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Abstract

Efficient livestock management is vital for modern agriculture, yet
traditional methods of counting and monitoring livestock remain
labour- intensive and error-prone. This research introduces an Al-
powered real-time livestock counting system utilizing the YOLOv9
object detection algorithm. The system automates the detection and
counting of cattle and sheep in dynamic farm environments,
addressing challenges such as varying lighting, animal movement,
and occlusions. Key features include anomaly detection to monitor
animal behaviour and health, offering actionable insights for
improved farm management. The system is scalable, deployable on
embedded platforms like Raspberry Pi, and integrates seamlessly
with existing farm management tools, making it cost- effective and
accessible for farms of various sizes. Experimental results highlight
the system's high accuracy, efficiency, and robustness,
demonstrating its potential to revolutionize precision agriculture by
optimizing resource use, improving animal welfare, and enabling
data-driven decision-making.

INTRODUCTION

In the modern digital era, high-resolution (HR)
images are essential for various applications,

blurring, loss of fine details, and unnatural
contrast enhancement. To overcome these
limitations, advanced techniques leveraging

including medical diagnostics, video surveillance,
remote sensing, and computer vision. However,
acquiring HR images is often constrained by
hardware limitations, environmental factors, and
high  computational costs. Consequently,
enhancing the resolution of low-resolution (LR)
images has become a significant research focus.
Traditional image resolution enhancement
techniques such as interpolation-based methods
(bilinear, bicubic, and nearest-neighbour
interpolation) and histogram equalization (HE)
methods have been widely used. However, these
techniques often lead to artifacts such as
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machine learning and neural networks have
emerged, providing more effective and adaptive
solutions for resolution enhancement. This
research proposes a histogram-based resolution
enhancement approach utilizing a
Backpropagation Neural Network (BPNN). The
technique involves segmenting an LR image into
small blocks, computing histograms for each
block, and training a neural network to learn and
apply histogram-based transformations. The
proposed method aims to enhance image clarity,
preserve brightness, and improve overall image
quality while mitigating common issues

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


https://journals.mriindia.com/
mailto:pute@gmail.com
mailto:rahul.mulajkar@gmail.com2
mailto:vaishalidhede@rediffmail.com
mailto:rohoni.deokar@avcoe.org

associated with traditional enhancement
techniques. The rest of this paper is structured as
follows: Section 2 reviews related work, Section 3
presents the proposed methodology, Section 4
discusses experimental results and performance
evaluation, Section 5 provides a discussion on the
findings, and Section 6 concludes the study with
future research directions.

LITERATURE REVIEW

[1] Zhang, X. et al. (2024): Enhancing Image
Resolution Using Histogram Equalization and
Deep Learning Zhang et al. proposed a hybrid
approach combining histogram equalization
techniques with deep learning models to
enhance image resolution. The study
demonstrated that integrating traditional
histogram methods with neural networks
significantly improved image clarity and contrast.
The findings support the effectiveness of
histogram-based preprocessing for resolution
enhancement. [1]

[2] Wang, H. et al. (2023): Al-Based Super-
Resolution Imaging Using Convolutional Neural
Networks

Wang et al. explored the use of CNNs for super-
resolution imaging, focusing on image upscaling
and noise reduction. The research demonstrated
that CNN-based architectures effectively
reconstructed high-resolution images from low-
resolution inputs. This work aligns with neural
network- based approaches for enhancing image
quality. [2]

[3] Chen, Y. et al. (2022): Histogram-Based
Image Enhancement for Low-Resolution Images
Chen’s research investigated the application of
histogram- based techniques to improve image
resolution. The study demonstrated that adaptive
histogram  equalization = (AHE) effectively
enhanced local contrast, making it a suitable
preprocessing step for deep learning-based
super-resolution models. [3]

[4] Liu, F.etal. (2023): Deep Learning for Image
Super- Resolution Using Generative Adversarial
Networks

Liu et al. developed a GAN-based model for image
super- resolution, leveraging histogram-based
preprocessing to improve texture details. The
study showed that combining GANs with
histogram equalization led to sharper and more
realistic image enhancements. [4]

[5T Jain, R. et al. (2022): Machine Learning for
Image Upscaling Using Histogram-Based Feature
Extraction

Jain et al. proposed a machine learning-based
system that used histogram features to guide
image upscaling processes. The study combined
histogram-derived contrast adjustments with
neural networks to enhance image details
without introducing artifacts. [5]
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[6] Kumar, S. et al. (2023): Enhancing Low-
Light Images Using Histogram-Based
Preprocessing and Deep Learning Kumar et al.
explored a two-step approach that first applied
histogram equalization for contrast
enhancement and then used a deep learning
model for resolution improvement. The research
highlighted the effectiveness of combining
statistical image enhancements with Al-driven
methods. [6]

[71 Nguyen, T. et al. (2023): Edge-Preserving
Super- Resolution Using Histogram Features and
CNNs

Nguyen et al. investigated the use of histogram-
based edge detection in conjunction with CNN-
based super-resolution techniques. Their results
showed that histogram-based preprocessing
significantly improved the retention of fine
details in upscaled images. [7]

[8] Dutta, P. et al. (2022): Multi-Scale Super-
Resolution Using Histogram Matching and Neural
Networks

Dutta et al. developed a multi-scale approach that
applied histogram matching before feeding
images into a neural network-based super-
resolution model. The technique ensured
consistent tone reproduction and improved
resolution across varying image scales. [8]

[9] Bose, A. et al. (2022): Automated Image
Resolution Enhancement Using Al and Histogram
Processing

Bose et al. developed an automated pipeline that
combined histogram-based contrast
enhancement with Al-driven upscaling. Their
model effectively improved image sharpness
while preserving natural colours and textures.
[9]

[10] Patil, D. et al. (2023): Neural Network-
Based Image Super-Resolution with Histogram
Equalization

Patil et al. explored the integration of histogram
equalization with deep neural networks for
super-resolution. Their study demonstrated that
histogram-based preprocessing improved
feature extraction, leading to higher-quality
upscaled images. [10]

[11] Ravi, K. et al. (2024): Hybrid Super-
Resolution Model Using Histogram Features and
Deep Learning

Ravi et al. proposed a hybrid model that
extracted histogram features and fed them into a
deep learning-based super- resolution network.
Their approach improved image clarity and
preserved fine details more effectively than
conventional methods. [11]

[12] Singh, M. et al. (2023): Al-Driven Image
Upscaling  with  Histogram-Based  Noise
Reduction

Singh et al. developed an Al-driven image
upscaling system that used histogram-based
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noise reduction before applying super-resolution
techniques. Their approach minimized noise
artifacts while enhancing image details. [12]

[13] Agarwal, P. et al. (2023): Histogram-Guided
Super-  Resolution Networks for Image
Enhancement

Agarwal et al. proposed a super-resolution
network that incorporated histogram-guided
feature extraction. Their study showed that
histogram-based guidance improved neural
network performance in image resolution
enhancement tasks. [13]

[14] Verma, S. et al. (2022): Enhancing Image
Clarity Using Histogram Normalization and Al-
Based Super-Resolution Verma et al. combined
histogram normalization with Al- based super-
resolution techniques to enhance image clarity.
Their study demonstrated that histogram
normalization improved image consistency and
detail retention. [14]

[15] Kumar, R. et al. (2023): A Novel Approach
to Image Super-Resolution Using Histogram-
Based Filtering and CNNs

Kumar et al. introduced a novel approach that
employed histogram-based filtering as a
preprocessing step for CNN- based super-
resolution models. Their results indicated that
this combination led to superior image quality
with reduced distortions. [15]

[16] Gupta, A. et al. (2023): Adaptive Histogram-
Based Super-Resolution Using Deep Learning
Gupta et al. introduced an adaptive histogram-
based preprocessing technique combined with
deep learning models for super-resolution
imaging. Their approach dynamically adjusted
histogram equalization parameters, leading to
improved texture preservation and contrast
enhancement in upscaled images. [16]

[17] Sharma, N. et al. (2023): Histogram-Based
Feature Refinement for Al-Powered Image
Resolution Enhancement Sharma et al. explored
the impact of histogram-based feature
refinement on Al-driven super-resolution
techniques. Their research demonstrated that
refining input image histograms before feeding
them into deep learning models significantly
improved sharpness and detail accuracy. [17]

[18] Das, R. et al. (2024): Deep Learning-
Assisted Image Upscaling Using Histogram
Statistics

Das et al. proposed a novel image upscaling
framework integrating histogram statistics with
convolutional neural networks (CNNs). Their
findings highlighted that histogram-based
preprocessing minimized loss of fine details and
produced sharper image reconstructions. [18]
[19] Mehta, V. et al. (2023): Contrast-Preserving
Image Super-Resolution Using Histogram-Based
Methods

Mehta et al. designed a hybrid super-resolution
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technique that preserved contrast by leveraging
histogram-based  processing. Their study
revealed that histogram-controlled contrast
adjustments helped prevent over-smoothing in
deep learning-based image enhancement. [19]

[20] Reddy, L. et al. (2024): Hybrid Al-
Histogram Approach for Real-Time Image
Resolution Enhancement Reddy et al
developed a real-time image resolution

enhancement method by integrating histogram
analysis with Al-based upscaling algorithms.
Their approach maintained image consistency
while ensuring high computational efficiency,
making it suitable for real-world applications.
[20]

OBJECTIVES

The proposed Histogram-Based Resolution
Enhancement Algorithm aims to improve image
quality by  integrating  histogram-based
techniques with neural networks. This approach
seeks to overcome the limitations of traditional
histogram equalization methods by enhancing
contrast while preserving fine details, ensuring
more visually appealing and informative images.
The objectives of this system are outlined as
follows:
Enhanced Contrast and Detail
Preservation

Conventional histogram equalization techniques
often lead to over-enhancement, causing
unnatural brightness variations and loss of fine
details. This project focuses on optimizing
contrast enhancement while maintaining critical
image details, ensuring a balanced and visually
appealing output. The goal is to enhance low-
resolution images without introducing noise or
distortion, making them more suitable for
analysis and interpretation.

Neural Network Integration for Super-Resolution
A deep learning model will be trained to learn
histogram- based transformations for upscaling
low-resolution images efficiently. The proposed
neural network will focus on adaptive
enhancement, adjusting transformations based
on image characteristics. This integration will
enable Dbetter feature retention and clarity,
improving the resolution of images for various
applications such as medical imaging, satellite
imagery, and surveillance.

Image

Quantitative Performance Evaluation

The effectiveness of the proposed method will be
assessed using standard image quality metrics
such as Peak Signal-to- Noise Ratio (PSNR), Root
Mean Square Error (RMSE), and Structural
Similarity Index (SSIM). These metrics will
provide  objective  evaluations of  the
improvement in image quality, ensuring that the
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proposed algorithm performs consistently across
different datasets and conditions.

Real-Time Processing and Computational
Efficiency

To enable real-time applications, the algorithm
will be optimized for minimal computational
overhead.  Techniques such as  model
compression, optimized memory usage, and
parallel processing will be employed to ensure
efficient execution. The goal is to create a
lightweight model that delivers high-quality
image enhancement  without excessive
processing delays, making it suitable for real-
world  scenarios requiring quick image
enhancement.

Robustness Across Diverse Image Conditions

Images captured under different lighting
conditions, noise levels, and resolutions present
significant challenges in enhancement. The
proposed system will be trained and tested on a
diverse dataset to ensure adaptability across
various real-world conditions. By addressing
factors such as low-light enhancement and noise
reduction, the model will be robust enough to
handle images from multiple domains effectively.

Comparison with Existing Techniques

To demonstrate its advantages, the proposed
method will be benchmarked against traditional
enhancement techniques like bilinear
interpolation, bicubic interpolation, and deep
learning-based super-resolution methods. A
comparative analysis will highlight
improvements in terms of image clarity,
computational efficiency, and detail preservation,
providing insights into the superiority of the
proposed approach.

Scalability and Energy Efficiency

A key focus of this research is ensuring that the
algorithm remains scalable and energy-efficient,
making it deployable across various platforms,
including edge devices, cloud- based systems,

and high-performance computing environments.
Optimizing model training and inference
efficiency will help reduce energy consumption,
making it

suitable for large-scale deployment in resource-
constrained settings.

Application in Critical Domains

The proposed method has significant
implications in fields requiring high-resolution
imagery, including medical imaging, satellite
imaging, security surveillance, and autonomous
systems. By improving image clarity, the
technique can enhance diagnostic accuracy,
improve object detection in satellite images, and
provide clearer surveillance footage for security
applications.

Integration with Existing Image Processing
Systems

To maximize adoption, the algorithm will be
designed for seamless integration with existing
image processing frameworks like OpenCV,
TensorFlow, and MATLAB. Ensuring
compatibility with current tools will facilitate
smooth deployment in various industries,
allowing professionals to leverage enhanced
images without extensive modifications to their
workflows.

Adaptive and Context-Aware Enhancement
The proposed system will incorporate adaptive
and context- aware image enhancement
techniques that dynamically adjust histogram-
based transformations based on the content and
structure of the image. By leveraging deep
learning- driven feature extraction, the algorithm
will identify regions requiring localized
enhancements, such as edges, textures, and fine
details, ensuring optimal enhancement for
different image types. This adaptability will
improve the quality of various image categories,
from medical scans to low-light surveillance
footage, making the approach highly versatile
across multiple domains.

METHODOLOGY
The proposed algorithm
- Inputimage — Equalization ¥ > Elain ) "HOVEHSEN
‘ b | Histogram -~

 e— ‘ (HE) Equalization

Fig-1: System Architecture
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The proposed methodology enhances image
quality by integrating multiple histogram
equalization techniques. The approach consists
of three primary stages: Traditional Histogram

Equalization (THE), Fuzzy Histogram
Equalization (FHE), and Contrast-Limited
Adaptive Histogram Equalization (CLAHE).

This combination ensures improved contrast,
better detail preservation, and reduced noise
artifacts.

Histogram-Based Preprocessing

Histogram equalization serves as a preprocessing
step to enhance contrast before passing images
to the neural network. This step is crucial in
redistributing pixel intensities, improving
brightness levels, and ensuring that fine details
are retained. The preprocessing phase consists of
three complementary techniques:

This step involves:

1. Traditional Histogram Equalization (THE):
Redistributes pixel intensities to achieve
a uniform histogram.

Enhances global contrast but may lead to
over- brightening in certain regions.

2. Fuzzy Histogram Equalization (FHE):

Applies fuzzy logic-based intensity
transformation for adaptive contrast
enhancement.

Prevents over-enhancement and preserves

important image details.

3. Contrast-Limited Adaptive
Equalization (CLAHE):

Performs localized contrast enhancement by
dividing the image into smaller regions.

Limits contrast amplification to prevent noise
over- enhancement.

Histogram

Neural Network-Based Super-Resolution

After histogram equalization, the pre-processed
images are passed through a deep learning-based
super-resolution model to upscale their
resolution. The neural network architecture
consists of:

1. Convolutional Neural Networks (CNNs):

Extracts high-frequency features from the pre-
processed image.

Enhances fine details while preserving texture
information.

2. Generative Adversarial Networks (GANs):

Generates high-resolution images from low-
resolution inputs.

Uses an adversarial loss function to improve
realism and sharpness.
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3. Residual Learning and Skip Connections:

Prevents loss of important features during deep
network training.

Accelerates convergence and improves overall
super- resolution performance.

By combining CNNs, GANSs, and residual learning,
the proposed approach effectively enhances
image resolution and preserves structural
details.

Output Image Generation

The final enhanced image is obtained after
sequential application of histogram-based
preprocessing and deep learning-based super-
resolution. The advantages of this approach
include:

Improved Image Contrast: Enhances brightness
and texture details.

High-Resolution Output: Produces sharper and
more detailed images.

Noise Reduction: Minimizes artifacts introduced
during the upscaling process.

Evaluation Metrics

To assess the effectiveness of the proposed
method, the following evaluation metrics are
employed:

Peak Signal-to-Noise Ratio (PSNR): Measures the
fidelity of the enhanced image relative to the
original.

Structural Similarity Index (SSIM): Evaluates the
preservation of structural details.

Mean Squared Error (MSE): Quantifies the
reconstruction accuracy of the super-resolution
model.

Entropy Analysis: Measures intensity
distribution and contrast improvement. Seamless
integration with these tools will enable
professionals to adopt the method without
extensive modifications to existing workflows,
ensuring smooth implementation across
industries.

SYSTEM DESIGN AND IMPLEMENTATION
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Fig-2: System Architecture
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1. System Architecture

The proposed system utilizes a Histogram-based
Fuzzy Enhancement Algorithm to improve image
quality by enhancing the Value (V) component in
the HSV colour space. This approach ensures
better brightness and contrast while preserving
the original colour details. The system begins by
converting the input RGB image into HSV format
and extracting the V component, which
represents image intensity. A histogram of the V
component is computed to analyse the
distribution of intensity values.

To enhance the image, a control parameter K =
128 is initialized, and another parameter M is
computed based on a predefined equation. The
pixel intensity range is then divided into two
classes: C; (Low Intensity: [0, M-1]) and C, (High
Intensity: [M, 255]). Fuzzy membership values
uD1 and pD2 are calculated for these classes,
determining the degree of enhancement applied
to each pixel. The enhanced intensity values x,
are then computed using transformation
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equations, which adjust pixel brightness
accordingly. The modified V component is then
merged back with the original Hue (H) and
Saturation (S) components to reconstruct the
enhanced HSV image. Finally, the enhanced
image is converted back to RGB format for
output.

The system is implemented using Python with
libraries such as OpenCV, NumPy, and Matplotlib.
Key functions include cv2.cvtColor() for colour
space conversion, NumPy. Histogram () for
histogram computation, and fuzzy logic- based
intensity transformations. This method is
particularly useful in applications like medical
imaging, satellite image processing, low-light
enhancement, and security surveillance, where
image clarity is crucia. The proposed
enhancement technique effectively improves
image brightness and contrast while maintaining
colour integrity, making it suitable for real-world
image enhancement tasks.

CHALLENGES AND LIMITATIONS

The development and implementation of the
Histogram- based Fuzzy Enhancement
Algorithm for image enhancement present
several challenges and limitations. These issues
must be addressed to improve the system’s
effectiveness, adaptability, and robustness across
different imaging conditions.

Computational Complexity: The fuzzy
membership calculations and histogram-based
transformations require significant
computational power, particularly for high-
resolution images. This can lead to increased
processing time, making real-time applications
less feasible [1].

Memory and Storage Requirements: Processing
high- resolution images demands substantial
memory and storage capacity. Large image files
require efficient handling techniques to avoid
excessive resource consumption, particularly in
embedded systems or mobile applications [7].

Image Enhancement Challenges
Over-Enhancement or Under-Enhancement: The
algorithm’s reliance on predefined parameters
may cause over- enhancement in bright areas or
under-enhancement in darker regions, leading to
unnatural-looking images. Fine-tuning these
parameters is necessary for optimal results.

Loss of Fine Details: While the algorithm
improves overall brightness and contrast, it may
inadvertently smooth out texture details,
reducing image sharpness. This is particularly
problematic in applications requiring high-detail
preservation, such as medical imaging [12].

Color and Noise Handling Limitations

Color Distortion: The conversion between RGB
and HSV color spaces may introduce minor color
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distortions, affecting the accuracy of color
representation in the final enhanced image. This
issue is more pronounced in images with
complex color distributions [8].

Noise Amplification: Images with significant
noise, such as low-light or compressed images,
may not benefit from this method. The
enhancement process can amplify noise rather
than improve visibility, degrading image quality
instead of improving it.

Adaptability and Generalization Issues
Parameter Dependency: The algorithm uses fixed
parameters (K and M) that may not be
universally effective for all images. Different
lighting conditions and image types require
adaptive tuning, making it less flexible compared
to Al-based enhancement techniques [17].

Lack of Adaptive Learning: Unlike deep learning-
based approaches, the algorithm does not adapt
to varying image content. It lacks a self-learning
mechanism to adjust its parameters dynamically
based on image characteristics, reducing its
effectiveness in diverse scenarios [3].

Real-Time Processing Limitations
Processing Speed: The algorithm's reliance on
histogram calculations and fuzzy logic increases

processing time, making real-time
implementation challenging, especially for video
frames or large  datasets. Optimizing

computational efficiency is essential for real-time
applications [10].

Hardware Constraints: High-performance
computing resources are needed to process high-
resolution images efficiently. On lower-end
hardware, performance bottlenecks may arise,
limiting its applicability in resource- constrained
environments [15].

Ethical and Practical Considerations
Subjectivity in Enhancement Quality: The
perception of image enhancement quality varies
across different users and applications. What
appears as an improvement in one scenario may
be perceived as excessive enhancement in
another [13].

Application-Specific Requirements: Different
fields, such as medical imaging and satellite
image processing, have unique enhancement
requirements. A one-size-fits-all approach may
not be suitable, necessitating customization for
different use cases [7].

CONCLUSION

The Histogram-based Fuzzy Enhancement
Algorithm effectively improves image
brightness and contrast while preserving color
integrity. However, challenges such as
computational complexity, noise amplification,
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color distortions, and limited adaptability hinder
its real-time application. Future improvements,
including adaptive parameter tuning and Al
integration, can enhance its efficiency. Despite its
limitations, the method remains a valuable tool
for various imaging applications.
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