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[Abstract] Objective:To compare the performance of various deep learning methods in the segmentation and classification of
colorectal polyp endoscopic images, and identify the most effective approach. Methods-Four colorectal polyp datasets were
collected from three hospitals, encompassing 1 534 static images and 15 videos. All samples were pathologically validated and
categorized into two types: serrated lesions and adenomatous polyps. Polygonal annotations were performed by using the LabelMe
tool, and the annotated results were converted into integer mask formats. These data were utilized to train various architectures of
deep neural networks, including convolutional neural network (CNN), Transformers, and their fusion, aiming to develop an effective
semantic segmentation model. Multiple performance indicators for automatic diagnosis of colon polyps by different architecture
models were compared, including mloU, aAcc, mAcc, mDice, mFscore, mPrecision and mRecall. Results-Four different
architectures of semantic segmentation models were developed, including two deep CNN architectures (Fast-SCNN and
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DeepLabV3plus), one Transformer architecture (Segformer), and one hybrid architecture (KNet). In a comprehensive performance
evaluation of 291 test images, KNet achieved the highest mloU of 84.59%, significantly surpassing Fast-SCNN (75.32%),
DeepLabV3plus (78.63%), and Segformer (80.17%). Across the categories of “background”, “serrated lesions” and “adenomatous
polyps” , KNet’s intersection over union (IoU) were 98.91%, 74.12%, and 80.73%, respectively, all exceeding other models.
Additionally, KNet performed excellently in key performance metrics, with aAcc, mAcc, mDice, mFscore, and mRecall reaching
98.59%, 91.24%, 91.31%, 91.31%, and 91.24%, respectively, all superior to other models. Although its mPrecision of 91.46% was
not the most outstanding, KNet's overall performance remained leading. In inference testing on 80 external test images, KNet
maintained an mloU of 81.53%, demonstrating strong generalization capabilities. Conclusion-The semantic segmentation model of
colorectal polyp endoscopic images constructed by deep neural network based on KNet hybrid architecture, exhibits superior

predictive performance, demonstrating its potential as an efficient tool for detecting colorectal polyps.

[Key words] deep learning; colorectal polyp; convolutional neural network; Transformer; image segmentation
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Note: A. Serrated lesions. B. Adenomatous polyps.
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Fig1 Examples of polyp images from the datasets
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Note: A. Distribution of image sizes in the dataset. B. Distribution of images across various categories.
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Training set loss function
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Note: A/B. Accuracy (A) and loss function (B) fluctuation of the Fast-SCNN model. C/D. Variations in accuracy (C) and loss function (D) in the
DeepLabV3plus model. E/F. Segformer model’s accuracy (E) and loss function (F) changes. G/H. KNet model’s accuracy evolution (G) and loss function (H)
alterations. All figures encapsulate the decoder segmentation accuracy (decode.acc_seg) and auxiliary classifier segmentation accuracy (aux.acc_seg).
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Fig 3 Changes in performance metrics for four segmentation models in the training set throughout the training process
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Fig4 Changes in performance metrics for four segmentation models in the test set throughout the training process
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Fig 6 Comparative metrics of the average performance of four
colon polyp segmentation models in the test set
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Tab 1 Performance metrics for classification predictions of the four models in the test dataset (%)

Model Category TIoU
Fast-SCNN Background 97.74
Serrated lesion 59.08
Adenomatous polyp 69.15
DeepLabV3plus Background 98.26
Serrated lesion 63.63
Adenomatous polyp 74.00
Segformer Background 98.20
Serrated lesion 67.22
Adenomatous polyp 75.09
KNet Background 98.91
Serrated lesion 74.12
Adenomatous polyp 80.73

Acc Dice Fscore Precision Recall
99.02 98.86 98.86 98.70 99.02
71.13 74.27 74.27 77.70 71.13
81.24 81.76 81.76 82.30 81.24
98.96 99.12 99.12 99.28 98.96
83.38 77.78 77.78 72.88 83.38
84.02 85.06 85.06 86.12 84.02
99.6 99.09 99.09 98.60 99.60
71.95 80.39 80.39 91.09 71.95
82.57 85.77 85.77 89.23 82.57
99.50 99.45 99.45 99.40 99.50
87.33 85.14 85.14 83.05 87.33
86.88 89.34 89.34 91.94 86.88

KNet fi 80 ( iy 44 i KNet-ColoSeg) H.- A f & )
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TETF 2 o F v R R, o ToU 1551 98.91%,
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Note: This figure consists of four columns, including the original polyp images (A, E and I), the model’s prediction output (B, F and J), a view of the model’s
predictions superimposed on the original images (C, G and K), and the confusion matrix for the prediction of individual images (D, H and L).

7 KNet-ColoSeg #EIZESMEBMIIR £ _E 33 37 2 P9 BRI FI 45 R

Fig 7 Prediction results of KNet-ColoSeg model for new polyp images in an external test dataset
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Note: The image sequence from left to right demonstrates a serrated lesion case successfully segmented by the AI model after irrigation with physiological

saline.
8 KNet-ColoSeg 1= Z) xF —f5il #7 871 3 5il 9 35 A HL ) i 72

Fig 8 KNet-ColoSeg model for real-time prediction of a video case
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