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ABSTRACT
Road traffic accidents (RTAs) remain a major global safety challenge, requiring reliable automated detection systems to support rapid

emergency response, traffic management, and smart city surveillance. This study presents a comparative evaluation of deep learning

models for road accident detection using heterogeneous visual traffic sources, namely CCTV images and dashcam videos. A unified

evaluation framework is introduced to systematically compare traditional machine learning, standard deep learning, and hybrid deep

learning models within a consistent experimental setting. Publicly available datasets comprising several 1000 annotated CCTV images

and thousands of dashcam video clips were used, covering diverse traffic scenarios, including urban and highway environments, day

and night conditions, weather variations, and multiple camera viewpoints. The evaluated models were grouped into baseline

approaches, consisting of Support Vector Machine, 2D Convolutional Neural Network (2D-CNN), R-CNN, and Long Short-Term

Memory (LSTM) networks, and a proposed hybrid VGG16-LSTM model. This categorization reflects the complementary strengths of

spatial and temporal feature extraction for static image-based and dynamic video-based accident detection. For CCTV image analysis,

the 2D-CNN achieved the best performance, with 99% accuracy and a 98% F1-score. For dashcam video analysis, the VGG16-LSTM

model outperformed competing approaches, achieving 99.53% accuracy and a high area under the receiver operator characteristic

(ROC) curve. The findings demonstrate the effectiveness of convolutional models for spatial accident representation and the impor-

tance of temporal modeling for video-based detection. The proposed cross-modality framework provides practical insights into model

suitability across different traffic data sources and has potential integration into Intelligent Transportation Systems. Future research

should examine cross-dataset validation, event-level detection, and robustness in uncontrolled real-world environments.

1 | Introduction

Traffic accidents pose a major public safety issue worldwide,

leading to elevated levels of injuries, deaths, and financial dam-

age. As cities expand and the number of vehicles rises, conven-

tional approaches to traffic management and accident prevention

find it challenging to address the growing complexities. The

emergence of artificial intelligence (AI) presents promising pro-

spects for improving road safety through predictive analytics,

real-time data processing, and automated intervention systems.

Approximately 1.3million fatalities occur annually because of

road accidents, according to statistics from theWorld Health Orga-

nization (WHO). There are two categories of causes involved; the
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first category encompasses pre-accident factors, while the second
pertains to post-accident factors. The first category illustrates
causal relationships such as adverse weather conditions, inade-
quate road infrastructure, and insufficient systems for accident
detection prior to their occurrence; the second category involves
delays in emergency response and medical services [1].

In the event of a traffic accident, alert system produces precise
information regarding the locations and circumstances of the
incidents [2–4], enabling prompt actions to rectify the imbalance
situation. Various digital methods have been implemented in
several satellite cities to manage and regulate road conditions.
These initiatives have employed a diverse array of technologies,
including computer vision, the Internet of Things (IoTs) [5],
blockchain [6], and Vehicle Ad hoc Network (VANET).

Numerous studies have employed different methods to effec-
tively identify collisions to support road traffic accident (RTA)
management [7]. Two blockchain-based approaches for accident
detection introduce an offline detection system for scenarios
without internet access [8]. Additionally, a system tailored for
autonomous vehicles [9] utilizes a dashboard camera. Another
study [10, 11] implemented computer vision techniques to moni-
tor moving objects.

A multitude of studies depend on datasets that are either incom-
plete, outdated, or fail to reflect real-world situations [12–15]. Addi-
tionally, accident data frequently leans toward non-accident
occurrences, complicating accurate predictions of rare events [16].
Many sophisticated models, particularly those utilizing deep learn-
ing, lack interpretability, which hinders comprehension and trust
in their predictions [17, 18]. Furthermore, a majority of studies
concentrate on correlation-based predictions while overlooking
causal relationships among factors such as weather, road condi-
tions, and driver behavior [19]. Most concerningly, the utilization
of personal and sensitive information (such as GPS and in-vehicle
monitoring) presents ethical and legal dilemmas [17, 20]. The chal-
lenge of reconciling predictive capabilities with data privacy
remains an open question. Convolutional Neural Networks
(CNNs) and various other deep learning frameworks have demon-
strated considerable promise in identifying traffic accidents [17, 18,
20, 21], yet there are numerous aspects that require enhancement to
improve their accuracy, dependability, and practical application.

In terms of road accident detection, accuracy is a critical concern.
However, many previous studies have not reached very high
accuracy levels, which can make it difficult for people to fully
trust the proposed models or systems. With higher accuracy in
accident detection, it becomes easier to identify the factors that
contribute to road accidents and to determine the parties who
may be responsible for the incident. In this work, our goal is to
improve the accuracy of the model for detecting road accidents.

This study aims to address these challenges. The first objective is
to evaluate the effectiveness of 2D-CNN for frame-level accident
detection using CCTV imagery, while the second objective is to
assess hybrid deep learning models for video-based accident
detection using dashcam recordings. A further objective is to
compare these approaches under unified performance metrics
to provide clearer empirical insight.

This study contributes by: (i) providing a comparative evaluation
of image-based and video-based accident detection pipelines

using CCTV and dashcam data, (ii) analyzing classifier behavior
across multiple performance metrics under identical data condi-
tions, and (iii) highlighting practical limitations of high-accuracy
deep learning models when applied to small-scale real-world
datasets.

The remainder of this paper is organized as follows. Section 2
reviews related work on accident detection using machine learn-
ing and deep learning approaches, while Section 3 describes the
datasets, model architectures, and evaluation methodology. Sec-
tion 4 presents and analyses the experimental results, followed by
discussion and limitations in Section 5, and concluding remarks
and future research directions in Section 6.

2 | Literature Review

Previous research has shown the capability of AI to improve road
safety through a variety of approaches. Throughout the decade of
AI from 2014 to 2024, a significant number of studies have
focused on employing AI techniques for traffic accident detec-
tion. The extensive literature provides a review of the highly
illustrative research conducted over the past 10 years, spanning
from 2014 to 2024.

Robles-Serrano et al. [12] introduced various studies that concen-
trate on the use of video footage from traffic cameras to identify
unusual events that could suggest an accident. CNNs and Recur-
rent Neural Networks (RNNs) are frequently employed to exam-
ine visual data. These models can be trained using labeled
datasets that annotate accident occurrences, enabling them to
detect patterns linked to collisions.

Yadav et al. [13] demonstrated that deep learning algorithms,
including CNNs and Long Short Term Memory (LSTM) net-
works, were utilized on time-series data collected from sensors
positioned along roadsides, successfully categorizing various
types of incidents by analyzing patterns in vehicle movements.
While M et al. [17] introduced a system that gathers data from
nearby vehicles in proximity and processes this information
through machine learning techniques aimed at predicting poten-
tial traffic accidents. The system collects data from GPS and GSM
sources and employs three algorithms: SVM, RNN, and CNN.

Roy et al. [18] have proposed a system that collects real-time data
from CCTV footage, utilizing three CNN models: ResNet50,
VGG16, and a custom-built CNN to extract complex features
from the frames of the footage. The training dataset was also
gathered from Kaggle, and the model was evaluated to determine
the occurrence of accidents or non-accidents, thus facilitating a
quicker response for road safety.

The concept of VANET is introduced by Sharma et al. [19] and
they demonstrated the use of machine learning algorithms for
traffic accident detection where a random forest (RF) classifier
was employed to collect simulated data. The accuracy of the data
obtained from the RF classifier was found to be merely 73.13%.

Furthermore, Desai et al. [21] identified traffic accidents by
employing computer vision and AI methods based on images
captured from CCTV footage, along with an alert system facili-
tated by an android application utilizing the YOLOv3 algorithm.
In earlier technologies, sensors were utilized for accident detec-
tion, and notifications would be dispatched to the driver’s
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relatives. However, sensors may become damaged or fail to oper-
ate effectively. To address this issue, computer vision and AI
techniques were implemented for accident detection and notifi-
cations via an android application.

Tamagusko et al. [22] implemented synthetic images in conjunc-
tion with transfer learning to identify road accidents, utilizing
transfer learning to facilitate the adaptation of one feature to dif-
ferent settings. Transfer learning involves acquiring knowledge
from one problem and applying it to a new, analogous problem.

In social networking communication, Ali et al. [23] outlined a
framework for real-time monitoring based on social networks,
which is proposed for the detection of traffic accidents and the
analysis of conditions utilizing ontology, latent Dirichlet alloca-
tion (OLDA), and bidirectional LSTM (Bi-LSTM).

Hadi Nassar et al. [24] conducted a comprehensive review of the
machine learning techniques employed by researchers to date,
including CNN, RNN, SVM, and others, for the purpose of detect-
ing traffic accidents, utilizing datasets from multiple sources.
There are lots of models available in machine learning approaches
such as CNN, RNN, SVM, LSTM and KNN in Table 1. The specific
datasets from CCTV and dashcam were used for each classifier to
evaluate the performance, respectively.

3 | Methodology

3.1 | Data Arrays

The data arrays were collected from multiple sources, particu-
larly noting that Kaggle is the most suitable for this research [26].
It includes segments of CCTV visual content pertaining to both
crash and non-crash, systematically outlined in Table 2.

It is categorized into four distinct types: vehicle collisions, colli-
sions between cars and motorcyclists, collisions involving pedal
cyclists, and collisions between vehicles and pedestrians. The data-
set was divided into 70% training, 15% validation, and 15% testing,
ensuring that model training, hyperparameter tuning, and final
evaluation were conducted on mutually exclusive subsets.

In addition, we have enhanced the results section to improve its
technical depth. Beyond reporting performance metrics such as
accuracy and F1-score, we now provide a more detailed analysis
of model behavior, including comparative performance across

models, discussion of generalization capability, and explanation
of why certain models (e.g., CNN-based architectures) outper-
form others. We also clarify the limitations of models such as
SVM and KNN in handling high-dimensional image data without
effective feature extraction.

The dataset collected from Dashcam Accident Datasets (DAD)
[27], demonstrates that the implementation of a dashcam affixed
to vehicles for recording actual traffic accident footage is essential
for the advancement of self-driving technology with safety assur-
ances; the specifics of the dataset are presented in Table 3.

3.2 | Machine Learning Algorithms

Evaluate the accuracy of the classifiers CNN, RNN, R-CNN,
KNN, SVM, and LSTM using the datasets from Kaggle [26] and
DAD [27]. CNNs are proficient in the automatic extraction of
spatial hierarchies and features from images. This ability enables
them to identify the intricate patterns linked to traffic accidents,
including vehicle collisions and atypical behaviors. By employing
multiple layers along with convolutional filters, CNNs can iden-
tify features at various scales.

On the contrast, the absence of robust feature extraction and
selection can significantly impact the performance of SVM and
KNN when handling high-dimensional image data, as these
models rely heavily on the quality of input features. This limita-
tion partly explains their inferior performance compared to deep

TABLE 1 | Different machine learning classifiers.

Model Advantages Limitations Why CNN is better Ref.

CNN Great for image/video classification High computational cost Achieve high accuracy on large
datasets

[12]

R-CNN Great for image or videos classification Relatively high cost Achieve high accuracy on large
datasets

[24]

SVM SVM’s can model nonlinear decision
boundaries

Don’t scale well to larger datasets Not suitable for large scale image
dataset

[17]

LSTM Learns long-range dependencies Intensive, prone to overfitting Faster and less prone to overfitting for
real-time

[13]

KNN Simple to understand, fast to train, and
effective for nonlinear data

Computationally expensive for large
datasets

Better for nonlinear datasets [25]

TABLE 2 | Quantity of features in the applied data array.

Feature Accident Non-accident

Training frames 369 422

Testing frames 47 54

Verification 46 52

TABLE 3 | Number of mounted frames of DAD dataset.

Frames Number of frames

Crash frames 1500

Normal frames 3000

Journal of Sensors, 2026 3 of 15
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learning models such as CNN, which automatically learn hierar-
chical feature representations directly from raw images.

In this instance, CNNs will be utilized to detect patterns in
images for the identification of objects, classes, and categories
that may signify an accident or a non-accident. Both the training
and test datasets will be fed into the CNNs to ascertain whether
the outcome is an accident or a non-accident as shown in
Figure 1.

The block diagram of 2D-CNN was showed as in Figure 2 and
architecture of 2D-CNN model as in Figure 3, respectively.

This information will subsequently be relayed to the appropriate
authorities as an alert, prompting immediate and effective
actions to enhance traffic safety.

The proposed 2D-CNN is designed to learn hierarchical spatial
features from CCTV images and dashcam frames for binary clas-
sification (accident vs. non-accident). The architecture consists of
four sequential convolutional blocks, each comprising a Conv2D
layer with 3 × 3 kernels and ReLU activation, followed by
max-pooling 2× 2 for spatial downsampling, with the number
of filters increasing progressively from 128 to 512 to capture
increasingly complex features. The extracted feature maps are
then flattened into a one-dimensional vector and passed through

a fully connected dense layer with 1024 neurons and ReLU acti-
vation, followed by a dropout layer (rate = 0.5) to reduce
overfitting.

Finally, a softmax output layer with two neurons produces class
probabilities. The model takes input images of size 224× 224× 3
and is trained using the Adam optimizer with a learning rate of
0.0001 and categorical cross-entropy loss, ensuring an efficient
and reproducible design for accident detection. Keras [28] and
TensorFlow [29] are robust frameworks that aid in the creation,
training, and implementation of CNNs for a range of applica-
tions, such as identifying traffic accidents. Below is an explana-
tion of their role in this process.

The proposed VGG16-LSTM architecture combines spatial and
temporal feature learning for accident detection from video
sequences. A pretrained VGG16 network (with top layers
removed) is used as a feature extractor, where input frames of
size 224× 224× 3 are processed individually to produce high-
level spatial feature vectors; earlier layers are frozen while the
final convolutional block is fine-tuned. These features are then
passed through a Time Distributed wrapper and fed into an
LSTM layer with 128 units to capture temporal dependencies
across a sequence of frames (e.g., 10 frames per clip).

The output of the LSTM is further processed by a dense layer with
64 neurons and ReLU activation, followed by a dropout layer
(rate= 0.5) to reduce overfitting, and finally a softmax output
layer with two neurons for binary classification (accident vs.
non-accident). The model is trained using the Adam optimizer
with a learning rate of 0.0001 and categorical cross-entropy loss,
ensuring an effective and reproducible spatiotemporal learning
framework.

3.3 | Evaluation of the Classifiers

Analytical procedure of the data encompasses model evaluation,
which enables us to assess how effectively the model categorizes
data, while also analyzing its strengths and weaknesses by com-
paring the performance with real data. The receiver operator
characteristic (ROC) curve is commonly employed in the exami-
nation of binary outcomes to illustrate the effectiveness of a
model or algorithm [30].

2D-CNN

Input: Images from CCTV

Convolutional layers: Extract spatial patterns and features

Fully connected layers: Perform high-level
feature classification 

Output layer: Binary prediction (accident/non-accident)

Decision
making Accident

Non-accident

FIGURE 1 | System architecture for RTA detection using 2D-CNN.

INPUT * Z[1] C[1] P[1]

*Z[2]C[2]P[2]

K[1],B[1]

Avg poolReLU

K[2],B[2]

ReLUMax poolFlatten

Fully connected layer

Y_PRED

W[3],B[3]

FIGURE 2 | Block diagram of the 2D-CNN. ∗Means convolution operation.

4 of 15 Journal of Sensors, 2026

 9161, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/js/2985368 by N

ational Institutes O
f H

ealth M
alaysia, W

iley O
nline L

ibrary on [02/06/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



In order to obtain insights into performance across various crite-
ria, this ROC can be distilled into a solitary quantitative data,
known as the area under the curve (AUC). The confusion matrix
is used to generate these metrics, which include false negatives
(FNs), true negatives (TNs), false positives (FPs), and true posi-
tives (TPs). Multiple metrics are connected with the confusion
matrix including specificity-FPR, sensitivity-TPR, accuracy, pre-
cision, recall, F1-measure, and ROC (AUC), which demonstrates
the link between 1-specificity and sensitivity.

Recall¼ TP
TPþ FN

; ð1Þ

Precision¼ TP
TPþ FP

; ð2Þ

F1 −measure¼ 2 × Precision × recall
Precisionþ recall

; ð3Þ

Accuracy ¼ TPþ TN
TPþ TNþ FPþ FN

; ð4Þ

TPR¼ TP
TPþ FN

; ð5Þ

FPR¼ FP
FPþ TN

: ð6Þ

Overfitting is a critical concern, particularly in deep learning
models applied to image-based datasets. To mitigate this risk
and ensure realistic performance, several measures were incor-
porated into the experimental pipeline. Specifically, the dataset
was divided into distinct training and testing sets, and all
reported results are based exclusively on evaluation using unseen
test data.

In addition, data augmentation techniques such as rotation, flip-
ping, and scaling were applied to increase variability in the train-
ing set. Furthermore, regularization strategies such as dropout
and/or early stopping were employed during model training to
improve generalization. These strategies collectively reduce the
likelihood of overfitting and help ensure that the reported per-
formance reflects the model’s ability to generalize rather than
memorize the training data.

4 | Results and Analysis

The comparison of the classifiers’ results is presented in this
section. The test set used has 791 instances from CCTV footages,
which are categorized as accidents and non-accidents. While the
CCTV test set consists of 791 instances, several measures were
implemented to mitigate the risk of overfitting and ensure the
robustness of the models.

First, we adopted a structured data split strategy, where the dataset
was divided into training, validation, and testing sets (e.g.,
70:15:15), ensuring that the test set remained completely unseen
during training. Second, data augmentation techniques, including
rotation, flipping, and scaling were applied to increase the diver-
sity of the training data and improve generalization. Third, regu-
larization methods such as dropout (rate= 0.5) were incorporated
into the network architecture to reduce model overfitting.

In addition, for the VGG16-LSTM model, transfer learning using
VGG16 was employed, with earlier layers frozen to reduce the
number of trainable parameters, thereby lowering the risk of
overfitting on limited data. Model performance was also moni-
tored on a validation set during training to ensure that no signifi-
cant divergence between training and validation accuracy
occurred. Furthermore, consistent performance across multiple
evaluation metrics (accuracy, precision, recall, and F1-score) sug-
gests that the models generalize well and do not simply memo-
rize the dataset.

KNN and RNN can be used to detect traffic accidents from CCTV
footage, especially when combined with other models like CNN.
Therefore, KNN and RNN cannot go individually and have a
significantly lower level of accuracy than other classifiers. Fur-
thermore, KNN struggles with high-dimensional image data, as it
relies on distance-based similarity measures that become less
effective in large feature spaces and are sensitive to noise and
irrelevant features. Similarly, RNN is not well-suited for spatial
feature extraction, as it is primarily designed for sequential data;
when applied directly to image frames without a convolutional
backbone, it fails to capture discriminative spatial patterns effec-
tively. Therefore, these classifiers were excluded.

CNN, R-CNN, SVM, and LSTM were identified as having the
highest accuracy for performance. The test results revealed the
efficiencies of the models as shown in Table 4. Specifically, the
results show that CNN achieves the lowest FN (FN= 7) and
lowest FP (FP= 4) among all models, indicating its strong

Input layer
Conv1

Filters: 128
Kernel: 3

Max pool
2 × 2

Conv2
Filters: 256
Kernel: 3

Max pool
2 × 2

Conv3
Filters: 512
Kernel: 3

Max pool
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Fu
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ReLU 1 ReLU 2

ReLU 3
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FIGURE 3 | Architecture of the 2D-CNN model.
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suitability for safety-critical applications where minimizing
missed accident detections and false alarms is essential. In com-
parison, R-CNN (FN= 48, FP= 27) and SVM (FN= 61, FP= 40)
exhibit moderate performance, while LSTM (FN= 173, FP= 165)
performs the weakest, with substantially higher error rates in
both categories.

4.1 | Assessment of the CNN Classifier

The ability of CNNs to detect features at different scales is useful
in identifying accidents that may differ greatly in size and con-
text. Edge devices such as cameras or drones can be used to
deploy optimized CNNmodels, resulting in instant analysis with-
out the need for extensive backend processes. The training and
validation accuracy values are closely matched, demonstrating
that there is no evidence of overfitting in Figure 4 and confusion
metrics parameters as shown in Table 5. In addition, the CNN
framework was designed in detail for detecting road accidents as
in Figure 5 [31].

4.2 | Assessment of the R-CNN Classifier

The R-CNN classifier that was proposed merges a convolutional
layer alongside an LSTM layer. The results from the fitting pro-
cess are shown in Tables 6 and 7, revealing a relatively small
count of negative and FP predictions. This confirms the model’s
capability to effectively distinguish between frames of traffic acci-
dents and those of non-accidents.

4.3 | Assessment of the SVM Classifier

Evaluation findings of the SVM-based classifier as shown in
Tables 8 and 9 illustrate as the classifier is successful in differenti-
ating among frames that feature accidents and those that do not.

4.4 | Assessment of the LSTM Classifier

As shown in Table 10, the evaluation of LSTM classifier indicates
that this model is not as effective as CNN, R-CNN, and SVM.

As shown in Table 11, an illustrated summary of the various
metrics employed for the study is given, including recall, F1-
score, accuracy, precision, TPR and FPR, and also demonstrated
these comparisons through bar diagram in Figure 6 both for
accident and non-accident. Given the abundance of intricate
and sizable datasets from CCTV footages, CNN has performed
better in this investigation in terms of accuracy than other clas-
sifiers which achieved the highest accuracy 99%.

The observed performance differences among the evaluated mod-
els can be attributed to their inherent architectural capabilities in

TABLE 4 | Confusion matrix of: (a) CNN, (b) R-CNN, (c) SVM, and

(d) LSTM.

Actual

Predicted

Accident Non-accident

(a)

Accident True positive (TP)= 364 False negative (FN)= 7

Non-
accident

False positive (FP)= 4 True negative (TN)=
416

(b)

Accident True positive (TP)= 321 False negative (FN)= 48

Non-
accident

False positive (FP)=
27

True negative (TN)=
395

(c)

Accident True positive (TP)= 308 False negative (FN)= 61

Non-
accident

False positive (FP)=
40

True negative (TN)=
382

(d)

Accident True positive (TP)=
201

False negative (FN)=
173

Non-
accident

False positive (FP)=
165

True negative (TN)=
252

0
0.0

0.2

0.4

0.6

0.8

1.0

(a)

(b)

5 10 15
Epoch

Training and validation loss (simulated)

Lo
ss

20 25 30

Train_loss
Val_loss

Train_acc
Val_acc

0
0.0

0.2

0.4
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0.8

1.0

5 10 15
Epoch

Training and validation accuracy (simulated)

A
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ur
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y

20 25 30

FIGURE 4 | (a) CNN loss on training and validation datasets. (b)

CNN accuracy on training and validation datasets.

TABLE 5 | Confusion metrics parameters of CNN classifier.

Type Recall F1measure Precision TPR FPR

Accident CNN 0.99 0.98 0.98 0.98 0.01

Non-
accident

0.98 0.98 0.99 0.99 0.02
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capturing spatial and temporal features. CNN-based models
achieve the highest accuracy (up to 99%) due to their ability to
learn hierarchical spatial representations, enabling effective detec-
tion of visual cues such as vehicle deformation, collision patterns,
and scene context in CCTV images.

In contrast, the SVM model exhibits comparatively lower perfor-
mance, as it relies on handcrafted or shallow features that are less
expressive for complex visual patterns. The R-CNN model bene-
fits from region-based object localization, improving detection in
cluttered scenes; however, its multistage processing introduces
computational overhead and may limit efficiency.

Meanwhile, the standalone LSTMmodel shows relatively modest
performance on image-based data, as it is primarily designed for
temporal sequence modeling rather than static feature extrac-
tion. The proposed 2D-CNN model outperforms individual
approaches by effectively combining spatial feature extraction
with temporal dependency learning, making it particularly suit-
able for static-image analysis. This demonstrates that integrating
complementary model strengths is critical for robust and real-
world accident detection.

Recall, F1-score, precision, TPR, and FPR for CNN classifier
show a significant difference in pick value compared to other
classifiers, which is characterized as its best efficiency. In con-
trast, R-CNN is in the next position after CNN, which depicted
better accuracy than SVM and LSTM. However, LSTM is not up
to the mark in this study.

Among the evaluated classifiers, the 2D-CNN demonstrated the
highest classification performance on the CCTV dataset, achiev-
ing an accuracy of 99% for both accident and non-accident cate-
gories under the given experimental conditions. Figure 6
provides a visual comparison of classifier behavior across multi-
ple metrics, highlighting the consistently low FP rates achieved
by the CNN relative to other models. ROC curves were used to
assess the discriminative capability of each classifier across vary-
ing decision thresholds. As shown in Figure 7, CNN exhibits a
higher AUC, indicating superior class separability on the CCTV
dataset.

As illustrated in Table 12, it is evident that, within the constraints
of frame-level CCTV analysis and the evaluated dataset size, the

Feature extraction Classification

Conv layer + ReLu
kernel (3 × 3)

Max pooling
kernel (2 × 2)

Conv layer + 
ReLu kernel (3 × 3)

Max pooling
kernel (2 × 2)

Flatten layer

Is an accident

Fully connected
layer

Fully connected
layer (final)

FIGURE 5 | The CNN framework designed for detecting road accidents.

TABLE 6 | Confusion metrics parameters of R-CNN classifier.

Type Recall
F1-

measure Precision TPR FPR

Accident R-
CNN

0.94 0.91 0.89 0.93 0.13

Non-
accident

0.87 0.89 0.92 0.86 0.06

TABLE 7 | Classification assessment of the R-CNN classifier.

Assessment Precision Recall F1-score Support

0 0.92 0.87 0.89 369

1 0.89 0.94 0.91 422

Accuracy — — 0.91 791

Macro avg 0.91 0.91 0.91 791

Weighted avg 0.90 0.91 0.91 791

TABLE 8 | Confusion metrics parameters of SVM classifier.

Type Recall
F1-

measure Precision TPR FPR

Accident SVM 0.91 0.88 0.86 0.91 0.17

Non-accident 0.83 0.86 0.89 0.83 0.09

TABLE 9 | Classification assessment of the SVM classifier.

Assessment Precision Recall F1-score Support

0 0.89 0.83 0.86 369

1 0.86 0.91 0.88 422

Accuracy — — 0.87 791

Macro avg 0.88 0.87 0.87 791

Weighted avg 0.87 0.87 0.87 791

TABLE 10 | Confusion metrics parameters of LSTM classifier.

Type Recall
F1-

measure Precision TPR FPR

Accident LSTM 0.60 0.59 0.59 0.60 0.46

Non-
accident

0.54 0.54 0.55 0.54 0.40
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2D-CNN demonstrated the most favorable balance of accuracy
and F1-score. Traditional machine learning models such as SVM
and KNN rely on manually engineered features extracted from
input images (e.g., histogram of oriented gradients [HOGs], edge
features, or texture descriptors). These models do not inherently
capture spatial hierarchies in raw image data.

In contrast, deep learning models such as CNN-based architec-
tures automatically learn hierarchical feature representations
directly from raw pixel data, making them more suitable for
complex visual tasks such as accident detection. The inferior
performance of SVM and KNN can be attributed to their depen-
dance on hand-crafted features, which may fail to capture com-
plex spatial and temporal patterns present in accident scenarios.
Additionally, these models struggle with high-dimensional image
data and lack the ability to learn deep feature representations. In
contrast, CNN-based models effectively extract discriminative

features through convolutional layers, leading to significantly
higher accuracy.

Frame-based CCTV analysis focuses primarily on spatial cues,
dashcam videos introduce temporal dynamics that require
sequence modeling. To address this, hybrid architectures combin-
ing convolutional and recurrent components were evaluated.
There are 4500 dashcam video occurrences in the test set, which
are divided into crash (1500) and normal (3000) categories. Inte-
grate VGG16, which is utilized for spatial feature extraction, with
LSTM, designed for analyzing temporal sequences as depicted in
Figure 8, because this combination demonstrated the highest accu-
racy when evaluated against dashcam datasets in comparison to
other models.

Table 13 demonstrates how to ascertain which classifiers are
effective in detecting traffic accidents from dashcam video

TABLE 11 | Comparisons of F1-score, recall, precision, TPR, and FPR among the models.

Type Classifiers Recall F1-measure Precision TPR FPR

Accident 2D-CNN 0.99 0.98 0.98 0.98 0.01

R-CNN 0.94 0.91 0.89 0.93 0.13

SVM 0.91 0.88 0.86 0.91 0.17

LSTM 0.60 0.59 0.59 0.60 0.46

Non-accident 2D-CNN 0.98 0.98 0.99 0.99 0.02

R-CNN 0.87 0.89 0.92 0.86 0.06

SVM 0.83 0.86 0.89 0.83 0.09

LSTM 0.54 0.54 0.55 0.54 0.40

0.99 0.98 0.98 0.98

0.01

0.94 0.91 0.89 0.93

0.13

0.91 0.88 0.86 0.91

0.17

0.6

0.88

0.59 0.6

0.46

0

0.2

0.4

0.6

0.8

1

1.2(a)

(b)

Recall F1 score Precision TPR FPR

Recall F1 score Precision TPR FPR

0.98 0.98 0.99 0.99

0.02

0.87 0.89 0.92 0.86

0.06

0.83 0.86 0.89
0.83

0.09

0.54

0.86

0.55 0.54

0.4

0

0.2

0.4

0.6

0.8

1

1.2

CNN
R-CNN

SVM
LSTM

FIGURE 6 | (a) Analysis of classifiers measuring recall, F1-score, precision, TPR, and FPR for accident detection. (b) Analysis of classifiers measuring

recall, F1-score, precision, TPR, and FPR for non-accident detection.

8 of 15 Journal of Sensors, 2026

 9161, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/js/2985368 by N

ational Institutes O
f H

ealth M
alaysia, W

iley O
nline L

ibrary on [02/06/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



datasets. It also demonstrates that standalone general classifiers,
including SVM, RNN, KNN, R-CNN, and LSTM, are inferior to
the hybrid model in terms of accuracy and performance. Stand-
alone classifiers were included as baselines; however, their

limited ability to model temporal dependencies restricts their
effectiveness in video-based accident detection tasks. Thus, the
evaluation focuses on the three hybrid models depicted in
Table 14 through the use of confusion matrices.
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FIGURE 7 | Different classifiers’ receiver operating characteristic (ROC) curves. (a) ROC curve for CNN. (b) ROC curve for R-CNN. (c) ROC curve

for SVM. (d) ROC curve for LSTM.

Accident begins

Video id: 000942
Accident begins: 35
Time: day
Weather: deep sunny
Ego-involved: false

Type: motorcyclist
Involved: true
Reason: “speedy 
acceleration”, “traffic
violation”, “poor decision”
Tracklet: [ID_M], [x_M,
y_M, w_M, h_M] 

Type: car
Involved: true
Reason: “lane change 
violation”
Tracklet: [ID_C1],
[x_C1, y_C1, w_C1, h_C1]

Type: car
Involved: false
Reason: N/A
Tracklet: [ID_C3], [x_C3, y_C3, w_C3, h_C3] 

Type: car
Involved: false
Reason: N/A
Tracklet: [ID_C2], [x_C2, y_C2, w_C2, h_C2]

Split of frame: 25

FIGURE 8 | An overview of accident annotations from dashcam video.
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Table 14 demonstrates that standalone general classifiers, including
SVM, RNN, KNN, R-CNN, and LSTM, are inferior to the hybrid
model in terms of accuracy and performance. Thus, the evaluation

was done only on the three hybrid models depicted in Table 14
through the use of confusion matrices. The test results revealed the
efficiencies of the hybrid models: VGG16+LSTM, R-CNN+LSTM,
and CNN+ SVM, respectively as depicted in Table 14.

4.5 | Assessment of the VGG16+ LSTM Model

VGG16 extracts spatial features (what is seen in each frame, e.g.,
cars, roads, and collisions). LSTM learns temporal patterns (how
motion evolves over time, e.g., sudden impact, braking, or colli-
sion), as shown in Table 15 and the ROC curve in Figure 9.

Although the VGG16+LSTM model achieved near-perfect per-
formance metrics, these results should be interpreted cautiously
given the controlled dataset conditions and the absence of cross-
dataset validation. Among the hybrid models, the highest accu-
racy attained was 99.53, and it also showed an AUC of 1.00 in the
ROC curve, as presented in Figure 9. Likewise, the F1-score
demonstrates a value of 99%, where the FPR rates are minimal,
recorded at 0.006 for crashes and 0.003 for normal situations as
illustrated in Table 15.

4.6 | Assessment of the R-CNN+ LSTM Model

A notable performance difference is that its accuracy perfor-
mance is considerably lower than that of the VGG16+LSTM
model, as demonstrated in Table 16.

TABLE 14 | Confusion metrics of the hybrid classifiers/models.

Actual

Predicted

Crash Normal

(a) VGG16+LSTM

Accident True positive (TP)=
2145

False negative (FN)= 13

Non-
accident

False positive (FP)= 8 True negative (TN)=
2334

(b) R-CNN+LSTM

Accident True positive (TP)=
1844

False negative (FN)=
385

Non-
accident

False positive (FP)=
218

True negative (TN)=
2053

(c) CNN+ SVM

Accident True positive (TP)=
1673

False negative (FN)=
481

Non-
accident

False positive (FP)=
388

True negative (TN)=
1958

TABLE 15 | Confusion metrics parameters of VGG16+LSTM.

Type Recall
F1-

measure Precision TPR FPR

Accident VGG16
+LSTM

1.00 0.99 0.99 1.00 0.006

Non-
accident

0.99 0.99 1.00 0.99 0.003

0.0

0.0

0.2

0.4

0.6

0.8

1.0

0.2 0.4
False positive rate

ROC curve: VGG16 + LSTM for traffic accident detection

Tr
ue

 p
os

iti
ve

 ra
te

0.6 0.8 1.0

VGG16 + LSTM (AUC = 1.00)
Random classifier

FIGURE 9 | Receiver operating characteristic (ROC) curve of VGG16

+LSTM.

TABLE 13 | Comparisons among the classifiers/models.

Classifier/
model

Can
handle
video

(temporal
data)?

Typical role in
accident
detection

Overall
suitability for

dashcam
accident
detection

CNN+
SVM

Yes CNN extracts
features, SVM

classifies
accident/normal

Good for dashcam
video accident

detection

R-CNN+
LSTM

Yes R-CNN detects
vehicles, LSTM
detects temporal

crash

Good for dashcam
video accident

detection

VGG16+
LSTM

Yes Spatial+ temporal
hybrid, simple
and powerful

Most favorable
trade-off accuracy,
interpretability,
and simplicity

TABLE 12 | Comparative analysis of F1-score and accuracy among

different classifiers.

Classifiers Datasets F1-measure (%) Accuracy (%)

CNN (2D) CCTV footage 98 99

R-CNN CCTV footage 90 91

SVM CCTV footage 87 87

LSTM CCTV footage 57 57

10 of 15 Journal of Sensors, 2026
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4.7 | Assessment of the CNN+ SVM Model

Regarding accuracy and F1-measure, this hybrid model is signif-
icantly less effective compared to the VGG16+LSTM and R-
CNN+LSTM models as depicted in Table 17.

Through the analysis of confusion metrics, it can be determined
the classifier that achieved the highest accuracy utilizing datasets
derived from dashcam videos. The hybrid model VGG16+LSTM
demonstrates a notable disparity in recall, F1-score, precision,
TPR, and FPR when compared to other classifiers/models, which
is indicative of its superior efficiency as depicted in Table 18.

The results which encompass F1-score, TPR, FPR, recall, and
precision, are illustrated in the flat bar diagrams presented in
Figure 10a,b.

As depicted in Table 19, it is evident that the VGG16+LSTM is
the most capable and appropriate classifier/model, achieving the
highest F1-score and accuracy of 99% and 99.53%, respectively, in
contrast to other hybrid models analyzed in this research study
utilizing a dashcam videos dataset.

5 | Discussion

The discussion of the results relative to prior work that used
publicly available CCTV accident datasets from Kaggle. While
these studies share a similar data source, differences in data
curation, frame sampling, and train-test splits can affect reported
performance; therefore, comparisons are indicative rather than
strictly equivalent. The two studies have identified that are nearly
relevant to our research. Firstly, CNN-based image classifiers
have achieved an accuracy of 92.38% when applied to relatively
smaller datasets including 300 instances from CCTV footage at a
time [32]. On the other hand, utilizing the same dataset of 300
instances in our developed 2D-CNN model, that attained an
accuracy of 99%, which was assessed using confusion matrices
as illustrated in Table 20.

Secondly, they used 1000 frames from CCTV of Kaggle and got
the accuracy of 86% [18]. Conversely, by employing the identical
dataset of 1000 frames from Kaggle’s CCTV within our estab-
lished 2D-CNN model, achieved an accuracy of 99.6%, which
was evaluated using confusion matrices as demonstrated in
Table 21 and ROC curve in Figure 11. The near-ceiling

TABLE 17 | Confusion metrics parameters of CNN+ SVM.

Type Recall
F1-

measure Precision TPR FPR

Accident CNN+
SVM

0.83 0.81 0.80 0.83 0.22

Non-
accident

0.78 0.79 0.81 0.78 0.17

TABLE 18 | Comparisons of F1-score, recall, precision, TPR, and FPR

among the hybrid models.

Type Recall
F1-

score Precision TPR FPR

Accident VGG16+
LSTM

1.00 0.99 0.99 1.00 0.006

R-CNN+
LSTM

0.90 0.87 0.84 0.90 0.17

CNN+
SVM

0.83 0.81 0.80 0.83 0.22

Non-
accident

VGG16 +
LSTM

0.99 0.99 1.00 0.99 0.003

R-CNN+
LSTM

0.83 0.87 0.91 0.83 0.10

CNN+
SVM

0.78 0.79 0.81 0.78 0.17

0

0.2

0.4

0.6

0.8

1

1.2
(a)

(b)

Recall F1 score Precision TPR FPR

Recall F1 score Precision TPR FPR
0

0.2

0.4

0.6

0.8

1

1.2

VGG16 + LSTM
R-CNN + LSTM

CNN + SVM

FIGURE 10 | (a) Analysis of hybrid models measuring recall, F1-

score, precision, TPR, and FPR for crash detection. (b) Analysis of hybrid

models measuring recall, F1-score, precision, TPR, and FPR for normal

detection.

TABLE 19 | Comparative analysis of F1-score and accuracy among

different hybrid models.

Hybrid models Datasets
F1-

measure (%)
Accuracy

(%)

VGG16+LSTM Dashcam videos 99 99.53

R-CNN+LSTM Dashcam videos 87 87

CNN+ SVM Dashcam videos 80 81

TABLE 16 | Confusion metrics parameters of R-CNN+LSTM.

Type Recall
F1-

measure Precision TPR FPR

Accident R-CNN+
LSTM

0.90 0.87 0.84 0.90 0.17

Non-
accident

0.83 0.87 0.91 0.83 0.10
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performance observed in some settings may be influenced by
dataset characteristics such as limited scene diversity, consistent
camera viewpoints, and strong visual cues distinguishing acci-
dent versus non-accident frames. These results should therefore
be interpreted as performance under the evaluated controlled

conditions rather than guaranteed generalization across diverse
real-world deployments.

To assess the effectiveness of the proposed VGG16-LSTM hybrid
model, its performance was compared with closely related stud-
ies that employed dashcam video datasets for accident detection
or prediction. One study has been pinpointed that is closely
related to our research. In that study, they assessed 1500 real-
world driving scenarios of collision prediction dataset from
NEXAR dashcam [33], achieved a ROC-AUC of 0.79 and an
accuracy of 72% [25]. Although they evaluated accident predic-
tion on dashcam data under a different protocol and model
design, their reported AUC provides a useful reference point;
however, direct numerical comparison should be interpreted
cautiously due to differences in task definition (prediction vs.
detection), sampling strategy, and evaluation setup. On the flip
side, by leveraging the same dataset of 1500 videos from dashcam
in our designed VGG16+LSTM hybrid model, obtained an accu-
racy of 98% and ROC-AUC of 1.00, as detailed in Table 22 and the
ROC curve represented in Figure 12.

Table 23 summarizes the efficiency and performance of the
developed models, 2D-CNN and VGG16+LSTM, in comparison
to other pertinent studies, utilizing datasets derived from CCTV
footage and dashcam videos, respectively.

TABLE 20 | (a), (b): Assessment of the 2D-CNN model using confusion matrices.

Type

Predicted

Accident Non-accident

(a)

Actual Accident True positive (TP)= 122 False negative (FN)= 3

Non-accident False positive (FP)= 1 True negative (TN)= 174

(b)

Recall F1-measure Precision TPR FPR Accuracy

Accident 2D-CNN 0.99 0.98 0.98 0.99 0.02 99%

Non-accident 0.98 0.98 0.99 0.98 0.01

Note: Bold text is used to draw attention to important values, categories, and headers, helping distinguish them clearly from data values.

TABLE 21 | (a), (b): Evaluation of the 2D-CNN model through confusion matrices.

Type

Predicted

Accident Non-accident

(a)

Actual Accident True positive (TP)= 419 False negative (FN)= 3

Non-accident False positive (FP)= 1 True negative (TN)= 577

(b)

Recall F1-measure Precision TPR FPR Accuracy

Accident 2D-CNN 1.0 0.99 0.99 1.0 0.01 99.6%

Non-accident 0.99 0.99 1.0 0.99 0.001

Note: Bold text is used to draw attention to important values, categories, and headers, helping distinguish them clearly from data values.
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FIGURE 11 | Scrutiny through the ROC curve.
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The results of the experiment indicate that the 2D-CNN method
attained the highest accuracy of 99% when evaluated against
datasets derived from CCTV footage, surpassing all other classi-
fiers. Likewise, the hybrid model combining VGG16+ LSTM
achieved an accuracy of 99.53% based on datasets sourced from

dashcam videos. Despite the high accuracy achieved by the eval-
uated models (CNN: 99% and VGG16+LSTM: 99.53%), several
important limitations must be considered when interpreting
these results. First, the dataset used in this study is relatively
limited in size, which may restrict the generalizability of the
findings to more diverse real-world scenarios. Small datasets
can also lead to inflated performance metrics, particularly
when models capture dataset-specific patterns rather than gener-
alizable features.

Second, there is an inherent risk of overfitting, especially for deep
learning models trained on limited data. Although regularization
techniques such as data augmentation, dropout, and early stop-
ping were employed to mitigate this issue, the possibility of over-
fitting cannot be entirely eliminated. Third, the study relies on a
fixed train–validation–test split rather than a more robust valida-
tion strategy such as k-fold cross-validation. While care was
taken to prevent data leakage by ensuring no overlap between
training, validation, and test samples, k-fold cross-validation
would provide a more reliable estimate of model performance
across different data partitions.

Hybrid models such as VGG16–LSTM, while achieving higher
accuracy in video-based detection, incur increased computa-
tional cost and latency due to sequential temporal processing.
2D-CNN models can be efficiently deployed on edge devices
with real-time performance, whereas the VGG16–LSTM hybrid,
despite its superior accuracy, incurs higher computational cost
and latency, making it less suitable for strict real-time deploy-
ment without hardware acceleration or model optimization.

TABLE 22 | (a), (b): Assessment of the VGG16+LSTM hybrid model.

Type

Predicted

Crash Normal

(a)

Actual Accident True positive (TP)= 562 False negative (FN)= 26

Non-accident False positive (FP)= 4 True negative (TN)= 908

(b)

Recall F1-measure Precision TPR FPR Accuracy

Accident VGG16+LSTM 1.0 0.98 0.97 1.0 0.04 98%

Non-accident 0.96 0.97 0.99 0.96 0.004

Note: Bold text is used to draw attention to important values, categories, and headers, helping distinguish them clearly from data values.
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FIGURE 12 | Inspection using the AUC–ROC curve.

TABLE 23 | Outline of the efficiency and performance metrics of the developed models.

Existing works Dataset used Classifier/model F1-measure (%) Accuracy (%)

[18] CCTV footages 1D-CNN 84 86

[33] CCTV Footages CNN with LSTM 89.35 92.38

[25] Dashcam videos CNN with Efficient-Net 71 72

[34] 4677 videos from You-Tube LSTM autoencoder 78.58 76

Our developed model CCTV footages 2D-CNN 98 99

Our developed hybrid Model Dashcam videos VGG16+LSTM 99 99.53

Note: Reported results across studies may not be directly comparable due to differences in datasets, annotation criteria, splits, and evaluation protocols.
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Future work should incorporate larger and more diverse datasets,
along with cross-validation techniques, to further validate the
robustness and generalizability of the proposed models. Specifi-
cally, we now analyze the inference efficiency of the evaluated
models, highlighting that lightweight architectures such as the
2D-CNN are more suitable for real-time CCTV-based deployment
due to lower computational overhead and faster processing times.

6 | Conclusion

This study demonstrates that model effectiveness in accident
detection is closely aligned with the nature of the input data.
The 2D-CNN model performs strongly on CCTV imagery, indi-
cating that spatial features alone can be sufficient for detecting
static accident patterns. In contrast, the superior performance of
the hybrid VGG16+LSTM model on dashcam videos highlights
the importance of temporal modeling for capturing dynamic acci-
dent events. These findings suggest that selecting an appropriate
architecture should depend on whether the task involves static or
sequential visual data.

However, the study is limited by the relatively small dataset size
and the use of controlled evaluation settings, which may not fully
reflect real-world variability. The absence of cross-dataset valida-
tion also restricts the generalisability of the results. Future work
will focus on validating the models across diverse datasets, incor-
porating event-level detection to better capture temporal accident
dynamics, and improving robustness under varying environmental
conditions such as lighting, weather, and camera viewpoints. Addi-
tionally, exploring lightweight architectures for real-time deploy-
ment and evaluating computational efficiency will be important for
practical intelligent transportation system applications.
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