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Abstract

The data-driven characterization of discretionary lane-changing behaviors has traditionally been hindered by the scarcity of
high-resolution data that can precisely record lateral movements. In this study, we conducted an exploratory investigation
leveraging the Third Generation Simulation (TGSIM) dataset to advance our understanding of discretionary lane-changing
behaviors. In this paper, we developed a discretionary lane-changing extraction pipeline and scrutinized crucial factors such as
gaps and relative speeds in leading and following directions. A dynamic time warping (DTW) analysis was performed to quan-
tify the difference between any pair of lane-changing behaviors, and an affinity propagation (AP) clustering, evaluated on nor-
malized DTW distance, was conducted. Our results yielded five clusters based on lead and lag gaps, enabling us to categorize
lane-changing behaviors into aggressive, neutral, and cautious for both leading and following directions. Clustering based on
relative speeds revealed two distinct groups of lane-changing behaviors, one representing overtaking and the other indicative
of transitioning into a lane with stable and homogenous speed. The proposed DTW analysis, in conjunction with AP cluster-
ing, demonstrated promising potential in categorizing and characterizing lane-changing behaviors. Additionally, this approach
can be readily adapted to analyze any driving behavior.
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Lane-changing and car-following behaviors are the two
crucial elements of microscopic traffic flow theories; while
car-following only addresses longitudinal movements,
lane-changing behaviors involve both lateral and longitu-
dinal maneuvers. Despite the extensive research on car-
following behaviors over the years, lane-changing beha-
viors have garnered interest in the past two decades (/).
This recent attention is attributed to the growing evidence
of lane changing’s adverse effects on traffic safety (2, 3),
traffic flow oscillation (4-7), and capacity drop (8).

In light of the influence of lane-changing behavior on
traffic safety, efficiency, and stability, there has been a
swift increase in attempts to model lane-changing. Yang
and Koutsopoulos (9) was one of the pioneers in model-
ing lane-changing behaviors by extending Gipps’ car-
following model (/0) and implemented it into the micro-
scopic traffic simulator, MITSIM. Then Kesting et al.

(11) proposed the minimizing overall braking induced by
lane changes (MOBIL) model by simplifying the antici-
pated advantages and disadvantages of lane-changing as
single-lane accelerations, which can be integrated with
the intelligent driver’s model (IDM) (/2). Another line of
modeling lane-changing is based on discrete choice mod-
els. Ahmed et al. (/3) is one of the earliest works defining
a utility function for lane-changing behavior. Generally,
lane-changing behaviors are categorized as either
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“discretionary” or “mandatory” (/). The primary intent
behind a discretionary lane change is to choose a better
driving condition, whereas the key incentive for a man-
datory lane change is to arrive at the destination. Toledo
et al. (/4) developed a discrete choice framework captur-
ing the trade-off between mandatory and discretionary
lane changes with a single utility function. As lane-
changing behaviors can be regarded as a competition
and cooperation between the lane-changing and sur-
rounding vehicles, Kita (/5) first formally formulated
merging with game theory to explain the real-world mer-
ging and giveaway behaviorally. Following similar strate-
gies, Ban (/6) then proposed robust payoff matrices for
defining the strategies. As communication technology
enhanced the connectivity among vehicles, Talebpour
et al. (I7) pioneered the effort in game-theoretic model-
ing lane-changing behaviors in a connected environment.
More recent work by Ali et al. (/8) extended Talebpour
et al. (1/7)’s previous work and utilized an advanced driv-
ing simulator to collect high-quality vehicle trajectory
data for the connected environment.

Furthermore, data-driven analysis of lane-changing
behaviors has built a presence in the literature as sensing
technology advances and data becomes more accessible,
such as naturalistic driving data and trajectory data.
Keyvan-Ekbatani et al. (19) conducted a naturalistic driv-
ing experiment combined with an interview-based study,
which categorized lane change decision processes and
highlighted diverse driving strategies during these maneu-
vers. Knoop et al. (20) further advanced this study by
examining lane-changing behavior on highways through
an online survey using video clips, revealing various lane
choice strategies adopted by drivers. In a similar vein,
Zhang et al. (21) proposed a graph-based hidden Markov
model to analyze lane-changing behaviors under different
traffic conditions using the INTERACTION dataset (22),
indicating the existence of multiple dynamic interaction
patterns in lane changes. Similarly, Yang et al. (23) inves-
tigated the gap and relative speed based on naturalistic
driving data collected from Shanghai, China, and results
showed that gaps are significantly affected by surround-
ing environments. However, this dataset only contains
driving data from 60 drivers. Das et al. (24) investigated
gaps in lane-changing with a much more comprehensive
dataset, the Strategic Highway Research Program 2
(SHRP 2), and demonstrated that different factors,
including relative speed, traffic conditions, and accelera-
tion, will influence gap acceptance decisions. However,
such efforts in analyzing lane-changing behavior are ham-
pered by the complication and difficulty of accurately
capturing the longitudinal and lateral position of the
lane-changing and surrounding vehicles and identifying
the lane boundaries from a naturalistic driving dataset.

To further enhance the understanding of lane-changing
behaviors, vehicle trajectory data has become essential,
and these datasets fall into three primary categories based
on collection methodology:

(1)  Infrastructure based videography: the Next
Generation Simulation (NGSIM) (25) and 1-24
MOTION (26) datasets utilize this approach,
involving cameras fixed to infrastructure ele-
ments like overpasses and buildings. This
method can capture detailed traffic flow from
multiple angles but requires complex data
fusion and interpolation because of overlapping
fields of view and stationary recording posi-
tions. Wang et al. (27) utilized the NGSIM (25)
dataset and designed heuristic rules to extract
discretionary lane changes. Later, Li et al. (28)
coupled a control model with trajectories to
infer common discretionary lane change steering
characteristics from NGSIM data. However,
researchers are advised not to place excessive
trust in the lateral position data provided in the
raw NGSIM database, and Coifman and Li
(29) indicated that refinement on the lateral
position from the NGSIM dataset is needed.

(i)  Fixed location aerial videography: the HighD
(30) and pNEUMA (31) datasets employed this
method, offering a direct trajectory extraction
process. However, the HighD (30) dataset’s lim-
ited coverage and Germany’s left-only overtak-
ing restrictions may skew the analysis of lane-
changing behaviors. In contrast, pNEUMA’s
(31) focus on urban arterial roads and intersec-
tions presents a different set of behavioral
dynamics.

(ii1)  Moving aerial videography: the TGSIM dataset
utilizes this approach, where a helicopter fol-
lows vehicles, enabling the collection of
extended trajectories and detailed behavioral
analysis. This method overcomes the limita-
tions of fixed location and infrastructure-based
methods by providing comprehensive coverage
and precise lane assignments crucial for captur-
ing traffic flow dynamics.

One missing aspect from the previous studies is the
categorization and characterization of discretionary
lane-changing behaviors based on real-world data, and
the critical bottleneck that impedes development in ana-
lyzing lane-changing behaviors is the lack of abundant
and accurate datasets that can capture lateral movements
accurately in traffic flow. Therefore, the objective of this
paper is to conduct an exploratory investigation into
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discretionary lane-changing characteristics with the
TGSIM dataset (32) and gain insights on how different
types of lane-changing maneuvers should be categorized.
These findings can provide insights into modeling lane-
changing behavior under different traffic states and
improve microscopic traffic simulation’s soundness.

The paper is organized as follows. The next section
elaborates on the data preparation steps, followed by the
methodologies used in this study: a dynamic time warp-
ing (DTW) analysis on lane-changing behaviors and an
affinity propagation (AP) clustering method based on
the previous DTW analysis. This paper proceeds with a
section presenting the results of characterizing lane-
changing behaviors with gaps and relative speeds.
Finally, this paper is summarized with some conclusions
and discussions.

Data Preparation

This section will first briefly introduce the TGSIM data-
set and then describe the extraction process of lane-
changing cases, followed by presenting some descriptive
analysis of the lane-changing measurements and finally,
perform hypothesis tests to justify the benefit of splitting
the behavior measurements into leading and following
when categorizing and characterizing discretionary lane-
changing behaviors.

The data used in this paper was collected from a 3-mi
segment on [-294 near Hinsdale, IL (one of Chicago’s
suburbs), using the moving aerial videography method
(i.e., a helicopter following the probe vehicles). Data col-
lection occurred in October 2021 during a peak hour
between 3 to 5 p.m., and involved a fleet of three adap-
tive cruise control (ACC) operated vehicles. Unlike pre-
vious studies that faced constraints with data collection
volume, continuous data was captured by a helicopter
equipped with a RED camera at 30 frames per second
at 8K resolution following the vehicles at 300 m. The
conditions varied between sunny and cloudy. Data col-
lection encompassed a sequence of vehicles operating
with ACC in a platoon-like formation, which is fre-
quently segmented because of large gaps, reflecting nat-
uralistic traffic flow. In addition to the aerial-based
videos, data from on-board Global Positioning System
(GPS) + Inertial measurement unit (IMU) systems
were collected to ensure accuracy in trajectory extrac-
tion and aid in data verification. The dataset contains
10 experiment runs, each covering four lanes in the
same direction. By introducing the idea of “auxiliary
lanes” and excluding all the movements from or toward
the outside of the four lanes on the main traffic, only
the lane changes among the four lanes in the main-
stream are considered in this study. Since the merging
from on-ramp and diverging toward off-ramp cases are

removed, all the lane changes are regarded as discre-
tionary lane changes in this study. Ammourah et al.
(32) has more information on data collection trajectory
extraction in detail.

One advantage of TGSIM is that all the boundaries
of lanes were carefully marked, and each trajectory point
was assigned a lane index after trajectory extraction. As
TGSIM data used the center of a vehicle as the proxy of
its location, when the lane index changes for the same
vehicle index, the center of this vehicle passes the lane
markings. According to recent work by Ali et al. (33), a
time window of 6s is preferable for evaluating lane-
changing models. Thus, this paper took 3 s before and 3s
after the lane index changes for a vehicle, therefore each
lane-changing case has 6s of data.

Identifying the leader and follower is essential to calcu-
late gaps and relative speeds. Since a lane index is assigned
to each trajectory point, identifying the leader and fol-
lower is straightforward during lane-changing. This paper
only considers the cases where both the leader and fol-
lower interact with the lane-changing vehicle. Therefore, if
the longitudinal distance between the leader/follower and
the lane-changing vehicle is greater than 500 m when the
center of the lane-changing vehicle crosses the lane bound-
ary, the lane-changing case will not be extracted into the
final lane-changing dataset. There are 477 lane-changing
cases following the extraction method described above,
and each case contains 6s of data. As the timeresolution
of theTGSIM data is 0.1 seconds, eachlane-changing
behavior measurement for a lane-changing case is repre-
sented by atime series consisting of 60 consecutive data-
points, corresponding toa 6-second duration.

Figure 1 is an illustration of a typical lane-changing
maneuver, and the definitions from Zheng (/) are utilized
as a basis for constructing our lane-changing measure-
ments. The lane-changing vehicle (LCV) changes from
the initial lane to the target lane, and the leader (LV)
and the follower (FV) are the immediately preceding and
following vehicles, respectively. The location of vehicle i
at time ¢ is defined as the center of a vehicle, (x;(¢),y:(¢)),
and this paper denotes the speed of vehicle i at time ¢ as
v;(t) and the length as /;. Zheng (/) used the front-rear
distance to represent gaps; however, the lane-changing
cases in the TGSIM dataset involve a wide range of
speeds (22.22 m/s to 47.49 m/s), and at higher speeds, a
vehicle needs a longer spatial distance to maintain the
same time gap, resulting in larger front-rear gaps when
measured in meters. For the purpose of characterizing
lane-changing decisions in this paper, using spatial gaps
will induce bias in measuring the difference between
lane-changing cases. Therefore, this paper follows the
definition presented by Yang et al. (23) of the lead gap
g (f) and lag gap gi*(r) for a lane-changing case j at
time ¢ and uses time to represent gaps as follows:
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Table I. Descriptive Statistics of Lane-Changing Decision Parameters

Gap (s) Relative speed (m/s)

Statistics Speed (m/s) Acceleration (m/s?) Lead Lag Lead Lag

Count 28620 28620 28620 28620 28620 28620

Mean 24.22 0.08 2.45 2.76 —-0.35 1.44
SD 7.77 1.08 2.26 2.70 351 3.70
Min. 1.68 —-9.95 0.00 0.01 —22.41 —14.68
25% 19.14 —-0.27 0.97 1.05 —-2.32 —-0.87
50% 25.85 0.06 1.68 1.85 —0.18 .15
75% 30.10 0.50 3.21 3.57 1.62 3.83
Max. 47.39 12.65 25.43 17.05 16.50 19.93

Note: SD = standard deviation; Min. = minimum; Max. = maximum.

Target
Lane

LV b Initial
Lane

Figure 1. A demonstration of lane-changing decision.
Note: FV = following vehicle; LCV = lane-changing vehicle; LV = leading
vehicle.
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The relative speeds are also useful in measuring lane-
changing decisions (23) and are defined as follows:

AVE (1) = vV (1) = VEV (1), (3)

AVPE(r) = vEV (1) =Y (1), (4)
Table 1 shows the descriptive statistics of the key para-
meters influencing lane-changing decisions extracted
from the TGSIM 1-294 dataset. The average speed of
24.22m/s suggests a moderate traffic flow, with a sig-
nificant spread in speeds indicated by the standard
deviation of 7.77m/s. The large standard deviation
underscores a diverse range of driving behaviors. The
breadth of vehicle speeds, spanning from 1.68 m/s to
47.29m/s, encompasses a variety of traffic conditions
from congested to free-flowing states. The mean accel-
eration is near-zero, implying steady flow conditions,
but the range from —9.95 to 12.65m/s” indicates occa-
sional rapid changes in speed. The lead and lag gap
times, with means of 2.45 and 2.76s, respectively, hint

at drivers’ preference for a slightly larger buffer behind
them than in front. The negative mean lead relative
speed (—0.35 m/s) suggests that lane changes tend to
occur when the leading vehicle is traveling at a slower
speed than the lane-changing vehicle, while the positive
mean lag relative speed (1.44 m/s) indicates a tendency
to change lanes into a space where they are faster than
the following vehicle. The percentiles provide addi-
tional insight into driving behaviors, with the 25% and
75% values delineating the typical range of gap accep-
tance and relative speeds during lane-changing maneu-
vers. These insights into gap acceptance and relative
speeds during lane changes are critical for understand-
ing the complex dynamics of driver decision-making
during lane-changing maneuvers.

Figure 2 displays the joint and marginal distributions
of the follower and leader gaps, and these distributions
do not appear to be normally distributed and are right-
skewed with long tails, rendering the central limit theo-
rem and law of large numbers inapplicable. Figure 3
shows the two relative speeds may share similar standard
deviations but differ in the mean value. In line with the
theory proposed by Laval (34), such distributions of lead
and lag gaps may follow a power-law:
= Ox % = (a— D Iy (5)

P(x; (Xaxmiﬂ) min

where a is the scaling parameter or critical exponent, and
Xmin 18 the lower bound of x, since the density diverges
when x — 0. C = (e — 1)x%.! is the normalization con-
stant that ensures | O;n Cx %dx = 1.

To characterize the long-tail distribution of the lead
and lag gaps, the maximum likelihood estimation (MLE)
and the likelihood ratio testing (LRT) methods outlined
by Clauset et al. (35) are employed, comparing them
against log-normal distributions because of their propen-
sity for modeling heavy-tailed data. Therefore, the long-
tail distribution of lead and lag gaps are fitted with a
log-normal distribution:
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Figure 2. The joint and marginal distribution of lead and lag gaps.
Note: The red curves present the estimated log-normal distribution of the
lead and lag gaps.
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where m is the scale parameter and the median on the
nature scale; o is the shape parameter and the standard
deviation on the log scale.

In the likelihood ratio test, the null hypothesis is that
the data follows a power law distribution, while the alter-
native hypothesis is that the data follows a log-normal
distribution. The test results show that the log-normal
distribution provided a better fit for both lead and lag
gaps. This conclusion is supported by the likelihood ratio
test statistics of —14.76 and —122.71, with correspond-
ing significance values of 0. 00.. The negative values of
the LRT statistics suggest that the data is more likely to
follow the log-normal distribution, and the near-zero sig-
nificance values provide strong evidence against the null
hypothesis. Figure 2 illustrates the estimated log-normal
distribution with red lines. This finding implies that, con-
trary to our initial hypothesis that the lead and lag gaps
follow a power law distribution, they are more accurately
modeled by a log-normal distribution. This has signifi-
cant implications for modeling traffic flow and lane-
changing behavior. The procedures we followed for this
analysis were adapted from the powerlaw package in
Python (36).

Moreover, the Wilcoxon signed-rank test (37) is
employed to ascertain the need for separate treatment of
lead and lag gaps and relative speeds in modeling lane-
changing decisions. The Wilcoxon signed-rank test is a
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Figure 3. The distribution of relative speed compared with
leader and follower.

Note: The red curves present the estimated normal distribution of the lead
and lag relative speeds.

non-parametric equivalent to the paired T-test, suitable
for paired samples like our lead and lag gaps at each
timestamp. The test yielded statistics of 183279819 and
137820170 for gaps and relative speeds, respectively, with
p-values of 0.0000 in both cases. This strongly indicates
that lead and lag gaps and relative speeds are drawn
from distinct distributions, justifying the separate treat-
ment of leading and following directions in our analysis
of lane-changing behavior. The efficacy of the Wilcoxon
test in handling heavy-tailed data is corroborated by its
application in other domains, such as e-commerce order
size analyses (38), further validating its robustness for
our approach.

For comparison and verification purposes, this paper
utilizes the US-101 dataset from NGSIM (25). To focus
on discretionary lane-changing maneuvers, lane-changing
maneuvers involving ramps are excluded, and only lane-
changing maneuvers between lanes from lane 1 (the
farthest left lane) to lane 5 (the farthest right lane) are
considered. Instances where there is no leading or follow-
ing vehicle in the target lane are not included. From 7:50
am. to 835 a.m., a total of 783 discretionary lane-
changing cases were extracted.

Methodology

This section presents two steps to categorize and charac-
terize the discretionary lane-changing behaviors from
real-world trajectory data. The first step is to construct a
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Figure 4. Overview of the proposed methodological framework for lane-changing behavior clustering.

DTW analysis framework to evaluate the similarity
between any lane-changing cases, and the second step is
to perform affinity clustering based on the DTW simila-
rities to identify different categories in discretionary
lane-changing behaviors.

Figure 4 outlines our methodological framework for
clustering lane-changing behavior with DTW-based AP
clustering. This approach consists of calculating the simi-
larity matrix based on the DTW distance and AP cluster-
ing. It initiates the computation with pairwise DTW
distances for the off-diagonal elements of the similarity
matrix. For the diagonal elements, the preference hyper-
parameter is iteratively tuned to optimize clustering per-
formance. This iterative process involves a feedback loop
where after each clustering iteration, performance metrics
are evaluated to adjust the preference parameter.
Following the formation of the similarity matrix, the AP
algorithm iteratively computes responsibility and avail-
ability matrices until convergence is achieved. Upon con-
vergence, exemplars are selected, and clusters are formed.
The cycle continues until the most effective hyperpara-
meter value is determined, ensuring that the AP clustering
algorithm can distinguish between different behaviors.

DTW Analysis on Lane-Changing Behaviors

The idea of using dynamic programming algorithms to
find matching patterns between time series data

originated from the seminal work by Bellman and
Kalaba (39), and was then formally formulated and
widely applied in speech recognition by Myers et al. (40)
and Sakoe and Chiba (41). Recent studies by Zhang and
Talebpour (22) and Hosseini et al. (42) that applied
DTW analysis to driving behaviors have demonstrated
that the method offers a distinct advantage in comparing
time series, as it can align sequences of varying lengths
and capture meaningful patterns, rendering it an apt
choice for driving behavior analysis.

In assessing the difference between two time
series of driving behaviors, 4 = [aj,ay, ...,a,] and
B = [by,by, ...,b,], a conventional and intuitive metric
is the Euclidean distance (ED), as defined in
Rakthanmanon et al. (43):

ED(4,B) = (7)

where T = min{m, n} represents the length of the shorter
time series

Given that the duration of lane-changing cases in this
study is fixed at 6s, all time series have the same length,
with m = n = 60. While the ED provides a basic measure
of dissimilarity, it may not effectively capture the pat-
terns and alignments among time series, which is essential
to clustering analysis. To address this issue, this paper
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employs DTW analysis. In DTW, the local cost matrix
D € R™*" is defined as

DERmxnldij: Hai—ij

- /(@

where dj; is an element in the local cost matrix D.
Building on the local cost matrix, the warping path
W = [wi,wy, Wi, ...,w, ...,wg| represents a set of
mapping relationships between 4 and B. An element in
the warping path wy = (ir,jx) € [l : m] X [1 : n] means a;,
and b;, form a pair in the optimal matching.
Then Senin (44) introduced the following formulation:

—b)ielimjel:n (8)

K
DTW(4,B) = mﬂi/n/; diyj,- (9)

where DTW(A4,B) is the DTW distance between time
series 4 and B. d;,;, is the (i, ji)-th elements in the local
cost matrix D.

The constraints are:

wy = (1, 1), (10)
wg = (m,n), (11)

, (12)
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(i) =tvwe=Giomer = (1) (13)

/

(/=)= 00w = @oweer = (1), (13)

The six constraints described above embody three funda-
mental assumptions initially proposed by Sakoe and
Chiba (41). These assumptions are as follows: (i)
Boundary assumption :Equations 10 and 11 guarantee
that the warping path begins at the first points and ends
at the last points of the two time series, representing an
alignment assumption in DTW; (ii) Continuous
assumption:Equations 12 and 13 ensure a match with
neighboring points, indicating that every time step
should be included in the optimal warping path; and (iii)
Monotonous assumption: Equations 14 and 15 preserve
the time order and effectively prevent time from moving
backward.

It has been proven by Senin (44) that the optimization
problem defined by Equations 9 to 15 reduced to a short-
est path problem in the cumulative distance matrix
C € R"*", which can beefficiently solvedusing dynamic
programming.

The pseudo-code for the dynamic programming algo-
rithm in computing the cumulative distance matrix

Algorithm | CummulativeDistanceMatrix(A, B, D)

lim [ A
2n—|B]

3: New array C[l..m, |...n|

4: Initialize C[1,1] =0

5.fori= l;i<m;i+ + do

6 Cli, 1] < Cli—1,1] + DJi, 1]

7: end for

8 forj= I;j<n;j+ + do

9: C[l,j] < C[l,j—1] + D[l,]]

10: end for

Il:fori= l;ism;i+ + do

12: forj= Il;jsn;j+ + do

13: Cli,j] < D[i,j] + min{C[i— I,j— 1],C[j — 1,j],Cli,j — 1]}
14: end for

15: end for

16: Return C

C € R™*" described in Senin (44) is presented in
Algorithm 1.

It takes O(mn) to compute the local distance matrix D
and the cumulative distance matrix C (44). Then given
the cumulative distance matrix, the optimal warping path
W can be recovered in O(n) time by tracing back from
C[m, n] to get the warping path W.

Since the time series measured in this study are identi-
cal in length (all lane-changing cases are 6s), a length-
based normalization conducted in Zhang and Talebpour
(22) is unnecessary.

Table 2 illustrates a simplified numerical example, elu-
cidating the difference in measuring the difference
between two time series data with the DTW distance and
the ED. This example derives from a piece-wise linear
abstraction of speeds observed in two specific lane-
changing cases: one involves vehicle ID = 20 in Run 7,
moving from lane 4 to 5, and the other involves a vehicle
from ID =35 in Run 7, moving from lane 4 to 3.
Figure 5 visually demonstrates that the ED measures the
difference based on corresponding indices, without con-
sidering the underlying matching patterns. As computed
using the formula in Equation 7, the ED is 6.08m/s.
Conversely, Figure 5 displays how the DTW distance
identifies an optimal alignment. Following the definition
described in Equation 9, the DTW distance is 8 m/s. It is
important to note that both the ED and the DTW dis-
tance serve as measures of dissimilarity, not direct mea-
sures of physical distance.

To better illustrate the process and output of DTW
analysis, the speed of the lane-changing vehicle in two
lane-changing cases is taken as a sample. Figure 6, as an
exemplification, showcases its accuracy in finding the
warping path and, thus, the matching patterns by mini-
mizing the cumulative costs. Figure 7 shows the corre-
sponding matching patterns based on the warping path
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Figure 5. A comparison of ED and DTW calculation.
Table 2. Piece-Wise Linear Speed Example for Euclidean Distance and Dynamic Time Warping Calculation
Index | 2 3 4 6 7 8 9 10 I 12
Time series |(m/s) 22 24 26 28 30 31 32 30 28 26 24 22
Time series 2(m/s) 25 26 27 28 29 30 31 32 30 28 26 24

35 in Run 7 changed lane from 4 to 3
Time (0.1sec)

ID=

0 10 20 30 40 50

Time (0.1sec)
ID=20 in Run 7 changed lane from 4 to 5

Figure 6. A demonstration of finding the warping path by solving
for the shortest path in the local cost matrix.

shown in dark blue in Figure 6. The black line is the
speed for the vehicle ID = 7 in experiment Run 7 when
changing lanes from 4 to 5; the blue line is the speed for
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Figure 7. A demonstration of matching patterns between data
from two speed time series based on dynamic time warping.

the vehicle ID = 35 in Run 7 changing lanes from 4 to 3.
The speed axis has an offset of 2 units to illustrate the
matching patterns better.

In accordance with the established framework, a
DTW distance matrix corresponding to lane-changing
behavior measurements can be computed. The obtained
difference measurements can subsequently be converted
into similarity by inverting the value of each element.
These measurements thus serve as an input to the cluster-
ing algorithms presented in the following subsection.
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AP Clustering Based on DTW

This research aims to categorize discretionary lane-
changing behaviors using real-world trajectory data.
Current classification standards for lane-changing
behaviors are inadequately defined for appropriately
labeling the extracted data, underscoring the need for a
clustering method. Given the exploratory nature of this
study and the indeterminate number of clusters, clus-
tering methods such as k-means (45) and spectral clus-
tering (46), which necessitate prior knowledge of the
number of clusters, do not align with the study objec-
tives. Density-based spatial clustering of applications
with noise (DBSCAN), another prevalent unsupervised
method, is not ideal given its inherent limitation of
potentially classifying some data points as outliers not
belonging to any cluster (Ester et al. [47]). This runs
counter to our aim of achieving a comprehensive cate-
gorization of discretionary lane changes across various
traffic states. Consequently, we have chosen AP pro-
posed by Frey and Dueck (48) as the clustering method
for our analysis because of its suitability for our
research needs, providing unbiased categorization of
discretionary lane-changing behaviors.

One of the key inputs of AP clustering is the similarity
matrix. Inspired by Akl and Valaee’s (49) successful imple-
mentation of DTW on multi-dimensional acceleration in

anew(ia k) =

gesture recognition using AP clustering, this work designed
the similarity matrices as follows:

2 ( ylead ylead 2 lag ylag) . _, .
(1)) = { “DIWA (X} xf) - DIWA (x1.7) i

pi=]j

(16)

where DTW (X}ead,X}ead) and DTW < X', leag) are the

DTW distance for leader- and follower-related factors,
respectively. The factors include gaps and relative
speed, defined in (X}lead,)(;ag) C {(G}ead, G}ag),
’ 1¢ ’
(A leead,A deg> }, G]lﬁ:ad — [g}ead(l),g}ead(z)’
-.g(n)] and AV = [AVE(1),01°5(2), ..V (n))p
is the preference for each data point; points with a larger
preference are more likely to be chosen as exemplars. An
exemplar means cluster centers (50). Therefore, p should
be initialized as an array with identical elements to main-
tain impartiality during clustering.

where

Naoia(i, k) + (1 = \) (min{O, r(k, k) + Zj’j#i’#k max{0, r(j, k)}) JiEk
Naowa(i, k) + (1= \) (Z,, Lo max{0,(; k)}),i —k

In line with our exploration of clustering analysis, the
similarity matrix for the base case is constructed using
the ED defined in Equation 7 as the metric. This
approach allows us to establish a benchmark for com-
parison with the DTW method, thereby demonstrating
the enhanced effectiveness of DTW in capturing the
nuanced patterns in time series data. The similarity
matrix using ED is defined as follows:

_ED? ( xlead Xlead) _ED? ( X', X}ag)’i ;
St =8 T AT
q,1 =]

(17)

where X/“¢ and le”g retain their previously defined
meanings, and ¢ represents the preference parameter.
The method for tuning this parameter is detailed in the
results section.

AP can be viewed as exchanging messages between the
data points and the message, including the responsibil-
ities r(i, k) and availabilities a(i, k) between point i and k.
The update function of responsibilities and availabilities
are defined as follows (48):

Fnew(i, k) = Nroia(i, k) + (1 = N\) (S(i, k) — E_%{a(i,j) + S(i,j)})

(18)
(19)

where \ is a damping factor between 0 and 1. This is to
avoid unstable dynamics in practice (48).

The responsibilities and availabilities at any step can
be used to identify exemplars. For lane-changing case i,
let &k = argmaxi{a(i,j) + r(i,j)} if k=i then i is an
exemplar; and if £ # i, then &k is an exemplar for i.
Algorithm 2 describes the AP clustering implementa-
tion proposed by Frey and Dueck (48). The similarity
matrix S is computed based on Equation 17, and pre-
ference p is a function of the median of the similarity
matrix S—how to determine preference will be dis-
cussed in detail in the following results section. Other
parameter keep fixed values in this study, including the
damping factor A = 0.5, the maximum number of itera-
tions, max_iter = 200, and the number of iterations with
no change in exemplars that stops the convergence,
same_exemplar = 15.

Given that the ground truth for the clustering is
unknown, this paper employs two widely-used metrics
suitable for situations like this to assess the performance
of the clustering. The first is the average silhouette coeffi-
cient (ASC [51]), ASC defined as follows,
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Algorithm 2 Affinity Propagation Clustering
(S, p, \, max_iter, conv_iter)

num_iter — |
same_exemplar_iter — 0
3: while True do
Compute responsibilities based on (18)
Computer availabilities based on (19)
6: if exemplars changed then
same_exemplar_iter < 0
else
9: same_exemplar_iter < same_exemplar_iter + |
end if
num_iter>>max_iter or same_exemplar_iter>>conv_iter then
12: break
end if
num_iter < num_iter + |
15:  end while
Find exemplars and assign each data point to the nearest
exemplar to finalize clusters

ASC= Ly~ iz 20
ﬁ Z max(a,—, bl) ( )
where N is the number of samples, and N = 477 in this
study; a; is the mean DTW distance between sample i
and all other samples in the same cluster; b; is the mean
dynamic warping distance between sample i and all other
samples in the next nearest cluster.

A higher ASC score means a model with better-
defined clusters. The range is between —1 for incorrect
clustering and +1 for highly dense clustering, and a
score around zero indicates the clusters have too much
overlap.

The second measurement of clustering performance is
the Calinski-Harabasz index (CHI [52]).. For a set of
data D of size N, CHI is defined as follows,

ll”(Bk) % N —k

CHI =
k—1

(21)

k

B, = Z ny (cq - cD) (cq — cD)T, (22)

qg=1

Wy = i Z(xfcq) (xfcq)T. (23)

q=1xeC,

where C; is the set of points in cluster g; ¢, is the center
of cluster ¢; Cp is the set of points in cluster D; and n,, is
the number of samples in cluster g.

A higher CHI relates to a more dense and well-
separated set of clusters. And both the ASC and the CHI
can be evaluated using the machine learning python

package, scikit-learn (53), with a precomputed similarity
matrix using DTW analysis presented in the previous
subsection.

Results

The primary goal of this study is to categorize discretion-
ary lane-changing behaviors. The methodologies pre-
sented in the previous sections facilitate a nuanced
analysis of lane-changing behavior patterns, drawing on
the principles of similarity measurement and cluster anal-
ysis. This section shows the categorization results and
interpretation of how discretionary lane-changing should
be modeled.

Characterizing Lane-Changing Decision Based on Gaps

This subsection outlines the process of selecting the opti-
mal parameter for AP clustering. This choice gives rise to
a discussion of the implications of the smallest number
of clusters in relation to modeling lane-changing beha-
viors considering driver heterogeneity. The subsection
then culminates with a detailed classification and charac-
terization of lane-changing behaviors, considering lead
and lag gaps.

The AP clustering algorithm takes a preference value
as input to denote the likelihood of a sample being cho-
sen as one of the exemplars, and preference is often
defined as an integer multiple of the median of the simi-
larity matrix. Therefore, this paper evaluated the perfor-
mance score with k-multiple of the median in the
similarity matrix defined with lead and lag gaps. k is an
integrated value ranging from 1 to 60, and the non-
converging cases with some k values are excluded.

In Figure 8, it is observed that a distinct pattern is
depicted by the blue solid line: the number of clusters ini-
tially decreases from 22 and stabilizes at five as the para-
meter k increases, employing the DTW distance as the
measure of difference. Notably, the -cluster count
diminishes further to three or four when k& exceeds 40.
Turning to Figure 9, the two solid lines graphically rep-
resent the variation of two performance metrics with
changes in k. A conspicuous peak in both metrics sug-
gests an optimal clustering solution when & equals 28.
Thus, the preference is selected to be 28 multiplied by the
median of the similarity matrix with lead and lag gaps,
yielding five clusters for lane-changing gap acceptance. It
is important to note that the average CHI shows a
marked decrease when k surpasses 40, implying that clus-
tering with fewer than five groups may oversimplify the
model and fail to capture essential heterogeneity among
drivers.
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Figure 9. Clustering performance based on gaps with different k value.

Similarly, when employing ED as the metric for the
similarity matrix, as depicted by the green dashed line in
Figure 8, results showed that the number of clusters sta-
bilizes at four when & exceeds 25, eventually reducing to
three as k surpasses 42. Correspondingly, Figure 9 reveals
that k£ = 25 is the jointly optimal value for the ASC and
the average CHI.

A comparative analysis of the red lines in both figures
indicates a consistently higher average CHI when utiliz-
ing DTW distance, suggesting that DTW-based cluster-
ing may yield more distinct cluster separations.
Additionally, the blue lines in Figure 8 demonstrate that
the ASC is greater when using ED for clustering at
k<29. However, in the few instances where DTW dis-
tance does not provide an advantage in the ASC, there is
a significant decrease in the average CHI. This scenario
should be cautiously avoided. Consequently, these find-
ings suggest that DTW distance may facilitate the forma-
tion of denser and better-separated clusters.

Figure 10 presents the joint and marginal distributions
of the five clusters based on the DTW distance. The dis-
cretionary lane-changing lead gaps can be categorized
into three distinct regions: (i) aggressive: 0 to 4s; (ii) neu-
tral: 4 to 8s; and (iii) cautious: greater than 8 s. Similarly,
the lag gaps can also be segmented into three zones: (i)
aggressive: 0 to 2.5s; (ii) neutral: 2.5 to 7.5s; and (iii)
cautious: greater than 7.5s. From this, the five clusters
within the discretionary lane-changing gaps can be inter-
preted. Cluster 1 represents aggressive lane-changing
behavior in both leading and following directions. While
Clusters 2 and 5 exhibit aggressive behavior in the lag
gaps, they are neutral and cautious, respectively, when
selecting lead gaps. Conversely, Clusters 4 and 3 embody
lane-changing behaviors that are aggressive in lead gap
selection but neutral and cautious, respectively, on the
following end.

Figure 11 presents the clustering outcomes using the
ED, where the parameter k£ is set to its optimal value
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Figure 12. Clustering results on lead and lag gap based on the
dynamic time warping (DTW) distance with US-101 dataset in
Next Generation Simulation (NGSIM).

(i.e., k =25). In this configuration, both the average
Silhouette Coefficient and the Calinski-Harabasz Index
register lower values compared with the scenarios where
the DTW distance is employed in the similarity matrix.
A notable limitation observed in these results is the
inability to differentiate the ’cautious’ and ’neutral’ cate-
gories in the lead gaps.

To validate and verify the effectiveness of the proposed
clustering method, a comparative study is conducted on
the US-101 dataset from NGSIM (25). Figure 12 shows
the clustering results using the US-101 dataset from
NGSIM, utilizing the same framework, optimized with a
clustering parameter of 57, and based on DTW distance
for clustering lead and lag gaps. While the clustering anal-
ysis revealed five clusters for both datasets, the TGSIM
dataset exhibited higher clustering performance, as evi-
denced by higher cohesion and separation metrics, includ-
ing the ASCs (57) and CHI (52). This suggests that the
TGSIM data might provide more distinct and separable
clusters. Additionally, we observe more variation in the
lead gap distribution of TGSIM, which may indicate that
TGSIM captures a wider range of lane-changing beha-
viors under various traffic states, especially in less con-
gested environments, compared with NGSIM.
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Figure 14. Clustering performance based on relative speeds with different k value.

Characterizing Lane-Changing Decision Based on
Relative Speeds

Employing a methodology analogous to the one used in
AP clustering for lead and lag gaps, we observe the var-
iation in the number of clusters as a function of the para-
meter k. As depicted in Figure 13, this number exhibits a
decreasing trend with increasing k, eventually stabilizing
at two clusters for k£ = 39 when using DTW distance, and
at three clusters for £ =21 when employing ED as the
similarity metric.

In Figure 14, the two solid lines represent the clustering
performance metrics for the DTW distance. These lines
illustrate a significant enhancement in clustering perfor-
mance for & values exceeding 40. Consequently, £ = 52 is
identified as the optimal value, yielding two distinct clus-
ters based on relative speeds in the leading and following

directions. Conversely, the two dashed lines in the same
figure, representing the clustering scores with ED, demon-
strate a consistent increase and stabilization for k=21,
peaking at k = 24 and resulting in three clusters.

A comparative analysis of the two blue lines in
Figure 14 reveals that the ASC is consistently higher for
clusters formed using DTW distance, indicating a more
effective separation than with ED. Similarly, the red lines
show that, while the average CHI experiences fluctua-
tions for & values between 20 and 40 when using DTW,
it significantly increases and stabilizes at a higher value
compared with ED for £ = 41. These observations collec-
tively suggest that employing DTW distance as the
metric significantly enhances the categorization of dis-
tinct driving behaviors in time series data by more effec-
tively capturing the matching patterns among relative
speed time series.
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Figure 15. Clustering results on relative speeds based on the
dynamic time warping (DTW) distance with |-294 dataset in third
generation simulation (TGSIM).

Figure 15 illustrates the joint and marginal distribu-
tions for two clusters categorized based on the relative
speeds in lead and lag scenarios. Cluster 1 is character-
ized by a combination of negative lead relative speed and
positive lag relative speed. This pattern is indicative of a
driving behavior where the driver is overtaking the fol-
lowing vehicle in the target lane. In contrast, Cluster 2
encapsulates scenarios where both lead and lag relative
speeds are close to zero, suggesting a lane-changing vehi-
cle maintaining speed parity with surrounding vehicles in
the target lane.

Further insights are provided when comparing with
Figure 16, which displays the clustering outcomes using
ED as the metric of differentiation. In this instance, the
result forms three clusters. However, the clustering scores
for ED are observed to be lower compared with those
obtained using DTW distance. Additionally, the third
cluster does not exhibit distinct characteristics when com-
pared with the other two, leading to less discernible dif-
ferentiation. This outcome reinforces the strength of
DTW distance in constructing the similarity matrix for
clustering purposes, particularly in effectively distinguish-
ing unique driving behaviors within time series data.

Figure 17 shows the clustering results based on rela-
tive speeds for the US-101 dataset from NGSIM. Using
the same analysis framework, the clustering parameter is
optimized at 91. Both the clustering analyses with
NGSIM and TGSIM data yield two clusters. One cluster

Figure 16. Clustering results on relative speeds based on the
Euclidean distance (ED) with [-294 dataset in third generation
simulation (TGSIM).
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Figure 17. Clustering results on relative speeds based on the
dynamic time warping (DTW) distance with US-101 dataset in
Next Generation Simulation (NGSIM).

corresponds to lane-changing vehicles with near-zero
relative speeds for both the lead and lag vehicles in the
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target lane, indicating that the lane-changing vehicle
maintains a similar speed to the vehicles around it. The
other cluster consists of lane-changing vehicles with neg-
ative lead and positive lag relative speeds, suggesting that
the lane-changing vehicle is moving faster than both the
lead and lag vehicles in the target lane.

These findings indicate that the similarity measurement
derived from DTW analysis and AP proposed in the
methodology section indeed offers an advantage in yield-
ing insights into discretionary lane-changing behaviors.

Conclusions

In conclusion, this study has shown that a data-driven
approach can significantly enhance our understanding of
discretionary lane-changing behaviors. The lack of high-
resolution data to accurately capture lateral movements
has long been an impediment to achieving meaningful
insight into these behaviors. However, by leveraging the
TGSIM dataset, our research provides a breakthrough
in this area.

This study first developed a discretionary lane-
changing extraction pipeline and conducted a descriptive
investigation of critical factors such as gaps and relative
speeds. Hypothesis tests were conducted to determine
whether gaps and relative speeds should be split into
leading and following directions, and results show that
analyzing leading and following separately is necessary
for modeling lane-changing behaviors.

Therefore, our methodological design employing
DTW analysis and AP clustering offers a robust approach
to scrutinizing and quantifying driving dynamics in dis-
cretionary lane-changing. The DTW analysis plays a
pivotal role in quantifying the differences between an
array of lane-changing behaviors, and subsequently, the
AP clustering allows us to delve deeper into categorizing
and characterizing discretionary lane changes.

For the evaluation of clustering performance and the
selection of the optimal hyperparameter, two metrics are
employed:ASC and CHI. The emergence of five distinct
clusters from the data underscores the effectiveness of
our methodology, particularly in categorizing lane-
changing behaviors into aggressive, neutral, and cautious
types in both leading and following directions. Our anal-
ysis also revealed two distinctive groups based on relative
speeds, one representing overtaking and the other depict-
ing a transition into a lane with stable and homogeneous
speed.

Our study’s data-driven framework allows for a
nuanced examination of discretionary lane-changing
behaviors, which is particularly pertinent given the
diverse strategies drivers employ on freeways. These

strategies, as outlined by Keyvan-Ekbatani et al. (19),
range from speed leading to traffic leading, each with its
unique rationale that may not always align with other
drivers’ perceptions. Our findings resonate with this con-
cept by identifying specific patterns through high-
resolution trajectory data. The emergence of distinct
clusters within our dataset corresponds to the diverse
lane-changing strategies reported, illustrating a conver-
gence between observed behavior and driver-reported
strategies. Notably, our results corroborate the assertion
that drivers’ lane-changing decisions are multifaceted
and extend beyond mere gap acceptance or relative
speeds. By leveraging the TGSIM dataset, we shed light
on the complexity of driving behaviors and provide
empirical support for the various strategies drivers use,
which are often influenced by the vehicles’ relative posi-
tions and speeds.

To summarize, our research has illustrated that the
combination of DTW analysis and AP clustering offers a
versatile toolset for exploring driving behavior. The
inherent adaptability of this approach holds promise for
a multitude of contexts. Coupled with providing a more
abundant and accurate data set, it could mark the advent
of a new era in data-centric research in the realm of traf-
fic flow studies.

Moving forward, it would be worthwhile to extend
this study to incorporate aspects such as automated lane-
changing and the spatial trajectories in two dimensions
associated with lane changes. This will provide a more
comprehensive understanding of driving behaviors.
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