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Introduction
Autonomous vehicles (AVs) are rapidly 

transforming the landscape of modern 
transportation, promising safer and more 
efficient roadways. At the core of AV 
technology is the ability to accurately perceive 
and interpret the surrounding environment, 
a task heavily reliant on high-quality image 
data. Image enhancement, therefore, plays a 
critical role in ensuring that AVs can make 
precise decisions based on clear, detailed 
visual inputs. However, the real-time nature of 
AV operations presents significant challenges 
for image enhancement algorithms[1]. AVs 
must process vast amounts of visual data 
under various conditions, including low light, 
fog, rain, or other adverse weather conditions, 
all of which can degrade image quality. 
Traditional image enhancement techniques 
often struggle to meet the demands of real-
time processing, either due to computational 
inefficiencies or suboptimal performance in 
handling diverse and dynamic environments. 
This creates a pressing need for advanced 
methods that can enhance image quality while 
maintaining the speed and accuracy required 
for safe autonomous driving[2].

Problem Statement
The specific challenge of image enhancement 

in autonomous vehicles revolves around the 
need to balance accuracy and speed. As AVs 

Abstract

In this study, we present a novel approach for real-time image enhancement in autonomous vehicles 
by integrating Generative Adversarial Networks (GANs) with Fuzzy Logic. The increasing reliance 
on visual data for autonomous navigation necessitates high-quality image enhancement, particularly 
under challenging conditions such as low light or adverse weather. While GANs have shown great 
promise in generating high-resolution images, their deterministic nature and computational demands 
pose challenges for real-time applications. To address these issues, we propose a system that combines 
the image generation capabilities of GANs with the adaptability of Fuzzy Logic, allowing for context-
aware refinement of images based on environmental conditions. Experimental results demonstrate that 
our method significantly improves image quality, with a Peak Signal-to-Noise Ratio (PSNR) of 36.5 
dB and a Structural Similarity Index (SSIM) of 0.93, outperforming traditional filtering methods and 
CNN-based enhancements. Despite a slight increase in processing time, the proposed system achieves 
a favourable balance between image quality and real-time performance, making it a robust solution for 
enhancing visual data in autonomous vehicles.

rely on real-time image data to navigate and 
make decisions, any delay or inaccuracy in 
processing this data can lead to critical failures. 
Existing image enhancement techniques, while 
effective in controlled environments, often fall 
short when applied to the highly dynamic and 
unpredictable conditions that AVs encounter on 
the road. These methods may either be too slow 
for real-time applications or fail to sufficiently 
enhance images affected by noise, poor 
lighting, or occlusions. Consequently, there is 
a need for a solution that can not only enhance 
images to a high standard of clarity but also do 
so quickly enough to be viable for real-time use 
in AVs. This problem is further complicated 
by the diverse range of scenarios an AV must 
handle, necessitating an adaptable approach 
that can function across various environmental 
conditions[3].

Objective
The objective of this research is to develop 

and evaluate a novel approach that integrates 
Generative Adversarial Networks (GANs) with 
Fuzzy Logic for real-time image enhancement 
in autonomous vehicles. GANs have shown 
remarkable success in generating high-quality 
images, making them a promising tool for 
enhancing the visual data used by AVs. 
However, GANs alone may not be sufficient 
to address the full spectrum of challenges 
faced in real-time environments. This is where 
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Fuzzy Logic comes into play, offering a robust framework for 
handling uncertainty and improving decision-making processes 
in complex, variable conditions. By combining these two 
powerful methodologies, the research aims to create an image 
enhancement system that is both accurate and fast, capable of 
adapting to the diverse challenges encountered in real-world AV 
applications. The proposed system will be evaluated based on 
its ability to enhance images in real-time while maintaining or 
improving the accuracy of the AV’s perception and decision-
making capabilities[4].

Overview
Generative Adversarial Networks (GANs) are a class of deep 

learning models consisting of two neural networks, a generator 
and a discriminator, that are trained together in a competitive 
setting. The generator creates images designed to be as realistic 
as possible, while the discriminator attempts to distinguish 
between real and generated images. This adversarial process 
results in the generator producing increasingly refined and 
realistic images over time. GANs have been widely applied in 
various image processing tasks, including image enhancement, 
due to their ability to generate high-resolution images from low-
quality inputs[5].

Fuzzy Logic, on the other hand, is a form of reasoning that 
deals with approximate rather than fixed and exact reasoning. 
Unlike traditional binary logic, where variables are either true 
or false, Fuzzy Logic introduces degrees of truth, allowing for 
more nuanced and flexible decision-making. In the context of 
image enhancement, Fuzzy Logic can be used to handle the 
uncertainty and variability inherent in real-world environments, 
adjusting the enhancement process dynamically based on the 
conditions of the input data.

The integration of GANs with Fuzzy Logic in this research is 
proposed as a way to leverage the strengths of both approaches. 
GANs can provide the powerful image generation capabilities 
needed for high-quality enhancement, while Fuzzy Logic 
can ensure that the enhancement process is adaptable and 
responsive to different environmental conditions. Together, 
they form a synergistic approach that aims to meet the stringent 
requirements of real-time image enhancement in autonomous 
vehicles[6,7].

Literature Survey
Image Enhancement Techniques

Image enhancement is a critical component in the visual 
processing pipeline of autonomous vehicles, as it directly 
impacts the vehicle's ability to perceive and interpret its 
surroundings accurately. Traditional image enhancement 
techniques often involve filtering methods such as histogram 
equalization, Gaussian filters, and median filtering. These 
methods are designed to improve the contrast and clarity of 
images by adjusting the intensity distribution or removing 
noise. While these techniques are computationally efficient and 
have been widely used in various applications, they tend to be 
less effective in complex and dynamic environments typical of 
autonomous driving scenarios[8].

In recent years, Convolutional Neural Networks (CNNs) 
have emerged as a powerful tool for image enhancement due 
to their ability to learn complex features from large datasets. 
CNN-based methods have shown significant improvements 
over traditional techniques, particularly in enhancing images 

affected by noise, low light, or blurring. These methods leverage 
deep learning to automatically adjust image features, producing 
more refined outputs. However, CNNs can be computationally 
intensive, which poses challenges for real-time applications in 
AVs[9].

Generative Adversarial Networks (GANs) represent a more 
recent and advanced approach to image enhancement. Unlike 
CNNs, GANs consist of two competing networks—a generator 
and a discriminator—that work together to produce high-
quality images. The generator attempts to create images that 
are indistinguishable from real images, while the discriminator 
evaluates the quality of these generated images. Through this 
adversarial process, GANs can generate highly realistic and 
detailed images, making them particularly well-suited for 
enhancing images in challenging conditions. Despite their 
potential, the computational demands of GANs remain a 
hurdle for their widespread adoption in real-time AV systems, 
highlighting the need for optimized implementations[10].

Generative Adversarial Networks (GANs)
Generative Adversarial Networks (GANs) have revolutionized 

the field of image processing, particularly in tasks requiring the 
generation of high-quality, realistic images. Introduced by Ian 
Goodfellow and his colleagues in 2014, GANs consist of two 
neural networks—the generator and the discriminator—that are 
trained simultaneously through a process of adversarial learning. 
The generator's goal is to create images that are as realistic as 
possible, while the discriminator's task is to distinguish between 
real and generated images. This adversarial relationship drives 
both networks to improve iteratively, with the generator 
producing increasingly convincing images[11].

In the context of image enhancement, GANs have proven 
particularly effective. They can take low-quality input images 
and generate high-resolution versions by learning the underlying 
patterns and details that constitute a high-quality image. This 
capability is especially valuable in autonomous vehicles, where 
the quality of visual data can be compromised by factors such 
as low light, weather conditions, or sensor limitations. GANs 
can restore and enhance such images, ensuring that the AV's 
perception system receives the best possible data for decision-
making[12].

However, the application of GANs in real-time scenarios like 
autonomous driving presents challenges. The computational 
complexity of GANs can lead to latency, which is unacceptable 
in safety-critical applications where decisions must be made 
in milliseconds. Additionally, GANs can sometimes produce 
artifacts or distortions in the generated images, which could 
potentially lead to incorrect interpretations by the AV's 
perception system. Therefore, while GANs offer a powerful tool 
for image enhancement, their integration into real-time systems 
requires careful consideration and optimization[13].

Fuzzy Logic in Image Processing
Fuzzy Logic, introduced by Lotfi Zadeh in the 1960s, is 

a form of logic that deals with reasoning that is approximate 
rather than fixed and exact. In traditional binary logic, variables 
are either true or false, but Fuzzy Logic introduces degrees 
of truth, allowing for a more nuanced approach to decision-
making. This makes it particularly useful in situations where 
uncertainty or vagueness is present, which is often the case in 
image processing.

In image processing, Fuzzy Logic has been applied to various 
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tasks such as edge detection, contrast enhancement, noise 
reduction, and image segmentation. One of the key advantages 
of Fuzzy Logic is its ability to handle the inherent uncertainty 
and imprecision in visual data. For example, when enhancing 
an image, the degree to which a pixel should be brightened or 
darkened can be treated as a fuzzy variable, allowing for more 
flexible and adaptive adjustments based on the overall context 
of the image.

Fuzzy Logic also excels in multi-criteria decision-making, 
which is crucial in environments like autonomous vehicles 
where images must be processed under varying conditions. 
For instance, a Fuzzy Logic system can be designed to weigh 
different factors—such as brightness, contrast, and noise level—
when enhancing an image, ensuring that the final output is 
optimized across multiple dimensions. This adaptability makes 
Fuzzy Logic a valuable tool in image enhancement, particularly 
in scenarios where traditional deterministic methods may fall 
short[14-16].

Integration of GANs and Fuzzy Logic
The idea of integrating Generative Adversarial Networks 

(GANs) with Fuzzy Logic represents an innovative approach 
to image enhancement, combining the strengths of both 
methodologies to address the challenges of real-time processing 
in autonomous vehicles. While GANs excel at generating high-
quality images, their deterministic nature can sometimes lead to 
issues when dealing with the variability and uncertainty present 
in real-world environments. Fuzzy Logic, with its ability to 
handle such uncertainty, can complement GANs by introducing 
a layer of adaptability and robustness to the image enhancement 
process.

There have been some attempts in other domains to combine 
GANs with Fuzzy Logic, although these are relatively recent 
and exploratory. For example, researchers have experimented 
with using Fuzzy Logic to guide the training of GANs, adjusting 
the learning rate or other hyperparameters dynamically based 
on the performance of the model. In other cases, Fuzzy Logic 
has been used to post-process the outputs of GANs, refining the 
generated images to better meet specific quality criteria[17].

However, applying this combination to autonomous vehicles, 
particularly for real-time image enhancement, is still a novel 
idea. The unique demands of AVs—such as the need for rapid 
processing and high reliability—pose additional challenges 
that have not been fully explored in existing research. By 
integrating GANs and Fuzzy Logic, the proposed approach 
aims to leverage the image generation capabilities of GANs 
while using Fuzzy Logic to ensure that the enhancement process 
is both efficient and adaptable to different driving conditions. 
This could potentially lead to a significant improvement in the 
ability of AVs to operate safely and effectively in a wide range 
of environments[18].

Methodology
System Architecture

The proposed system architecture for combining Generative 
Adversarial Networks (GANs) and Fuzzy Logic for real-time 
image enhancement in autonomous vehicles is designed to 
leverage the strengths of both methodologies while addressing 
their individual limitations. The architecture is composed of 
two primary components: the GAN module, responsible for 
generating enhanced images from raw input data, and the Fuzzy 
Logic module, which refines these outputs based on contextual 
factors and environmental conditions.

In the first stage, the raw image data captured by the vehicle’s 
sensors is fed into the GAN module. This module processes the 
images, enhancing their quality by reducing noise, improving 
contrast, and filling in missing details. The enhanced images 
produced by the GAN are then passed to the Fuzzy Logic module. 
This second stage of processing involves the application of fuzzy 
rules and membership functions that evaluate the quality of the 
enhanced images based on predefined criteria such as clarity, 
brightness, and sharpness[19].

The Fuzzy Logic module dynamically adjusts the final output by 
fine-tuning the image according to the current driving conditions, 
such as lighting or weather. For instance, if the Fuzzy Logic 
system detects that an image is still too dark for safe navigation, 
it will apply additional enhancement to increase brightness. The 
final output is a high-quality image that is optimized not only 
for visual clarity but also for the specific conditions in which 
the autonomous vehicle is operating. This two-stage process 
ensures that the system is both powerful and adaptable, capable 
of providing real-time enhanced images that are tailored to the 
vehicle's immediate environment.
GAN Model

For the image enhancement task, the proposed system utilizes 
a specific GAN architecture known as Pix2Pix. Pix2Pix is a type 
of conditional GAN (cGAN) that is particularly well-suited for 
tasks where the output image needs to be closely related to the 
input image. Unlike traditional GANs, which generate images 
from random noise, Pix2Pix takes an input image and transforms 
it into an enhanced version based on learned mappings between 
input-output pairs. This makes it ideal for image-to-image 
translation tasks, such as converting low-resolution images to 
high-resolution images or improving image clarity under poor 
lighting conditions[20].

The architecture of the Pix2Pix model includes an encoder-
decoder generator that learns to map input images to output 
images. The generator consists of convolutional layers that 
progressively downsample the input image to a bottleneck 
layer and then upsample it to produce the output image. The 
discriminator, on the other hand, is a convolutional neural 
network (CNN) that attempts to distinguish between the enhanced 
images produced by the generator and the real images. Through 
adversarial training, the generator learns to produce increasingly 
realistic and high-quality images that the discriminator finds 
difficult to classify as fake.

To ensure real-time performance, the Pix2Pix model is 
optimized by reducing its computational complexity. Techniques 
such as model pruning, quantization, and the use of lightweight 
convolutional layers are applied to minimize the latency of the 
model without significantly compromising image quality[21]. 
Fuzzy Logic System

The Fuzzy Logic system in this architecture serves as a 
decision-making layer that refines the outputs generated by 
the GAN. The design of the Fuzzy Logic system involves the 
creation of fuzzy rules and membership functions that define 
how the system responds to different image characteristics and 
environmental conditions.

Fuzzy rules are then established to govern the enhancement 
process. For instance, a fuzzy rule might state that “if the image 
brightness is low and the contrast is medium, then increase 
brightness by a certain factor.” These rules allow the system to 
make nuanced adjustments to the images based on a combination 
of factors, rather than relying on rigid, predefined thresholds.
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The Fuzzy Logic system continuously monitors the outputs 
of the GAN and applies these rules in real-time. This adaptive 
approach ensures that the final image is not only enhanced 
according to general criteria but also tailored to the specific needs 
of the driving situation. For example, during nighttime driving, 
the system might prioritize increasing brightness and reducing 
noise, whereas in foggy conditions, it might focus on enhancing 
contrast and edge clarity[22,23].
Integration Mechanism

TThe integration of GANs and Fuzzy Logic in this system is 
designed to be seamless and complementary, with each component 
enhancing the capabilities of the other. After the GAN module 
generates an enhanced image, the Fuzzy Logic module takes over 
to refine this output based on the current driving context. The two 
systems work together in a feedback loop, where the output of 
the GAN is continuously evaluated and adjusted by the Fuzzy 
Logic module.

The process begins with the GAN module producing an initial 
enhanced image. This image is then analyzed by the Fuzzy Logic 
system, which applies its fuzzy rules to assess the image quality. 
If the Fuzzy Logic system determines that the image meets all 
the required criteria (e.g., adequate brightness, sharpness, and 
contrast), it passes the image on as the final output. However, 
if any aspect of the image falls short, the Fuzzy Logic system 
makes further adjustments to correct these deficiencies.

This iterative process ensures that the images provided to the 
autonomous vehicle’s perception system are optimized for real-
time decision-making. The Fuzzy Logic system also allows the 
architecture to adapt to changing conditions, such as a sudden 
change in lighting or weather, by dynamically modifying the 
enhancement process. This adaptability is crucial for maintaining 
the safety and reliability of autonomous vehicles in diverse and 
unpredictable environments[24,25].
Implementation and Results

The experimental results presented in the table offer a 
comprehensive comparison between traditional and advanced 
image enhancement techniques, highlighting the advantages 
of the proposed GAN + Fuzzy Logic approach for real-time 
applications in autonomous vehicles. The Peak Signal-to-Noise 
Ratio (PSNR) and Structural Similarity Index (SSIM) metrics are 
critical indicators of image quality, with higher values reflecting 
better performance. The proposed method achieves a PSNR 
of 36.5 dB and an SSIM of 0.93, surpassing both traditional 
filtering methods (e.g., Median Filter with a PSNR of 28.5 dB 
and SSIM of 0.82) and CNN-based enhancements (PSNR of 
32.7 dB and SSIM of 0.89). This indicates that the GAN + Fuzzy 
Logic system effectively reduces noise and preserves structural 
details, producing superior image quality[26].

Moreover, while the GAN-only approach demonstrates 
substantial improvements over traditional methods, with a 
PSNR of 34.2 dB and an SSIM of 0.91, the integration of Fuzzy 

Logic further refines the output, particularly in challenging 
conditions where adaptive processing is crucial. The slight 
increase in processing time to 60 milliseconds for the proposed 
method, compared to 50 milliseconds for the GAN-only 
approach, is a reasonable trade-off considering the significant 
gains in image quality. This balance between enhanced image 
fidelity and real-time processing capability underscores the 
effectiveness of combining GANs with Fuzzy Logic, making 
the proposed method highly suitable for the dynamic and safety-
critical environment of autonomous vehicles[27,28].

Figure 1. Graph for PSNR(dB) comparison

Table 2. RNN Comparison

Method SSIM
Traditional Filtering (Median Filter) 0.82
CNN-Based Enhancement 0.89
GAN (Pix2Pix) Only 0.91
GAN + Fuzzy Logic (Proposed Method) 0.93

Figure 2. Graph for SSIM comparison

Method PSNR (dB)
Traditional Filtering (Median Filter) 28.5
CNN-Based Enhancement 32.7
GAN (Pix2Pix) Only 34.2
GAN + Fuzzy Logic (Proposed Method) 36.5

Table 1. CNN Comparison

Method Processing Time 
(ms)

Traditional Filtering (Median Filter) 10
CNN-Based Enhancement 35
GAN (Pix2Pix) Only 50
GAN + Fuzzy Logic (Proposed Method) 60

Table 3. CNN Comparison
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Conclusion
This research introduces a synergistic approach to image 

enhancement in autonomous vehicles by integrating GANs 
and Fuzzy Logic, effectively addressing the challenges of 
real-time processing and variable environmental conditions. 
The proposed method not only leverages the powerful image 
generation capabilities of GANs but also incorporates the 
flexibility of Fuzzy Logic to dynamically refine images based 
on contextual factors[29]. Our experimental results validate the 
effectiveness of this approach, with the GAN + Fuzzy Logic 
system achieving superior image quality metrics (PSNR of 36.5 
dB, SSIM of 0.93) compared to traditional and CNN-based 
methods. Although the processing time is slightly increased, 
it remains within acceptable limits for real-time applications. 
Overall, this work demonstrates that the integration of GANs 
and Fuzzy Logic offers a robust and adaptable solution for 
enhancing the visual data critical to the safe and efficient 
operation of autonomous vehicles, paving the way for future 
advancements in this domain[30].
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