain the experimental process, the experimental steps are organized,
as detailed below.

In the first step, we extracted the time and location of parking events from the GPS trajectories of
the 2000 taxis based on the features of parking events. The spatiotemporal sequences of the parking
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events of the 2000 taxis were obtained and can be organized as spatiotemporal sequence patterns of the
parking events. Then, we mined the frequent spatiotemporal sequential patterns of parking events by
frequency measurement principle. In the second step, 1400 taxi-driver shift events of 100 taxis with real
shift records from 1 August to 7 August in 2013 were manually calibrated as training data to obtain the
Gaussian distribution of the characteristics of taxi-driver shift events, such as interval distance, interval
time, transition time, and average no-load distance. Then we built the Gaussian mixture model to
further identify taxi-driver shift events from all frequent spatiotemporal sequential patterns, as shown
in Equation (2). The probability that each frequent spatiotemporal sequential pattern belongs to the
taxi-driver shift patterns was calculated according to Equations (3) and (4) to identify the taxi-driver
shift events. In order to further evaluate the identification accuracy of this method, we used the track
data of 385 taxis with real taxi-driver shift records from 1 August 2013 to 7 August 2013 as testing data
to calculate the precision and recall rate of this method. The ground truth of these taxi-driver shift
events for training and testing was obtained by manual identification and field investigation. Finally,
we analyzed the spatiotemporal distribution of the detected shift events of the 2000 taxis from different
time and space scales. All the above processes are shown in the Figure 7.

{ GPS trajectories ]

Training data set

Selecting based on spatiotemporal

Extracting characteristic information of taxi-driver shifts
features of parking events

Characteristics
distribution of the

‘ The trajectories of ‘
taxi-driver shift events

parking events

DBSCAN clustering algorithm

Parking location identification Building a mixed Gaussian model

analysis of taxi-driver shifts

Gaussian model of taxi-
driver shift sequence

Spatiotemporal distribution ’

Spatiotemporal sequence
of parking events

Calculating the probability A .
Spatiotemporal sequential pattern mining TaXI derer Shlft
udge events
Fi .
Spatiotemporal sequence e Frequent spatiotemporal
zttern ofp arkin qevents sequence pattern of Identification
P P 9 parking events evaluation

Figure 7. Experimental flowchart.
3.1. Data Preprocessing and Parameters Discussion

In this study, the positioning accuracy of the GPS trajectories was about 10-15 m, and they were
collected at a sampling interval of about 5-60 s [18]. Each GPS track point is represented by g(t, gy, I,
op), where t, gxy(xg, yg), h and op are the time stamps, geographic coordinates, heading angle (0°-360°),
and occupied state, respectively, for a GPS point. The occupied state op of a taxi includes two types:
occupied with the passenger (marked with 1) or not (marked with 0). A GPS trajectory is comprised
of a set of corresponding GPS track points, denoted as T = (g7 ... gn), Where n is the number of GPS
track points belonging to the trajectory. Because GPS trajectories were collected by taxis equipped with
commonplace GPS devices instead of professional high-accuracy positioning systems. There are some
outliers caused by GPS drifting mixed in the raw data set, which might exacerbate the uncertainty in
feature extraction results and affect the detection of taxi-driver shift events. To this end, we adopted
the method proposed by Yang et al. [19] to remove outliers, and the preprocessed data were used for
experiments detailed in Section 3.1.1.
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3.1.1. Parking Event Extraction from GPS Trajectories

We first extracted parking events from GPS track data of the 2000 taxis. The parking events implied
in the GPS trajectories were extracted by analyzing the features of parking behavior such as speed,
time, and location, etc. In general, the speed of all parking events is zero. This is the first constraint for
extracting the parking events from GPS trajectories. Secondly, based on field investigations, the time
constraint for parking events in Wuhan city is usually more than 2 min. Thus, the time constraint for
parking events extraction was set as 120 s in this study. Besides, as previously mentioned in Section 2,
the GPS tracking point was collected by taxis with a fixed sampling rate. The minimal sampling rate of
the GPS track point used in this study was 40 s. The parking event for a taxi will at least be recorded by
two adjacent GPS track points. That is, the minimal traveling time of a parking event from beginning to
end recorded by the GPS device is about 80 s. Based on the statistics, the average maximum road speed
for taxis in the urban area is about 50 km/h, so the maximal traveling distance of a parking event from
beginning to end will usually be no more than 1200 m. Therefore, the distance constraint for parking
events extraction was set at 1200 m. Finally, according to the analysis of the preceding context, the GPS
tracking points of parking events have two collection conditions: the power of the GPS device is on or
the power of the GPS device is failure. In the first instance, the GPS device will collect many points
when the taxi stops somewhere. These GPS points are collected in the same place but present a density
distribution due to GPS location error. To accurately determine the location where the parking event
occurred, we proposed to apply the DBSCAN clustering method to extract the locations of all parking
events. Specifically, the neighborhood radius of the DBSCAN clustering algorithm in this study was
set as 100 m, and the minimal clustering points of events was set as 3 based on the prior knowledge of
samples. These locations with corresponding parking events composed a location set (L).

3.1.2. Taxi-Driver Shift Event Detection Based on the Two-Step Strategy

The location set L is composed of a series of parking events. Based on the spatiotemporal sequence
theory, we first extracted the spatiotemporal sequences of all parking events and got the set of TTAS.
Then, the transition time threshold 7 was set as 60 min, the value of time interval of transition times
TI was set as 150 min, and the threshold of t-support was set as 0.5 based on the prior knowledge
of samples. Then, we detected the spatiotemporal sequence patterns based on the length constraint
and then computed the t-support of all spatiotemporal sequence patterns. Based on the threshold of
T-support, we obtained frequent spatiotemporal sequential patterns. The samples of real taxi-driver
shift events generated by 100 taxis were used as training data to extract the four-dimensional Gaussian
distribution of four features (f1, f, f3, f4). The covariance matrix C of these features is shown in
Equation 5. The average of the value of four features were p = (1.43 km, 10.58 h, 0.82 h, 0.96 km).
The taxi-driver shift events were detected based on the above method of the Gaussian model (see
Equations (2) and (3)).

12826 —-0.0656 -0.2102 0.0811
c_ —-0.0656 2.1568  0.0091 —0.0464 5)
—-0.2102 0.0091 03012 —0.0430
0.0811 —-0.0464 -0.0430 2.9842

Subsequently, we used the above parameters and this Gaussian model to detect taxi-driver
shift events from GPS trajectories collected from 2000 taxis in Wuhan from 1 August to 7 August
2013. Through the experiments, 1808 cars with shift events were identified, with a total of 23,414
taxi-driver shift events. The proportion of identified vehicles was approximately greater than 90%.
The experimental results showed that the average number of taxi-driver shift events identified within
a full operation cycle of taxis was about greater than 1.8, which is closer to the standard value 2.
To further evaluate the proposed method, we used the track data of 385 taxis with real taxi-driver shift
records from 1 August 2013 to 7 August 2013 as testing data to calculate the identification precision
and recall rate based on confusion matrix classification evaluation. The precision rate is the ratio
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of the number of correctly detected shift events to the number of detected shift events. The recall
rate is the ratio of correctly detected shift events to the number of real shift events. The statistics
showed that the identification precision and recall rate of taxi-driver shift events by using the proposed
method were about 95.00% and 90.00%, respectively. However, there was also about a 5% chance of
incorrectly identifying taxi-driver shift events, and about 10% of the taxi-driver shift events were not
identified. In urban areas, it is a challenging task to accurately recognize taxi-driver shift events from
GPS trajectories without the ID (identification card) information of each taxi driver. These mistakes
and missing identification of taxi-driver shifts are mainly due to a small number of drivers who do
not conduct taxi-driver shift behaviors regularly. That is, a small number of drivers who operate one
taxi will ask other drivers to replace them for a short time so that they can rest. In that case, the time
and location of the taxi-driver shift occurrence will be changed many times, making the identification
accuracy and recall rate lower.

3.2. Exploring the Spatiotemporal Distribution of the Detected Taxi-Driver Shift Events

Based on the proposed method in this study, more than 20,000 taxi-driver shift events were detected
from the GPS trajectories generated by 2000 taxis from 1 August to 7 August 2013. The spatiotemporal
distribution of these taxi-driver shift events reflects the implementation of taxi operation policy and
the rationality of urban infrastructure distribution from a unique perspective. For example, the city
government of Wuhan issued a taxi operation policy prohibiting taxi-driver shift activities during the
evening rush hour to reduce the difficulty of taking cabs at 6:00 p.m. We can determine whether all
taxi drivers are compliant with this regulation by analyzing the spatiotemporal distribution of the
detected taxi-driver shift events. The following subsections detail how we analyze the distribution of
taxi-driver shift events from two aspects: time and space.

3.2.1. Time Distribution of Taxi-Driver Shift Activities in Wuhan City

Figure 8 shows the statistics of taxi-driver shift events that occurred from 1-8 August 2013. Based
on the statistical results, taxi-driver shift activities in Wuhan, China mainly occur in three time periods:
1:00 a.m. to 4:00 a.m., 4:00 p.m. to 5:00 p.m., and 10:30 a.m. to 1:00 p.m. The number of taxi-driver
shift events in the third period is far less than in the other two time periods, as shown in Figure 8.
This means that most of the taxi drivers choose to change shifts in the early morning or off-peak hours
in the afternoon. During the early morning, the traveling willingness of citizens is the lowest in a
day, and the demand for taxis, in turn, is the lowest in the full operation cycle. However, the OD
(Origin-Destination) number of taxis increased gradually from 4:00 p.m. to 5:00 p.m., and the intensity
of taxi-driver shift activities occurred also increased. Thus, it will cause difficulty in taking cabs if taxi
drivers extend the transition time in the afternoon. Besides, the number of taxi-driver shift events that
occurred on 3 August 2018, was lower than on the other days. The reason for that is because this was a
Saturday, and drivers might choose to have a break. That means they might reduce the working time
of each shift or ask for others to cover for them.
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Figure 8. Temporal distribution of taxi-driver shift events in Wuhan, China from 1-8 August 2013.
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3.2.2. Spatial Distribution of Taxi-Driver Shift Activities in Wuhan City

The density and intensity of taxi-driver shift events are used as the indicators to assist in qualitative
analysis for taxi-driver shift spatial distribution. Specially, taxi-driver shift density means the number
of taxi-driver shift events in the unit area of the administrative zoning map of Wuhan city. To get
the density of taxi-driver shift events, we divided the whole administrative zoning map of Wuhan
city into many rectangles with 1000 m length and 1000 m width and then computed the density of
taxi-driver shift events per unit area. The intensity of taxi-driver shift events indicates the sum of
taxi-driver shift events in each administrative area of this municipality. Figure 9 shows the density of
taxi-driver shift events overlapped with the road network and a part of POI (e.g., gas station) data in
Wuhan. As can be seen in Figure 9, most of the taxi-driver shift events occurred in the central city
area. The density of taxi-driver shift events distributed in each district presented a relatively uniform
distribution, except in Qingshan district. In addition, taxi-driver shift events distributed in the central
city area are clustered around on several roads, including Xiongchu Avenue, Jiefang Avenue, Houhu
Avenue, and Hanyang Avenue. Those roads are all located on the edge of bustling financial districts.
Here, a booming business center means that the demand for taxis is tremendously high and that the
income potential for drivers is consequentially increased. Meanwhile, as shown in Figure 9, we found
that the parking locations of taxi-driver shift events and gas stations in Wuhan had a high correlativity.
The reason for this drivers abiding to an unwritten rule: taxi drivers who operate one taxi must fill the
car up with gas before they hand the car over to the other.
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Figure 9. Spatial distribution of parking locations for taxi-driver shift events that occurred 1-7
August 2013.

For further analysis of the differences in the spatial distribution of the taxi-driver shift events
in each administrative district, we computed the intensity and density of taxi-driver shift events in
each district, as shown in Figure 10. As discussed, there are 13 districts in Wuhan city, and the central
urban area mainly includes 7 districts: Jiangan District, Jianghan District, Qiaokou District, Hanyang
District, Wuchang District, Hongshan District, and Qingshan District. As illustrated in Figure 10,
Whuchang District has the highest intensity of taxi-driver shift events. This is because there are many
business centers distributed over this area, including the Zhongnan business district, Xudong business
district, Jiedaokou business district, and Chu River and Han Street business district. There are also
many universities, such as Wuhan University, Wuhan University of Technology, and the Central China
Normal University. The prosperous economy and huge crowds in this district that favor its passenger
source over the other places. Therefore, most drivers choose to hand the car over to the other driver
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in the Wuchang district. In Figure 10, we can see that the intensity of taxi-driver shift events in the
Jianghan District is not the highest, but its density is the highest because of its size. This high density
of taxi-driver shift activities alerted us that governments or administrators should strengthen road
patrol and prevent traffic jams in this area, especially in the rush hours.
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Figure 10. Spatial distribution of parking locations for taxi-driver shift events in each administrative
district. (a) The intensity of taxi-driver shift events distributed in each administrative district of Wuhan.
(b) The density of taxi-driver shift events distributed in each administrative district of Wuhan.

Compared with the central urban area of Wuhan, the intensity of taxi-driver shift events distributed
in the peri-urban districts such as Huangling District, Dongxihu District, and Caidian District is low.
There are two main reasons for the low intensity of taxi-driver shift events in these places. First, the
population living in these places is lower than the central urban area. For example, the populations of
Caidian District and Wuchang District are about 460,000 and 1,250,000 in 2013, respectively. Thus, the
number of potential customers in Wuchang is higher than Caidian District. Secondly, most residents
of the region in the peri-urban area are farmers and self-employed. Their income and occupation
determine their trip mode. In general, they may be more willing to take public transit or drive their
private cars.

3.3. Violations Analysis of Taxi-Driver Shift Events

As already noted, taxi-driver shift activities are prohibited during the evening rush hour from
5:00 p.m. to 7:00 p.m. based on the taxi operation policy issued by the city government of Wuhan in
2012. Those breaking the law face fines (e.g., about 500-1000 RMB) and downtime of 15 days. To crack
down on the practice, the office of traffic management of Wuhan sent 10 inspecting teams to check
the violation activities every day. This paper proposed a method to automatically identify taxi-driver
shift events from GPS trajectories and provide the location and time of violation behaviors based on
the spatiotemporal analysis of the detected results. For example, taking 10 min as the time interval,
we counted the number of taxi-driver shift events from 5:00 p.m. to 7:00 p.m., as shown in Figure 11.
It should be stressed that these taxi-driver shift events used for analyzing violation activities were all
identified correctly based on the GPS data generated by the 2000 taxi on 1-7 August 2013. The results
shown that about 19.83% of taxi-driver shift events in all detected shift events violated this regulation
of taxi operation. An average of about 663 taxi-driver shifts break the rules every day. The number of
taxi-driver shift events declined rapidly from 5:00 p.m. to 7:00 p.m. During the period from 5:00 p.m.
to 5:30 p.m., there were about 47.78% of taxi-driver shift events in all illegal taxi-driver shift events
violating the regulation. Considering traffic jams and distance between two drivers, those drivers who
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are a half-hour late during the taxi-driver shift period will be regarded as violation of the regulation.
Beyond that time, drivers will be considered as committing “serious irregularities”. In such a case, the
percent of violation is about 10.35% in all shift activities.
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Figure 11. The number of taxi-driver shift events during the 5:00 p.m. to 7:00 p.m. period from 1 to 7
August in 2013.

Figure 12 shows the location of the serious violations of taxi-driver shift activities during the study
period of 1-7 August 2013. Based on the visualization results, the distribution of the parking locations
of these serious irregularities is relatively homogeneous. Many parking locations were distributed in
some hidden places where they would not normally be found by the inspecting teams. That means it
is very hard to crack down on all violation activities of taxi-driver shift if the inspecting teams just
depend on the filed investigation. The spatiotemporal analysis of taxi-driver shift events proposed in
this paper, therefore, can assist in detecting the parking locations and time of the serious irregularities
as well as assist governments to improve the traditional methods for traffic management.
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Figure 12. Spatial distribution of serious violations of taxi-driver shift activities.
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4. Conclusions

As animportant component of taxi management, taxis shifts play a vital role in urban transportation.
However, research results for taxi-driver shift event detection and spatiotemporal analysis based on
big trace data are not widely available, so this study is motivated by the need to address this topic.
The methods proposed in this paper use taxi trace data without drivers’ identity information to analyze
the spatiotemporal distribution of taxi-driver shift activities. The mechanism of automatic detection
of taxi-driver shift events includes two steps: frequent spatiotemporal sequential pattern mining
and taxi-driver shift identification based on the Gaussian model. Taking the city of Wuhan as an
example, the spatiotemporal distribution of taxi-driver shifts is analyzed in detail using big trace data
of 2000 taxis collected in 2013. To evaluate the distribution of taxi-driver shift events, the indicators of
taxi regional coverage intensity and density are applied in the following analysis. The experimental
results show that the identification precision and recall of taxi-driver shift activities in the city of
Wuhan could achieve about 95% and 90%, respectively. The occurrence time of taxi-driver shift events
in Wuhan mainly has two high peak periods: 1:00 a.m. to 4:00 a.m. and 4:00 p.m. to 5:00 p.m. About
10.35% of the taxi-driver shift events in all detected shift events seriously violated the regulation issued
by Wuhan traffic administration, although it is prohibited to take shift during the evening rush hours.
Besides, the results indicate that parking locations of most taxi-driver shift events are distributed in the
central urban area, which is in accordance with the drivers’ goal of increasing income. The strongest
intensity and density of taxi-driver shift events were distributed in the Wuchang district and Jianghan
district, respectively. To prevent traffic jams in these areas, especially in the evening rush hours,
governments or administrators should strengthen road patrol in these areas.

In conclusion, this study investigated the spatiotemporal distribution of taxi-driver shift events
using big trace taxi data. The results illustrate that the proposed method is effective in taxi-driver
shift identification. Meanwhile, the analyses of taxi-driver shift events are useful for policymakers
and governments in planning traffic dispersion and taxi supervision. However, the present study also
has some limitations. First, the method of taxi-driver shift detection is based on the prior knowledge
of taxi-driver shift behaviors, which may be influenced by sample differences and lead to certain
errors in the results. Second, given the limitations of the research conditions, the results of taxi-driver
shift distribution in the context of space-time are analyzed only by using trace data; therefore, some
explanations for taxi-driver shift event distribution in the city of Wuhan may have be controversial.
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