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Research on skin lesion segmentation based on BEDU-Net algorithm
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[ Abstract] A skin lesion segmentation algorithm (BEDU Net) is proposed to address the diversity, edge blur, and hair noise in
skin lesion areas. Firstly, dense block connections and efficient channel attention modules are fused to capture multi — scale
information in skin lesion images; Secondly, in the last layer of the encoder, the hollow space pyramid structure is used to enhance
the receptive field of the network, so as to better capture the edge information of the skin lesions; Finally, a residual module with
bidirectional cyclic feature enhancement is used for skip connections, which refined the edges of the skin lesion image while
enhancing the network’s anti—interference ability. This algorithm is tested on two datasets, ISIC2018 and PH2, with the accuracy of
95.4% and 94.8% , specificity of 0.979 and 0.971, sensitivity of 87.1% and 87.9%, F, score of 91.2% and 91.4% , respectively.
Experimental comparisons with U-Net, BCDU-Net, BUSU-Net, and MCGU-Net show that this algorithm has better segmentation
performance.
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Fig. 1 Structure diagram of skin lesion image segmentation network model

BRI, k5 C AR R | NI HE AL
PRI — Al A7 B e 9%, [A] s 415 %50 R K (2 v J e
B0 VR A% R B 12 1R T Ak ORI A 7]
A

C=d(k) = exp(y*k—b) (5)

Adaptive Selection of
Kernel Size:

AN, EIEE C N 2 BB, Witk
2 B exp(y xk - b)), AEEIER C, AEN
WiE k.

k=¢(C)=

Y

Log,(C) + b (6)

add

B2 SEETENER

Fig. 2 Efficient channel attention module
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Fig. 3 Bidirectional loop feature enhancement residual module
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Fig. 5 Example image of original image and gold standard segmentation

2.2 MRS

R T B R AL O I 2 UL b DY AR S il
R B AR SOR R FHUER R ( Accuracy, ACC) |
RIS (Sensitivity, SE) | ¢ 5 7£ ( Specificity, SP) .
AUC( Area Under the ROC Curve) | Jaccard Similarity
score (JS) LA K Precision (PC) #1 F, — score(F,)
HEAT VAL, AR AL 1,

F1 MHEITEERRAR

Tab. 1 Performance evaluation indicators and formulas
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Fig. 6 Segmentation results on the ISIC2018 dataset
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Tab. 2 Comparison of segmentation performance between this

algorithm and other algorithms on the ISIC2018 dataset

XS L ACC F, sp SE JS

U-Net 0915 0795 0.908 0.846  0.752
BCDU-Net 0.939  0.892 0.925 0.865 0.815
BUSU-Net 0.942 0905 0.971 0.854 0.835
MCGU-Net 0.951 0917 0.982 0.851  0.847
AR SR 0.954 0912 0979 0871 0.845
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Tab. 3  Comparison of segmentation performance between this

algorithm and other algorithms on the PH2 dataset

Tt ACC F, SP SE JS
U-Net 0.911 0785 0901  0.843  0.748
BCDU-Net 0.929 0.882 0915 0.855  0.807

BUSU-Net 0.938 0913 0953 0.864 0.826
MCGU~-Net 0.945 0917 0965 0.875 0.844
AR 0948 0914 0971 0879 0.841
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Fig. 8 ROC and P-R curves of ISIC2018 dataset
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Fig. 9 ROC and P-R curves of PH2 dataset
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