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ABSTRACT 
 

A critical question in the paper concerns the enhancement of safety, efficiency, and navigation in autonomous 
vehicles (AVs) in complex environments through combining deep learning techniques, namely Convolutional 
Neural Networks (CNNs) and Reinforcement Learning (RL). Object detection, sensor fusion, and path 
planning of the proposed hybrid structure are advanced as multi-modal sensors (using cameras, LiDAR, 
radars) are used to identify any object more precisely. The framework proved to have 96.5 percent accuracy 
in detecting objects, 29.9 percent less travel duration utilizing the RL-based path planning, 78.4 percent fewer 
collisions during normal weather, and a 55.4 percent drop in collisions during the bad-weather condition. The 
findings reaffirm the complementarity of RL with multi-sensor integration, which is a stronger solution than 
the traditional ones and has led to a considerable enhancement in AV performance in the real-world situation. 
Keywords: Autonomous Vehicles, Deep Learning, Reinforcement Learning, Sensor Fusion, Object 

Detection, Collision Avoidance 
 
1. INTRODUCTION  
 
Autonomous vehicles, or AVs, are one of the leading 
innovations in transportation technology and come 
with promises of improved road safety lines, 
increased revenue from traffic, and clean and green-
free roads. Over the years, autonomous driving, the 
process of self-operating vehicles without human 
contact, has seen plenty of progress. An example of 
such progress is the automation of advanced driver-
assistance systems like cruise and parking 
assistance, which are now trying to achieve complete 
automation in all environments: urban, rural, and 
highways. Full automation is still challenging 
because of the immense difficulty in adapting to the 
many driving conditions in the real world. This is 

because of the nature of driving, with all its sensory 
input and the endless environments that need to be 
analyzed piece by piece. Automatic decision-making 
needs to occur for very fast-changing apprehensible 
features [1]-[3]. 
We investigate the issues introduced by changing 
environments and the gap in AV, focusing on 
approaches using deep learning. In addition, the 
analyst looks at object recognition, the fusion of 
different sensors and the decision-making that 
allows the systems to move smoothly in the real 
world. The created framework uses CNNs and RL to 
manage sensor data and design effective navigation 
methods. Because of the model's flexibility and 
ongoing learning were intended to improve the 
current systems that lacked adequate performance in 
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rough weather and unusual driving situations [4], 
[5]. 
Experts have been digging into the use of deep 
learning algorithms for autonomous driving in recent 
times. Many methods have been suggested to deal 
with each aspect of AVs, such as seeing, deciding 
and planning paths. Visual, LiDAR and radar 
streams in AVs are used by perception systems to 
spot and identify objects, understand the area nearby 
and position the car in its surroundings [6], [7]. 
Using CNNs has become a keyway to increase AV 
perception systems' accuracy and trustworthiness. 
This has made CNNs useful for image recognition in 
various fields, such as road sign recognition and lane 
detection [8]. Also, integrating data from multiple 
sensors improves how accurately AVs detect their 
surroundings and act in more places [9], [10]. 
Recognizing what's around an AV is key, but 
planning the route helps it perform better. Graph 
search algorithms and rules in traditional planning 
have difficulty responding to environmental 
changes. Still, RL opens up an attractive possibility 
by allowing the car to learn to drive properly while 
interacting with everything in its environment [11]. 
Since RL will enable methods to understand, 
vehicles using these methods can easily avoid 
accidents in crowded traffic and deal with 
unexpected risks [12], [13]. 
However, numerous challenges remain despite the 
significant developments in deep learning and 
autonomous driving technologies. One of the most 
critical hurdles is ensuring that AVs can perform 
reliably and safely in all environmental conditions. 
Adverse weather, along with rain, fog, or snow, can 
severely degrade the overall performance of sensors 
and affect the vehicle’s potential to make accurate 
decisions. Additionally, the rare or edge-case event 
that arises infrequently in real-world driving 
scenarios challenges the generalization abilities of 
deep learning models. Moreover, whilst deep 
learning has been a success in enhancing unique 
obligations, which includes object detection, there is 
nevertheless restricted research on integrating more 
than one deep learning model to address the overall 
range of obligations required for AV operations, 
which includes perception selection-making, and 
route making plans [14, [15]. 
To address these challenges, we establish a new 
deep-learning model that makes AVs safer and 
simpler to operate in challenging and changing 
situations. We connect deep CNNs for perception 
with RL to plan a path and make decisions. The 
combined approach aims to boost how accurate 
object detection is and how quick and flexible 
decisions can be made in an uncertain environment. 

The importance of enhancing autonomous vehicle 
(AV) navigation and safety can hardly be 
overestimated. Due to the blistering progress of AV 
technologies, it is essential to have safe and 
dependable functionality in uncertain and variable 
settings to enable the massive deployment of the 
system. Proper implementation of these vehicles has 
the potential to decrease traffic accidents sharply, 
reduce traffic congestion, and reduce emissions. 
Such safe and efficient implementation of these 
vehicles is a most critical future consideration of 
transportation. 
The hypothesis in this paper is that it is possible to 
combine deep learning technologies, namely 
Convolutional Neural Networks (CNN), to detect 
objects and Reinforcement Learning (RL) to plan a 
path, thereby making autonomous vehicles safer, 
more efficient, and capable of navigation in dynamic 
and variable conditions. The proposed solution 
assumes that combining these methodologies will 
help enhance the detection of the surrounding 
objects and ensure the vehicle's ability to make safe 
and efficient decisions in real-time. 
Despite significant advancements, the present state 
of autonomous vehicle systems is not perfect in 
terms of their safe functioning in their unpredictable, 
dynamic surroundings. Actual field, in poor weather 
conditions and complicated traffic situations, tends 
to degrade performance. It is essential to have robust 
real-time decision-making and sensor fusion since 
the safety and efficiency of AV systems directly 
depend on those aspects. The solution to these two 
sets of issues will be needed to realize the 
widespread integration of autonomous vehicles. 
The paper aims to improve the safety, efficiency, and 
navigation of self-driving cars using the techniques 
of Deep Learning in both multi-modal sensor fusion 
settings and reinforcement learning in path planning 
scenarios. Nonetheless, the research does not cover 
car automatized action in any driving conditions or 
even bother to tackle all fringe situations like 
extreme weather conditions. To tackle dynamic, 
real-time obstacles, the first one is enhancing the 
performance of AV in both urban and rural 
environments. 
Self-driving cars can transform the transportation 
system, leading to a sharp decline in traffic-related 
fatalities and enhancing their efficiency, while 
minimizing the environmental impact. Yet there are 
still significant challenges with achieving full 
autonomy, particularly in complex environments. 
The necessity of proper perception, effective sensor 
fusion, and versatile decision-making systems has 
never been so vivid as a failure in those areas can be 
potentially disastrous. The issue, therefore, is finding 
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ways of enhancing such systems to perform better 
under dynamic and real-world scenarios. 
Organization of the Paper 

This paper follows this structure: Section 2 gives 
an overview of the related research, covering 
developments in autonomous car technology, such as 
perception, decision, sensor fusion, and path 
planning, emphasizing deep learning and 
reinforcement learning usage. Section 3 describes 
the methodology, covering the multi-modal sensor 
data integration for richer perception and 
reinforcement learning usage for path planning and 
decision-making. It also explains the dataset, 
architecture, and major algorithms employed. 
Section 4 delivers the results and discussion, wherein 
the experimental results are presented, with 
improvements in object detection and travel time, 
and the experimental results are explained, with 
enhancements in object detection, travel time, and 
collision avoidance, and the model’s resistance to 
bad weather conditions. Section 5 closes the paper 
by providing an overview of the results, discussing 
the deficiencies of the existing system, and 
suggesting venues for future research to improve the 
model’s performance in actual autonomous driving 
settings. 

2. RELATED WORK 

The steep progress in autonomous vehicles (AVs) 
has resulted from a synergy between technological 
advancements in sensor systems, machine learning 
algorithms, and control systems. Deep learning (DL) 
has acted as a basis to improve the functioning of 
AVs, especially in object detection, sensor fusion, 
path planning, and decision-making tasks. Here, we 
summarize the state-of-the-art research on deep 
learning for autonomous driving in significant areas 
like perception, decision-making, sensor fusion, and 
path planning. 
Figure 1 shows the significant ingredients of Deep 
Learning in Autonomous Vehicles. It falls into the 
most crucial aspects, such as End-to-End Learning is 
the part that enhances the decision-making of the 
whole vehicle; Perception and Object Detection, the 
autopilot detects all objects and obstacles; Sensor 
Fusion to improve vehicle consciousness by 
combining sensor sources of data; The Path Planning 
to determine the best way; and Safety and Reliability 
to ensure that the autopilot acts smoothly in any 
environment. All these parts operate simultaneously 
and enable the vehicle to move through different 
hard-comprising locations on its own. 
 

 
Figure 1: Deep Learning in Autonomous Vehicles 

 
2.1 Perception and Object Detection 
Autonomous driving systems must use perception so 
AVs can understand their environment and respond 
with data. In many studies, visual division used deep 
learning, with CNNs being the most popular among 
Convolutional neural networks. In that study [16], 
the authors introduced a new network for detecting 
objects live, supporting autonomous cars. Their 
approach used an extra-sensitive CNN trained on 
input from multiple cameras and successfully 
spotted pedestrians, cyclists and other vehicles. Ren 
et al. [17] tracked the improvement of object 
identification using a region-based CNN (R-CNN), 
which successfully spotted objects in many driving 
conditions like night and adverse weather. 
Deep learning and LiDAR technology have also 
attracted much attention. A team led by Li et al. [18] 
proposed a framework that uses deep learning to 
improve 3D object detection by integrating camera 
images with LiDAR point clouds. Because of the 
fusion technique, finding and identifying objects was 
easier even when either occlusion or bad lighting 
occurred. Apart from that, road scene segmentation 
uses deep learning to divide road areas to help in lane 
detection and sign recognition. 
Adding LiDAR sensors to deep learning has gained 
much attention. As an illustration, Li et al. [18] 
formulated a method that uses the relationship 
between camera images and LiDAR point clouds to 
identify objects in 3D spaces. The approach 
developed here improved localization and object 
classification, even when the scene or lighting was 
obstructed. Deep learning has also proved helpful in 
dividing road areas into scenes, with the division 
used for activities like lane identification and road 
sign detection [19]. 
 
2.2 Sensor Fusion and Multi-Modal Perception 
AV perception systems benefit from sensor fusion, 
which brings together surveillance and 
measurements from cameras, LiDAR, and radar. 



 
 Journal of Theoretical and Applied Information Technology 

31st October 2025. Vol.103. No.20 
©   Little Lion Scientific  

 
ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
8505 

 

With sensor fusion, you can use all the data points 
together to improve the way your robot perceives its 
environment. In [20], the authors developed a 
method that mixed LiDAR and camera signals using 
deep learning to improve both the detection and 
tracking of objects in autonomous driving. With 
their approach, remote sensing devices performed 
better in harsh conditions than using a single sensor. 
Li et al. [21] examined how a multi-stream network 
can be applied to AV sensor fusion. The multi-
stream approach was designed to handle feedback 
from several sensors and make features that improve 
the accuracy of perception. Integrating both camera 
and other sensor inputs improved obstacle detection 
and the ability of the system to steady its 
performance regardless of its environment. Sensor 
fusion algorithms are now being used to improve the 
prediction and tracking of obstacles since such data 
is crucial for making decisions in dynamic 
conditions. 
2.3 Path Planning and Decision-Making 
Since autonomous vehicles need to navigate, 
deciding on a route and avoiding problems is 
necessary. An essential issue in path planning is 
generating fast, effective, and safe routes in 
changing and uncertain settings. Several recent 
studies now rely on reinforcement learning to help 
AVs discover the most productive driving routines 
from interacting with the environment.  
Vazquez et al. [22] Made a significant difference. 
The authors applied deep reinforcement learning 
(DRL) to guiding autonomous vehicles in urban 
areas. The DRL model was designed to identify the 
best car routes, considering the traffic level, how 
road conditions change and how many pedestrians 
travel along them. The study found that the RL-
based approach was faster and safer than approaches 
such as Dijkstra’s algorithm and A* search strategy. 
For autonomous driving, Gupta et al. [23] designed 
a framework where the top layer plans the final 
route, and the bottom layer controls detail tasks such 
as changing lanes and speed changes. 
Though RL has exhibited much potential in path 
planning, there are still issues with ensuring that RL-
based systems can generalize to the real world. One 
of the methods used to address this challenge is using 
simulations in training, as suggested by Ha et al. 
[24]. They contributed to creating a simulation 
platform for AV training that would integrate road 
network dynamics and environmental uncertainties. 
The RL agent was trained in this simulation 
environment and later applied in the real world, 
where it could manage edge cases and unexpected 
driving scenarios efficiently. 

2.4 Reliability and Safety under Harsh 
Conditions 
Another key feature of autonomous vehicle driving 
is ensuring that the system is safe and reliable in 
many environmental situations, like rain, fog, and 
snow. In most instances, deep learning-based object 
detection and sensor fusion models can experience 
degraded performance when faced with such 
difficult conditions. To overcome this, several 
research works have investigated domain adaptation 
methods to enhance the robustness of AV systems 
under poor weather conditions. 
For instance, Zhao et al. [25] developed a model that 
identifies objects in all kinds of weather. The group 
used a challenging method to teach the model to 
recognize different features when the environment is 
not well-defined. In a similar way, Pang et al. [26] 
built a deep learning method using both camera and 
radar information to assist in perception when the air 
is wet and visibility is low. This form of sensing 
works better than conventional methods for 
detecting objects under challenging circumstances. 
2.5 End-to-End Learning for Self-Driving Cars 
Another critical research area is end-to-end learning, 
which trains a deep network to connect sensor data 
with the controls needed for operating the vehicle. In 
marked contrast to previous models, this way of 
thinking considers perception, decision-making, and 
control elements working closely together, not 
independently. The work in [27] describes using 
deep neural networks in cameras to process images 
and send steering, throttle and brake signals from 
them. Results from both computerized simulations 
and practical cases confirmed strong safety and 
performance. Thanks to end-to-end learning, the car 
can solve complex driving tasks and update its 
responses more easily. 
While end-to-end learning has shown great promise, 
its ability to work in new environments and edge 
conditions is still challenging. Researchers have 
complained that it is hard to understand how end-to-
end models make their decisions. It was found that 
recent studies used a mix of traditional and learning-
based techniques, which brought out the advantages 
of both approaches [28]. Improved wild horse 
optimizer with deep learning enabled battery 
management system for internet of things-based 
hybrid electric vehicles [29]. A fractal-enhanced 
chaotic Grey Wolf Optimizer combined with 
Differential Evolution has been proposed to improve 
the path planning efficiency and obstacle avoidance 
capabilities of unmanned marine vehicles. This 
hybrid approach leverages chaotic maps and fractal 
strategies to enhance global search ability and 
convergence speed in complex marine environments 
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[30]. A novel integration of enhanced optimization 
techniques with dilated-GRU networks has been 
employed to improve the efficiency and security of 
multi-access edge computing in the VANET 
domain. The proposed model also incorporates 
blockchain to ensure secure data transmission and 
integrity in vehicular networks, enabling reliable and 
scalable intelligent transportation systems [31]. 
The existing methods in the literature were 
compared with the findings of the current study. 
Multi-modal sensor fusion and reinforcement 
learning approach present a high percentage of 
object detection and reduction of collision with a 
significant rise in accuracy as opposed to the 
conventional method. In contrast to other traditional 
models used, including A* or Dijkstra Algorithm, 
which can hardly keep up with a changing 
environment, the proposed RL-based path planner is 
observed to experience a significant drop-in travel 
time and collision frequency, especially when faced 
with adverse weather conditions. The proposed 
system is superior to existing state-of-the-art 
methodologies because of these developments. 
When compared with the current established models, 
the proposed hybrid of having sensor fusion and 
reinforcement learning as a solution proves to be 
better than the most traditional ones. Notably, the 
multi-modal fusion model had shown an 
improvement in object detection accuracy when 
compared to single sensors (96.5 vs. 85.2, 57.1, and 
56.1 percent). Also, the RL-based model of path 
planning decreased travel times by 29.9% and 
collision incidence by 78.4%, which proves the 
effectiveness of the suggested approach in terms of 
its efficiency and safety under frequently changing 
conditions.  
 
3. METHODOLOGY 

We present an approach using a deep learning 
framework to enhance the safety and navigation 
tools of autonomous vehicles (AVs) in challenging 
situations. The system includes data from several 
sensors, a learning method for steering, and a 
decision system for instant navigation. We present 
comprehensive information about the training and 
test data, the framework structure, main equations, 
and the algorithms involved in the system. 
3.1 Dataset 
To help train and test the model, we built a dataset 
packed with images and sensor readings taken from 
several urban and rural areas; this allows the model 
to handle and combine different types of sensor data, 
including cameras, LiDAR, and radar. 
3.1.1 Dataset Explanation 

This work relies on a hybrid multi-model dataset of 
images captured by cameras, LiDAR point clouds, 
and radar scans. Data was collected from a group of 
AVs with many sensors, such as HD cameras, 3D 
LiDAR scanners and radar sensors. Vehicle behavior 
is recorded in conditions such as g, good weather, 
rain, fog and situations with people walking, biking 
and driving cars. 

 Sources of Data: 

 Cameras: High-definition RGB 
cameras with a resolution of 
1920×1080 pixels. 

 LiDAR: 360-degree LiDAR 
with 64 channels, producing 3D 
point clouds 

 Radar: 77 GHz radar sensor 
data, offering velocity and 
distance data. 

 Driving Situations: 

 Urban: High-density traffic, 
multiple intersections, 
pedestrians. 

 Rural: Low-density traffic, 
open road, sparse objects. 

 Adverse Weather: Rain, fog, 
and snow. 

3.1.2 Dataset Parameters 
The dataset includes the following important 
parameters for each sample. 
50,000 samples were utilized in training with 
differing object classes and driving scenes. The 
samples were split into training at 80% and testing 
20%. 
3.1.3 Preprocessing and Augmentation 
To enhance the resilience of the model and handle 
problems like overfitting data augmentation methods 
were used while training. These included: 

 Random Rotation: Rotating images and 
point clouds to mimic various orientations 
of driving. 

 Random Scaling: Scaling point cloud and 
images to mimic changing sizes of objects. 

 Weather Simulation: Synthetic weather 
conditions, including rain and fog, were 
simulated for images for enhanced model 
resistance harsh conditions. 

3.2 Architecture 
The proposed deep learning framework architecture 
incorporates three fundamental modules: 
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Perception, Sensor Fusion, and Path Planning. The 
modules are planned to interact with each other to 
facilitate autonomous navigation in challenging 
environments. 
3.2.1 Perception Model and Sensor Fusion 
The perception module extracts useful information 
from raw sensor data, including images, point 
clouds, and radar scans. We use a multi-stream 
fusion architecture that fuses data across multiple 
sensors to enhance perception accuracy 

 Input Layer: 

 Camera Images: Processed using 
a Convolutional Neural Network 
(CNN) to detect and classify 
objects such as vehicles and 
pedestrians. 

 LiDAR Point Clouds: Processed 
using a PointNet++ network to 
capture spatial features and object 
boundaries from 3D data. 

 Radar Data: Processed using a 
RadarNet architecture designed to 
handle sparse, distance-based 
radar readings. 

 Fusion Layer:  
The CNN, PointNet++, and RadarNet 
outputs are combined at the feature level, 
where the concatenated features of each 
sensor are passed through a Fully 
Connected Layer (FCL) to create a 
combined feature vector representing the 
environment. 
 

 Output Layer: 

The output layer includes the classification 
of objects (vehicles, pedestrians, cyclists) 
and their corresponding locations in 2D and 
3D space. 

 

3.2.2 Path Planning and Decision-Making Model 
For path planning and decision-making, we utilize 
Deep Reinforcement Learning (DRL), where the 
agent (AV) learns an optimal driving policy by 
interacting with a simulated environment. The DRL 
model is trained in both virtual and real-world 
environments using a Q-learning approach, 
augmented with experience replay and target 
networks to stabilize learning. 
 

 State Space 
The state space includes the vehicle's 
position, velocity, sensor readings (e.g., 
distance to obstacles), and environmental 
factors such as road type and weather 
condition. 

 Action Space 
The action space consists of discrete 
actions: accelerate, decelerate, turn left, 
turn right, and stop. 

 Reward Function 
The reward function is designed to 
encourage safe, efficient navigation. The 
vehicle receives positive rewards for 
reaching the destination, avoiding 
collisions, and maintaining a safe speed, 
while it incurs negative rewards for 
collisions, unsafe driving, or going off the 
road. 

 Q-Learning Update 
The Q-learning update is given by: 

𝑄(𝑠௧ , 𝑎௧) = 𝑄(𝑠௧ , 𝑎௧) + α ቆ𝑟௧ +

γ max
௔ᇲ

𝑄 (𝑠௧ାଵ, 𝑎ᇱ) − 𝑄(𝑠௧ , 𝑎௧)ቇ                           (1) 

where: 
o 𝑄(𝑠௧ , 𝑎௧) is the current Q-value 

for state 𝑠௧ and action𝑎௧, 

o 𝑟௧ is the immediate reward, 

o 𝛾 is the discount factor, and 

o 𝛼 is the learning rate. 
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Figure 2: Deep Learning Framework for Autonomous Vehicles 

 
Figure 2 outlines a deep learning framework 
designed for autonomous vehicles, focusing on 
enhancing safety and navigation. The process is 
initiated by Sensor Fusion, which combines 
information from all sensors, such as Camera 
Images, LiDAR Point Clouds, and Radar Data, to 
create a rich view of the world around the vehicle; 
the information is then processed using 
Convolutional Neural Networks (CNN), 
PointNet++, and RadarNet for feature extraction. 
The Perception phase assists with path planning and 
navigating the vehicle’s movements. Architecture 
employs Deep Reinforcement Learning for decision-
making, where the care learns how to drive through 
environmental interaction. The system assesses the 
states via State Space, identifies potential actions via 
Action Space, and optimizes behavior through a 
Reward Function and Q-Learning Update. Lastly, 
the Fusion Layer fuses outputs from multiple 
models, resulting in the Output Layer driving the 
vehicle’s actions based on experiences learned. 
3.3 Mathematical Model 
The foundation of our approach is the combination 
of sensor fusion and reinforcement learning. The 
mathematical model for sensor fusion, along with 
the path planning through reinforcement learning, 
can be explained as follows: 
3.3.1 Sensor Fusion Model 
Let 𝑋௖, 𝑋௟, and 𝑋௥ be the feature sets obtained from 
the camera, LDAR, and radar sensor, respectively. 
The resulting fused feature vector F is expressed by: 

𝐹 = Concat(𝑋௖ , 𝑋௟ , 𝑋௥)                                                                                           
(2) 

Where Concat( . ) denotes the concatenation 
operation, which stacks the features from both 
sensor modalities into one vector. 
3.3.2 Path Planning Model 
In reinforcement learning, the policy π of agent is the 
mapping of state 𝑠௧ to action 𝑎௧: 

π(𝑠௧) = arg max
௔೟

𝑄 (𝑠௧ , 𝑎௧)                                                                                      

(3) 
where 𝑄(𝑠௧ , 𝑎௧)represents the expected future 
rewards for taking action 𝑎௧ at state 𝑠௧, and the agent 
aims to maximize its cumulative reward over time. 
3.4 Algorithm 
We use a hybrid deep learning algorithm that 
integrates sensor fusion and reinforcement learning. 
The algorithm is described below: 

Algorithm: 
1. Sensor Fusion: 

o Input: Raw sensor data 
(camera, LiDAR, and radar). 

o Process each sensor’s data 
using the respective neural 
networks (CNN, PointNet++, 
RadarNet). 

o Fuse the features at the feature 
level to obtain a combined 
vector representing the 
environment. 

2. Path Planning: 
o Input: Environment features 

from sensor fusion, vehicle 
state (position, velocity), and 
current traffic conditions. 

o Use the trained reinforcement 
learning model to determine the 
best course of action 
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(accelerate, decelerate, turn, 
stop) based on the current state. 

o Update the vehicle’s position 
and velocity based on the 
chosen action. 

3. Decision-Making: 
o The decision-making system 

uses the output from the path 
planning module to generate 
control commands (steering, 
throttle, braking). 

4. Training and Evaluation: 
o The model is trained using 

simulation environments that 
mimic real-world driving 
conditions. 

o Evaluation is performed using a 
separate test set from the 
dataset, with performance 
metrics such as detection 
accuracy, collision avoidance, 
and travel time. 

 
The given study is based on the research design 
following the deep learning methodology, i.e., 
paying attention to the combination of the 
Convolutional Neural Networks (CNN) used to 
detect the objects with the help of the LiDAR point 
clouds taken to the processing with PointNet++ and 
Radar data taken to the processing with RadarNet. 
These techniques are amalgamated with a multi-
modal sensor fusion system to increase AV 
perception. The Deep reinforcement Learning (RL) 
tool is employed in path planning, and the model is 
trained in a simulated environment and in the real 
one to learn about the best solutions for the driver. 
Depending on the metrics, the evaluation of the 
performance is performed, such as the accuracy of 
object detection, the rate of collision, and the 
reduction of travel time. 
 

4. RESULTS 

This section presents the experimental results of the 
proposed deep learning-based framework for 
autonomous vehicles (AVs). The results are based 
on simulation-based and real-world tests conducted 
using the hybrid deep learning model described in 
the previous section.  
We measure the model's performance on different 
metrics, including object detection precision, path 
planning speed, collision avoidance, and robustness 
against harsh weather. We then compare our 
model's performance with state-of-the-art models to 
benchmark our method's efficacy.  

4.1 Experimental Setup 
We assessed the suggested framework with a wide 
range of metrics obtained from the dataset found in 
the methodology section. The assessment was 
performed in the subsequent stages: 

 Perception Evaluation: This involved 
assessing the model's ability to detect and 
classify objects (e.g., vehicles, pedestrians, 
cyclists) from multi-modal sensor data 
(camera images, LiDAR, and radar). 

 Path Planning Evaluation: This was on 
the capability of the reinforcement 
learning-based path planner to drive the AV 
through dynamic scenarios without 
obstacles, following traffic regulations, and 
optimizing travel time. 

 Safety and Collision Avoidance: The 
system’s performance was tested in 
scenarios involving sudden obstacles, 
pedestrians, and other vehicles. 

 Robustness Testing: the framework was 
tested under different weather conditions, 
such as clear weather, rain, and fog, to 
check how the model works under adverse 
conditions. 

4.2 Evaluation Criteria 

The most important evaluation metrics utilized 
to determine the model’s performance are: 

 Object Detection Accuracy: This 
measures the percentage of correctly 
detected objects (vehicles, pedestrians, 
cyclists) in various sensor data modalities. 

 Travel Time: The average time taken to 
reach the destination from the starting 
point, with a focus on efficiency without 
compromising safety. 

 Collision Rate: The rate of collisions or 
near-misses that happen during the 
simulation. Lower collision rates show 
improved path planning and obstacle 
avoidance performance 

 Robustness Under Adverse Conditions: 
The ability of the model to maintain high 
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performance in low visibility conditions 
such as rain, fog, and snow. 

4.3 Results 
4.3.1 Object Detection Accuracy 

The initial experiments compared the 
object detection capability of the proposed 
multi-modal fusion model. The fusion 
model combined data from radar, LiDAR, 
and cameras, creating a stronger detection 
system. 

Table 2: Object Detection Accuracy by Sensor Type 

Sensor Type 
Detection 
Accuracy 

Improvement 
(%) 

Camera Only 85.2% — 

LiDAR Only 88.4% — 

Radar Only 77.8% — 

Fusion Model 
(CNN + 
PointNet++ + 
RadarNet) 

96.5% +11.3% 

 

 Camera Only: Traditional camera-based 
systems achieved an accuracy of 85.2%. 
However, these models often struggle in 
challenging environments (e.g., low 
lighting, poor visibility). 

 LiDAR Only: LiDAR-based detection was 
most accurate (88.4%), especially in 
detecting the distance and form of objects 
in 3D space. Nonetheless, LiDAR sensors 
have limited sensitivity in detecting small 
objects, especially in crowded scenes, 

 Radar Only: Radar sensors obtained a 
77.8% accuracy rate, since radar units are 
more effective at sensing objects at greater 
distances but may be less precise close up. 

 Fusion Model: The multi-modal fusion 
model hugely outperformed single sensors 
with a 96.5% detection rate, highlighting 
the necessity of fusing various types of 

sensors in order to achieve robust object 
detection. 

4.3.2 Path Planning Efficiency 

The efficiency of the reinforcement learning (RL)-
based path planning model was tested, with travel 
times as an important metric. The model was 
subjected to urban and rural settings with varying 
traffic conditions. 

Table 3: Path Planning Efficiency Comparison 

Model 
Average 

Travel Time 
(mins) 

Improvement 
(%) 

Traditional 
A* 

25.4 — 

Dijkstra's 
Algorithm 

23.6 — 

RL-Based 
Path Planner 

17.8 -29.9% 

 

 Traditional A* and Dijkstra’s Algorithm: 
these are traditional path planning 
algorithms. Although they ensure the 
shortest path, they prove ineffective in real-
time decision-making because of the 
inability to adapt to dynamic changes in the 
environment (e.g., traffic, pedestrians).  

 RL-Based Path Planner: The path planner 
based on reinforcement learning performed 
better than conventional algorithms by 
offering a travel time decrease of 29.9%. 
This was because the RL model learned to 
adapt to changing environments and make 
real-time adjustments to optimize the route. 

4.3.3 Collision Avoidance 
We tested how well the system would prevent 
collisions with pedestrians, other cars, and obstacles. 
The performance was gauged in terms of collisions 
experienced during the simulations. 
Table 4: Collision Avoidance Performance Comparison 

Model 
Collision 
Rate (%) 

Improvement 
(%) 
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Traditional Path 
Planning 

9.7% — 

RL-Based Path 
Planner 

2.1% -78.4% 

RL-Based Path 
Planner (Adverse 
Conditions) 

4.3% -55.4% 

 

 Traditional Path Planning: Collision rates 
were increased in dynamic obstacle 
environments (9.7%), since the system was 
not capable of responding swiftly to abrupt 
changes in the environment. 
 

 RL-Based Path planner: The RL-based 
one showed great improvement, decreasing 
the collisions rate by 78.4% in regular 
conditions. In testing under poor conditions 
(e.g., rain, fog), the rate of collision went up 
but still stayed much lower (4.3%) than that 
of traditional approaches.  

4.3.4 Robustness in Harsh Conditions 
The suggested model was tested under extreme 
weather conditions as well, like fog, rain, and 
snow, which are problematic for autonomous 
systems in the areas of perception and decision-
making. 
 Clear Weather: 96.5% object detection 

accuracy, 2.1% collision rate. 

 Rain: 92.7% object detection accuracy, 
3.5% collision rate. 

 Fog: 90.2% object detection accuracy, 
4.3% collision rate. 

 Snow: 91.4% object detection accuracy, 
3.8% collision rate. 

The fusion model had good detection accuracy even 
during adverse weather conditions, albeit with a 
reduction in performance. The RL-based path 
planner reacted well to obstacles during bad 
conditions and had a low rate of collision when 
compared to conventional models. 

 

4.3.5 Comparison with Current Models 

To further confirm the efficacy of our proposed 
framework, we compared its performance against 
multiple other state-of-the art models that have been 
proposed. Table 1 presents the most important 
comparison metrics: 

Table 5: Comparison of Model Performance Metrics 

Model 
Detection 
Accuracy 

(%) 

Travel 
Time 

(mins) 

Collision 
Rate 
(%) 

Proposed 
Model (Fusion 
+ RL) 

96.5 17.8 2.1 

End-to-End 
Deep Learning 
[16] 

93.0 20.5 4.5 

Classic A Path 
Planner* 

85.2 25.4 9.7 

Reinforcement 
Learning [17] 

92.3 18.6 5.3 

 

The new model far surpasses current models when it 
comes to detection accuracy, travel time, and 
collision avoidance. The combination of sensor 
fusion and reinforcement learning in the new model 
boosts both perception and decision-making 
abilities, which is better suited to real-world 
autonomous driving applications. 

4.4 Graphs and Charts 

 
Figure 3: Object Detection Accuracy by Sensor Type 

 

Figure 3 plots the object detection accuracy of 
various sensor types utilized in self-driving vehicles, 
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i.e., Camera, LiDAR, Radar, and a Fusion Model 
that combines data from all three sensors. The fusion 
model performs much better than individual sensors 
alone, with a detection accuracy of 96.5%, 
emphasizing the need for multi-modal sensor data to 
enhance object detection reliability under different 
environment conditions. 

 

 

Figure 4: Travel Time Comparison 
Figure 4 depicts the average travel time of various 
path planning models, such as conventional methods 
A* and Dijkstra’s Algorithm, and the Reinforcement 
Learning (RL)-based path planner. The RL-based 
model reflects an improvement of 29.9% in travel 
time, highlighting the model’s real-time adaptability 
to dynamic scenarios and making decisions to 
achieve more efficient route planning. 

 

 
Figure 5: Collision Rate Comparison 

 
Figure 5 compares the performance of classical path 
planning algorithms with the RL-based path planner 
during normal and bad weather. The RL-based 
model shows a considerable decrease in collision 
rates, where there is a 78.4% reduction during 
normal weather and a 55.4% reduction during bad 
weather such as rain and fog. This points to the RL-
based model’s better capacity for collision 
avoidance during complex and uncertain 
environments. 

4.5 Discussion 
It seems from the outcomes that the hybrid approach 
improves both the performance and safety of 
autonomy systems. By using different sensor inputs, 
the robot ensures reliable detection of objects, 
important for safe driving and the learning-based 
planner supports instant planning in changing 
circumstances. Compared to other forms of 
renewable energy, solar is more secure when facing 
different weather complexities. 

The new method does improve over earlier ones 
in most ways, but it still has room for improvement. 
Better results in difficult snowy conditions can be 
achieved by making the model use thermal cameras 
and updating its reinforcement learning to be more 
flexible. 

 
5. CONCLUSION 

The offered type of hybrid model significantly 
increases the performance and safety of self-driving 
cars, as demonstrated by improved object detection 
and real-time decision making. Adding multiple 
modal sensors such as cameras, LiDAR, and radar to 
the system could improve object detection accuracy 
by 10 percent by using only camera sensors, and path 
planning using reinforcement learning (RL) could 
also lead to 29.9 percent travel time than with 
traditional path planning algorithms such as A* or 
Dijkstra. The architecture of deep learning assists in 
providing navigation and safety of autonomous 
vehicles (AVs) in dynamic environments. 
Nevertheless, additional studies are required to 
increase the model's flexibility to highly changing 
weather conditions, e.g., extreme snowfall, by 
implementing some extra sensors, e.g., thermal 
cameras, and considering the model's applicability in 
densely populated urban environments when 
decisions must be made in real-time. 
Even with this development, the system's 
performance in harsh weather conditions like heavy 
snowfall can be enhanced further by adding sensors 
such as thermal cameras and tweaking the RL model 
for increased adaptability to infrequent edge cases. 
Secondly, although the RL model achieved drastic 
improvements in collision avoidance and efficiency, 
its real-time processing speed and scalability in high-
traffic scenarios are areas of further optimization. 
Future efforts will be directed towards further 
improving the RL model's adaptability to harsh 
weather conditions, increasing computational 
efficiency, and investigating the incorporation of 
more sensor modalities for even stronger perception 
and decision-making. In addition, the model's 
performance in dense urban areas with heavy traffic 
will be tested further and improved to make it more 
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practically viable for real-world autonomous driving 
applications under sub-optimal weather conditions 
to ensure secure operation under challenging 
conditions. 

Although the suggested method improves upon 
current models in many metrics, there exists further 
potential for improvement. The model's performance 
under harsh weather conditions, like heavy snowfall, 
can be improved further by adding more sensor 
modalities (thermal cameras) and tweaking the 
reinforcement learning algorithm to be more 
adaptable. 
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