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ABSTRACT ARTICLE HISTORY

The pre-insertion process called anticipation is an essential component of Received 13 March 2022

a lane-changing manoeuvre. There is little empirical research regarding the Accepted 22 November 2022
impact of anticipation. Thus, this paper aims to explore the behaviour of KEYWORDS

the new follower (NF) in the target lane when it encounters anticipation Anticipation behaviour:
by using new trajectory datasets. The changing magnitude of the reaction lane-changing impact;
pattern is proposed to identify the NF’s behaviour. We find that the antici- car-following behaviour;
pation significantly affects the NF's movement in terms of gap creation and microscopic trajectory data
speed reduction. Then, we conduct a detailed analysis of critical variables to

reveal their relationship with the NF’s behaviour. Following this, we develop

binary logistic models to predict the NF’s behaviour, resulting in a good per-

formance. It also suggests that the NF’s behaviour is highly related to the

anticipation-related variables. The transferability test results show that this

model can be directly used in different locations and times with satisfactory

accuracy.

1. Introduction

The lane-changing manoeuvre is one of the common driving tasks in traffic streams. In the past 60
years, A large body of studies has been conducted to investigate the lane-changing behaviour (Gipps
1986; Kesting, Treiber, and Helbing 2007; Yang et al. 2018; Gao et al. 2022). More importantly, the pre-
vious empirical evidence reported that the impropriety or intensity of the lane-changing manoeuvre
is associated with several negative implications. For instance, approximately 5% of traffic accidents in
2015 in China were induced by improper lane-changing manoeuvres (Hou, Edara, and Sun 2015). Yang
et al. (2011) showed that the higher frequency of lane-changing behaviour increases the probability
and severity of traffic accidents. Previous works have also provided substantial macroscopic evidence
that the bottleneck can be activated and lead to a capacity drop due to the high intensity of lane-
changing rates (Elefteriadou 1996; Cassidy and Rudjanakanoknad 2005; Patire and Cassidy 2011). In
addition, Ahn and Cassidy (2007) contended that the lane-changing manoeuvre significantly affects
the formation of traffic oscillation. Zheng et al. (2011a) and Chen et al. (2012a) demonstrated this
finding by analyzing the generation of oscillation based on the NGSIM'’s trajectory data. Zheng et al.
(2011b) reported that the lane-changing manoeuvre induces 12 out of 35 traffic oscillations. Since the
above studies reported several negative lane-changing impacts on traffic streams, the microscopic-
level relationship between the lane-changing manoeuvre and the surrounding vehicles is still unclear
(Zheng 2014; Pan et al. 2016). Thus, this paper attempts to provide empirical findings to understand
the lane-changing impact.

CONTACT Zhibin Li @ lizhibin@seu.edu.cn e Department of Transportation, Southeast University, Southeast University
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In general, a complete lane-changing manoeuvre could be divided into two stages: (1) the anticipa-
tion stage and (2) the relaxation stage (Zheng et al. 2013). Specifically, anticipation is used to describe
the stage of a lane-changing manoeuvre in which the lane changer (LC) starts to change lanes, but its
trajectory is still in the original lane (Li et al. 2020; Chen et al. 2021; Li et al. 2022). Once the LC suc-
cessfully inserts into the target lane, the LC will experience a relaxation process until its movement is
stablein the target lane. The LC will interact with several surrounding vehicles during these two stages,
resulting in a complex lane-changing impact.

The relaxation stage has attracted a lot of attention in the literature due to its obvious negative
impact (Laval and Daganzo 2006; Carey, Balijepalli, and Watling 2015; Jin 2017; Nagalur Subraveti,
Knoop, and van Arem 2019; Yuan et al. 2019). During the relaxation process, the LC is more likely
to increase its spacing ahead to a more considerable value larger than the equilibrium value (Smith
1985; Leclercq et al. 2007). This phenomenon was widely noticed after the work of Laval and Leclercq
(2008), who proposed a model to describe how the LC and its immediate follower exhibit the relax-
ation process. Based on this framework, the passing rate of the vehicle was used by Duret, Ahn, and
Buisson (2011) to measure the impact of the relaxation. They explained that traffic streams are per-
turbed by the relaxation process. Oh and Yeo (2015) discussed the lane-changing behaviour in the
recovery flow. They revealed that the LC influences the acceleration and deceleration behaviours of
the relevant vehicles, which worsens the traffic condition. In addition, the relaxation phenomenon
has been considered the primary reason for the capacity drop. Leclercq et al. (2016) provided analyt-
ical formulae that focused on the relaxation of the merging vehicle, which can connect the merging
behaviour to the capacity value. Chen and Ahn (2018) extended the relaxation of the lane-changing
behaviour to investigate how the spatial lane-changing insertion contributed to the capacity drop of
merge, diverge, and weaving segments. More recently, Keane and Gao (2021) found that the existing
car-following model reacts suddenly at the insertion moment of the lane changer, which is unrealis-
tic. Thus, they proposed a relaxation parameter to smooth the jumping of unmodified headway. This
parameter can be incorporated into parametric and non-parametric models.

The above empirical analyses and theoretical models mainly focus on the negative impact of the
relaxation phenomenon. As for the anticipation process, Zheng et al. (2013) reported that the new
follower (NF) in the target lane may be deviated from its initial driving behaviour to increase the gap
for the LC. Here we give a simple example in Figure 1. As we can see from this figure, the NF follows
well with the leader (NL) before the LC conducts the lane-changing manoeuvre. After a while, the
LC starts to make a lateral moment in the original lane and continually closes to the target lane. The
anticipation process ends when the LCinserts into the target lane. Then, the relaxation process follows.
This example shows that the NF will adjust its speed and location in response to the LC’s anticipation,
even though they are not in the same lane. Compared to the analysis of the relaxation phenomenon,
anticipation’s impact received less attention. Zheng et al. (2013) assumed that the difference between
anticipation and relaxation is significantly different but can be captured by one single model. After
that, Ghaffari et al. (2015) proposed a novel adaptive neurofuzzy model to simultaneously model the
new follower’s acceleration during the anticipation and relaxation processes. However, our previous
study (Chen et al. 2021) provided several models to find the best way to simulate the lane changer’s
trajectory. We found that the factors affecting anticipation and relaxation processes are quite different.
Additionally, Yang, Wang, and Quddus (2019) examined the NF’s reaction and found that about 44%
of NFs among 5339 study samples will brake during the anticipation process. Furthermore, the Time
to Collision (TTC) value in their study suggested that the NF tends to surface a more risk of rear-end
crash in the anticipation process than that in the relaxation process. Despite the negative impact of
anticipation on NF’s behaviour and safety, available studies on which factors are more likely to induce
the NF to change its following behaviour during the anticipation are still lacking.

Thus, this study attempts to answer three challenge problems: (a) Is the NF's behaviour affected
by the LC’s anticipation process? If so, (b) How the anticipation process affects the NF? Moreover, (c)
which factors make the NF more likely to be affected by the anticipation, and can we predict it?
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Figure 1. An example of the impact of the anticipation on the new follower’s behaviour.

To address the above research questions, we first recorded seven drone videos at three merging
bottlenecks in Nanjing, China. The vehicle-level trajectory for each video is automatically extracted.
Then, the ratio between the actual wave travel time and theoretical reaction time was used to reflect
the NF’s behaviour during the anticipation. In this paper, the main contributions are threefold. (a) It
provides empirical findings on the impact of anticipation on the NF's following behaviour in terms
of gap increase and speed reduction. Empirical findings from large trajectory data are scarce in the
existing literature. Still, it is necessary to provide insights into the microscopic details of how the new
follower responds to an anticipation process as part of the lane-changing impact. (b) This study is the
first attempt to examine which explanatory variables and how they affect the anticipation’s impact
on the NF. Although some studies reported some negative impacts caused by the lane-changing
behaviour, limited available research has discussed which factors and how they contribute to negative
anticipation. The statistical analysis in this study is to fill this gap. (c) It applies binary logistic regres-
sion to predict the probability of the NF being affected under current traffic environments. It points out
that the prediction accuracy can be significantly improved once we consider the anticipation-related
factors. This model has been further demonstrated with better performance compared to the state-
of-the-art approach and good transferability at different locations and times. The findings and models
in this paper fill the knowledge gaps that the previous studies paid little attention to the impact of the
anticipation process.

The rest of this paper is organized as follows. Section 2 presents the identification method of driv-
ing behaviour. Section 3 presents the preparation of trajectory data. Section 4 presents the empirical
results. Section 5 presents the results of binary logistic models. Section 6 presents the conclusions and
future works.

2. Methodology

In this section, we adopted the car-following model proposed by Newell (2002) to identify the NF's
behaviour during anticipation process of LC. This model assumes that the theoretical trajectory of NF
is obtained by shifting the trajectory of NL with a time 7 (response time) and a spacing d (minimum
stop spacing). For the convenience of discussion, we let i denotes the NF, i-1 denotes the NL, and j
denotes the LC in the adjacent lane. Thus, the NF's movement in congestion can be described by:

xi(t) =xi_1(t—1)—d (1)

where x; (t) is the position of the NF at time t

The NF's trajectory produced by Equation (1) can be considered the equilibrium trajectory. To mea-
sure the NF’s real reaction pattern at each time step, we use the method suggested by Laval and
Leclercq (2010). It can be shown to be:

ni(t) = i)/t (2)



4 K. CHEN ET AL.

Speed (m/s)
320 12 12
@ i ®)
0> > ,
~ 0 € 1
-w N or‘\(\$ g New leader o, follower
~ G 1 3 10F
g A d B
= 280 - o vl 2 9L
=]
S & - 1.8 1 T
8 Y ©
3 10 1.6 - \“c(easf,,ﬂ
I Py -
4l e An=0.55
<——Duration of anticipation——— | 9 12
1 1 I 2= N I 1
220 222 224 226 220 222 224 226
Time (s) Time (s)

Figure 2. lllustration of the new follower who belongs to group 1: (a) trajectory plots; (b) speed of the new follower and the new
leader; (c) reaction pattern curve of the new follower.

where t; (t) is the actual wave trip time of the NF at time t. Thus, the value of »; (t) reflects the ratio of
the NF’s actual behaviour to the equilibrium at time t.

Based on the value of n; (t), the NF at time t can be identified as aggressive when its n; (t) < 0.9,
timid when its n; (t) > 1.1, and equilibrium when its n; (t) ranges from 0.9 to 1.1 (Chen et al. 2012b;
Ma and Qu 2020). Recall that we are interested in how the NF responds to the anticipation process.
Therefore, we quantify this via the changing magnitude of »; (t) at the start and end moments of the
anticipation process, which can be computed as follow:

Ani = ni(Te) —ni(Ts) (3)

where T and T, are the start and end moments of the anticipation process, respectively. We will
introduce how to determine these two moments in Section 3.

Itis clear that An; will be positive if the NF attempts to deviate from its initial state. On the contrary,
it will be negative if the NF attempts to reduce its initial state. Therefore, it is possible to classify these
two distinct behaviours into two groups in terms of the value of Ap;. Specifically, the NF i belongs to
group 1 if An; > 0.1, and it belongs to group 2 if the An; < 0.1. The threshold of 0.1 is determined
since the slight fluctuation of the reaction pattern can be considered the driver’s inherent influence
(Chen et al. 2012a).

Here, we give the first example in Figure 2 to illustrate the NF's behaviour in group 1. As shown in
Figure 2(a), the actual trajectory of the NF is gradually far away from the Newell trajectory before the
insertion moment of the LC. Particularly, the NL accelerates from 8.82 m/s to 11.8 m/s, whereas the NF
still maintains a lower speed, around 9 m/s. As a result, a large gap is created for the insertion of the
LG; see Figure 2(b). In addition, Figure 2(c) displays the reaction pattern of the NF. From this figure, we
can observe that the n; (t) gradually increases from 1.22 to 1.78, even though the NF’s initial behaviour
is timid. This is a representative example in which the NF’s behaviour is somehow affected.

On the contrary, we also show another case in Figure 3 where the value of An; equals —0.72.
From the trajectory and speed plots in Figure 3(a,b), we can find that the NF tries to reduce the
spacing ahead. As a result, the NF's trajectory returns towards the equilibrium state, which can be
observed from the curve of the reaction pattern in Figure 3(c). Since we assume that the driver’s natu-
ral behaviour is to return to the equilibrium state, this typical example suggests that the NF seems to
maintain its following behaviour during the anticipation process.

3. Preparation of trajectory data

In this section, we introduce the preparation of trajectory data for investigating the NF’s response to
the anticipation process. Three merging bottlenecks are selected in Nanjing city, China. Figure 4 shows
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Figure 3. lllustration of the new follower who belongs to group 2: (a) trajectory plots; (b) speed of the new follower and the new
leader; (c) reaction pattern curve of the new follower.

Figure 4. Structure of three merging bottlenecks.

the structure of these three merging bottlenecks, namely ‘site 1’, ‘site 2, and ‘site 3’, respectively. Then,
a drone was used to record videos. The drone carries a 4 K resolution camera, which can provide us
with a high definition (3840 x 2160) and 30 frames per second (fps) video. Ultimately, we recorded
three times, two times, and two times videos at site 1, site 2, and site 3 during the morning peak hours,
respectively. Table 1 presents the information for the seven videos. After we got the drone videos,
we adopted an automatically trajectory extraction framework to extract the vehicle-level trajectory
for each video. The read is referred to our previous studies for a detailed information of this method
(Wan et al. 2020; Chen et al. 2021). Generally, this trajectory extraction method includes four steps: (1)
vehicle detection, (2) vehicle tracking, (3) lane detection, and (4) raw data smoothing. To ensure the
vehicle detection accuracy at different locations, we further trained the detecting layer with several
traffic flow scenarios, such as the merging, diverging, weaving, intersection, and basic road segments
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Table 1. The detailed information of seven datasets.

Average Average
Trajectory Road speed density
datasets Study site Date Time Weather  length (m) (m/s) (vehicle/km)
Dataset 1 Site 1 15 December 2020  7:30am—7:45am  Sunny 340 9.09 212
Dataset 2 Site 1 17 December 2020  7:30 am—:55 am Sunny 320 7.22 235
Dataset 3 Site 1 15 April 2021 7:30am—8:00am  Sunny 420 11.56 184
Dataset 4 Site 2 8 May 2021 7:40am—7:55am  Sunny 400 8.95 201
Dataset 5 Site 2 9 May 2021 7:30am—8:20am  Sunny 360 5.02 248
Dataset 6 Site 3 17 August 2021 7:30am—8:05am  Sunny 400 9.47 206
Dataset 7 Site 3 19 August 2021 7:35am—8:00am  Sunny 390 7.67 229

Oscillations
@)

A stable oscillation case

Location

— Leader

hn, T, — Follower

6 12 18 24 30 36
Time (s)

Wavelet-based Energy (unit-less)

Time

Figure 5. Calibration of critical parameters (a) response time; (b) wave speed.

during the daytime and nighttime. Consequently, we got a strong detecting network that achieve
satisfactory accuracy at different bottlenecks. Specifically, this extraction method provides us with
the following vehicle-level information: lane number, vehicle ID, time (1/30s interval), lateral position
(m), longitudinal position (m), speed (m/s), and acceleration (m/s?). Finally, we obtained seven high-
quality trajectory datasets. The average speed and density for each trajectory dataset are also shown in
Table 1.

Based on the trajectory data, we apply the Wavelet-transform method recommended by Zheng
et al. (2011b) to calibrate the response time t and the wave speed w. Figure 5(a) shows an example
where the speed of the NF and its leader have been transformed into wavelet energy distribution. The
abruptness of this energy represents the speed change moment. Consequently, the time difference
of the energy abrupt between two adjacent vehicles can be determined as the response time. In this
simple example shown in Figure 5(a), we can obtain four response time samples. Without loss of gen-
erality, we select 200 samples from 12 stable oscillations. The average value of these samples as 7 (1.3
s) is used for all the NFs. Next, we determine the wave speed w based on the average slopes of the 12
stable oscillations. We illustrate some oscillation cases in Figure 5(b). Once we have the wave speed
w (w = 4.4 m/s) and the response time t, we can compute the minimum stop distance d through
d=1t*w(d=57m).

Recall that we aim to investigate the NF’s response and its relationship with the anticipation pro-
cess. Thus, only the anticipation samples inducing the LC's anticipation process and its corresponding
trajectories of the NF and NL in the target lane are helpful for the following analysis. To obtain such
sample, we first need to determine two critical time points: the start moment and the end moment of
the anticipation process (denoted as T and Te, respectively). We give two examples in Figure 6. The
detailed procedures for detecting these two moments are presented as follows:



TRANSPORTMETRICA B: TRANSPORT DYNAMICS ' 7

O Departure of the middle line 7, @  Start moment of anticipation 7, @ Insertion moment 7,

(5]
8
= lateral lateral
<
k= i a  +  a
20
& (9) (o)
3 3
E 20N 2L
LN 1t
>~ Middle line
> 0 0
20
(5] .
5 10 L Max point
T 8t
3
".3 2 F s
E ol
% -6 | | TO 1 1 T‘ | 1
= 524 528 532 536 540 655 660 665 670 675 680
Time (s) Time (s)
(a) (b)

Figure 6. The measurement of the start and end moments for the anticipation (a) case 1, (b) case 2.

e The moment when the LC departs the middle line of the original lane is located as Ty; see the yellow
cycle in Figure 6.

e When the LC's lateral distance to the target lane edge (Y/atera) €quals O, we can locate this time as
the end moment of the anticipation process (T.); see the black cycle in Figure 6.

e The start moment of the anticipation (Ts) is between Ty and Te. In the previous studies (Ali, Zheng,
and Haque 2018; Yang, Wang, and Quddus 2019), the time T is located once we observe a drasti-
cally change of the LC’s lateral movement. To pinpoint such sudden lateral change, we adopt the
Wavelet-transform method, which has been successfully used to detect the singularities in the traf-
fic data. As shown in the lower part of Figure 6, the LC's lateral movement has been transformed
into wavelet-based energy. The max point of the wavelet-based energy between T to T, is marked
as the T; see the red cycle in Figure 6.

The above procedures are used to extract the anticipation samples out of all seven trajectory
datasets. After that, we got 4698 anticipation samples. Note that we observe that all these samples
can be split into four cases: (1) the NF speeds up the LC (231 samples), (2) the LC speeds up the NL.
Then the NL becomes the new NF after the insertion (424 samples), (3) the NF or the NL also changes
its lane (203 samples), and (4) the NF and the NL are both the same vehicles for the whole duration of
anticipation process (3840 samples). We employ the fourth case for the following analysis in this study
for two reasons: (1) the majority proportion of anticipation samples is the fourth case (about 82%),
and (2) the unchanged follower is suitable for analyzing its following behaviour during the anticipa-
tion. Here, we give four examples of available anticipation samples in Figure 7. As we can see that one
study sample should include the LC's anticipation process, which starts at T and ends at T, (red dotted
line), and its consistent NF (green line) and NL (blue line)
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Table 2. The classification results.

Study samples Study samples
ingroup 1 in group 2 Total
Site1 1215 588 1803
Site2 683 309 992
Site3 714 331 1045
Total 2612 1228 3840

4. Empirical results

This section presents empirical results to understand NF’s behaviour during the anticipation process.
We start by describing the classification result of NF’s behaviour (Section 4.1). Then, the impact of NF’s
behaviour on the gap increasing value and speed reduction in the target lane is investigated (Section
4.2). Additionally, we examine some particular relationships in more detail, such as the relationship
between the NF’ behaviour and two headways (in s): (1) headway between the NF and NL; and (2) head-
way between the NF and LC (Section 4.3), the relationship between NF’s behaviour and the headway
between NF and LC versus the LC's speed (Section 4.4).

4.1. Classification result

According to the behaviour analysis method described in Section 2, we first divide all the 3840 study
samples into group 1 and group 2. The classification result is shown in Table 2.

To investigate the changing amplitude of the reaction pattern in two groups, we start the analysis
by showing the reaction pattern value at the start moment of anticipation 7(Ts) and the end moment
of the anticipation n(Te) in Figure 8(a). The corresponding descriptive statistic is displayed in Table 3. As
we can see from this figure, the average value of 5(Ts) is 1.22 and 1.69 in group 1 and group 2, respec-
tively. ANOVA test is applied, and the test result shows that the initial value of the reaction pattern in
group 1 is significantly lower than that in group 2. After the anticipation process, the reaction pattern
value increases to the average value of 1.78 in group 1 and reduces to that of 1.15 in group 2. The
detailed distribution of An; for the two groups is shown in Figure 8(b). The above results for group 1
highlight that even though the NF’s initial reaction pattern value is larger than the equilibrium value,
the NF still tends to be away from the equilibrium state. Since the LC is conducting an anticipation
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Figure 8. The changing magnitude of the reaction pattern of new followers in group 1 and group 2.

Table 3. Description results of the reaction pattern for group 1 and group 2.

Mean Std Min Max
Group 1
n(Ts) 1.22 0.31 0.76 3.12
n(Te) 1.78 0.32 0.92 3.34
An 0.56 0.14 0.1 1.35
Group 2
n(Ts) 1.69 0.57 0.82 333
n(Te) 1.15 0.54 0.75 3.16
An —0.54 0.20 —1.38 0.09

Note: The mean values in group 1 are significantly different from group 2 in the ANOVA
test (p < 0.001).

process in the adjacent lane and tries to insert ahead of the NF, it is natural to assume that the NF's
behaviour is related to the anticipation. We will further discuss this assumption in Section 4.3.

Additionally, the decreasing trend of An; in group 2 is reasonable since the driver’s task always
tends to return to equilibrium if the initial value is relatively large. This also seems to suggest that some
NFs will not adjust their following behaviour when they notice an anticipation process happening in
the adjacent lane. After the above classification and description results on the NF’s reaction pattern,
we continue with the investigation of how the gap in the target lane and the speed of NF change in
these two groups.

4.2. Impact of anticipation

This subsection investigates the anticipation’s impact on the changing of gap size and speed fluctua-
tion. First of all, we define AS to reflect the changing magnitude of the gap between NF and NL after
the NF experiences an anticipation process, which can be computed as below:

AS = ASni-nF(Te) =ASnL—NF(Ts) (4)

where ASni-NE (Ts) and ASni-nE (Te) are the gap between NF and NL at the start and end moments of
the anticipation, respectively.

Figure 9 shows the distributions of ASin group 1 and group 2, and their statistical results are given
in Table 4. We can clearly observe that the distributions of AS are quite different in group 1 and group
2. Specifically, the distribution of ASis concentrated around the positive axis in group 1 and around the
negative axis in group 2. The results coincide with the definitions of group 1 and group 2. Moreover,
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Figure 9. Gap changing distributions for group 1 and group 2 after anticipation.

Table 4. Descriptive results of the gap changing distribution.

Mean Std Min Max
ASingroupl 5.36 4.65 —6.38 20.31
ASin group2 —4.65 6.31 —19.32 213

Note: The mean values of Delta S between group 1 and group 2 are significantly
different in the ANOVA test (p < 0.001).

the statistical result of group 1 in Table 4 shows that if the anticipation affects the NF's behaviour, an
extra gap (mean value = 5.36 m) between the NF and NL will be induced.

Next, we turn our attention to the speed fluctuation in two groups. Let us denote AgnL and Agnr
as the speed-changing value of the NL and the NF after anticipation, respectively, which can be written
as:

Apne = Vne(Te) =V (Ts) (5)

Vne(Te) =Vine(Ts) (6)

Agpnr

where Vi (Ts) and VL (Te) are the speed of NL at the start and end moments of the anticipation
process, respectively, Vg (Ts) and Vg (Te) are the speed of NF at the start and end moments of the
anticipation process, respectively. Generally, if the NF is in an equilibrium state, the speed-changing
value of NF will approximately equal to that of NL. Thus, the difference value between AgnL and Agng,
denotedas ® = Agnr-AgnL, is capable of reflecting how the NF responds to the anticipation process.

Figure 10 shows the distributions of ® in group 1 and group 2. The descriptive statistic results of
these distributions are displayed in Table 5. The result for group 1 in Table 5 suggests that the NL is
more likely to accelerate (mean = 0.63 m/s), while the NF tends to decelerate (mean = —0.23 m/s)
during the anticipation process. As a result, the distribution of ® in group 1 is concentrated on the left
side of zero; see Figure 10. These distinct driving behaviours of NL and NF explain how the gap created
in the target lane. Regarding group 2, the average value of AgyL is —1.58 m/s, suggesting that the NL
in group 2 is more likely to decelerate during the anticipation. Meanwhile, the average value of Apnr
(—0.89) is smaller than that of AgL. Marczak, Daamen, and Buisson (2013) reported a similar finding.
This finding explains the formation mechanism of group 2, which is that the NL tends to decelerate
while the NF exhibits a slower response. As a result, the NF's reaction pattern value is reduced.

The above findings report that the consequences of NF in group 1 are clearly different from that in
group 2 regarding gap creation and speed reduction. Thus, an interesting problem lies in whether we
can find multiple factors that directly describe the NF’s behaviour during the anticipation process.
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Figure 10. Distribution of the difference in speed fluctuation between the new follower and its leader for group 1 and group 2.

Table 5. Descriptive results of the speed changing distribution.

Mean Std Min Max
Group 1
ApNL 0.63 1.83 —10.63 7.66
A@NF —0.23 1.60 —11.24 7.00
(0] —0.80 1.53 —4.85 4.59
Group 2
ApnL —1.58 2.68 —14.73 5.87
A@NF —0.89 2.19 —13.24 7.60
0] 0.69 1.66 —3.26 5.23

Note: The mean values in group 1 are significantly different from group 2 in the ANOVA
test (p < 0.001).

4.3. Relation between headways and the follower’s behaviour

This subsection investigates whether these two groups’ headway (in s) between the NF and NL
(Tnr—nNL) is different. The ANOVA test and the distribution of Tyr_ni in two groups are displayed in
Figure 11.The results show that Tyg_nL has no significantly different in group 1 and group 2 (p = 0.52).
Therefore, one could argue that the difference in NF’s behaviour is not a difference in its present head-
way with the NL. Furthermore, we compare the headway (in s) between the NF and the LC (Tnr—(¢)
in group 1 and group 2; see Figure 12. We can see that the value of Tyr—Lc in group 1 is significantly
smaller (1.45s) than that in group 2 (2.12s). This finding would be evidence that the relation between
the NF and LC significantly affects the NF’s behaviour. This is easy to understand that when the LC
conducts an anticipation process with a smaller headway with NF, the NF is more likely to adjust its
speed and location to ensure safety.

4.4. Anticipation speed versus follower’s behaviour and headway

Figure 13 presents the result of the relation between the anticipation speed (V| c) and the NF's
behaviour. Note that the anticipation speed here is defined by the LC's speed at the start moment
of the anticipation process. The ANOVA test result is presented in Figure 13(a). It suggests that the
Vic at group 1 and group 2 are significantly different (p < 0.000). The V¢ in group 1 (mean = 5.82
m/s) is smaller than that in group 2 (mean = 9.59 m/s). This result reveals that the NF tends to devi-
ate from the initiate reaction pattern if the LC conducts the anticipation with a lower speed. Since the
NF in group 1 is more likely to suffer slow anticipation speed and small headway value of Tnr—|c, we
compared the relationship between the anticipation speed and the headway Tnr_|c. The comparison
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Figure 13. Relation between anticipation speed and the new follower’s behaviour.

result is shown in Figure 14. This figure shows a large variance and a small value of the Pearson cor-
relation coefficient (0.09). This finding reveals that it is impossible to identify the anticipation speed
based on the value of headway between the LC and the NF.
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Figure 14. Relation between anticipation speed and headway between new follower and lane changer.

5. Binary logistic regressions: which factors influence new follower’s behaviour
during anticipation

In this section, we first develop binary logistic regressions in Section 5.1 to predict the new follower’
behaviour during the anticipation. In Section 5.2, we calibrate and test the performance of the devel-
oped models. Moreover, we compare our model with the model proposed by Zheng et al. (2013) in
Section 5.3. Finally, we further collected four trajectory datasets under different bottlenecks and times
to examine the transferability of the developed model in Section 5.4.

5.1. Model development

As for the approach to model the lane-changing behaviour, non-parameter and parameter models are
widely used in previous studies. The non-parameter method, such as deep learning method (Zhang
etal. 2022), and data-driven simulation (Liu et al. 2022) have been developed to predict lane-changing
behaviour. However, these non-parameter models mainly focused on improving the predicted accu-
racy of lane-changing decisions instead of understanding the lane-changing impact on the target lane.
The parameter models such as the multilevel linear regression model (Yang, Wang, and Quddus 2019),
the linear mixed model (Ali, Zheng, and Haque 2018), and the binary model (Ng et al. 2020) have been
used to connect factors to the lane-changing behaviour. Our work aims to quantify the multiple factors
on the probability of whether the NF changes its following behaviour when the anticipation occurs in
the adjacent lane. Considering the fact that whether the NF changes its following behaviour is a binary
problem, the binary logistic regression is selected to fill this need.

Let the dependent variable Y = 0 represent the NF who belongs to group 1,and Y = 1 represents
the NF who belongs to group 2. Then, we set an input vector X, to represent the initial relationship
among three vehicles: NF, NL, and LC, where the subscript nis the number of candidate variables. Thus,
the general formulation of the binary logistic regression can be expressed as below:

Pr(Y — ojx,) — __PLF 00 A)] )
1+ explf (Xn, B)]
where Pr(Y = 0]X;) is the probability that the NF belongs to group 1 if the LC conducts the anticipation
process at the initial state of Xp,; f (X5, B) is the multiple linear regression function which can be written
as Equation (8):

f(Xn: ﬂ) = Xnﬂn + 130 (8)

where B, is the coefficient, and B¢ is the constant.
Based on this framework, we develop two models. The first model only considers the relation
between NF and NL (model 1). The second model is constructed by adding the anticipation-related
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Table 6. Pearson’s correlation coefficients between all the candidate variables.

1 2 3 4 5 6 7
1. New follower's speed (XVng) 1
2. Relative speed between new follower and new leader (XVnL—nF) —-0.13 1
3. Initial reaction pattern of the new follower (Xn(Ts)) 0.12 —-0.16 1
Anticipation-realted variables
4. Anticipation speed (XVc) 0.82 0.06 0.17 1
5. Relative speed between lane changer and new follower (XV c_ng)  —0.14 0.18 —-0.14 0.15 1
6. Headway between new follower and lane changer (Tnr—c). —0.03 0.02 005 —0.03 0.08 1
7. Relative speed between new leader and lane changer (XVn.—c) 0.03 0.11 009 -—-0.10 0.05 -—-0.12 1

variables into model 1 (model 2). Specifically, three factors which are the speed of NF (XVg), the rela-
tive speed between NF and NL (XVn__ng), and the initial reaction pattern of NF (Xn(T;)), are considered
in model 1. As discussed in Section 4.3, the headway between the NF and NL is not significantly dif-
ferent in these two groups. Thus, we do not consider this variable in model 1. On the other hand,
we construct model 2 by incorporating four additional anticipation-related variables into model 1,
which are the anticipation speed (XV|¢), the relative speed between LC and NF (XV|c_nf), the head-
way between the NF and LC (Tnr—Lc), and the relative speed between NL and LC (XV i —Lc). Comparing
these two models helps us understand whether the anticipation-related variables can increase the
prediction accuracy.

5.2. Models results

Multicollinearity among the above variables has been first checked using Pearson’s correlation coef-
ficient (PCC). Table 6 presents their PPC values. From this table, there are two observations to be
highlighted. Firstly, the PPC value between XV g and XV ¢ is particularly large (0.82), suggesting that
the speed of the NF has a positive correlation with that of the LC. Thus, the variable XV g is removed
in the construction of model 2. Secondly, the rest of these independent variables produce PPC values
between —0.14 and 0.18. Then, we can conclude that the selected independent variables in the two
models exclude any serious multicollinearity.

Table 7 presents the estimation results for model 1 and model 2. In this table, one observes that
the coefficient of Xn(T;) is negative. This result suggests that a smaller initial reaction pattern value
of NF increases the probability that NF’s behaviour belongs to group 1, which is coincident with the
ANOVA test result in Figure 8(a). As expected, the coefficient of XV _nr is positive, which means the
higher speed of NL than that of NF, the higher the probability for the NF to deviate from its initial
behaviour. This finding seems reasonable because the NF will fall behind if a larger speed difference
exists between NL and NF. However, all the samples in this study were collected in congested traf-
fic conditions; see the mean speed value in Table 1. Leaving aside the setting of timid or aggressive
behaviours, the NF's natural behaviour is to follow its leader and maintain an equilibrium state as much
as possible. Nevertheless, the discussion in Figure 10 suggests that the NF tends to decelerate even
though the NL accelerates during the anticipation process, which is opposite to the typical driving
experience. Thus, it may be incomplete to determine the NF’s behaviour only based on the relation
between NF and its leader.

The estimation results of model 2 are also shown in Table 7. From this table, the impact trends of
Xn(Ts) and XV \L—nF are the same as in model 1. Moreover, the negative coefficients of Tyr—rc and XV ¢
are observed, coinciding with the discussion in Figures 12 and 13, respectively. The negative coefficient
of XV c_nr suggests that the probability that the NF’s behaviour belongs to group 1 will be increased
with the reduction of the speed difference between LC and NF. It reveals that if the LC's anticipation
speed is lower than NF, the NF is more likely to decelerate to ensure safety with the LC. The finding
further explains that the deceleration behaviour of the NF is related to the anticipation speed. Finally,
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Model 1 Model 2
Variables Description Coefficient  Standard error  Coefficient  Standard error
Xn(Ts) Initial reaction pattern of the new follower —1.93%** 0.24 —1.72%* 0.28
XVni—nF  Relative speed between new follower and new leader 1.54%+* 0.12 0.78*** 0.12
XVNE New follower's speed —0.09*** 0.04 - -
Anticipation-related
XVic Anticipation speed - - —0.13*** 0.02
XVic—nr  Relative speed between lane changer and new follower - - —1.95%%* 0.09
TNF—LC Headway between new follower and lane changer - - —0.52%** 0.15
XVni—c  Relative speed between new leader and lane changer - - 1.45%+* 0.07
Intercept 4,73 0.22 5.23%** 0.35
Model fit statistics
No. of parameters 4 7
No. of observations 3840 3840
Log-likelihood at zero —1083.17 —1186.54
Log-likelihood at convergence —711.56 —506.75
Likelihood ratio test x 2 371.61 679.79
McFadden’s p? 0.40 0.62
BIC 1456.13 866.55

s#xSignificantatp < 0.001.

the coefficient of XV —|c is positive, indicating that the probability of the NF's behaviour belong-
ing to group 1 increased with the increase of the speed difference between NL and LC. This finding
might seem strange, but it can be explained that the NF changes the following target to the LC when it
notices the anticipation process. Then, the NF may slow its speed if the LC's speed is lower than the NL's
speed.

To further measure the performance of these two models, we calculate three commonly accepted
fit statistics (Schwarz 1978; Roque, Moura, and Lourenco Cardoso 2015; Wang et al. 2020): (1)
McFadden’s p?; (2) Likelihood ratio test XZ; (3) Bayesian Information Criterion (BIC). One model
with higher values of Likelihood ratio and McFadden’s p?, lower value of BIC is preferred. Table 7
presents the comparison results for model 1 and model 2. We can clearly see that model 2 pro-
vides a significantly better fit than model 1. McFadden’s p? in model 2 is 0.62, indicating that the
selected six independent variables with one constant can explain about 62% of the variation in the
dependent variable. While model 1 can only explain about 40% of the variation in the dependent
variable.

A confusion matrix is adopted to examine the prediction accuracy. In general, a confusion matrix
includes four essential elements, which are (1) true positive (TP), (2) false positive (FP), (3) true negative
(TN), and (4) false negative (FN). Based on the four factors, the recall and the false alarm rate (FAR) are
computed to evaluate the minority and majority classes, respectively. The recall indicates how many
samples in group 1 are correctly detected out of all the group 1 samples. The FAR indicates how many
samples in group 2 are wrongly detected as group 1 out of all the group 2 samples. The Receiver Oper-
ating Characteristic curve (ROC) curve is constructed in which the horizontal axis represents the FAR,
and the vertical axis represents the recall. Note that the threshold to compute the ROC increases from
0 to 1 with an interval of 0.1. The area under the ROC (AUC) is calculated to evaluate the classification
capable between group 1 and group 2. The detailed results for model 1 and model 2, including the
confusion matrix, recall, FAR, and AUC, are provided in Table 8. The results indicate that the prediction
capability of model 2 outperforms model 1.

In summary, the results of Tables 7 and 8 conclude that these four anticipation-related variables
play a vital role in increasing the prediction accuracy of whether the NF changes its behaviour dur-
ing the anticipation process. NF's behaviour can be better predicted when we consider these four
anticipation-related variables.
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Table 8. Confusion matrix and prediction performance for two models.

Model 1 Model 2
Confusion matrix Predicted Predicted
Group 1 Group 2 Group 1 Group 2
Actual Group 1 TP = 1893 FN =719 TP = 2484 FN = 128
Group 2 FP = 381 TN = 847 FP = 98 TN = 1130
Performance indicators

Recall 83.25% 96.20%

False alarm rate (FAR) 31.03% 7.98%

AUC 78.42% 94.17%

Table 9. Confusion matrix and prediction performance for model 3.

Model 3
Confusion matrix Predicted
Group 1 Group 2

Actual Group 1 TP = 2193 FN = 419

Group 2 FP = 757 TN = 471
Performance indicators
Recall 74.33%
False alarm rate (FAR) 61.64%
AUC 54.27%

5.3. Comparison results

In the work of Laval and Leclercq (2008), the relaxation process has been successfully modelled. It has
been further reformulated by Duret, Ahn, and Buisson (2011) and adopted by Zheng (2014) to analyse
the NF's driving behaviour. As Zheng et al. (2013) observed, the NF will generally deviate from the equi-
librium state during the anticipation process. They modelled this impact of the anticipation process
on the NF by the maximum passing rate with the logic under 70 samples and achieved satisfactory
accuracy. Thus, we apply this model to our dataset for comparison purpose. We present the details
of this model and its calibration process in the Appendix. For simplification, we name this compared
model as model 3 thereafter.

Table 9 presents the confusion matrix and the performance of model 3. This table shows that the
prediction accuracy of model 3 is worsened than model 1 and model 2. This result is not surprising
because model 3 added a fixed parameter ¢ to reproduce the deviation behaviour of the NF. Conse-
quently, it works well when the NF changes its behaviour. However, as we reported in Table 2, around
30% of the NFs will not change their behaviour (Group 2). Thus, model 3 has an unsatisfactory accu-
racy for predicting the NF who belongs to group 2, which can be inferred by the large value of FAR in
Table 9. This comparison results again highlight that the prediction accuracy can be highly improved
by considering the current traffic environment, especially the anticipation-related variables.

5.4. Transferability of the model

To examine the spatial and temporal transferability of our model 2, we additionally select three new
sites in Nanjing, as shown in Figure 15. Four trajectory datasets are obtained based on the trajectory
extraction method introduced in Section 3. The detailed information of these datasets is presented in
Table 10. Specifically, dataset 8 is collected at site 1 to test the performance of our model on the same
site but on a different day. A new merging section (site 4) is chosen to evaluate the transferability of our
model at different merging locations and times. The other two datasets, one collected at a weaving
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Figure 15. Structure of three transferability testing sites.

Table 10. Basic information of transferability testing datasets.

Trajectory Study Group 1 Group 2
datasets Study site Date Time Type Weather  samples samples samples
Dataset 8 Site 1 23 July 2021 7:45am-8:45am  Merging  Sunny 1038 642 441
Dataset 9 Site4 31 August 2021 8:10am-9:10am  Merging  Sunny 945 593 352
Dataset 10 Site 5 6 May 2021 7:30am-8:30am  Weaving  Sunny 1370 855 515
Dataset 11 Site 6 13 December 2021 6:30 pm-7:30 pm Basicroad  Night 745 481 273

Table 11. Transferability results of model 2 on different datasets.

Datasets Recall False alarm rate (FAR) AUC

Dataset 8 97.67% 5.59% 96.23%
Dataset 9 94.51% 731% 93.91%
Dataset 10 92.27% 9.22% 90.38%
Dataset 11 93.50% 8.73% 91.75%

section, and another collected at a basic road section during the evening peak hour, are used to test
whether our model performs well on the different bottlenecks and lighting conditions.

Table 11 gives the prediction results of model 2 on these four trajectory datasets. From Table 11, it
can be seen that model 2 achieves even better results on dataset 8 than that on the original dataset.
The recall outcome with dataset 9 is marginally lower than that value produced by the original dataset.
Fortunately, the FAR value of model 2 using dataset 9 decreases slightly. As a result, the AUC value of
model 2 obtained with dataset 9 is 93.91%, which is almost the same as the one obtained with the
original dataset (94.17%). The comparison results of dataset 8 and dataset 9 indicate that our model
has the potential to predict the NF's behaviour under different merging sites with satisfactory accuracy.
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Next, we compare the performance of model 2 with the weaving dataset and the nighttime dataset.
Comparing theresults in Tables 8 and 11, it can be seen that the prediction accuracy decreases to a rea-
sonable extent when we apply model 2 to dataset 10 and dataset 11. The possible explanation is that
the driving behaviours in the weaving section and at nighttime are different from that in the merging
section during the daytime. In addition, the original model 2 did not use those data to calibrate. Under
such a situation, the small decrease in prediction accuracy is reasonable and acceptable.

6. Conclusion

In this paper, we investigate the response behaviour of the new follower in the target lane (NF) when
thelane changerin the adjacentlane (LC) is conducting the anticipation process. Drone videos at three
merging sites in Nanjing, China, were recorded. An automatic trajectory extraction method is used to
get the vehicle-level trajectory from these drone videos. After that, 3840 available study samples are
selected from the whole trajectory datasets. To quantify the NF's behaviour, the ratio between the
real wave travel time and the equilibrium time is applied. Consequently, two kinds of NF's response
behaviours can be classified: (1) Group 1, the changing of reaction pattern larger than 0.1, indicating
that the NF deviates from its initial state; and (2) Group 2, the changing of reaction pattern less than
0.1, indicating that the NF reduces its initial state.

Based on this classification criterion, comprehensive empirical analyses for the NF's response and
its relationship with anticipation are conducted. We observe that about 68% of NF samples belong
to group 1. The initial reaction values are examined at the two groups. The results show that the NF
in group 1 tends to change its behaviour to a more ‘timid’ pattern even the initial reaction pattern is
larger than the equilibrium state. This finding suggests that the NF’s behaviour is somehow affected.
Next, we detailly describe the impact of these two groups in terms of the gap increasing size and the
fluctuation of NF's speed during the anticipation process. We find that the NF exhibits two distinctly
different behaviours in group 1 and group 2. Specifically, the NF in group 1 is more likely to produce
an extra gap (average 5.36 m), while in group 2 it is more likely to reduce the gap (average 4.65 m). It
is interesting to point out that the NL tends to accelerate in group 1 while the NF tends to decelerate
during the anticipation process. For group 2, both the NL and the NF tend to decelerate, while the
deceleration of the NL is larger than that of the NF.

Furthermore, we analyse some critical factors to see their relationships with the NF's behaviour.
Statistical results confirm that the headway (in s) between the NL and NF does not significantly affect
the NF’s behaviour. However, both the headway between the LC and NF, and the anticipation speed
highly correlate with the NF’s behaviour. These findings reveal that the deviation behaviour of the NF
(group 1) is ascribed to the LC's anticipation behaviour. Therefore, we proposed two binary logistic
regression models: (1) the basic model only considers the relation between NL and NF (model 1); and
(2) model 1 + anticipation-related variables (model 2). These anticipation-related variables we consid-
ered in this study are the anticipation speed, the related speed between NL and LC, the related speed
between LC and NF, and the headway between the LC and NF. Several models fit statistics, such as Like-
lihood ratio, McFadden's R-squared, and BIC all demonstrate that model 2 fits the data more effectively
than model 1. Additionally, to further evaluate the prediction capability of these models, the confu-
sion matrix, recall, false alarm rate, and AUC are computed. The results of this comparison conclude
that the regression model can predict whether the NF changes its behaviour during the anticipation
process with high accuracy. Remarkably, the prediction accuracy can also be significantly increased if
we consider the anticipation-related variables. Finally, four additional trajectory datasets are used to
test the transferability of the regression model. The results show that the prediction accuracy is still
very high when we directly apply the developed model to other trajectory datasets under different
bottlenecks and times. It demonstrates that our model has good transferability.

This study provides a comprehensive empirical analysis to understand how the NF’s behaviour
changes during the anticipation process. More importantly, the binary logistic regression models sug-
gest that the NF’s behaviour is highly related to the anticipation behaviour. The results suggest that



TRANSPORTMETRICA B: TRANSPORT DYNAMICS . 19

when we model the car-following behaviour under the scenario of lane-changing, the impact of the
anticipation stage of the lane-changing manoeuvre should be considered. This would provide a better
understanding of combing the car-following and lane-changing models into one model. This is ongo-
ing research in our further work. However, this study only focuses on the successful lane-changing
sample, and its follower and leader are unchanged during the whole anticipation process. There exist
several other lane-changing scenarios in reality, such as the NF may speed up the LC, the NF may also
change lane, and the LC even speed up NF in the target lane, in which the relation between the LC and
its NFs are expected different. This will be a subject for future research. Finally, the vehicle type has not
been considered in this study due to the limited availability of the heavy-vehicle trajectory dataset.
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Appendix

Here, we present and calibrate the compared model proposed by Zheng et al. (2013). In this model, the formulation for
the predicted wave travel time from LC to NF is:

pre . _ _ £ Bt
7 (=71 + B In <1 + 7W+ Vj(Ts)> (A1)
where 7;(T;) is the actual wave travel time from the LC to the NF at the start moment of anticipation; € is the speed
difference the NF is willing to accept; the § is the NL's acceleration value; vi(Ty) is the initial speed of the LC.

We use the extracted 3840 anticipation samples, as shown in Section 3, to calibrate Equation (A1). For the parameters v
i(T), we adopt the average value; vIi(T;) = 7.62 m/s. Then, we use the same calibration method suggested by Duret, Ahn,
and Buisson (2011) to calibrate t/(T;), &, and B. The calibration process aims to minimize the Root Mean Squared Error
(RMSE) between the real and estimated values. After that, we have the calibrated values; t/(T;) = 0.51s, ¢ = 0.94 m/s,
and B = 1.82 m/s2. The RMSE value for calibration is 0.21. The calibrated Equation (A1) provides us with the predicted
wave travel time between the LC and the NF at the end moment of anticipation. To identify whether this predicted value
belongs to group 1 or group 2, we add the actual wave travel time from the NL to LC (z /() on the predicted value of
7 pre i(t). Note that if the wave arrives at the leader at time t'~" and the follower at time t/, then the wave travel time
can be computed as ('~ — t/). By combining Equations (2), (3), and (A1), we have the identification indicator for this
comparison method.

P"(Te) + 1(Te)
An = S () (A2)
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