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Abstract: Accurate detection and prediction of the lane-change (LC) processes can help autonomous
vehicles better understand their surrounding environment, recognize potential safety hazards, and
improve traffic safety. This study focuses on the LC process, using vehicle trajectory data to select a
model for identifying vehicle LC intentions. Considering longitudinal and lateral dimensions, the
information extracted from vehicle trajectory data includes the interactive effects among target and
adjacent vehicles (54 indicators) as input parameters. The LC intention of the target vehicle serves as
the output metric. This study compares three widely recognized machine-learning models: support
vector machines (SVM), ensemble methods (EM), and long short-term memory (LSTM) networks.
The ten-fold cross-validated method was used for model training and evaluation. Classification
accuracy and training complexity were used as critical metrics for evaluating model performance. A
total of 1023 vehicle trajectories were extracted from the CitySim dataset. The results indicate that,
with an input length of 150 frames, the XGBoost and LightGBM models achieve an impressive overall
classification performance of 98.4% and 98.3%, respectively. Compared to the LSTM and SVM models,
the results show that the two ensemble models reduce the impact of Types I and III errors, with an
improved accuracy of approximately 3.0%. Without sacrificing recognition accuracy, the LightGBM
model exhibits a sixfold improvement in training efficiency compared to the XGBoost model.

Keywords: Lane-Change Intention; machine learning; LightGBM; CitySim Dataset

1. Introduction

Lane-changing (LC) behavior induces spatiotemporal interactions between vehicles,
significantly impacting traffic efficiency and safety. Statistical data shows that LC behaviors
are responsible for 18% of all roadway crashes and contribute to 10% of delays in China [1].
In 2015, the National Highway Traffic Safety Administration (NHTSA) reported approxi-
mately 451,000 traffic accidents in the US related to LC behavior [2]. Timely identification
and prediction of LC behaviors are crucial for reducing accidents, enhancing traffic safety,
and optimizing road operations.

Lane-changing behavior is a complex process influenced by various factors, including
human, vehicle, road, and environmental factors [3–7]. Lane-change intention is defined as
a driver’s planned or intended action to change lanes while driving. In previous studies,
various indicators were used to characterize LC intentions, such as vehicle dynamics pa-
rameters (e.g., steering wheel angle, rate of steering angle change, brake pedal position, and
turn signal status) [8–10], driver’s physiological indicators (e.g., eye movements and head
rotation angle) [11–13], and vehicle operating state indicators (e.g., speed, acceleration, and
headway distance) [14–16]. However, the practical application of vehicle dynamics param-
eters is limited due to variations in driving habits, affecting the recognition performance of
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related models. For example, turn signal utilization rates of LC vehicles have been reported
to be 44% and 40% in the United States and China, respectively [17,18]. The acquisition
of a driver’s physiological indicators faces challenges related to experimental conditions,
such as small sample sizes and high data homogeneity, which can impact the transferability
and reliability of trained models. Monitoring a driver’s physiological characteristics faces
challenges related to data quality, cost, and potential discomfort for the driver. With the
development of vehicle-to-vehicle communication and vehicle-to-infrastructure technolo-
gies, access to personalized, high-precision vehicle trajectory data has increased. Vehicle
operating status indicators can be extracted directly from the vehicle trajectory and are in-
creasingly used for LC intention recognition due to their easy accessibility and large sample
size [19–21]. Compared to conducting real-world or driving simulator experiments, vehicle
trajectory data are more accessible and overcomes limitations related to small sample sizes
and data homogeneity. Technological progress enables traffic system monitors and road
users to access vast, real-time, personalized, and precise vehicle trajectory data. This study
uses vehicle trajectory data to identify LC behaviors by considering interactive influences
among adjacent vehicles.

From a methodology perspective, LC intention recognition models can be categorized
into two main groups: statistical theory-based and machine-learning approaches. Com-
mon statistical methods include multinomial logit regression models [22] and Bayesian
networks [9,23]. These offer high interpretability but may produce biased predictions when
the collected data deviates from assumed statistical distributions and hypotheses. Machine
learning models have rapidly progressed and gained significant attention across various
domains in recent years. Machine learning models, such as support vector machines
(SVM) [24], long short-term memory neural networks (LSTM) [14,21,25], and ensemble
(EM) learning methods [26], are used in LC intention recognition to capture nonlinear
relationships among parameters. However, previous studies have primarily focused on
evaluating the model’s accuracy and have largely ignored the impact of increasing model
complexity on the training time. This study compares various machine learning models for
vehicle LC intention recognition, considering their accuracy and training complexity.

The contribution of this study can be summarized into two main points: firstly, utiliz-
ing vehicle trajectory data to account for the interactive effects among vehicles in recog-
nizing LC intentions. Secondly, compared to previous studies, this research emphasizes
the complexity of the model. Considering classification accuracy and training complexity,
this research performs a comparative analysis of three well-established machine learn-
ing models: SVM, EM, and LSTM. The remainder of this paper is organized as follows:
Section 2 presents the details of the proposed methodology. The data process is presented
in Section 3. Results and discussion are provided in Section 4. Finally, Section 5 summarizes
the conclusions and limitations.

2. Vehicle Trajectory Data

The NGSIM, CitySim, and HighD trajectory datasets are extensively used in academic
research. Among these datasets, only CitySim provides the coordinates of the vehicle
bounding box [27,28]. Compared to publicly available trajectory datasets, CitySim employs
seven bounding box points to characterize vehicles and is more suitable for fine-grained
studies of driving behavior [4]. Therefore, the CitySim dataset was chosen for this study to
validate the model’s performance.

CitySim is a publicly available drone-based vehicle trajectory dataset containing de-
tailed driving data, vehicle data, and supporting information for studying driving trajectory
and driving intention [29]. A sub-dataset freeway-B with six lanes in two directions was
used in this research. The freeway-B dataset was collected using two UAVs simultaneously
over a 2230 ft primary freeway segment. A total of 5623 vehicle trajectories were extracted
from 60 min of drone videos. Figure 1 displays a snapshot of the freeway-B segment.
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Figure 1. A snapshot of the freeway-B segment.

This study focuses on lane-change processes. We retained samples with only one
lane-change, and samples with two or more lane-changes were all removed. The dataset
used in this study was freeway-B, from which 1023 vehicle trajectories were extracted.
Among these, 545 trajectories were for lane-change (LC) vehicles, with 240 trajectories for
left lane-changes (LLC) and 305 trajectories for right lane-changes (RLC). The remaining
478 trajectories were for lane-keeping (LK) vehicles. Lane-keeping vehicle trajectories were
randomly extracted.

2.1. Data Processing

The Freeway-B dataset was derived from two merged drone videos. During the data
processing, we observed the issue of frame skipping in the raw data. Therefore, vehicle
trajectories with variations greater than one in adjacent frames were eliminated to minimize
the effects of frame misalignment or skipping. A moving average (MA) method was used
to reduce the negative effect of errors by smoothing the trajectory [30], and the moving
average filter was set to 0.5 s. A comparison of the original trajectory and the processed
trajectory is shown in Figure 2.
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Figure 2. Comparison of original trajectory and processed trajectory.

2.2. Indicator Calculation

To accurately characterize the vehicle’s driving state, six metrics were extracted from
the vehicle’s two-dimensional position coordinates, encompassing both the longitudinal
and lateral dimensions. These metrics encompass longitudinal velocity (vx), lateral velocity
(vy), longitudinal acceleration (ax), lateral acceleration (ay), vehicle heading (θ), and yawRate
(∆θ). Longitudinal is the direction in which the vehicle is moving forward. The lateral
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direction is perpendicular to the road. A nonlinear low-pass filter was used to mitigate the
potential adverse effects of measurement errors [31].

ln(t) =
l(t + n)− l(t − n)

2 · nT
(1)

where l is a specific indicator, t is the current time, T is a constant, representing 1/30 s in
this paper, n represents the time-step, and l(t − n) is the indicator in the frame t − n, where
n takes different values. In this paper, n is set to 8. For more information on calculating the
indicators, please refer to our previous research [3]. For example, the vehicle heading can
be calculated as:

θn(t)= arctan(
yH(t + n)− yR(t − n)
xH(t + n)− xR(t − n)

) (2)

where θn(t) is the vehicle heading at the frame t, yH(t + n) is the vehicle head point
longitudinal position in the frame t + n, and xR(t + n) is the vehicle tail point horizontal
position in frame t + n.

2.3. Input Indicator

To fully consider the effects of various factors, the inputs to the integrated model
should consist of three main components: information about the target vehicle, information
about the surrounding vehicles, and relative position information. As shown in Figure 3,
the surrounding vehicles include the nearest front and rear vehicles in the adjacent and
current lanes. The primary goal of this study is to detect LC intention for the target vehicle.
Six indicators (vx, vy, ax, ay, θ, ∆θ) were calculated for each vehicle.
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Relative position information (dw) is the headway distance between the target vehicle
and other vehicles. If the corresponding vehicle was not recorded in the drone video, the
corresponding dw was set to 0. Due to limited video coverage, specific trajectory segments
of the surrounding vehicles were not captured. To address this, a categorical variable was
introduced for each surrounding vehicle, denoting this occurrence with values of 0 and 1,
where 0 means it has recorded trajectory information and 1 means no trajectory information
is present. For instance, when the target vehicle first appeared, the following vehicle was
not yet in the drone videos. The following vehicle status variable was set to 1. Considering
both longitudinal and lateral dimensions, the extracted information from vehicle trajectory
data comprises interactive effects among neighboring vehicles and details regarding the
target and adjacent vehicles (54 indicators). More details are shown in Table 1.

In Table 1, the values of i are 0, 1, 2, 3, 4, 5, and 6, which, respectively, represent the
indicators corresponding to the target vehicle, the closest preceding vehicle in the same lane,
the closest following vehicle in the same lane, the closest preceding vehicle in the adjacent
left lane, the closest following vehicle in the adjacent left lane, the closest preceding vehicle
in the adjacent right lane, and the closest following vehicle in the adjacent right lane. u is
set to 1, 2, 3, 4, 5, and 6, representing the indicators corresponding to surrounding vehicles.



Infrastructures 2023, 8, 156 5 of 12

Table 1. Input variables.

Notation Variable Description

vx-i Longitudinal
velocity

Longitudinal velocities of the target and surrounding
vehicles are separately considered. (ft/sec)

vy-i Lateral velocity Lateral velocities of the target and surrounding vehicles
are separately considered. (ft/sec)

ax-i Longitudinal
acceleration

Longitudinal accelerations of the target and surrounding
vehicles are separately considered. (ft/sec2)

ay-i Lateral acceleration Lateral accelerations of the target and surrounding
vehicles are separately considered. (ft/sec2)

θ-i Vehicle heading Vehicle headings of the target and surrounding vehicles
are separately considered.

∆θ-i YawRate Yaw rates of the target and surrounding vehicles are
separately considered.

dw-u Headway The distance between the target vehicle and
surrounding vehicles.

Val-u State variable 0 means it has recorded trajectory information; 1 means
the trajectory information is missing.

3. Methods

Lane-change intention recognition is a multivariate time series classification problem.
The indicators that require classification exhibit high dimensionality. Selecting the appropri-
ate model for this issue in machine-learning applications can be complex and challenging.
Three main methods are commonly used: SVM, ensemble methods, and long short-term
memory models.

3.1. Support Vector Machine

A support vector machine is a supervised machine learning model primarily used for
classification tasks [6,9,24]. An SVM performs classification by constructing a hyperplane in
higher dimensions. The main idea of an SVM is to find an optimal hyperplane by mapping
vectors to a higher-dimensional space. The hyperplane could effectively separate the data
points of different classes, and on each of its sides, two parallel hyperplanes are established.

3.2. Ensemble Models

The ensemble method aims to improve the generalization and robustness performance
of a single model by combining the results of multiple base estimators. The eXtreme
Gradient Boosting (XGBoost) and Light Gradient Boosting Machine (LightGBM) models
are the two commonly used ensemble methods in machine learning.

(1) The eXtreme Gradient Boosting model.
XGBoost is an ensemble learning model based on gradient boosting decision trees,

first proposed by Friedman [32]. It uniquely merges an efficient linear model solver with a
regression tree model. By employing an additive training strategy, this technique combines
multiple “weak” models into a single, powerful “strong” model. Of particular signifi-
cance is that XGBoost incorporates regularization components within the cost function,
thereby enabling meticulous management of the model’s intricacy. The calculation of the
regularized objective Γ(k) for the k-th iteration is as follows:

Γ(k) =
n

∑
i=1

l
(

yi,
_
y
(k)
i

)
+

k

∑
j=1

Ω
(
fj
)

(3)
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where n is the number of samples,
_
y
(k)
i is the prediction of sample i at iteration k, yi is

the actual value of sample i, l() is the loss function, f j is a tree from the ensemble trees,
and Ω

(
f j
)

is the regularization term, denoting model complexity of the j-th tree, defined as:

Ω
(

f j
)
= γT +

1
2

λ
T

∑
j=1

ω2
j (4)

where γ is the minimum split loss reduction, λ is a regularization term on the weight, ω is
the value of the i-th leaf node in the tree, T is the number of leaf nodes, and c is the weight
associated with each leaf.

(2) LightGBM.
LightGBM is a novel boosting framework proposed in 2017 [33], which shares the

same basic principle as XGBoost, which uses decision trees based on a learning model.
However, LightGBM employs a histogram-based “Leaf-wise” tree growth strategy and
internal handling of missing values, aiming for rapid training and efficient memory usage.
On the other hand, XGBoost adopts “Level-wise” growth, precise feature value splitting,
and L1/L2 regularization, emphasizing balanced fitting and complexity control.

3.3. LSTM

LSTM employs gating mechanisms to intelligently retain or discard information,
thereby significantly enhancing the inherent long-term dependency modeling capacity
of conventional recurrent neural networks (RNNs). LSTMs find versatile applications
in individual contexts, effectively addressing challenges such as sequence-to-sequence
prediction and time series classification. A typical LSTM block is configured mainly by an
input gate it, a forget gate ft, and an output gate ot. These gates are computed as follows:

it = σ(Wixt + Uiht−1 + bi) (5)

ft = σ
(

W f xt + U f ht−1 + b f

)
(6)

ot = s(Woxt + Uoht−1 + bo) (7)

where σ is the sigmoid activation function, xt is the input sequence at time t, ht−1 is the
hidden state, W is the parameter matrix at time t, representing the input weight, U is the
parameter matrix at time t−1, representing the recurrent weight, and bi, b f , and bo are the
biases. The internal update state of the LSTM recurrent cells can be expressed as:

ct = ft � ct−1 + it � c̃t (8)

ht = ot � tanh(ct) (9)

where � is the vector element-wise product, ct is the memory cell at time t−1,
∼
c t is the

candidate memory at time t, and ht is the outcome at time t.

3.4. Evaluation Indices

Lane-change intention recognition is a classification issue. The performance of clas-
sification models is evaluated from two aspects. One is the overall performance of the
classification, and the other is the recognition performance of each class [34]. The two
indices, precision and recall, are used to evaluate the detection performance of each class.
The accuracy index measures the overall performance of the model. The three indices can
be calculated as follows:

Accuracy =
T

T + F
(10)
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Precision =
TP

TP + FP
(11)

Rcall =
TP

TP + FN
(12)

where T is the number of correctly classified samples, F is the number of incorrectly
classified samples, TP is the number of correctly classified samples in a given class, FP
is the number of incorrectly classified samples in a given class, and FN is the number of
incorrectly classified samples in a given class.

4. Results and Discussion

The parameter setting affects the performance of the model. Some sensitivity experi-
ments were performed on four models using the control variable method to determine the
optimal parameter settings. The parameters were selected based on classification accuracy
and training time metrics. The final model used should minimize the training time of
the model (reduce the complexity of the model) without compromising the accuracy of
the model. With an equal number of samples, all experiments were conducted using the
same device. The ten-fold cross-validation was adopted to train and test the model. As
an example, the impact of the number of decision trees on classification accuracy was
evaluated while maintaining the exact input durations (input time duration = 5 s). The
dataset was randomly split into a training dataset. A test dataset was made with a ratio of
8:2. For training the LC intention classification model, 80% of the total data were applied.
Twenty percent of the samples were used for testing the classification performance.

Figure 4 shows the experimental results. It is evident that as the number of decision
trees increases, the model’s recognition accuracy and training time will increase. The
accuracy stabilizes once the number of decision trees reaches 120. The LightGBM model
exhibits a faster training speed compared to the XGBoost model. Similar results were
obtained when utilizing sequences with different input durations. Hence, the number of
decision trees for the LightGBM and XGBoost models was set to 120 in this study. The
performance of SVM, XGBoost, LightGBM, and LSTM models with varying input durations
was evaluated to determine the effect of the input sequence length on the classification
outcomes. With an interval of 15 frames, 12 input lengths were extracted from 30 frames
(1 s) to 180 frames (6 s).
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Figure 5 illustrates the overall accuracy comparison results of the four models. It
can be observed that each model has good classification performance (above 80%), even
though the four models are slightly different among different durations. With the same
input data time scale, the two ensemble methods outperform the SVM and LSTM models
regarding classification accuracy. Three models (LSTM, XGBoost, and LightGBM) achieved
the best classification accuracy when the input length was 5 s. Despite not attaining optimal
accuracy for this length, the SVM model exhibited marginal enhancements in classification
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accuracy. Hence, a time duration of T = 150 frames (5 s) was chosen as the input sequence
length. Finally, 22,160 RLC sequences and 15,410 LLC sequences were extracted. To
maintain data balance, 18,000 LK sequences were randomly extracted from the raw dataset.
The ten-fold cross-validated method was used for model training and evaluation using the
training dataset.
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Figure 6 illustrates the outcomes of a ten-fold cross-validation analysis conducted on
LSTM, SVM, XGBoost, and LightGBM models. The average accuracy for LSTM and SVM is
0.9568 and 0.9317, with standard deviations of 0.007 and 0.004, respectively. XGBoost and
LightGBM models have average accuracies of 0.9835 and 0.9829, with a standard deviation
of 0.001. The results indicate that the XGBoost and LightGBM models outperformed LSTM
and SVM regarding classification performance and showed more stability. With an input
length of 150 frames, Figure 7 illustrates the confusion matrix for the four models using the
validation set.
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Errors in classifying LC intentions can be categorized into three categories: the misiden-
tification of LK as LC (Type I), the misclassification of LC as LK (Type II), and the misiden-
tification of LLC and RLC from each other (Type III). Figure 7 shows that XGBoost and
LightGBM models reduce the impact of Type II and Type III errors compared to LSTM and
SVM models. Type I errors significantly impact the accuracy of all four models. This error
could originate from two sources. One is that the model correctly identifies the behavior
of a failed lane-change. The other could be attributed to the variations in individual LC
behaviors among drivers [35,36]. The LK process is influenced by factors such as driving
style and driving ability, which can exceed the cognitive capabilities of the model, resulting
in misjudgment. To provide a comprehensive assessment of classification performance,
in addition to accuracy, other evaluation metrics such as precision, recall, and training
time were evaluated through the confusion matrixes. The comparison results are shown in
Table 2.

Table 2. Evaluation results of LSTM, SVM, XGBoost, and LightGBM.

Model Type Precision Recall Accuracy Training Time (s)

LSTM
LK 90.10% 96.21%

95.33% 992.3RLC 97.83% 95.78%
LLC 97.79% 93.73%

SVM
LK 88.31% 97.29%

94.21% 33,819.3RLC 97.23% 93.46%
LLC 96.88% 92.10%

XGBoost
LK 95.29% 99.88%

98.42% 3850.7RLC 99.93% 97.92%
LLC 99.96% 97.50%

LightGBM
LK 99.91% 94.98%

98.32% 496.4RLC 97.89% 99.93%
LLC 97.34% 100%
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The table shows that the overall performance of SVM and LSTM is 94.2% and 95.3%,
respectively. On the other hand, XGBoost and LightGBM models achieve similar overall
performances of 98.4% and 98.3%, respectively. The two ensemble models outperformed
the LSTM and SVM models and improved accuracy by approximately 3.0%. With similar
classification performance, the XGBoost model requires six times more training than the
LightGBM model. This result indicates that the LightGBM model provides a promising
solution for driving intention classification tasks, as it outperforms other models in terms
of both classification accuracy and computational efficiency.

5. Conclusions

This paper compares different machine-learning methods’ performance to recognize
LC intention from high-dimensionality time series trajectory data. Four commonly used
models (SVM, LSTM, XGBoost, and LightGBM) were selected in this study. The ten-
fold cross-validated method was used for model training and evaluation. Considering
both longitudinal and lateral dimensions, information extracted from vehicle trajectory
data encompasses interactive effects among neighboring vehicles, the target vehicle, and
adjacent vehicles (a total of 54 indicators) as input parameters. To assess the impact of input
sequence length on classification results, the performance of SVM, XGBoost, LightGBM,
and LSTM models is examined with different input durations. Using a 15-frame interval,
12 input lengths are derived from a range spanning 30 frames (1 s) to 180 frames (6 s). Based
on this study, the following conclusions are made:

1. The results of this study indicate that, with an input length of 150 frames, the XGBoost
and LightGBM models achieve an impressive overall classification performance of
98.4% and 98.3%, respectively. Compared to the LSTM and SVM models, the results
show that the two ensemble models reduce the impact of Types I and III errors,
improving accuracy by approximately 3.0%. With approximately equal classification
performance, it is noteworthy that the XGBoost model required six times more training
time than the LightGBM model.

2. The findings of this study should be helpful in the development of accurate and effi-
cient models for LC recognition intentions in automated vehicles. Vehicle trajectories
are accumulations of a series of driving behaviors. This study developed a real-time
detection model for LC intention using vehicle trajectory data. Such models would aid
road safety by facilitating intelligent interactions in automated driving and holding
crucial implications for future traffic systems and urban planning.

3. This study has some limitations. First, only four existing models were compared.
However, a broader array of models should be included in the comparison. Second,
new models with superior performance may be developed in the future by amal-
gamating the strengths of existing models. Third, this study retained samples with
only one lane-change, and samples with two or more lane-changes were all removed.
Future studies should consider continuous lane-changing behavior. Finally, this study
exclusively used the CitySim dataset, and future research should contemplate using a
more extensive range of datasets to validate the findings of this study further.
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