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ABSTRACT  

Low and weak contrast in images often pose a major hurdle in extracting meaningful information, 

especially in critical fields like healthcare diagnostics, remote sensing, and security surveillance. 

Traditional enhancement techniques frequently fall short when it comes to preserving detail and 

improving interpretability in such images.This work presents a novel method for efficiently enhancing 

low-contrast images by fusing sophisticated machine learning models with specialized image 

processing approaches.   By teaching algorithms to recognize and amplify subtle variations in tone 

and texture, the method can uncover features that are typically obscured by traditional analysis.   The 

method not only enhances visual quality but also increases the accuracy of subsequent tasks such as 

object detection and pattern recognition.   Comparative evaluations show that machine learning has 

the potential to revolutionize how we handle and assess low-quality visual input, outperforming 

conventional techniques by a significant margin. 
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INTRODUCTION  

Image processing is essential in today's digital world for a variety of sectors, including surveillance, 

remote sensing, healthcare, and agriculture. In the field, handling images with low or poor contrast is 

one of the most enduring problems. These photos are frequently the result of inadequate lighting, 

shoddy sensors, or outside interference, making it challenging to distinguish crucial details or derive 

reliable data. Traditional techniques such as contrast stretching or histogram equalization have been 

employed to tackle this problem, but they frequently have limited efficacy in cases when image details 

are very faint or irregular. Inadequately enhancing low-contrast photos might have detrimental effects. 

Poor contrast, for instance, can obscure early illness indicators in medical imaging and make it difficult 

to identify important features like faces or license plates in surveillance footage. These drawbacks 

show how urgently more advanced methods are needed to provide more dependable feature 

identification and analysis, especially in visually impaired settings, and to go beyond simple 

augmentation. Machine learning, particularly deep learning, has become a potent remedy for this issue. 

Machine learning algorithms, in contrast to conventional image processing methods, may be trained 

to recognize intricate patterns, grow from enormous datasets, and adjust to various forms of image 

deterioration. Tasks like edge recognition, noise reduction, and picture segmentation—all crucial 

when dealing with low-contrast data have demonstrated the immense promise of these models, 

especially convolutional neural networks (CNNs). Even in situations where the contrast is too faint 

for human vision or conventional filters, these models' strength is their capacity to automatically 

extract significant characteristics. In this study, a hybrid image enhancement framework that combines 

sophisticated machine learning algorithms with contrast modification approaches is developed and 

evaluated. Through the integration of data driven intelligence and traditional image processing, the 

system seeks to improve downstream analytical tasks like object detection and categorization, preserve 

fine details, and increase visibility. The impact of these improvements on real world applications, 

where precision and dependability are crucial, is given particular consideration. 
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METHODOLOGY 

1. Data Collection and Preprocessing 

To train and evaluate the proposed system, a diverse dataset of low and weak contrast images was 

compiled from various publicly available image databases relevant to fields like medical imaging, 

satellite observation, and surveillance footage. These datasets include naturally degraded images as 

well as artificially altered ones created by applying controlled reductions in brightness and contrast. 

This dual approach ensures that the model is exposed to a broad spectrum of contrast-related 

challenges. 

Before feeding the images into the machine learning model, several preprocessing steps were applied. 

These included image normalization, resizing to a standard dimension, and the application of 

denoising filters where necessary to isolate the effects of contrast enhancement. Data augmentation 

techniques such as rotation, flipping, and zooming were also employed to improve the model’s 

generalizability. Additionally, pixel intensity normalization was carried out to bring all images onto a 

consistent scale, which is crucial for effective training of deep learning networks. 

2. Traditional Image Enhancement Baselines 

To establish a point of comparison, several conventional contrast enhancement techniques were 

implemented and tested alongside the proposed machine learning model. These included: 

 

● Histogram Equalization (HE) 

● Contrast-Limited Adaptive Histogram Equalization (CLAHE) 

● Gamma Correction 

● Unsharp Masking 

 

Each of these methods was applied to the test datasets, and the results were recorded in terms of both 

visual clarity and accuracy in downstream tasks such as edge detection and object recognition. This 

comparative analysis served to demonstrate the strengths and weaknesses of traditional approaches 

and provided a benchmark for evaluating the machine learning-based model. 

3. Machine Learning Model Design and Training 

At the core of the proposed method is a custom-designed convolutional neural network (CNN) tailored 

for image enhancement and feature extraction. The network architecture comprises multiple layers, 

including: 

 

● Convolutional layers for learning localized patterns 

● ReLU (Rectified Linear Unit) activations to introduce non-linearity 

● Batch normalization for faster convergence and reduced overfitting 

● Max-pooling layers for dimensionality reduction 

● Skip connections to retain fine image details (inspired by U-Net or ResNet models) 

 

The model was trained using a supervised learning approach, where low-contrast images were input 

and high-contrast ground truth images were used as the output target. The loss function was a 

combination of Mean Squared Error (MSE) and Structural Similarity Index (SSIM) to ensure 

both pixel-level accuracy and perceptual quality. The Adam optimizer was used for efficient gradient 

descent, and training was conducted over multiple epochs with a gradually decaying learning rate to 

improve performance. 

 

4. Feature Detection and Analysis Pipeline 

Once the enhanced images were generated, they were passed through a secondary analysis pipeline to 

test the impact of enhancement on feature recognition. This pipeline involved the use of pre-trained 
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models like YOLOv5 for object detection and SIFT (Scale-Invariant Feature Transform) for keypoint 

extraction. The objective was to determine how much the enhancement improved the models’ ability 

to detect and interpret features that were previously hidden or blurred in the original low-contrast 

images. 

Accuracy metrics such as precision, recall, and F1-score were calculated to quantify improvements 

in detection performance. Additionally, visual comparison techniques, including side-by-side contrast 

visualization and feature overlay, were used to provide qualitative evidence of enhancement 

effectiveness. 

 

5. Evaluation and Performance Metrics 

To rigorously assess the proposed method, both subjective and objective evaluation metrics were used. 

Objective evaluation included: 

 

● PSNR (Peak Signal-to-Noise Ratio) – to measure image fidelity 

● SSIM (Structural Similarity Index Measure) – to assess perceptual quality 

● Entropy – to quantify the amount of information recovered 

● Edge Density – to evaluate the improvement in feature sharpness 

 

Subjective evaluation was conducted by human reviewers who rated the clarity and interpretability of 

enhanced images in a blind review process. These evaluations were especially important for fields like 

medical imaging, where clinical applicability is a critical consideration. 

The performance of the machine learning-enhanced images was consistently superior to that of 

traditional methods, both in terms of numerical metrics and visual inspection. Notably, images that 

were nearly unreadable before enhancement became analyzable with the proposed method, validating 

its utility in real-world applications.

 

LITERATURE SURVEY  

S. 

No. 

Author(s) Purpose Methodology / 

Approach 

Findings / 

Contribution 

Year 

1 Wang et al. To evaluate image 

quality using 

perceptual 

similarity 

Introduced SSIM 

metric 

Provided a robust 

method for image 

quality assessment 

2004 

2 He et al. To improve object 

detection using 

residual learning 

Developed ResNet 

deep network 

architecture 

Enabled deeper, 

more accurate 

models 

2016 

3 Ronneberger et 

al. 

To enhance 

biomedical image 

segmentation 

Proposed the U-Net 

model 

Improved feature 

localization and 

resolution 

2015 
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4 Lim et al. To enhance image 

super-resolution 

using deep learning 

EDSR (Enhanced 

Deep Super-

Resolution 

Network) 

Achieved high 

PSNR/SSIM scores 

for low-res images 

2017 

5 Zhao et al. To compare deep 

vs traditional 

contrast methods 

Surveyed machine 

learning and 

enhancement 

algorithms 

Highlighted 

limitations of 

classical 

enhancement 

2019 

6 Zhang et al. To apply GANs for 

contrast 

enhancement 

Proposed GAN-

based low-light 

image enhancement 

Generated visually 

realistic results 

2018 

7 Lore et al. To enhance low-

light images using 

autoencoders 

Developed LLNet 

(Low-light Net) 

Successfully 

removed noise and 

improved contrast 

2017 

8 Gu et al. To denoise and 

enhance images 

using deep prior 

Deep image prior 

without external 

training data 

Enhanced weak 

contrast with 

structural fidelity 

2018 

9 Badrinarayanan 

et al. 

Semantic 

segmentation using 

deep networks 

Introduced SegNet Helped in accurate 

feature boundary 

detection 

2017 

10 Cai et al. Visibility 

enhancement in 

hazy images 

Developed 

DehazeNet 

Improved clarity in 

degraded images 

2016 

11 Yang et al. Object detection in 

low-light 

conditions 

Modified YOLO 

with pre-

enhancement layers 

Improved detection 

accuracy under poor 

lighting 

2020 

12 Chai et al. To combine 

enhancement with 

classification 

Used CNN + pre-

processing modules 

Better classification 

results on weak 

contrast images 

2019 

13 Chen et al. To enhance 

medical images 

using ML 

Applied deep CNNs 

to low-contrast X-

rays 

Boosted diagnostic 

clarity and precision 

2020 
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14 Zhang & Patel Low-light 

enhancement using 

Zero-DCE 

Proposed 

unsupervised curve 

estimation model 

Effective and fast 

low-light 

enhancement 

2020 

15 Xu et al. Low-light image 

enhancement 

Retinex-based deep 

learning model 

Improved both 

naturalness and 

feature visibility 

2021 

RESULTS  

Method Accuracy 

(%) 

MSE 

↓ 

PSNR (dB) 

↑ 

SSIM 

↑ 

Entropy 

↑ 

Histogram Equalization (HE) 72.4 0.0182 24.8 0.61 6.12 

CLAHE 78.1 0.0154 26.5 0.68 6.45 

Gamma Correction 74.3 0.0168 25.4 0.64 6.33 

Proposed CNN-Based Model 91.7 0.0085 30.1 0.91 7.21 

GAN-Based Enhancement 

(baseline) 

88.5 0.0102 28.3 0.87 7.03 

 

CONCLUSION  

This study offers a practical approach to improving photos with low and weak contrast by combining 

sophisticated machine learning models with specific image processing methods. In contrast to 

conventional techniques, the suggested method may detect and enhance minute changes in tone and 

texture, leading to enhanced visual clarity and increased visibility of features. Tasks like pattern 

recognition and object detection become more accurate as a result. Machine learning performs 

noticeably better than traditional methods, according to comparative studies, especially in crucial 

applications like surveillance and medical diagnostics. The results show how intelligent image 

augmentation algorithms can boost the understanding of pictures with poor quality. Further research 

might examine cross-domain applicability, real-time performance, and more thorough integration with 

automated analysis processes. 
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