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IMAGE PREPROCESSING AND ENHANCEMENT  

FOR ENDOSCOPIC IMAGE ANALYSIS IN 

GASTROINTESTINAL DISEASE DETECTION 
 

1. Introduction 

Endoscopic imaging plays a central role in the diagnosis of gastrointestinal 

diseases. It allows doctors to directly observe the inner surface of the esophagus, 

stomach, duodenum, colon, and rectum. Through endoscopy, clinicians can detect 

inflammation, ulcers, erosions, polyps, bleeding areas, and early signs of cancer. In 

many cases, endoscopy also allows biopsy and minimally invasive treatment. 

However, the quality of endoscopic images is not always ideal. Unlike ordinary 

photographs, endoscopic images are captured inside the human body, where lighting 

conditions are difficult to control. The endoscope works with a small light source, 

the camera is very close to wet mucosal tissue, and both the camera and organs may 

move during examination. Because of this, endoscopic images often contain 

shadows, bright reflections, blurred regions, low contrast, and noise. 

These image-quality problems are important because small lesions can be 

easily missed when the image is unclear. For example, an early ulcer, erosion, or 

precancerous lesion may appear only as a small color or texture change. If contrast 

is low or illumination is uneven, such changes may not be visible enough. This 

creates difficulties not only for doctors but also for artificial intelligence models 

trained to detect diseases automatically. 

Therefore, preprocessing is an important step before image analysis. The goal 

of preprocessing is to improve image quality while preserving medically meaningful 

information. A good preprocessing method should make lesions clearer, reduce 
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noise, correct illumination, preserve natural color, and avoid creating artificial 

structures that do not exist in the original image. 

2. Main Image Quality Problems in Endoscopic Images 

Endoscopic images usually suffer from several types of degradation. The most 

common problems are low contrast, uneven illumination, motion blur, specular 

reflection, sensor noise, and color distortion. 

Low contrast occurs when the difference between normal mucosa and 

pathological tissue is weak. In this situation, lesion borders become unclear. Uneven 

illumination happens because the endoscopic light source does not illuminate all 

regions equally. Some parts of the image may be too bright, while other parts may 

remain dark. Motion blur appears when the endoscope or internal organs move 

during image acquisition. This may reduce the visibility of fine mucosal structures. 

Specular reflection is another common problem. Since the gastrointestinal 

mucosa is wet and shiny, strong light can create bright white spots. These white 

regions may hide important tissue details. Noise can also appear, especially in low-

light conditions. Finally, color distortion can change the appearance of tissue and 

may affect the interpretation of inflammation, bleeding, ulcer margins, and 

abnormal mucosal regions. 

Table 1 

Main Image Quality Problems in Endoscopic Images 

Image Quality 

Problem 

Main Cause Diagnostic Effect Suitable Correction 

Methods 

Low contrast Weak difference 

between lesion and 

mucosa 

Lesion borders 

become unclear 

CLAHE, Retinex, gamma 

correction 

Uneven 

illumination 

Local light source and 

anatomical shape 

Some regions become 

too dark or too bright 

Retinex, illumination 

correction, deep 

enhancement 

Motion blur Camera movement, 

breathing, peristalsis 

Fine mucosal details 

become blurred 

Frame selection, 

deblurring, high-speed 

acquisition 

Specular 

reflection 

Wet mucosal surface 

and strong light 

White saturated areas 

hide tissue 

information 

Reflection detection, 

masking, inpainting 

Sensor noise Low-light imaging 

and camera 

limitations 

Image texture 

becomes unstable 

Bilateral filter, non-local 

means, denoising 

networks 

Color 

distortion 

Device settings and 

illumination changes 

Tissue color may 

become misleading 

White balance, LAB 

processing, color 

normalization 



SCIENTIA • Modernization of today’s science: experience and trends  
.  

128  
 

These problems show that endoscopic preprocessing must solve several issues 

at the same time. It is not enough to simply brighten the image. The method must 

improve visibility without damaging medically important details. 

3. Color Space Transformation in Endoscopic Images 

Color is very important in endoscopic diagnosis. Many gastrointestinal 

diseases are recognized through color changes. Inflammation may appear red, ulcer 

bases may appear white or yellow, bleeding areas may appear dark red, and 

malignant or necrotic tissue may have irregular color patterns. Because of this, the 

choice of color space can affect image enhancement, segmentation, and 

classification. 

The RGB color space is the most common format used by cameras and display 

devices. It represents each pixel using red, green, and blue components. RGB is 

useful for displaying and storing images, but it is sensitive to changes in 

illumination. The same tissue may look different under different lighting conditions. 

This makes RGB less stable for medical image analysis. 

HSV separates color into hue, saturation, and value. Hue describes the type of 

color, saturation describes color intensity, and value describes brightness. This 

separation can be useful when detecting blood vessels, bleeding regions, or colored 

pathological areas. However, HSV may become unstable in very dark or 

overexposed regions. 

LAB color space is often more useful for medical image enhancement because 

it separates brightness from color. The L channel represents lightness, while the a 

and b channels represent color information. This allows contrast enhancement to be 

applied only to the brightness channel while preserving the original tissue color. For 

this reason, applying CLAHE to the L channel of LAB is often safer than applying 

enhancement directly to RGB channels. 

Table 2 

Comparison of Color Spaces for Endoscopic Image Analysis 

Color 

Space 

Components Main Advantage Main Limitation Recommended Use 

RGB Red, Green, 

Blue 

Native camera 

format and easy 

visualization 

Sensitive to 

illumination 

Storage, display, deep 

learning input 

HSV Hue, 

Saturation, 

Value 

Separates color 

from brightness 

Unstable in dark or 

overexposed areas 

Color-based 

segmentation 

LAB Lightness, a-

axis, b-axis 

Separates 

brightness from 

color 

Requires 

conversion and 

parameter tuning 

CLAHE on L 

channel, contrast 

enhancement 
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Continuation of table 2 

Color 

Space 

Components Main 

Advantage 

Main Limitation Recommended Use 

YCbCr Luma and 

chrominance 

channels 

Separates 

brightness and 

color 

Less intuitive for 

clinical 

interpretation 

Compression and 

illumination 

correction 

 

In practical endoscopic preprocessing, LAB is usually preferable when the goal 

is to improve brightness and contrast without changing diagnostic color information. 

4. Contrast Enhancement and Illumination Correction 

Contrast enhancement is one of the most important preprocessing steps in 

endoscopic image analysis. If the contrast is weak, small lesions, flat abnormalities, 

vascular structures, and ulcer borders may be difficult to see. 

Histogram equalization is a simple method for improving contrast. It 

redistributes pixel intensities across the image. However, in endoscopic images, 

global histogram equalization may overenhance noise and create unnatural tissue 

appearance. Therefore, it is not usually recommended as a standalone method. 

CLAHE is more suitable for endoscopic images because it improves local 

contrast. It divides the image into small regions and enhances each region separately. 

A clip limit is used to prevent excessive noise amplification. This makes CLAHE 

useful for improving mucosal texture, ulcer boundaries, and vascular visibility. 

Retinex-based methods are especially useful when images suffer from uneven 

illumination or low light. Retinex theory assumes that an image consists of two 

components: illumination and reflectance. Illumination describes lighting 

conditions, while reflectance contains object and tissue information. By correcting 

illumination, Retinex methods can improve image brightness and preserve tissue 

structures. 

Recent studies show that Retinex-based deep learning methods can improve 

low-light endoscopic images effectively. For example, EIEN achieved strong results 

in PSNR, SSIM, and NIQE, while another Retinex-based method achieved high 

PSNR and SSIM on the Endo4IE dataset. 

Table 3 

Quantitative Comparison of Endoscopic Image Enhancement Methods 
 

Method NIQE ↓ SSIM ↑ GMSD ↓ PSNR ↑ 

MSRCR 3.598 0.888 0.056 17.086 dB 

AGCWD 3.416 0.908 0.041 15.706 dB 

LIME 3.244 0.857 0.049 13.723 dB 

Wang et al. 3.746 0.894 0.040 14.365 dB 
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Continuation of table 3 

Method NIQE ↓ SSIM ↑ GMSD ↓ PSNR ↑ 

Retinex-Net 3.434 0.852 0.067 13.595 dB 

Zero-DCE 3.567 0.832 0.042 11.801 dB 

EIEN 3.237 0.910 0.041 20.112 dB 

 

The results show that EIEN achieved the best PSNR, SSIM, and NIQE values. 

This means that it preserved image structure better and produced stronger overall 

image quality. However, Wang et al. achieved the best GMSD value, showing that 

no single method is best in every metric. 

Table 4 

Recent Retinex-Based Low-Light Endoscopic Enhancement Result 

Study / Method Dataset PSNR ↑ SSIM 

↑ 

LPIPS 

↓ 

Retinex-based nonlinear luminance 

enhancement and denoising 

Endo4IE 27.2202 

dB 

0.8342 0.1492 

 

These results support the idea that Retinex-based enhancement is especially 

useful for low-light endoscopic images. 

5. Noise Reduction and Filtering 

Noise reduction is necessary because endoscopic images may contain sensor 

noise, compression artifacts, and low-light noise. However, denoising must be done 

carefully. If the image is smoothed too much, small lesions, vessel boundaries, and 

mucosal texture may disappear. 

Gaussian filtering is fast and simple. It can reduce random noise, but it also 

blurs edges. This is a problem in endoscopy because lesion borders and small vessels 

must remain visible. Median filtering is effective for impulse noise, but it can 

remove fine details if the kernel size is too large. Bilateral filtering is often more 

suitable for endoscopic images because it reduces noise while preserving edges. It 

considers both spatial distance and intensity similarity. This means that it smooths 

similar regions but keeps important boundaries. Non-local means filtering can also 

preserve texture well, but it is slower and more suitable for offline preprocessing. 

Unsharp masking is used to sharpen edges, but it should be applied carefully because 

it may amplify noise and reflection. 

Table 5 

Metric-Based Comparison of Filtering Methods 

Filtering Method PSNR ↑ SSIM ↑ Interpretation 

Bilateral filter 38.89 dB 0.943 Highest PSNR; strong edge-preserving denoising 
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Continuation of table 5 

Filtering Method PSNR ↑ SSIM ↑ Interpretation 

Hybrid bilateral-

Gaussian filter 

37.86 

dB 

0.960 Best balance between denoising and 

structure preservation 

Bilateral + median 36.37 

dB 

0.930 Good denoising but lower structural 

similarity 

Box + bilateral 32.35 

dB 

0.910 Moderate performance 

Bilateral + box 31.10 

dB 

0.900 Lower structure preservation 

Gaussian + box 30.98 

dB 

0.910 Fast but weaker detail preservation 

Gaussian filter 35.05 

dB 

0.963 Good smoothing but may blur 

boundaries 

Mean filter 34.77 

dB 

Not clearly 

reported 

Simple smoothing 

Median filter 32.80 

dB 

Not clearly 

reported 

Useful for impulse noise 

 

From this comparison, bilateral-based methods are more suitable for 

endoscopic image preprocessing than simple smoothing filters. The bilateral filter 

achieved the highest PSNR, while the hybrid bilateral-Gaussian filter achieved the 

best SSIM among the main filtering combinations. Since SSIM reflects structural 

similarity, the hybrid bilateral-Gaussian filter is especially useful when mucosal 

structure must be preserved. 

In practice, one preprocessing method is usually not enough. Endoscopic images 

may have noise, low contrast, uneven illumination, and weak edges at the same time. 

Therefore, a multi-step pipeline is usually more effective than a single method. 

One useful pipeline combines hybrid bilateral-Gaussian filtering, CLAHE, and 

unsharp masking. The filter first reduces noise while preserving structure. CLAHE then 

improves local contrast. Finally, unsharp masking enhances important boundaries. 

 

Table 6 

Metric-Based Multi-Step Preprocessing Pipeline 

Step Technique PSNR ↑ SSIM ↑ Main 

Improvement 

Step 1 Hybrid bilateral-

Gaussian filter 

37.86 dB 0.960 Noise reduction 

and structure 

preservation 

Step 2 CLAHE 38.14 dB 0.975 Contrast 

enhancement 
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Continuation of table 6 

Step Technique PSNR ↑ SSIM ↑ Main 

Improvement 

Step 3 Unsharp masking 38.95 dB 0.975 Edge 

enhancement 

 

The pipeline improved PSNR from 37.86 dB to 38.95 dB and SSIM from 0.960 

to 0.975. This means that combining denoising, contrast enhancement, and edge 

sharpening can improve image quality more effectively than using only one method. 

Different studies report different results because they use different datasets, 

image types, and evaluation conditions. Therefore, literature-level comparisons 

should be interpreted carefully. Still, they are useful for understanding which 

methods perform well. The best preprocessing method depends on the image 

problem and the goal of the system. If the image has low contrast, CLAHE is a 

strong practical method. If the image has uneven illumination or low light, Retinex-

based methods are more suitable. If the image contains noise but lesion boundaries 

must be preserved, bilateral filtering or hybrid bilateral-Gaussian filtering is more 

appropriate. 

Table 7 

Decision Table for Selecting Preprocessing Methods 

Problem Recommended 

Method 

Metric Evidence Reason 

Low contrast CLAHE PSNR increased from 37.86 

to 38.14; SSIM increased 

from 0.960 to 0.975 

Improves local 

contrast 

Low-light image Retinex-based 

enhancement 

PSNR 27.2202, SSIM 

0.8342, LPIPS 0.1492 

Corrects 

illumination 

Uneven 

illumination 

EIEN / Retinex PSNR 20.112, SSIM 0.910, 

NIQE 3.237 

Separates 

illumination and 

reflection 

Noise with 

important edges 

Bilateral filter PSNR 38.89, SSIM 0.943 Preserves 

boundaries 

Balanced 

denoising 

Hybrid bilateral-

Gaussian 

PSNR 37.86, SSIM 0.960 Good balance of 

quality and 

structure 

Weak edges Unsharp masking after 

denoising 

Final PSNR improved to 

38.95 

Enhances lesion 

borders 

Real-time use Gamma correction + 

CLAHE + resizing 

Should be checked with 

FPS 

Fast and simple 

Offline dataset 

preparation 

Retinex + 

bilateral/NLM + 

CLAHE 

Strong PSNR, SSIM, 

LPIPS in studies 

Higher quality but 

slower 
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Conclusion 

Endoscopic image preprocessing is a necessary step for improving the 

diagnosis of gastrointestinal diseases. Endoscopic images often suffer from low 

contrast, uneven illumination, noise, motion blur, specular reflection, and color 

distortion. These problems can hide small lesions such as erosions, ulcers, polyps, 

and early cancer signs. Therefore, preprocessing helps both doctors and artificial 

intelligence systems see important structures more clearly. 

The comparison of existing methods shows that no single preprocessing 

technique is best for all cases. CLAHE is effective for improving local contrast, 

especially when applied to the L channel of LAB color space. Retinex-based 

methods are more suitable for low-light and unevenly illuminated images because 

they correct illumination while preserving tissue structure. Bilateral filtering and 

hybrid bilateral-Gaussian filtering are useful for reducing noise while keeping lesion 

borders and mucosal patterns visible. Unsharp masking can improve edge clarity, 

but it should be used only after denoising because it may amplify noise. 

Metric-based studies support these conclusions. EIEN achieved PSNR of 

20.112 dB and SSIM of 0.910, while a recent Retinex-based low-light enhancement 

method achieved PSNR of 27.2202 dB, SSIM of 0.8342, and LPIPS of 0.1492. For 

filtering, bilateral-based methods showed strong results, with the bilateral filter 

achieving PSNR of 38.89 dB, and the hybrid bilateral-Gaussian filter achieving 

SSIM of 0.960. A multi-step pipeline using hybrid bilateral-Gaussian filtering, 

CLAHE, and unsharp masking improved PSNR to 38.95 dB and SSIM to 0.975.  

In summary, preprocessing improves the quality of endoscopic images and 

increases the reliability of AI-based gastrointestinal disease detection. A carefully 

designed preprocessing pipeline can help make lesions more visible, reduce 

diagnostic errors, and support the development of more accurate computer-aided 

endoscopy systems. 
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