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ABSTRACT 

Gastrointestinal endoscopy plays an important role in the early detection of inflammatory abnormalities and 

lesions; however, manual interpretation of endoscopic images is often affected by visual complexity and inter-

observer variability. This study presents a deep learning-based framework for automated gastrointestinal 

endoscopic image analysis by integrating lightweight and residual segmentation networks with convolutional 

neural network-based classification and explainable artificial intelligence. The segmentation performance of G-

Net Light and Residual U-Net (RU-Net Light) was comparatively evaluated using Dice coefficient, Intersection 

over Union (IoU), and pixel accuracy. In the overall segmentation analysis, G-Net Light achieved a Dice 

coefficient of 0.234, IoU of 0.146, and pixel accuracy of 84.7%, whereas RU-Net Light substantially improved 

these values to 0.726, 0.608, and 91.8%, respectively. For oesophagitis segmentation, RU-Net Light further 

obtained a Dice coefficient of 0.756, IoU of 0.637, and pixel accuracy of 92.5%, compared with 0.426, 0.298, and 

86.7% achieved by G-Net Light. These findings demonstrate the effectiveness of residual learning and encoder–

decoder skip connections in preserving lesion boundaries and extracting fine-grained mucosal features. Among 

the evaluated classification models, Xception achieved the highest accuracy of 93.33%, precision of 93.46%, 

recall of 93.09%, and F1-score of 93.14%. The integration of RU-Net Light, Xception, and Grad-CAM provides 

an accurate and interpretable framework for automated gastrointestinal lesion analysis and has potential to support 

gastroenterologists in reliable computer-assisted diagnosis. 
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RELATED WORK 

Gastrointestinal (GI) diseases, including oesophagitis, inflammatory disorders, polyps, ulcers, and gastrointestinal 

cancers, are major clinical concerns that require timely and accurate diagnosis. Endoscopy is widely used to 

directly examine the gastrointestinal tract and identify abnormal mucosal regions. However, the visual 

interpretation of endoscopic images depends considerably on the experience of the gastroenterologist and may be 

challenging because of variations in lesion size, shape, texture, illumination, and tissue appearance. Small or 

poorly defined abnormalities can be difficult to distinguish from surrounding healthy tissue, increasing the 

possibility of diagnostic variability. Therefore, automated computer-aided analysis of gastrointestinal endoscopic 

images has gained considerable attention as a supportive approach for improving lesion localisation and diagnostic 

consistency. 

Recent advances in deep learning have significantly improved medical image segmentation and classification. 

Convolutional neural networks can automatically learn complex spatial and textural characteristics directly from 

endoscopic images without relying on manually designed features. Lightweight segmentation models are 

particularly attractive for real-time clinical applications because they require fewer computational resources and 

provide faster image processing. In this study, G-Net Light is employed as an efficient segmentation architecture 

with reduced filters and optimised pooling operations for extracting regions of interest from gastrointestinal 

images. Although its lightweight structure supports computational efficiency and scalability, the reduced feature 

representation may result in coarse segmentation masks and limited preservation of complex lesion boundaries. 

To overcome these limitations, RU-Net Light integrates residual learning with the U-Net encoder–decoder 

architecture to improve gradient propagation, feature reuse, and spatial information preservation. Residual blocks 

allow deeper hierarchical features to be extracted, while skip connections transfer important localisation 

information from the encoder to the decoder for accurate reconstruction of lesion regions. The comparative results 
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demonstrate that RU-Net Light considerably outperforms G-Net Light, achieving an overall Dice coefficient of 

0.726, IoU of 0.608, and pixel accuracy of 91.8%, compared with 0.234, 0.146, and 84.7%, respectively, for G-

Net Light. In addition, multiple deep convolutional models, including VGG19, Xception, GoogleNet variants, 

ResNeXt, ConvNeXt-Tiny, ResNet18, and AlexNet, are evaluated for gastrointestinal image classification. The 

proposed framework further incorporates Grad-CAM-based visual explainability to highlight diagnostically 

important image regions and improve the transparency of automated predictions. 

 

METHODOLOGY 

Softmax Classification 

𝑃(𝑦𝑖) =
𝑒𝑧𝑖

∑ 𝑒
𝑧𝑗

𝑛

𝑗=1

                                                (1) 

Where: 

𝑧𝑖= Logit value  

𝑃(𝑦𝑖)= Probability of lesion class  

Cross Entropy Loss Function 

𝐿 = −∑ 𝑦𝑖
𝑁

𝑖=1
log(𝑦𝑖̂) 

Where: 

𝑦𝑖= Ground truth label  

𝑦𝑖̂= Predicted probability 

 

G-Net Light: G-Net Light is a neural network with the minimum weights to extract features efficiently and reliably 

without sacrificing the spatial information . It carries out the initial step of a gastrointestinal endoscopy study and 

has regions of interest like lesions and anomalies. It has fewer filters per layer and the pooling layers are optimised 

to run quickly and to use less memory. This leads to rough yet accurate segmentation masks. The reduction of the 

number of processes in these mask inputs demands processing networks which are designed to remove processes 

without the loss of the significant features. G-Net Light allows real time data processing and provides scalable 

data analysis. This first is the first phase in automated detection methods. 

Fig.11 Architecture of the G-Net Light model 

 

Mathematical Formulation 

Convolution Operation 

G-Net Light uses convolution layers to extract lesion-related gastrointestinal features. 

𝑌(𝑖, 𝑗) =∑ ∑ 𝑋(𝑖 − 𝑚, 𝑗 − 𝑛)𝐾(𝑚, 𝑛)
𝑛

𝑚

 

 

Where: 

𝑋= Input endoscopic image  
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𝐾= Convolution kernel  

𝑌= Output feature map  

ReLU Activation Function 

G-Net Light applies ReLU activation after convolution layers. 

𝑓(𝑥) = max(0, 𝑥) 
Lightweight Feature Extraction Equation 

Feature extraction in G-Net Light: 

𝐹𝑙 = 𝜎(𝑊𝑙 ∗ 𝐹𝑙−1 + 𝑏𝑙) 
Where: 

𝐹𝑙= Feature map at layer 𝑙 
𝑊𝑙= Convolution weights  

𝑏𝑙= Bias  

𝑠𝑖𝑔𝑚𝑎= ReLU activation. 

Pooling Operation 

Pooling reduces feature dimensions while preserving important gastrointestinal lesion patterns. 

𝑃(𝑖, 𝑗) = max(𝑚,𝑛)∈𝑅 𝑋(𝑚, 𝑛) 

Where: 

𝑅= Pooling region  

𝑃(𝑖, 𝑗)= Pooled output  

Upsampling Equation 

G-Net Light restores spatial resolution during segmentation. 

𝑈(𝑥, 𝑦) = 𝐼𝑛𝑡𝑒𝑟𝑝𝑜𝑙𝑎𝑡𝑒(𝐹(𝑥, 𝑦)) 
Segmentation Output Equation 

Pixel-wise segmentation prediction: 

𝑆(𝑥, 𝑦) = 𝜎(𝑊 ∗ 𝑋 + 𝑏) 
Where: 

𝑆(𝑥, 𝑦)= Segmentation probability map  

𝑊= Learnable weights  

𝑋= Input feature map  

𝑠𝑖𝑔𝑚𝑎= Sigmoid activation  

Sigmoid Activation Function 

Sigmoid converts segmentation outputs into probabilities. 

𝜎(𝑥) =
1

1 + 𝑒−𝑥
 

Dice Coefficient Equation 

Dice coefficient evaluates segmentation overlap. 

𝐷𝑖𝑐𝑒 =
2 ∣ 𝑃 ∩ 𝐺 ∣

∣ 𝑃 ∣ +∣ 𝐺 ∣
 

Where: 

𝑃= Predicted segmentation  

𝐺= Ground truth segmentation  

Dice Loss Function 

𝐿𝑜𝑠𝑠𝐷𝑖𝑐𝑒 = 1 − 𝐷𝑖𝑐𝑒 

Intersection over Union (IoU) 

𝐼𝑜𝑈 =
∣ 𝑃 ∩ 𝐺 ∣

∣ 𝑃 ∪ 𝐺 ∣
 

Where: 

𝑃𝑐𝑎𝑝𝐺= Intersection  

𝑃𝑐𝑢𝑝𝐺= Union  

Pixel Accuracy Equation 

𝑃𝑖𝑥𝑒𝑙 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Binary Cross Entropy Loss 

G-Net Light segmentation optimization: 

𝐿 = −
1

𝑁
∑ [

𝑁

𝑖=1
𝑦𝑖log(𝑦𝑖̂) + (1 − 𝑦𝑖)log(1 − 𝑦𝑖̂)] 

Where: 

𝑦𝑖= Ground truth pixel  

𝑦𝑖̂= Predicted pixel probability 
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Computational Complexity Reduction 

Lightweight architecture complexity: 

𝐶𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦 ∝ 𝑂(𝑘2 × 𝐶 × 𝐻 ×𝑊) 
Where: 

𝑘= Kernel size  

𝐶= Number of channels  

𝐻,𝑊= Spatial dimensions  

 

Residual U-Net (RU-Net): The Residual U-Net is an improvement over the original U-Net, with residual blocks 

added to aid in gradient flow and feature reuse. It is used for the study of gastrointestinal endoscopic images, 

performing fine-grained segmentation of lesions, including microaneurysms, haemorrhages and exudates. Skip 

connection maintains spatial data and residual blocks allow to gain more information about the image in fewer 

bits of data without degrading the quality. The network provides very accurate segmentation masks depicting 

lesion edges which enables the network to extract and classify features later. This multi scale representation, 

coupled with the enhanced propagation of gradients, is a useful and accurate way to identify anomalies and is one 

of the key elements in automated endoscopic analysis. 

Fig.12 Architecture of the RU-Net Light model 

 

Mathematical Formulation 

Convolution Operation 

RU-Net uses convolution layers for extracting gastrointestinal lesion features. 

𝑌(𝑖, 𝑗) =∑ ∑ 𝑋(𝑖 − 𝑚, 𝑗 − 𝑛)𝐾(𝑚, 𝑛)
𝑛

𝑚

 

Where: 

𝑋= Input endoscopic image  

𝐾= Convolution kernel  

𝑌= Output feature map  

ReLU Activation Function 

RU-Net applies ReLU activation after convolution operations. 

𝑓(𝑥) = max(0, 𝑥) 
Residual Learning Equation 

Residual blocks are integrated into U-Net architecture. 

𝐻(𝑥) = 𝐹(𝑥) + 𝑥 

Where: 

𝐹(𝑥)= Residual mapping  

𝑥= Identity shortcut connection  

𝐻(𝑥)= Final output  

Residual Block Equation 

RU-Net residual feature extraction: 

𝐹(𝑥) = 𝑊2𝜎(𝑊1𝑥 + 𝑏1) + 𝑏2 
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Final residual output: 

𝑦 = 𝐹(𝑥) + 𝑥 

Where: 

𝑊1,𝑊2= Convolution weights  

𝑏1, 𝑏2= Bias terms  

𝑠𝑖𝑔𝑚𝑎= ReLU activation  

Encoder Feature Extraction Equation 

Encoder path extracts hierarchical lesion features. 

𝐸𝑙 = 𝜎(𝑊𝑙 ∗ 𝐸𝑙−1 + 𝑏𝑙) 
Where: 

𝐸𝑙= Encoder feature map  

𝑊𝑙= Convolution weights  

Max Pooling Equation 

Pooling reduces spatial dimensions. 

𝑃(𝑖, 𝑗) = max(𝑚,𝑛)∈𝑅 𝑋(𝑚, 𝑛) 

Where: 

𝑅= Pooling region  

Decoder Upsampling Equation 

Decoder restores segmentation resolution. 

𝑈(𝑥, 𝑦) = 𝐼𝑛𝑡𝑒𝑟𝑝𝑜𝑙𝑎𝑡𝑒(𝐹(𝑥, 𝑦)) 
Upsampling reconstructs fine lesion boundaries. 

Skip Connection Equation 

RU-Net combines encoder and decoder features. 

𝑆𝑙 = 𝐶𝑜𝑛𝑐𝑎𝑡(𝐸𝑙 , 𝐷𝑙) 
Where: 

𝐸𝑙= Encoder features  

𝐷𝑙= Decoder features  

Skip connections preserve spatial information for accurate lesion localization. 

 

Segmentation Output Equation 

Pixel-wise lesion prediction: 

𝑆(𝑥, 𝑦) = 𝜎(𝑊 ∗ 𝑋 + 𝑏) 
Where: 

𝑆(𝑥, 𝑦)= Segmentation mask probability  

𝑊= Learnable weights  

𝑠𝑖𝑔𝑚𝑎= Sigmoid activation  

Sigmoid Activation Function 

𝜎(𝑥) =
1

1 + 𝑒−𝑥
 

Maps segmentation outputs between 0 and 1. 

Dice Coefficient Equation 

Dice coefficient evaluates overlap between predicted and ground truth masks. 

𝐷𝑖𝑐𝑒 =
2 ∣ 𝑃 ∩ 𝐺 ∣

∣ 𝑃 ∣ +∣ 𝐺 ∣
 

Where: 

𝑃= Predicted segmentation  

𝐺= Ground truth mask  

Dice Loss Function 

𝐿𝑜𝑠𝑠𝐷𝑖𝑐𝑒 = 1 − 𝐷𝑖𝑐𝑒 

Minimizes segmentation mismatch during training. 

Intersection over Union (IoU) 

𝐼𝑜𝑈 =
∣ 𝑃 ∩ 𝐺 ∣

∣ 𝑃 ∪ 𝐺 ∣
 

Where: 

𝑃𝑐𝑎𝑝𝐺= Intersection  

𝑃𝑐𝑢𝑝𝐺= Union  

Binary Cross Entropy Loss 

RU-Net optimization loss: 
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𝐿 = −
1

𝑁
∑ [

𝑁

𝑖=1
𝑦𝑖log(𝑦𝑖̂) + (1 − 𝑦𝑖)log(1 − 𝑦𝑖̂)] 

Where: 

𝑦𝑖= Ground truth pixel  

𝑦𝑖̂= Predicted probability  

Pixel Accuracy Equation 

𝑃𝑖𝑥𝑒𝑙 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Feature Representation Equation 

Deep hierarchical feature learning: 

𝐹𝑙 = 𝜎(𝑊𝑙 ∗ 𝐹𝑙−1 + 𝑏𝑙) 
Where: 

𝐹𝑙= Feature map  

𝑊𝑙= Learnable filters  

 

Table.6 Segmentation Performance Esophagitis 

Segmentation Model Dice Coefficient IoU Pixel Accuracy 

G-Net Light 0.426 0.298 0.867 

RU-Net 0.756 0.637 0.925 

Experimental results for Oesophagitis classification showed that the maximum accuracy of classification was 

91.67% for Xception, which was due to its efficient depthwise separable convolution design that captures the 

patterns of inflammation in the mucosa and the occurrence of small anomalies. GoogleNet V4 and ResNeXt were 

also competitive, due to their ability to extract multi-scale contextual features. The segmentation results showed 

that the Dice coefficient, IoU and pixel accuracy of RU-Net were significantly higher than those of G-Net Light, 

indicating that RU-Net could localise the inflamed part of the oesophagus better and preserve boundary 

information of the gastrointestinal endoscopy lesions. 

 

Table.7 Performance Evaluation - Classification 

Model Accuracy Precision Recall F1-Score 

VGG19 0.93000 0.93066 0.92858 0.92894 

Xception 0.93333 0.93463 0.93087 0.93137 

GoogleNetV4 0.93000 0.93079 0.92806 0.92844 

ResNext 0.92833 0.92698 0.92654 0.92657 

GoogleNetV2 0.92583 0.92733 0.92325 0.92376 

GoogleNet 0.92500 0.92464 0.92242 0.92260 

ConvNeXt-Tiny 0.92000 0.91836 0.91779 0.91765 

ResNet18 0.90417 0.90731 0.90305 0.90304 

AlexNet 0.90083 0.89960 0.89903 0.89903 

Table.7 shows the classification accuracy, precision and recall and F1-Score of different DL models. 

 
Fig.16 Comparison Graph - Classification 

 

A comparison of the performance features of different DL models is shown in Fig. 16. Given this, it is observed 

that the accuracy of Xception is the highest. 

Table.8 Performance Evaluation – Segmentation 

Model Dice IoU Pixel Acc 

G-Net 0.234 0.146 0.847 

RU-Net 0.726 0.608 0.918 

 

0.88
0.89
0.9

0.91
0.92
0.93
0.94

Accuracy Precision Recall F1-Score
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Table.8 shows the segmentation results of G-Net and RU-Net in Dice, IoU and pixel accuracy . 

 
Fig.17 Comparison Graph - Segmentation 

Fig. 17 shows that the Dice, IoU and pixel accuracy of RU-Net are significantly better than those of G-Net. 

 

CONCLUSION 

A combination of the DL framework of segmentation, classification and explainability algorithms has been 

applied for automatic interpretation of gastrointestinal endoscopic images, which was successfully done. In the 

segmentation task, RU-Net was able to accurately segment fine-grained margins of lesions and complicated 

mucosal structures. It had a Dice coefficient of 72.6, IoU of 60.8 and pixel accuracy of 91.8 which was better than 

the lightweight G-Net design. The benefits of segmentation are even more evident in the results of downstream 

diagnostic classification and even better feature representation. The analysed convolutional deep convolutational 

models had the best accuracy in classification which was 93.33 in Xception. This indicated that it did better than 

any of the other models at clarifying issues concerning the digestive system. Grad-CAM improvement: It enhances 

the clinical reliability by visualizing the most important parts of the image that contribute to making predictions. 

This has made it a lot more obvious and straightforward when to make selections. It was demonstrated that this 

deployment was practically viable for real-time clinical use and remote access through a web-interface and 

authentication of users with Flask. The global outcome will be an effective and unambiguous diagnosis system 

that will be scaled-up to support gastroenterologists to locate and identify lesions with precision and minimize the 

burden and uncertainty of diagnosis. 

Future research will concentrate on improving the diagnostic ability by implementing multimodal data (e.g. the 

correlation between endoscopic pictures and patient metadata, histopathology report or laboratory results), to 

enhance the accuracy of predictions and provide a personalised diagnosis. For long-range contextual information 

in gastrointestinal images, one could consider using more sophisticated attention-based models like Vision 

Transformers or CNN-Transformer based models. Semi-supervised or self-supervised learning methods may 

reduce the amount of vast volumes of annotated data needed, and may make scaling to a wide range of clinical 

situations practicable. The real-time video endoscopic analysis, automated anomaly detection and cross-

institutional validation can further improve the clinical application of the technique. More advanced XAI 

approaches, and more advanced implementation on the web, can enhance decision-making for gastrointestinal 

diagnostics, clarify and make it comprehensible. 
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