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Abstract. The cumulative experience of a physician or x-ray technician enables them to distinguish
differences and changes in x-ray images, but they may not be completely accurate or automated for all
images. Fuzzy inference system can be recruited to automate identify and quantify important characteristics
of x- ray images (edges, textures, shapes, and intensity patterns. In this work, we proposed a novel technique
for contrast x-ray image enhancement and feature extraction based on fuzzy logoc system. Al-driven feature
extraction enhances the accuracy of medical diagnoses and reduce the need for manual preprocessing and
speeds up analysis, making it useful in high-volume clinical settings. In this study, a novel method is
proposed to enhance the content of X-ray images by improving contrast and facilitating the extraction of
critical features that aid medical professionals in image interpretation and analysis. The enhancement
technique was developed using fuzzy logic, a branch of artificial intelligence known for handling
uncertainty and imprecision in image data. Experimental results validate the effectiveness of the proposed
method, as evidenced by improvements in key quantitative metrics. In the future, it is possible to improve
the performance of this technique by combining it with deep learning technology and applying it to other
types of medical images.

Keywords: Artificial Intelligence (Al) tools; X-ray image,; image enhancement ; Feature extraction,
Fuzzy inference system

1. INTRODUCTION

X-ray imaging is an important and widely used method by specialists to monitor patients' conditions.
Many medical imaging devices rely on X-rays, including computed tomography, mammography, and
radiography. However, the technology used in X-ray imaging is the most widely used due to the ease,
cost, and speed of image acquisition [1], [2]. In addition to the low radiation dose that penetrates the
body compared to other medical devices, many diseases can be detected initially using X-ray imaging
devices, including fractures, pneumonia, kidney stones, and others [3], [4]. Therefore, researchers have
clearly shown interest in addressing the problems that plague X-ray images of any part of the body. The
first of these problems is image clarity, noise, image analysis, and extracting parameters that describe
the nature of the image [4], [5], [6]. Harnessing artificial intelligence tools to enhance image content
and improve other steps in image processing has become a priority for several reasons. One of these
reasons is the efficiency of Al methods in dealing with medical image content, in terms of all the image
processing we may need to enhance or analyze the image. Another reason is the speed and accuracy of
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Al compared to traditional methods. These reasons encourage researchers to focus on developing Al
methods and achieve their goal of maximizing the use of X-ray image content in diagnosis and patient
monitoring. Some studies have employed deep learning techniques to extract essential features from X-
ray images, enabling automated classification and interpretation [7],[8]. Others have focused on
cognitive analysis methods to establish fundamental fuzzy logic rules, which serve as the basis for
implementing fuzzy inference techniques in medical image processing [9], [10]. Additionally, certain
researchers have integrated traditional image processing methods with Al-based techniques to improve
the robustness and precision of X-ray analysis [11], [12].

That means act as "black boxes," making it difficult for clinicians to trust Al-generated diagnoses.
When extracting and analyzing features from X-ray images, Fuzzy Inference Systems (FIS) offer
several advantages over deep learning methods, particularly in medical applications where
interpretability, rule-based decision-making, and handling uncertainty are crucial. deep
learning requires large, clean datasets for training and may struggle with ambiguous cases unless
explicitly trained on them, while fuzzy inference techniques work with imprecise, vague, or noisy
data (common in X-rays due to variations in imaging conditions, artifacts, or overlapping anatomies.
Therefore, in this study, we propose a methodology that enhances X-ray images using an fuzzy inference
system, optimizing them for subsequent parameter extraction. It operates on human-readable fuzzy
rules (e.g., "IF the lung opacity is high AND the texture is irregular, THEN pneumonia likelihood is
medium"). This makes it easier for doctors to understand and trust the decision-making process

The extracted parameters, which characterize the nature of the X-ray image, include edge detection,
color contrast, entropy measurement, and color intensity analysis as pre-processing steps [13],[14], [15],
this method aims to improve the reliability and accuracy of feature extraction, thereby facilitating more
effective diagnostic applications.

The rest of paper illustrate the next section presents methodology which includes how can extract x-
ray image properties and assess the results quamtitivly. Results and discussion in the next section ,
finally conclusions and future work

2. MATERIALS AND METHODS

Extraction image parameters of x- ray images and analysis presents supportive task for diagnosis
sereral diseases. Enhancement the apperance of the imsge aiming to improve the visual appearance of an
image or to facilitate subsequent image analysis. Traditional contrast enhancement techniques often rely on
histogram equalization or edge detection algorithms; however, these methods may not always yield optimal
results. Fuzzy linference system, , a subset of artificial intelligence, offers a more flexible approach by
handling uncertainty and imprecision in image data. This study explores the application of fuzzy linference
for image enhancement and parameter extraction, providing a structured methodology for improving
contrast and extracting essential image features. The proposed fuzzy logic-based image enhancement
technique involves three primary stages: fuzzification, membership function definition, and defuzzification.
Each of these stages contributes to the overall enhancement process The proposed methodology is illustrated
in the accompanying diagram in the figure (1).
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Figure (1), illustrates the pipline of proposed technique

In this project, Thirty X-ray image samples of the lung area has been utilized a dataset sourced from
[10]. These images were used to develop and evaluate a Almodel for diagnosing lung diseases. The X-ray
images provided valuable information for extraction knowledge to activetate fuzzy logic modele for
performing contratast enhancement model, enabling it to learn patterns and features associated with
different lung conditions. By leveraging this dataset, we aimed to improve the accuracy and reliability of
lung disease diagnosis, ultimately contributing to better patient outcomes.

The process of image enhancement using fuzzy inference system begins with the transformation of
grayscale image data into a normalized form where pixel values range from zero to one. This initial stage,
referred to as fuzzification, facilitates subsequent processing. The first step in completing the image
enhancement process using fuzzy logic is defining the membership function for the image content. An
important aspect of this approach is defining the membership function, which governs the enhancement
process. The membership function is specifically designed to adjust pixel intensity values near the midrange,
increasing the contrast between color gradations and improving the overall image quality. This
transformation is performed using the proposed equation in (1) and equation (2), which will be detailed in
the subsequent discussion [16].

S(ua (xy)) = —n(lxy ) X In (ua (xy) = pa (Ixy) % In(1 — ua(Ixy)) Q)
1
Hlua (09)) = 5y X Q2 SGta () (5)
y X
Ha (Ixy)" =2 X (ua(lxy) 0<py(xy) <1 (6)
=1-2x%x(1—(uy (xy))? 05 <uu (xy)<1

This final stage, known as defuzzification, After the contrast enhancement process, the final step involves
converting the processed image data back into its original grayscale format. This step, known as
defuzzification, ensures that the modified intensity values are mapped back to their appropriate grayscale
range. By doing so, the image retains its structural integrity while benefiting from the contrast improvement
introduced by the fuzzy inference approach.

2.1 AEESEEMENT QANTITATIVE METRICS
The proposed method need to quatitatiove assessment, in this work, several assessment are
EME(Average Mean Error), AME (Average Mean Error) and SDME(Standard Deviation of Mean
Error), see table (1)
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Table (1), Equations of three metrics (EME, AME and SDME).

Metrics Definition
EME non
EME,, = 1 20 log| Smexes (1)
nry e=i f=1 gmm e, f
AME g —g
AME},}, - 20 log( max.e, [ min,e, f° ) (2)
" rlrz ;/Z:‘|: maxcf_'_gmmef
SDME Hoh _ 2 + .
SDME _ Zzzo 10 gmax,e,f gcenter,e,f gmm,e,f (3)
"y e=1 f=1 gmax,e,f +2gcenter,e,f +gmin,e,f

The strength of using EME, AME and SDME is not having to use ground truth image in the applying
of these metrics on the output image. However, using these metrics requires dividing output image into a
set of blocks where the dimensions of these blocks are odd and square. Selection of the best dimensions of
the blocks is challenging, particularly in the case of complex texture pattern such as musculoskeletal
ultrasound images, However, this point was addressed in this thesis. The best dimensions of the block were
selected based on the evaluation of the maximum entropy of selected block. Image entropy gives indication
about distribution the image details, more details would record a higher level of entropy image is preperered
after contrast image intensification to extract image parameters ( edge detection informstion, image entropy,
mean and standrad deviation). The step of image edge detction can be performed based on the evaluation
of Canny operator. Canny operator represent

3. IMPLEMENTATION AND RESULTS

Contrast intesification method has been implemented based on using one of Al tools, it is based on
fuzzy inference system. Output image after contrast enhancement has been assessed using non refrence
metrics: EME (Edge Mean Enhancement), generally increases after processing AME (Average Mean Error),
mostly decreases, indicating improved accuracy. Furthermore, using SDME (Standard Deviation of Mean
Error), often increases, possibly due to contrast enhancement. Figure (2), Figure (3) and Figure (4) illustrate
some x-ray image with its histogram befer and after contrast enhancement.
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Figure (2), illustrates x-ray image with its histogram after and before Fuzzy Contrast Enhancement (FCE)
of (samplel), the first line (a,b) shows input image and second line (c, d) presents output image

Figure (3), illustrates x-ray image with its histogram after and before Fuzzy Contrast Enhancement (FCE)
of (sample5), the first line (a,b) shows input image and second line (c, d) presents output image
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Figure (4), illustrates illustrates x-ray image with its histogram after and before Fuzzy Contrast
Enhancement (FCE) of (samplel3), the first line (a,b) shows input image and second line (c, d) presents
output image.

This suggests your enhancement algorithm successfully sharpened edges across most images, improving
visibility of important structures. Quantitative assessment using EME, AME and SDME have been applied
on the input and output image to present the performance of Al technique on the input x-ray images. Figure
(5), demonstrates the comparison between input and output images based on the evaluation of these metrics
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Figure(5), demonstrates the comparison between input and output images based on the evaluation of EME,
AME and SDME

Contrast enhancement is a crucial preprocessing step that prepares medical images for the feature
extraction stage. In this study, contrast enhancement was applied to X-ray image samples using the proposed
Fuzzy Contrast Enhancement (FCE) technique and compared with conventional histogram equalization.
Table 2 presents a summary of feature evaluations for selected samples based on these two methods.

The results demonstrate that the proposed FCE technique improves image detail, as evidenced by
increased contrast and entropy values—indicators of richer image information. Additionally, a reduction in
edge pixels was observed, suggesting that redundant pixels were effectively suppressed, leading to a clearer
image representation. Compared to histogram equalization, the FCE method shows notable differences in
output quality. These differences significantly influence the visual quality of X-ray images and may enhance
diagnostic accuracy.
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Table (2),
Samples Image Contrast  Entropy Standard Edges
deviation pixel

Samplel Original image 253.9824 104.3014 73.5565 236607
FCE 2543080 115.4391 96.0058 196479
Histrogram equilization 256 117.55 97.345 190541

Sample5 Original image 253.9816 106.3531 75.8035 176926
FCE 254.2823 116.0460 97.4912 156426
Histrogram equilization | 254.123  116.003 96.98 167048

Samplel3 Original image 253.9798 117.2795 759118 249170
FCE 254.2479 129.7271 96.9034 195645
Histrogram equilization | 254.11 120.432 80.734 2054205

Contrast values increased slightly, indicating better distinction between light and dark regions. Entropy
rose significantly, reflecting richer texture and higher information content in the images. The standard
deviation also increased, suggesting a wider range of pixel intensities and more detailed image structures.
Although edge pixel counts decreased, this likely indicates a reduction in noise or removal of weak edges,
leading to cleaner visuals. Overall, the enhancement emphasized important features while suppressing
irrelevant details. These changes suggest that the enhancement method was effective in improving
diagnostic clarity. Therefore, the technique can be considered beneficial for medical image analysis
applications.

4. DISCUSSIONS

The proposed Al-based image enhancement technique offers several advantages over traditional
methods. First, the use of fuzzy inference allows for adaptive contrast enhancement, making it suitable for
images with varying lighting conditions. Second, the methodology provides a more flexible approach to
intensity modification, ensuring that details are preserved while enhancing visual clarity. Finally, the
extraction of key parameters describing image behavior can be useful for further image analysis tasks, such
as feature extraction and object recognition. In this work, we applied proposed technique on different
samples of x ray image , some samples for healthy paticipants and others for unheealthy participants. We
observerd, there is a noticible difference in the value of evaluated image paremeters ( edge detection
informstion, image entropy, mean and standrad deviation). EME measures edge clarity. Higher EME
usually means better-defined image features. The mean EME increased from 259.76 to 278.50, indicating
that the output images have generally enhanced edge clarity. The standard deviation decreased, meaning
the output values are more consistently improved across the samples. AME reflects how far pixel intensities
deviate on average. Lower values are better. Surprisingly, the mean AME slightly increased,
from 0.000146 to 0.000218. A much higher standard deviation in the output suggests inconsistency, with a
few samples showing a large error (e.g., one hitting 0.00090). While most outputs improved or stayed
consistent, a few outliers increased AME, impacting the average and spread. Enhancement was successful
in boosting clarity while maintaining consistency. SDME captures intensity variation — a proxy for
contrast. Higher values often mean richer, more contrasted images. A clear increase in the mean SDME
from 19.99 to 25.81 shows contrast enhancement. Standard deviation remained similar, suggesting contrast
enhancement was applied evenly across samples. Output images tend to be more vivid and detailed.
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Enhancing image contrast is an essential preprocessing step in preparing medical images for effective
feature extraction. In this research, contrast enhancement was applied to X-ray samples using the proposed
Fuzzy Contrast Enhancement (FCE) method and compared against traditional histogram equalization. Table
2 provides a comparative summary of feature metrics for selected image samples processed by both
techniques. Findings indicate that the FCE approach yields superior image clarity, as reflected in higher
values of contrast and entropy—parameters associated with enhanced image information. Furthermore, a
noticeable reduction in edge pixels suggests the method effectively minimizes redundant visual data,
resulting in a more refined image. When compared to histogram equalization, the FCE method produces
distinct improvements in image quality. These improvements have a meaningful impact on the visual
presentation of X-ray images and hold potential to improve diagnostic outcomes.

5. CONCLUSIONS

In this research, we presented a method based on fuzzy logic, an artificial intelligence tool, to enhance
x-ray images and improve their quality. This prepares them for sequential steps to extract basic parameters
that can be useful to a specialist physician in describing the image. This can certainly aid in diagnosis and
making sound decisions regarding patients. This method has proven its effectiveness compared to traditional
methods based on numerical evaluation performed on both methods. This method can be developed further
by combining it with other artificial intelligence tools, such as general learning, and it can also be applied
to other medical images.
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