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Abstract— This paper presents a novel model designed to enhance the safety and reliability of 
autonomous vehicles operating in challenging environments. The proposed approach integrates 
the GMAN and Parallel Networks to effectively extract and process features from input images, 
enabling accurate object detection and classification. Extensive experiments were conducted 
using a diverse dataset that simulated various real-world driving conditions, including adverse 
weather, low visibility, and heavy traffic. The model demonstrated strong performance, 
achieving an accuracy of 98.03%, precision of 98.03%, recall of 98.03%, and an F1 score of 
98.03%. The model’s loss was minimized to 13.26%, and it achieved an Area Under the Curve 
(AUC) of 98.18%, indicating its exceptional ability to differentiate between objects. These 
results suggest that the proposed model has significant potential for improving the safety and 
dependability of autonomous vehicles, particularly in complex and dynamic driving 
environments. Future work will explore the model’s deployment in real-world scenarios to 
further validate its effectiveness. 
 
Index Terms—Object detection, Deep learning, Autonomous Vehicles, Adverse Weather 
Conditions, Computer Vision. 

I. INTRODUCTION 

Object detection is an essential part of computer vision as it entails finding and describing things in a video or 
picture. For computers to be able to interpret visual information, it is a necessary component. Autonomous cars 
rely on object detection to identify possible hazards such as other vehicles, pedestrians, road signs, and other 
objects in their environment. Autonomous cars cannot safely move, make judgements, or react to their 
surroundings without this capacity. Object detection is useful in many different fields. Autonomous vehicles 
aren't the only ones that use it; it also helps with security systems, medical image analysis, robotics, retail 
(automated checkout and inventory management), and augmented reality (blending virtual and real-world 
environments). One area where object detection has proven to be especially useful is in the realm of autonomous 
cars. Important driving functions including lane-keeping, avoiding collisions, and following traffic signals rely 
on the vehicle's ability to perceive and understand road objects. 
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Object detection makes use of a number of techniques at the moment, with deep learning leading the pack. 
Famous for its capacity to automatically learn hierarchical information from pictures, Convolutional Neural 
Networks (CNNs) are among the most used approaches. Object identification has been greatly enhanced in both 
speed and accuracy by popular variations of convolutional neural networks (CNNs), such as region-based CNNs 
(R-CNN), Fast R-CNN, and Faster R-CNN. Furthermore, real-time detection is a typical use case for single-shot 
detectors such as YOLO (You Only Look Once) and SSD (Single Shot MultiBox Detector). Recent work by 
DETR (DEtection TRansformers) and other transformer-based models has demonstrated that they can 
significantly enhance detection performance. Even with all these improvements, autonomous vehicle object 
identification is still not easy, especially in complicated surroundings or when the weather is bad. 
This project aims to do two things: first, to investigate and evaluate the different object recognition algorithms 
used by autonomous cars; and second, to draw conclusions about where previous work should be improved, 
specifically with regard to the real-time perception of objects. It is critical to comprehend the efficacy of present 
detection systems and identify areas for improvement since autonomous cars are about to transform 
transportation. The purpose of this study is to shed light on possible future research directions and present a full 
overview of the current methodologies by evaluating the literature from 2014 to 2024. 
Adapting to the inherent unpredictability and diversity of real-world settings is a key difficulty in autonomous 
vehicle object detection. Object detection systems are vulnerable to the effects of inclement weather, including 
precipitation, haze, snow, and glare. Some environmental factors might make objects more difficult to identify; 
for instance, dense fog or rain can obstruct visibility, and sun glare can produce visual artefacts that throw off the 
identification algorithm. The process becomes much harder due to the variety of items on the road, which 
includes both static and moving parts. To operate safely in real-time, autonomous cars need to be able to identify 
objects of varying sizes, shapes, and locations. 
The accessibility and reliability of training data is an additional obstacle. The impressive object recognition 
results achieved by deep learning models are largely due to their reliance on massive, annotated datasets. It can 
be challenging, nevertheless, to acquire broad and representative datasets that cover a range of weather and 
traffic events. To tackle this, researchers are looking into domain adaptation approaches and synthetic data 
generation, but so far, they haven't been able to achieve the degree of resilience needed for real-world 
deployment. 
The significance of this subject in developing autonomous vehicle technology led to its selection. As the day of 
fully autonomous vehicles draws near, the most important thing is to make sure they are safe and reliable. A vital 
part of this endeavor is object detection as it affects the vehicle's perceptual and responsive capabilities. 
Problems caused by the weather are especially worrisome since they might cause detection failures, which in 
turn can cause accidents. The purpose of this work is to add to the continuing endeavors to make autonomous 
cars more reliable and resilient by concentrating on deep learning methods for object recognition in bad weather. 
Future improvements in this discipline can be guided by understanding the strengths and limits of present 
methodologies and identifying research needs. This research aims to guarantee that autonomous cars can safely 
and successfully navigate through any road condition. 

II. LITERATURE REVIEW 

Object identification in autonomous cars has been the subject of a great deal of research in the field of deep 
learning in recent years. The foundation was built by early technologies like R-CNN and its variations, which 
improved detection accuracy but frequently sacrificed speed. Autonomous systems that need to make decisions 
on the fly can benefit from single-shot detectors such as SSD and YOLO because to their superior real-time 
detection capabilities. The detection performance limits have been further pushed by more modern transformer-
based models such as DETR. Despite these improvements, dealing with bad weather is still a concern, so 
researchers are keeping busy trying to find ways to make things more reliable and resilient in the real world. 

A. Observation Table 

In Table 1, the first column lists the names of all the authors. The second column includes pertinent 
characteristics such the year of publication, the type of technique and algorithm employed, and the object 
identification strategy (e.g., CNN, R-CNN, YOLO, transformer-based models). The table also contains details on 
the datasets utilized for training and assessing deep learning models, as well as information about the particular 
issues tackled, such as dealing with bad weather. 
Because high-quality and diverse datasets are crucial to the success of object identification algorithms, we 
looked at the datasets used by these models in the chosen research papers. Not only were datasets used to assess 
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the models, but a variety of performance indicators were also considered. Metrics that evaluate the efficacy of 
object identification algorithms in practical settings include F1-score, recall, accuracy, and precision. A thorough 
comparison of the methods in various settings, including bad weather scenarios, was made possible by the 
explicitly reported performance measures across all the articles 

TABLE I. OBSERVATIONS ON METHODS, DATASET AND RESULTS 

Author 
Name 

Year Method used Dataset used Performance Matrices Value 

Mohannad 
Farag 

2019 KSSnet SCARA Precision 100% 

Dimitrios 
Meimetis 

2021 Modified Deep SORT, YOLO UA-DETRAC Precision 98% 

Yanfen Li 2020 Optimized YOLOv4 An elaborate self-
driving dataset with 
multiple subsets 

Parameter Reduction of YOLOv4 74% 

Joseph 
Redmon 

2016 Fast R-CNN COCO dataset Mean Average Precision (mAP) 71.6 

Tibor Péter 
Kapusi 

2019 YOLOv3, Faster R-CNN Aerial photographs 
of road intersections 

IoU 0.95 

Antoine 
Mauri 

2020 MADNet, YOLOv3, SORT KITTI dataset RMSE 4.648 

William 
Tarimo 

2020 YOLOv3-ResNet Self-created Mean Average Precision (mAP) 78% 

Aysegül 
Uçar 

2016 CNN, BOW approach, Pre-trained 
AlexNet 

Caltech-101 Accuracy 92.8% 

Xiangdi 
Yue 

2024 YOLOv8 KITTI, ACDC Accuracy 71% 

Jian Wei 2019 Deconvolution and fusion of CNN, 
Soft Non-Maximal Suppression 
(NMS) 

KITTI AP (Average Precision) 81.17% 

Chandan G 2018 Combination of SSD (Single Shot 
Detector) and MobileNets 

Frames captured 
from camera 

Accuracy 99% 

Reagan L. 
Galvez 

2018 Faster Region-based Convolutional 
Neural Network (Faster R-CNN) with 
InceptionV2. 

Images of persons 
and quadrotors, with 
training images 
extracted from 
personal videos and 
testing images 
sourced from the 
internet 

Mean Average Precision mAP 
(IoU = 0.50) 

0.817 

Aysxegu¨ 
Ucar 

2017 Pre-trained AlexNet, CNN 
architecture with SVM 

Caltech-101, 
Caltech Pedestrian 

Accuracy 89.8% 

Noor Ul 
AinTahir 

2020 Modified YOLOv3 Video from robot’s 
camera 

mAP50 (Mean Average Precision 
at IoU = 0.50) 

48.984 

Teena 
Sharma 

2024 YOLOv8 Canadian Vehicle 
Dataset 

Accuracy 86% 

Maximilian 
Fink 

2019 Single Shot MultiBox Detector (SSD), 
SSD2 Architecture 

KITTI, Caltech, 
Udacity Dataset 

mAP 78.18% 

B. Research Gap 

There have been great strides in using deep learning for autonomous vehicle object identification, but there are 
still a number of knowledge gaps that prevent completely trustworthy systems from being developed. There is a 
significant deficiency of extensive datasets that account for various real-world driving circumstances, especially 
in cases of severe weather.  
There is a lack of information about how models function in bad weather, including severe rain, fog, or snow, 
even if datasets like KITTI and Caltech are often utilised.  
This is because these sources mostly concentrate on typical driving circumstances. While the Canadian Vehicle 
Dataset (CVD) does help with this, additional varied and internationally representative datasets are still required. 
The computational efficiency of deep learning models is another area where research is lacking.  
Algorithms like YOLO and SSD have improved real-time detection, but they frequently sacrifice accuracy for 
speed. In contrast, on-vehicle systems and other resource-constrained contexts cannot support more accurate 
models like Faster R-CNN because to their high processing cost. More study is required to find the sweet spot 
where speed and accuracy may coexist without sacrificing either. 
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It is also not well-studied how to increase resilience by combining several detection techniques. The majority of 
research only looks at single methods, rather than hybrid strategies that combine the best features of several 
models. More effective solutions may be possible via combining techniques such as convolutional neural 
networks (CNNs) for feature. 

III. RESEARCH METHODOLOGY 

The proposed architecture for dehazing images utilizes a dual-branch approach, as illustrated in the flowchart. 
The process begins with an Input Hazy Image that branches into two parallel networks: the GMAN Network and 
the Parallel Network. 
The GMAN Network first processes the image through a series of Convolutional Layers, which extract features 
from the hazy image. These layers are followed by Encoding Layers that down sample the image, capturing 
important features at different scales. Next, the network applies Residual Blocks, which are designed to refine 
the features by learning the residuals or differences from the input features. Finally, Decoding Layers are used to 
up sample the features back to the original image size. 
Simultaneously, the Parallel Network processes the same input image using Dilated Convolutions. This 
technique allows the network to capture a broader context without losing the resolution of the features, which is 
crucial for addressing the haze present in the image. 
After both networks have processed the image, their outputs are combined to produce the final Dehazed Image. 
This combined approach leverages the strengths of both networks: the GMAN Network's ability to extract and 
refine features and the Parallel Network's capacity to capture wide contextual information through dilation 
extraction with YOLO for real-time detection or by merging R-CNN with SSD for increased speed and accuracy. 
Furthermore, bikers, wildlife, and road hazards have received less attention in the studies compared to vehicles 
and pedestrians. Autonomous systems may be more dependable under varied driving conditions if their detection 
range was extended to encompass a broader range of objects. 
To move the industry forward and create autonomous driving object detection systems that are more powerful, 
precise, and dependable, it is essential to fill these shortcomings. 

 

A. Dataset Used 

In this research, we utilized the Dehaze dataset, which is publicly available on Kaggle. The dataset consists of 
840 original images and 13,023 hazy images, providing a comprehensive collection of scenes captured under 
various hazy conditions. This large and diverse dataset allowed us to thoroughly evaluate our model's ability to 
detect and classify objects in low-visibility scenarios, simulating real-world driving conditions where visibility is 
often compromised. The dataset's variety ensures that our model is robust and capable of performing effectively 
in challenging environments. 
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B. Module 1 Input Hazy Image 

The initial step in the proposed architecture involves handling the input hazy image, which serves as the 
foundation for all subsequent processing. This step is crucial as it ensures that the image is prepared in a format 
that can be effectively processed by the deep learning networks. 

Loading the Input Image 
The hazy image is first loaded into the system, where it undergoes a series of checks and adjustments to ensure it 
meets the requirements of the network. This step involves converting the image into a suitable data format and 
ensuring that it is ready for further processing. Properly loading the image is essential to maintain the integrity of 
the data and to avoid any issues during subsequent stages of the architecture. 

Preprocessing 
Preprocessing is a critical stage where the image is transformed to match the expected input specifications of the 
model.  
This involves applying normalization to adjust the pixel values, ensuring that they fall within a specific range, 
typically between 0 and 1. Resizing is also performed to ensure that the image dimensions align with the input 
size required by the network.  
These preprocessing steps are vital for optimizing the model's performance, as they help in reducing 
computational load while preserving essential image features that are important for dehazing. 

C. Module 2 GMAN Network 

The GMAN (Generic Multi-scale Attention Network) Network plays a crucial role in extracting and refining 
features from the input image, facilitating advanced image analysis and understanding. 

Convolution Layers 
The initial convolution layers in the GMAN Network are fundamental for extracting essential features from the 
input image.  
These layers operate by applying a series of convolutional filters, which are designed to detect various low-level 
features such as edges, textures, and patterns.  
By sliding these filters across the image, the network is able to identify and capture crucial information about the 
image’s structure and content at a granular level. This process is essential for distinguishing different elements 
within the image and forms the basis for more complex feature extraction in subsequent layers. 

Encoding Layers 
Following the convolution layers, the network employs encoding layers to down-sample the features. This down 
sampling process reduces the spatial dimensions of the image while preserving important information. By 
progressively decreasing the resolution of the feature maps, encoding layers allow the network to capture and 
retain high-level semantic information from the image. This approach is advantageous as it enables the network 
to handle variations in the input image effectively, maintaining the ability to recognize and interpret features at 
different scales. This down sampling process also aids in reducing computational complexity and enhancing the 
network's efficiency. 

Residual Blocks 
To further refine the extracted features, residual blocks are incorporated into the network. These blocks are 
designed to learn the residuals or differences between successive layers, which helps in addressing the vanishing 
gradient problem often encountered in deep neural networks.  
By focusing on the residuals, the network can effectively learn and adjust the feature representations, thereby 
ensuring that the learning process remains robust even as the network's depth increases.  
This technique significantly enhances the network’s ability to capture complex features and improve overall 
performance. 

Decoding Layers 
In the final stage of feature refinement, decoding layers are used to up-sample the encoded features. This up-
sampling process reconstructs the image’s original dimensions, effectively transforming the abstracted features 
back into a format that aligns with the input image’s size. 
The decoding layers prepare the refined features for integration with the output from the Parallel Network.  
This step is crucial for synthesizing the information extracted and processed by the GMAN Network, ensuring 
that the final output is coherent and accurately reflects the input image’s content. 
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D. Module 3 Parallel Network 

The Parallel Network is designed to process the same input image using dilated convolutions, a technique that is 
instrumental in capturing a broader context and enhancing the network’s ability to analyze complex visual 
information. 

Dilated Convolutions 
In the Parallel Network, dilated convolutions are utilized to expand the receptive field of the network without 
compromising the resolution of the input image. Unlike standard convolutions that slide over the image with a 
fixed kernel size, dilated convolutions introduce gaps between the kernel elements, allowing the network to 
cover a larger area 

 
Figure2. GMAN Network Architecture 

 
Fig. 3 Parallel Network Architecture 

E. Module 4 Combining Outputs 

Once both networks have processed the image, their outputs are combined to produce the final dehazed image. 
The features extracted by the GMAN and Parallel Networks are merged to obtain a more comprehensive 
understanding of the input image of the image in a single pass. This expansion enables the network to gather and 
integrate information from a more extensive context, which is particularly beneficial for addressing challenges 
such as haze and other visual obstructions. 
By employing dilated convolutions, the Parallel Network can effectively analyze and interpret features from a 
broader spatial range, thereby enhancing its capability to recognize patterns and contextual details that might 
otherwise be missed with conventional convolutional methods. This approach ensures that the network maintains 
high-resolution details while also capturing essential information from distant parts of the image, leading to more 
accurate and robust image processing outcomes. 
This combination leverages the strengths of both networks, ensuring that the final dehazed image is of high 
quality. The final dehazed image is generated from the combined output, removing the haze and improving the 
clarity and visibility of the original image. 

IV.  EXPERIMENT RESULTS 

To evaluate the performance of the proposed model for enhancing the safety and reliability of utonomous 
vehicles in challenging conditions, we conducted experiments using a diverse dataset that simulated various real-
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world driving scenarios. These scenarios included clear weather, heavy fog, night-time driving, and urban 
environments with dense traffic. During testing, we extracted individual frames and processed them through our 
GMAN and Parallel Networks in real-time to detect and classify objects. We utilized several evaluation metrics 
to assess the model's effectiveness, including accuracy, precision, recall, F1 score, and Area Under the Curve 
(AUC), ensuring a comprehensive evaluation of the model's performance across different conditions. 

A. Accuracy 

Accuracy is a key metric that evaluates the ratio of correctly identified instances to the overall number of 
instances. In our case, the model achieved an accuracy of 98.03%, which signifies that 98.03% of the predictions 
made by the model were correct. This high accuracy underscores the model's effectiveness in classifying the 
input images-correctly. 

 
Graph. 1 Accuracy of proposed model 

B. Precision 

Precision quantifies the number of true positive predictions divided by the number of true positive and false 
positive predictions. Our model achieved a precision of 98.03%, indicating that when the model predicted a 
positive class, it was correct 98.03% of the time. This high precision suggests that the model is highly reliable in 
its positive predictions. 

 
Graph. 2 Precision of Proposed model 

C. F-score 

The F-score (or F1-score) is the harmonic mean of precision and recall, providing a single metric that balances 
both aspects. It is especially useful when there is a need to balance precision and recall. Our model achieved an 
F-score of 98.03%, reflecting a strong balance between precision and recall. This result shows that the model 
performs well in maintaining both high accuracy in positive predictions and completeness in detecting positive 
instances. 
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Graph. 3 F-score of proposed model 

D. Loss 

Loss measures the difference between the model's predictions and the actual labels, indicating how well the 
model is learning from the data. A reduced loss value indicates improved performance of the model. Our model 
achieved a loss of 13.26%, indicating that the model's 
predictions were quite close to the actual values during training. This relatively low loss value demonstrates 
successful training and convergence of the model. 

 
Graph. 4 Loss of proposed model 

E. Area Under Curve (AUC) 

The AUC metric evaluates the model's ability to distinguish between different classes across various thresholds. 
It is a measure of the model's overall performance in classification tasks. Our model achieved an AUC of 
98.18%, which indicates its exceptional capacity to differentiate between different objects under varied 
conditions. A high AUC value signifies that the model performs exceptionally well in distinguishing between 
positive and negative instances. 

 
Graph. 5 AUC of proposed model 
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V.  CONCLUSION 

In this research, we proposed and evaluated a novel model for enhancing the safety and reliability of autonomous 
vehicles in challenging environments. Our model, combining the GMAN and Parallel Networks, demonstrated 
exceptional performance across various evaluation metrics. The model achieved an accuracy of 98.03%, 
precision of 98.03%, recall of 98.03%, and an F1 score of 98.03%, indicating a balanced and highly effective 
classification capability. Additionally, the model's loss was minimized to 13.26%, showcasing successful 
training and convergence. The Area Under the Curve (AUC) of 98.18% further underscored the model's ability 
to accurately distinguish between different objects under varied conditions. These results highlight the potential 
of our approach in improving the detection and classification of objects in autonomous driving systems, 
particularly in adverse situations such as low visibility or heavy traffic. The model's robust performance across 
all metrics suggests that it can significantly contribute to the development of safer and more reliable autonomous 
vehicles, reducing the risk of accidents and enhancing overall road safety. Future work will focus on further 
refining the model and testing it in real-world autonomous driving scenarios to validate its effectiveness and 
scalability. 

FUTURE SCOPE 

Several future directions can be pursued to enhance the proposed model and its application in autonomous 
driving systems. One key area is the real-world deployment of the model on autonomous vehicle platforms, 
allowing for live traffic evaluations. Expanding the dataset to include more diverse driving scenarios, such as 
extreme weather and rural roads, will help improve the model's robustness and generalizability. 
Integrating the model with other sensor data, like LiDAR and radar, could create a more comprehensive 
perception system, enhancing detection accuracy. Additionally, optimizing the model for real-time performance 
on edge devices will be essential for commercial deployment. Future work could also explore refining the 
network architectures, incorporating advanced training techniques, and addressing the ethical and safety 
considerations of deploying such models in real-world scenarios, ensuring compliance with regulatory standards. 
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