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Abstract

A neural network-based image enhancement method is presented in this work with the goal of enhancing digital
photographs' contrast and visual clarity. In complicated or low-light settings, traditional picture enhancing
techniques can generate artifacts or fail to maintain structural details. Convolutional neural networks (CNNs) were
created and trained on a wide range of image types in order to overcome these constraints. To maximize pixel-level
accuracy and perceptual quality, the model included mean squared error and structural similarity index loss
functions. The suggested approach performed better than conventional enhancement approaches like Histogram
Equalization and CLAHE, according to quantitative assessments utilizing PSNR, SSIM, and Contrast Improvement
Index (CII). Human evaluators' subjective evaluations provided additional evidence of the improved photos' greater
visual quality. For applications like medical imaging, surveillance, and photography that demand high-quality image
augmentation, the suggested method is a viable option.
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1. INTRODUCTION

Improving the visual quality and interpretability of images for automated systems and human perception is a major
task in the fields of image processing and computer vision. It is essential to many real-world uses, including as digital
photography, surveillance systems, medical imaging, satellite imagery, and forensic analysis. In order to make
photographs better suited for study or display, image enhancement aims to highlight significant characteristics or
reduce extraneous information.

Due to their ease of use and efficacy in particular situations, traditional image enhancing methods like Histogram
Equalization (HE) and Contrast Limited Adaptive Histogram Equalization (CLAHE) have gained widespread
acceptance. In order to create a uniform histogram, HE re-distributes the picture intensity values, which frequently
improves contrast globally. In contrast to HE, CLAHE preserves local features and prevents over-saturation by
performing the equalization locally in small areas of the image. These conventional approaches, though widely used,
have serious drawbacks. While CLAHE is more adaptive, it can still add noise and artifacts and may not generalize
well to all sorts of photos. In contrast, HE tends to produce strange images, particularly when complicated lighting
conditions are present.

Image processing has seen a radical change in recent years due to the introduction of deep learning, specifically
Convolutional Neural Networks (CNNs). CNNs may learn hierarchical data representations, capturing high-level
semantic information as well as low-level features like edges and textures. Because of this, they are ideal for
applications like picture enhancement, where both global structure and local detail are crucial. Through supervised
learning, neural network-based enhancement models—which are frequently trained on big datasets of paired images—
learn to map low-quality input photos to high-quality outputs. Traditional techniques find it difficult to preserve natural
color tones, textures, and structural continuity while simultaneously enhancing contrast.

This study's main goal is to develop and apply a CNN-based image enhancement method that maintains a picture's
natural appearance while dramatically increasing contrast and visual clarity. To guarantee robustness and
generalization, the suggested model is trained on a variety of datasets, such as low-light conditions, natural settings,
and medical photos. A variety of loss functions that aim for both pixel-level accuracy and perceptual similarity are
used to optimize the network. The performance of the suggested approach is assessed using both subjective human
assessments and objective measurements, such as the Contrast Improvement Index (CII), Structural Similarity Index
Measure (SSIM), and Peak Signal-to-Noise Ratio (PSNR).

By showing that neural network-based approaches may overcome the limitations of conventional techniques and
produce better outcomes in a wide range of imaging situations, this study adds to the expanding body of research that
uses deep learning for image augmentation. The results should be useful for applications where a high-quality visual
output is essential, providing a scalable and practical answer to problems with image enhancement in the real world.
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2. LITERATURE REVIEW

Singh et al. (2019) provided a thorough analysis of picture enhancing methods based on convolutional neural networks
(CNNSs). Their research methodically examined different CNN architectures and techniques used to enhance image
quality, especially under difficult circumstances including low contrast, noise, and dim lighting. They talked about
how CNN models have changed over time, moving from conventional filter-based enhancement techniques to deep
learning strategies that extract enhancement characteristics straight from the data. Singh and colleagues highlighted
the benefits of CNN-based methods, including as their capacity to improve images adaptively without the need for
manual parameter adjustment, and pointed out the notable advancements these approaches made in a variety of
applications, from surveillance to medical imaging.

Lee et al. (2017) suggested a convolutional neural network based on brightness that is especially suited for improving
thermal images. Their method addressed the low contrast and unclear textural features that are inherent in thermal
imaging. Lee and colleagues successfully improved thermal pictures by concentrating on brightness adjustment within
the CNN framework, which improved visibility and feature discrimination. Their approach outperformed traditional
enhancement methods, especially in situations when it was necessary to detect minute heat changes. This study
demonstrated CNN architectures' adaptability in specialized imaging domains, expanding its use beyond visible
spectrum images to include thermal and infrared modalities.

Xu et al. (2022) made a substantial contribution to the field of image enhancement by creating an algorithm based on
generative adversarial networks (GANSs). Their method made use of GANs' adversarial learning process to produce
aesthetically pleasing improved photos while preserving structural elements and organic textures. Xu and colleagues
showed that their GAN-based model produced high-quality images with improved contrast and clarity, outperforming
both conventional and CNN-based approaches. This study demonstrated how GANs may overcome common problems
like over-smoothing and artifact formation that are frequent in previous enhancement strategies, improving visual
aesthetics while maintaining faithfulness to the original content.

Huang, Tao, and Wang (2019) presented a CNN-based technique created especially for improving images in low
illumination. They tackled the problem of improving photos taken in dimly light or dark settings, where conventional
techniques frequently fell short because of inadequate data. Their algorithm produced photos that were crisper and
more visually informative by learning to suppress noise and highlight key characteristics. Using a variety of low-light
datasets, Huang et al. verified their approach and demonstrated steady gains in contrast, brightness, and detail
retention. By learning intricate improvement mappings that were challenging to explicitly express using traditional
techniques, their work demonstrated the effectiveness of deep learning models in addressing illumination-related
problems.

Qi et al. (2021) gave a thorough rundown of picture enhancing strategies, covering both traditional and cutting-edge
deep learning techniques. Histogram equalization, Retinex-based techniques, and more contemporary CNN and GAN-
based models were among the many algorithms they investigated. The trend toward data-driven, learning-based
techniques that adjust to various picture degradation circumstances was highlighted by Qi and colleagues' analysis of
the advantages and disadvantages of each category. Additionally, they talked about evaluation criteria and industry
benchmark datasets, emphasizing the value of standardized tests for comparing enhancement techniques. In addition
to describing potential future possibilities like real-time augmentation, cross-domain applications, and interaction with
other computer vision tasks, their work provided a useful synthesis of the body of previous knowledge.
Karthikeyan, Raja, and Pradeep (2024) created a CNN model for picture enhancement using energy-based
denoising that was specifically designed to remove noise while maintaining fine structural details. In order to
successfully balance noise reduction and detail retention, their method integrated energy limitations into the neural
network, which resulted in notable enhancements in visual contrast and sharpness. The study showed that, particularly
when working with noisy or damaged images, CNN designs that incorporate domain-specific priors may produce
superior restoration outcomes than generic models. This study demonstrated how performance and robustness might
be improved by fusing deep learning frameworks with conventional image processing ideas.

Liu, Pedersen, and Wang (2022) examined the field of natural picture enhancement techniques, classifying current
technologies into two categories: neural network-based and traditional. Their assessment offered a thorough
examination of algorithmic frameworks, evaluation measures, and difficulties encountered by image enhancement
methods. They highlighted the drawbacks of conventional histogram-based techniques, including over-enhancing and
the creation of artificial artifacts, and demonstrated how deep learning models, particularly CNNs, provide better
adaptability by learning content-aware enhancement from data. Along with outlining promising avenues like hybrid
models and attention mechanisms, the authors also addressed persistent issues including computational complexity
and the requirement for sizable annotated datasets.

Lee et al. (2023) proposed a deep learning architecture for improving retinal fundus images, with an emphasis on the
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medical imaging field. Their CNN-based model was created especially to improve contrast and visual clarity in
diagnostic images while maintaining important anatomical features like lesions and blood arteries. Their findings
demonstrated notable gains over traditional techniques, suggesting that deep learning models may help improve
clinical outcomes by improving picture interpretation. The significance of domain-specific training and architecture
design in attaining superior image enhancement for specialized applications was emphasized by this study.
Wang et al. (2023) tackled the problem of improving photos taken underground in coal mines at extremely low light
levels. They demonstrated an image enhancement technique based on deep neural networks that is designed to boost
contrast and brightness without sacrificing the image's natural appearance. Their research showed that CNN models
were more capable of handling challenging and uneven lighting conditions than conventional enhancement methods,
which frequently fall short because of noise amplification or artificial color shifts. This study demonstrated the
adaptability of CNNs across several application domains and demonstrated the resilience of neural networks in
realistic, real-world environments with difficult illumination.
Pitkanen (2019) investigated autonomous deep neural network picture quality enhancement with an emphasis on
perceptual quality enhancements in a master's thesis. In order to learn how to improve clarity, contrast, and overall
visual appeal, the study trained a CNN model on a variety of photos. Pitkdnen's research demonstrated that neural
network-based methods could provide more aesthetically beautiful and structurally consistent results than hand tuning
and traditional algorithms. Furthermore, the study showed how well CNNs generalize to many image formats,
indicating that they are appropriate for a wide variety of enhancing tasks.

3. PROPOSED METHOD

In this study, a structured research design was implemented to enhance image contrast and visual clarity using a neural
network-based approach. The model was trained on a diverse and preprocessed dataset to learn complex mappings
from low-contrast to enhanced images. To ensure methodological rigor, traditional machine learning techniques,
particularly a Random Forest classifier, were also applied using handcrafted features such as texture descriptors and
histogram-based contrast measures. This allowed for a comparative analysis between deep learning and classical
approaches. Quantitative metrics like PSNR and SSIM were used to evaluate performance, with results showing that
the neural network significantly outperformed the Random Forest model, demonstrating the effectiveness of the
proposed deep learning methodology in optimizing image enhancement tasks.
3.1. Data Collection and Preprocessing

To develop a robust and generalizable model, a diverse dataset was collected from publicly accessible sources. This
dataset encompassed a wide range of image types, including low-light photographs, medical imagery, and natural
scenes, thereby covering various contrast levels and lighting conditions. Each image was uniformly resized to 256x256
pixels to maintain consistency during model training. Prior to input into the network, pixel values were normalized to
a range between 0 and 1. The preprocessing phase also included data augmentation techniques such as rotation,
flipping, and brightness variation to enhance dataset variability and reduce the risk of overfitting. The key features
analyzed from the image data included pixel intensity distributions, edge patterns, and texture features, which were
extracted using convolutional filters within the model. These features enabled the model to learn spatial hierarchies
and discern contextual information critical to classification and recognition tasks.
3.2. Neural Network Architecture

For the purpose of image augmentation, a convolutional neural network (CNN) architecture was created especially.
Multiple convolutional layers with ReLU activation functions were used in the model to extract texture and contrast-
related hierarchical information. In order to avoid gradient disappearing during training and maintain fine details, skip
connections were included. The last layer produced improved images with pixel values scaled between 0 and 1 using
a sigmoid activation. The network architecture prioritized clarity and contrast enhancement while drawing inspiration
from pre-existing image-to-image translation frameworks.

3.3. Training Procedure

The model was trained in a supervised manner using paired datasets of original low-contrast images and their
corresponding enhanced ground-truth images created by expert photo editors using professional software tools. Mean
squared error (MSE) loss combined with structural similarity index measure (SSIM) loss was employed to ensure both
pixel-level accuracy and perceptual quality. The Adam optimizer was used with an initial learning rate of 0.001 and a
batch size of 32. Training was conducted over 100 epochs, with early stopping criteria based on validation loss to
prevent overfitting.

3.4. Evaluation Metrics

IJEETE Journal of Research | ISSN NO: 2394-0573 | Volume 12 | Issue 01 | January -March 2025 |
www.ijoeete.com |Peer-Reviewed |Refereed | Indexed | International Journal |



110|Page

Objective metrics like the Contrast Improvement Index (Cll), SSIM, and Peak Signal-to-Noise Ratio (PSNR) were
used to statistically assess the effectiveness of the suggested enhancement strategy. Furthermore, qualitative
evaluations were carried out by human evaluators using visual inspection to confirm enhancements in overall picture
appeal and visual clarity. To demonstrate the benefits of the neural network-based approach, comparative studies using
baseline techniques such as histogram equalization and CLAHE (Contrast Limited Adaptive Histogram Equalization)
were carried out.

3.5. Implementation Details

TensorFlow deep learning libraries and Python were used to implement the complete framework. To speed up the
training process, experiments were conducted on a workstation that had NVIDIA GPUs installed. Grid search was
used to optimize hyperparameters including learning rate, number of convolutional filters, and kernel sizes. In order
to minimize artifacts, post-processing procedures involved applying a little amount of Gaussian smoothing and
trimming pixel values to acceptable ranges.

4., RESULTS AND DISCUSSION

The experimental outcomes of using the suggested neural network-based picture enhancing method are shown in this
section. Both qualitative visual evaluations and objective image quality measurements were used to assess the model's
performance. The outcomes were contrasted with conventional picture enhancing techniques like Contrast Limited
Adaptive Histogram Equalization (CLAHE) and Histogram Equalization (HE). To emphasize the advantages and
disadvantages of the suggested approach, a comprehensive analysis of the results is also given.

4.1. Quantitative Evaluation

Three common measures were used to evaluate the quantitative performance of the suggested model: the Contrast
Improvement Index (CII), the Structural Similarity Index Measure (SSIM), and the Peak Signal-to-Noise Ratio
(PSNR). A test batch of 500 different photos was used to calculate these measures.

Table 1: Performance Comparison of Enhancement Techniques on Test Dataset

Method PSNR (dB) | SSIM | ClI
Histogram Equalization (HE) 21.74 0.712 | 1.25
CLAHE 23.89 0.766 | 1.38
Proposed CNN-Based Method | 28.34 0.892 | 1.73
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Figure 1: Performance Comparison of Enhancement Techniques on Test Dataset
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The suggested CNN-based image enhancement technique clearly outperforms conventional methods, as shown by the
performance comparison based on objective metrics—PSNR (Peak Signal-to-Noise Ratio), SSIM (Structural
Similarity Index), and CII (Contrast Improvement Index). With the maximum PSNR of 28.34 dB, the CNN-based
approach demonstrated superior image detail preservation with the least amount of distortion. In addition, it has an
SSIM of 0.892, which indicates better visual quality and structural similarity than CLAHE (0.766) and Histogram
Equalization (0.712). Additionally, the suggested method's Contrast Improvement Index (ClII) of 1.73 verifies that it
is more effective than HE (1.25) and CLAHE (1.38) at improving image contrast. These outcomes demonstrate that
the CNN-based model is a reliable option for complex picture enhancement tasks since it not only increases contrast
but also preserves structural integrity and visual clarity.
4.2. Visual Quality Assessment

A group of improved photos was visually compared in order to assess perceptual image quality. On a scale of 1 (bad)
to 5 (outstanding), human assessors (n = 20) were asked to score the augmented photos' visual clarity, contrast, and
natural appearance.

Table 2: Average Subjective Scores from Human Evaluators

Method Visual Clarity | Contrast | Natural Appearance
Histogram Equalization (HE) 2.8 3.1 2.7

CLAHE 3.6 3.9 3.4

Proposed CNN-Based Method | 4.7 4.8 4.5
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Figure 2: Average Subjective Scores from Human Evaluators

The findings of the subjective evaluation unequivocally show that the suggested CNN-based picture enhancement
method outperforms conventional methods. On a 5-point scale, the CNN-based approach yielded images that were
not only more detailed and clear, but also aesthetically pleasant and visually natural, scoring 4.7 for visual clarity, 4.8
for contrast, and 4.5 for natural appearance. Histogram Equalization (HE), on the other hand, scored the lowest,
suggesting that it has a propensity to over-enhance and warp image reality. Although CLAHE offered better local
contrast, it was still unable to replicate the suggested model's natural appearance. These findings demonstrate that the
CNN-based method effectively balances perceptual quality with enhancement strength, making it ideal for real-world
image enhancement applications.

4.3. Qualitative Examples

Representative examples of enhanced images are presented to visually illustrate the effectiveness of the proposed
model.
To visually demonstrate the efficacy of the suggested neural network-based approach, representative samples of
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improved photos were examined. Three types of photos were chosen for comparison: low-light urban situations,
medical images, and natural sceneries. Histogram Equalization (HE), Contrast Limited Adaptive Histogram
Equalization (CLAHE), and the suggested technique were used to improve each original image. The suggested
technique enhanced contrast in natural settings without oversaturating or losing detail, yielding more balanced and
aesthetically pleasing results. Neural network-processed medical photos preserved fine anatomical details better than
HE and CLAHE, which frequently produced blurring or excessive brightness. Similarly, the suggested approach
outperformed conventional techniques that had trouble with uneven illumination in low-light urban situations, greatly
enhancing visibility and detail in shadowed areas. These qualitative results corroborate the quantitative findings by
graphically demonstrating the model's capacity to produce high-quality upgrades across a range of image types.
Across a variety of image formats, the neural network-based image enhancement method showed notable gains in
contrast and visual clarity. Its superiority over conventional procedures was validated by both subjective assessments
and objective criteria. These results imply that the suggested approach is ideally suited for sophisticated image
augmentation uses in domains including photography, security monitoring, and medical imaging.

5. CONCLUSION

In comparison to more conventional approaches like Histogram Equalization and CLAHE, the suggested neural
network-based image enhancement strategy successfully increased image contrast and visual clarity, according to the
study mentioned above. The model demonstrated its capacity to improve picture quality while maintaining natural
appearance and structural details by performing better in both objective measures (PSNR, SSIM, and CIl) and
subjective assessments by human observers. These findings demonstrate the promise of deep learning-based methods
for sophisticated image enhancement applications, providing a reliable and expandable way to enhance visual quality
in a variety of imaging scenarios.
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