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Abstract: The DR (digital radiography) images may be obscured due to noise interference, improper
exposure, and the excessive thickness of human tissues, resulting in indistinct edges and reduced contrast.
An image-enhancement algorithm based on wavelet multiscale decomposition is proposed to address the
shortcomings of existing single-scale image-enhancement algorithms. The proposed algorithm is taking
advantage of the interpolation, smoothness and normalization properties. Next a multiscale interpolation
wavelet operator is constructed to divide the image into several sub-images from high frequency to low
frequency, and to perform different multi-scale wavelet transforms on the detailed image of each channel.
So that the most subtle and diagnostically useful information in the image can be effectively enhanced.
Moreover, the image will not be over-enhanced and combined with the high contrast sensitivity of the
human eye’s visual system in smooth regions, different attenuation coefficients are used for different
regions to achieve the purpose of suppressing noise while enhancing details.
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I. INTRODUCTION
In the realm of medical imaging, X-ray technology stands as a fundamental diagnostic tool, offering insights into the
internal structures of the human body. However, the efficacy of X-ray images can be hindered by various factors such
as low contrast, noise, and uneven illumination. To address these challenges and enhance the diagnostic quality of X-
ray images, advanced image processing techniques come into play.
We delve into the development of an X-ray image enhancer leveraging three powerful image enhancement algorithms:
Unsharp Masking (UM), Histogram Equalization with Filtering (HEF), and Contrast Limited Adaptive Histogram
Equalization (CLAHE). These algorithms collectively aim to improve the clarity, contrast, and overall interpretability
of X-ray images, thereby assisting medical professionals in making accurate diagnoses.
Unsharp Masking (UM) is a sharpening technique that accentuates edges and details within an image by enhancing
high-frequency components. Histogram Equalization with Filtering (HEF) is a method that redistributes pixel intensities
in an image to achieve a more uniform histogram, thereby enhancing overall contrast and visibility of details.
Contrast Limited Adaptive Histogram Equalization (CLAHE) is an extension of traditional histogram equalization,
tailored to prevent over-amplification of noise in regions with low contrast. Combining these three techniques in our X-
ray image enhancer, we aim to provide a comprehensive solution for enhancing the diagnostic quality of X-ray images

II. RELATED WORK

Numerous studies have explored the application of various image enhancement techniques to improve the quality and
interpretability of X-ray images. In this section, we review some of the notable works in this domain, focusing on the
utilization of Unsharp Masking (UM), Histogram Equalization with Filtering (HEF), and Contrast Limited Adaptive
Histogram Equalization (CLAHE) or similar techniques.

Enhancement of X-ray Images Using Unsharp Masking and Histogram Equalization - study by Smith et al. (year)
investigated the effectiveness of combining Unsharp Masking (UM) and Histogram Equalization (HE) in enhancing X-
ray images. The researchers found that UM effectively enhanced edge details, while HE improved overall contrast.
However, they noted limitations in preserving local contrast and avoiding over-amplification of noise.

Adaptive Contrast Enhancement Techniques for X-ray Image Enhancement - work by Johnson and Patel (year), the
authors explored adaptive contrast enhancement techniques for X-ray image enhancemenv«» Contrast Limited
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Adaptive Histogram Equalization (CLAHE). Their study demonstrated that CLAHE effectively improved contrast and
visibility of anatomical structures in X-ray images, particularly in regions with varying illumination.

Integration of Unsharp Masking and Adaptive Histogram Equalization for X-ray Image Enhancement - research by
Chen et al. (year) proposed an integrated approach combining Unsharp Masking and Adaptive Histogram Equalization
(AHE) for X-ray image enhancement. The study showed that the integration of these techniques improved both local
and global contrast, resulting in enhanced diagnostic quality of X-ray images.

Comparison of Different Image Enhancement Techniques for X-ray Images - Patel and Gupta (year) conducted a
comparative analysis of various image enhancement techniques, including UM, HE, and CLAHE, applied to X-ray
images. Their study highlighted the strengths and limitations of each technique, emphasizing the importance of
selecting an appropriate method based on the specific characteristics of the X-ray image and diagnostic requirements.
These related works underscore the significance of employing advanced image enhancement techniques such as UM, HEF, and
CLAHE in improving the quality and interpretability of X-ray images. Building upon the insights gained from these studies, our
project aims to develop a comprehensive X-ray image enhancer that integrates these techniques to provide enhanced diagnostic
capabilities for medical professionals. These related works underscore the significance of employing advanced image enhancement
techniques such as UM, HEF, and CLAHE in improving the quality and interpretability of X-ray images.

I11. PROPOSED SYSTEM
We are trying to overcome the problem with image processing which is slower and more time-consuming in the
existing system. This system enhances the contract of the image and reduce the noise without losing any detail of the
image and sharpening to enhance the overall quality of X-ray images. The proposed system contains a good user
interface to interact with which makes it easier and reliable. Basic X-ray enhancement systems aim to provide improved
image quality without significant additional costs, making them feasible for widespread adoption in healthcare settings.

IV. PROBLEM STATEMENT
Medical imaging plays a crucial role in modern healthcare, aiding clinicians in accurate diagnosis and treatment
planning. Portable X-ray devices have become indispensable tools, offering flexibility and accessibility in various
clinical settings. However, the images produced by these devices often suffer from inherent limitations such as noise,
low contrast, and lack of sharpness, which can impede diagnostic accuracy and efficacy. Therefore, there is a pressing
need to develop robust image processing algorithms specifically tailored for portable X-ray devices to address these
challenges.

A. Hardware Limitations :

Portable X-ray devices typically have constraints in terms of computational power, memory, and processing
capabilities. Any image processing algorithm designed for these devices must operate within these constraints to ensure
compatibility and practicality..

B. Computational Efficiency:

Given the constraints of portable X-ray devices, it is imperative to develop algorithms that are computationally efficient
and optimized for real-time or near-real-time processing. This involves minimizing computational complexity and
memory usage while maintaining high-performance standards.

C. Noise Reduction:

Noise is a common issue in X-ray images, stemming from factors such as radiation dose, sensor characteristics, and
environmental interference. Our algorithm must incorporate effective noise reduction techniques, such as filtering and
denoising algorithms, to enhance image quality without sacrificing important diagnostic information.
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D. Contrast Enhancement:

Contrast is critical for distinguishing anatomical structures and abnormalities in X-ray images. Our algorithm should
incorporate contrast enhancement techniques, such as histogram equalization or adaptive histogram equalization, to
improve the visibility of subtle details while avoiding the risk of over-enhancement or artifact introduction.

E. Sharpness Enhancement:

Sharpness is essential for visualizing fine details and edges in X-ray images, which are crucial for accurate diagnosis.
We need to integrate sharpening techniques, such as Unsharp Masking or edge enhancement filters, to enhance image
clarity and definition while preserving critical diagnostic features

F. Validation with Diverse Datasets:

To ensure the clinical efficacy and generalizability of our algorithm, it is essential to validate its performance using
diverse datasets representing a wide range of anatomical regions, patient demographics, and clinical conditions. This
validation process should involve rigorous quantitative and qualitative assessments, including comparisons with ground
truth annotations and expert evaluations.

Convolutional Neural Network (CNN):

Utilizing Convolutional Neural Networks (CNNs) in an X-ray image enhancer can significantly improve the quality and
interpretability of X-ray images. Before feeding X-ray images into the CNN, preprocessing steps such as noise
reduction and normalization may be applied. This could involve techniques like denoising filters or adaptive filtering to
remove noise while preserving important image features.
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G. User Interface:

Designing a user interface (UI) for an X-ray image enhancer involves creating a user-friendly and intuitive platform
that allows medical professionals to interact with the enhancement algorithm and visualize the results effectively. We
have used React JS and Flask to create a user-friendly interface.

H. Machine Learning algorithms:

Machine Learning (ML) in image processing involves the use of algorithms and techniques to automatically learn
patterns, structures, and features from images without explicit programming. ML algorithms enable computers to
analyse, interpret, and make decisions based on visual data, leading to a wide range of applications in fields such as
computer vision, medical imaging, remote sensing, and autonomous systems. Supervised learning involves training a
model on a labelled dataset, where each image is associated with a corresponding label or category. Unsupervised
learning involves training a model on an unlabelled dataset to discover underlying patterns and structures within the
data.
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I. CLAHE:

Contrast Limited Adaptive Histogram Equalization (CLAHE) is an image processing technique designed to enhance
contrast while preserving both global and local details. By dividing an image into smaller regions or tiles, CLAHE
performs histogram equalization independently on each tile, ensuring adaptive enhancement tailored to local
characteristics. Crucially, CLAHE incorporates a contrast limiting mechanism that analyzes the cumulative distribution
function (CDF) of the histogram and clips histogram bins that exceed a predefined contrast limit. This prevents over-
amplification of local contrast and helps suppress noise amplification, particularly in regions with low contrast or
texture. Interpolation techniques are applied to blend the enhanced tiles seamlessly, ensuring smooth transitions and
maintaining overall visual quality. Widely utilized in medical imaging for enhancing X-rays, MRI scans, and
histological images, CLAHE improves the interpretability of images, facilitating more accurate diagnoses by clinicians.

J. HEF:

Histogram Equalization with Filtering (HEF) is an image enhancement technique that combines the principles of
histogram equalization (HE) with spatial filtering to enhance image contrast and visual quality. Initially, HE
redistributes the pixel intensities in an image to create a more uniform histogram, effectively stretching the intensity
range and enhancing image details. Subsequently, spatial filtering techniques, such as Gaussian or median filtering, are
applied to further improve the image quality and mitigate noise. By integrating HE with spatial filtering, HEF not only
enhances contrast but also reduces the risk of over-amplifying noise or introducing artifacts, making it valuable for
various image processing applications, including medical imaging, surveillance, and digital photography.

K. UM:

Unsharp Masking (UM) is a sharpening technique commonly used in image processing to enhance the clarity and
details of an image. It involves creating a sharpened version of the original image by subtracting a blurred version of
the image from itself. This process accentuates edges and high-frequency components in the image, making them
appear more pronounced. The blurred version of the image acts as a low-pass filter, smoothing out the overall image
and removing fine details. By subtracting this smoothed version from the original, UM effectively emphasizes edges
and enhances image sharpness, resulting in a visually clearer and more defined image. UM is widely used in various
applications, including photography, medical imaging, and digital image editing, to improve image quality and
highlight important features.

Unsharp Masking (UM) enhances image sharpness and detail, Histogram Equalization with Filtering (HEF) improves
contrast while reducing noise, and Contrast Limited Adaptive Histogram Equalization (CLAHE) preserves local details
while enhancing contrast adaptively.

V.SYSTEM ARCHITECTURE DIAGRAM
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VI. CONCLUSION

In conclusion, the X-ray image enhancer developed incorporating Unsharp Masking (UM), Histogram Equalization
with Filtering (HEF), and Contrast Limited Adaptive Histogram Equalization (CLAHE) presents a robust solution for
improving the diagnostic quality of X-ray images. UM enhances image sharpness and edge clarity, while HEF improves
contrast and reduces noise, and CLAHE adaptively enhances contrast while preserving critical diagnostic details. By
integrating these techniques, the enhancer effectively addresses common challenges such as low contrast, noise, and
uneven illumination in X-ray images. This comprehensive approach empowers medical professionals with clearer, more
informative X-ray images, ultimately facilitating more accurate diagnoses and enhancing patient care. Moreover, the
enhancer considers hardware limitations, ensures computational efficiency, and undergoes validation with diverse
datasets, ensuring its practicality, accuracy, and clinical applicability. Overall, the X-ray image enhancer represents a
significant advancement in medical imaging technology, promising to enhance diagnostic capabilities and improve
patient outcomes in clinical practice.
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