.W\ Computers, Materials & )
‘ Continua & Tech Science Press

DOI: 10.32604/cmc.2024.057684

ARTICLE Check for

updates

A Scalable and Generalized Deep Ensemble Model for Road Anomaly
Detection in Surveillance Videos

Sarfaraz Natha'-*', Fareed A. Jokhio', Mehwish Laghari', Mohammad Siraj", Saif A. Alsaif’,
Usman Ashraf’ and Asghar Ali’

'Department of Information Technology, Quaid-e-Awam University of Engineering, Science & Technology, Nawabshah, 67480,
Pakistan

*Department of Software Engineering, Sir Syed University of Engineering and Technology, Karachi, 75000, Pakistan

3Electrical Engineering Department, College of Engineering, King Saud University, Riyadh, 11421, Saudi Arabia

*School of Business, Torrens University, Sydney, NSW 2007, Australia

*School of Engineering and Information Technology, The University of New South Wales (UNSD), Canberra, ACT 2604, Australia
*Corresponding Authors: Sarfaraz Natha. Email: sasattar@ssuet.edu.pk; Mohammad Siraj. Email: siraj@ksu.edu.sa

Received: 25 August 2024  Accepted: 29 November 2024  Published: 19 December 2024

ABSTRACT

Surveillance cameras have been widely used for monitoring in both private and public sectors as a security measure.
Close Circuits Television (CCTV) Cameras are used to surveillance and monitor the normal and anomalous
incidents. Real-world anomaly detection is a significant challenge due to its complex and diverse nature. It is
difficult to manually analyze because vast amounts of video data have been generated through surveillance systems,
and the need for automated techniques has been raised to enhance detection accuracy. This paper proposes a
novel deep-stacked ensemble model integrated with a data augmentation approach called Stack Ensemble Road
Anomaly Detection (SERAD). SERAD is used to detect and classify the four most happening road anomalies,
such as accidents, car fires, fighting, and snatching, through road surveillance videos with high accuracy. The
SERAD adapted three pre-trained Convolutional Neural Networks (CNNs) models, namely VGG19, ResNet50 and
InceptionV3. The stacking technique is employed to incorporate these three models, resulting in much-improved
accuracy for classifying road abnormalities compared to individual models. Additionally, it presented a custom
real-world Road Anomaly Dataset (RAD) comprising a comprehensive collection of road images and videos.
The experimental results demonstrate the strength and reliability of the proposed SERAD model, achieving an
impressive classification accuracy of 98.7%. The results indicate that the proposed SERAD model outperforms than
the individual CNN base models.

KEYWORDS

Convolutional neural network; transfer learning; stack ensemble learning; road anomaly detection; data
augmentation

Copyright © 2024 The Authors. Published by Tech Science Press.
@ @ This work is licensed under a Creative Commons Attribution 4.0 International License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.


https://www.techscience.com/journal/CMC
https://www.techscience.com/
http://dx.doi.org/10.32604/cmc.2024.057684
https://www.techscience.com/doi/10.32604/cmc.2024.057684
mailto:sasattar@ssuet.edu.pk
mailto:siraj@ksu.edu.sa

3708 CMC, 2024, vol.81, no.3

Nomenclature

CCTV Closed Circuit Camera

CNN Convolution Neural Network
SERAD Stack Ensemble Road Anomaly Detection
RAD Road Anomaly Dataset

VTSS Video Traffic Surveillance System
DCNN Deep Convolution Neural Network
DL Deep Learning

RNN Recurrent Neural Network

CVIS Cooperative Vehicle Infrastructure
MSFF Multi-Scale Feature Fusion

VD Violence Detection

YOLO You Only Look Once

RPN Region Proposal Network

GAN Generative Adversarial Network
EL Ensemble Learning

RelLU Rectifier Linear Unit

ROC Receiver Operating Characteristic

Grad-CAM Gradient-Weighted Class Activation Mapping

1 Introduction

Road anomaly detection is suggested to recognize events that significantly differ from the usual
instances seen on roads in real-world situations [1]. In the last decade, Internet of Things (IoT) based
devices such as CCTV cameras have been placed in different municipal and personal sector locations
for surveillance and security purposes. The surveillance system recognizes normal and abnormal
events to ensure safety and security. CCTV cameras are designed to identify anomalies or unusual
activities, triggering alerts to the appropriate departments [2]. Surveillance systems are necessary
for monitoring people and places for public safety. These systems have been producing large data.
However, the large volume of data, and the irregularity of incidents like theft, violence, abnormal
behavior, or other crimes make it difficult to identify. Manually monitoring large amounts of video
data is labor-intensive and prone to mistakes due to human fatigue. Furthermore, abnormal events
are much less common than normal behavior. The job becomes repetitive to increase the chances
of human blunder. A key challenge in road anomaly detection is managing imbalanced datasets,
where normal road images vastly outnumber those depicting anomalies like accidents or unusual
incidents [3]. Models are frequently biased towards frequent occurrences because of this imbalance,
which impairs their capacity to precisely identify uncommon but significant abnormalities. Since it
has a direct impact on the model’s ability to recognize significant, sporadic events, resolving this issue
is more complicated than determining how long data collecting takes. A further layer of difficulty
arises from the subjective nature of recognizing and labeling images of road anomaly, necessitating
costly manual labeling or domain adaptation procedures to close the gap between simulated and real-
world data. These challenges must be addressed through various approaches: cost-effective labeling,
imbalance dataset and domain adaptation [4], improving the accuracy and dependability of automatic
road anomaly recognition systems that eventually provide safer and more effective road transportation
systems. Anomaly detection is often treated as an unsupervised learning problem [5] in which the
data is unlabeled. This technique is based on the concept that typical patterns occur frequently, and
abnormal events are uncommon. One of the disadvantages of this technique is that it may classify all
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strange events as abnormal. Some clustering methods in unsupervised learning seek to discriminate
between normal and abnormal events in the feature space [6]. In addition, the semi-supervised anomaly
detection method is neither as accurate as unsupervised models nor as dependable on labeled data
as the supervised approach [7]. The goal of this approach is to minimize the differences between
supervised and unsupervised methods while acknowledging that certain studies embody characteristics
of semi-supervised learning [8]. A video traffic surveillance system (VTSS) is a method that uses video
cameras to identify road anomalies automatically through road videos. The VTSS recognizes the
“accident” and “no accident” categories while reducing human involvement in traffic data collection
and monitoring [9]. However, human overseeing is still needed for issues like car fires or suspicious
activities. Researchers are improving road anomaly detection by using advanced deep-learning algo-
rithms for video analysis. Deep learning, especially Convolutional Neural Networks (CNNs) [10] has
become a powerful tool in computer vision, excelling in object recognition and outperforming methods
for detection. Yang et al. [11] made a Deep Convolutional Neural Network (DCNN) to determine
traffic events using vehicle movement data. However, this DCNN doesn’t look at how things change
over time in video frames. Instead, it focuses only on what is happening in each frame separately. On
the other hand, Bortnikov et al. [12] created a Three-Dimensional Convolutional Neural Network
(3DCNN) to detect traffic accidents. The 3DCNN way of understanding movement in space and time
gave clear results but didn’t connect different features well. However, it struggles to accurately spot
traffic incidents and indifferent illumination situations. By independently extracting relevant features,
the DCNN dramatically enhances image classification skills, leading to improvements in accuracy
and performance in image categorization tasks [13]. Large data sets are required to construct Deep
Learning (DL) models, increasing training time. On the other hand, obtaining a considerable volume
of data is a significant problem for researchers [14]. However, transfer learning (TL) [15] has been
presented as a highly advantageous and popular model using pre-trained weights on the Image Net
dataset. Different deep learning models, most notably the transfer learning model, have been used to
detect anomalies in the road network. The CNN model is important for testing transfer learning as it is
often used to process raw images and enhance classification performance [16]. In addition, the ability of
CNN models to extract the best features from the images [ 7]. This study uses deep learning algorithms
to provide a robust, scene-invariant, and real-time road anomaly-detecting framework. Initially, a new
dataset named Road Anomaly Dataset (RAD) included four significant road anomaly categories:
accidents, vehicle fires, fighting, and snatching (gunpoint). The RAD dataset carefully collected videos
from Closed-Circuit Television (CCTV) cameras under various lighting conditions, and positions of
cameras, including different camera distances which may affect video quality. This dataset provides
a strong base for training and testing the road anomaly detection system. The main contributions of
this study are:

e The proposed SERAD model is based on the deep stack ensemble of various CNN models used
to recognize road anomalies such as accidents, car fires, fighting, and snatching (gunpoint) from
road surveillance videos. This model achieves exceptionally high recall and accuracy by utilizing
a stacking ensemble technique that associates several base-level classifiers of CNN models
such as VGG19, InceptionV3, and ResNet50 with a meta-learner classifier and overcomes
misclassification using a data augmentation technique.

e The benchmark of this research is to create a new Road Anomaly Dataset (RAD) consisting
of images and videos captured by surveillance cameras and other internet resources (YouTube,
Netflix).

e We evaluated the performance of the SERAD model using the RAD dataset based on precision,
recall, accuracy, F1-score, and ROC.
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e The SERAD model achieved 98.7% accuracy which is remarkable as compared with prior
studies. Additionally, classifying the anomaly images to improve detection dependability along
with interpretability through the Grad Camp technique.

We organize the rest of the paper as follows: Related work is given in Section 2 and the architecture
of the proposed methodology is in Section 3. Section 4 illustrates the road anomaly detection and
classification results. Section 5 describes the conclusion, limitations, and future work.

2 Literature Review

In recent decades, extensive research has been directed toward intelligent transportation systems,
with a primary focus on creating automated incident detection systems designed to efficiently address
everyday occurrences. Smart city development has been greatly accelerated by innovations, but
preserving situational awareness in real-time is essential to guarantee their security. Furthermore, the
subjective nature of recognizing and classifying road abnormalities presents an additional difficulty,
sometimes necessitating costly manual labeling or domain adaption strategies to balance the dispar-
ities between simulated and actual situations. We investigated and determined which deep learning
algorithms are most suited for road anomaly recognition through road surveillance videos.

Surveillance is the practice of keeping an eye on people’s actions and behavior to control and
safeguard them. Most surveillance systems have been adopted for security. The most efficient way of
surveillance is to use CCTV cameras to observe people and objects from a distance. Video cameras
sometimes referred to as closed-circuit television (CCTV) cameras, are used in security systems and
have become increasingly common in recent years. The inexpensive cost of the technology and growing
security concerns are the reasons for this growth in popularity. By spotting unusual patterns and
irregular actions in video data, these technologies are used to identify anomalous behavior [18].
Surveillance systems used in the modern world produce large volumes of video data to monitor
streets, roads, and highways [19]. The data patterns that deviate from expected behavior are called
anomalies [20].

2.1 Convolutional Neural Networks (CNN) Approach

Many researchers have studied anomaly detection using image and video classification using a
CNN-based approach. For instance, Zhou et al. [21] proposed a spatial-temporal based on the CNN
model for anomaly detection, which presented some success. The advent of deep learning brought
significant advancements in road anomaly recognition, leading to a predominant use of deep neural
networks in recent studies. Kim et al. [22] proposed an exclusive approach to traffic accident identi-
fication using a pre-trained ResNet and extracted the spatiotemporal used 3D-CNN with a feature
pyramid network architecture. This suggested method retains good detection accuracy. In terms of
accuracy and recall metrics, the experimental findings show that the proposed model outperformed
the results. However, its recognition of the dataset’s quality might lead to a reduction in efficiency in
inclement weather or low light. Similarly, an enhanced convolutional neural network (ECNN)-based
model for the Suspicious Activity Detection System (SAD) was presented by Selvi et al. [23]. Using
security camera footage that might be used to recognize odd behaviors like fights, this proposed model
aims to successfully detect strange activity identification. This model achieved 97.05% precision and
96.74% accuracy for recognizing suspicious activities. However, this proposed model is not suitable
under low illumination and long-distance captured videos.
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2.2 Recurrent Neural Network (RNN) Approaches

Some research adopted the hybrid and multi-model approach to abnormal events and behavior
detection and classification. There have been quite a few contributions made by researchers using
the real-time activity recognition deep learning model RNN. This study [24] constructed a unique
image dataset called CAD-CVIS and proposed an autonomous automobile accident detection system
utilizing the Cooperative Vehicle Infrastructure System (CVIS) to improve the detection efficiency of
tiny objects, they integrated a loss function with dynamic weights and Multi-Scale Feature Fusion
(MSFF). However, the primary drawback of this study is the communication overhead brought
on by the real-time scene being captured by roadside cameras and sent to distant computers. In
this study proposed by Phyo et al. [25] used two human activity datasets to examine human action
recognition (HAR) using deep learning techniques and picture pre-processing, they developed human
action recognition as a skeletal-joint motion to monitor the elderly, suspicious people, and potentially
dangerous objects in public areas. However, it is less effective due to the restricted motion sets. A
computationally intelligent Violence Detection (VD) technique has been presented by Ullah et al. [26].
Initially, a lightweight Convolutional Neural Network (CNN) is used to analyze the video stream
that was taken by a visual sensor. As a result, from the informative images, temporal optical flow
characteristics are retrieved. Ultimately, a multi-layer long and short-term memory (LSTM) network
is integrated to yield a final feature map that identifies patterns of violence within the shot sequences.
Even if the technique accuracy appears to have improved somewhat, it is notable that the accuracy
obtained in outside monitoring stays at 49%.

2.3 One-Stage and Two-Stage Deep Learning Model

The YOLO (You Only Look Once) is a one-stage deep learning model, YOLO takes input images
and distributes them into S x S grides. Every grid of the input image is responsible for detecting an
object in an image. Similarly in this study, Pillai et al. [27] proposed real-time image enhancement for
automatic accident detection using CCTV with deep learning. This system leveraged Mini-YOLO for
detection, Deep SORT for tracking, and a support vector machine (SVM) for classification. The Mini-
YOLO model operated at a rate of 28 frames per second, achieving an average precision AP score of
34.02. Additionally, the SVM, employing the radial basis function kernel, demonstrated impressive
results with 96% accuracy, 94% recall, and 96% AUC during the classification stage. A limitation of
this approach is its reliance on a fixed definition of accidents, which primarily focuses on damaged
vehicles. The Region-based Convolutional Neural Network (RCNN) is an example of a two-stage
deep-learning approach. This approach uses a group of boxes for the image and then analyses each
box holding a target. The method adopts the selective search algorithm to pick those sections where
the target object is available. Faster R-CNN is a type of RCNN, another computer vision-based object
recognition technique used for automatic road anomaly recognition, particularly snatching scenes
involving a criminal with a gun or knife. By including a Region Proposal Network (RPN), it improved
the efficiency and precision of region-based convolutional neural networks. To identify objects, the
RPN effectively produces region suggestions. FRCNN is frequently used for accurate and quick object
recognition in video frames.

2.4 Hybrid Deep Learning Approach

The hybrid deep learning model for road anomaly detection by videos proposed by Tutar et al. [2§]
studied joining multiple machine learning algorithms with both pixel-based (PBVAD) and frame-
based (FBVAD) methods. This model has proven high-performance anomaly detection on the publicly
available UCF-Crime dataset, which consists of 128 h of real-world video footage. Utilizing the
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FBVAD-kNN algorithm, the model yielded an average AUC performance measure of 98.0%, while
the PBVAD-MIM method produced an average of 80.7%. One of the model’s shortcomings is the
absence of temporal information integration, which might enhance performance by accounting for
earlier frames for anomaly identification. An FRCNN model for automatically identifying knives
and pistols in surveillance footage was proposed by Berardini et al. [29]. The weapon images in the
group were taken from the Weapon detection dataset, which is accessible to the public and contains
important information about criminal activity on the road. Similarly, Hnoohom et al. [30] proposed
a study that is based on the FRCNN-based method for automatically identifying abnormalities like
firearms. However, a notable flaw in the model is the limited dataset for knife and pistol weapon
images, which were collected exclusively during daytime and under bright illumination conditions.
Therefore, the detection of weapon images may yield inaccurate results in low illumination conditions.
The scarcity of relevant datasets is a serious hurdle to deep learning-based autonomous road anomaly
identification. As a useful fine-tuning strategy, data augmentation must be used to expand datasets
and apply changes that might improve model performance.

2.5 Generative Adversarial Networks (GANs) Approach

Generative adversarial networks (GANs) are an admired approach in anomaly detection due to
their ability to generate realistic data by learning the underlying data division [31]. GANs consist of
a generator and a discriminator. These models engage in a competitive process, where the generator
learns to produce increasingly realistic data, and the discriminator improves its ability to distinguish
between real and generated data. GANs are valuable for anomaly detection in two ways. Firstly,
they can create rare or hard-to-obtain anomalous examples. Secondly, they can model the normal
data distribution, enabling them to detect anomalies or outliers effectively. For instance, in this study,
Vu et al. [32] presented a flexible multi-channel generative model to detect anomalies for a supervised
approach in surveillance video streams. CGAN stream predicted the future information and applied
PSNR technique to encode prediction error into features vector. This study surpasses state-of-the-art
performance on 4 different datasets. However, this study has some limitations for online detection
to get trouble when brand new abnormal actions suddenly occur without existing in the previously
learned database.

Similarly, in this study, Singh et al. [33] proposed an unsupervised anomaly detection approach
based spatiotemporal generative Adversarial Network (STemGAN). This approach consists of a
generator and discriminator. The generator learns key features of spatial and temporal information
from the video context, and the discriminator improves the model’s ability to distinguish between real
and generated data. The proposed model achieved an AUC score of 97.5% on UCSDPed2, 86.1%
on CUHK Avenue, 90.5% on the Subway entrance, and 95.3% on the Subway exit. However, this
model lacks the ability to generalize across different types of road anomalies, especially those that
occur under low illumination. GAN utilized high-quality image reconstruction and data augmentation
[34] approach. GAN used a convolutional generator to learn the distribution of key features and
a discriminator to analyze the generated output. These models are trained competitively using an
adversarial discriminator loss [35] instead of rebuilding. Thereby overwhelming the limitation of
DCNN-based models. This technique was used by Yu et al. [36] for reconstruction-based anomaly
detection (AD), improving on current Autoencoder (AE) models to get beyond the challenges with
reconstruction loss and presenting a new approach to AD. Similarly, a prediction-based approach was
presented by Liu et al. [37] to identify occurrences that deviate from expected patterns by projecting
future frames. They put into practice a modified AE-based GAN architecture, extracting motion
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characteristics from the anticipated pictures by applying optical flow restrictions and utilizing stacked
convolutional layers to collect spatial information.

Based on our extensive literature review, existing methodologies in previous research need to be
more advanced to address several limitations. These include not enough data frames in video clips,
challenges with increasing false alarm rates, and a decline in generalization capacity, which hinders
real-time detection and classification of anomalies. Previous studies have examined specific road
anomalies such as accidents, suspicious activities, vehicle fires, and violence. This study tackles the
issue of insufficient data frames in video clips by proposing a unified framework based on deep-stack
ensemble learning [38].

3 Proposed Methodology

There is a scarcity of studies focusing on applying ensemble methods to road anomaly classifi-
cation. Our framework aims to automate the classification of different types of road anomalies. This
section explicates the methodology of the SERAD model, the first stacked ensemble design utilizing
VGG19, InceptionV3, and ResNet50 tailored for road anomaly recognition. The objective is to reduce
detection errors and surpass the performance of various existing models. These models were chosen
for their outstanding image processing performance and recognized success in real-time detection
applications. The proposed SERAD model automatically classifies four kinds of road anomalies:
road accidents, car fires, fighting, and snatching (gunpoint). The SERAD is the first deep-stacked
ensemble architecture using data augmentation for road anomaly detection and classification. To
further improve the classification accuracy a transfer learning approach has been employed. Transfer
learning (TL) is essential and beneficial when training data is limited, and computational power is
constrained. The core idea of TL is to use pre-trained models on large datasets to improve classification
performance. The transfer learning approach is inspired by how people use past knowledge to solve
new problems efficiently. Traditional machine learning works best when the training and testing data
are small. However, in real-world situations, it can be hard and expensive to get new data that fits
this condition. TL helps by knowledge from a linked domain, cutting down the need and cost of
collecting entirely new data [39]. The study employed several transfer learning network classifiers
namely VGG19, ResNet50, and InceptionV3.

3.1 Ensemble Learning (EL)

The EL is another popular machine learning approach that is especially useful in supervised
learning, to increase the capacity of models to generalize [40]. It may have sophisticated methods
such as averaging, and weighted averages, and straightforward methods like boosting, stacking, and
bagging [41]. These methods give several ways to access the underlying restrictions in a single model
and greatly increase prediction accuracy. Ensemble learning increases detection accuracy by combining
varied learning strategies to mitigate issues such as variation, bias, and overfitting, which significantly
affect model performance. This approach leverages the strengths of multiple models to effectively
address these challenges [42]. To enhance classification performance, a technique known as stacking
combines many models in an ensemble manner. Typically, a meta-learner uses the predictions made
by the base classifier to classify the dataset, and the meta-classifier uses these predictions as features.
Fig. 1 demonstrates the general architecture of ensemble learning. Each ensemble contains a group
of baseline classifiers trained on input data. These classifiers generate predictions that are combined
or aggregated to produce a final prediction [43]. In ensemble learning, the basic framework implies
using an aggregation function G to combine a group of baseline classifiers C1, C2, ..., Ck, towards
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predicting a single output. The features of dimension m, and n is a size of the dataset, where D = {(x;,
y)}, 1 <i<n, x; € Rm, the prediction of the output based on this ensemble method is given Eq. (1).

y, = d(x) = G(C1,C2,C3, ..., Ck) (1)

The feature selection process varies for the same training set of data in heterogeneous classifiers.
Researchers generally find homogeneous ensemble approaches simpler to understand and implement,
which makes them more appealing. Additionally, homogeneous ensembles are less expensive to
construct than heterogeneous ones.

Input
Data

Cl c2 C3 Cn

l

| G(C1,C2,C3......,Ck)

h 4

Final
Predictions

Figure 1: The building of the Ensemble learning approach

3.2 Stacking Ensemble Learning Approach

The stacking Ensemble learning approach combines information from multiple predictive models
to generate a new model known as a meta-learning model [44]. Stacking involves using a meta-
classifier to evaluate inputs and outputs from multiple models, assigning weights to determine the
best-performing models while discarding fewer efficient ones. This method integrates predictions from
diverse base classifiers, each trained with different learning methods on the same dataset [45]. In
stacking, different models are joined for prediction with inputs from each subsequent layer to generate
a new set of predictions. Ensemble stacking, also known as mixing, consolidates all the information
to make predictions or classifications. Fig. 2 depicts the structure of the stacking framework.
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Figure 2: The stacking framework uses different models on the input dataset, with a meta-learner
combining their outputs to make the final predictions

3.3 Road Anomaly Dataset (RAD)

The absence of standard datasets impedes research progress in this sector, underlining the need
for comprehensive and diverse datasets to assist the training and testing of strong road anomaly
recognition models. Therefore, a custom dataset was developed by collecting information from diverse
city locations using CCTV cameras and social media sources, focusing on four different types of
road abnormalities such as road accidents, fighting, car fires, and snatching. The RAD dataset [40]
comprises numerous frames extracted from videos captured by surveillance cameras under varying
lighting conditions and camera angles. The dataset consists of 120-s recorded road surveillance videos.
Road anomaly images are extracted from the road videos using the OpenCV library and stored in
training, testing, and validation folders. Each folder contains four subfolders, with each subfolder
consisting of images of accidents, car fires, fighting, and snatching. The train folder is 70%, the test
folder 20%, and the valid folder 10% of images. The RAD dataset has four distinct categories. Each
category is assigned a label from O to 3: 0 represents accidents, 1 represents car fire, 2 represents
fighting, and 3 represents snatching (gunpoint), as shown in Fig. 3. Table 1 shows the overall statistics
of the RAD dataset and Fig. 4 represents the division of the RAD dataset.

Car fire Fighting

| seoe i
Road Accident

Figure 3: The RAD dataset consists of numerous road anomalies
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Table 1: Statistics of RAD dataset

Dataset Road anomaly Number of videos
RAD Accident 16

Car fire 12

Fighting 14

Snatching 20

(Gunpoint)
Total 62

® Accident = Car Fire = Fighting = Snatching

Figure 4: Distribution of road anomaly dataset

3.4 SERAD: Stacked Ensemble Road Anomaly Detection Model

SERAD architecture designed for road anomaly recognition is illustrated in Fig. 5. The CNN
models VGG19, InceptionV3, and ResNet50 were selected for their strong performance in our deep-
stacked ensemble model. The SERAD model is a two-level stacked ensemble that merges multiple
classification algorithms to enhance overall performance. Ensemble learning proves advantageous over
single deep models by reducing detection errors, improving accuracy, and enhancing robustness. We
integrated three CNN models using a stacked ensemble approach to maximize effectiveness.

The prediction vectors from these base models merged and utilized as features in the meta-learner,
which is a fully connected neural network architecture for multi-class classification. The meta-learner
undergoes training on the training set, featuring a batch normalization layer following a dense layer
with 128 neurons and a Rectified Linear Unit (ReLU) activation function. Additionally, it includes a
dropout layer and an additional dense layer with 64 neurons.

The final dense layer employs a dropout rate of 0.2 and a Softmax activation function to classify
images into their respective categories. Customized classification layers are essential for the reliable
identification of road anomalies in various models. The preprocessed training dataset has been used to
train these models. The performance of the trained models has been appropriately evaluated using the
validation set. The model performance has been assessed, providing valuable insights into the models’
capabilities, through the creation and analysis of predictions for the validation data set. The feature
matrix from which the input features for the meta-classifier model are obtained is constructed using
the matching class labels and stacking predictions. Since road anomaly photos are mostly visual, it’s
imperative to effectively extract characteristics. An optimizer function is used to modify the weights
and learning rate of the model.
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Figure 5: The SERAD model is proposed for road anomaly detection

3.5 Tuning Hyper-Parameter and Model Optimization

In deep learning, hyperparameters are crucial for managing the learning process of the model
and need to be carefully adjusted. The model performance is greatly impacted by these factors, which
also affect the network design and training. Deep learning model development requires parameter
optimization since optimized hyperparameters improve performance. Models with fewer weights and
parameters are frequently designed to get the highest accuracy. It might be difficult to choose the
ideal hyperparameters and calls for adjustment to experimental values. To train deep neural networks,
momentum, stochastic gradient descent, RMSprop, and Adam are popular optimization methods. For
the investigation, four pre-trained models were trained across 50 epochs with a fixed batch size. We
applied the Adam optimizer with fine-tuning parameters of learning rate, epochs, and batch size. The
actual loss function in all models used was categorical cross-entropy, with an additional 0.2 dropout
rate to overcome the overfitting issue. The meta-learner conceived fully connected neural architecture
and was trained with feature vectors from the foundational models across 50 epochs with a batch size
of 64. The features from RMSProp and SGD were incorporated by the meta-learner using the Adam
optimizer along with a learning rate of 1r-3. L2 regularization was used during training to further
address overfitting, with a coefficient of 1r-4.
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4 Evaluation and Performance

We evaluated the proposed approach on the benchmark datasets that are commonly used for
classifying different types of road anomalies.

4.1 Experimental Setup

Hardware architectures are crucial for efficient model training, particularly in deep learning,
where high-level libraries like TensorFlow handle computationally intensive tasks. NVIDIA was
chosen for its superior support for deep learning computations, with all evaluations performed using
an NVIDIA GeForce RTX 3080 GPU.

The neural network architecture was implemented in Python, using Keras and TensorFlow
frameworks. The approach was evaluated using metrics such as accuracy, confusion matrix, and ROC
curve, with results compared against state-of-the-art methods for each dataset.

4.2 Evaluation Metrics

To measure the efficiency of the SERAD model, we adopted some key performances such as
ROC curve, confusion matrix, Fl-score, accuracy, precision, and recall. We measured the model
performance by examining the true positives (positives that are correctly recognized), false positives
(positives that are wrongly identified), true negatives (negatives that are correctly identified), and false
negatives (negatives that are incorrectly identified). The results show that the SERAD model is more
effective in detecting road anomalies.

TP + TN
Accuracy (%) = * x 100 (2)
TP+ FP+ TN + FN
TP
Precision = ——— 3
recision TP + FP 3)
TP
Recall = ————— 4
= TP EN @
Fl — score — 3 x Precision x Recall 5)

Precision + Recall

4.3 Result Analysis of SERAD Ensemble Model

This section presented the CNN base models and SER AD model efficiency comparison to identify
different types of road anomalies. The accuracy learning curve produced by each base model is
displayed in Fig. 6. The suggested model training accuracy has been increasing quickly with every
epoch. The proposed model’s loss values do not change considerably as shown in Fig. 7, indicating the
model converges effectively and does not show signs of under-fitting. A comparison study between the
proposed model and the base models was done to confirm the efficiency of the suggested model. The
findings are displayed in Table 2, along with the proposed SERAD model’s quantitative outcomes and
the performance of each model in terms of F1-score, accuracy, recall, and precision.
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Figure 6: Training and validation accuracy of the SERAD model
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Figure 7: Training and validation loss of the SERAD model
Table 2: Comparing the performance of the SERAD model with base models of CNN
Model Class Precision (%)  Recall (%) F1-score (%) Accuracy (%)
VGGI19 Accident 89.1 88.2 88.3 88.3
Car fire 85.2 80.3 89.4
Fighting 86.1 88.3 87.4
Snatching 89.1 89.2 89.3
InceptionV3 Accident 91.2 90.5 914 91.5
Car fire 90.1 90.5 90.2
Fighting 89.2 90.4 91.5
Snatching 92.4 91.3 90.3

(Continued)
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Table 2 (continued)

Model Class Precision (%) Recall (%) F1-score (%) Accuracy (%)
MobileNetV2 Accident 93.7 94 .4 94 .4 93.6
Car fire 92.7 92.5 93.5

Fighting 92.6 93.6 92.6
Snatching 93.5 93.5 93.5
ResNet50 Accident 95.2 95.3 95.3 95.3
Car fire 96.3 95.2 94.2
Fighting 95.2 94.2 95.1
Snatching 94.3 94.2 95.1
DenseNet201 Accident 96.2 96.5 96.5 96.6
Car fire 954 96.4 97.5
Fighting 96.5 96.4 95.5
Snatching 95.5 95.2 96.6
Proposed Accident 98.5 98.4 98.3 98.7
(SERAD) Car fire 98.7 98.5 98.4
Fighting 98.8 98.6 98.5
Snatching 98.5 98.5 98.6

The VGG19 base model presented the declined performance on the RAD dataset, reaching an
average of precision, recall, F1-score, and accuracy are 88.5%, 89.1%, 88.6%, and 89.9%, respectively.
The InceptionV3 base model achieved an average precision, recall, F1-score, and accuracy are 92.2%,
93.7%, 92.5%, and 93.8%, respectively. The ResNet50 has a remarkable average of precision, recall,
F1-score, and accuracy at 96.5%, 96.8%, 96.2%, and 96.9%, respectively. Each model we utilized in
the study performed efficiently on its own. To capitalize on each model’s advantages, therefore we
chose to integrate them using the stack ensemble learning approach. The suggested model had the
best performance with an average of precision 98.3%, recall of 98.5%, F1-score 98.3%, and accuracy
of 98.7%, respectively.

The proposed model surpasses in generalization compared to other models. Analysis of the
SERAD confusion matrix vs. individual pre-trained models shows correct execution and reduced
misclassification presented in Fig. 8. The framework of SERAD seems to be great for classifying road
anomaly images from video into many classes. Stability is efficiently evaluated using the ROC (Receiver
Operating Characteristic) curve presented to measure model performance.
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Figure 8: Confusion matrix of the individual model and the proposed SERAD model

The true-positive and false-positive rates in a model are balanced by the ROC curve as seen in
Fig. 9. The ROC curves and AUC scores for each class of the base models (VGG19, InceptionV3,
and ResNet50) were utilized in the deep stack ensemble as well as the proposed SERAD model. The
SERAD model demonstrated stability in categorizing road anomaly images, as seen by its perfect AUC
of 1 for fighting, 0.98 for accidents, 0.99 for car fires, and 0.93 for snatching.
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Figure 9: ROC Curve of the individual model and the proposed SERAD model

To evaluate the trained model, we tested the model on the unseen dataset of different videos. We
tested a video into the model individually and evaluated the results. The implementation repeated the
input videos on a screen, labeling each frame with the detected label as illustrated in Fig. 10. In the first
scene, we tested a video of a car accident where the video resolution was low but the model correctly
recognized accident activity with class label 0. In the second situation, we tested a video of a car fire on
the road in daylight. The model correctly identified the car fire with a class label. In the third scenario,
we tested a video demonstrating fighting on the road in the crowd. The model correctly recognized the
fight scene with class label 2. In the fourth situation, we tested a video of a suspicious action where a
person was holding a small gun to perform a suspicious act. The model correctly identified the action
as snatching, assigning it a class label of 3.
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Figure 10: The test results of the proposed SERAD model

4.4 Ablation Experiment

The deep learning models enhanced the interpretability for the classification of road anomalies.
We used enhanced visualization techniques named Gradient-weighted Class Activation Mapping
(Grad-CAM). Grad-CAM uses the gradients of the output of the model for a target class and flows
into the final convolutional layer to generate a coarse localization map emphasizing the important
areas in the image for forecasting. Finally, the convolutional layer captures high-level features in the
image that are crucial for making predictions. Grad-CAM can enhance trust in automated systems.
The Grad-CAM visualization of the suggested model is shown in Fig. 11. Grad-CAM is utilized in
this model to generate heatmaps that highlight the important areas influencing classification choices.
It focuses on gradients that go through the last convolutional layers and represent certain classes like
collisions, vehicle fires, combat, and grabbing at gunpoint.

4.5 Comparative Analysis

This section compares SERAD with other deep learning methods, demonstrating its superior
performance in recognizing road anomalies. A performance comparison of SERAD and individual
CNN base models for road anomaly detection and classification is shown in Table 3. The SERAD
model has better accuracy compared to earlier studies. The combination of three different deep
convolutional neural networks increased the accuracy and reduced the classification errors. This
deep layer of the meta-learner enhanced the ability of the model to learn unique aspects of road
anomalies. Its classification performance is further improved by batch normalization and dropout,
which expedites training and lessens overfitting issues. These additional layers, which also yield notable
performance benefits, set the SERAD model apart from conventional ensemble networks.
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Table 3: Comparison with prior studies

Reference Deep learning model Accuracy (%)
[47] You Only Look Once (YOLOVS) 86.8
[48] YOLOVS 95.5
[49] YOLOvV7 93.1
[50] Decision Tree, XGBoost 84.5
[51] MobilNetV2 and LSTM 82.2 and 81.3
Proposed SERAD Stack Ensemble (VGG19, InceptionV3, 98.7

and ResNet50) 4+ Data Augmentation

5 Conclusion, Limitations, and Future Work

The main objective of this study is to develop an artificial intelligence (Al) system that can auto-
matically detect various types of road anomalies without misclassification. There are three pre-trained
CNN models VGGI19, InceptionV3, and ResNet50 that make up the deep stack ensemble learning
model named SERAD to identify the four types of road anomalies. Therefore, a custom dataset was
developed by collecting information from diverse city locations using CCTV cameras and social media
sources, focusing on four different types of road abnormalities such as road accidents, fighting, car
fires, and snatching. We used data augmentation techniques including rotation, shear, zoom, and
flipping throughout the training phase since we saw there was a need for extra data. Experimental
results exhibit that the proposed SERAD model achieved a remarkable classification accuracy of
98.7%. This indicates that SERAD significantly enhances the performance of the individual CNN
models. The model has some limitations to accurately detect and classify road anomalies in adverse
weather situations, such as snow, rain, and fog. These factors can reduce the visibility of image quality
which could lead to a decrease in the model efficiency.

The future work will focus on refining the road incident detection systems. This includes
implementing advanced algorithms, such as Vision Transformer (ViT) techniques [52] that can better
recognize moving obstacles and genuine road incidents, as well as traffic patterns. Additionally,
creating algorithms sensitive to environmental disturbance can assist in guaranteeing that scenes are
still comprehensible even when the outside world changes. In a variety of real-world scenarios, these
developments are intended to increase the accuracy and dependability of road anomaly detection
systems.
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