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Abstract: Bus bunching is a common phenomenon caused by irregular bus headway, which increases
the passenger waiting time, makes the passenger capacity uneven, and severely reduces the reliability
of bus service. This paper clarified the process of bus bunching formation, analyzed the variation
characteristics of bus bunching in a single day, in different types of periods, and at different bus stops,
then concluded twelve potential factors. A hybrid model integrating a genetic algorithm with elitist
preservation strategy (eGA) and decision tree (DT) was proposed. The eGA part constructs the model
framework and transforms the factor identification into a problem of selecting the fittest individual
from the population, while the DT part evaluates the fitness. Model verification and comparison
were conducted based on real automatic vehicle location (AVL) data in Shenzhen, China. The results
showed that the proposed eGA-DT model outperformed other frequently used single DT and extra
tree (ET) models with at least a 20% reduction in MAE under different bus routes, periods, and bus
stops. Six factors, including the sequence of the bus stop, the headway and dwell time at the previous
bus stop, the travel time between bus stops, etc., were identified to have a significant effect on bus
bunching, which is of great value for feature selection to improve the accuracy and efficiency of bus
bunching prediction and real-time bus dispatching.

Keywords: bus bunching; bus headway; spatial-temporal characteristics; genetic algorithm; decision
tree; automatic vehicle location

1. Introduction

The bus bunching phenomenon is easily seen in our daily lives, which is usually
understood as consecutive buses of a single line arriving at the same bus stop within a
small interval. Gf et al. [1] first studied the bus bunching problem and demonstrated that
bus vehicles tend to run in pairs during operation and that the instability of bus headway
increases this trend. Bus bunching occurs when the headway of two adjacent vehicles at
the same stop is less than the regular value; therefore, the identification of bus bunching
could be transformed into the evaluation of the bus headway. The evaluation criteria of bus
bunching are flexible and vary with different scholars. A fixed value such as 30 s or 1 min
has been studied as the bus bunching threshold [2,3]. Moreover, the real-time headway is
recommended to be larger than 1/2 or 1/4 of the scheduled headway [4,5]. The coefficient
of variation of headway, with the advantage of eliminating the influence of average values
and reflecting the deviation away from the mean line, is also generally used to evaluate the
stability of headway [5].

Bus bunching is undesirable for both passengers and operators. Since buses usually
leave at a regular interval from the terminus, when the headway between adjacent vehicles
on the same route is less than normal, there is a subsequent large interval, causing over-
crowding on the front bus and highly increased passenger waiting time at the stop, which
have a more negative impact on passengers compared to on-board travel time or average
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travel time [6,7]. For operators, bus bunching is usually accompanied by overcrowding
on the front bus and a lower passenger load on the following bus, resulting in a waste of
transport resources and increased operational costs. What is worse is that there is a positive
feedback loop in the process of bus bunching. Small delays during operation may increase
the number of passengers and raise the boarding and alighting time at the stop, which in
turn exacerbate bus bunching [8]. The effects of bus bunching are difficult to eliminate
without effective control strategies. Initial delays would be continuously transmitted and
expanded, increasing the number of affected bus vehicles, stops, and passengers and finally
exacerbating the instability of bus operation along the entire route.

Bus bunching is usually caused by numerous factors during bus traveling and dwelling,
but not all these factors are equally important. Identifying significant factors is of vital
importance to improve the accuracy of bus bunching estimation, optimize real-time bus
dispatching, etc., which greatly help to eliminate the impacts of bus bunching as much as
possible. Overall, the main contributions of this paper could be summarized as follows:

1.  We analyzed the whole process of bus bunching formation in two parts: bus traveling
between bus stops and bus dwelling at the stops. How delays during bus operation
make headway deviate from schedule and finally cause bus bunching is clarified.

2. The variation characteristics of bus headway and bus headway stability in a single day,
in different types of periods and at different bus stops were systematically studied
temporally and spatially. Twelve potential factors were concluded as the inputs of the
model.

3. A new hybrid model integrating eGA and DT was proposed to identify significant
factors of bus bunching. eGA constructs the model framework and transforms the fac-
tor identification into a problem of selecting the fittest individual from the population.
DT is used to evaluate the fitness of individuals.

4. The eGA-DT model was evaluated under different routes, periods, and bus stops
using real AVL data collected from bus vehicles in Shenzhen, China. The signifi-
cant factors were identified. The results showed that the proposed hybrid model
outperformed the single DT and ET models.

This paper is organized as follows: Section 2 presents the literature review. Section 3
describes the process of bus bunching formation in theory, the proposed methods for
the analysis of spatial-temporal characteristics, and the model construction for factor
identification. Section 4 presents the experimental results. Section 5 contains the discussion
and conclusions of the paper.

2. Literature Review

Vehicles equipped with GPS devices can dynamically provide AVL data containing
the real-time location, speed, and time of buses, which have been widely used in the
prediction of bus arrival or travel time on the route [9-11], bus dwell time at the stop [12],
the number of boarding passengers [13], the condition of traffic flow [14,15], etc. Spatial—-
temporal analysis methods are utilized to figure out where bus bunching happens and
explore potential influential factors with the help of AVL data. Statistical methods such as
clustering algorithms and sensitivity analysis are usually used to analyze spatial-temporal
characteristics, measure the correlations, and group the occurrence of bus bunching into
specific patterns [16]. Iliopoulou et al. applied the spatial-temporal clustering algorithm to
identify hot spots where bus bunching more easily occurs [17]. Feng et al. identified and
visualized bus bunching events temporally and spatially to summarize seven attributes
for the front bus and six attributes for the following bus, indicating that bus bunching
is due to at-stop variation more than between-stop variation [18]. Shaji et al. held the
opinion that the travel time in particular sections on a roadway follows similar patterns,
and spatial clustering algorithms were utilized to identify the group sections with similar
characteristics [19].

Furthermore, bus operation is easily influenced by external disturbances, and there
are massive and complex potential factors causing bus bunching. For example, Gf et al.
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first proposed that the impact of bus bunching is not only affected by the initial bus delay
but also by passenger arrival rates and bus occupancy rates along the route [1]. Fonzone
et al. argued that unstable traffic conditions and high passenger demands are potential
reasons why bus bunching occurs [20]. Zhang et al. held the opinion that the influence of
the previous bus is the most serious cause and that bus bunching is affected by the front
bus more than the following bus [21].

Time series models, regression models, DT, GA, etc. are widely used to model and pre-
dict bus travel or arrival time [10,22-24] and have been gradually applied to bus bunching
problems. Rashidi et al. utilized decision tree and gene algorithm methods separately to
model bus bunching, concluded that decision tree performed better in solving non-linear
and complex problems, and determined five factors, namely day of the week, number
of left turns, distance to next stop, bus stop closeness, and schedule deviation, to be the
most influential factors [25]. Arriagada et al. built regression models for bus bunching
and classified influencing factors into three groups by importance, demonstrating that the
sequence of the bus stop, scheduled frequency, and bus dispatch headways are the most
significant factors [26]. Chioni et al. applied the geographically weighted regression model
to bus bunching and took bus stops and network attributes into account, emphasizing the
importance of spatial structures [27]. Iliopoulou et al. employed duration models for bus
bunching events, and results showed that temporal factors and operational characteristics
of the initial bus stop had a great impact on the duration of bus bunching [28].

Generally, a planned schedule is adapted for bus routes with low frequency [29,30].
However, bus routes with high frequency are much more easily affected by abnormal traffic
conditions, and the deviation from the planned schedule is more likely to result in bus
bunching. Hence, dynamic headway-holding and real-time bus dispatching strategies
are proposed based on real-time bus headway and traffic demands. He et al. removed
the stochastic factors influencing the headway and proposed a target-headway-based
holding strategy to stabilize an unstable bus line [31]. Berrebi et al. proposed prediction-
based methods to achieve the best compromise between headway regularity and holding
time [32]. He utilized the arrival time of the current bus and the preceding bus and proposed
a strategy that adaptively determines the holding time and bus cruising speed. Petit et al.
proposed a bus substitution strategy by using standby buses to take over service from
any early or late buses to contain deviations from the schedule [33]. Dai et al. proposed a
predictive headway-based bus holding strategy, and factors related to bus running times
and passenger demands were considered in the model [34]. In general, the reliability of
real-time bus dispatching mainly depends on the accuracy of the prediction of bus arrival
time or possible bus bunching points, which is highly affected by the input data of the
model. As a result, identifying significant factors as the inputs of the model to improve the
efficiency and accuracy of the model is of importance.

Overall, the analysis of spatial-temporal characteristics of bus bunching is generally
statistical, and how the characteristics impact the process of bus bunching has still not
been adequately studied spatially and temporally. Although existing works have proposed
numerous potential factors, not all of these are equally important; therefore, identifying the
significant factors is still a great challenge. Single models are widely used to model bus
bunching, while the performance of hybrid models has been so far overlooked.

To solve these problems, we analyzed the spatial-temporal characteristics of bus
bunching on basis of the process of bus bunching formation to find potential factors. A
hybrid model integrating eGA and DT was proposed to improve the model performance
and identify significant factors of bus bunching, which is of great importance for finding
efficient inputs for future bus bunching prediction and real-time bus dispatching.

3. Methodology
3.1. Bus Bunching Formation Process

Bus vehicles usually run along a fixed route and dwell at fixed stops, so the process
of bus operation could be divided into two parts: travel between bus stops and dwell at
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fixed stops, as shown in Figure 1. Solid lines represent the actual running track of a bus,
and the dotted lines represent the ideal running track without any external disturbances.
Assuming that passengers arrive at a certain rate, the longer travel time of bus 1 between
stop 1 and stop 2 would significantly increase the time for passengers gathering at stop 2,
leading to an increase in the dwell time of bus 1 at stop 2. When bus 2 arrives at stop 2, it
serves fewer passengers because of the shorter interval with bus 1, and the dwell time of
bus 2 would be remarkably decreased. Bus 2 leaves the stop ahead of schedule and keeps
chasing bus 1 until they bunch together. Similarly, if bus 1 delays at the stop because of the
unexpectedly large passenger flow or vehicle queue, it departs behind schedule, and bus 2
would gradually operate ahead of schedule, eventually causing bus bunching.
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Figure 1. The process of bus bunching in two situations: (a) Bus bunching occurs when traveling
between bus stops; (b) Bus bunching occurs when dwelling at a stop.

3.2. Analysis of Spatial-Temporal Characteristics
3.2.1. Analysis of Spatial Characteristics

In the same temporal dimension, the variation of bus headway at different bus stops
was analyzed to judge if the sequence of the bus stop affects bus bunching and to demon-
strate the transitivity of the bus bunching phenomenon.

3.2.2. Analysis of Temporal Characteristics

The analysis of bus headway in the temporal dimension specifically included the
following aspects: (1) daily variation, where one day is divided by hour from 6:00 to
24:00 to analyze the trend in each hour of the day; and (2) different types of periods,
where according to the characteristics of traffic conditions and the passenger flow, time is
divided into four types: morning peak time on weekdays (7:00-9:00), evening peak time on
weekdays (17:30-19:30), off-peak time on weekdays, and rest days.

3.3. eGA-DT Model for Factor Identification
3.3.1. Overall Model Framework

The framework of the eGA-DT model is shown in Figure 2. GA is an evolutionary and
adaptively global optimization algorithm that simulates the evolution process in biology.
Each potential factor is encoded as a gene, and different groups of factors are regarded
as chromosomes. In this way, significant factor identification could be transformed into a
problem of selecting the best individual from the population. DT was utilized to select the
individual with the greatest fitness. In addition, to prevent the best individual from being
destroyed by crossover and mutation, the strategy of elitist preservation was used during
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the chromosome selection, making sure that the best individual would be directly copied
to the next generation and the worst individual would be eliminated.

Spatial-temporal
characteristics analysis

Potential affecting
factors

Encode feature vectors

Initialize the population

eet conditions Significant

to end?

factors

Decision Tree

Model Fitness assignment

Selection

Other individuals

Elitism

preservation Crossover

Mutation

New population

Figure 2. The overall framework of the eGA-DT model.

3.3.2. Construction of eGA Model

The construction of the GA model combined with the strategy of elitist preservation is
described as follows.

1. Encode factors with a binary digit

Numerous potential factors may cause bus bunching, and each factor could be re-
garded as a binary gene, which is the basic unit of a chromosome. A binary digit is utilized
to indicate if the factor is selected. Code 1 means the factor is selected, while 0 means
unselected. Different combinations of the binary genes would create a large number of
chromosomes, representing different groups of selected factors.

2. Initialize the population

To generate the initial population, the length of the chromosome L and the number
of initial chromosomes N should be determined. The initial population may not contain
the best individual, so the following steps for crossover, mutation, and fitness selection are
extremely important.

3.  Evaluate the fitness of each individual

Individuals with better fitness have a greater chance of being selected, so the fitness
selection model plays a decisive role in the results. The DT model is adapted to assign
the fitness value. In addition, different methods of data division also affect the result of
selection. Thus, 5-fold cross-validation is adapted to reduce the dependence on data sets
and ensure that the model has a strong generalization ability for data. Mean absolute error
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(MAE) is selected to verify the results. The fitness of an individual could be expressed as

follows:
1

= 15
5 2i—15i

where S; is the MAE of each fold cross-validation and i ranges from 1 to 5.

)

i

4.  Select the chromosome

The probability of the individual selection is proportional to its fitness value, and
chromosomes with better fitness are more likely to be selected into the next generation. The
probability of each individual being selected is as follows:

Ei

b = )
YRy

where F; is the fitness value of each individual and n is the total number of individuals.
5. Elitist preservation

To avoid destroying the best fitness individual from crossover and mutation, the
strategy of elitist preservation is used during selection. According to the fitness evaluation
of each individual as discussed before, the individual with the highest fitness F; is regarded
as the best individual in the population, which is directly copied to the next generation
without crossover and mutation. Meanwhile, the individual with the smallest fitness is
eliminated to ensure a certain population size.

6. Chromosome crossover

Genes from different chromosomes are randomly crossed to generate new chromo-
somes. Set the probability of the crossover as P, and the number of chromosomes partici-
pating in the crossover is P X N.

7.  Chromosome mutation

To avoid the model falling into the local optimal result, variant genes are randomly
selected from chromosomes to replace original genes and form the new population. Set the
probability of the chromosome mutation as Py,.

8.  Identify significant factors

After a certain number of iterations, the value of the fitness remains unchanged, and
the algorithm ends. The best individual could be selected, and significant factors of bus
bunching are also identified.

3.3.3. Fitness Evaluation Based on DT

Feature vectors x = {x1,x2,...x;} and the target value y = {y1, 2, ...y;} are selected
as the inputs of the DT model to evaluate the fitness.

1.  Initial spatial division

Feature vectors x are initially divided into two subspaces r = {r1,r,} in space based
on the selected feature x; and cut-off point s, which could be described as:

r1(i,s) = {x|x; < s} (©)]

ra(i,s) = {x|x; > s} 4)
2. Prediction in subspaces

The value of prediction in each subspace is expressed as the average value of total

vectors within the space:
1
y’izﬁ Zieri Yi ®)
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where y; is the prediction of the feature vector x; in range r; and n is the total number of
vectors in the range 7;.

3. Spatial division based on error evaluation

Feature vectors x are divided into several non-overlapping ranges r = {ry,r2,...r;} in
space based on the feature x; and cut-off point s to minimize the loss of regression. The
evaluation criterion of the regression is described as:

loss = erﬁ(i,s) (vi — 3/71')2 + errz(i,s) (vi— yrz)Z (6)

4. Decision tree pruning

If there is no restriction when branching, the model would be extremely complex and
overfitting. Therefore, the pruning strategies are adapted to avoid overfitting. Construct
the decision tree and delete or collapse the nodes with little information.

5. Fitness output

After each iteration of GA, one chromosome represents a selection of features and the
inputs of the DT model. The fitness of each chromosome is obtained by the DT model,
which is an important basis for the following chromosome selection.

3.3.4. Parameter Calibration

1.  The length of chromosomes L Each chromosome corresponds to a set of factors; thus,
L is the number of features.
2. The number of initial chromosomes N

The value of N highly affects the search ability and efficiency of the algorithm. A large
initial population could increase the diversity of the population but also add pressure to
calculation and decrease the efficiency of the algorithm. However, if the initial population
is too small, the possibility of containing the best chromosomes decreases, reducing the
search ability of the algorithm. The initial population N is generally within the range of
20~100.

3. The probability of the chromosome crossover P,

If P, is too small, it is difficult to complete the forward search. On the contrary, if it
is too large, it would destroy the structure of the high-fitness individual. Empirically, the
value of P; usually ranges from 0.4 to 0.99.

4. The probability of the chromosome mutation P, A large P, makes it easier to destroy
the current optimal individual, while a small value may lead to difficulty in generating
new genes and jumping out of the local optimal result. The value of P, usually ranges
from 0.01 to 0.1.

3.3.5. Evaluation Criteria

Three evaluation indexes, namely mean absolute error (M AE), root mean square error
(RMSE), and coefficient of determination (R?), were utilized to evaluate the model results.
We set N as the number of test samples, y; as the real value of the sample, y/ as the predicted
value, and yAi as the average value of the sample. The specific formulae for MAE, RMSE,
and R? are shown below.

1Y,
MAE = ;h/i —vil @)
N (y — )2
N (4 — )2
R2:1_M 9)

Zil\i1 (yA; - %)2
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4. Results

4.1. Data Description

In this study, AVL data from eight bus routes in Shenzhen, for nearly two months (from
1 April to 26 May 2019), were selected as the raw data. To fully reflect the characteristics of
bus bunching and make the analysis more representative, four different types of bus routes
were selected, namely the regular route, main route, express route, and branch route, as
shown in Figure 3 and Table 1. The coverage of selected lines evenly contained different
kinds of land uses such as commercial, residential, etc. Furthermore, all selected routes did
not pass through the construction area; thus, the bus operation was not affected by road
and building construction. The principles above made sure that all selected routes could

reflect the general characteristics of the bus operation.

Figure 3. Map of selected bus routes.

Table 1. Basic information about selected bus routes.

m— Route 1
m— Route 113
e RoOUte E11
== Route E15
= Route M156
Route M182
me= Route B811
m— Route B618

Route Number Type Number of Stops Departure Interval (min)
1 regular 19 4-10
113 regular 52 4-10
E1l1 express 17 15
E15 express 23 4-10
M156 main 30 10
. 6-12 (up direction)
Mis2 mam % 4-10 (down direction)
B811 branch 15 5
B618 branch 14 6-12

The AVL data mainly includes the following eleven fields, and data samples are shown

in Table 2.

O RN NG LN

TripId: number of trips for each vehicle;
Lineld: number of bus routes;

LineDir: direction of bus routes, including up direction and down direction;
BusNum: unique ID number of each vehicle;
StationName: name of the bus stop;
StationIndex: serial number of the bus stop;
Stationld: unique ID number of the bus stop;
ArrTime: the time when the bus arrives at the bus stop (accurate to seconds);
LeaTime: the time when the bus leaves the bus stop (accurate to seconds);
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10. PreStationld: unique ID number of the previous bus stop;
11. NextStationld: unique ID number of the next bus stop.
Table 2. Data samples of AVL.
Trip Line Line Bus Station Station Arr Lea Pre Next
Id Id Dir Num Index Id Time Time Stationld Stationld
6508 20 April2019 20 April 2019
2229 1130 down BS05265D 1 B_Z50165 13-09:45 13-10:24 NULL B_ZS0029
650c8 20 April 2019 20 April 2019
2229 1130 down BS05265D 2 B_Z50029 1313:12 13:13-49 B_ZS0165 B_ZS0033
650c8 1 — . - 20 April 2019 20 April 2019 - -
2229 1130 down BS05265D 20 B_SHO0033 13:49:36 13:50:18 B_SHO0035 B_SHO0045

Number of bus stop

Vehicle number: BS37580D
Bus stop numbe
Arrival time: 07:46:3.

4.2. Bus Bunching Process

Route 113 is selected as an example to reflect the process of bus operation during peak

time (7:00 to 9:00) and off-peak time (13:00 to 15:00), as observed in Figure 4. The results
in Figure 4a clearly indicate that the adjacent vehicles BS37580D and BS06015D bunched
together at stop 25 with 99 s headway, roughly a quarter of the departure interval of 346 s.
Similarly, BS02935D and BS05185D arrived at stop 25 at nearly the same time, with 13 s
headway.

Vehicle number: BS06015D = _— 50 Vehicle number: BS08039D | — _— A
Bus stop number: 25 /4:,,// Vehicle number: BS32543D Bus stop number: 25 //
Arrival time: 07:48:11 —~2 = / 45| Bus stop mumber: 25
= 40 Bt
I

Vehicle number: BS05265D
Bus stop number: 25
Arrival time: 13:57:16

/\fchiclc number: BS03495D

Bus stop number: 25
Arrival time: 08:10:51

Vehicle number: BS07585D

Vehicle number: BS05185D

7] Vehicle number: BS02935D

Bus stop number: 25
Arrival time: 07:57:21

Bus stop number: 25
Arrival time: 07:57:34

8:20 8:40 9:00

Number of bus stop
8%

Bus stop number: 25
Arrival time: 13:32:00

Vehicle number: BS35652D

Bus stop number: 25
Arrival time: 13:40:41

13:40 14:00

Time

(b)

14:20 14:40

15:00

Figure 4. The process of bus operation during peak time and off-peak time: (a) During peak time
from 7:00 to 9:00; (b) During the off-peak time from 13:00 to 15:00.

The phenomenon of “large and small interval” could be clearly seen as well. As the bus
departed from the terminus at a fixed interval, bus bunching at stop 25 resulted in a large
interval before and behind it, remarkably increasing the passenger waiting time. Vehicle
BS06015D may serve fewer passengers because of the small interval with vehicle BS37580D;
thus, its transport capacity could not be fully utilized in the case of no overtaking. On the
contrary, affected by the large interval between BS06015D and BS02935D, BS02935D may
face severer operational pressure.

Figure 4b shows the same principles, but the fluctuation of bus headway is relatively
gently affected by the reduced passenger demands and lengthened departure interval.
However, the phenomenon of “large and small intervals” still exists.

4.3. Spatial-Temporal Characteristics
4.3.1. Analysis of Bus Headway

1.  Daily variation

Figure 5 shows the daily variation of bus headway at different bus stops at each hour
of a day. Bus stops were selected at equal intervals in a sequence. A conclusion could be
drawn that a small headway usually occurs from 7:00 to 10:00 and 17:00 to 19:00, while
a large headway frequently occurs from 13:00 to 15:00 and 21:00 to 24:00. Specifically,
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the minimum headway was 277 s, which occurred from 7:00 to 8:00 at stop 10, and the
maximum headway appeared from 23:00 to 24:00 at stop 10 with 1383 s.

1400

t4e4

1200 —
1000

800

600
400 m

Average headway (s)

Ny

200 L | |
S >
S § 88 8§ s §§ s s s s8¢
~ %0 o > . ~ ) 3 y & ~ 3 =S - . ~ o -
$ &I T LTS S8 d
< & 2 2 3 { L 22 222 d e & 2
S § §S §8§ &§S§ & SSS§S§§ s s S S
; ~ & o g = ; : ~ ; &~ ~
£ § F8& £ T 9y 8 84848

Time

Figure 5. Daily variation of bus headway.

The result also demonstrates that the small headway of stops 10, 20, and 30 occurred
from 16:00 to 17:00, while the later bus stops such as stops 40 and 50 had a small head-
way from 18:00 to 19:00, proving that the small headway caused by former bus stops is

continuously transmitted to the following buses.

2. Variation in different time types
The average bus headway in different time types is presented in Figure 6, includ-
ing four time periods, namely morning peak on weekdays (7:00-9:00), evening peak on
weekdays (17:30-19:30), off-peak time on weekdays, and rest days. The headway during
the morning peak on weekdays was the most unstable, followed by the evening peak on
weekdays. The most stable headway usually occurred on rest days, with an average value
of 450 s. Bus headway fluctuated relatively gently during rest days and showed a flat peak

on weekdays compared with the morning and evening peak times.

—e— moming peak
—*— evening peak

rest day

—4—  off-peak time

Average headway (s)
8
3

7 8 910111213141516 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52

23456

Number of bus stop

Figure 6. Average headway at bus stops in different time types.
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4.3.2. Analysis of Bus Headway Stability
The coefficient of variation of headway, which is generally used to evaluate the stability
(10)

of headway, is calculated as follows [5]:
Cov — standard devition of headway
~ mean scheduled headway

1.  Daily variation
route 113. The Cov generally had a local peak from 7:00 to 9:00 and 17:00 to 20:00 when

commuter trips significantly increase and traffic conditions worsen; thus, the stability of

headway is easily affected by more random factors. In addition, there was a peak time that
appeared from 20:00 to 21:00 after the regular evening peak, probably caused by overtime

Figure 7 shows the daily variation of Cov at each bus stop based on the AVL data of
commuter trips. Furthermore, the Cov at stops 2 and 17 were more stable than at following
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Figure 7. Daily variation of Cov.
2. Variation on a work day and non-work day
The AVL data of route 113 from 15 April to 21 April 2019 are divided by bus stops

and dates, of which the 20th and 21st are non-working days and others are working days.
Figure 8 shows that the date with the maximum Cov is Wednesday, 17 April 2019, while the
minimum occurred on Saturday, 20 April 2019. The Cov on a non-work day was obviously

lower than on a work day.

4.1 1

Cov

234567 8910111213141516171819202122232425262728293031323334353637383940414243444546474849505152

Number of bus stop

Figure 8. Variation of Cov on a work day and non-work day.
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3. Variation at different bus stops

To clearly show the Cov at different bus stops on a work day and non-work day,
several bus stops were selected, as shown in Figure 9. The Cov increased severely from
7:00 to 9:00, probably because of unexpected travel demands and traffic congestion, which
is more likely to cause bus bunching. The Cov on a non-work day was about 1.0, and the
local peak value mainly appeared from 11:00 to 13:00 and 15:00 to 17:00. In general, the

trend was relatively stable throughout the non-work day.
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Figure 9. The Cov at different bus stops on a work day and non-work day: (a) On a work day; (b) On

a non-work day.

4.4. Feature Vector Selection
Based on the previous analyses of the formation process and spatial-temporal charac-

teristics of bus bunching, twelve features were initially selected as the input vectors of the

model:
x1: the number of the bus stop j.

1.
2. xp: the dwell time of busi — 1 at stop j.
3. x3: the dwell time of bus i at stop j.
4. x4 the time of busi — 1 travel from stop j — 1 to stop j.
5. x5: the time of bus i travel from stop j — 1 to stop j.
6.  x¢: the average travel time between stop j — 1 to stop j in the previous 15 min of the
same type of period last week.
7. xy: the headway of busiat stopj — 1.
8. xg: the average headway at stop j in the previous 15 min of the same type of period
last week.
9.  xg: the departure interval of bus i at the first stop.

10.  x1p: the number of 15-min period groups.
11.  xq1: the type of the day (morning peak time: 1, evening peak time: 2, off-peak time on
weekdays: 3, and rest day: 4).

12.  x1p: the day of the week.
Factors were selected based on the process of bus operation and by different di-

mensions so that we can measure the importance of different factors to gain a deeper
understanding of which aspects have a greater impact on bus bunching. The feature x;
represents the location of the bus stop, reflecting the spatial characteristics of bus bunching.
As discussed above, the process of bus bunching could be divided into two stages, namely
the bus traveling stage and the bus dwelling stage. x, and x3 represent the time the bus
dwells at stops, indicating the influence of passenger flow and bus queuing at stops. x4, x5,
and x4 represent the real-time and historical condition of the bus traveling between bus
stops, reflecting the traffic condition. x7 and xg represent the bus headway of two adjacent
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buses. x9, x19, x11, and x1 reflect the temporal characteristics of bus bunching. The data
samples of feature vectors are shown in Table 3.

Table 3. Data samples of feature vectors.

x1 x7(s) x3(s) x4(s) x5(s) x6(s) x7(s) xg(s) X9(s) X10 x11 X12
30 20 20 115 90 90 501 501 516 27 4 2
34 20 30 80 80 80 418 418 397 27 4 2
35 10 19 170 140 135 127 287 388 27 4 2

4.5. Factor Identification by eGA-DT
4.5.1. Parameter Calibration

Each chromosome corresponds to a combination of different factors, so L is the number
of features. As discussed above, there were twelve features selected as the inputs of the
model; therefore, the value of L was 12.

The ranges of other parameters mentioned above are proposed empirically in Sec-
tion 3.3.3. Too large or small values of parameters may have a negative impact both on the
fitting effect and efficiency of the algorithm. Therefore, the selection of parameters should
consider both the fitting effect and efficiency of the algorithm depending on different data
sets.

In terms of the AVL data analyzed in this article, appropriate parameters were set to
be: L =12, N =100, P; = 0.6, and Py, = 0.1, which performed well in terms of both the fitting
effect and the efficiency of calculation.

4.5.2. Results of eGA-DT Model

The result presented in Figure 10 is the trend of the best fitness during 100 iterations.
Considering that the model always selects the individual with better fitness, the reciprocal
of the deviation is regarded as the value of fitness in the process of population evolution. It
could be clearly observed that as the number of iterations increased, the fitness value of the
population rose gradually until it reached the maximum value.

0.0284

0.0282

0.0280

fitness

0.0278

0.0276

0 20 40 60 80 100

Iterations

Figure 10. The trend of model fitness in iterations.
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The result in Table 4 clearly indicates that the overall fitting effect of bus headway by
the proposed hybrid eGA-DT was significantly improved, with a nearly 20% reduction in
MAE compared to single DT and more than a 50% reduction compared to ET.

Table 4. Model performance by eGA-DT, DT, and ET.

Model MAE (s) RMSE (s) R?
eGA-DT 35.27 73.37 0.91
DT 43.75 78.69 0.86
ET 74.61 124.58 0.61

There are slight differences between the results of the four different types of routes.
For regular routes and main routes, the best chromosome was [1,1,0,1,1,0,1,0,0,0,0,
0]. For express routes, the best chromosome was [1,1,0,1,0,1,1,0,0, 0, 0, 0]. For branch
routes, the best chromosome was [1,1,0,0,1,0,1,0,0, 0, 0, 0]. Considering all four different
types of routes, the best chromosome could be concluded as [1,1,0,1,1,1,1,0,0,0,0, 0],
representing that x1 (the number of the bus stop j), x2 (the dwell time of bus i — 1 at stop j),
x4 (the time of bus i travel from stop j — 1 to stop j), x5 (the time of bus i travel from stop j
— 1 to stop j), x¢ (the historical average travel time between stop j—1 to stop j), and x7 (the
headway of bus i at stop j — 1) are the most significant factors of bus bunching.

4.5.3. Model Comparison

1. The performances under different bus stops

Considering the transitivity of bus bunching, later bus stops may have more fluctuating
headway. Therefore, the model performance of eGA-DT, DT, and ET on all bus stops of
route 113, except the initial and terminal stops, was analyzed, as presented in Figures 11
and 12. The MAE was utilized to evaluate the model performance. It could be clearly
seen from Figure 11 that eGA-DT outperformed other models at all bus stops, especially
compared to ET. Compared to the single DT model, the average reduction in MAE by
eGA-DT at each bus stop was about 5%, as shown in Figure 12.

180

160

140

120

100

MAE(s)

MAE(s)

2345678 91011121314 15161718 1920 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 3 3 4 5 6 7 8 910111213 14151617 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52

Number of bus stop Number of bus stop
(a) (b)

Figure 11. Model comparison by eGA-DT, DT, and ET for different bus stops: (a) Comparison result
between eGA-DT and DT; (b) Comparison result between eGA-DT and ET.
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Figure 12. Reduction of MAE compared to DT for different bus stops.

2. The performances under different bus routes

There are various levels of bus routes with different characteristics, including regular,
main, express, and branch routes. Eight routes from different types were selected, and
eGA-DT, DT, and ET were conducted for comparison, as shown in Table 5. The results
clearly indicate that eGA-DT performed better for all types of bus routes. Particularly,
the eGA-DT performed best for branch routes with 23.54 in MAE. In general, eGA-DT
outperformed DT and ET with an average reduction of 26% and 43% in MAE, respectively.

Table 5. Model performance by eGA-DT, DT, and ET for different bus routes.

Route Number Route Type Model MAE(s) RMSE(s) R?
eGA-DT 47.76 84.37 0.89
1 regular DT 72.45 123.71 0.76
ET 78.98 128.39 0.74
eGA-DT 35.27 73.37 0.91
113 regular DT 43.75 78.69 0.86
ET 74.61 124.58 0.61

eGA-DT 77.08 129.97 0.81
Ell express DT 113.10 181.93 0.62
ET 126.68 198.65 0.55
eGA-DT 76.11 118.28 0.89
E15 express DT 93.62 148.55 0.83
ET 111.32 168.91 0.78
eGA-DT 57.29 99.92 0.89
M156 main DT 80.36 132.85 0.81
ET 106.08 166.74 0.70

eGA-DT 35.52 75.17 0.91
M182 main DT 56.36 111.28 0.81
ET 61.60 117.01 0.79
eGA-DT 4541 60.40 0.94
B811 branch DT 49.91 66.62 0.93
ET 87.27 141.72 0.66
eGA-DT 23.54 43.36 0.95
B618 branch DT 35.10 64.42 0.88
ET 45.03 75.64 0.83

3. The performances under different periods
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The data were divided into four types of periods, including morning peak time on
weekdays (7:00-9:00), evening peak time on weekdays (17:30-19:30), off-peak time on
weekdays, and rest days. Results in Table 6 show the MAE of the model for four different
types of periods. It could be clearly seen that the MAE in peak periods was larger than
in off-peak periods, probably because of the severer fluctuation of headway affected by
unexpected passenger flow and traffic conditions. Through the performance of different
models, eGA-DT outperformed others with an average reduction of 7.3% in MAE during
peak periods and 10% during off-peak periods.

Table 6. MAE of eGA-DT, DT, and ET for different types of periods.

Time Type eGA-DT DT ET
morning peak 41.19 43.70 123.46
evening peak 50.67 55.63 168.30

off-peak 35.09 39.33 118.37
rest day 35.65 39.19 130.71

5. Discussion and Conclusions

In this paper, the bus operation was divided into two parts, including bus traveling
between bus stops and bus dwelling at fixed stops, to analyze the process of bus bunching
formation. Delays in bus operation make bus headway at stops deviate from the schedule
and finally cause bus bunching. The occurrence of bus bunching is accompanied by
the phenomenon of “Large and small intervals”, which is worsened during peak times
compared to off-peak time. After analyzing the headway and headway stability temporally
and spatially, it could be concluded as follows:

1.  One single day. A small headway usually occurred from 7:00 to 10:00 and 17:00 to
19:00, while a large headway frequently occurred from 13:00 to 15:00 and 21:00 to
24:00. The Cov generally had a local peak from 7:00 to 9:00, 17:00 to 20:00, and even at
21:00 after the regular evening peak.

2. Different time types. The headway during the morning peak on weekdays was the
most unstable, followed by the evening peak on weekdays. The most stable headway
usually occurred on rest days. The Cov on a non-work day was obviously lower and
more stable than on a work day.

3. Different bus stops. The small headway caused by former bus stops is continuously
transmitted to the following buses. Bus bunching is transitive, and bus stops away
from the departure place are more likely to be affected. The spatial attributes of the
bus stop should be of great concern.

Considering the spatial and temporal characteristics of bus bunching discussed above,
twelve potential factors related to the following aspects were selected as the input vectors
of the model: the location of the bus stop, the bus dwelling time at the former stop, the bus
traveling time between bus stops, the bus headway at former stops, the departure interval,
the type of the day, and the day of a week.

A hybrid model integrating GA and DT was constructed to identify the significant
factors of bus bunching. eGA was adapted to build the overall framework for factor
identification, and the strategy of elitist preservation was used to avoid destroying the
best-fitness individual from crossover and mutation. Each potential factor was encoded as a
gene, and each factor group was regarded as a chromosome. Significant factor identification
was transformed into a problem of selecting the fittest chromosome from the population.
DT was utilized to select the individual with the greatest fitness. The proposed hybrid
eGA-DT model outperformed the single DT and ET models in different situations:

1.  Different bus stops. eGA-DT outperformed at all bus stops, especially compared
to ET. The average reduction in MAE by eGA-DT at each bus stop was about 5%
compared to DT.
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2. Different bus routes. Four types of routes, including the regular, main, express, and
branch route, were selected. The results showed that eGA-DT performed better for
all types of bus routes, especially for branch routes with 23.54 in MAE. Moreover,
eGA-DT outperformed DT and ET with an average reduction of 26% and 43% in
MAE, respectively.

3. Different periods. Considering four types of periods, including morning peak on
weekdays (7:00-9:00), evening peak on weekdays (17:30-19:30), off-peak on weekdays,
and rest days, the MAE in peak periods was obviously larger than off-peak periods.
eGA-DT outperformed DT and ET with an average reduction of 7.3% in MAE during
peak periods and 10% during off-peak periods.

The results demonstrate that x; (the number of the bus stop j), x, (the dwell time of
bus i—1 at stop j), x4 (the time of bus i travel from stop j—1 to stop j), x5 (the time of bus
i travel from stop j—1 to stop j), x¢ (the historical average travel time between stop j—1
to stop j), and x7 (the headway of bus i at stop j—1) are significant factors contributing to
the increased bus bunching phenomenon. Bus bunching is transitive, and bus stops away
from the departure place are more likely to be affected; thus, spatial attributes of bus stops
should be emphasized in relevant prediction models. Moreover, when bus bunching occurs
at an early stage along the routes, possible bus bunching points and bus stop-skipping
schemes are taken on the basis of the spatial characteristics. Compared to the bus dwell
time at the stop, the results showed that the bus travel time between stops was a more
significant factor of bus bunching. As a result, detailed factors which may have an impact
on the bus travel time, such as the influence of signalized intersections, bus lane planning,
etc., should be taken into account in models. As the reliability of future prediction and
dispatch applications greatly depends on the selected inputs, significant factors play an
important role in improving the accuracy or efficiency of bus arrival/travel time prediction,
bus bunching point estimation, bus dispatching strategies, etc.

In addition, there are some areas that need to be improved. The eGA-DT model has
the advantage of fitting non-linear relationships, but it also tends to overfit and converge
slowly under different data sets. Therefore, methods related to data preprocessing, cross-
validation, and random forest could be further studied to mitigate the problem. Moreover,
multi-source data, such as bus passenger data, mobile signal data, traffic flow data, etc.,
also greatly help to reflect the characteristic of headway. In addition, this paper mainly
focused on the analysis of the characteristics of a single bus line, and the interaction among
multiple bus routes along the same corridor could be taken into account in future research.
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