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Abstract: Stomach cancer, or gastric cancer, remains a significant global health concern due to its high mortality rate and
prevalence. Despite advancements in medical technology and treatment, it continues to rank as the fourth most common cancer
worldwide and the second leading cause of cancer-related deaths. However, there has been a decline in both incidence and
mortality rates over the past decades, attributed to improved awareness, screening programs, and medical interventions. Early
detection is crucial, as stomach cancer often begins with symptomless lesions that can progress over time. Various imaging
modalities are utilized for detection, with endoscopy emerging as the preferred method due to its ability to provide high-
resolution images and perform tissue sampling for accurate diagnosis. Recognizing the need for enhanced diagnostic support, a
computer-aided analysis system has been developed, leveraging algorithms to enhance endoscopic images and detect cancerous
areas more effectively. This system, employing MATLAB algorithms, enhances image quality and removes reflected flash spots,
facilitating better visibility of lesions. The process involves manual marking of cancerous areas within images, dataset
annotation using RoboFlow, and training the model using Google Collab for pattern recognition of cancerous lesions. Rigorous
testing demonstrates high accuracy in real-time detection, promising significant advancements in early diagnosis and improved
patient outcomes. This project represents a noteworthy stride in leveraging technology to combat stomach cancer, offering
potential for further enhancements and broader clinical utility in the future.

Keywords: Image Enhancement, Reflected Spot detection, Image Inpainting, Histogram Equalisation, Endoscopic images,
Image Processing through MATLAB, YOLO v5, Google Collab, Image Annotation, Image Training.

I. INTRODUCTION
Stomach cancer represents a significant global health burden, responsible for a considerable proportion of mortality worldwide.
With approximately one in eight deaths attributed to the disease, its impact is profound, ranking as the second leading cause of death
in developed nations and the third in developing countries. The demographic most affected typically falls between the ages of 50
and 70, although instances can also arise in younger individuals, with males under 40 exhibiting heightened susceptibility. Despite
the strides made in medical science, unravelling the intricate mechanisms governing cancer's onset and progression remains a
formidable task.
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Figure-1. Endoscopy of Stomach
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At its core, stomach cancer manifests as the uncontrolled proliferation of cells within the stomach lining, resulting in the formation
of abnormal growths known as tumours. This unchecked cellular division disrupts the delicate balance that regulates cell growth and
death, leading to the emergence of malignant growths capable of infiltrating nearby tissues and metastasizing to distant organs. The
complexity of stomach cancer extends beyond local proliferation to its propensity for metastasis, disseminating tumours throughout
the body via the bloodstream or lymphatic system. The disease progresses through several distinct stages, each signifying critical
points in its advancement and prognosis. Stage 0, also known as carcinoma in situ, denotes the presence of abnormal cells confined
to the innermost layer of the stomach lining. Stage | signifies localized cancer, where tumours are confined to the stomach wall
without penetration into deeper tissues.
In Stage 11, cancer cells penetrate deeper layers of the stomach wall, indicating a more advanced disease state. Stage 111 marks the
spread of cancer to nearby lymph nodes, signifying an increased risk of metastasis and a more challenging treatment outlook.
Finally, Stage IV denotes metastasis to distant organs, representing an advanced and often incurable stage of the disease [14].
Despite the daunting challenges posed by stomach cancer, advancements in medical interventions offer hope for improved
outcomes. While the overall survival rate for gastric cancer remains relatively low, reaching as low as 10% for Stage IV cases, there
have been notable improvements in survival rates in recent years. Some cases have achieved a 5-year survival rate as high as
94.75%, highlighting the progress made in treatment modalities such as surgery, chemotherapy, radiation therapy, and targeted
therapies. However, the key to further improving outcomes lies in early detection and intervention, as early-stage diagnosis
significantly increases the likelihood of successful treatment and long-term survival. Therefore, continued efforts in research,
screening, and access to quality healthcare are essential in effectively addressing the global burden of stomach cancer and reducing
its devastating impact on individuals and communities worldwide [13].
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Figure-2. Layers of Stomach

In the preprocessing phase, meticulous attention is given to enhancing the quality of medical images. Various techniques are applied
to remove artifacts such as specular reflections, reduce noise, and standardize image contrast, ensuring optimal clarity for
subsequent analysis. These steps are vital for refining the images and providing clean, standardized input data for the subsequent
stages of the project [5].

Moving forward, detailed annotations are performed on the medical images to identify regions of interest, particularly those
indicative of cancerous growths. This annotation process serves as the foundation for training the deep learning model, providing
essential ground truth data for accurate identification and localization of cancerous regions in new images. Leveraging these
annotated datasets, the deep learning algorithm learns to recognize patterns and features associated with cancerous lesions,
facilitating accurate detection and diagnosis. This comprehensive approach aims to significantly improve cancer detection and
ultimately enhance patient outcomes through timely intervention and treatment.
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Il. METHODOLOGY
The proposed method outlined in this paper aims to tackle the challenge of emerging Stomach cancer clots which arises on the
various parts of the stomach. Our project aims to develop a Computer-Aided Diagnosis (CAD) system that uses advanced image
processing and machine learning algorithms to analyse endoscopic images and differentiate between cancerous and non-cancerous
areas. By enhancing image quality, manually marking cancerous regions, and creating a robust detection algorithm, the CAD system
will provide supplementary insights to healthcare professionals, improving diagnostic accuracy and efficiency.
Despite the system's capabilities, final diagnoses and treatment decisions will be made by doctors based on comprehensive
assessments, including biopsy results, ensuring the highest standard of patient care.
The figure 3 illustrates the comprehensive block diagram of our project, offering a detailed overview of the three primary
methodologies employed: preprocessing, annotation, and dataset training. The preprocessing stage serves as the initial phase, where
raw data undergoes various transformations to ensure compatibility and quality for subsequent analysis. This phase involves tasks
such as data cleaning, normalization, and feature extraction, aimed at refining the dataset for optimal performance. Following
preprocessing, the annotation stage involves the meticulous labelling of the pre-processed data, assigning relevant tags or categories
to facilitate supervised learning. Annotation is crucial for training machine learning models as it provides the ground truth for the
algorithm to learn from. Finally, the dataset undergoes training using a suitable machine learning or deep learning algorithm,
leveraging the annotated data to develop predictive models or extract meaningful insights. This training phase involves iterative
processes of model optimization, validation, and fine-tuning to enhance performance and accuracy. Overall, this block diagram
encapsulates the systematic workflow of our project, from data preprocessing to model training, emphasizing the importance of each
stage in achieving successful outcomes.

MATLAB R2023b(Image Pre-Processing) Roboflow: Image Annotation Tool Google Colab ( YOLOvS Training)
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Figure-3. The Complete Block Diagram
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A. Database Acquisition

The cornerstone of our project lies in the comprehensive endoscopic dataset we've curated.

This dataset serves as the foundation upon which all our endeavours are built. In our pursuit of real-time images, we obtained
invaluable assistance from Yashoda Hospital, located in Jankipuram, Lucknow, particularly from Dr. N.K. Gupta, MBBS, MD, and
the hospital's esteemed radiologist, Mr. Anuj Virat. Additionally, we drew upon two additional sources: the Atlas of Gastric Cancer
and the generous contribution of Mr. Xuan Ky, who graciously allowed us access to a portion of his dataset. However, our primary
dataset originates from the Kvasir dataset, which holds paramount importance in our collection efforts. The significance of this
dataset is underscored by its role in our primary objective: identifying images indicative of Gastric Carcinoma [4].
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Figure-4. Endoscopic dataset

B. Specular Reflection Detection and Removal

In our project, addressing specular reflections and highlights in endoscopic images is crucial for improving visualization clarity,
enhancing diagnostic accuracy, facilitating image analysis and processing, and ensuring patient safety and comfort during medical
procedures. The process involves several key steps, as outlined in the flowchart provided. Initially, RGB channels are extracted from
the images, separating the red, green, and blue colour components. Subsequently, binary masks are created for each RGB channel
based on specific threshold values. These masks are then combined, and the ‘inpaintExemplar’ function is applied to remove
specular reflections and highlights by filling in affected areas with information from surrounding regions. This comprehensive
approach aims to effectively detect and remove artifacts, ultimately enhancing the utility and reliability of endoscopic imaging for
medical diagnosis and treatment planning [1].

C. Histogram Equalization

Histogram equalization is a technique utilized to enhance image contrast and brightness by redistributing pixel intensity values.
Initially, the histogram of the input image is computed, representing the distribution of pixel intensities. Subsequently, the
cumulative distribution function (CDF) of the histogram is calculated, accumulating histogram values and providing a mapping of
original intensity values to new ones. Following this, the CDF is normalized to map it to the full range of intensity values, typically
ranging from 0 to 255 for 8-bit images. Using the normalized CDF, the pixel intensities of the input image are transformed,
replacing each pixel's intensity value with its corresponding value in the normalized CDF.

D. Noise Removal

In our project, we utilize Weighted Guided Filter (WGF) to effectively remove noise from endoscopic images, enhancing their
quality for subsequent analysis. The guided filter, known for edge-preserving smoothing, is adept at reducing noise while retaining
crucial image details like edges and textures. With the weighted guided filter, we extend this capability by incorporating additional
weighting factors based on local image characteristics, such as salient features derived from a Saliency Weightmap generated in
MATLAB [2].

These weighting factors enable adaptive adjustment of the filtering process, ensuring better preservation of edges and textures
amidst noise. In the context of endoscopic imaging, where maintaining fine details is essential for accurate diagnosis, the weighted
guided filter proves invaluable in enhancing image quality by selectively smoothing noisy areas while preserving critical features.
The resulting enhanced images are stored in an external folder for subsequent use in cancerous detection algorithms.
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E. Image Annotation

In our project, the image annotation process is streamlined through the utilization of the widely recognized tool 'Roboflow'. Upon
signing in or creating an account, a public project named ‘Cancer’ is established within the platform, facilitating the importation of
the dataset for annotation. These images, acquired during live endoscopy sessions conducted under the guidance of Dr. N.K. Gupta,
offer real-time insights into cancerous regions within the gastrointestinal tract. With meticulous supervision from medical
professionals, the manual marking of cancerous areas is meticulously undertaken, with a dedicated class termed 'Cancerous'
assigned for accurate annotation.

F. Image Training

Our project focusing on the detection of cancerous regions, the dataset training process is a pivotal step, employing the sophisticated
YOLOvV5 Deep-Learning algorithm. This process entails leveraging a meticulously pre-processed dataset, which serves as the
bedrock for training the model to discern intricate patterns indicative of cancer in endoscopic images. Initially, within the Google
Colab environment, we meticulously download all essential dependencies required for the training environment to ensure seamless
execution. Subsequently, we import the labelled dataset from Roboflow, a crucial repository enriched with annotations precisely
marking cancerous regions. These annotations, expertly crafted under the guidance of medical professionals, provide indispensable
ground truth data, enabling the model to learn and generalize patterns associated with cancerous lesions effectively [3].

During the training phase, the model undergoes iterative adjustments to its parameters, guided by the examples within the dataset.
This iterative process facilitates the gradual refinement of the model's predictive capabilities, enhancing its proficiency in accurately
identifying and delineating cancerous regions within the endoscopic images. Parameters such as the number of images, epochs, and
batches are meticulously configured to optimize the training process, ensuring maximal efficiency and effectiveness. Moreover,
specialized techniques such as data augmentation may be employed to enrich the dataset further, augmenting the model's robustness
and generalization capabilities.

Once the model is sufficiently trained, it is primed to analyze new images for cancerous regions. Enhanced images, containing
annotations denoting areas suspected of harboring cancerous lesions, are imported into the model, specifying the designated path for
detection. Leveraging its learned knowledge and fine-tuned parameters, the model diligently scrutinizes these images, identifying
and flagging regions exhibiting characteristics indicative of cancer. The results of this analysis are then stored in the defined path,
facilitating further evaluation and interpretation by medical professionals.

In essence, the dataset training process represents a critical milestone in our project, embodying the fusion of cutting-edge machine
learning techniques with domain expertise in medical imaging. By harnessing the power of the YOLOV5 Deep-Learning algorithm
and a meticulously curated dataset, we endeavor to develop a robust computer-aided detection system capable of augmenting
diagnostic capabilities and revolutionizing patient care in the realm of gastrointestinal cancer detection.

1. RESULTS AND DISCUSSIONS
Through the implementation of the methodologies outlined in this study, significant advancements are achieved in the processing
and enhancement of endoscopic images. By meticulously following the prescribed steps, we observe notable outcomes:

A. Reflected Flash Spot detection and subtraction
In the process of reflected flashlight detection and subtraction, a multi-step procedure is employed to effectively identify and
eliminate the undesired artifacts caused by reflected light in images sourced from a database.
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Initially, when an image is input into the system, it undergoes an initial analysis to detect areas affected by reflected flashlight.
Through a series of algorithms and image processing techniques, these areas are delineated and highlighted through the creation of a
mask[9] . This mask effectively isolates the regions impacted by reflected light, providing a clear visual representation of the areas
requiring correction. Subsequently, the identified mask is utilized to subtract the corresponding pixels from the original image,
effectively eliminating the undesired effects of reflected light. The resulting output showcases the image with the mask removed,
revealing a corrected version devoid of the artifacts caused by reflected flashlight [6]. This meticulous process ensures the
preservation of image quality and enhances the overall visual clarity, facilitating more accurate analysis and interpretation of the
images within the database.

Original Image Reflection and Highlight Detection Masking(repaired image)
= T

Original Image

Figure-6. Specular Reflection Detection and Removal results

B. Histogram Equalization

Following the removal of artifacts caused by reflected light, the repaired images undergo further enhancement through histogram
equalization, a sophisticated image processing technique aimed at augmenting sharpness and defining boundaries with precision.
Initially, each repaired image's histogram, representing the distribution of pixel intensities, is computed to establish a baseline
understanding of its tonal range. Subsequently, a cumulative distribution function (CDF) is derived from the histogram, serving as a
mapping tool to redistribute pixel intensities across the entire spectrum. By normalizing the CDF to span the full range of intensity
values, typically from 0 to 255 for 8-bit images, the contrast within the image is significantly amplified. This amplification ensures
that subtle variations in pixel intensities are accentuated, thereby sharpening image details and delineating boundaries with
heightened clarity. Consequently, the histogram equalization process effectively enhances image sharpness and accentuates
boundaries, rendering the repaired images visually striking and facilitating more precise analysis and interpretation.

The goal is to achieve a uniform pdf distribution as shown below:

pir) ps)
'

I
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Here L is the maximum value a pixel can achieve. Pr(r) is probability density function
(pdf) of the image before equalization. Ps(s) is pdf of the image after performing
cqualization. Ps(s) is an equalized histogram that is uniformly distributed among all the
possible values.

To convert Pr(r) to Ps(s)

s=T(r)=(L- 1)/1’1‘(11') dw
0

Now, differentiation of s with respect to r is:

ds d
T
= i([, - 1)/P/'(u.‘) dw
dr
0
= (L -1)Pr(r)

So, the relation between Pr(r) and Ps(s) can be achieved as:

d

Ps(s) = Pr(r) ‘7;
N SR
— Dae -
i D ey
1
= —0< L -1
T-—1n'%=1

So, it can be seen, Ps(s) is normalized distribution, after Histogram Equalization.

Original Image Refloction and Highlight Detection Masking(repaired image) Histogram shifting Image

Figure-7. Histogram Equalization results
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Figure-8(a). Histogram of repaired image
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Figure-8(b). Histogram after Equalization
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C. Noise Removal
Upon completion of histogram equalization, the enhanced images proceed through a weighted guided filter (WGF), a sophisticated

noise reduction technique crucial for refining image quality. The WGF operates by incorporating additional weighting factors based
on local image characteristics, adapting the filtering process to preserve essential details while effectively reducing noise. As the
images pass through the WGF, it meticulously analyzes and processes each pixel, discerning between noise and

significant image features.

| —= —— RéMlection and Highlght Detection Maskingirepaired image)

Figure-9. Pre-processing Output Results
D. Image Annotation
In this crucial stage, the pre-processed images are annotated and organized into a structured dataset. Annotation involves labelling
specific regions or features of interest within the images, enabling the training of machine learning models to recognize and classify
cancerous abnormalities.
1) Manually Mark Cancerous Areas: Collaborate with medical professionals to annotate cancerous regions under supervision.
2) Export Annotated Dataset to Google Colab: Transfer the annotated dataset to Google Colab for model training.

Figure-10. Image annotation under the doctor’s guidance
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Figure-11. Image annotation in RoboFlow

In the comprehensive experimentation process detailed in the table below, various versions of image proportions were meticulously
trained, validated, and tested to discern their impact on model performance. These experiments likely involved adjusting the ratios
of training, validation, and testing datasets to explore how different distributions influence the accuracy and robustness of the trained
models. Following rigorous testing and evaluation, it was determined that version 11, characterized by a specific allocation of image
proportions, yielded the most favourable results in terms of accuracy. This outcome underscores the critical role played by data
distribution in the training process, emphasizing the importance of optimizing the balance between training data, validation data,
and testing data to achieve optimal model performance.

VERSION | IMAGESTAKEN | TRAIVVALID | mAPS)
1 10 68:32 0698
2 120 s 0714
3 20 T 0758
4 20 G 0762
5 20 02:8 0773
6 250 s 0845
7 0 67:38 062
3 0 s 0887
9 0 0:10 0935
10 23 o 0968
i 04 9%:2 0995

Table-1. Accuracy for different versions in RoboFlow
E. Image Training
To optimize the training process and achieve maximum accuracy, careful consideration was given to setting the batch size and
number of epochs.
A batch size of 15 was selected to strike a balance between computational efficiency and model convergence. By processing data in
smaller batches, the model could benefit from reduced memory requirements and faster computation, while still ensuring stable
training dynamics and sufficient gradient updates.
Additionally, setting the number of epochs to 150 allowed the model to undergo multiple iterations over the entire training dataset.
This extended training duration enabled the model to progressively learn and refine its parameters, gradually improving its
performance and accuracy over successive epochs [7].
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By carefully tuning the batch size and epochs, the training process was optimized to achieve a balance between computational
efficiency and model effectiveness, ultimately maximizing the accuracy and robustness of the trained YOLOV5 model for cancerous
lesion detection in endoscopic images.

Images  batch  epochs mAP50
224 50 50 0.554
224 45 50 0.577
224 40 100 0.613
224 35 200 0.76
224 30 200 0.81
224 20 100 0.892
224 15 100 0.995
224 10 100 0.922
224 5 100 0.922

Table-2. Parameters Variation for better accuracy

In this we have 224 training samples and a batch size of 15 it means that
each epoch will consist of:
224/ 15 = 14.93 bhatches
The last batch will contain the remaining samples:
224 - (15 * 14) = 14 samples
In case of we have start with an initial number of epochs, such as 50, and then adjust based
on the model's performance during training for achieving best training accuracy.

‘l ITP ‘ TP = True positif/c
))I//\ P — - TN = True negative
|(/[755(75| Incps “—1)‘ ’ — |T[)‘ ‘ FP = False positive

FN = False negative

In the evaluation of an object detection model for the Computer Aided Detection of Cancerous areas through steady images of
E.G.D (esophagogastroduodenoscopy), several key metrics are considered. The graph below presents the training progress with
respect to different loss functions and performance metrics. The box loss, object loss, and classification loss are crucial indicators
assessing the model's accuracy in localizing objects, predicting their presence, and classifying them correctly, respectively. These
losses are minimized during training to enhance the model's detection capabilities. Additionally, precision and recall metrics gauge
the model's ability to make accurate positive predictions and detect all positive instances, respectively, contributing to its overall
effectiveness. The mAP50 score, calculated as the mean of Average Precision (AP) scores at an intersection over union (loU)
threshold of 0.5, provides a comprehensive evaluation of the model's detection accuracy across different object categories,
facilitating comparisons between models or configurations. Collectively, these metrics offer valuable insights into the performance
and efficacy of the object detection model in the context of cancerous area detection in endoscopic images [11].
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Figure-12. Graphical result of training for each parameter in YOLO v5

The below are the training results obtained using batch = 15 and epoch = 100 having secured the mAP50 value of 0.995

concerous 0.70

Figure-13(b). Training Output Results.
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V. CONCLUSIONS

In conclusion, the project represents a significant advancement in medical imaging, providing a comprehensive tool for enhancing

endoscopic images and detecting stomach cancer regions, with the potential to improve patient outcomes and save lives.

1) The project aims to enhance endoscopic images to aid in the detection of stomach cancer regions, with the objective of
supporting medical practitioners in diagnosing and treating the disease effectively.

2) Initial efforts focused on pre-processing the images to optimize their quality before inputting them into the detection model.
This involved removing unwanted artifacts like highlights and specular reflections through techniques such as morphological
operations and filtering.

3) Noise reduction was a critical step achieved through the use of Weighted Guided Filter (WGF), effectively reducing noise while
preserving important image details.

4) Following pre-processing, the project proceeded to data annotation and model training, where endoscopic images were
meticulously annotated to identify cancerous regions. This annotated data was then used to train the YOLOvV5 model for
accurate detection.

5) The trained model demonstrated impressive efficacy in detecting stomach cancer regions within endoscopic images, offering
valuable support to medical professionals for diagnosis and treatment.

6) Endorsement by Dr. N.K. Gupta, a distinguished gastroenterologist, bolstered the project's credibility, affirming its potential for
real-world application in clinical settings.
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