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Abstract: With the continuous growth of the demand for container transportation, the proportion of container trucks passing
through ports and surrounding roads has increased significantly. Due to their large size and poor maneuverability, once a truck
accident occurs, it is often accompanied by serious casualties and property losses. Current research on traffic conflicts for
container trucks is limited by the lack of high-quality data: first, publicly available container truck trajectory datasets are
extremely rare; second, although drones have the ability to collect data over a large range, their shooting data have problems
such as limited accuracy and discontinuous trajectories, which make it difficult to meet the high requirements of micro-modeling
for data quality. This problem directly restricts the accuracy of conflict prediction and the credibility of causal analysis. To
improve the accuracy and completeness of trajectory data, we introduce a trajectory reconstruction method to repair and
complete the original trajectory. The experimental results show that the reconstructed trajectory is significantly better than the
original data in terms of continuity and rationality. On this basis, a two-dimensional time to collision (2D-TTC) indicator was
constructed to identify side-swipe conflict events, and based on the extraction of micro-behavior features, sample sets of side-
swipe and rear-end conflicts were constructed, and a variety of machine learning models were introduced to carry out conflict
prediction analysis. The results show that the gradient boosting decision tree (GBDT) model performs best in side-swipe
conflict prediction, and the extreme gradient boosting (XGBoost) model in rear-end conflict prediction. By introducing the
Shapley additive explanation (SHAP) method to improve the interpretability of the model, our analysis shows that the key
factors influencing side-swipe conflict are the lateral speed and the average longitudinal speed within 5 s. The lateral speed
reflects the lateral deviation of the vehicle, and the average longitudinal speed within 5 s reflects the driving stability and
acceleration trend in a short time. The two together determine the lateral controllability of the vehicle in the dynamic process.
Rear-end conflict is affected mainly by the change in longitudinal acceleration, revealing the instability of the vehicle during
braking and the lack of control over the distance between the vehicle and the preceding vehicle. Finally, the model performance
was optimized through feature ablation experiments, where, in the prediction of side-swipe conflicts, the GBDT achieved an
accuracy of 0.911 and an area under the receiver operating characteristic curve (AUC) of 0.953.
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Side-swipe conflict

1 Introduction while the traffic subjects in a port scene are mainly

heavy-loaded freight vehicles. Their poor driving st-

In the area near a port, the container truck traffic
flow is characterized by high density, low speed, and
highly overlapping paths. Not only is the traffic orga-
nization complex, but there is also a high risk of traf-
fic conflicts. Ordinary urban roads are dominated by
intelligent connected vehicles (Li and Cheng, 2025),
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ability, delayed acceleration and deceleration response,
and weak control flexibility lead to traffic behaviors
with significant nonlinearity and dynamic uncertainty
(Ji et al., 2023). In this context, traditional data collec-
tion methods that rely on fixed sensors can no longer
meet the needs of refined traffic modeling and safety
assessment. In recent years, drones have become an
important supplementary tool for obtaining road traf-
fic data due to their high maneuverability and bird’s-
eye view. Many studies have used drones to construct
high-precision trajectory datasets (Krajewski et al.,
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2018; Barmpounakis and Geroliminis, 2020; Zheng
et al., 2024). This type of aerial observation method
is particularly suitable for port areas. By shooting the
container truck traffic flow, it can not only obtain the
complete vehicle motion trajectory but also capture
the microscopic interactions that are difficult to moni-
tor with traditional ground equipment, laying a data
foundation for subsequent more comprehensive safety
analysis.

High-precision vehicle trajectory data have been
widely used in the driving behavior analysis and traf-
fic safety assessment. Many studies have used drones
combined with related technologies (such as the open
source computer vision library (OpenCV), Kanade—
Lucas—Tomasi (KLT), and discriminative correlation
filter with channel and spatial reliability (CSR-DCF))
to extract high-resolution vehicle trajectory datasets
(Wang et al., 2019; Xing et al., 2020; Shawky et al.,
2023). However, the trajectory data extracted using
drones combined with the image recognition tech-
nology still have data accuracy problems, including ve-
hicle type recognition errors and noises caused by some
numerical differentials. These data errors not only af-
fect the accuracy of subsequent traffic feature extrac-
tion but may also destroy the true characterization of
vehicle behavior, thereby weakening the effectiveness
of trajectory-based traffic safety analysis. Traditional
trajectory smoothing methods mainly remove noise
from trajectory data by using a moving average (Zhou
etal., 2017; Guet al., 2019; Tian et al., 2019), Savitzky-
Golay filtering (Ahn et al., 2013; Zaki et al., 2014),
wavelet transform (Rafati Fard et al., 2017; Hu XW
et al., 2022), and other technologies to make the ve-
hicle trajectory smoother and more continuous. How-
ever, such methods usually consider only the statis-
tical characteristics of the data, ignoring the physical
constraints and dynamic laws of vehicle motion, which
can easily lead to the excessive smoothing of the tra-
jectory and loss of real dynamic characteristics, or in-
sufficient smoothing and residual noise (Thiemann
et al., 2008). In addition, they are sensitive to parame-
ter selection, resulting in limited applicability and ver-
satility in different scenarios (Montanino and Punzo,
2015; Wu et al., 2019). In contrast, trajectory recon-
struction methods are not only dedicated to smooth-
ing and denoising trajectory data, but also can repair
missing segments in trajectories, remove outliers, and
ensure the continuity of dynamic variables such as

speed and acceleration in the time dimension and the
consistency of traffic behavior logic (Zhao et al., 2024a).
In addition, the reconstruction process usually com-
bines the outlier detection and trajectory interpola-
tion technology, which is particularly suitable for data
processing needs in high-noise and complex scenar-
i0s such as ports or intersections (Barmpounakis and
Geroliminis, 2020; Zhao et al., 2024b). For example,
some researchers proposed a 3-stage method combin-
ing wavelet transform and Savitzky-Golay filtering,
which effectively improved the smoothness and coher-
ence of intersection trajectory data (Zhao et al., 2024b);
others further introduced a smoothing framework based
on the Gaussian mixture and unscented Rauch—Tung—
Striebel (RTS) filtering to enhance the robustness of
trajectory reconstruction and its adaptability to non-
Gaussian noise (He et al., 2024). Therefore, trajectory
reconstruction methods have shown increasingly im-
portant research value and application potential in
improving trajectory data quality and serving micro-
behavior modeling and traffic safety assessment.

Due to their long bodies and large volumes, con-
tainer trucks have higher requirements for surround-
ing space when changing lanes and merging, and their
visual blind spots are significantly enlarged, which sig-
nificantly increases the potential risks during lateral
interactions (Jansen and Varotto, 2022; Li LY et al.,
2024). In addition, trucks often travel at lower speeds
in specific scenarios, such as port areas, which often
prompt small vehicles behind to frequently change
lanes and overtake to improve traffic efficiency, fur-
ther exacerbating the lateral interference of traffic flow.
In such complex traffic environments, lane changes are
particularly frequent, and interactions between lanes
are complex. Side-swipe conflicts have become a com-
mon but underestimated high-risk event (Chen et al.,
2020; Ouyang et al., 2025). At present, mainstream
traffic conflict research focuses on longitudinal con-
flict types, especially rear-end conflicts. Identification
and warning methods generally adopt longitudinal
safety indicators such as time to collision (TTC) (Xing
et al., 2019; Orsini et al., 2021; Hu YP et al., 2022).
Such methods are usually based on the following as-
sumptions: vehicles are in the same lane, the longitu-
dinal approach is the main source of risk, and con-
flict judgment depends on changes in speed and dis-
tance. However, in real traffic scenarios, especially
complex sections involving frequent lane changes or



lane merging, this 1D longitudinal assumption may not
accurately reflect the way in which lateral risks are gen-
erated (Hou et al., 2024). Some improved methods,
such as time to collision with disturbance (TTCD),
have introduced longitudinal speed fluctuation factors
(Xie et al., 2019). The anticipated collision time (ACT)
indicator was further expanded into a two-dimensional
time to collision (2D-TTC) in a study to simultane-
ously characterize the lateral and longitudinal relative
motion characteristics. This indicator was successful-
ly used to identify multiple types of conflicts, includ-
ing side collisions (Venthuruthiyil and Chunchu, 2022).
In terms of risk modeling, some recent studies have
begun to attempt to identify potential conflicts in the
2D trajectory space. For example, one study proposed
a 2D collision detection method based on intersection
trajectory analysis to identify high-risk events in lane
changes and cross paths in advance (Ward et al., 2015).
Another study developed an analytical algorithm for
calculating lateral TTC and theoretically modeled lat-
eral conflicts under idealized trajectory reconstruction
conditions (Hou et al., 2014). However, these meth-
ods still face some serious problems in practical appli-
cations: first, most studies rely on high-precision sen-
sors or simulation data, which makes it difficult to
meet the real-time application requirements of large-
scale, natural scenes (Hu YP et al., 2022); second, in
truck traffic flows involving large vehicles, high re-
sponse lag, and weak control flexibility, the robust-
ness and adaptability of existing models still need to
be improved (Li et al., 2022; Tian et al., 2024).
Traffic conflict prediction generally adopts data-
driven methods, and the mainstream methods mostly
adopt a binary classification framework, that is, to
identify whether a conflict occurs. Among them, the
machine learning has been widely used in conflict de-
tection and risk assessment tasks due to its excellent
prediction performance (Katrakazas et al., 2018; Li
et al., 2020; Mohammadian et al., 2021; Yuan et al.,
2022). Compared with traditional statistical methods,
the machine learning and deep learning have signifi-
cant advantages, especially in dealing with complex
nonlinear relationships and high-dimensional features
(Yao et al., 2021; Islam and Abdel-Aty, 2023). In re-
cent years, researchers have also proposed a variety
of methods to further improve the model performance
and adaptability. Some scholars developed a non-
parametric model based on machine learning for
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conflict prediction at signalized intersections, and im-
proved the accuracy and transferability of the model
through Bayesian optimization (Zheng et al., 2023);
others have proposed a unified probabilistic modeling
method that regards traffic conflicts as extreme events
in interactions, thereby achieving effective detection
of multiple environments and types of conflicts (Jiao
et al., 2025). However, despite the continuous improve-
ment in model performance, most of these methods
are still “black box models” and it is difficult to ex-
plain how the features specifically affect the predic-
tion results. This limitation restricts their application
in traffic safety analysis and policy making. To en-
hance the interpretability of the model, local interpre-
tation methods (such as the local interpretable model-
agnostic explanations (LIME) and Shapley additive
explanation (SHAP)) have been gradually introduced
in recent years. The LIME approximates the behavior
of complex models near a single point by construct-
ing a local linear model, and the calculation is rela-
tively simple (Ribeiro et al., 2016), while SHAP is
based on the Shapley value principle and measures the
contribution of each feature to the model output from
a game theory perspective, which is suitable for local
and global interpretations (Lundberg and Lee, 2017).
Studies have shown that SHAP can provide stable and
consistent interpretation results in traffic risk identifi-
cation. Some studies have used categorical boosting
(CatBoost) and SHAP frameworks to identify key fac-
tors affecting highway safety (Li JQ et al., 2024).
Others have compared the differences in risk charac-
teristics of different types of drivers (Peng et al., 2024).
These studies show that interpretability methods are of
great significance in improving model transparency
and policy application value.

This paper focuses on the traffic flow around a
port, which is composed mainly of container trucks,
and conducts the real-time traffic safety analysis around
side-swipe and rear-end conflicts. The original trajec-
tory data are reconstructed to improve data accuracy
and be more in line with physical laws. On this basis,
a 2D-TTC indicator is developed based on the coordi-
nate format output by you only look once, version 8
(YOLOVS) to realize the identification of side-swipe
conflicts. At the same time, rear-end conflict data are
collected to construct a sample set containing two types
of conflict events. Subsequently, a variety of machine
learning models are constructed to predict and model
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side-swipe conflicts and rear-end conflicts, and the per-
formance of the models under different feature combi-
nations is compared. Then, combined with the SHAP
interpretability method, the role mechanism of each
influencing factor in different conflict types is deeply
analyzed. The best performing model based on pre-
liminary analysis is further improved through feature
superposition experiments. The main contributions of
this paper include the following:

(1) The trajectory reconstruction process was per-
formed on a traffic flow trajectory dataset consisting
mainly of container trucks, and a high-precision data-
set that complies with physical laws was obtained.

(2) ATTC index based on 2D space is proposed
to identify and extract side-swipe conflict samples,
which solves the problem of insufficient side-swipe
conflict recognition of traditional TTC methods.

(3) A variety of machine learning models were
used to model and predict the two types of typical con-
flicts. Through different feature combinations and fea-
ture ablation experiments, a model with better predic-
tion performance was obtained, which will play an im-
portant role in future intelligent truck loading conflict
prediction modules.

(4) The SHAP theory was used to conduct an in-
terpretable analysis of the model results, and the spe-
cific impact of various characteristics on the two types
of conflicts was deeply explored.

This paper is organized as follows: Section 2 in-
troduces the methods involved in this study; Section 3
presents the results of trajectory reconstruction and con-
flict prediction modeling and conducts a preliminary
analysis; Section 4 provides a discussion, analyzing
in detail the specific impact of features on these two

-.| Trajectory
reconstruction | -

conflict types and pointing out the shortcomings of
this study; Section 5 summarizes the entire paper.

2 Methodology

First, the original trajectory data are reconstructed
to ensure the quality and rationality of the trajectory
data. Then, 2D-TTC and TTC are used to identify the
side-swipe and rear-end conflicts in the reconstructed
data. On this basis, the feature extraction is performed
to complete the construction of the conflict sample,
thus completing the sample production process. The
samples are divided into training sets and test sets.
The training set is used to train the machine learning
model. The model with the best prediction perfor-
mance is obtained through evaluation indicators to
predict whether a conflict will occur. Then, the SHAP
theory is used to analyze how each factor specifically
affects the occurrence of conflict. Finally, according
to the order of feature importance, the features are
superimposed in sequence to perform feature ablation
experiments to further improve the prediction perfor-
mance of the model. The overall method framework
is shown in Fig. 1.

2.1 Trajectory reconstruction

The video dataset was shot in windless and sunny
weather, and abnormal videos were removed. All vid-
eos were anti-shake processed, but may still have data
quality issues. Therefore, it was necessary to recon-
struct the trajectory data extracted by YOLOVS. The
method of trajectory reconstruction is based on a
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Fig. 1 Method framework diagram



previous study (Zhao et al., 2024a), but due to the in-
clusion of different scenarios, the method is changed.

2.1.1 Objective function

The Euclidean distance is used to measure the de-
viation between the reconstructed trajectory and the
original trajectory (Fig. 2). The trajectory reconstruc-
tion problem is transformed into a nonlinear optimiza-
tion problem, and the optimization goal is to mini-
mize the root mean square error (RMSE) value of the
reconstructed trajectory and the original trajectory. The
objective function can be expressed by the following

equation:
1 N
C"min:rnir1 NZD(L1)7 (1)

where C is the cost function of reconstructing the tra-
jectory, L, is the coordinate information of each sam-
pling point, 7 is the index of the sampling point, N is
the number of sampling points in each trajectory, and
D(L,) is the cost of reconstructing the ith sampling

point of a single trajectory, which can be calculated
by Eq. (2).

2 2
D(LI) = ()(i_Xorignal.i) + (Yx_ Yorignal.i) ’ (2)

where X, and Y, are the position coordinates of the ith
reconstructed trajectory point, X ;,..; and Y., ; are

the position coordinates of the ith original trajectory
point, and the unit of the coordinates is m.

@® Original trajectory data point

O Reconstructed trajectory data point

Euclidean distance

— = Reconstructed trajectory
Fig. 2 Trajectory reconstruction principle

2.1.2 Constraints

The reconstructed trajectory needs to conform to
objective laws, so the speed, acceleration, and rate of
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change of acceleration should be limited within a rea-
sonable range according to the traffic rules and vehi-
cle characteristics of the study area. At the same time,
different vehicles have different characteristics, and the
range of restrictions should also be different. The given
constraints are as follows:

(1) Speed constraint. Vehicles in the study area
travel in one direction, so the speed (v) must be greater
than or equal to 0, and the maximum speed normally
does not exceed the speed limit of the road section.

O<sv<y,,, (3)

where v, is set to 23 m/s.

(2) Acceleration constraints. The vehicles in the
study area can be divided into two main types: con-
tainer trucks and cars. The characteristics of these two
vehicles are different. Container trucks usually have
slower acceleration than cars, so there are different
constraints on these two types of vehicles.

aTmin s aT < aTmax? aCmin < aC < aCmam (4)

where a, represents the acceleration of the truck and
ac 1s the acceleration of the car. The acceleration
range of the truck is limited to between —3 and 3 m/s’,
and the acceleration range of the car is limited to be-
tween -5 and 5 m/s” (Liu et al., 2022).

(3) Acceleration rate constraint (jerk constraint).
Jerk is the first-order derivative of acceleration with
respect to time, which measures the change in accel-
eration per unit time. In human—vehicle interaction ap-
plications, it is an important variable used to evaluate
comfort.

- a(k+1) —a(k) oy

x x 5
]max At Jmax7 ( )

where j .. 1S the maximum value of the rate of change
of acceleration (@), which is set to 10 m/s* (Martinez
and Canudas-de-Wit, 2007), k represents the time
index, and Af represents the time interval, which is
0.1 s here.

2.1.3 Solution

The trajectory reconstruction problem is trans-
formed into a nonlinear optimization problem using
the above formula. Python language is used for pro-
gramming, and the interior point optimizer (IPOPT)
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algorithm in the numerical optimization toolbox
CasADi is used for solving (Wéchter and Biegler,
2006; Andersson et al., 2019).

This experiment is carried out on multiple serv-
ers equipped with a 12 vCPU Intel(R) Xeon(R) Silver
4214R 2.40 GHz processor, an NVIDIA RTX 3080 Ti
(12 GB) GPU, and 90 GB of memory. The conver-
gence condition is that the change in the objective
function value is less than a certain threshold, which
is set to 1x10™.

2.2 Conflict identification

This study used characteristic thresholds to dis-
tinguish between conflict and non-conflict scenarios.
Not all interactions were considered conflicts. A more
detailed distinction was made between rear-end con-
flicts and side-swipe conflicts. A rear-end conflict was
considered a conflict if its magnitude was below a cer-
tain threshold, while a side-swipe conflict was consid-
ered a conflict only if it satisfied Eq. (11) and was
below a certain threshold.

2.2.1 Rear-end conflict

This study used TTC (Hayward, 1972) to iden-
tify rear-end conflicts. The TTC (7) can be calculated
by the following equation:

where g, is the distance between the front and rear ve-
hicles in the X direction, v, is the speed of the rear ve-
hicle, and v, is the speed of the front vehicle.

2.2.2 Side-swipe conflict

For side-swipe conflicts, a 2D-TTC was devel-
oped based on TTC and combined with the coordi-
nate characteristics of the YOLOvVS detection box to
identify side-swipe conflicts. The specific principle is
shown in Fig. 3. First, some implicit conditions for
side-slip collisions must be clarified. The longitudinal
speed of the rear vehicle must be greater than that of
the front vehicle; otherwise, there will be no collision.
Then, the interaction between the front and rear vehi-
cles in the 2D direction is considered, and finally, two
extreme situations where collisions may occur are ob-
tained (Figs. 3b and 3c).

The coordinates (X, and Y,) of the collision point
can be calculated by Eq. (7). The TTCs in the longitu-
dinal direction of the two extreme cases are different
and can be calculated by Egs. (8) and (9). The lateral
TTC can be calculated according to Eq. (10). If the
lateral TTC is between the longitudinal TTCs of these
two cases, it is considered that conflict is likely to
occur, which can be expressed by Eq. (11).

X, =X, — W,;sin 6,

{Yc =Y (7)
Ex s ViFVp . . .
T=1{Vv,—V; (6) where (X;,, Y;,) is the coordinate of the lower right
+o©, V.=V, corner of the front vehicle detection box, W, is the
(Xeas Yew)
e 3
I Vo [ "
Paid =2 — o« Ko Yia)
* (X, Y W, Viy (X, ¥.)
L Ko Yo

+ Collision point 1

(b)

(a)

Collision point 2

(©)

Fig. 3 Side-swipe conflict identification principle: (a) precursor of side-swipe conflict; (b) extreme case 1 of side-swipe

conflict; (c) extreme case 2 of side-swipe conflict



width of the front vehicle, and 6 is the heading angle
of the vehicle.

X.-X
T — c r-Ir 8
" vrx_vfr | ( )
Tvx — Xc_Xr-lr+Lr , (9)
’ er_vﬂr

where X, is the X coordinate of the lower right cor-
ner of the rear vehicle detection box, L, is the length
of the rear vehicle, and v, and v,, are the longitudi-
nal speeds of the rear vehicle and the front vehicle,
respectively.

TV= Yr-ll_Yc’ (10)
: V= Vo
T,<T,<T,, (11)

where Y, is the Y coordinate of the top left corner of
the rear vehicle detection box, and v;, and v,, are the lat-
eral speeds of the front and rear vehicles, respectively.

2.3 Contflict analysis
2.3.1 Conflict prediction

Traffic conflict prediction is essentially a binary
classification problem. Machine learning models are
well-suited for solving this problem. In this study, we
trained multiple machine learning models for traffic
conflict prediction. Logistic regression (LR) (Safavian
and Landgrebe, 1991) maps input features to prob-
ability values through a logical function and is suitable
for simple binary classification problems. Support vec-
tor machines (SVMs) (Vapnik, 1995) maximize class
intervals by finding the optimal hyperplane and are par-
ticularly suitable for high-dimensional data. Extreme
gradient boosting (XGBoost) (Chen and Guestrin,
2016) is an efficient gradient boosting framework that
gradually improves model performance by iteratively
optimizing weak learners. Gradient boosting decision
tree (GBDT) (Friedman, 2001) gradually improves the
overall prediction performance by iteratively training
multiple decision trees to fit the residuals and is suit-
able for dealing with nonlinear relationships and fea-
ture interaction problems.

2.3.2 Model evaluation

We used five criteria to evaluate model perfor-
mance. The first three criteria were accuracy (ACC),
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false negative rate (FNR), and false positive rate (FPR).
These indicators were based on the confusion matrix
and calculated using Egs. (S1)—(S3) in Section S1 of
the electronic supplementary materials (ESM). The
higher the ACC value, the better the model perfor-
mance. And lower FNR and FPR values indicate better
model performance. In addition, the receiver operating
characteristic (ROC) curve and the area under the curve
(AUC) were used as evaluation metrics (Bradley, 1997).
The ROC curve illustrates the relationship between
the true positive rate (TPR) and the FPR across dif-
ferent decision thresholds. TPR can be calculated using
Eq. (S4). The AUC value ranges from 0 to 1: the closer
to 1, the better the model performance.

2.3.3 SHAP

SHAP has been widely used to explain machine
learning models (Islam and Abdel-Aty, 2023). Based
on Shapley values from game theory, it assigns fea-
ture contributions in a consistent and equitable man-
ner. By quantifying each feature’s marginal contribu-
tion across different combinations, SHAP provides in-
terpretable explanations of model outputs. A positive
or negative SHAP value indicates that the feature has
a positive or negative impact on the prediction. In this
study, we used SHAP to analyze how features affect
conflicts. The detailed principle of SHAP can be found
in Egs. (S5)—~(S7) of the ESM.

3 Data and results
3.1 Data preparation

This dataset is a collection of high-definition im-
ages of vehicles on the road section of Meishan Island,
Ningbo, China, taken by drones. The total video length
is about 40 h, the resolution is 1920%1080 pixels, and
the frame rate is 30 f/s. The dataset contains vehicle
images at different time periods, all taken in windless
and clear or light wind conditions, with high resolu-
tion and real scene characteristics. Since Meishan
Island is an important port and logistics center, almost
80%—90% of the vehicles on the road are container
trucks, and the traffic flow properties are special.

First, the video dataset was subjected to abnor-
mal video removal and anti-shake processing, and then
the vehicle trajectory was extracted using YOLOVS
(Fig. 4). The vehicle position was recorded using the
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Fig. 4 Road section recorded by drone

global coordinate system. The origin of the coordinate
was set at the upper left corner of the road section.
The X coordinate increased as it moved to the right,
and the Y coordinate increased as it moved down the
road. The initially extracted trajectory data included
the frame number, ID, type of target vehicle, center
coordinates of the target vehicle and their respective
lengths and widths, coordinates of the upper left and
lower right corners of the target vehicle detection
frame, and other calculated data (Section S2 of the
ESM). Details of the dataset construction process can
be found in a previous article (Zhu et al., 2025).

3.2 Trajectory reconstruction effect

After eliminating abnormal trajectories, a total of
24038 trajectories were reconstructed. The recon-
structed trajectories of some vehicles are shown in
Fig. 5. Figs. 5a and 5c are the complete trajectories of
a vehicle changing lanes to the right. The vehicle in
Fig. 5a changes one lane, and the vehicle in Fig. 5¢
changes two lanes. Fig. 5b shows the trajectory of a
vehicle driving to the right into the right-turn lane.

Although the trajectories of Figs. 5d—5f seem to
fluctuate greatly, the ordinate indicates that they were
in a straight-line state, and the overall fluctuation is
consistent with the actual driving situation. Although
the reconstructed trajectory is relatively close to the
original trajectory, the zoom data show that the data
points of the original trajectory are jagged and there
is some obvious noise, while the reconstructed trajec-
tory is a relatively smooth path.

Fig. 6 shows the Euclidean distances between the
reconstructed trajectory data points and the original
data points. The Euclidean distances for most data
points were relatively large, indicating that the re-
constructed trajectory differs significantly from the

original trajectory. However, Fig. 5 shows that the dif-
ferences between the data points in the Y direction are
not very large, and theoretically, a large Euclidean dis-
tance should not result. Looking at the X direction,
the reconstruction reveals that the data point at the
end of the original trajectory has shifted to the left,
which is likely a reasonable phenomenon. Drones
are affected by wind when collecting video data. Al-
though shooting in clear, calm weather is recom-
mended, they can still be affected. Drones are easily
affected in the X direction, resulting in some unrea-
sonable data points in this direction, such as excessive
longitudinal displacement between data points. This
explains the large Euclidean distances between the
data points in Fig. 6.

Section S3 of the ESM shows the comparison of
speed and acceleration in 2D space before and after
reconstruction, as well as the comparison of jerk. The
data of the original trajectory are largely inconsistent
with the actual situation, while the data of the recon-
structed trajectory have been greatly improved and are
more consistent with the actual situation.

To ensure the rationality of the reconstruction re-
sults, we merged all trajectory dataset files and plot-
ted longitudinal and lateral velocity and acceleration
histograms to verify the accuracy of the trajectory re-
construction (Fig. 7). The longitudinal velocity was
concentrated between 0 and 5 m/s, peaking at 0 m/s,
reflecting frequent vehicle stops and starts. The longi-
tudinal acceleration was centered around 0 m/s’, with
slightly more negative values, consistent with deceler-
ation, yielding, and starting. Both the values of lateral
velocity and acceleration were concentrated near 0, in-
dicating no significant lane changes or turns, and min-
imal lateral movement, which was consistent with the
vehicle approaching an intersection but not entering
it. The overall distribution was reasonable and consis-
tent with the dataset’s collection scenario (i.e., a road
section near an intersection).

3.3 Analysis of factors affecting conflict

The conflict samples were extracted from the re-
constructed trajectory data. A TTC value of 3 s was fi-
nally selected as the threshold for distinguishing con-
flicts, based on literature (Shahana and Vedagiri, 2024).
Finally, 1506 rear-end conflicts and 264 side-swipe
conflicts were extracted (Table 1). The selection of
relevant features retained the speed and acceleration
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this figure

features, as well as the calculated heading angle, and
the mean and standard deviation (SD) of these features.
The calculation ranges of the mean and SD were se-
lected to be within 5 s. The statistical description of the
relevant variables is shown in Sections S4 and S5 of
the ESM.

The two types of conflict samples were trained
separately: 80% of the sample data were used as the
training set, 20% as the test set, and five-fold cross-
validation was used to make full use of the data.

The selected classification models were SVM, LR,
XGBoost, and GBDT. To select the model with the
best performance, a cross-grid was used to find the
best parameters, and the model with the best pre-
liminary performance was selected by combining the
features.

3.3.1 Side-swipe conflict

The model evaluation results of side-swipe con-
flict are shown in Table 2. As the number of features
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increased, the performance of the models improved
significantly, except for the LR model, whose perfor-
mance decreased, perhaps because LR is not flexible
enough in dealing with nonlinear problems. When all
features were used for training, the GBDT model had
the best performance, with an accuracy of 0.905, an
FPR of 0.074, and an FNR of 0.149. Figs. 8a—8c
show the ROC curves and AUC values of each model
under different feature combinations. The AUC of the
GBDT model when using all features reached 0.947.
Overall, the model performance of GBDT was the
best.

Then, the results of the GBDT model were ana-
lyzed for interpretability. Fig. 9 shows the SHAP value
summary of the GBDT model. The features on the
left are sorted by importance: those with higher speed
are more important. The most important feature is the
lateral speed. The higher the speed, the more likely it
is to cause a side-swipe conflict. The second is the av-
erage longitudinal speed within 5 s. Faster speeds are
more likely to cause conflicts. The average longitudi-
nal acceleration within 5 s is the opposite: higher ac-
celeration is less likely to cause conflicts. This may
be because the driver judges that the road conditions
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Table 1 Sample composition

Sample Rear-end Side-swipe
0 2259 573
1 1506 264

0 means no conflict and 1 means conflict

Table 2 Comparison of model performance with different
feature combinations for side-swipe conflicts

Feature Model ACC FPR FNR
LR 0.768 0.099 0.574
SVM 0.804 0.091 0.468
XGBoost 0.810 0.132 0.340
GBDT 0.780 0.165 0.362
LR 0.810 0.066 0.511
SVM 0.833 0.107 0.319
A+B

XGBoost 0.857 0.099 0.255
GBDT 0.863 0.083 0.277
LR 0.798 0.074 0.532
SVM 0.845 0.074 0.362

A+B+C
XGBoost 0.869 0.083 0.255
GBDT 0.905 0.074 0.149

The higher the ACC value and the lower the FNR and FPR values,
the better the model performance. A, B, and C represent different
feature sets. A represents vehicle dynamics features, while B and C
are the average and standard deviation extracted from A over a 5-s
time range, respectively. Detailed feature descriptions are available
in Section S4 of the ESM

are safer and will maintain a higher acceleration. The
SD of acceleration within 5 s measures the driver’s
driving style. A higher value indicates that the driver’s
operation is relatively unstable, which will also increase
the possibility of a conflict. Overall, the impact of the
first six features on conflicts is relatively important.
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3.3.2 Rear-end conflict

The model evaluation results of rear-end conflict
are shown in Table 3. The performance of the model
using A+B+C features and A+B features did not change
much, but the accuracy and FNR were better when
using A+B features. When using A+B features, the
best performing model was XGBoost, with an accu-
racy of 0.772, an FPR of 0.128, and an FNR of 0.386.
Figs. 8d—8f show the ROC curves and AUC values of
each model under different feature combinations. The
AUC of the XGBoost model reached 0.829 when
using A+B features. Overall, the model performance
of XGBoost was relatively good.

Then, the interpretability of the XGBoost model
results was analysed. Fig. 10 shows the SHAP value
summary of the XGBoost model. Longitudinal accel-
eration was the most critical influencing factor in rear-
end conflict, followed by factors such as the average
longitudinal acceleration and longitudinal speed within
5's. When the longitudinal acceleration was lower,
conflicts were more likely to occur. This may be due
to the large number of vehicles on the road, frequent
vehicle interactions, and insufficient vehicle traffic,
which easily leads to conflicts. When the longitudinal
speed of the vehicle was low, its impact on the con-
flict was both positive and negative. This corresponds
to two situations. When the traffic flow is smooth over-
all, conflicts are not likely to occur at a low speed.
When the traffic flow is slow, even at a low speed,
conflicts may occur easily due to increased vehicle in-
teractions and shortened vehicle distances. This shows
that it is necessary to consider multiple factors com-
prehensively, and confirms that when predicting con-
flicts, when the number of features is large, the model
often predicts conflicts more accurately.

3.3.3 Conflict prediction model development

The next step was to improve the model. As
shown in Section S6 of the ESM, we have clarified
the importance of each feature. Now, we will present
a more detailed exploration of the performance of the
prediction models for side-swipe conflicts and rear-
end conflicts. Starting from the most important fea-
ture, we will add features in turn to compare the
changes in the model’s prediction performance. The
model prediction performance uses more comprehen-
sive indicators, namely accuracy, precision, recall, F1-
score, AUC, FPR, and FNR.
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As the best model for predicting side-swipe con-
flict was GBDT when using 14 features, we added
features to the GBDT model to explore the changes in
model performance. The model performance became
more stable when three features were added (Fig. 11a).
After the 12th feature was added, the overall perfor-
mance of the model peaked, with accuracy, precision,
recall, Fl-score, AUC, FPR, and FNR being 0.911,

Table 3 Comparison of model performance with different
feature combinations for rear-end conflicts

Feature Model ACC FPR FNR
IR 0681 0.165 0560

SVM 0732 0109 0519

A XGBoost 0741 0.104 0502
GBDT 0742 0107 0495

LR 0696 0215 0444

SVM 0756  0.122 0437

ATB GBoost 0772 0128 0386
GBDT 0765 0146 0375

LR 0697 0224 0427

SVM 0756  0.130 0423

ATBTC  YGBoost 0764 0126 0410
GBDT 0750 0178  0.362

Evaluation indicators of the model results in Tables 2 and 3
correspond to the test part of the dataset

0.833, 0.851, 0.842, 0.953, 0.066, and 0.149, respec-
tively. As shown in Fig. 11b, the above steps were per-
formed on the model with the best performance in pre-
dicting rear-end conflicts. There was a common feature
in the changes in their performance indicators. After
adding the third feature, the model performance indi-
cators changed relatively smoothly, which shows that
the first three features are crucial for correctly predict-
ing collisions. The best model performance appeared
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when the eighth feature was added, and the indicators
were 0.774, 0.762, 0.611, 0.678, 0.828, 0.122, and
0.389, respectively. Section S7 of the ESM shows the
parameter settings of the best model.

4 Discussion

This study was based on a vehicle trajectory da-
taset composed mainly of container trucks near a port
area. The data were first reconstructed to improve the
data quality. Then, prediction modeling was performed
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for two typical conflict types: the rear-end conflict and
side-swipe conflict. The SHAP theory was used to ana-
lyze the interpretability of the model results and ex-
plore how each factor affected the occurrence of con-
flicts. Finally, by evaluating the performance of multi-
ple machine learning models with different numbers
of features, the key variables that affected the occur-
rence of conflicts were determined, and a prediction
model with better performance was constructed.

4.1 Analysis of factors affecting conflict

Figs. 12 and 13 show the SHAP values of the top
six important features for identifying the two types of
collisions. For side-swipe conflicts, the most impor-
tant feature is the lateral speed. This is reasonable be-
cause side-swipe conflicts usually occur in lane change
scenarios. Fig. 12a shows that side-swipe conflicts are
likely to occur when the lateral speed is above 0.3 m/s.
This is consistent with previous research findings
(Shahana and Vedagiri, 2024). Fig. 12b shows that
vehicles are more likely to have conflicts when the
average longitudinal speed within 5 s is low or high.
Fig. 12¢ shows that vehicles are more likely to have
conflicts when they are decelerating. They are less
likely to have conflicts when they are accelerating
for a long time. This corresponds to the scenarios of
sudden braking and smooth traffic flow, respectively.
Fig. 12d shows that higher heading angles are more
likely to cause side-swipe conflicts. This finding com-
plements previous studies that showed that higher head-
ing angles are less likely to cause rear-end conflicts
(Islam and Abdel-Aty, 2023).

For rear-end conflicts, the most important fea-
ture is the longitudinal acceleration. Fig. 13a shows
that when the driver decelerates, the driver’s judg-
ment is lower than his/her safety standard. When ac-
celerating, the driver may feel safe. The impact of the
longitudinal average acceleration within 5 s on rear-
end conflicts is basically the same as for the longitudi-
nal acceleration. Fig. 13c shows that the longitudinal
speed of vehicles in the range of 1-5 m/s is prone to
conflict. Such a speed range shows that the overall
traffic flow speed is not fast, indicating that there are
many vehicles, the distance between vehicles may be
small, and a certain speed is maintained, so it is more
likely to cause conflicts.

The feature correlation analysis part is presented
in Section S8 of the ESM.
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4.2 Limitations

Furthermore, we focus on the container truck traffic
flow, a scenario that is relatively underrepresented in

While we systematically analyzed influencing current research. Second, the model input features are
factors and constructed a rear-end conflict and side-  p.o0q mainly on kinematic metrics and fail to incorpo-
swipe conflict prediction model based on reconstructed  p4te multiple sources of information, such as road struc-
container truck trajectory data in a port area, several  tyre and environmental factors, making it difficult to
limitations remain. First, the data source is relatively fully characterize the conflict formation mechanism.
limited, with strong regional and vehicle type restric-  Third, the performance of the rear-end conflict pre-
tions, which may affect the model’s generalization.  diction model remains suboptimal, possibly due to the



complex formation mechanism of rear-end conflicts
and the incomplete consideration of influencing fac-
tors. Furthermore, the model training and validation
in this study are based on offline data and have not
yet been tested in real traffic environments or real-
time systems. Therefore, the applicability and stability
of our model require further verification. Finally, while
methods such as SHAP were introduced for feature in-
terpretation, SHAP analysis results may be affected
by inter-feature correlations and model structure, re-
sulting in limitations in interpreting causal relation-
ships. Subsequent research could include the follow-
ing aspects: at the data level, trajectory data of differ-
ent regions, vehicle types, and time periods could be
expanded to improve the generalization of the model;
at the feature level, multi-source information, such as
road geometry, traffic flow density, and meteorolog-
ical conditions, could be integrated to characterize
the conflict mechanism more comprehensively; at the
method level, multi-scale time series modeling and
model integration could be explored and verified in
real traffic or simulation environments; at the same
time, explainable artificial intelligence and traffic safety
mechanisms could be combined to improve the sta-
bility, credibility, and generalizability of the model.

5 Conclusions

This study reconstructed the trajectory data of
vehicles, mainly container trucks, near a port area to
obtain a high-resolution and high-precision vehicle tra-
jectory dataset. Then, based on the coordinate format
output by YOLOVS, a 2D-TTC was developed to
identify side-swipe conflicts. Samples of two types of
conflicts, side-swipe and rear-end conflicts, were col-
lected for container truck traffic flow. A machine learn-
ing model and SHAP theory were used to analyze the
influencing factors, and a model for predicting these
two conflicts was developed. The main conclusions of
this study are as follows:

(1) Compared with the original data, after trajec-
tory reconstruction, the trajectory and its speed, accel-
eration, and jerk become more reasonable, which is
in line with the actual vehicle driving conditions. The
video dataset shot by drones has the problem of data
accuracy, and the trajectory reconstruction method
solves this problem well.
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(2) Considering the interaction of vehicles in 2D
space, the developed 2D-TTC can well identify side-
swipe conflicts. Higher lateral speed and average lon-
gitudinal speed within 5 s are more likely to cause
side-swipe conflicts, and lower average acceleration
within 5 s is also more likely to cause conflicts. The
GBDT model with 12 features was finally selected
to achieve the best performance in identifying side-
swipe conflicts, with an accuracy of 0.911 and an AUC
of 0.953.

(3) The most important features affecting rear-
end conflicts are longitudinal acceleration and aver-
age acceleration within 5 s. When these two values
are low, rear-end conflicts are more likely to occur.
Finally, the XGBoost model with eight features was
selected, which achieved the best performance in iden-
tifying rear-end conflicts, with an accuracy of 0.774
and an AUC of 0.828.
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