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Highlights

* Avuniversal method framework for identifying lane changing trajectory patterns on highways.
. Optimized the penalty term for change point detection by considering driving scenarios.

«  Similarity matching takes into account the stages and fluctuation characteristics of lane changing.
Abstract

Due to the increasing density and complexity of the highway network, a deep understanding of the
characteristics of lane changing (LC) behavior is crucial for road refinement design. The emergence
of full time domain trajectory big data provides unprecedented opportunities for in-depth research
on highway safety geometry design. This article proposes a method framework for extracting LC
trajectory patterns to explore the combination trajectory patterns during the LC process. This article
achieves subdivision in driving mode detection by using the Adaptive Pruned Exact Linear Time
(APELT) algorithm to detect change points, taking into account the short sequence features of LC.

In order to achieve the classification of segmented fragments, we report a clustering technique based



on similarity matching (SM), which can effectively avoid the problem of excessive distortion in
similarity measurement. The results indicate that APELT technology has certain advantages in F1
score and accuracy of LC pattern recognition, which is more in line with reality. The kappa score
based on similarity matching is greater than 0.8, indicating high accuracy of pattern recognition.
This study provides a novel data mining method for a comprehensive understanding of lane
changing behavior under full time domain big data, which will provide reference for road design in

complex scenes.
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1 Introduction

The geometric design of roads affects the safety of lane changing (LC) behavior, as different geometric designs
result in different frequency distributions of LC trajectory patterns (De Almeida, Pimentel VVasconcelos, and Cesar
Bastos Silva 2018). The LC trajectory pattern is a specific driving behavior that occurs repeatedly by one or more
drivers (Tselentis and Papadimitriou 2023). Previous studies have shown that the patterns of LC behavior are
related to driver behavior, aggression, gear prediction, and drowsiness (Wang and Wu 2023; Wu and Chang 2022),
and the fundamental reason for the frequent occurrence of risky LC trajectory patterns is the instability of vehicle
driving caused by geometric design. For example, the LC trajectory pattern in the diversion area of interchanges
may be similar to the LC pattern in emergency stop events on straight sections, while the distribution of LC patterns
in interchanges A and B exhibits heterogeneity. Therefore, identifying LC trajectory patterns in a full time domain
environment and investigating the frequency and distribution of different patterns can explore the geometric design
of roads or the differences in LC behavior in specific scenarios (different types of work areas and interchanges),
thereby guiding the refined design of highway scenes.

Pattern recognition of LC trajectory belongs to a branch of driving pattern recognition (Tselentis and
Papadimitriou 2023). Previous research on LC pattern recognition includes identifying driving operation patterns
and vehicle interaction patterns during LC, which is considered as a problem of time series segmentation and
similarity clustering (Elspas et al. 2021). Driving operation pattern For example, Chen (Chen et al. 2022) used the
clustering framework to explore the correlation pattern between vehicle speed change and driving manipulation
during LC. The vehicle interaction pattern of LC is a correlation pattern to study the spatial position of LC vehicles
and the time when the surrounding vehicles are about to collide, and its research is very rich. The classic methods
are point clustering method (Chen et al. 2021) and sequence segmentation method (Zhang et al. 2023). As for the
research results of interactive pattern recognition, it is found that a common LC pattern is radical LC. In addition
to two types of LC patterns, it also includes the pattern of LC trajectory. For example, Fan (Fan et al. 2022) uses
unsupervised hybrid method to identify abnormal behaviors in LC, including abnormal hesitation or radicalization
of speed or acceleration. Cheng (Cheng et al. 2016) tried to use DTW to solve the problem of identifying driving
patterns and distinguish between speeding and illegal overtaking patterns. However, the track pattern recognition

is mainly based on the simulation data or the data of limited length road sections, ignoring the LC pattern



recognition in a large range of time and space. Although previous studies have shown very ideal results in various
pattern recognition, each track pattern found cannot understand their relationship with road risk and geometric
design (Tselentis and Papadimitriou 2023). Our research object is the LC trajectory in a wide range of time and
space. Examples of possible detected patterns are repeated trajectory risk sequences such as emergency braking,
rapid acceleration and sharp turn in different stages of LC (before and after LC, offset stage). These are all
important aspects, because they will enable us to have a deeper understanding of the geometric design features
that affect the risk of LC.

Pattern recognition of LC trajectory is a methodological challenge (Ali, Zheng, et al. 2020). Unsupervised
learning and data mining techniques were first used to discover driving trajectory patterns and develop labeling
schemes (Ali, Bliemer, et al. 2020). For example, the point clustering method was first applied to identify patterns,
and Chen (Chen et al. 2021) used LC risk index combined with k-means algorithm to classify LC behaviors and
identify LC risk periods. Later, the discovery of driving pattern is to use segmented aggregation approximation.
The classic methods include Chen (Chen et al. 2022) dividing the LC sequence into blocks by using a hidden semi-
Markov model based on hierarchical Dirichlet process, and then clustering the segments by using a potential
Dirichlet assignment (LDA) model to identify different maneuvering segments of drivers in the LC process. And
Zhang (Zhang et al. 2023) decomposed the LC scene based on Hidden Markov Model and Gaussian Mixture
Model (GMM-HMM), and then applied dynamic time warping (DTW) K-means clustering to aggregate the
primitives into 13 LC interaction patterns to identify potential risk segments. It is worth noting that the above-
mentioned method based on GMM assumes that the observation data of each state is composed of multiple
Gaussian distributions. For each time point, GMM can calculate the probability distribution of the observation
data in each state, and HMM can extend the probability distribution to the state transition probability matrix, the
observation probability matrix and the initial state probability distribution after GMM modeling. However, the
method based on GMM-HMM assumes that the data obey Gaussian mixture model and Markov chain, which is
suitable for identifying long driving sequences, but it is inconsistent with the actual situation when identifying
short LC sequences. It needs to estimate a large number of parameters, which is very computationally intensive
and may have the risk of over-fitting, so its application in full-time domain trajectory data is limited. On the other
hand, LC pattern is a specific driving behavior, which should be recognized at a more detailed level, that is, within

a very short driving time (within a few seconds) (Tselentis and Papadimitriou 2023). And PELT (Pruned Exact



Linear Time) is a change point detection method that realizes linear time complexity through pruning operation,
which is suitable for short sequence segmentation. Its core idea is to minimize the cost function (Haynes,
Fearnhead, and Eckley 2017). By adjusting the penalty term, it can improve the robustness to noise and outliers
without making specific assumptions about data distribution (Shi and Morris 2021). Therefore, we consider the
change point detection technology and prove that it is more suitable for distinguishing LC states. PELT algorithm
is very flexible. We improved the PELT algorithm (Haynes et al. 2017) to cut the segments of LC process. This
is very suitable for the LC motion process based on trajectory variation characteristics in the process of cutting
LC, and the multi-dimension of features is considered. In addition, similar clustering method has been proved to
be effective in clustering LC fragments after cutting (Hamedi and Shad 2022), but DTW is usually distorted. Just
as Fan (Fan et al. 2022), the LC process can be divided into different stages, namely, maintenance, change, arrival
and adjustment, according to the relationship between the vehicle and the centerline and other characteristics, and
the interaction pattern between different LC stages and speeds is complex. Therefore, we solve the problem of
excessive distortion in dynamic time warping by considering the phase of LC based on similarity matching (SM)
method and adding constraints. In a word, this paper aims to consider the existing problems and propose a pattern
recognition method for LC trajectory data in full time domain, so as to provide a method reference for LC behavior
pattern recognition in acceleration, braking and turning for highway road geometric design.
A. Change point detection technology

At present, change point detection technology is mainly used in the field of 5G signal detection, aiming at
identifying the time stamp when reconfiguration occurs in the operator network. In the process of LC, in order to
increase traffic safety, it is also necessary to identify the state changes of LC process, estimate the sudden change
time, identify the time periods of different states, and test the changes. The change point can be defined as an
index in the time series, at which the statistical characteristics suddenly change (Li, Huang, and Wen 2023). A
typical method of change point detection is to optimize the cost function through a set of possible change point
indexes to minimize it. Previous research shows that compared with binary segmentation and Bayesian online
change point detection technology, the PELT change point detection method using information standard as penalty
term in the 5G field has higher accuracy in segmentation. In 2021, Shi et al. (Shi and Morris 2021) applied PELT
algorithm to detect potential dynamic restart change points, thus maximizing the joint probability of piecewise

continuous potential dynamic representation. They suggested using marginal likelihood as the scoring function of



PELT, thus avoiding the punishment based on the complexity of the model. In 2022, Panek (Panek, Jablonski, and
Wozniak 2022) applied the supervision method to the penalty setting of PELT algorithm. In addition, sliding
window change point detection technology and wavelet transform also have many applications. However, they
(Zheng and Washington 2012) are not well adapted to multi-scale change point detection and are very sensitive to
the selection of window size. PELT algorithm is an adaptive method, which can detect the change points of
different scales (Li et al. 2023). It is reported that some work has been published on the penalty problem, which
optimizes the selection of penalty values, such as ED-PELT (Haynes et al. 2017) with the best penalty setting.
However, appropriate parameterization, especially penalty setting, is also needed to adapt to the task set. In order
to solve this problem, this paper proposes an adaptive pruned exact linear time (APELT). From the perspective of
LC behavior, the improvement proposed in this study is a supplement to the scene consideration in LC trajectory
pattern extraction. In a word, the application of change point detection technology in identifying LC time series
segmentation is not enough, although they are of great significance, which will be further proved in this work.
B. Clustering method based on similarity

The segmented fragments are multidimensional sequences with different lengths. Previous studies show that
similarity clustering method can be used to classify fragments (Di et al. 2022; Qu et al. 2022; Zhang and Shi 2021).
For example, Hamedi (Hamedi, Shad, and Ziaee 2022) use DTW-FCM technology to measure the position, speed
and surrounding vehicle status as LC similarity dimensions. Long (Long et al. 2022) uses four-dimensional
dynamic time warping (4DTW) to measure the distance between two four-dimensional time series. Zhang (Zhang
et al. 2023) applied (DTW) K-means clustering to decompose LC primitives. DTW allows a certain degree of
deviation on the time line, and can measure different lengths of time (Chen and Gao 2020). However, the
disadvantage of using classical DTW is heavy computational burden, especially when dealing with multivariate
time series. In order to avoid the shortcomings of the above-mentioned time series similarity measurement
methods, this paper improves a distance measurement method based on similarity matching (SM) (Chen and Gao
2020). On the one hand, after improvement, not only the fluctuation characteristics of time series can be extracted,
but also the range limitation of matching can be considered. On the other hand, it can match the tracks of the same
LC stage as much as possible.

In addition to the challenge of methods, it is also very important to use what kind of data to identify patterns.

Most researches on driving pattern recognition use natural driving experimental data collected from OBD devices



or smart phone sensors (Panichpapiboon and Leakkaw 2020) and driving simulators (Jokhio et al. 2023). Among
many data acquisition technologies of driving characteristics, the second-level high-precision coordinate
positioning data of full-time domain and whole road section obtained by heavy freight floating car has a series of
remarkable advantages. Compared with the general data, the data has the characteristics of full-time domain, wide
range, high precision and high frequency, which is conducive to comprehensively and accurately grasping the LC
characteristics of various interchanges and different sections of heavy trucks in the day and night environment. In
addition, the analysis of LC behavior of heavy trucks can represent the most unfavorable influence of LC behavior
in various scenes of expressways, which will guide the fine design of existing expressway geometry. Previous
studies mainly collected speed and positive acceleration and used them for driving analysis, followed by negative
acceleration (braking), time stamp and GPS coordinates (Cheng et al. 2016). Among them, speed and acceleration
indicators are very important in personal driving risk safety assessment (Tselentis and Papadimitriou 2023). In
addition, not all papers provide data collection frequency, but most papers use 1Hz collection frequency. This
shows that 1Hz is an acceptable frequency, which balances the collection of noise data and insufficient information.
In this paper, the four-dimensional characteristics of speed, lateral and longitudinal acceleration and heading angle
change are considered to identify patterns. The data covers many scenes of road LC, including road air humidity,
interchange, work area and so on. We also consider the difference between free LC and mandatory LC (Ali et al.
2021).

In order to better extract the trajectory pattern of LC process, this paper proposes a two-stage unsupervised
learning framework (APELT-SM) based on change point detection and similarity matching. Under this framework,
the first step is to use APELT technology to detect the change point and segment the LC multidimensional
sequence. The second step is to apply SM method to cluster LC fragments. The application of this framework is
expected to better identify the LC trajectory pattern under the background of full-time domain big data. The main
contributions of this study include:

1) The change point detection technology is introduced into the LC sequence segmentation method, and an
Adaptive Pruned Exact Linear Time technology suitable for LC sequence segmentation is proposed. The results
of F1 and precision show that this algorithm is superior to other algorithms in identifying LC state, which is more

in line with the actual situation.



2) Using SM-based method to cluster the segmented segments effectively solves the phenomenon of excessive
distortion in distance measurement. The calculated similarity matrix is evaluated by Kappa, and the result is greater
than 0.8, which shows that the measurement method of predefined LC trajectory similarity is reliable. Compared
with the commonly used LC pattern extraction methods, our framework has the highest kappa score in LC duration,
which shows that it has good performance in discovering LC trajectory patterns.

3) A LC data preparation method for full-time domain trajectory data is proposed. Our framework has been
applied to analyze the influence of external environment and road geometry type on the frequency of LC pattern
occurrence, which shows that the identified pattern is interpretable, which further enriches the application of high-
frequency GPS data. The remaining parts of this article are as follows: Section 2 introduces our proposed method
framework and provides a detailed introduction to the algorithms used in each stage. Section 3 introduces the
preparation method for floating vehicle LC data and the evaluation criteria for the method. Section 4 introduces
the experiment and results, while Section 5 discusses the experimental results. Finally, provide concluding

comments in Section 6 of the Conclusion.

2. METHODOLOGY

The framework APELT-SM proposed in this paper is shown in Fig 1. Firstly, LC events are extracted from full-
time domain trajectory data. Then, APELT technology is used to train the model and segment the LC trajectory,
and the segmented segments are clustered based on SM matching similarity clustering method. Finally, we analyze

the LC trajectory pattern of expressway in multiple scenes.



Fig 1. A Method Framework for Identifying Lane Changing Trajectory Patterns.

2.1. Change Point Detection Method

The change point detection method includes three parts: cost function, search method, and change point quantity
constraint (Guijo-Rubio et al. 2021). The (PELT) algorithm can be considered an improvement on the optimal
segmentation method (Haynes et al. 2017). Fundamentally, it operates using the same principle of minimizing the

cost function:
C(t) = X2 C O ,,,) + B 1)

among t It is a change point, and m is the total number of change points.

One of the challenges related to the change point detection of LC sequence is the need to monitor several key
performance indicators and to automatically determine their parameters through training. The processing of
multidimensional data needs to be standardized, which is called LC!,, = (Ic,...,1c}) to represent the LC
sequence identified in the ith dimension, where n is the sample size. The outliers of LC sequence are corrected by

truncation method (Yarlagadda and Pawar 2022) and normalized by Equation (2).

LCi =" =1, @)
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In the formula, LC* and std, .: are the average and standard deviation of the ith dimensional LC sequence,

respectively; L_C,g is the normalized value of a certain feature of LC at time k.

The setting of penalty conditions is the key to determining the accuracy of LC segment recognition, and it is
necessary to avoid the local optimal impact of penalty values on recognition accuracy. Therefore, different data
should be used for automatic penalty settings for LC scenarios in different environments. Here, we propose the
following solution, referred to as APELT in the following text. It is worth noting that this process uses a massive
number of variable point and LC sequences marked by experts in various dimensions to train the globally optimal
beta, which is a continuous iterative process. For each LC, use the ED-PELT algorithm to generate boundary
values for penalty values for multiple detectable change points in the LC sequence. Then we extract the upper and
lower boundaries of the penalty values for the change points identified by the ED-PELT algorithm within the
range of 20 points marked by experts. Finally, we decompose the maximum to minimum range of the beta values
we extract into multiple values with a step size of 1, and use each decomposed value to traverse each boundary
value to obtain a score, and select the beta value with the highest score as the global optimal value. Table 1 shows
the steps of the algorithm:

The setting of penalty condition is the key to determine the recognition accuracy of LC points, and it is necessary
to avoid the local optimal influence of penalty value on the recognition accuracy. Therefore, for LC behaviors
under different road geometries, data from different scenes should be used for training to automatically obtain the
penalty value. Here, we propose the following solutions, hereinafter referred to as APELT. It is worth noting that
this process uses a large number of change points and LC sequences marked by experts in various dimensions to
train the global optimal beta value, which is a continuous iterative process. For each LC, the ED-PELT algorithm
is used to generate boundary values for the penalty values of multiple detectable LC points in the LC sequence.
Then, we extract the upper and lower bounds of the penalty value of the change point within the range of 30 points
before and after the expert mark point. Finally, we decompose the maximum to minimum range of the extracted
beta value into multiple values with a step size of 1, and use each decomposed value to traverse each boundary
value to obtain a score. Finally, we choose the beta value with the highest score as the global optimal value. Table

1 shows the pseudo code of the algorithm:



Algorithm 1 APELT procedure steps

Sequence «lane changing sequence data LC = [LCY,LC?% LC3,LC*]
annotated «—annotated sequences AN, = [AN 1, AN, -2, AN, 3, AN 4]
cpt, B, cp?, B2, cp3, B3, cp*, B*<—GET_CP(ED-PELT(LC?Y),
ED-PELT(LC?),ED-PELT(LC3), ED-PELT(LC*))
BB, 82 B° B*]; CP «[cp', cp? cp® cp?]
for i < 0 to len(Sequence) - 1 do
for j — 0 to len(CP[i]) - 1 do
if ABS(MIN(annotate[i], KEY=lambda x: ABS(x - CP[i][j])) - CP[i][j]) < 10 then
B_list.append(B[i][j])
B_range « [range(min(S_list[0]), max(B_list[0]) - 1),range(min(S_list[1]), max(B_list[1]) - 1)
;Jrange(min(B_list[2]), max(B_list[2]) - 1),range(min(B_list[3]), max(B_list[3]) - 1)]
for i < 0 to len(B_range) - 1 do
for j < 0 to len(f_range[i]) - 1 do
B_value < 0
for k — 0 to len(B[i]) - 1 do
if B_range[i][j] > Blil[k][0] and B_range[i][j + 1] > B[i]1[k][1] then
B_value —f_value + 1
B_value_list.append(8_value)
Best_ S.append(argmax(B_value_list))
B_value list < []
return Best_ 8

APELT automatically searches for the comprehensive optimal penalty term according to the data from different
environments, and its importance to trajectory data segmentation lies in simplifying the parameterization of change
point detection. Engineers can use this scheme to annotate relatively short time series sets and then use them to
calculate the optimal penalty. Another method is to establish the penalty value through trial and error, or to use
the ED-PELT algorithm whose performance is lower than the program specification proposed in this paper.
APELT method trains the penalty through a large number of LC data and LC points marked by experts. Therefore,
it has the advantage that the trained model is more interpretable when identifying LCs, and there is no need to set
a separate penalty for each LC. After that, LC with similar distribution can share the same penalty value. However,
if the same penalty is used in different environments, such as work areas, different lanes and interchanges, it is

best to retrain the corresponding penalty.

2.2. Similarity Clustering Method

DTW distance can be used to measure time series of unequal lengths, but its computational complexity is high

and cannot meet the trigonometric inequality of distance measurement, often leading to excessive distortion. To



address this issue, an improved distance measurement method based on similarity matching(SM) is proposed. It

includes two main steps: distance measurement and distance matrix clustering.
2.2.1 Improved lane change point matching method

The improved method allows time series to have a certain degree of offset on the timeline. On the other hand, it
satisfies the triangle inequality for distance measurement (Chen and Gao 2020). Given LC sequence LC; =
{lcy, ley, ..., Ly}, Lo = ([vi, v, vh, vi, t, stage;); if matching two sequences of unequal length LC; and LC;. It
needs to meet the following two conditions to successfully match.

Condition 1 (Eq. (3)) is to satisfy the requirements of the trigonometric inequality by searching for all values
within the range of t; and match the most similar changes value t; in each dimension:

. 1 i j
ti= argmin (5ho,(avk - av))?) ©
tiE[tj—f,fj+€]

Condition 2 (Eq. (4)) is to limit the matching of trajectory points in different LC stages:
stage; = stage; 4

Among them, t; represents the timestamp of LC;: [v{, vi, vi, vi] represents the four-dimensional eigenvalues,
stage; indicates which stage of LC the trajectory at this moment belongs to. ¢ is a threshold used to control the
time allowed for axis movement. For point i of LC stage 1 (the nearest point is j); If the matching point of i — 1
point is j — k point, then the difference between the number of remaining points after j — k point and the data
amount of remaining points after i point is taken as the threshold &. That is to say, when a point has optional
conditions, it preferentially selects the point with the smallest distance in the same stage as the matching point.

In Fig 2, the points marked with circles and triangles are similar matching points. Compared with point to point
matching, this matching method improves efficiency and does not match points from different stages together; In
addition, if there are multiple points that satisfy the condition when searching for a matching point, the point with
the most similar fluctuation degree will be matched, and the peak will match the peak, unless there are no other

values within the range that meet the condition.



Fig 2. Schematic diagram of improving similarity matching.

2.2.2 Multidimensional distance calculation

After similarity matching, we need to calculate the four-dimensional distance between two fluctuation point

sequences. Firstly, calculate the distance between each pair of matching points using Eq. (5).

dllen le) = [0 = )7 + @ = )2 + ) = w])? + () = v ©)

Then, calculate the three consecutive points Ic;_4, Ic;, Lc;,4.The fluctuation level of (i+1):

i+1 i i i-1
v =il +Hvie=vic ')

1
VDlCi = Z i:l 2 (6)
. 1 1
Andi=23,...,mVDy,, = k=1 |VE —vg|, VD, = ZZﬁzl v — vl 4]
Calculate the information weight IW and similarity matching degree SMD again (Chen and Gao 2020):
VDlCi
IVVlCi = ZVDICL (7)
SMD =1 __ (8)
LelC ™y [IWie, =Wl

Finally, the distance between the two sequences is:



dist(LC, LG) = o3 d(lc; Lc) ©)
ve=g

Based on the concept of existing similarity matching techniques (Chen and Gao 2020), we have summarized an
improved distance calculation method based on similarity matching (SM). The algorithm steps are shown in Table

2:

[rable 2. The algorithm steps of SM ]G

Algorithm 2 SM procedure steps

LC;, LG, stagey,, stageLCj<—Lane change sequence and stages
VDy., — [Eq5(LC;[i — 1], LC;[i], LC;[i + 1]) if i >0
and i <len(LC;) - 1 else O for i in range(len(LC;))]
VD, — [Eq5(LGL — 11, LG L], LGl + 1]) if j > 0
and j < len(LC;) - 1 else O for j in range(len(LC;))]
t; < [argmin([Eq5(LC;[i], LG; ] if stageLCl.[i] == stageLCj 71
else 9999 for j in range(len(LC;))])

for i in range(len(LC;))]
§—0
for i < 0 to len(t;) - 1 do
if t;[i] - € <t;[i] then
ti[i] —¢;[i] - ¢
else if ¢;[i] < t;[i] + € then
t;[i] —¢;[i]+ &

IWe, < [VDy,[i] / sum(V D,,) for i in range(len(V D,,))]

Wy, — [VDlC]. [i] /sum(VDle) foriin range(len(VDlCI.))]
dist;j « [abs(IW;¢,[i] - IWyc [t;[i]]) * Eq5(LC;[i].LG[t;[i]])
for i in range(len(t;))]

return dist;;

3. DATA PREPARATION

3.1. Descriptives

The data in this paper is the floating vehicle trajectory data of heavy vehicles, the frequency is 1HZ, the
positioning accuracy is less than 1m, and the speed measurement accuracy is 0.2m/s, which is collected by more
than 400 drivers driving heavy trucks on an expressway through on-board GPS, as shown by the black trajectory
in Fig 3(a); Our data contains a variety of highway scenes, as shown in Fig 3(b) is a complex form of interchange.

In addition, we use Python's "Pyautocad"” library to display all the trajectory points on the CAD map, and then



import them into the Ovi map, as shown in Fig 3(c). Our trajectory in a certain length is superimposed by the
driving trajectories in different time periods, as shown in Fig 3(d). In short, our data covers a wide range of scenes
in space, including days, nights, rainfall and other multi-time domains in time. The summary information of our

data is shown in Table 3.

Fig 3. Example of Full Time Domain Trajectory Big Data.

[Table 3. Basic information of trajectory big data. |G

list value list value
Road length 156km Number of interchanges 18
Speed limit  Inner 120 km/h The number of 334
value Outer 100km/h work zone events
lane-width 3.75m Time Span 3 months

3.2. LC events extraction

We provide a LC extraction method for full-time domain trajectory data. The road under study consists of three
lanes, including a middle lane, an overtaking lane (innermost lane) and an emergency lane (outermost lane). We
use kd-tree (Zheng et al. 2022) algorithm to match each trajectory point to the road pile number according to the
road pile number information, as shown in Fig 4. Then we calculate the distance between each track point and the
road centerline, so that we can determine the lane where each point is located according to the actual geometric
information of the road and convert these points into Frenet coordinate system with the road centerline as the

reference line. In addition, in order to minimize LC recognition errors, we have established several rules for LC



detection, as follows:

»  Step 1: Calculate the lateral offset of the continuous trajectory from the road centerline per second. Defines
that the outward offset is negative and the inward offset is positive.

«  Step 2: Sum the lateral continuous deviations, and extract these trajectory data when the cumulative lateral
deviation exceeds the width of the vehicle.

»  Step 3: Determine the lane number of the starting point and the lane number of the ending point for the
driving process when the accumulated lateral deviation reaches the vehicle width in step 2. If the two lane
numbers are different, they are classified as LC trajectory data.

»  Step 4: For the collected LC data, the information related to time and space is matched and divided into

mandatory, free and other LC types.

Fig 4. Road Stake System and Map Matching.

As shown in Fig 5, we show an example of extracting the mandatory LC behavior before the junction of an
interchange. We divide the two-way road into four areas, including upstream and downstream diversion and
confluence areas, and generate lane lines and ramp positions according to coordinate information. Each area shows
the frequency of LC starting position by thermal map, and the trajectory lines of different colors show LC offset
sequence. The figure shows that the frequency and position of LC are different in different geometric scenes. In

addition, the road scenes included in our study are as shown in Fig 6, including three LC scenarios under



workspace events in addition to interchanges; Finally, we divide the length extraction of the LC process into three

stages: 10 seconds before the start, the LC offset process and 10 seconds after the LC.

Fig 5. Lane changing extraction and frequency distribution in interchange areas.

Fig 6. The geometric types of highways covered by data.

3.3. evaluation criterion

Once the algorithm performs clustering, it is necessary to verify or evaluate the clustering results. We evaluate

the change point detection algorithm using F1 score and accuracy. For similarity clustering method, the number



of hierarchical clusters is first determined based on the contour coefficient, and then the Kappa coefficient can be

used to check whether the most similar fragments of a certain fragment are classified into the same category.

3.3.1 Silhouette Function

The Silhouette function (SF) (Hamedi and Shad 2022) is considered an efficient method for analyzing the
separation distance between clusters, especially in the absence of dataset class labels. The SF graph provides a
visual measurement within the range of [—1,1], which evaluates the closeness of patterns within galaxy clusters,
with observations with poor clustering often approaching -1 and observations with good clustering approaching -
1. When the contour value is greater than 0.5, it indicates good clustering results. When the silhouette value
approaches 0, it indicates that the sample is located near or above the determining boundary between two adjacent
galaxy clusters. Negative values indicate that these samples may have been mistakenly clustered together. The

contour value can be defined as:

S(@) = (b; — a;)/ max(b;, a;) (10)

In the equation, b; represents the average distance from the observed value i to the nearest neighboring
observations within the same galaxy cluster, a; represents the mean of all other observations within the same

galaxy cluster from observation result i.

3.3.2 Precision of Similarity Calculation

In the context of machine learning, F1 score and accuracy are two common indicators for evaluating the
performance of classification models, which can evaluate the performance of sequence segmentation methods. In
addition, as a statistical coefficient, Cohen's kappa represents the level of reliability and accuracy of statistical
classification (Hamedi and Shad 2022). Similar to the correlation coefficient, Cohen's kappa can be between 1
and+1, where O represents the consistency of random opportunity expectations and 1 represents complete
consistency among raters. Like all other relevant statistical data, Cohen's kappa is a standardized value, therefore
it has been explained in the same way in various surveys. Cohen proposed the following explanation for Kappa
values: values between 0.81 and 1.00 represent almost identical values. Firstly, we must generate a confusion

matrix, which is a unique table layout that allows for visualizing the behavior of algorithms, typically supervised



learning algorithms (commonly referred to as matching matrices in unsupervised learning). The entire row of the
matrix represents instances in the actual class, while the entire column represents examples in the expected class,
and vice versa. Cohen's kappa can be calculated using the following equation: K represents the clustering of LC
process indicators to obtain the labels for each LC process. Subsequently, traverse the entire LC database to search
for the most similar trajectory Si for each LC process in the similarity matrix. Then check if the category of Si is

consistent with it. The calculation equation is as follows:

K=(Po—F)/(1=F) (11)

in which P, stands for the hypothetical probability of chance agreement, and P, represents the relative observed
agreement amongst raters. Using Cohen’s kappa score, the performance of Similarity measurement has been

estimated in the results section.

4. EXPERIMENT RESULTS

4.1. LC sequence segmentation

In this section, the experimental results of LC sequence are given by APELT algorithm, and compared with the
algorithms (GMM-HMM (Zhang et al. 2023), HDP-HMM (Chen et al. 2022) and sliding window (Qi et al. 2022))
in LC sequence segmentation. In addition, APELT algorithm has been used to delete the data of abnormal
trajectory values and not to delete the data of abnormal trajectory values (tracks that deviate from the road edge
or are interrupted by signals), and automatically select the penalty item to compare with ED-PELT. The algorithm
trains the global optimal parameter beta, so that the minimum segment length (the minimum distance between two
change points) is equal to 30 points, which is equivalent to 3 seconds (the accuracy is 0.1s through linear
interpolation). The purpose of the experiment is to evaluate the efficiency and accuracy of the algorithm in LC
sequence application. As far as we know, this is the first time to apply change point detection to the report of real
LC trajectory.

First of all, we choose velocity v, lateral acceleration d, longitudinal acceleration s and heading angle b as input
variables. The first three variables represent the stability of the LC trajectory, and the change of heading angle is

related to the driving of the vehicle on the curve section and the operation of the steering wheel. First, divide the



standardized variable sequence of each dimension in sequence, as shown in Fig 7(a), and then take the union of
the change points of each divided dimension, as shown in Fig 7(b). Although multiple segments are segmented,

subsequent similarity clustering algorithms can merge similar segments in this step (Fig 7(c)).

(a) Four dimensional segmentation of lane changing sequences.

(b) Segmentation of lane changing sequences (c) Merge lane changing trajectories of fragments.
Fig 7. Schematic diagram of lane changing sequence segmentation. (a). (b). (c).

The accuracy scores of different algorithms are shown in Fig 8. The results obtained from the penalty values
arbitrarily selected in the PELT algorithm (with and without abnormal trajectory removal) and the PELT results
when using two optimization schemes (namely ED-PELT and APELT) for penalty search are displayed in the left
panel. One point represents two schemes, and each algorithm calculates its own penalty value. The right panel
compares the results produced by GMM-HMM, HDP-HMM, sliding window and APELT with different

information standards.



(a) Comparison of F1 scores for sequence segmentation methods.

(b) The accuracy of comparing sequence segmentation methods.
Fig 8. Evaluation of MCP-P| method. (a). (b).

In addition, as shown in Fig 9, the statistical information of segmentation points generated when using different

segmentation algorithms on the test set shows that the number of segments when using HDP-HMM and GMM-



HMM is much higher than that when using APELT, and their longest segment duration is much lower, which is
obviously unrealistic. In addition, when using HDP-HMM and GMM-HMM methods, the positions of
segmentation points before and after LC are concentrated, and the results of GMM-HMM segmentation are more
dispersed. Due to the automatic training of global optimal parameter values, when APELT is used, the
segmentation points are more focused on the beginning and end of LC, and the duration of the segmentation
segment will not be abnormally low. The above segmentation positions indicate that HDP-HMM and GMM-HMM
are more sensitive to the changing trend of multidimensional sequences, which may not be suitable for short
sequence segmentation. In addition, because the state durations of HDP-HMM and GMM-HMM are modeled by
Poisson distribution, many segments are divided into time series with a length of 0.1 seconds, which is meaningless
for pattern extraction, because the duration of LC behavior patterns should not be too long or too short (Chen et
al. 2023). In addition, as shown in Fig 9, the statistical information of segmentation points generated when using
different segmentation algorithms on the test set shows that the number of segments when using HDP-HMM and
GMM-HMM is much higher than that when using APELT, and their longest segment duration is much lower,
which is obviously unrealistic. In addition, when using HDP-HMM and GMM-HMM methods, the positions of
segmentation points before and after LC are concentrated, and the results of GMM-HMM segmentation are more
dispersed. Due to the automatic training of global optimal parameter values, when APELT is used, the
segmentation points are more focused on the beginning and end of LC, and the duration of the segmentation
segment will not be abnormally low. The above segmentation positions indicate that HDP-HMM and GMM-HMM
are more sensitive to the changing trend of multidimensional sequences, which may not be suitable for short
sequence segmentation. In addition, because the state durations of HDP-HMM and GMM-HMM are modeled by
Poisson distribution, many segments are divided into time series with a length of 0.1 seconds, which is meaningless
for pattern extraction, because the duration of LC behavior patterns should not be too long or too short (Chen et

al. 2023).



Fig 9. The position of change points and the length distribution of segments.

In APELT algorithm, firstly, it is positive to remove the influence of outliers, that is, when the structure of time
series pattern is destroyed, this behavior can optimize the selection of penalty values and minimize the error of
finding time points. As can be seen from the figure, it improves F1 and accuracy. For example, when the penalty
value is 10, the improved algorithm improves the F1 score by about 8%; When the penalty value is about 30, the
improved algorithm shows the highest F1 score. The accuracy results are similar, and APELT is obviously superior
to ED-PELT in F1 and accuracy. In addition, compared with most manually selected penalty values, the results
obtained by using the information standard in penalty items are worse, because the F1 sum of manually set penalty
items is not accurate, and the segmentation position is not as realistic as the penalty items generated by automatic

training.

4.2. Similarity clustering of LC fragments

We calculate the similarity matrix of each dimension and the similarity matrix of four-dimensional
comprehensive distance, and use spectral clustering, fuzzy C-means clustering (FCM) and hierarchical clustering
(HAC) to evaluate the effectiveness of our fragment clustering. In the clustering step, it is necessary to set the
number of clusters for the similarity clustering model. For models using different segmentation and clustering
algorithms, we set the number k of patterns in the range of 2 to 10. In the clustering algorithm using similarity

matrix shown in Fig 10(a), the variation value of contour coefficient of HAC method is significantly higher than



that of FCM and SC method, which shows that HAC has the best clustering effect on LC similarity matrix.
However, the contour coefficient of HAC method for clustering one-dimensional variables is greater than that of
multi-dimensional clustering, because one-dimensional data is clearer and more compact, and the overall matrix
is four-dimensional, which may introduce noise or fuzzy clustering boundaries. Eight categories with the highest
contour coefficients (defined as S1~S8) are selected as the number of clusters.

Next, we will test the results of similarity measurement based on the difference in duration between the fragment
and its most similar fragment. Firstly, we calculate a confusion matrix (Hamedi, Shad, and Jamali 2023), which is
a table used to determine the performance of classification algorithms. The confusion matrix for LC trajectory
clustering is shown in Table 4. Among the 5458 trajectories classified in cluster number 1 before LC, 4830
trajectories have been correctly predicted. This means that 4830 trajectories and their most similar trajectories
were correctly placed in the same category, while 638 most similar trajectories were mistakenly placed in other
clusters. For the entire cluster, the matrix is subject to similar control. Then, based on Eq. (11), calculate the Kappa
coefficient to characterize the accuracy of similarity measurement, as shown in Fig 10(b). There are a total of 9604
LC sections, among which our SIM-Match clustering has a Kappa score greater than 0.8, which is better than
DTW. This is because our algorithm restricts the matching conditions to make the duration of each segment closer
to the duration of the most similar segment. In addition, we consider the fluctuation characteristics of the data to
match points, which increases the distance between LC segment groups and makes the clustering effect more
obvious. When the number of clusters exceeds the number we choose, the accuracy decreases. In addition, the
kappa score of four-dimensional weighted matrix clustering is higher than that of single dimensional matrix
clustering, which reflects that the duration of a segment is not determined by a single dimensional pattern such as
longitudinal velocity, but is more closely related to the complex interaction of multiple dimensions of patterns
such as lateral acceleration and heading angle during LC. This indicates that our similarity measurement accuracy
is very high, and finally, we need to check the effectiveness of the matrix clustering method. We traversed each
LC and checked whether each LC trajectory fragment and its most similar fragment (expected by the similarity
clustering algorithm) were included in the same class. The result showed that the accuracy of the HAC method
was as high as 92.6%, higher than that of SC and FCM techniques, indicating that HAC is more suitable for

clustering multidimensional matrices.



ITabIe 4. Confusion Matrix of HAC Clustering Results._

Predicted class

class 1 2 3 4 5 6 7 8 sum
1 4830 148 161 29 163 27 97 3 5458
2 80 179 25 9 21 5 29 0 348
Observed class 3 138 57 1391 15 56 17 74 1 1749
4 27 3 5 43 4 1 5 0 88
5 115 21 14 2 219 4 11 0 386
6 3 7 4 2 3 40 3 1 63
7 109 53 83 11 46 9 1191 0 1502
8 6 0 1 1 0 1 1 0 10
sum 5308 468 1684 112 512 104 1411 5 9604

(@) (b)

Fig 10. The variation of evaluation coefficient with the number of clusters.(a) Silhouette coefficient. (b) Kappa score.

5. DISCUSSION

5.1. Descriptiveness of the Extracted Behavioral Patterns

In this paper, the LC trajectory pattern we extracted not only needs to have good performance in quantitative
indicators, but also needs to have interpretable characteristics. Therefore, we analyzed the trajectory characteristics
of eight LC patterns, and then investigated the frequency distribution of free and mandatory LC types in different
road scenes. Among them, free LC mainly means that vehicles are driving in straight sections with good geometric
conditions and are not affected by events, while mandatory LC includes LC behavior of vehicles at the exit ramp

of interchange due to diversion and LC behavior of roads due to construction of closed lanes.



For this reason, we first count the frequencies of all LC trajectory patterns, as shown in Fig 11, in which pattern
1 is the most common, accounting for 40.36% of the whole, and the average of its lateral and longitudinal
acceleration in this pattern is -0.01 m/s?, and the duration is 9.2s, which is the longest. Because the LC sequence
includes the sequence before and after LC besides the LC offset process, compared with other patterns, it belongs
to the normal driving state of LC process (it does not involve the vehicle's lane shift and acceleration and
deceleration in the longitudinal direction); The frequencies of pattern 7 and pattern 3 are 21.79% and 24.81%,
respectively. Although they have no obvious change in lateral acceleration (-0.01 m/s2, 0.03 m/s?), they
respectively show acceleration pattern (0.68 m/s?) and deceleration pattern (-0.74 m/s?) in longitudinal speed,
and their duration is 5.31 s . In addition, pattern 2 and pattern 5 account for 5.23% and 5.21% respectively, which
are contrary to the longitudinal acceleration and deceleration patterns, and their average lateral accelerations are
2.01 m/s? and -2.07 m/s? respectively, which are stable in the longitudinal speed, belonging to LC offset
accelerations in two different patterns, and their duration is shorter than that in other patterns (4.63s and 4.82s).
pattern 4 (1.42%), pattern 6 (1.42%) and pattern 8 (0.14%) are relatively few. The lateral movement of pattern 4
is more intense (lateral acceleration -5.31 m/s?) and the duration is 1.49s shorter than that of pattern 5. Compared
with pattern 2, pattern 6 is not only more intense in lateral acceleration (5.40 m/s?), but also has a deceleration
movement in longitudinal speed (-0.18 m/s?), a significant change in heading angle (2.59 degrees) and the
shortest duration of 3.2s However, the heading angle of pattern 8 changes the most, which may be related to the
vehicle changing lanes on the curve and steering wheel manipulation greatly. Fig 12 reveals the interesting
phenomenon of transition between different patterns. Specifically, all patterns are switched from pattern 1 (normal
driving) with higher frequency. Except pattern 1, most patterns have the highest self-conversion frequency, which
indicates that these trajectory patterns generally appear continuously in LC. Pattern 4 (transverse severe
deceleration pattern) is more converted from transverse deceleration pattern, transverse acceleration pattern and
longitudinal deceleration pattern, while pattern 6 (transverse severe acceleration pattern) is more converted from

transverse deceleration pattern, transverse acceleration pattern and longitudinal acceleration pattern.



Fig 11. Frequency of lane changing patterns.

Then it is verified according to the statistical indicators (mean, median and standard deviation) of each feature,
as shown in Table 6. The results show that the statistical values of different LC trajectory patterns are different,

and their average values are significantly different. As shown in Table 5, the p values are all less than 0.05.

[Table 5. The significance test results of analysis indicators J | EGcGcTcTCNGGEE

v d s b t wet RF  Night

F-statistic 25.410 5872.806 1399.814 1559.584 247.405 3.007 3.356 17.051
p-value  0.000 0.000 0.000 0.000 0.000 0.004 0.001 0.000

*Statistically significant (p < 0.005).

ITabIe 6. Statistical characteristics of analysis indicators._

Segment Type | S1 S2 S3 S4 S5 S6 S7 S8

mean 2423 2524 2452 2153 2292 2715 2433 2532

v std 349 330 369 509 399 344 387 1.99
median | 24.07 25.18 24.27 2212 2348 27.20 2419 24.66

mean -001 201 -001 -531 -207 540 0.03 047

d std 026 060 036 139 063 160 041 0.62

median | 0.00 226 000 -488 -229 490 001 034
mean -0.01 0.00 0.68 0.03 0.06 -0.18 -0.74 -0.94

s std 0.18 043 034 093 056 104 052 149
median | 0.00 0.00 059 000 005 -003 -060 -1.15
mean 070 111 089 192 137 259 115 144.69

b std 263 523 319 972 470 9.78 3.68 44.87
median | 050 045 050 046 053 045 050 179.00

t mean 920 463 566 333 482 320 531 325




std 515 237 272 108 244 074 267 0.66
median | 9.00 3.00 6.00 3.00 300 300 500 3.00

Fig 12. Pattern conversion frequency matrix.

5.2. Distribution of lane change patterns at different times

We investigated the distribution of different models in different air humidity, rainfall and at night, as shown in
Fig 13. The humidity of our data refers to the air humidity of about 1.25~2 meters on the ground; Rainfall refers
to the depth of liquid or solid (after melting) water falling from the sky to the ground on the horizontal plane, and
night refers to the time period from 8: 00 pm to 5: 00 am the next day. The influence of air humidity on different
patterns is not significant; However, the greater the rainfall, the more vertical acceleration and deceleration
patterns appear; This shows that in rainy days, the friction on the road surface decreases and the driving of vehicles
is more affected. In this case, the driver needs to control the vehicle more carefully to avoid sudden acceleration
or deceleration. Compared with the daytime, there are more lateral acceleration and violent lateral acceleration

patterns at night, which is because the visibility at night is poor, which further affects the stability of LC driving.
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Fig 13. The influence of road surface humidity, rainfall, and night on lane changing patterns.

Because the LC trajectory may behave differently in different road geometric scenarios, we further investigated
the pattern distribution of the scene as shown in Fig 14. Fig 14(a) compares the pattern distributions of free LC
and mandatory LC. The mandatory LC is obviously more than free LC in pattern 4 (severe lateral deceleration),
Pattern 5 (severe lateral deceleration) and pattern 6 (severe lateral acceleration), indicating that drivers are more
inclined to take more hasty actions when mandatory LC. However, the acceleration offset pattern in pattern 2 is

less than that in free LC, which indicates that drivers are more inclined to seek comfortable and stable driving

conditions in the case of free LC.

(a) Comparison between free and mandatory lane changing.



(b) Comparison of lane changing between interchanges and work areas.
Fig 14. Frequency distribution of lane changing. (a). (b).

Finally, we compare the distribution of mandatory LC patterns between the working area with three lane types
of closed roads and the exit area of interchange. Among them, the closed emergency lane has the least influence
on lane changing, which is almost similar to the free LC of straight road sections. The closed left lane is similar
to the mandatory LC of interchange, but the lateral rapid deceleration and lateral deceleration pattern are higher
than that of interchange. Compared with the first lane, the closed middle lane shows more lateral acceleration
patterns and severe lateral deceleration patterns; On the whole, the closure of the left lane, the working area of the
middle lane and the diversion area of the interchange have a great influence on the LC pattern, and these findings

have certain reference significance for the geometric design of the road.

6. CONCLUSION

In this paper, APELT-SM, a method framework for extracting LC trajectory patterns of full-time domain trajectory
big data, is proposed, and LC sequences are segmented by improved change point detection technology. APELT
can consider LCs in different highway geometric scenes to train the optimal penalty value; In addition, considering
the excessive distortion of DTW algorithm, we improve the similarity distance measurement method and propose
a similarity matching method SM to cluster sub-segments. We compare these two parts with the most advanced
research methods; Finally, we discuss the characteristics and distribution of the recognized LC trajectory patterns

to further evaluate the interpretability of our fragment types. In fact, the proposed method framework shows very



accurate results in LC trajectory pattern recognition, which provides a novel idea for investigating the influence
of expressway geometric design elements on LC trajectory. The results are summarized as follows:

APELT can help to consider the expressway scene and LC stage in LC pattern recognition, thus improving the
accuracy. It is worth mentioning that the position and quantity of change point detection are more realistic, because
this technology is a segmentation technology suitable for short sequences. The improved penalty optimization
results also show that APELT provides a good result, which proves that the proposed method can successfully
segment the LC trajectory sequence. Finally, the performance of APELT algorithm is related to the change points
marked manually, which is very flexible. Compared with the existing segmentation techniques, our proposed
change point detection technique has higher F1 score and accuracy in segmentation of LC sequences.

Our improved clustering method SM based on similarity matching can avoid point matching in different LC
stages, such as LC preparation and execution, and set the position constraint of point-to-point matching in the
matching process. This can effectively solve the problem of excessive distortion in distance measurement;
According to the hierarchical clustering results, Kappa score is > 0.8, and the improved algorithm similarity
clustering method has played an effective role in identifying LC trajectory patterns.

Finally, we further discuss the frequency and duration of the pattern and the conversion probability between
different patterns, and can divide the LC trajectory pattern into the LC process and the lateral or longitudinal
violent acceleration and deceleration trajectory pattern before and after LC deviation. An interesting discovery is
that pattern 4 (violent lateral deceleration pattern) is more converted from lateral deceleration pattern, lateral
acceleration pattern and longitudinal deceleration pattern, while pattern 6 (violent lateral acceleration pattern) is
more converted from lateral deceleration pattern, lateral acceleration pattern and longitudinal acceleration pattern.
In addition, in time, the greater the rainfall, the more vertical acceleration and deceleration patterns appear; This
shows that in rainy days, the friction on the road surface decreases and the driving of vehicles is more affected.
Compared with the daytime, there are more lateral acceleration and severe lateral acceleration patterns at night,
which is because the visibility at night is poor, which in turn affects the stability of LC. In space, closing the left
lane, the working area of the middle lane and the diversion area of the interchange have a great influence on the
LC pattern, showing more lateral rapid acceleration patterns and deceleration patterns. These findings have certain

reference significance for road geometric design. The heterogeneity of LC trajectory patterns under different road



geometries suggests that the data in different road environments should be used to train the best parameters of the
identification method.

Full time domain trajectory big data has the advantages of low cost, large amount of information, wide coverage
and high frequency, and is a good source of traffic information collection data. It provides a ready-made solution
for collecting driving data for LC pattern recognition and further related research. We propose a method to prepare
full-time domain LC data before realizing LC recognition, including road fitting, point-line matching and LC rule
judgment. The comparison of the results shows the advantages of our method framework and further enriches the
application of high-frequency GPS data. The clustering method of change point detection and similarity matching
is applied to identify LCs in full-time domain vehicle trajectory data, which can be used as a new data mining
solution and provide ideas for traffic design in complex scenes. But in the end, it is worth pointing out the
limitations of our research. Although our data has a wide range of characteristics, it is difficult to collect the
information of vehicles around LC. Although this is not important to the theme of this paper about the background
of big data in full-time domain, considering it in the future can improve the accuracy of the method. In addition,
although the trajectory of our data is a heavy truck, which can represent the most unfavorable LC influence in the
expressway scene, it lacks a comparison of the LC behavior of small cars and the heterogeneity of LC among
different drivers. In the future, we will overcome these limitations and consider the specific LC behavior in specific
scenarios, such as the mandatory LC behavior in the junction area of interchange, to supplement our application.
In addition, in the future era of self-driving cars, through the method proposed in this paper to explore the optimal
design under the condition of self-driving, the risk LC pattern of self-driving cars in these areas can be reduced,

the accident risk can be reduced and the traffic smoothness can be improved.
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