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Multiple lesions detection in capsule endoscopic images based on EfficientNet
LIU Zhang, GUO Xudong, ZHANG Lulu
(School of Medical Instrument and Food Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

[ Abstract] The development of digestive tract polyps and chronic inflammatory diseases may lead to carcinogenesis. Deep learning
method can assist doctors to automatically examine lesions in capsule endoscopic images. The current automatic detection research
model rarely weighs the accuracy and speed of the model, which is difficult to adapt the needs of multiple lesion detection in clinical
practice. Therefore, a migration learning method based on lightweight network is proposed to classify common diseases of the
digestive tract. Finally, compare with the Resnet50 and InceptionV4 networks. The results of CAD—CAP data set showed that the
precision for vascular lesions was 94.74% and that for inflammatory lesions was 89.76%. The accuracy was 94.72%. The average
AUC value was 0.94, and the detection speed was 73 frames/s. The proposed method is superior to the traditional methods in
accuracy and speed, which can provide valuable help for the auxiliary diagnosis of digestive tract diseases.
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Fig. 1 Model training and testing process
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Fig. 2 The main module structure of EfficientNet
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Tab. 1  EfficientNetB0 network structure parameters after fine —
tuning
Block name Block number Output size
Input 1 224x224%3
Conv 1 112x112%32
SepConv 1 112x112%x16
MBConv3 1 56x56x24
MBConv5 3 28x28x40
MBConv3 4 14x14x80
MBConv5 4 14x14x112
MBConv5 3 Tx7x160
MBConv3 1 Tx7%320
SepConv 1 7x7x1 280
Avarage Pooling 1 1280
Dense 1 256
Softmax 1 3
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Fig. 3 Data augmentation
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Tab. 2 The distribution of the number of samples in the network

model training and testing process
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Tab. 3 Test results of the network model on the CAD—-CAP dataset

ResNet50 Precision/% Recall/ % F1 score/ % Accuracy /% Test time/s
Normal 98.36 100.00 99.17
Vascular 95.15 81.67 87.89
Inflammatory 84.44 95.00 89.41
Total 92.22 8.929
InceptionV4 Precision/% Recall/ % F1 score/% Accuracy /% Test time/s
Normal 100.00 98.33 99.16
Vascular 95.58 90.00 92.70
Inflammatory 89.92 96.67 93.17
Total 95.00 21.080
EfficientNetBO Precision/% Recall/ % F1 score/% Accuracy /% Test time/s
Normal 100.00 99.17 99.58
Vascular 94.74 90.00 92.31
Inflammatory 89.76 95.00 92.31

Total

94.72

4.924
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Fig. 4 Comparison of the confusion matrix results of the network
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