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Abstract: To enhance traffic safety on mountainous roads, this study proposes an innovative CNN-
LSTM-Attention model designed for the identification of near-crash events, utilizing naturalistic
driving data from the challenging terrains in Yunnan, China. A combination of a threshold method
complemented by manual verification is used to label and annotate near-crash events within the
dataset. The importance of vehicle motion features is evaluated using the random forest algorithm,
revealing that specific variables, including x-axis acceleration, y-axis acceleration, y-axis angular
velocity, heading angle, and vehicle speed, are particularly crucial for identifying near-crash events.
Addressing the limitations of existing models in accurately detecting near-crash scenarios, this study
combines the strengths of convolutional neural networks (CNN), long short-term memory (LSTM)
networks, and an attention mechanism to enhance model sensitivity to crucial temporal and spatial
features in naturalistic driving data. Specifically, the CNN-LSTM-Attention model leverages CNN to
extract local features from the driving data, employs LSTM to track temporal dependencies among
feature variables, and uses the attention mechanism to dynamically fine-tune the network weights
of feature parameters. The efficacy of the proposed model is extensively evaluated against six
comparative models: CNN, LSTM, Attention, CNN-LSTM, CNN-Attention, and LSTM-Attention. In
comparison to the benchmark models, the CNN-LSTM-Attention model achieves superior overall
accuracy at 98.8%. Moreover, it reaches a precision rate of 90.1% in detecting near-crash events,
marking an improvement of 31.6%, 14.8%, 63.5%, 8%, 23.5%, and 22.6% compared to the other six
comparative models, respectively.

Keywords: traffic safety; near-crash events; deep learning; naturalistic driving data; self-attention;
mountainous road

1. Introduction

Mountainous roads, characterized by their complex terrain and unpredictable weather
conditions, consistently emerge as hotspots for traffic accidents [1]. From 2012 to 2016, over
15% of all traffic accidents in China occurred in such areas, with approximately 68% of
these accidents resulted in severe injuries [2], highlighting the urgent need for enhanced
road safety in mountainous areas. Similarly, in the United States, frequent traffic accidents
have been observed in mountainous highway sections such as Colorado’s I-70 [3]. To
develop targeted improvements in traffic safety, researchers often rely on mountainous
road traffic accident data for causation studies, examining the impact of driver behavior,
surrounding traffic, and environmental conditions on accident occurrence [4,5]. However,
relying solely on accident data limits our understanding of the transition from normal
driving conditions to accident-prone situations. While virtual simulation methods, such as
micro-traffic simulations and driving simulators, offer insights into traffic dynamics, their
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effectiveness is curtailed by the authenticity of the simulation environments. There are
notable discrepancies between simulated and real driving conditions, leading to potential
inaccuracies in safety assessments for mountainous roads. In contrast, naturalistic driving
data [6] stands out for its ability to provide complete records of accidents, presenting a
pivotal research direction for analyzing and preemptively addressing accidents on moun-
tainous roads. Unlike other studies, naturalistic driving studies offer unobtrusive insights
into drivers’ interactions with complex road conditions, making them a critical tool for
advancing road safety in challenging terrains [7].

Given the rarity of actual traffic accidents and the ethical concerns of detailed ac-
cident data analysis, existing studies often leverage near-crash events from naturalistic
driving data as a viable alternative to real accidents [8–10]. The relationships between the
influencing factors and traffic accidents can be inferred from their connections with the
near-crash events. Dingus et al. [10] defined near-crash events as the ones that necessitate
emergency maneuvers by drivers. They found that the events could occur 10–15 times
more frequently than actual crashes. This higher frequency renders near-crash events more
suitable for causation studies of traffic accidents, which demand substantial sample sizes
for robust conclusions.

The identification of near-crash events in naturalistic driving data are a critical step in
this line of research. Current studies mainly focus on the correlations among variables in
naturalistic driving data but often overlook their temporal dynamics. This gap is significant
as simple machine learning or neural network models, which are commonly employed for
identifying near-crash events, may not effectively capture crucial temporal information or
fully understand variable interrelations. Consequently, this oversight can compromise the
model’s ability to accurately detect near-crash events. To fill this gap, this paper introduces
an integrated framework for identifying near-crash events on mountainous roads using
naturalistic driving data. The main contributions of this paper are summarized as follows.

1. A near-crash event identification process is designed using vehicle motion features
such as velocity, longitudinal acceleration, and lateral acceleration. The identification
process consists of multiple steps, including data noise filtering, near-crash event
extraction and labeling, feature variable selection, and the construction and evaluation
of the event identification model.

2. A multilevel deep learning-based near-crash event identification model is proposed.
This model integrates the convolutional neural network (CNN), the long short-term
memory (LSTM) network, and the attention mechanism. The CNN-LSTM-Attention
model utilizes the CNN layer to extract feature variables, captures the temporal
correlation between feature variables through the LSTM layer, and employs the
attention mechanism to assign different weights to each feature variable.

3. A naturalistic driving dataset collected on mountainous roads is used to evaluate
the proposed method. It is demonstrated that the proposed process accurately and
efficiently identifies near-crash events from the raw data. The proposed multilevel
deep learning-based identification model demonstrates significantly better accuracy
and response speed compared to benchmark models.

The remainder of this paper is organized as follows. Section 2 summarizes the state of
the art of near-crash event identification methods and outlines the overall framework of
the proposed methodology. Section 3 introduces the details of collecting and processing
naturalistic driving data. Section 4 presents the architecture and different components
of the CNN-LSTM-Attention model. Section 5 reports the results of data processing and
near-crash event identifications. Section 6 concludes the paper by summarizing the main
findings and providing directions for future research.

2. Preliminary of Near-Crash Event Identification
2.1. Related Work

Existing methods of near-crash event identification can be divided into three cate-
gories, i.e., statistical methods, threshold methods, and data-driven approaches. Statistical
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methods treat the results of near-crash event identification as a categorical dependent
variable and construct statistical models to establish relationships between this dependent
variable and observable independent variables. The data from near-crash events is used
to calibrate the parameters in these statistical models, enabling the calibrated models to
identify potential near-crash events. In addition to identifying near-crash events, statisti-
cal models can also reveal the relationships between each independent variable and the
near-crash events. For example, Arvin et al. [10] utilized statistical methods to analyze the
micro fluctuations in vehicle motion states before a collision, suggesting that nine types of
pre-collision driving fluctuations, such as speed and deceleration, can be used to measure
the severity of a collision. Arvin and Khattak [11] constructed a logistic regression model
to analyze the impact of distracted driving duration on the probability of collision/near-
collision events, concluding that the duration of various types of distraction is one of the
main indicators for the occurrence of collision/near-collision events, with longer durations
correlating with higher collision risk. Khattak et al. [12] used a mixed logistic regression
model to analyze the relationship between fluctuations and the occurrence of hazardous
events, finding a positive correlation between fluctuations and hazardous events, with rear-
end collisions and lane departure incidents being most affected by fluctuations. Statistical
methods focus on analyzing the impact of specific factors on event occurrence. However,
when it comes to identifying hazardous events, relying solely on these factors often results
in underreporting the number of hazardous events.

Threshold methods involve researchers setting specific indicators that represent the
occurrence of a hazardous event and defining corresponding threshold values. When an
indicator exceeds its threshold, it signifies a near-crash event. Various strategies based on
naturalistic driving data have been devised for this purpose. Dingus et al. [13] observed
that abnormal longitudinal vehicle acceleration, often resulting from emergency braking,
effectively contributes to detecting various near-crash events in the 100-Car naturalistic
driving study. Some studies have adapted Dingus’s thresholds for identifying near-crash
events [14,15]. Based on Dingus’s study, Sudweeks [16] developed a functional yaw rate
classifier capable of identifying 92% of crash events and 81% of near-crash events, while
reducing 42% of invalid or erroneous event identifications. Perez et al. [17] evaluated
multi-kinematic parameter thresholds to detect near-crash events from naturalistic driving
data in the US and Canada, suggesting that some established thresholds in the literature
may be overly sensitive. Wu et al. [18] proposed threshold methods and Zou’s test to filter
near-crash events, which employed survival analysis and ROC curves to fine-tune the
optimal detection thresholds. Although threshold methods might generate false positives,
they are suitable for preliminary screening due to their efficiency in filtering a significant
portion of near-crash events, thereby facilitating the early stages of causation analysis.

To address the high false-positive rate issue of threshold methods, researchers have
turned to machine learning techniques, which excel at identifying complex patterns, for
identifying safety-critical events in naturalistic driving data. Osman et al. [19] experi-
mented with various machine learning methods, including K-nearest neighbors (KNN),
random forest, and support vector machine (SVM), to predict safety-critical events based
on vehicular kinematic data. Shi et al. [20] introduced a feature extraction framework based
on XGBoost and the Fuzzy C-Means algorithms, achieving 89% accuracy in identifying
near-crash events within the NGSIM dataset. Further, Kluger et al. [21] applied discrete
Fourier transforms and K-means clustering to the longitudinal acceleration data from
naturalistically driven vehicles, marking distinctive patterns in the acceleration time series
that indicate imminent or near crashes, and reducing the false-positive rate to 22%. Shi
et al. [22] proposed a classification model based on Extreme Gradient Boosting (XGBoost),
utilizing Convolutional Neural Networks (CNN) and Gated Recurrent Units (GRU) for
feature engineering, achieving an accuracy of 84.7% and a recall rate of 71.3% in accident
identification. However, these models did not account for the temporal characteristics of
natural driving data, resulting in suboptimal performance.
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Upon reviewing the literature, several limitations are identified. Firstly, statistical
methods are often used to study the impact of specific factors on the occurrence of near-
crash events but lack the ability to effectively identify such events. Secondly, threshold
methods require significant human and time resources, and the threshold settings vary
across different datasets, making it difficult to establish a unified, standardized framework.
Lastly, previous studies have overlooked the time-series characteristics of natural driving
datasets using simple machine learning or neural network models. Considering the charac-
teristics of natural driving datasets, this paper proposes a near-crash event identification
method based on the CNN-LSTM-Attention model.

2.2. Overall Framework

The overall framework for identifying near-crash events based on naturalistic driving
data are illustrated in Figure 1, comprising the following four main steps.
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Figure 1. The overall framework for near-crash event identification.

Step 1: Data Collection (with more details introduced in Section 3.1)

Using onboard sensors of a sport utility vehicle specialized for naturalistic driving,
a total of 150 h and approximately 8000 km of raw data were collected on mountainous
roads in Yunnan Province, China.

Step 2: Data Preprocessing (with more details introduced in Section 3)

(1) Data Filtering. An adaptive filtering algorithm is applied to the collected naturalistic
driving data for noise reduction, enhancing data quality for subsequent analysis.

(2) Data Labeling. A dual approach, combining the threshold method and manual video
verification, is applied to label the raw data accurately and generate a subset of
near-crash events.

(3) Feature Selection. The random forest method is employed to assess the importance
of each feature in the near-crash event dataset, with those features deemed most
significant chosen as inputs for the identification model.

(4) Normalization. Prior to model training, the dataset is normalized to eliminate dis-
crepancies in scale among features. At the same time, it accelerates the convergence
speed of the model and can help avoid overfitting to some extent. The normalization
function is:

xnew =
x − xmin

xmax − xmin
(1)

where xmax and xmin represent the maximum and minimum values of the sample data,
respectively.

(5) Dataset Division. The data are randomly divided into 60%, 20%, and 20% for training,
validation, and test purposes, respectively. The training set is used for model parame-
ter optimization, the test set for the final assessment of model performance, and the
validation set for model tuning.

Step 3: Model Construction and Training (with more details introduced in Section 4)

The CNN-LSTM-Attention model for near-crash event identification is developed
using the Keras deep learning framework. The Adam optimizer [23] is employed for
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updating model weights, and binary cross-entropy is used as the loss function for model
optimization. Binary classification accuracy is utilized as the evaluation metric for assessing
model performance.

Step 4: Model Performance Evaluation (with more details introduced in Section 5)

The CNN-LSTM-Attention model’s effectiveness is assessed against various models,
including CNN, LSTM, Attention, CNN-LSTM, CNN-Attention, and LSTM-Attention. It
provides a comprehensive evaluation of the CNN-LSTM-Attention model’s accuracy in
identifying near-crash events.

3. Data Collection and Processing
3.1. Data Collection

This study utilizes naturalistic driving data collected from 20 drivers, accumulating
over 8000 km and more than 150 h of driving on mountainous roads in Yunnan Province,
China. The chosen experimental routes include the G78 National Expressway and the G324
National Highway, among others. The naturalistic driving data collection system, as shown
in Figure 2, includes the following components:

(1) Four high-definition cameras. Operating at a 25 Hz frame rate, these cameras are
strategically positioned to capture both frontal and rear views of the vehicle, along
with the upper body and foot movements of the driver. The image data serves
primarily for manual verification and calibration of near-crash events.

(2) A nine-axis inertial sensor. This sensor is deployed to collect data on x-axis, y-axis,
and z-axis acceleration, along with angular velocity and angular data at a frequency
of 20 Hz. The orientation of these axes is detailed in Figure 2.

(3) A GNSS positioning system. It provides detailed information on longitudinal velocity,
latitude, longitude, and altitude with a sampling rate of 1 Hz.

(4) Two industrial computers. These units are used for processing and storing the volu-
minous data collected by the aforementioned devices.
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Previous studies [13,24] have found that in emergency situations, over 90% of drivers
would make emergency evasive reactions, which were prominently reflected in the changes
observed in vehicular dynamics parameters. Consequently, this study primarily utilizes ve-
hicle dynamics data collected via the inertial sensor to identify near-crash events. Addition-
ally, the video footage from the onboard cameras are also used in labeling near-crash events.

3.2. Data Filtering Process

During the data collection process by onboard sensors, the external environment is
complex and variable, with many irrelevant factors causing interference. These interfer-
ences can contaminate the collected data, resulting in redundant and erroneous points.
Although these interferences may seem minor, they can significantly impact subsequent
modeling work, sometimes leading to substantial deviations between the model’s pre-
dictions and actual values. Therefore, to obtain more accurate natural driving data and
construct precise models, it is necessary to filter the data to eliminate noise pollution. To
efficiently handle outliers in naturalistic driving data from vehicle sensors, an adaptive
mean-standard deviation filter is used for noise attenuation. This filter dynamically adjusts
the size of the data filtering window, utilizing the Z-score of the data within the window
to identify outliers. Based on this, it then smooths these anomalous values to ensure data
integrity. The Z-score is defined as:

Z =
|x − x|

s
(2)

where x is the value of the sample point, x is the mean, and s is the standard deviation of
the data. The mean x and standard deviation s are defined as:

x =

n
∑

i=1
xi

n
(3)

s =

√√√√√ n
∑

i=1
(xi − x)2

n − 1
(4)

where xi represents the value of the i sample point within the window, and n is the size of
the window.

3.3. Near-Crash Event Labeling

To identify and label near-crash events from the collected naturalistic driving data, in-
spired by Hankey et al. [25], we utilized a dual approach combining the threshold approach
and manual video verification. The threshold approach not only aids in the extraction of
relevant events but also supports the subsequent training of event identification models.
The process of identifying near-crash events is illustrated in Figure 3, with initial threshold
parameters during extraction as set by Dingus et al. [13]. Whenever the data at a specific
moment align with any predefined threshold settings, a 5 s video record, capturing both be-
fore and after that moment, is further subjected to manual verification. Note that this dual
labeling approach has its limitations, such as potential subjectivity in parameter selection
and the possibility of missing some near-crash events. If a near-crash event is confirmed, it
is labeled as 1; otherwise, it is labeled as 0. If the initial extraction yields too few events, the
threshold would be relaxed to ensure a robust dataset. Table 1 outlines the initial threshold
settings used for event selection.
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Table 1. Initial thresholds of near-crash event screening.

Number Threshold Setting

1 Lateral acceleration greater than or equal to 0.7 g
2 Longitudinal acceleration greater than or equal to 0.58 g
3 Longitudinal deceleration less than −0.75 g
4 Emergency event button triggered

3.4. Feature Selection

To mitigate potential issues such as overfitting, escalating model complexity, and
low model generalizability, this study employs the random forest algorithm for selecting
features from the naturalistic driving data. The random forest algorithm selects high-scoring
features as input variables for the near-crash event identification model by calculating the
importance of each feature parameter within the data. In the field of naturalistic driving
research, the random forest algorithm is widely used for feature importance ranking
due to its ability to provide high-accuracy results, insensitivity to noise, and ability to
overcome overfitting problems [26,27]. Based on empirical observations, random forest
may be effective in managing high-dimensional and nonlinear data, although results can
vary based on specific data characteristics and contexts. Therefore, this paper uses the
random forest algorithm to analyze the importance of high-dimensional data features
and then selects the most important features as input variables for the near-crash event
identification model.

4. Near-Crash Event Identification Model
4.1. Model Architecture

The architecture of the near-crash event identification model, i.e., CNN-LSTM-Attention,
is shown in Figure 4. For the spatiotemporal relationships in time-series data that previous
studies have often overlooked, the model uses the CNN layer to perform convolution oper-
ations on the time series to capture features adjacent in time. This is followed by processing
long-term dependencies in the sequence through the LSTM layer to capture global features.
This design enables the model to better understand the spatiotemporal structure of the
input data. Furthermore, we introduced an attention layer embedded within the LSTM
layer. This attention mechanism is used to capture global dependencies in the time-series
data, allowing the network to dynamically adjust the weights of each time step during
the learning process. This design helps better capture long-term dependencies and global
patterns. Through the collaborative operation of these three layers, the entire model can
more quickly and accurately capture key information related to near-crash events in natu-
ralistic driving data. We also added a Dropout layer to the model to randomly drop some
neurons, reducing inter-neuron dependencies and preventing overfitting. Additionally, we
used regularization techniques by adding a penalty term for the sum of the squared weight
parameters in the loss function to limit the complexity of the model.
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4.2. CNN Layer

The CNN model is recognized in the field of deep learning for its distinctive capabilities
of weight sharing and local connectivity [28]. This architecture excels at performing feature
extraction and learning efficient data representations through convolution operations paired
with nonlinear activation functions. As shown in Figure 5, the used CNN architecture
comprises convolutional layers, pooling layers, and fully connected layers [29]. These
components work in concert to diminish the volume of network parameters while preserve
the deep features of multi-dimensional input data, thereby enhance the model’s efficiency
and effectiveness.
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(1) Convolutional Layer

The convolutional layer is primarily composed of kernels tasked layer that stands as
the cornerstone of a CNN, setting it apart from traditional fully connected neural networks.
It executes dot product calculations across the input data according to specified size and
dilation rates, facilitating the extraction and mapping of features, effectively condensing
the data while retaining essential information. The convolutional layer extracts features
from input data through convolution operations and reduces the number of parameters,
thus streamlining the network for better performance and efficiency. The output of the
convolutional layer [30], yconv, is calculated as follows:

yconv =
m

∑
e=1

n

∑
f=1

((
wl

r

)
e f

de f

)
(5)

where m and n represent the two dimensions of the filter, def is the data value of the

input matrix at positions e and f, and
(

wl
r

)
e f

is the coefficient of the convolution kernel at

positions e, f.

(2) Pooling Layer

The pooling layer, also known as the subsampling layer, is one of the critical compo-
nents of a convolutional neural network. Pooling refers to extracting a certain attribute
(such as the maximum, average, or L2-norm) from the corresponding sampling window as
a lower-dimensional output, thus sparsely processing the data to reduce computational
load. Moreover, pooling operations enhance the robustness and noise resistance of the
extracted features while preserve the main characteristics of the data. The output of max
pooling is represented by:

ypool = max
(

de f

)
, e ∈ [1 · · · p], f ∈ [1 · · · q] (6)

where p and q represent the two dimensions of the pooling window size, def is the data
value of the input matrix at positions e and f, and ypool is the pooling output.

4.3. LSTM Layer

Following the CNN layer, the extracted features are processed by the LSTM layer,
which plays a pivotal role in capturing temporal dependencies. The LSTM network, a
variant of recurrent neural network, incorporates gating mechanism [31] to regulate the
flow of information. It consists of three control gates: (1) the input gate, which controls the
information entering the memory cell; (2) the forget gate, which manages the portions of
historical data to discard, and (3) the output gate, which determines the inclusion of current
memory in the final output. This design effectively counters the challenges of gradient
vanishing and exploding that are prevalent in regular recurrent neural networks [32].

As shown in Figure 6, the used LSTM network typically features three control gates
(forget gate, input gate, and output gate) along with a conveyor belt for carrying long-term
memory. The operations of these gates are governed by Equations (7)–(12), ensuring control
over the information’s entry, retention, and output within the network. Through these
gating mechanisms, the LSTM network controls the extraction, discarding, and updating of
historical information in a refined manner, thus maintains the network’s sensitivity to both
short-term and long-term dependencies without succumbing to gradient issues [33].

ft = σ(W f · [xt, ht−1] + b f ) (7)

it = σ(Wi · [xt, ht−1] + bi) (8)

C̃t = tanh(WC · [xt, ht−1] + bC) (9)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t (10)
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ot = σ(Wo · [xt, ht−1] + bo) (11)

ht = ot ⊙ tanh(Ct) (12)

where the sigmoid function (σ) and hyperbolic tangent (tanh) are activation functions; (Wf,
bf), (Wi, bi), (WC, bC), and (Wo, bo) are respectively the weight matrices and bias terms for
the forget gate, input gate, cell state, and output gate; xt represents the input vector, ht−1 the
hidden layer state sensitive to short-term conditions, Ct the cell state that stores long-term

conditions, ft the output of the forget gate, it the output of the input gate,
∼
Ct the candidate

value of the input gate’s output, ot the output of the output gate, and ht the output of the
LSTM model.
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4.4. Attention Layer

During the detection of near-crash events from naturalistic driving data, the dynamic
features of various variables play a critical role. For example, rapid changes in vehicle
acceleration and heading angle often signal the occurrence of near-crash events. However,
as the LSTM compresses the entire sequence into a singular, fixed-length hidden vector and
assigns equal weights to information at different times, it might overlook key information
at certain moments, such as drastic changes in acceleration, thereby reduce the predictive
accuracy of the model. To address this limitation, this study introduces an attention
mechanism [34]. Its inspiration comes from the human biological system, where humans
tend to focus on distinct parts when processing large amounts of information. With the
development of deep neural networks, the introduction of attention mechanisms helps
networks capture more important information, thereby optimizing the computational
performance of the entire network. The attention mechanism enhances prediction accuracy
and improves computational efficiency by selectively focusing on important input elements.

The attention mechanism is divided into hard attention and soft attention. The hard
attention applies attention directly to a specific position in the input sequence. It is akin
to a selection operation, and only inputs the features of that position into the model to
obtain precise attention information. The soft attention distributes attention in the form
of weighted vectors to the features at each position in the input sequence. By consider-
ing the entire sequence, it makes the model more fault-tolerant and suitable for longer
sequence data.

The attention mechanism is widely used in fields such as drone controlling and
naturalistic driving. Shan et al. [35] added a self-attention mechanism to the Transformer
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network to minimize drift issues caused by drone movement. Yang et al. [36] proposed a
multi-instance learning approach based on the attention mechanism to accurately locate
anomalous events in drone flight data. Li et al. [37] proposed a Transformer Encoder model
with an attention mechanism to predict vehicle lane change intentions.

This paper adopts the soft attention mechanism, which allocates variable levels of at-
tention to different segments of the data based on a probability-weighted distribution. This
approach ensures that significant moments, especially those indicative of near-crash events,
are accentuated, thereby enhancing the model’s capacity to capture essential temporal
information more accurately.

The implementation of this mechanism within this study employs the scaled dot-
product attention technique. This method linearly maps the input sequence to produce three
different interpretation vectors: the query vector Q, the key vector K, and the value vector V.
Following this, an attention score for each sample is derived through a similarity function
F(Q, K). These scores are then normalized through the softmax function, establishing the
weight coefficients for each temporal segment. These coefficients finally multiply with the
value vector V to produce the output of the attention mechanism Attention (Q, K, V).

Attention(Q, K, V) = so f tmax
(

F(Q, K)√
dk

)
V (13)

where dk represents the dimension of Q, K, and V. It refers to the dimension of the input
vector, which is also the dimension of Q, K, and V vectors. F(Q, K) is the similarity function:

F(Q, K) = QKT (14)

5. Results
5.1. Results of Data Processing

In this study, an adaptive mean-standard deviation filter is first used to denoise the
naturalistic driving data. Figure 7 shows a comparison between the SG (Savitzky-Golay)
filter [38] and the adaptive mean-standard deviation filter. From the figure, it can be
seen that the two filters can effectively filter out abrupt anomalous points, such as the
upward and downward anomalies near sample point 8000. However, from an overall
trend perspective, the SG filter adheres too closely to the original curve, only removing
clearly abnormal points and being less effective for smaller anomalies. In contrast, the
adaptive mean-standard deviation filter used in this study can effectively remove most of
the anomalous points while smooth the data and preserve the characteristic information of
the original signal.

For the subsequent model training, we extract normal events and near-crash events
from naturalistic driving data based on the threshold method combined with manual
verification. Eventually, a dataset containing 3111 normal events and 301 near-crash events
was constructed, with each event containing 200 frames and having 8 feature variables.

Next, the random forest algorithm is used for feature selection. The process begins
by determining the optimal number of feature variables for splitting nodes in the random
forest model based on the out-of-bag (OOB) error produced by the bootstrap samples that
are not used in the model’s training. As shown in Figure 8, the out-of-bag error reaches
its minimum value at 0.0862 when the number of feature variables is 5. Therefore, the
number of node feature variables is set to 5. Hence, the number of decision trees in the
random forest model is determined. As shown in Figure 9, the out-of-bag error gradually
decreases as more decision trees are added, eventually plateauing beyond 300 trees. The
random forest model is configured with 300 decision trees to ensure efficiency and accuracy
in feature selection, which can strike a balance between computational resource use and
predictive performance.



Appl. Sci. 2024, 14, 4934 12 of 19

Appl. Sci. 2024, 14, x FOR PEER REVIEW 12 of 20 
 

( ) TF Q K QK=,  (14)

5. Results 
5.1. Results of Data Processing 

In this study, an adaptive mean-standard deviation filter is first used to denoise the 
naturalistic driving data. Figure 7 shows a comparison between the SG (Savitzky-Golay) 
filter [38] and the adaptive mean-standard deviation filter. From the figure, it can be seen 
that the two filters can effectively filter out abrupt anomalous points, such as the upward 
and downward anomalies near sample point 8000. However, from an overall trend per-
spective, the SG filter adheres too closely to the original curve, only removing clearly ab-
normal points and being less effective for smaller anomalies. In contrast, the adaptive 
mean-standard deviation filter used in this study can effectively remove most of the anom-
alous points while smooth the data and preserve the characteristic information of the orig-
inal signal. 

 
(a) X-Acceleration 

 
(b) Y-Acceleration 

Figure 7. Comparison of the effects of mean filtering and adaptive mean-standard deviation filter-
ing. 

Figure 7. Comparison of the effects of mean filtering and adaptive mean-standard deviation filtering.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 13 of 20 
 

For the subsequent model training, we extract normal events and near-crash events 
from naturalistic driving data based on the threshold method combined with manual ver-
ification. Eventually, a dataset containing 3111 normal events and 301 near-crash events 
was constructed, with each event containing 200 frames and having 8 feature variables. 

Next, the random forest algorithm is used for feature selection. The process begins 
by determining the optimal number of feature variables for splitting nodes in the random 
forest model based on the out-of-bag (OOB) error produced by the bootstrap samples that 
are not used in the model’s training. As shown in Figure 8, the out-of-bag error reaches its 
minimum value at 0.0862 when the number of feature variables is 5. Therefore, the number 
of node feature variables is set to 5. Hence, the number of decision trees in the random 
forest model is determined. As shown in Figure 9, the out-of-bag error gradually decreases 
as more decision trees are added, eventually plateauing beyond 300 trees. The random 
forest model is configured with 300 decision trees to ensure efficiency and accuracy in 
feature selection, which can strike a balance between computational resource use and pre-
dictive performance. 

 
Figure 8. Determination of node feature variables based on OOB error. 

 
Figure 9. Determination of decision trees in the random forest model. 

Finally, feature selection is conducted based on the determined number of decision 
trees, and the importance of each feature variable is assessed, as shown in Table 2. This 

Figure 8. Determination of node feature variables based on OOB error.



Appl. Sci. 2024, 14, 4934 13 of 19

Appl. Sci. 2024, 14, x FOR PEER REVIEW 13 of 20 
 

For the subsequent model training, we extract normal events and near-crash events 
from naturalistic driving data based on the threshold method combined with manual ver-
ification. Eventually, a dataset containing 3111 normal events and 301 near-crash events 
was constructed, with each event containing 200 frames and having 8 feature variables. 

Next, the random forest algorithm is used for feature selection. The process begins 
by determining the optimal number of feature variables for splitting nodes in the random 
forest model based on the out-of-bag (OOB) error produced by the bootstrap samples that 
are not used in the model’s training. As shown in Figure 8, the out-of-bag error reaches its 
minimum value at 0.0862 when the number of feature variables is 5. Therefore, the number 
of node feature variables is set to 5. Hence, the number of decision trees in the random 
forest model is determined. As shown in Figure 9, the out-of-bag error gradually decreases 
as more decision trees are added, eventually plateauing beyond 300 trees. The random 
forest model is configured with 300 decision trees to ensure efficiency and accuracy in 
feature selection, which can strike a balance between computational resource use and pre-
dictive performance. 

 
Figure 8. Determination of node feature variables based on OOB error. 

 
Figure 9. Determination of decision trees in the random forest model. 

Finally, feature selection is conducted based on the determined number of decision 
trees, and the importance of each feature variable is assessed, as shown in Table 2. This 

Figure 9. Determination of decision trees in the random forest model.

Finally, feature selection is conducted based on the determined number of decision
trees, and the importance of each feature variable is assessed, as shown in Table 2. This
evaluation results in the selection of the top five motion features based on their importance,
which are subsequently used as input variables for the near-crash event identification
model. These critical features include x-axis acceleration, y-axis acceleration, y-axis angular
velocity, heading angle, and vehicle speed, which offer a robust foundation for accurately
detecting near-crash events in naturalistic driving scenarios.

Table 2. Importance of vehicle motion features.

Feature Variable Symbol Definition Importance

Vehicle speed v Rate of change in distance over time, reflecting changes in the state of
the vehicle 20%

Heading angle ψ
The angle between the direction the vehicle’s front is pointing and a

reference direction (usually geographic north) 8%

Pitch angle θ The angle of the vehicle’s front tilting up or down 1%
Roll angle α The angle of the vehicle’s front tilting to one side 2%

X-axis acceleration ax Rate of change in speed in the x-axis direction over time 28%
Y-axis acceleration ay Rate of change in speed in the y-axis direction over time 12%

X-axis angular velocity wx Angular velocity of the vehicle rotating around its x-axis 3%
Y-axis angular velocity wy Angular velocity of the vehicle rotating around its y-axis 26%

5.2. Evaluation of Model Performance
5.2.1. Evaluation Metrics

The effectiveness of the near-crash event identification model is evaluated through
five key metrics, ensuring a comprehensive assessment of its performance:

(1) Accuracy (A). This metric measures the proportion of correctly predicted observations
by the model out of the total number of samples:

A =
Nc

N
(15)

where Nc is the total number of correct observations, and N is the total number of observations.
(2) Precision (P). This metric measures the proportion of actual positive samples among all
samples predicted as positive:

P =
TP

TP + FP
(16)

where TP and FP are the numbers of true positive and false positive predictions, respectively.
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(3) Recall (R). This metric measures the ratio of the number of correctly predicted positive
samples to the total number of positive samples:

R =
TP

TP + FN
(17)

where FN is the number of false negatives.
(4) F1 Score (F1). This metric is the harmonic mean of precision and recall metrics, which is
calculated by:

F1 =
2 ∗ P ∗ R

P + R
(18)

(5) Area Under the Curve (AUC). The performance of the classifier is assessed by plotting
the true positive rate against the false positive rate (ROC curve).

5.2.2. Experimental Results

To evaluate the performance of the proposed CNN-LSTM-Attention model, the model
is benchmarked against various models, including CNN, LSTM, Attention, CNN-LSTM,
CNN-Attention, and LSTM-Attention. The parameter settings of the models are detailed in
Table 3. The number of model parameters in Table 3 is output by the TensorFlow. Keras
used in the study. For the sake of space, only the structure of the proposed CNN-LSTM-
Attention model is provided in Table 4. Figure 10 shows the performance of each model
on the validation set, where it is observed that the proposed CNN-LSTM-Attention model
outperforms the other models in terms of accuracy and loss. The ROC curves for all models
are shown in Figure 11. It indicates that the AUC value of the CNN-LSTM-Attention
model is higher than that of the other models, demonstrating the highest overall prediction
accuracy. To further evaluate the performance of the proposed model in the classification
tasks of normal events and near-crash events, we use confusion matrices to compare the
classification results of the CNN-LSTM-Attention model and other comparison models.

Table 3. Model parameters.

Model Parameters Number of
CNN Layers

Number of
Filters

Width of
Convolution

Kernel
Number of

LSTM Layers
Number
of Units

Attention
Layers

Number of
Model

Parameters

CNN 2 64 3 0 0 0 54,465
LSTM 0 0 0 3 32 0 100,865

CNN-LSTM 2 64 3 3 32 0 153,537
Attention 0 0 0 0 0 1 1913

CNN-Attention 2 64 3 0 0 1 120,833
LSTM-Attention 0 0 0 3 32 1 117,505

CNN-LSTM-Attention 2 64 3 3 32 1 170,177

Table 4. Structure of CNN-LSTM-Attention model.

Layer Output Shape

Input layer (height, width, channels) = (200, 5, 1)
Convolutional layer (with Relu) (height, width, channels) = (200, 5, 64)

Maxpooling layer (height, width, channels) = (100, 2, 64)
Convolutional layer (with Relu) (height, width, channels) = (100, 2, 64)

Maxpooling layer (height, width, channels) = (50, 1, 64)
Reshape layer (length, number of features) = (50, 64)

LSTM layer (length, number of hidden units) = (50, 64)
LSTM layer (length, number of hidden units) = (50, 64)
LSTM layer (length, number of hidden units) = (50, 64)

Attention layer (length, number of hidden units) = (50, 64)
Global Average Pooling layer (length, number of hidden units) = (64)

Dense layer (with Relu) (number of units) = (256)
Dropout layer (number of units) = (256)

Dense layer (with Sigmoid) (number of units) = (1)
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Table 5 shows the performance of each model in identifying normal events and near-
crash events. The four columns of data in the table represent the number of correctly and
incorrectly identified normal events, as well as the number of incorrectly and correctly
identified near-crash events.

Table 5. Confusion matrix for model comparison.

Model

Counts

Correctly Identified
Normal Events

Incorrectly Identified
Normal Events

Correctly Identified
Near-Crash Events

Incorrectly Identified
Near-Crash Events

CNN 594 24 3 62
LSTM 603 15 2 63

Attention 510 108 12 53
CNN-LSTM 605 13 2 63

CNN-Attention 590 28 3 62
LSTM-Attention 591 27 3 62

CNN-LSTM-Attention 611 7 1 64

It can be observed that the CNN model performs well in identifying normal events but
poorly in identifying near-crash events, with 38 normal events being incorrectly identified
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as near-crash events. The LSTM model performs slightly better than the CNN model in
identifying normal events, with 19 normal events being incorrectly identified as near-crash
events, though some errors still exist. However, the Attention model performs the worst
among all models, incorrectly identifying 108 normal events as near-crash events and
misjudging 12 near-crash events as normal events.

When examining other Attention-related models in Table 5, it is found that adding an
Attention layer to CNN (CNN-Attention model) improves performance, whereas adding it
to LSTM (LSTM-Attention model) results in the opposite effect. This indicates that, for the
data used in this study, the Attention mechanism does not enhance all deep learning models.

In comparison, the CNN-LSTM model performs better, with improvements in various
aspects. The CNN-LSTM-Attention model correctly identified 611 normal events, with only
seven normal events being incorrectly identified as near-crash events and one near-crash
event misjudged as a normal event, making it the best-performing model overall. In some
cases, this model may identify normal events as near-crash events, possibly due to the
driver being an aggressive driver who pursues high speed and high acceleration, which
could lead to misjudgments by the model.

Table 6 shows the identification results of the CNN-LSTM-Attention model and the
comparative models. Among them, the CNN-LSTM-Attention model achieves the highest
overall accuracy (A) of 98.8%, and the AUC value reached 0.997. All models achieve over
95% accuracy in identifying normal events. However, in identifying near-crash events, the
CNN-LSTM-Attention model performs best, with a precision of 90.1%, which is significantly
higher than the 61.6% of the CNN model, 76.8% of the LSTM model, and 82.9% of the
CNN-LSTM model. The recall rate (R) of the CNN-LSTM-Attention model is 98.5%, which
is also superior to the performance of the other models. In all, the CNN-LSTM-Attention
model achieve the best results in overall performance in identification of normal events
and near-crash events. The model can identify more near-crash events with a lower false
rate than the comparative models.

Table 6. Performance of each model.

Models
Overall Normal Events Near-Crash Events

A AUC P R F1 P R F1

CNN 93.9% 0.984 99.3% 93.9% 0.965 61.6% 93.8% 0.744
LSTM 96.9% 0.988 99.7% 96.9% 0.983 76.8% 96.9% 0.857

Attention 82.4% 0.891 97.7% 82.5% 0.895 32.9% 81.5% 0.469
CNN-LSTM 97.8% 0.995 99.7% 97.9% 0.988 82.9% 96.9% 0.894

CNN-Attention 95.5% 0.987 99.5% 95.5% 0.975 68.9% 95.4% 0.800
LSTM-Attention 95.6% 0.979 99.5% 95.6% 0.975 69.7% 95.4% 0.805

CNN-LSTM-Attention 98.8% 0.997 99.8% 98.9% 0.993 90.1% 98.5% 0.941

In the comparison of CNN and CNN-Attention Models, it is observed that the CNN
model is effective in extracting local features, while the advantage of the Attention mecha-
nism lies in focusing on key features. However, given that the data also relies on time-series
features, the inclusion of the Attention mechanism only provides marginally additional
significant information, resulting in limited performance improvement.

In the comparison of LSTM and LSTM-Attention models, it is observed that the LSTM
model excels at processing temporal relationships within time-series data; however, due to
the lack of local feature inputs of the CNNs, the introduction of the Attention mechanism
may, in some instances, provide redundant information, thus the enhancement is not
substantial. In the context of this study, near-crash events are the result of the combined
effect of multidimensional, temporal information influenced by nearby time-series variables.
While the LSTM model is well-suited for handling relationships in time-series data, the
LSTM-Attention model may suffer from overfitting in the dataset used in this study. This
could be attributed to the absence of dimensionality reduction in local feature inputs
from the CNNs and the introduction of the Attention mechanism, which increases model



Appl. Sci. 2024, 14, 4934 17 of 19

complexity. Consequently, the LSTM-Attention model presents lower prediction accuracy
compared to the LSTM model.

In the comparison of the CNN-LSTM and CNN-LSTM-Attention models, it is observed
that the combination of the CNN, LSTM, and Attention mechanisms allows for feature ex-
traction and information processing at different levels, and creates a complementary effect.
The CNN layer extracts local features, the LSTM layer recognizes temporal relationships,
and the Attention mechanism focuses on key information. This tripartite combination
maximizes the utilization of data features, and enhances the model’s performance.

The analysis above indicates that when applying machine learning models in specific
scenarios, it is crucial to tailor the approach to the study subject and data conditions
through targeted research on feature selection and model structure, and to continually
validate and optimize as data enriches to address the uncertainties in machine learning
model performance.

6. Conclusions

This study presents a novel approach to identify near-crash events on mountainous
roads, employing naturalistic driving data from Yunnan. It introduces a CNN-LSTM-
Attention model, which stands out for its innovative integration of the convolutional
neural networks (CNN), the long short-term memory networks (LSTM), and the attention
mechanism. This model demonstrates unparalleled accuracy and efficiency in detecting
near-crash scenarios compared to traditional models.

In the feature analysis, we employ the random forest algorithm for feature selection of
the most important vehicle motion features, including x-axis acceleration, y-axis accelera-
tion, y-axis angular velocity, heading angle, and speed. These features are instrumental in
the superior performance of the CNN-LSTM-Attention model, which achieved impressive
metrics: a recall rate of 98.5% and an F1 score of 0.941 for near-crash events, and for normal
events, an even higher recall rate of 98.9% and an F1 score of 0.993. Comparative analyses
underscore the CNN-LSTM-Attention model’s supremacy, which achieves an overall accu-
racy of 98.8% and an AUC of 0.997, significantly outperforming the CNN, LSTM, Attention,
CNN-LSTM, CNN-Attention, and LSTM-Attention models. Its precision rate of 90.1%
in identifying near-crash events represented a remarkable improvement over the other
models. It highlights the critical importance of the CNN, LSTM, and attention mechanisms
in achieving high performance.

In the future, this study could be significantly enhanced by incorporating a broader
spectrum of input variables into the model, including driver physiological data, leading ve-
hicle dynamics obtained from in-vehicle cameras, and millimeter-wave radar. Additionally,
an sensitivity analysis of the model performance would be valuable. Such enhancements
hold promise to further refine the model’s precision on mountainous roads with complex
driving environments.
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