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Abstract:  Among the recognized types of malignant tumors, one that cannot be detected early and presents no symptoms is intestinal 

cancer. Wireless capsule endoscopy is a clinical investigation for detecting stomach cancer and other stomach related ailments. Due 

to the stomach's structure and color, detecting stomach cancer in its early stages with WCE images is a challenging and time-

demanding medical procedure. This research aims to automate the process detection of malignancy in WCE images with high 

accuracy. Convolutional Neural Networks and Machine Learning techniques are used in this study to detect stomach cancer early. 

Automatic feature extraction from WCE images is performed using a Multi-Layer CNN (ML-CNN) feature extractor. Additional 

color and texture features are extracted from WCE images using Correlated Feature Extraction (CFE). The features retrieved using 

the Multi-Layer CNN (ML-CNN) technique are classified using RF into two categories. MAE and RMSE are used to demonstrate 

the efficacy of the suggested strategy based on training and detection of stomach cancer. The classification accuracy of the proposed 

Multi-Layer CNN (ML-CNN) technique is 95%, which is superior to other existing approaches. 

 

IndexTerms -. Wireless Capsule Endoscopy, Image Segmentation, Image Pre-Processing, CNN, Polyp Detection, Deep 

Learning.  

I. INTRODUCTION 

 

Bowel cancer is not a short-term disease; it is a slow-growing chronic disease [7]. Polyp is the initial stage of bowel cancer. It 

comes in various sizes and resembles the human digestive tract in structure and color. Slightly larger polyps increase the likelihood 

of developing malignant cancer. Additionally, intestinal bleeding is a symptom of colon cancer [8][9]. Bowel cancer is primarily 

caused by ageing, which is difficult to forecast. .  

The terrible problem is that it is impervious to early diagnosis. A specialized diagnostic procedure termed WCE is used to discover 

malformations in a patient's gastrointestinal tract in the medical field. WCE was created in the 1990s by gastroenterologists. In 2001, 

the FDA approved WCE for medical research [10]. WCE is capable of diagnosing a variety of intestinal illnesses without requiring 

surgery. WCE is popular with patients and professionals due to its non-invasive nature. WCE is a wireless communication device 

that is used to undertake a comprehensive examination of the human digestive tract in a therapeutic setting. The WCE is composed 

of the following components: a camera, batteries, a wireless connection device, and sensors [11] [12]. WCE communicates with a 

wireless communication device that is located outside the human abdomen. WCE medical examinations do not cause the patient any 

discomfort or agony. Following the WCE medical examination, the patient can resume his regular routine. 

The primary goal of this research is to develop an automated method for more accurate and rapid detection of anomalies in WCE 

images. In biomedical imaging. Deep learning is critical [13]. This study aims to combine deep learning and machine learning 

technologies to improve the efficiency of stomach cancer diagnosis. This procedure helps to limit the likelihood of false positives 

and negatives throughout the stomach cancer detection process. This method of feature extraction improves the training's efficiency 

and accuracy. Experiments have established this. 

 Section II of this article discusses the critical methodologies and algorithms for detecting stomach cancer. Section III fully 

discusses the proposed methodology for detecting stomach cancer. The experimental data and analysis are presented in Section IV. 

Finally, Section V discusses the recommended work's conclusion. 

II. LITERATURE REVIEW 

Numerous studies have been conducted on the use of deep learning to diagnose gastric cancer using endoscopic pictures, including 

classifications of gastric cancer and healthy people and automated recognition of gastric cancer regions.  

Shichijo et al. used a convolutional neural network (CNN) to predict Helicobacter pylori infection and attained a sensitivity of 

88.9 percent and a specificity of 87.4 percent [1]. Li et al. used magnified narrow-band imaging (NBI) to develop a method for 

discriminating between gastric cancer and normal tissue [2]. They classified using the Inception-v3 CNN model and attained a 

http://www.jetir.org/


© 2022 JETIR February 2022, Volume 9, Issue 2                                                      www.jetir.org (ISSN-2349-5162) 

JETIR2202089 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org a729 
 

sensitivity of 91.18 percent and a specificity of 90.64 per cent. Zhang et al. used CNN to construct a system for classifying 

precancerous illnesses (polyp, ulcer, and erosion) and achieved an accuracy of 88.9 percent [3].  

Hirasawa et al. devised a single-shot multi-box detector (SSD), an object detection model, to automate the identification of early-

stage gastric cancer [4]. Detection sensitivity was 92.2 percent, and positive predictive value was 30.6 percent. Sakai et al. also 

developed a method for detecting gastric cancer objects using micro patch endoscopic images by distinguishing gastric cancer regions 

and normal regions [5]. The approach had a detection sensitivity of 80.0 percent and a specificity of 94.8 percent, respectively.  

We developed a method for extracting early gastric cancer 's existence and invasive regions utilizing Multi-Layer CNN, capable 

of object identification and segmentation [6]. We demonstrated that automated identification of early gastric cancer has a sensitivity 

of 97.0 percent and segmentation concordance of 70%. While the approach was sufficiently sensitive for detection, the average 

number of false positives (FP) per image was 0.10. (3.0 per patient). The Multi-Layer CNN was utilized to establish an object 

detection model for common natural photos in this study. It correctly diagnosed lesions with a relatively obvious shape that generated 

unevenness because it recorded the object's clear outline. 

On the other hand, the object detection model missed many early gastric cancer lesions in which just the surface of the stomach 

mucosa was malignant due to imprecise contours. When used for segmentation rather than object identification, a CNN analyses 

patterns in the image's local regions and divides the entire image into regions based on whether they match the recovered patterns. 

This behavior of identifying individual regions while studying details is comparable to that of an expert physician observing the 

gastric cavity, and segmentation techniques may improve the accuracy of automated lesion diagnosis. 

On the other hand, CNNs' segmentation output frequently contains a large number of tiny regions. Using the FP reduction strategy 

to exclude these may significantly reduce the amount of FPs and enhance detection performance. As a result, segmentation algorithms 

that eliminate small excess regions are practical for automating the detection of gastric cancer and determining the invasion's extent. 

 

III. PROPOSED METHOD 

Fig.1 illustrates the overall graphical representation of the proposed automated stomach cancer detection system.. 

 

 
 

Figure1 Overall architecture of the proposed Automated Bleeding Image Detection 

 

A. Dataset details 

The Kvasir dataset contains pictures that have been annotated and confirmed by medical doctors (seasoned endoscopists), and 

includes various classes that depict anatomical landmarks, pathological findings, or endoscopic procedures in the gastrointestinal 

tract, i.e., hundreds of images for each class. The quantity of images is sufficient for various tasks, including image retrieval, 

machine learning, deep learning, and transfer learning, among others. For example, the Z-line, pylorus, and cecum are anatomical 

features, while esophagitis, polyps, and ulcerative colitis are pathological findings. The dataset consists of photos ranging in 

resolution from 720x576 to 1920x1072 pixels that have been arranged into distinct folders titled according to their content. Several 

of the included image classes include a green picture that illustrates the endoscope's position and configuration inside the bowel via 

the use of an electromagnetic imaging system that may aid in image interpretation. Color Feature Extraction. 
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Figure 2: Different medical investigation images of Kvasir-Capsule dataset 

 

B. Image normalization 

Normalization of medical images are crucial for disease diagnosis and classification. Medical images are highly noisy, tone 

mapping, and dynamic. WCE is typically available in a number of different configurations. As a result, the images generated by WCE 

differ in terms of quality and size. To obtain a more precise classification result, it is required to include some significant preprocessing 

methods for wireless endoscopic images. When the WCE settings are modified, the size and quality of the WCE images are also 

changed. When the WCE images are large, creating a model involves considerable time and computer hardware requirements. In this 

proposed research, the image is downsized to 320×320×3 pixels before to training and testing. Human interior organs are often quite 

dark as a result of a lack of light penetration. As a result, the photos generated by WCE are likely to be rather dark. When this 

photograph is processed in its raw state, it generates an image with poor accuracy. Hence, a novel contrast enhancement technique 

must be developed to produce a highly accurate WCE cancer detection system. The suggested method utilizes an unsharp filter, blind 

deconvolution, and Contrast Limited Adaptive Histogram Equalization (CLAHE) to enhance WCE images. The unsharp mask filter 

and blind deconvolution repair blurred WCE images. CLAHE is a contrast-balancing technique for recovering and balancing 

photographs. 

 

C. CNN feature extraction 

In this suggested study, CNN is employed to extract the essential factors that influence the stomach cancer of WCE images.  

The proposed stomach cancer detection system's overall architecture is depicted in figure 3. Primarily, the input texture features 

from the WCE images database are gathered. The WCE cancer images consist of texture variation, shown in figure 2. The 

intermediate texture features and the essential variations of input WCE images are fed into the machine learning algorithms for 

classification.  

This module has five critical blocks: a convolutional layer, a rectified linear unit, a max-pooling layer, a fully connected layer, 

and a softmax layer. The convolutional layer utilises the features map to extract all of the features from WCE images. Multiple 

feature maps are used in this suggested CNN module (DL-CNN) to detect cancer considerably early and more successfully in WCE 

images. Additionally, numerous filters were utilized to create the feature map. Each filter in this CNN (DL-CNN) module is 5 × 5 × 

3 in size and includes appropriate padding. 

 

IV. �̂� = 𝜑(𝑊 × 𝑋(𝑖𝑗) + 𝑏)      (1) 

V.   

𝑋 denotes the WCE image's input pixel matrix. �̂� is the output of (DL-CNN). 𝜑(. ) denotes the activation function of the (DL-

CNN). 𝑏 denotes the base value of (DL-CNN). (DL-CNN) weight are denoted by 𝑊. 

 

Table-1. Layer Details of the proposed CNN Architecture 

CNN Layers Kernel Size Kernel value Stride Feature Map 

Input 32 x 32 x 3 - - 1x1860x1 

Conv1 +Relu1 5x5x2 64 1 32 x32 x 32 

Pooling1 3x3x2 - 2 32x16 x16 

Conv2 +Relu2 5x5x2 32 1 32x16 x16 

Pooling2 3x3x2   32x8 x8 

Conv3 +Relu3 5x5x2   32x8 x8 

Pooling 3 3x3x2 - 2 64x4x4 

Fully connected1 - - - - 

Fully connected2 - - - - 

 

D. Random Forest Classification 

 

Random Forest (RF) is used to classify stomach cancer. By combining bagging and random feature selection techniques, the 
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random forest generates an ensemble of classifications. Each tree is trained using bootstrap tests against the training data, and 

predictions are made using the forest's popular votes. While the tree grows, the features are randomly selected at each node. 

 

VI. RESULTS AND DISCUSSION 

A. Hardware Configuration  

In this research, the computer configuration used to execute the software is GPU: NVIDIA GeForce GTX 960; CPU: Intel(R) 

Core(TM) i5-4660 3.20 GHz. The operating system is Windows 10, and the software configuration includes Matlab and  

 

B. Evaluation parameters 

 
The error rate of the proposed Multi-Layer CNN model is evaluated using three error evaluation methods namely: Mean Absolute 

Error (MAE), Mean Square Error (MSE) and Root Mean Square Error (RMSE). Lower values of (MAE), (MSE), and (RMSE) 

means the performance of the proposed Multi-Layer CNN model is high. The error evaluation is done using the equations 1, 1, 2 

and 3. MAE gives the error statistic of the N samples. It also returns the average of the distances between the estimated and predicted 

data for N samples. The estimated value is denoted by Ŷ and the observed value is denoted by Yi. 

 

𝑀𝐴𝐸 =
1

𝑁
∑|𝑌𝑖 − �̂�|       (2)

𝑁

𝑖=1

 

MSE gives the average of the square difference between observed data and predicted results.  

𝑀𝑆𝐸 =
1

𝑁
∑|𝑌𝑖 − �̂�| 2      (3)

𝑁

𝑖=1

 

 

The standard deviation of the difference between the observed data and estimation data of the proposed model is given by 

RMSE.  

𝑀𝑆𝐸 = √
1

𝑁
∑ |𝑌𝑖 − �̂�| 2       𝑁

𝑖=1     (4) 

 

 

The proposed model Multi-Layer CNN is trained using the data set that is divided into three sections: training, validation, 

and testing. 

Table 2 MAE values comparison of the recently published method with Multi-Layer CNN. 

Methods MAE 

Faster R-CNN 1.08 

SqueezNet 1.56 

LBP-GLCM 0.98 

SMP-LLC 0.89 

Multi-Layer CNN 0.69 

 

Table 3. MSE values comparison of the recently published method with CNN-HCFE-SVM. 

Methods MSE 

Faster R-CNN 1.72 

SqueezNet 1.62 

LBP-GLCM 1.34 

SMP-LLC 1.18 

Multi-Layer CNN 1.19 

 

Table 4 RMSE values comparison of the recently published method with Multi-Layer CNN. 

Methods RMSE 

Faster R-CNN 1.11 

SqueezNet 1.43 

LBP-GLCM 0.99 

SMP-LLC 0.92 

Multi-Layer CNN 0.81 
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Figure 3: MAE, MSE and RMSE values comparison charts of recently published methods with Multi-Layer CNN. 

 

 

C. Performance metrics and accuracy evaluations 

The cancer detection system proposed here is tested using standard accuracy metrics together with Recall (R), F1-Measure 

(F1-M) and Precession (P). The essential accuracy variables True Positive, True Negative, False, and False Negative 

determine the Performance metrics such as Precession (P), Recall (R), and F1-Measure (F1-M). If the stomach cancer 

detection system's FP and FN rates are low, the prediction and accuracy are excellent. 

 

True Positive Stomach Cancer Detection ( ): It represents the state of accurately predicting cancer by DL- Multi-

Layer CNN model. 

True Negative Stomach Cancer Detection ( ): It is used to represent the situation of predicting the Cancer-free area 

successfully by the Multi-Layer CNN model predicts the Cancer-free area successfully.  

False Positive Stomach Cancer Detection ( ):  It represents the situation when the Multi-Layer CNN model fails to 

predict cancer appropriately.  

False Negative Stomach Cancer Detection ( ): The Multi-Layer CNN model does not reliably estimate the area 

free of Stomach Cancer, it is referred to as false Negative Stomach Cancer Detection.  

 

The accuracy rate of the proposed Multi-Layer CNN based Stomach Cancer Detection is calculated using Formula 16. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃𝑆𝐶𝐷+𝑇𝑁𝑆𝐶𝐷

𝑇𝑃𝑆𝐶𝐷+𝑇𝑁𝑆𝐶𝐷+𝐹𝑃𝑆𝐶𝐷+𝐹𝑁𝑆𝐶𝐷
     (5) 

The precession rate for the proposed Multi-Layer CNN based Stomach Cancer Detection approach is determined using 

Formula 17. 

𝑃 =
𝑇𝑃𝑆𝐶𝐷

𝑇𝑃𝑆𝐶𝐷+𝐹𝑃𝑆𝐶𝐷
    (6) 

Formula 18 is used to determine the recall rate for the proposed Multi-Layer CNN based Stomach Cancer Detection method. 

     

𝑅 =
𝑇𝑃𝑆𝐶𝐷

𝑇𝑃𝑆𝐶𝐷+𝐹𝑁𝑆𝐶𝐷
   (7) 

 

The proposed Multi-Layer CNN based Stomach Cancer Detection method's F1-Measure is calculated using formula 19. 

 

𝐹 =
2(𝑃 × 𝑅)

𝑃 + 𝑅
      (8) 

1.11

1.43

0.99
0.92

0.81

1.72
1.62

1.34

1.18 1.19
1.08

1.56

0.98
0.89

0.69

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2

Faster R-CNN SqueezNet LBP-GLCM SMP-LLC Multi-Layer CNN

RMSE MSE MAE

http://www.jetir.org/


© 2022 JETIR February 2022, Volume 9, Issue 2                                                      www.jetir.org (ISSN-2349-5162) 

JETIR2202089 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org a733 
 

 
 

Figure 4: An accuracy comparison chart of the Multi-Layer CNN. 

 

D. Discussion  

Comparative analysis of the proposed method and recently developed stomach cancer detection methods based on the values 

of MAE, MSE and RMSE are shown in Figure 3. Lower values of MAE, MSE and RMSE mean training efficiency is better. 

It is proved through experiments that the training efficiency of the proposed method is better. The precession rate of the 

Stomach cancer detection method based on proposed Multi-Layer CNN and the recently developed deep learning-based 

methods is depicted in figure 4. It is clear from figure 4 that the proposed approach obtains the maximum precession rate of 

97%. Figure 5 also shows the recall comparison of stomach cancer detection between the Multi-Layer CNN to newly 

developed cancer detection methods. The comparison results reveal that the proposed method gives a better precession rate 

and a better recall rate of 95. The technique suggested here has a shallow FN rate because of the low precession rate. 

Comparison of the F1-Measure of stomach cancer detection method presented here that is Multi-Layer CNN, is shown in 

Figure 5. F1-Measure is beneficial when precession and recall rates are high. The method proposed here produces the highest 

F1-Measure of 95.5 %. 

 

V.CONCLUSION 

 

It is understood that one of the significant causes of death in India and worldwide is stomach cancer. It is estimated that 

about two-thirds of total cancer patients suffer from stomach cancer cases. Endoscopy is helpful to clinicians as it enables 

them to assess the gastrointestinal tract. However, there are certain limitations towards maintaining accuracy in the 

diagnostic results mainly because of the limited experience of the physician. Secondly, due to the GI tract's complicated 

environmental circumstances. Nowadays, deep learning has a vital role in medical domains This paper presents a hybrid 

method for early detection of stomach cancer using convolutional neural networks (CNNs) and machine learning. The 

WCE images texture features are extracted using a Multi-Layer CNN. The proposed Machine learning approach RF is 

used to classify cancer and non-cancer images. The classification accuracy of the proposed Multi-Layer CNN approach is 

achieved to be 96%. 

.  
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