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Abstract 

Patients with advanced stomach cancer typically experience occult 

peritoneal metastases, which is difficult to diagnose using the 

present technology. Pproposed model of this research detects early 

stages of Occult Peritoneal Metastasis in Gastric cancer. The early 

stage is along with metabolomics to explore biomarkers. When 

patient experience the early symptoms for Occult Peritoneal 

Metastasis in Gastric cancer, the initial diagnosis has been carried 

out. But manual prediction of this cancer could not detect the 

cancer so automatic diagnosis of the images by segmenting the 

preoperative computed tomography images by conditional Random 

fields along with Pro-DAE (Post processing Denoising 

Autoencoders)and the labeling in the images is removed by 

denoising filters and then the resulted images and the segmented 

images have undergone to the graph convolutional networks(GCN) 

and the result feature graph data has been undergone with the 

optimized classifier(Greywolf and cuckoo search naïve Bayes 

classifier )system has been used for earlier detection of cancer. By 

detecting the cancer at early stage can reduce the advance stages of 

cancer.  
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1. Introduction: 

Among all malignancies, gastric cancer has one of the highest rates of morbidity. However, early-

stage stomach cancer patients hardly ever experience any symptoms. It can be challenging for patients 

to recognise that they have advanced gastric cancer because the symptoms, even when they do arise as 

the disease progresses, are identical to those of gastritis and stomach ulcers [1]. Numerous research on 

automatic polyp detection by endoscopy have recently been published [2] for the goal of image 

diagnosis support based on machine learning approaches. Convolutional neural networks in particular 

have emerged as a potent method for collecting delicate information from medical images via deep 

learning [3].In a variety of clinical applications, these approaches have proven to have outstanding 

diagnostic performance. DL has recently been employed to forecast response as well as survival 

results following adjuvant treatment in GC [4]. 
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1. Related works: 

There has been an increase in interest in creating computational techniques to aid in processing of 

microscopic images in pathology over the past few decades [5]. Deep learning is now a very 

successful technology in fields of computer vision and ML.In many applications, including as picture 

classification and identification, it produced the top performances [6]. A multi-stage GC detection 

technique based on pathological pictures was provided by the author in [7].A deep CNN-based 

segmentation as well as classification approach for the stromal as well as epithelial portions of 

histopathological images was published in [8]. DL based technique for detecting breast cancer was 

presented by researchers in [9]. The entire image was separated into patches, similar to work [10]. 

2. System Model: 

The proposed model of this research detects the early stages of Occult Peritoneal Metastasis in Gastric 

cancer. automatic diagnosis of images by segmenting the preoperative computed tomography images 

by conditional Randomn fields along with Pro-DAE (Post processing Denoising Autoencoders) and 

the segmented images have undergone to the graph convolutional networks(GCN) and the result 

feature graph data has been undergone with the optimized classifier(Greywolf and cuckoo search 

naïve bayess classifier system. 

3. Pro-DAE (Post processing Denoising Auto-encoders) based segmentation: 

We train DAE utilizing a loss function based on Dice coefficient to reduce the reconstruction error of 

predicted segmentations based on ground truth (DSC) eq. (1) 

ℒ𝐷𝐴𝐸(𝑆𝑖) = 𝐷𝑆𝐶 (𝑆𝑖, 𝑓dec (𝑓enc (𝜙(𝑆𝑖)))  (1) 

The learned encoding h = 𝑓enc (𝑆𝑖)is compelled to remember as much of the input as feasible. 

Graph convolutional networks(GCN): 

Convolutional layer: To execute convolution operations on topology, the graph convolutional network 

is a NN method based on spectral theory by eq. (2). 

𝑔𝜃 ⋆ 𝑥 = 𝑈𝑔𝜃(Λ)𝑈
𝑇𝑥  (2) 

It is possible to get around this issue and conveniently manipulate K-localized spectrum filters by 

parameterizing the filter 𝑔𝜃utilizing truncated expansion in terms of Chebyshev polynomials eq. (3), 

(4). 

𝑔𝜃(Λ) = ∑𝑘=0
𝐾  𝜃𝑘𝑇𝑘(Λ̃)  (3) 

𝑔𝜃 ⋆ 𝑥 = ∑𝑘=0
𝐾  𝜃𝑘𝑇𝑘(𝐿̃)𝑥 (4) 

Thus, a multi-layer Graph Convolutional Network with subsequent layer-wise propagation rule is 

obtained by eq. (5), (6): 

𝐻(𝑙+1) = 𝜎(∑𝑘=0
𝐾  𝑇𝑘(𝐿̃)𝐻

(𝑙)𝑊(𝑙))  (5) 

𝑐 = {𝑐1, 𝑐2, … , 𝑐𝑖, … , 𝑐𝑟}; 1 ≤ 𝑖 ≤ 𝑟  (6) 

where r represents the overall number of classes. The unique class value, which represents the number 

of classes the data relate to, determines how many data are included in the training data sample. Next, 

the data attribute's mean and variance for each class are calculated as eq. (7): 
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where,𝑅(𝑓𝑞 , 𝑓𝑙) is function that finds relationship between𝑓𝑞 and 𝑓𝑙  

 as given in eq. (8) 

𝑅(𝑓𝑞 , 𝑓𝑙) = [
𝐶(𝑓𝑞,𝑓𝑙)+1

2
]  (8) 

where the linear correlation between the two datasets is calculated using the Pearson's correlation 

coefficient,𝐶(𝑓𝑞 , 𝑓𝑙) . The ratio of covariance of two variables to sum of their standard deviations is 

what this is known by eq. (9). 

𝐶(𝑓𝑞 , 𝑓𝑙) =
∑𝑘=1
𝑚  (𝑑𝑘,𝑙−𝑑‾𝑙)(𝑑𝑘,𝑞−𝑑‾𝑞)

√∑𝑘=1
𝑚  (𝑑𝑘,𝑙−𝑑‾𝑙)

2
√∑𝑘=1

𝑚  (𝑑𝑘,𝑞−𝑑‾𝑞)
2
  (9) 

where dl is average value of the data in feature number l and dq is average value of the data in feature 

number q. As a result, the mean, variance, and correlation function, which are written as, determine 

the training data sample matrix of the CNB classifier by eq. (10). 

𝑀𝑟×𝑠 = {𝜇𝑟×𝑠, 𝜎𝑟×𝑠
2 , 𝑁𝑟×𝑠}𝜇𝑟×𝑠  (10) 

where ci is the ith class and yl is the yth data of the lth class. The probability distribution of the ith 

class, denoted by the expression p ( =yl | | ci) in the equation above, is defined as follows using the 

normal distribution by eq. (11): 

𝑝(𝑌 = 𝑦𝑙 ∣ 𝑐𝑖) =
1

√2𝜋𝜎2𝑖
exp⁡(

−(𝑦𝑙−𝜇𝑙
𝑖)
2

2𝜎𝑙
2𝑖 )  (11) 

4. Performance analysis: 

This section discuss about the parametric analysis of proposed Multispectral image analysis for 

agriculture crop cultivation based on deep learning techniques. The simulations simulate a synthetic 

information collection issue in a 30 m x 30 m area and were ran in MATLAB on a single desktop with 

a 1.8 GHz Intel i7 processor and 16 GB of RAM. 

Table-1 Comparative analysis between proposed and existing technique 

 
Parameters GCDS DCNN GCADL_MIoT 

Accuracy 89 92 95 

Precision 65 68 71 

Recall 55 59 61 

F1_Score 42 45 49 

RMSE 38 42 43 

MAP 41 43 45 



Research Journal of Computer Systems and Engineering 

Available at: https://technicaljournals.org/RJCSE/index.php/journal  25 

The above table-1 shows comparative analysis between proposed and existing techniques in terms of 

accuracy, precision, recall, F_1 score, RMSE, MAP. Here analysis has been carried out based on 

number of epochs. 

 

Figure 2: Overall comparison of accuracy, precision, recall 

 

Figure 3: Comparison of proposed and existing methods 

From above figure 2 shows comparative analysis between proposed and existing technique. the 

proposed technique attained accuracy of 95%, precision of 71%, recall of 61%, F-1 score of 49%, 

RMSE of 43%, MAP of 45%.  

5. Conclusion: 

This research propose novel technique in gastric cancer based on segmentation and classification 

using deep learning technique. automatic diagnosis of the images by segmenting the preoperative 

computed tomography images by conditional Randomn fields along with Pro-DAE (Post processing 

Denoising Autoencoders) and the segmented images have undergone to the graph convolutional 

networks(GCN) and the result feature graph data has been undergone with the optimized classifier 

Greywolf and cuckoo search naïve bayess classifier system.Proposed technique attained accuracy of 

95%, precision of 71%, recall of 61%, F-1 score of 49%, RMSE of 43%, MAP of 45%. 
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