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Abstract: Eyelid tumor is a serious eye disease that leads to vision loss or even blindness. The similarity between benign and

malignant characteristics makes it difficult for ophthalmologists lacking clinical experience to distinguish between them. To

address the problem, a method (ResNetl01 CBAM) based on two-stage target localization using fully convolutional one-

stage object detection (FCOS) and residual network incorporating a dual attention mechanism is proposed to realize the

automatic diagnosis of benign and malignant eyelid tumors. FCOS is used to automatically localize the overall contour of the

orbit, removing the background and surrounding noise, and then finely localize the tumor lesion inside the orbit. The obtained

lesion region is input into ResNetl01 CBAM for the automatic diagnosis of benign and malignant eyelid tumors. The

experimental results show that the average precision of the target localization algorithm for tumor lesion is 0.821, and that

compared with ResNet101, ResNet101 CBAM improves the sensitivity and accuracy in eyelid tumor classification by 4.7%

and 3.0%, respectively, indicating that the proposed model has superior performances in the automatic diagnosis of benign

and malignant eyelid tumors.
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Figure 1 Framework of automatic diagnosis of benign and malignant eyelid tumors
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Figure 3 Convolutional block attention module
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Figure 4 Automatic localization results of several representative eyelid tumors using FCOS
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Table 3 Performance comparison among 5 CNN on the test set of eyelid tumors (%)

(273 R Rtk MRS URLES F1/434¢
DenseNet121 70.3 87.4 83.3 63.4 66.7
Inception-v3 81.3 83.5 83.0 60.5 69.3
AlexNet 82.8 81.1 81.5 57.6 67.9
VGG19 79.7 83.5 82.6 60.0 68.5
ResNet101 79.7 85.0 83.7 62.2 69.9

R4 HMIEER (%)

Table 4 Ablation experiment results (%)

CRES U 4R R RIEE F1 %K
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B ) ResNet fe A 25046 TR G iz i i Wik fE

R G AT B SR R i 6 L R A i TR ) B A
Hik, 85 25 H ResNet101 CBAM HIHR A 7 75 )
wOE W IR B O B . M L ResNetlOl,
ResNet101_CBAM1 X %4 HR 16 fifr 8 ) 10 531) 450 bt 344
o 5, i 2 B T o A ARG AR A TR A A R
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Figure 5 Confusion matrixes of ResNet101_CBAM and the other models on the test set
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Figure 6 Accuracy of ResNet101_CBAM and the other models for distinguishing benign and malignant eyelid tumors
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