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Figure S1. Samples of different types of lesions in the used dataset



Table S1 The comparisons of numerous studies in WCE video classification using deep

networks
Year Method Task Dataset Validation Results
method
2016 [1] | 8 Layer CNN bleeding detection | 10,000 Cross validation, | F1 score: 99.5,
and classification frames frame-based Precision: 99.9,
(Proprietary Recall: 99.2
videos)
2018 [2] | AlexNet Ulcer and erosion | 21,160 Cross validation, | Accuracy: 95
detection and | frames frame-based Sensitivity:
classification (Proprietary 95.2,
videos) Specificity: 95.7
2019 [3] | AlexNet, Ulcer detection and | 1,875 Split dataset, | Accuracy: 100
GooglNet classification frames frame-based Sensitivity:
(Proprietary 100,
videos) Specificity: 100
2019 [4] | Single Shot angioectasia detection | 2,237 Split dataset, | Accuracy: 98.7
Multi-Box and classification frames frame-based Sensitivity:
Detector (Proprietary 98.8 Specificity:
videos) 98.4
2019 [5] | Single Shot Ulcers and erosion | 1,580 Split dataset, | Accuracy: 90.8
Multi-Box detection and | frames disease-based Sensitivity:
Detector classification (Proprietary 88.2 Specificity:
videos) 90.9
2020 [6] | Inception- Significant ~ frames | 210,100 Cross validation, | Accuracy: 98.3
ResNet-v2 classification frames frame-based & | Sensitivity: 96
(Proprietary | disease-based Specificity: 99.5
videos)
2021 [7] | AlexNet + | Abnormality 5,306 Split dataset, | Accuracy: 90.8
Triplet detection and | frames frame-based Sensitivity: 91.4
Network classification (Proprietary Specificity: 90.9
videos)
2021 [8] | MobileNet + | bleeding detection | 1650 Cross validation, | Accuracy: 99.3
CNN and classification frames frame-based Sensitivity: 99.4
(Proprietary Precision: 100
videos)
2021 [9] | Inception- Multiple disease | 400,000 Split dataset, | Accuracy: 97.9
Resnet-V2 detection and | frames frame-based Sensitivity: 97.2
classification (Proprietary Specificity: 98.7
videos)
2021 Backbone bleeding  detection | KID Cross validation, | Accuracy: 98.2,
[10] networks + | and classification Dataset 2 frame-based 95.7
SVM (VGG19, [11], Sensitivity: 98.7,
InceptionV3, MICAAI 95.8
ResNet50) 2017 [12] Specificity: 97.3,
95.5
2022 Backbone Multiple disease | Kvasir [14] | Split dataset, | Accuracy: 94.8
[13] networks + | detection and frame-based
Dense layers | classification
(Efficientnet,
DenseNet,
Xception)




Table S2. Proposed 2D-CNN characteristics

Layers arrange and their specifications
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Image input
Convolution

Batch normalization
ReLU

Max pooling
Dropout
Convolution

Batch normalization
ReLU

Max pooling
Dropout
Convolution

Batch normalization
ReLU

Max pooling
Dropout
Convolution

Batch normalization
ReLU

Max pooling
Dropout
Convolution

Batch normalization
RelLU

Max pooling
Dropout

Fully connected
Dropout

Softmax

Training options

Max epochs

Batch size

Learning rate

Decay rate

Solver for training network
Loss function

224x224x3 images with “zerocenter” normalization

32 3x3x3 convolutions with stride [1 1] and padding “same”
Batch normalization with 32 channels

ReLU activation function

2x2 max pooling with stride [2 2] and “zero” padding

Dropout with 0.4 rate

64 3x3x32 convolutions with stride [1 1] and padding “same”
Batch normalization with 64 channels

ReLU activation function

2%2 max pooling with stride [2 2] and “zero” padding

Dropout with 0.4 rate

128 3x3x64 convolutions with stride [1 1] and padding “same”
Batch normalization with 128 channels

ReLU activation function

2x2 max pooling with stride [2 2] and “zero” padding

Dropout with 0.4 rate

256 3x3x128 convolutions with stride [1 1] and padding “same”
Batch normalization with 256 channels

ReLU activation function

2x2 max pooling with stride [2 2] and “zero” padding

Dropout with 0.4 rate

512 3x3%256 convolutions with stride [1 1] and padding “same”
Batch normalization with 512 channels

ReLU activation function

2x2 max pooling with stride [2 2] and “zero” padding

Dropout with 0.4 rate

1 fully connected layer after the flatten filter

Dropout with 0.4 rate

Softmax layer with 3 output classes

150

32

0.0001

0.0001

Adam optimizer
Cross-entropy




Table S3. Proposed 3D-CNN characteristics

Layers arrange and their specifications
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Image input
Convolution

Batch normalization
ReLU

Max pooling
Dropout
Convolution

Batch normalization
ReLU

Max pooling
Dropout
Convolution

Batch normalization
ReLU

Max pooling
Dropout
Convolution

Batch normalization
ReLU

Max pooling
Dropout
Convolution

Batch normalization
RelLU

Max pooling
Dropout

Fully connected
Dropout

Softmax

Training options

Max epochs

Batch size

Learning rate

Decay rate

Solver for training network
Loss function

224x224x3x16 images with “zerocenter”” normalization

32 3x3x3x3 convolutions with stride [1 1 1] and padding “same”
Batch normalization with 32 channels

ReLU activation function

2x2x1 max pooling with stride [2 2 2] and “zero” padding

Dropout with 0.4 rate

64 3x3x3x32 convolutions with stride [1 1 1] and padding “same”
Batch normalization with 64 channels

ReLU activation function

2x2x2 max pooling with stride [2 2 2] and “zero” padding

Dropout with 0.4 rate

128 3x3x3%64 convolutions with stride [1 1 1] and padding “same”
Batch normalization with 128 channels

ReLU activation function

2x2x2 max pooling with stride [2 2 2] and “zero” padding

Dropout with 0.4 rate

256 3x3x3x128 convolutions with stride [1 1 1] and padding “same”
Batch normalization with 256 channels

ReLU activation function

2x2x2 max pooling with stride [2 2 2] and “zero” padding

Dropout with 0.4 rate

512 3x3x3x256 convolutions with stride [1 1 1] and padding “same”
Batch normalization with 512 channels

ReLU activation function

2x2x2 max pooling with stride [2 2 2] and “zero” padding

Dropout with 0.4 rate

1 fully connected layer after the flatten filter

Dropout with 0.4 rate

Softmax layer with 3 output classes

150

32

0.0001

0.0001

Adam optimizer
Cross-entropy
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