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ABSTRACT- Gastrointestinal (GI) endoscopy is a very common test used for early detection of the diseases like
polyps, ulcer, bleeding and inflammatory conditions. However, while it can be considered a useful tool for
diagnosing, the inspection of many endoscopes is a time-consuming process and needs experienced physicians,
which means there could be some differences in diagnosing. To solve this problem, we introduce a deep learning
method of automatic segmentation and classification of GI endoscopy images.The endoscopy images were
processed using the following techniques, such as Contrast Limited Adaptive Histogram Equalization (CLAHE),
removal of the noise, normalizing the intensity, and adjusting the size of the image. Then, G-Net Light was used
to detect informative features, and RU-Net was applied for lesion segmentation. The segmentation algorithm
obtained a Dice coefficient of 72.6%, IoU of 60.8%, and pixel accuracy of 91.8% which is good enough to segment
lesions.According to the experiment, GoogleNet V4 performed better than GoogleNet V2 concerning overall
accuracy, precision, recall, specificity, Fl-score, and AUC with values of 93.33%, 92.84%, 93.10%, 94.21%,
92.97% and 0.965 respectively. That is, GoogleNet V2 obtained 90.42% accuracy and AUC of 0.934.
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I INTRODUCTION

GoogleNet V2: GoogleNet V2 is an upgraded version of the inception architecture to improve the performance
of the classifier and minimize computational costs. Factorized convolutions, batch normalization, and auxiliary
classifiers are used in the model to achieve a higher efficiency of the feature extraction process and stability in the
model training process. The larger convolution filters along with smaller factorized filters are used in the model
to decrease the computational cost without a decrease in the ability to extract the useful information from the
images. As a result of the statistical analysis with the help of McNemar's test, the difference in the performance
of GoogleNet V2 and GoogleNet V4 was found to be statistically significant with the p value < 0.05, which means
that GoogleNet V4 performs better than GoogleNet V2. [4] Furthermore, the Grad-CAM algorithm was applied
to the model to identify the regions in the image that affect the prediction of the model.

The statistical results of McNemar's test have shown that GoogleNet V4 has demonstrated a significant increase
in performance compared to GoogleNet V2 (p<0.05). Thus, it can be stated that the performance increase is not
accidental [5]. In order to determine the regions of lesions that influenced the classification of images, the
visualization technique named Gradient-weighted Class Activation Mapping (Grad-CAM) was applied [6]. In
addition, the framework that was designed in this research was implemented as a web application using Flask
technology together with user authentication for image analysis in real time. There are certain diseases related to
the gastro-intestinal tract, which might be characterized by presence of polyps, ulcers, bleeding and inflammatory
lesions. In case of lack of early detection, such problems might cause severe consequences. Endoscopy is one of
the most widely used methods in order to examine GI tract. However, analysis of endoscopic images is rather
complicated because the lesions may vary in terms of their shape, size, color, and texture. It might be due to a
range of reasons, among which there are inconsistent clinical expertise and poor quality of images resulting in
incorrect or delayed diagnosis.[7].With recent developments and advancement in deep learning, particularly
Convolutional Neural Networks (CNNs), it is becoming possible to analyze medical images accurately and
consistently in the context of segmentation and classification. In this study, a computer-aided diagnosis system is
developed using image preprocessing, RU-Net for lesion segmentation, and GoogleNet V2 and GoogleNet V4 for
disease classification. The initial preprocessing step improves the quality of the endoscopic images, while RU-
Net identifies the affected regions before processing the classification. Grad-CAM analysis is also used to show
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which parts of the image effected the model's prediction, making the results easier to understand and interpret for
the analysis. [8].

After analyzing the experimental results the results show that GoogleNet V4 performed better than GoogleNet V2
in classifying gastrointestinal diseases. It was able to learn important features from the endoscopic images, leading
to higher accuracy and more reliable predictions. Overall, the proposed framework provides an accurate and easy-
to-understand computer-aided diagnosis system that can support clinicians in the early detection and diagnosis of
gastrointestinal diseases at the early stages. [9].

II METHODOLOGY
GoogleNet V2 is more effective in capturing multi-scale lesion features and obtaining correct information on
small and complicated abnormalities in the processing of gastrointestinal endoscopic images. Batch normalisation
provides more robust training, convergence and more reliable predictions. Auxiliary classifiers carry the gradients
in the network, thus reducing the gradient vanishing issue in deep layers. The network has the ability to sense on
many spatial and contextual factors, which enables it to differentiate lesions with an excellent precision. It is
efficient at categorisation and also has the ability to research in real time[10].
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Fig.1 Architecture of the GoogleNet V2 model

2.1 CONVOLUTION OPERATION
GoogleNet V2 uses convolution layers to extract hierarchical gastrointestinal lesion features.

Y@= XK =m,j-mK(mn) 1)

Where:
X= Input image
K= Convolution kernel
Y= Output feature map
This equation (1) represents the convolution process used in GoogleNet V2 to extract useful features from
gastrointestinal endoscopy images. The convolution kernel scans the input image and captures important patterns
such as lesion edges, textures, and shapes, which are essential for identifying abnormalities.
GoogleNet V2 applies ReLLU function after convolution layer process.
f(x) = max(0, x) 2)
Equation (2) applies the ReLU activation function, which replaces negative values with zero while keeping
positive values unchanged. This allows the model to learn complex patterns in gastrointestinal lesions more
effectively and improves the speed and stability of the training process.
GoogleNet V2 performs multi-scale feature extraction using parallel convolutions.
F = Concat(Fix1, F3x3, Ffactorized' Fpool) (3)
Where:
Fitimes1= 1*1 convolution features
Fstimes3= 3%3 convolution features
Fractorizea= Factorized convolution features
Fpo01= Pooling branch output
Inception Module is denoted by formula (3) which handles simultaneously several convolutions where each filter
extracts the features of a different size. It aids in recognizing the fine-grained pattern and large-scale structural
pattern; hence, it enables the model to detect gastrointestinal lesions more accurately.
GoogleNet V2 replaces larger convolutions using factorization.
Instead of 5 X 5 Convolution
Ttuses:3x34+3x%3
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The computational reduction as follows:

Standard convolution cost: Costsys = 25MN

Factorized convolution cost: Cost;yx3 = 18MN

Where:

M= Input channels

N= Output channels

GoogleNet V2 uses smaller consecutive convolution filters instead of a single large filter. This approach reduces
computational complexity while still capturing important image features, allowing the model to process
gastrointestinal images more efficiently without affecting classification performance.

GoogleNet V2 uses Batch Normalization for stable training.

o X—p
R 4)
Output scaling:

y=yx+p
Where:
mu= Mean

sigma?= Variance
gamma, beta= Learnable parameters
Equation 4 applies batch normalization to keep the feature values consistent during training. This helps the model
learn more efficiently, improves training stability, and leads to better classification performance.
The pooling equation can be performed with following equation
P(,j)) = maXm n)er X(m,n) ®)

Where:
R=Pooling region
Equation 5 reduces the size of the feature maps by keeping only the most important information from each region.
This makes the model faster while preserving the key features needed to accurately identify gastrointestinal
lesions.
GoogleNet V2 uses auxiliary classifiers for gradient propagation.

L=1Ly+03L +0.3L, 6)
Where:
Lo=Main classifier loss
L,, L,= Auxiliary losses
Equation 6 uses auxiliary classifiers to support the learning process during training. These additional classifiers
help the model learn more effectively, improve information flow through the network, and contribute to better
classification performance.
The softmax classification is performed with the following eq

Py = &t ;
(yl) Zj:1ezj ()
Where:

P (y;)= Probability of lesion class

z;= Logit value

Equation 7 converts the model's output into probabilities for each disease class. The category with the highest

probability is selected as the final prediction for the gastrointestinal lesion.

2.2 CROSS ENTROPY LOSS

L=-3% ylog) (8)

Where:

y;= Ground truth label

y,= Predicted probability

Equation (8) calculates the error between the model's predicted results and the actual disease labels. During

training, the model works to reduce this error, helping it make more accurate classifications.
Fl=0(W,*F_;+b) )

Where:

F,= Feature map

W,= Kernel weights

sigma= ReLU activation

Equation 9 describes how the model generates feature maps at each convolution layer. It combines the input

features with the learned weights to extract meaningful information, helping the model identify and classify

gastrointestinal lesions more accurately.

2.4 GOOGLENET V4
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The inception modules and residual connections form inception V4 (GoogleNet V4) to construct deeper networks
without compromising the performance. It has multi-scale feature extraction, improved gradient flow and feature
reuse ability. GoogleNet V4 can identify gastrointestinal tract images, complex lesions images and minor
anomalies at both local and global level of images. The residual connections prevent the loss of gradients, enabling
training of very deep networks which can be applied to high accuracy classification. The design enables multiple
features and contexts at various scales to identify the various types of lesions. This leads to the correct
classification according to segmentation, which enables computers to always detect irregularities in the digestive
system and to understand and apply the knowledge gained[11].
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Fig.2 Architecture of the GoogleNet V4 model
Convolution operation
GoogleNet V4 uses convolutional operations for extracting hierarchical gastrointestinal lesion features.
Y(ij)=¥_mY¥_n [X(i-mj-n)Kmn)] -(10)
Where:
X= Input image
K= Convolution kernel
Y= Output feature map
GoogleNet V4 convolutes the features of gastroscopic endoscopy images through the convolution process as per
equation 10. The sliding convolutional kernel extracts some relevant information from the input images such as
the edges, textures, shapes of the lesion, etc., enabling the classifier to distinguish a normal tissue from the
abnormal one..
GoogleNet V4 applies ReLU after every convolution operation.
f(x)=max{/0}(0,x) (11)
Equation 11 shows the usage of ReLU activation function where all negative values are mapped to zero without
changing the positive ones. It helps the model learn important features of the lesions and improves the training
rate and stability of the model.
GoogleNet V4 consists of many convolution paths, allowing for multi-scale feature extraction.

F=Concat(F_(1x1),F_(3x3),F (5x5),F pool) (12)
Where:
F_1times1= Features from 1x1 convolution
F 3times3= Features from 3x3 convolution
Fs5timess= Features from 5x5 convolution
Fpoo1= Pooling features.
The Equation 12 shows the Inception module that utilizes different convolution filters for detecting features of
different sizes. By using such approach, the model can detect gastrointestinal diseases of small and large size with
higher accuracy.
GoogleNet V4 factorizes convolutions to reduce computation.
Instead of: n X nituses1 Xn+nx1
Computational Cost Reduction follows
Standard convolution:
Cost = n*MN
Factorized convolution:
Cost = 2nMN
Where:

Genetics and Molecular Research 25 (17s): 2026



M= Input channels

N= Output channels

Convolution filters of large size in GoogleNet V4 are converted into small one-dimensional filters to decrease
computation complexity. Not only the processing speed of the model is increased, but also the information about
the images is preserved. It allows to classify gastrointestinal diseases without compromising the efficiency of the
model.

111 RESULTS AND DISCUSSION

An endoscopy image dataset with 8 classes of diseases namely; Dyed-Lifted Polyps, Dyed Resection Margins,
Esophageal Lesions, Normal Cecum, Normal Pylorus, Normal Z-Line, Polyps, and Ulcerative Colitis was used
for testing of our framework. Improvement of the initial quality of the images through CLAHE, normalization
and denoising was performed. Next, the G-Net Light was used to get the features from the images while the RU-
Net was used to segment the lesions. Finally, the segmented images were classified using the GoogleNet V2 and
GoogleNet V4. The performance was evaluated in terms of accuracy, precision, recall, specificity, f1-score, dice
coefficient, IoU and AUC.

Table 1:Ru-Net Results

Metric [RU-Net |
‘Dice Coefficient H72.60% ‘
lloU l60.80% |
[Pixel Accuracy lor.8ow |
‘Mean Boundary Error H4.2 pixels ‘

The results in Table (1) have been made possible through proper segmentation of the lesions in RU-Net without
any loss of vital structural information. Residual learning and skip connections make it possible for effective
detection of the lesions, especially for the irregular polyps and ulcers, hence better segmentation results.
GoogleNet V4 gave the best classification results for most of the categories due to its effectiveness in extraction
of vital features from the lesions. Additionally, the RU-Net was able to segment the lesion areas accurately, which
in turn improves on the localization of the lesions, making it possible to classify the diseases effectively. The
following results show the effectiveness of the segmentation and classification combination for automatic
gastrointestinal disease diagnosis.

Table 2: Classification Results of GoogleNet V2 and GoogleNet v4

‘Metric HGoogleNet V2 HGoogleNet V4 ‘
|Accuracy 1190.42% 93.33% |
[Precision 189.76% 92.84% |
[Recall (Sensitivity) ]90.11% 93.10% |
|Specificity 91.54% 94.21% |
[Fl-score 189.93% 92.97% |
lAUC 0.934 0.965 |

According to Table (2), GoogleNet V4 performed better than GoogleNet V2 in all evaluation metrics. It was able
to detect features of the lesions effectively giving higher classification accuracy and proper separation between
normal and abnormal tissues of gastrointestinal system. Additionally, the model had high sensitivity and
specificity.

Table 3: Disease-Wise Performance Analysis

Disease Category ggogleNet gz‘)ogleNet
IDyed Lifted Polyps  |91.1% [94.5% |
Dyed Resection

Margins 90.4% 93.2%
|Esophagea1 Lesions ||88.6% ||92.3% |
[Normal Cecum 195.0% 97.1% |
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Disease Category S; ogleNet szogleNet

[Normal Pylorus 93.7% 95.8% |
[Normal Z-line [92.8% 95.0% |
Polyps 189.5% 93.4% |
[Ulcerative Colitis 187.9% 91.6% |

According to the data presented in Table (3), GoogleNet V4 demonstrated the best classification capability among
all gastrointestinal diseases categories. The model managed to capture the complicated patterns of tissue and
achieved maximum success in case of differentiation between ulcerative colitis and esophageal lesions. It may be
suggested that GoogleNet V4 had the highest capacity to classify gastrointestinal diseases. In order to analyze the
difference between two models, McNemar's statistical test was applied. It turned out that the p-value was less than
0.05. It means that there was a significant difference between GoogleNet V4 and GoogleNet V2. Grad-CAM
visualization technique was applied to find out which regions of the image were important for the model
prediction. It was found out that GoogleNet V4 could identify the lesion areas more accurately in comparison to
GoogleNet V2 that sometimes highlighted healthy tissue regions around the lesion areas. This will help to
understand the decision making process of the model and trust its diagnoses. Experimental findings show that the
developed framework of image enhancement, G-Net Light, RU-Net, and GoogleNet V4 can be used for automatic
analysis of diseases. GoogleNet V4 revealed an increase in the classification accuracy of about 2.9% compared to
GoogleNet V2 as well as greater sensitivity, lesion localization and AUC. The use of Grad-CAM and Flask-based
Web application increases the effectiveness of the system because it provides users with the understandable
prediction on the friendly interface.

IV CONCLUSION

A framework of deep learning for the automatic analysis of the gastrointestinal endoscopy images was proposed
in this research. It includes image preprocessing, feature extraction by G-Net Light, segmentation and
classification of the disease by using GoogleNet V2 and GoogleNet V4 through RU-Net. RU-Net has shown the
Dice coefficient of 72.6%, IoU of 60.8%, and pixel accuracy of 91.8%. These metrics mean that the network can
effectively segment the lesions. GoogleNet V4 has the greatest accuracy of 93.33%, precision of 92.84%, and
recall of 93.10%, the greatest specificity of 94.21%, the greatest F1-score of 92.97% and the greatest AUC of
0.965 among classification models. According to the McNemar's test, GoogleNet V4 performed much better than
GoogleNet V2 (*p* <0.05). The Grad-CAM technique helped improve the model’s interpretability by identifying
regions of importance and the Web application based on Flask provided the real-time analysis facility. In essence,
the framework presented here can be considered as a realistic and robust CAD system to help doctors diagnose
GI diseases.
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