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Abstract—A traffic incident refers to any incidence or
situation that interrupts the regular movement of car traffic or
presents a hazard to individuals using the road. These incidents
comprise a wide range of accidents involving vehicles, including
rear-end crashes, head-on accidents, or side-impact crashes,
which can lead to trauma, destruction, or property damage.
This also includes vehicle failures caused by mechanical failures,
such as engine problems or flat tires, which render cars
immobile. The proposed paper has a state-of-the-art method for
categorizing traffic incidents, which combines two sophisticated
computer vision models: SegFormer and Faster R-CNN.
SegFormer, an advanced semantic segmentation feature, creates
detailed pixel-by-pixel classification maps of traffic scenes. This
feature facilitates the clear distinction of various traffic actions
and components. The final segmentation result offers a broad
understanding of the spatial arrangement and corresponding
information within the image. In addition, a Faster R-CNN for
object detection has outstanding performance in detecting and
categorizing distinct items such as automobiles and pedestrians.
In the segmented regions, faster R-CNN improves the detection
and classification of specific traffic-related items. The efficiency
of the proposed approach is measured using a collection of
traffic images, showing improved ability in identifying and
classifying several forms of traffic hazards. The findings
demonstrate that this hybrid method greatly surpasses
conventional single-model techniques, providing a more robust
and complete solution for the study and control of traffic
incidents.

Keywords—Traffic Incident, CNN, YOLO, SVM, SegFormer,
Faster R-CNN, SVM, RNN, LSTM.

I. INTRODUCTION

Traffic management and conserving road safety have
grown more problematic as metropolitan areas continue to
grow and as the number of vehicles on the road increases.
Traffic events, such as accidents, vehicle breakdowns, and
obstruction, prevent traffic movement, resulting in delays,
economic losses, and increased risks to public safety [1]. The
World Health Organization approximates that traffic accidents
take the lives of almost 1.3 million people each year, ranking
them among the leading causes of death worldwide [2].
Statistics from the National Highway Traffic Safety
Administration [3] in the United States show that more than 6
million road accidents take place per year, resulting in around
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40,000 deaths and countless injuries. Moreover, occurrences
like accidents and car breakdowns worsen traffic obstruction,
resulting in an annual cost of more than $87 billion to the U.S.
economy through decreased productivity and unnecessary fuel
consumption. The growth in the global number of vehicles
worsens these problems, especially in metropolitan regions
where traffic-related instabilities are most rigorous. These
data points highlight the immediate requirement for more
efficient traffic incident detection and classification
technologies to reduce their negative impact on road safety
and fuel economy. Conventional traffic management systems
[4] typically depend on manual monitoring and limited sensor
data, which can be slow, ineffective, and prone to
malfunctions. The development of complex computer vision
techniques has the potential to optimize and automate traffic
incident identification and classification, allowing for quick
and detailed reactions. Integrating advanced models such as
SegFormer [5] for semantic segmentation and Faster R-CNN
[6] for object recognition is an essential approach for
addressing the necessities of traffic incident management.
Existing approaches for traffic event identification and
categorization often rely on manual surveillance and
inadequate sensor systems, resulting in delayed reactions and
inaccurate results. Such conventional methods face
difficulties in delivering the level of specificity and accuracy
needed to efficiently handle complicated traffic situations,
especially in real time. An essential condition exists for more
complicated and automated systems capable of accurately
identifying and categorizing different forms of traffic
accidents, therefore allowing more effective traffic control
and enhanced road safety. The objectives of the proposed
paper are as follows:

e A novel approach is proposed to improve traffic event
identification and categorization by encompassing
SegFormer and Faster R-CNN models. Employing
SegFormer's semantic segmentation to achieve exact
pixel-level categorization of traffic scenes.

e The objective is to utilize Faster R-CNN for accurate
object recognition and categorization in traffic scenes,
with a specific prominence on automobiles and other
relevant objects.
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e The goal is to test the proposed model's performance on
actual traffic statistics and compare its effectiveness with
conventional single-model methods.

e The aim is to enhance the precision and efficiency of
traffic incident detection, resulting in improved traffic
management and faster rescue efforts.

The proposed work introduces a new method for
classifying traffic incidents by combining two advanced
computer vision models, namely SegFormer and Faster R-
CNN. The main role is to combine the advantages of various
models to develop a system that is robust, with the ability to
understand circumstances in incredible detail and accurately
identify objects. The proposed method not only improves the
precision and efficiency of traffic event detection, but it also
enables the classification of different types of incidents in
complex traffic situations.

II. RELATED WORK

The detection and classification of traffic incidents have
been the subject of extensive study over the years. The need
to enhance traffic management systems, reduce congestion,
and boost road safety has motivated this research. Historical
methods for detecting traffic incidents mostly depended on
infrastructure-based devices, such as loop detectors, cameras,
and radar systems. These approaches' dependence on
stationary installations and their inability to provide real-
time, comprehensive incident analysis have limited their
effectiveness. People commonly employ -closed-circuit
television (CCTV) cameras for real-time traffic monitoring.
Despite its effectiveness in delivering visual data,
conventional video surveillance requires continuous human
supervision, making it labour-intensive and prone to human
error. Recent advancements in automated video analysis
systems have aimed at addressing this problem.

Advanced machine learning techniques such as Support
Vector Machines (SVM) and decision trees [7] were used to
identify traffic incidents through analyzing patterns of traffic
flow and data collected from sensors. These models were
capable of categorizing traffic conditions using
predetermined characteristics, but their dependence on
manually designed features and limited capacity to generalize
well across various traffic situations frequently constrained
them. Implementing automated traffic incident detection is
critical for ensuring road safety and optimizing traffic
management. However, the task of creating efficient models
becomes difficult when confronted with inadequate and
limited datasets. Hence, obtaining broad annotated datasets
for the purpose of training machine learning models presents
difficulties and involves significant costs, particularly in
instances in which incidences are few or diversified. Using
techniques for adding to data, like oversampling the minority
class or making fake data with tools like SMOTE (Synthetic
Minority Oversampling Technique), can help balance a
dataset. Moreover, advanced techniques, such as ensemble
methods or transfer learning, can be used to enhance the
performance of the model on limited and imbalanced
datasets. Implementing these techniques improves the
model's capacity for accurately recognizing traffic accidents,
even under difficult circumstances, which results in more
reliable and efficient traffic monitoring systems [8].

Ensemble learning techniques, like Random Forests and
Gradient Boosting, make event detection models more
resilient by combining several decision trees to cut down on
overfitting and improve accuracy. Convolutional Neural
Networks (CNNs) have improved traffic incident detection
by enabling the automatic learning of characteristics from
extensive datasets. Convolutional Neural Networks (CNNs)
have shown remarkable effectiveness in the analysis of traffic
images and videos, resulting in significant improvements in
the identification of traffic incidents. The integration of
Convolutional Neural Networks (CNNs) with a genetic
algorithm in a deep learning model presents a highly
promising method for reducing serious traffic accidents.
CNNs' excellent performance in processing and analyzing
visual data makes them well-suited for identifying patterns
and characteristics in traffic images or video. The model may
adjust the architecture and hyperparameters of the CNN by
including a genetic algorithm, ensuring that the network is
optimized for its best performance. This integration enables
the system to acquire knowledge from large volumes of
traffic data, revealing subtle indications that occur before
major incidents, such as driver conduct, vehicle paths, and
environmental circumstances [9].

Recurrent Neural Networks (RNNs) and Long Short-
Term Memory (LSTM) networks [10] have been used to
analyze sequential data, such as traffic videos, to capture
temporal dependencies. This enhanced approach improves
the detection of incidents that occur over time, such as the
increasing growth in traffic congestion. YOLO (You Only
Look Once) [11], along with comparable object identification
algorithms, have had an important impact on the field of
traffic incident detection. These models provide the
capability to detect and categorize many items
simultaneously in real-time, making them very suitable for
the identification of vehicles, pedestrians, and other
components involved in traffic incidents. Semantic
segmentation models such as UNet [12] have been employed
to give pixel-level categorization of traffic scenes, a critical
aspect in comprehending the context of traffic hazards.

The proposed work attempts to bring in some
important gaps and constraints in existing research, despite
significant advances in traffic incident detection using
computer vision and machine learning. An underlying
drawback lies in the management of imbalanced datasets,
which are characterized by rare accidents and breakdowns in
comparison to conventional traffic flow. The existing
approaches face difficulties with properly capturing these
important occurrences, resulting in reduced detection
accuracy and a higher number of false negatives [7].
Moreover, existing approaches frequently lack the capacity to
efficiently manage real-time data in dynamic traffic
environments, where factors such as weather conditions,
lighting fluctuations, and road layouts can significantly affect
model performance. Moreover, the dependence of several
existing methodologies on manually designed characteristics
or outdated detecting techniques limits their development and
modification to other geographical areas or traffic situations.
This work aims to close these gaps and enhance the precision
and resilience of traffic incident detection systems by
combining deep learning models such as SegFormer and
Faster R-CNN, real-time detection optimization, and the
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implementation of strategies to better handle imbalanced
data.

III. METHODOLOGY

The proposed work integrates SegFormer and Faster R-
CNN to create a robust system for real-time traffic incident
detection and categorization. First, the SegFormer model will
semantically divide traffic scenes and provide pixel-wise
categorization maps based on road environment context and
spatial information. This segmentation identifies vehicles,
pedestrians, and road infrastructure. SegFormer's output will
be used with Faster R-CNN's object detection to recognize and
classify traffic events' specific objects, such as vehicles in
accidents or obstructing traffic. Data augmentation will
address imbalanced datasets. The integrated model will be
trained and tested on available datasets using accuracy,
precision, recall, and Fl-score to determine its capacity to
detect important traffic incidents.

A. Data Collection

The Cityscapes dataset [8] is ideal for identifying traffic
incident situations and other traffic accidents in urban areas
since it offers detailed observations for vehicles, pedestrians,
road signs, and road surfaces. The dataset has a wide set of
images in different lighting and weather conditions, which
helps the process apply across conditions and detect problems
in real time throughout traffic circumstances. The Cityscapes
collection has 5,000 well-annotated images. The images from
50 cities range a diversity of weather, seasons, and urban
landscapes, making them useful for urban traffic analysis and
identifying incidents.

B. Augmentation

Data augmentation approaches can increase the robustness
of training data for Cityscapes dataset traffic incident
detection models. Random cropping and scaling [9]
impressionist camera angles and distances, allowing the
model to generalize across perspectives. In bad weather,
Gaussian noise [10] may replicate camera sensor activity, and
blurring can approximate vehicle motion blur. First, the image
is randomly cropped to simulate multiple viewpoints or
zoomed-in portions. Randomly scaling the image up or down
after cropping helps the model adjust to different object sizes
and camera distances. Finally, Gaussian noise improves
generalization by enabling the model to manage noisy
situations like low-light or cloudy images. People often
obstruct vehicles in traffic incidents. These augmentations
make the model more adaptive, enhancing its incident
detection.

C. Model Architecture

The proposed work employs a hybrid architecture that
integrates SegFormer and Faster R-CNN to detect and
categorize traffic incidents. Each model has a unique function
in analyzing the visual input, allowing precise semantic
segmentation and object detection for immediate
identification of traffic incidents. SegFormer is a conceptual
segmentation model that utilizes a hierarchical transformer-
based architecture. It employs multi-head self-attention to
analyze image areas, capturing both long-range dependencies
and multi-scale context. Fig. 1. shows the working of the
proposed architecture.

SEMANTIC SEGMENTATION (SEGFORMER)

PATCH TRANSFORMER
I_’ i [ I R o _l
(e INCIDENT
s DETECTION
BT —

Input Image

L FEATURE -
EXTRACTION

FASTER R-CNN

-'—'
Fig.1. Proposed Architecture

The input image I € RN*P , where N = g X% is the
number of patches and D is the embedding dimension.
I' = PatchEmbed (1) @))
LA
Where I' € RP™P
In multi-head special attention, each transform block for

input X € RVN*P | the query O, the key K, and the value V'
matrices are projected:

Q =XW, 2
K = XWy 3)
V=XW, 4
The attention mechanisms are computed as
- = &T)
Attention(Q,K,V) = softmax (m % (5)

Where D¥ is the dimension of the key vectors, andWy, Wy
and Wy, are the learned projection matrices. Following the
attention layer, a feed-forward network analyzes the output
data, which comprises two linear layers with a non-linear
activation function (GELU):

FFN(X) = Woo(W,X + b)) + b, (6)

Where W; and W, are the weights, b, and b, are biases,
and o is the GELU activation. At each stage, the hierarchical
transformer encoder reduces the resolution of the feature maps
Xi, Xo, X3, X4, resulting in the generation of multi-scale
features. Their combination yields comprehensive contextual
information for segmentation. The final segmentation map is
predicted by employing a lightweight multi-layer perceptron
(MLP) decoder to process the multi-scale information.

Segmentation Map = MLP(X1,X2,X3,X4) (7)

The result is a categorization of the image at the pixel level
into different traffic-related clusters, such as cars, pedestrians,
road signs, and so on. Combining region proposal networks
(RPN) with a classification and regression network based on
convolutional neural networks (CNNs), the Faster R-CNN
model is a way to find objects. The input image I €
RHXWX3 s initially processed by a convolutional neural
network (CNN), such as ResNet, in order to generate a feature
map F € RMPWr*3 | where H; and W, are the spatial
dimensions of the feature map and C is the cluster of channels.

F = CNN(I) (8)

The Region Proposal Network (RPN) generates candidate
object proposals by iteratively moving a tiny window across
the feature map F. The RPN operation generates a set of
anchor boxes with related classification scores. The
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classification score denotes the probability of an object being
present at the i anchor. Statistical bounding box regression
modifies the anchor boxes to optimize their fit with the given
objects:

B; = Anchor; +A B; ©)

Where A B; is the predicted adjustment for the i anchor box.
The ROI pooling technique extracts fixed-size features from
the feature map for each area proposal. The aggregated
features are subsequently fed into fully connected layers to
perform classification and bounding box regression. Object
Classification and Regression involves classifying each
proposed region into one of the object categories, such as
vehicle or pedestrian, and predicting a refinement of the
bounding box.

B, = FC(ROI Pooling(F, B;) (10)
C, = Softmax(FC(ROI Pooling(F, B;)) (11)

Where B, is the refined bounding box and C, is the
predicted class label. This hybrid architecture combines
accurate object detection with fine-grained scene knowledge
to improve traffic incident detection and enable robust
identification of various traffic occurrences. SegFormer
generates the segmentation map, and Faster R-CNN produces
the bounding boxes and labels. In contrast to Faster R-CNN,
which offers object-level data such as bounding boxes around
vehicles or pedestrians, the segmentation map provides pixel-
level context about the image (e.g., road sections,
automobiles). The system looks for abnormalities or
inconsistencies that could point to a traffic incident by
analyzing the segmentation map and the things it has
observed. The proposed architecture takes the best parts of
semantic segmentation (using SegFormer) and object
identification (using Faster R-CNN) and combines them to
find traffic events more accurately by looking at both the
whole image and individual objects. The proposed
architecture takes the best parts of semantic segmentation
(using SegFormer) and object identification (using Faster R-
CNN) and combines them to find traffic events more
accurately by looking at both the whole image and individual
objects. Fig. 2. Shows the sample output for traffic incident
classification.

Mo Accident Accident
T " - =

Fig.2 Traffic Incident Classification [19]

D. Need for Faster R-CNN

The Faster R-CNN was chosen for object detection due to
its superior performance in identifying multiple objects under
occlusion, which is common in real-world traffic incidents.
Unlike single-shot detectors like YOLO or SSD, Faster R-
CNN uses a Region Proposal Network (RPN) to generate

candidate object regions before classification and regression.
This allows for more accurate detection, especially in complex
or congested scenes where vehicles and pedestrians overlap or
are partially occluded.

IV. RESULTS AND DISCUSSIONS

A series of studies using both quantitative and qualitative
measures evaluated the efficiency of the proposed traffic
incident detection system. An evaluation of the system was
conducted using a benchmark dataset, which included
SegFormer for segmentation and Faster R-CNN for object
detection. The accuracy was calculated by examining its
ability to correctly identify and classify incidents in traffic
situations. Precision reduces false positives, which refer to
the wrong identification of traffic incidents. Recall reduces
false negatives, which refer to unrecognized incidents.
Experiencing a high recall rate is impotant in traffic incident
identification, as the incapability to identify actual incidents,
such as accidents, could result in safety threats or
interruptions in emergency response.

TP+TN

Accuracy = TP+TN+FP+FN (12)
Precision = —— (13)
TP+FP
Recall = ——~ (14)
TP+FN

A model makes a true positive (TP) prediction when it
correctly recognizes a traffic incident. False positives (FP)
occur when the model incorrectly calculates the presence of
an incident that is not actually present. True Negative (TN)
indicates the cases in which the model accurately calculates
the absence of a traffic incidence. When the model accurately
identifies the absence of a positive instance, it achieves a true
negative. False negatives (FN) are positive instances, such as
traffic incidents, that the model failed to correctly identify.
By combining SegFormer for semantic segmentation and
Faster R-CNN for object detection, the proposed hybrid
method offers big improvements and new ways of doing
things when it comes to finding traffic accidents. Some traffic
incident detection systems exclusively rely on convolutional
neural networks (CNNs) [11] for the purpose of object
detection and categorization. Typically, these approaches
prioritize the detection of automobiles, pedestrians, and
traffic aspects, but they generally lack an extensive
understanding of the surrounding environment. Traditional
convolutional neural networks (CNNs) [12] primarily
concentrate on bounding boxes and object detection.
However, the proposed method integrates both segmentation
and object detection, therefore enhancing the contextual
comprehension of traffic situations.

Designed for pixel-wise categorization and visual
comprehension, unsupervised segmentation models like
UNet [13] or PSPNet [14] lack the ability to distinguish
objects. The combination of Faster R-CNN with SegFormer
segmentation allows for both pixel-level perception and
object-level detection. This allows more accurate
identification of traffic incidents, mostly in vital traffic
environments. Although UNet segmentation models offer
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definite pixel-wise segmentation, it do not show the same
level of object detection and classification as Faster R-CNN.
YOLO [15] is a high-speed algorithm that holds both
segmentation (SegFormer) and object detection (Faster R-
CNN) to boost the accuracy of incident detection. This
feature allows the system to classify incidents even in
complex situations. The YOLO algorithm focuses on speed
and manages smaller section information. The proposed
method is more effective in identifying complex traffic
incidents as it combines pixel-wise context with object
detection.

A high-performance computer environment is required in
the experimental setup for the proposed traffic incident
detection system to effectively manage the complexity of the
deep learning methodologies. The equipment comprises an
Intel Xeon 32-core processor, 128GB RAM, and 2TB SSD
storage designed for efficient processing of huge databases
and rapid data retrieval. Software-wise, the system utilizes
deep learning models implemented in PyTorch 1.9.1, CUDA
11.1, and cuDNN 8.0 to enhance GPU-based efficiency. A
hybrid model for semantic segmentation and object
identification is trained using a dataset of 3500 images from
the Cityscapes collection. The images are categorized into
training, testing, and validation sets within a 7:2:1 ratio. In
all, a total of 2450 images are utilized for training, 700 images
for testing, and 350 images for validation. Random cropping,
scaling, and Gaussian noise are employed as data
augmentation methods to enhance the resilience of the model.
The Adam optimizer with early halting is used to train the
models, and their performance is evaluated using accuracy,
precision, and recall evaluation criteria. An evaluation was
conducted on the test dataset to evaluate the performance of
the hybrid system that combines SegFormer for semantic
segmentation and Faster R-CNN for object detection. The
evaluation was carried out using the following metrics:
accuracy, precision, and recall with the existing methods.
Table 1. Shows the comparative analysis of the proposd
system with the existing approach.

TABLE I. COMPARATIVE ANALYSIS OF THE EXISTING APPROACH WITH

THE PROPOSED WORK
Techniques Accuracy Precision Recall
GAN and TSSAE [16] 90.62% NA NA
SASYNO-RF-RSKNN [17] 95.7% 96.7% NA
YOLOVS5 and DeepSORT [1] 98.9% NA NA
K-NN and DTW [18] 90% NA NA
Proposed Work 98.7% 97.4% 93.6%

(VA The Performance metric was not calculated/Mentioned)

The training accuracy is dependent upon the particular
dataset and experimental methodology employed in the
proposed work. Training loss in models such as SegFormer
and Faster R-CNN measures the difference of the model's
predictions from the actual labels in the training data. When
combined, these losses would be responsible for the entire
training loss in such a hybrid model, representing both the
segmentation and detection performance. A lower training
loss implies that the model exhibits better acquisition of
information from the training data and enhances its accuracy

in prediction. Fig. 3. Shows the training accuracy and Fig. 4
training loss for the proposed work.

Accuracy

—— training accuracy
0.95 4 val_accuracy /\’\/_/
0.90 y

Accuracy
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Fig.3. Training Accuracy
Loss

= training loss
0.7 val_loss

0.6 1
0.57

0.4

loss

0.3 4

0.2 4

0.1+

T T T T T T T T
0.0 2.5 5.0 7.5 10.0 125 15.0 17.5
Epoch

Fig.4. Training Loss

The hybrid technique is evaluated using key metrics like
segmentation accuracy and object detection precision and
recall. Effective integration seeks to optimize incident
categorization by capitalizing on the advantages of both
models, potentially improving overall performance in
comparison to using each model independently. However,
the issues include managing computational complexity,
ensuring robustness in various traffic conditions, and
determining limits in handling occlusions or overlapping
incidents. Future research may investigate the optimization
of the integration process, conduct experiments using
supplementary data sources, and improve the model to
effectively manage complex and diverse traffic
circumstances.

Object Detection Enhancement Techniques:

¢ Anchor Box Optimization: Custom anchor box scales
and aspect ratios were tuned

e High-Resolution Feature Maps: The backbone CNN
used in Faster R-CNN was configured to retain higher
resolution feature maps, enhancing detection accuracy
of small or overlapping objects.

e Improved ROI Pooling: Adaptive ROI Align was used
instead of basic ROI Pooling to preserve spatial
alignment.
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