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Abstract— Contrast enhancement algorithms are important
in improving the quality of X-ray images, helping medical
professionals diagnose and treat patients more accurately. Most
of the contrast enhancement algorithms available today are
applied to the entire image without taking into account local
features and differences in contrast in different areas of the
image. This can lead to undesirable consequences such as loss of
detail in the dark areas of the image or saturation in the bright
areas. In this regard, in this work, a contrast enhancement
approach is proposed, which provides contrast enhancement in
each fragment of the image, taking into account the local
features of the X-ray image. This approach is based on dividing
the image into small fragments and applying different contrast
enhancement algorithms to each fragment. Each fragment was
evaluated according to the RMS criterion, and the algorithm
that gave the largest value was selected as the optimal one for
this fragment. In addition, the research paper analyzed the
effectiveness of the approach developed based on the test results
of X-ray images.

Keywords— X-ray image, Image quality, Medical diagnosis,
Histogram  equalization, Contrast stretching,  Contrast
enhancement algorithm, Image processing, Brightness, Pixel,
RMS value.

1. INTRODUCTION

Today, X-ray diagnosis plays a key role in medical
practice, as it allows medical professionals to obtain important
information about the state of the patient's internal organs and
tissues [1]. However, the quality of X-ray images can be
degraded by various factors such as low light, noise, or low
contrast between tissues [2]. In such cases, contrast
enhancement algorithms are important to improve diagnostic
accuracy and image quality.

Contrast enhancement algorithms are image processing
techniques designed to increase the difference between the
brightness of different areas of the image [3]. Application of
these algorithms allows us to see more clearly the important
details and structures of the image. Contrast enhancement in
X-ray diagnosis can be a decisive factor in identifying
pathologies or other abnormalities. Using contrast
enhancement algorithms helps improve the visual appearance
of various tissues and structures, such as bones, organs, and
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blood vessels, and provides a more accurate image
interpretation (Fig. 1). Therefore, among image preprocessing
algorithms and approaches [4-6], the role of contrast
enhancement algorithms is incomparable.

A) B)

Fig. 1. A) Original X-ray image with low contrast, B) Result of applying
contrast enhancement algorithm to the original image

Although many improved and new methods of contrast
enhancement have been proposed in recent years [7-13], they
have their limitations. For example, they are usually applied
to the entire image without taking into account local features
and differences in contrast in different areas of the image. This
can lead to undesirable consequences such as loss of detail in
the dark areas of the image or saturation in the bright areas. In
this regard, this article proposes a contrast enhancement
approach that provides contrast enhancement in each fragment
of the image, taking into account the local features of the X-
ray image. This approach is based on dividing the image into
small fragments and applying different contrast enhancement
algorithms to each fragment independently of the others.

This research work describes selected image contrast
enhancement algorithms based on a literature review, results
of testing them for the whole image and its fragments, as well
as the advantages and limitations of the proposed approach.

II. RELATED WORK

Algorithms for increasing the contrast allow to improve
the image's visual appearance. However, they may differ
depending on the type of image. For example, a method or
algorithm that is effective for enhancing the contrast of a
satellite image may not be effective for an X-ray image.



As the object of this study, only X-ray images were taken,
and factors such as insufficient radiation during their
acquisition, patient behavior, and limitations of imaging
equipment led to insufficient X-ray image contrast. In this
case, it is advisable to increase the contrast of the X-ray image
obtained so that the patient does not receive additional
radiation without involving him in repeated examinations.
Below is an analysis of much literature on image contrast
enhancement. It is reported in [14] that the implementation of
the histogram equalization algorithm is simple and
convenient, so it is popular among contrast enhancement
algorithms. Also, this algorithm is recognized as the most
optimal option for increasing the contrast of medical images
[15]. Because the histogram equalization algorithm does not
have adjustable parameters and it can perform calculations
quickly [12].

As an improved variant of the histogram equalization
algorithm, the CLAHE (Contrast Limited Adaptive
Histogram Equalization) algorithm was proposed in [16], and
its main advantage is the thresholding of the histogram. The
algorithm increases the image's contrast by redistributing the
brightness in the part that exceeds the specified threshold. X-
ray image contrast enhancement by proposing an Otsu
threshold instead of a threshold value in the CLAHE
algorithm was tested in [17] and this approach was found to
be effective. Also, comparisons of this algorithm with
adaptive histogram equalization and global histogram are
presented in [18], among which the CLAHE algorithm is
superior in contrast enhancement of X-ray images.

A contrast stretching algorithm that uses the largest and
smallest image brightness values to fill the range of image
brightnesses is presented in [19]. The contrast stretching
algorithm [20] was used to increase the contrast of low-
contrast images created under adverse conditions such as fog,
resulting in improved visual images and comparisons with
evaluation criteria such as MSE and SSIM. Also, the problem
of recognizing a person's face image taken in dark conditions
or at night was considered in [21], where the contrast
stretching algorithm was used to normalize the contrast.

It is very important to evaluate the performance of
contrast enhancement algorithms in image analysis. Image
contrast assessment is based on subjective and objective
criteria. In this case, a lot of time is spent on the subjective
evaluation of the X-ray image by a medical expert, and
therefore, it is appropriate to use non-standard objective
criteria for contrast evaluation in the automation of image
processing. Usually, objective criteria without references are
used more in practice. Because in various fields, especially
X-ray images taken directly from X-ray imaging equipment,
there will be no original reference image intact. In this work,
no-reference criteria for X-ray image contrast evaluation
were analyzed.

Weber's criterion is one of the first criteria for evaluating
image contrast. When calculating this criterion value, the
brightness of the object and the background in the image are
taken into account. However, it was shown in [9] that the
Weber criterion does not work well when it is difficult to
distinguish the background from the objects.

One of the widely used criteria for evaluating image
contrast is the Michelson criterion. This criterion uses the
maximum and minimum brightness values of the pixels that
make up the image to evaluate the contrast. However, it was

pointed out in [10] that this criterion is unsatisfactory for
evaluating text contrast in a gray image. Also, since the
largest and smallest brightness values in X-ray images are
often 0 and 255, the Michelson criterion is not suitable for
evaluating the contrast of X-ray images [6]. In addition,
various distortions and noises in the image prevent the correct
assessment of contrast.

Many literatures use the RMS criterion to evaluate image
contrast [22-24]. In particular, the RMS criterion was
presented in [25] as a standard model for image contrast
evaluation, and based on its value, the CLAHE algorithm was
proven to be effective. In [26], the RMS criterion was used to
evaluate the contrast, which is considered an important
parameter determining the quality of the image, in which
RMS is recognized as a criterion equivalent to the standard
deviation of the brightness of the image. Also, RMS is
presented in works [27,28] as the most reliable and widely
used criterion for image contrast evaluation. This criterion is
considered to be the one that gives the closest prediction to
the observers' sensitivity in viewing images [29].

As a result of the literature analysis, histogram
equalization, CLAHE, contrast stretching algorithms to
enhance the contrast of X-ray images, and the RMS criterion
were selected as the most reliable criteria for contrast
evaluation and were used in the experiments.

III. METHODOLOGY

Algorithms selected for use in the study cannot adapt to
the local characteristics of the image, and because they are
applied only to the entire image, they increase the contrast in
some parts of the image, which is their main disadvantage.
Therefore, it is necessary to develop a new approach to
increase the image contrast, taking into account the local
characteristics of the image. For this, an approach to increase
image contrast by dividing the image into fragments is
proposed.

In this work, the approach to increase the contrast of X-
ray images is carried out in the following steps:

. Step 1. Separation of the image into fragments is
carried out;

. Step 2. An appropriate contrast enhancement
algorithm is applied to each fragment;

. Step 3. Each fragment is evaluated according to the
RMS (Root mean square) criterion;

. Step 4. An optimal algorithm is determined
according to the RMS value for each fragment, and the whole
image is formed by combining the fragments.

The first step of the proposed approach is to divide the
original X-ray image into small fragments. This is done for
each fragment to adapt the contrast enhancement algorithms
to that fragment, regardless of the rest of the fragments.
Fragment sizes can be chosen differently depending on the
desired detail and the nature of the image. Typically,
fragment sizes should be small enough to account for
differences in image contrast, but large enough to be
statistically significant in the analysis. In this research, the
case where the image is divided into 2" equal fragments is
studied.



The contrast enhancement algorithms used in the study
are designated as A4, —Histogram equalization, 4, —CLAHE,

A, — Contrast Stretching, and their description is detailed
below:

A. Histogram equalization

This algorithm is used to evenly distribute the pixel
intensities in the image over the entire range of intensity
values [14]. It helps reduce the difference between the
brightest or darkest pixels in the image, which helps improve
image contrast [15]. The following formulas form the
foundation of this algorithm:

f(s)=2,k=0,1,.,B-1 )

where s, — initial and g, — output brightness, B— range
of brightness, z; — number of brightness pixels, z— overall
number of pixels.

In formula (3), the relationship between s, and g, is
valid as follows:

T'(g).k=0,1,..,B-1 (3)

B. CLAHE (Contrast Limited Adaptive Histogram
Equalization)

This algorithm improves image contrast by analyzing
pixel intensities in small windows of the image [16]. It
effectively takes into account the local features of the image
and allows to preserve of details in places with different
brightness levels.

C. Contrast stretching.

In contrast stretching, the contrast in the image is stretched
from the range of intensity values it contains to cover the
desired range of values [17,18] and it is also called
normalization. When applying this method to the original
image, the following formula is used:

L(i.j)= 255%; LPj=10 (4)

max— the maximum brightness value in the image, min—
the minimum brightness value in the image, P and Q —image

sizes, L, — is the image after the contrast was adjusted.

D. RMS criterion

The RMS criterion based on the standard deviation of the
image brightness was used to evaluate the contrast
enhancement algorithms presented above [19]. The global
contrast is estimated by RMS, and its computation process is
quick and easy. It has been demonstrated that this metric is a
trustworthy predictor of the human contrast detection
threshold in scenes with natural lighting [20]. RMS is
calculated using the following formula:

1 & o1
RMS = ,;]Z;(Lj—L) ,L—;]Z:I:Lj (5)

where L, — j pixel intensity.

IV. RESULTS

Computational experiments used open base X-ray images
available at www.kaggle.com to test the proposed approach.
The results of applying the contrast enhancement algorithms
individually to the entire original image are shown in Fig.1.

65.249

Original image

Histogram equalization

65.374] 67.879

CLAHE Contrast stretching

Fig.1. The original image and the results of applying contrast enhancement
algorithms to it and their corresponding RMS values

The original X-ray image is divided into 2" equal
fragments. Below are sample images for n=2 and n=4
cases. Each fragment isolated in these samples is represented
along with its RMS value.

Original image fragments RMS values
RMS=65.24



Optimal algorithms for processed image
fragments

Processed image fragments RMS values
RMS=77.68

Fig.2. The result of dividing the original image into fragments in case 72 =2

14.29 8.77 9.50

Original image fragments RMS values
RMS=65.24

Optimal algorithms for processed image
fragments

Processed image fragments S values
RMS=75.06

Fig.3. The result of dividing the original image into fragments in case #7 =4

The obtained results showed that the proposed approach
for contrast enhancement in X-ray images is significantly
improved compared to the application of existing algorithms
to the entire image. By adapting the algorithms to each
fragment of the image, high contrast and clarity of the images
was achieved, which helps to make a more accurate diagnosis.
Also, in future studies, the accuracy of the research results can
be improved by doing the following:

+ optimization of parameters of algorithms used in
research;

« using advanced methods of image contrast enhancement;

« after increasing the contrast of image fragments, research
results can be further improved by developing an efficient way
to combine them.

V. THE STRENGTHS AND WEAKNESSES OF THE APPROACH
The main advantages of the proposed approach are:

e increase the accuracy of the diagnosis: due to the
increase in contrast, the details allow medical
specialists to interpret the images more accurately and
make a more informed diagnosis;

e efficient use of algorithms: application of algorithms
adapted to each image fragment allows to maximize
their capabilities and achieve optimal results;

e short processing time: parallel processing of image
fragments and subsequent merging of optimal results
can significantly reduce processing time, which is
especially important in a clinical environment.

e preservation of details and structures: the approach
preserves details and textures in images, allowing
doctors to analyze images more fully and accurately.

It is also necessary to highlight some limitations of the
developed approach, including:

e the computational complexity of the proposed
approach may be high and may not show good results
when applied to some types of images. Also, after
applying contrast enhancement algorithms to image
fragments, when combining them again, the formation
of lines between fragments is recognized as a
disadvantage of the approach proposed in the work;

o the need to develop specialized software: the
successful application of the method requires the



development of specialized software, which may
require significant time and financial costs;

e dependence on the quality of the original images: the
effectiveness of the approach may depend on the
quality of the original radiographs, which may be a
limiting factor in some clinical situations;

e the need to train medical professionals: for the
approach to be successful, it is necessary to train
medical professionals in the use of new software and
image processing techniques.

VI. CONCLUSION

In this research, a new approach to contrast enhancement
in X-ray images was presented. Using existing contrast
enhancement algorithms on a fragment-by-fragment basis has
been shown to significantly improve image contrast and
clarity, both quantitatively and qualitatively. The developed
approach not only increased the intensity differences between
different areas of the image, but also preserved the details and
structures in the images, which serves to increase their
informativeness.

The advantages of the proposed approach include
increased diagnostic accuracy, efficient use of algorithms,
reduced processing time, and preservation of details and
structures in images. However, this approach has certain
limitations, including the dependence on the quality of the
original images and the need to train medical personnel.
However, the efficiency and accuracy of the approach can be
improved by improving contrast enhancement algorithms or
developing new ones.
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	Anuj Bhardwaj [2], Demonstrate the use of deep learning for Devanagari character recognition CNN. draws attention to the absence of deep learning methods and a Devanagari character dataset. Using the Devanagari character dataset (DCD), which comprises 92k photos over 46 distinct classes, as a public image dataset for Devanagari script. suggested a CNN architecture based on deep learning with data augmentation and dropout to increase test accuracy. The accuracy of the proposed CNN model in recognising Devanagari characters is 98.13%.
	Parth Gohel and Amit Ganatra [3], examines research on deep learning techniques for handwritten number recognition. The ten CNN-based architectures—LeNet, VGG16, InceptionV3, ResNet50, Xception, ResNet101, MobileNet, MobileNetV2, DenseNet169, and EfficientNetV2S—that are utilised for Gujarati numeral categorization. Deep transfer learning scenarios for the classification of handwritten Gujarati numerals. With pre-trained CNN models, transfer learning scenarios were used in the study. The implementation uses 8000 photos of zero to nine digits with data augmentation on a self-created handwritten Gujarati digit dataset. To demonstrate the impact of the various fine-tuning procedures on the model's performance, they used three distinct transfer learning strategies. As to their assessment, the EfficientNetV2S model yielded the best accuracy, with 98.39% training accuracy and 97.92% testing accuracy.
	Sanket B. Suthar and Amit R. Thakkar [4], Gujarati has more curves, near loops, modifiers, and joint characters than other languages. As a result, it is harder to understand than other languages. Two ideally designed Convolutional Neural Networks (CNNs) for printed Gujarati base characters and handwritten numerals, respectively, are proposed in this research as CNN-PGC (CNN for Printed Gujarati Character) and CNN-HGC (CNN for Handwritten Gujarati Character). A well-segmented dataset of recently developed Gujarati base letters and numbers, comprising 10 handwritten numerals, 13 vowels, and 36 consonants, was used for the experimental study. The accuracy of the suggested CNN models is 98.08% for printed characters and 95.24% for numbers.
	R. Vijaya Kumar Reddy and U. Ravi Babu [5], CNN and other deep learning algorithms are used to recognise handwritten Hindi characters. superior recognition performance over other neural network techniques was attained. The suggested method was tested using user-defined data and trained on massive database photos. For maximum accuracy, concentrate on CNN, RMSprop, Adam, and DFFNN.
	Jyoti Pareek, Dimple Singhania, Rashmi Rekha and Suchit Purohit [6], The creation of an offline HCR system for the Gujarati language is the main topic of this study. Convolutional neural networks (CNNs) and multilayer perceptrons (MLPs) are used to recognize Gujarati characters written by hand. A dataset of 10,000 photos was gathered by the authors from 250 people of various ages and occupations. With CNN, the system's success rate was 97.21%, while with MLP, it was 64.48%. The study emphasizes that word-level recognition in Gujarati handwriting has not received as much attention as character-level recognition, despite substantial work in this area. The use of morphological techniques for contour segmentation and text region identification to recognize and distinguish between lines, words, and characters in the handwritten text is also discussed in the study.
	Kavitha B.R. and Srimathi C. [7], offered a deep learning method for offline recognition of handwritten Tamil characters. Deep learning approaches contrasted with traditional HTCR methods. Previous work on HTCR concentrated on conventional techniques like wavelet transform and SVM. Pre-processing, segmentation, feature extraction, and classification were steps in the traditional HTCR approaches. Establish a standard for the recognition of 156 Tamil character classes. 95.16% training accuracy was attained in offline HTCR.
	Mohammad Meraj Khan, Mohammad Shorif Uddin, Mohammad Zavid Parvez and Lutfur Nahar [8], study highlights the difficulties faced by conventional machine learning techniques in recognizing handwritten compound characters in Bangla. These difficulties stem from differences in writing styles. The authors point out that earlier studies have concentrated on labor-intensive manual feature extraction procedures. The suggested SE-ResNeXt model outperforms the other models in recognizing Bangla handwritten compound characters, with an average accuracy of 99.82%, according to the article, which compares the model with state-of-the-art models like ResNet-50, DCNN, and DenseNet. The standard Mendeley BanglaLekha-Isolated 2 dataset, which includes handwritten Bangla compound characters from several writers, was used to validate the suggested model.
	Shalaka Prasad Deore and Pravin Albert [9], Using an optimized Deep Convolutional Neural Network, Devanagari Handwritten Character Recognition is achieved. makes use of a two-stage VGG16 model to recognize characters. 96.55% testing accuracy is attained with a limited dataset. On a limited dataset, the VGG architecture proved to be successful for fine-tuning. A total of 5800 isolated images representing 58 distinct character classes—12 vowels, 36 consonants, and 10 numerals—are included in the datasets.
	Daniyar Nurseitov, Kairat Bostanbekov, Maksat Kanatov, Anel Alimova, Abdelrahman Abdallah and Galymzhan Abdimanap [10], The paper focuses on Russian and Kazakh handwriting recognition. models used in classification tests, such as Bluche, Puigcerver, SimpleHTR, and Deep CNN. investigates HTR and the categorization of handwritten city names. With 75.1 accuracy, Wordbeamsearch produced the best results. utilizing test data, the researcher was able to determine: 1) CNN's 55.3%; 2) SimpleHTR recurrent CNN's 57.1% utilizing best-path decoding techniques; 3) Beamsearch's 58.3%; and 4) Wordbeamsearch's 75.1%. Word beamsearch, which employs a lexicon to make the last corrections to the text being recognized, displayed the greatest results.
	Samay Pashine, Ritik Dixit and Rishika Kushwah [11], SVM, MLP, and CNN are compared in the paper for handwritten digit recognition. SVM, MLP, and CNN implementation and methods in detail were covered. compares the execution timings and accuracies of CNN, MLP, and SVM. CNN achieves 99.53% on Train data and on Test data 99.31%, MLP provides accuracy for Train data 99.92% and Test data 98.85%, and SVM provides accuracy comparison on Train dataset 99.98% and Test dataset 93.77%.
	Farhan Sadaf, S. M. Taslim Uddin Raju and Abdul Muntakim [12], Create Bangla HTR with a good recognition rate by utilizing deep learning techniques. The collection comprises handwritten single-pages from 260 different people. Each page has a Unicode representation of the writing along with bounding boxes around each word. experimented with several recurrent units and pre-trained CNN architectures. With a Gated-CNN architecture, Flor was able to get the best recognition rate. Bangla has a greater error rate because of its handwritten punctuation.
	Saleh Albahli, Marriam Nawaz, Ali Javed and Aun Irtaza2 [13], The suggested approach is excellent in precisely identifying and categorizing numerals. DenseNet-41 and Faster-RCNN are used to recognize HDR problems. The suggested approach is excellent in precisely identifying and categorizing numerals. Method's effectiveness is demonstrated by evaluation on MNIST database and cross-dataset scenario.
	Anuj Bhardwaj [14], current evaluations of classifiers for character recognition in handwritten Devanagari. Classifiers like CNN, k-NN, SVM, Naïve Bayes, Decision Tree, Random Forest, and Random Forest are used. For 123 samples, the Random Forest classifier's accuracy was 87.9%. In terms of character and numerical recognition, Random Forest performed better than other classifiers.
	Shailesh Acharya, Ashok Kumar Pant and Prashnna Kumar Gyawali [15], presents the 92k-image Devanagari Handwritten Character Dataset. Emphasis on utilizing Deep CNN with Dropout for character recognition; overfitting prevention techniques for Deep CNN were also covered. The dataset increment and dropout layer increased test accuracy by almost 1%. Test accuracy was high when Deep CNN was used with other approaches. Test accuracy for the suggested deep learning architecture was 98.47%.
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