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[Abstract]

Traditional methods of measuring corneal ulcers were difficult to present objective basis for diagnosis because

of the subjective judgment of the medical staff through photographs taken with special equipment. In this paper,

we propose a method to detect the ulcer area on a pixel basis in corneal ulcer images using a semantic segmentation

model. In order to solve this problem, we performed the experiment to detect the ulcer area based on the DeepLab

model which has the highest performance in semantic segmentation model. For the experiment, the training and

test data were selected and the backbone network of DeepLab model which set as Xception and ResNet, respectively

were evaluated and compared the performances. We used Dice similarity coefficient and IoU value as an indicator

to evaluate the performances. Experimental results show that when ‘crop & resized’ images are added to the dataset,

it segment the ulcer area with an average accuracy about 93% of Dice similarity coefficient on the DeepLab model

with ResNet101 as the backbone network. This study shows that the semantic segmentation model used for object

detection also has an ability to make significant results when classifying objects with irregular shapes such as corneal

ulcers. Ultimately, we will perform the extension of datasets and experiment with adaptive learning methods through

future studies so that they can be implemented in real medical diagnosis environment.

» Key words: Semantic Segmentation, Corneal Ulcer, Deeplab, Xception, ResNet,

Dice Similarity Coefficient (DSC), IoU
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Table 1. Explanation of Experiment

No. Data Encoder Decoder

1 Original image Xception 65 U-Net

2 Original image Xception 71 U-Net

3 Original image ResNet 50 Bilinear
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5) Crop & Resized Xception 65 U-Net

6 Crop & Resized ResNet 101 Bilinear
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Table 3. Results of Accuracy using IoU value for

7
PLR= (1 Ty )p (7)  Corneal Ulcer Detection (1=100%)
(max—1i)
File No. Xce:;"’” Xce;’:"’” ResNet50 Refo':et
2= Al (7)0]] Poly Learning Rate (PLR) AlAtsio] L&} [[0_00006 || 0.6957 0.5746 0.8637 0.8545
ol 714 i iteration 3122 o]u]s C g | 000007 | 08523 0.8623 0.9356 0.9526
j At _o:] 1A s fnlst pe 000008 | 09762 0.6695 0.8526 0.8526
S A8otAth. Xceptiond} ResNet 7F UYEYI= | 000009 | 08623 0.9236 0.8652 0.9452
ImageNet O & }\}7;1 o]-i 5—_4 Eg]g 7]‘?}'& Tralmngg 0_00012 0.8671 0.8623 0.8028 0.8526
. A 000013 | 0.6585 0.7481 0.8441 0.9565
R8st & 29F 32 ZF AlFS Fol 5489 tolA 8 [0.00022 | 06383 0.6155 0.7802 0.8277
A 29} ToU ZFS UERA Zolch, 0_00025 0.7364 0.8052 0.7792 0.8121
o e » 000030 | 0.9562 0.9432 0.8455 0.8892
000034 | 0.8265 0.7989 0.8932 0.9136
Table 2. Results of Accuracy using Dice Similarity 000052 || 0.9523 0.8615 0.8729 0.8101
Coefficients for Corneal Ulcer Detection (1=100%) 1_00003 0.8562 0.9564 0.9256 0.9462
1.00007 || 0.8456 0.8795 0.6081 0.8623
. Xception Xception ResNet 100013 0.8523 0.9868 0.9856 0.9152
File No. ResNet50 =
e 1o 65 71 esive 101 1.00016 | 08623 0.8982 0.8652 0.8625
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000008 | 0.7373 0.9762 0.8102 0.7674 1.00022 | 09523 0.9768 0.9736 0.8625
000009 | 09156 0.9351 0.5045 0.8651 1.00026 | 0.8463 0.8689 0.8256 0.8152
000012 | 09288 0.7152 0.8906 0.8544 1.00031 | 08751 0.9126 0.9523 0.9456
000013 | 0.7941 0.8559 0.7835 0.8578 1.00032 | 0.9562 0.8659 0.9765 0.9425
000022 | 0.7793 0.7721 0.8765 0.9057 1.00034 | 0.8623 0.9752 0.8625 0.9462
000025 | 0.8482 0.8921 0.8759 0.8963 Average || 0.8448 0.8356 0.8633 0.8923
000030 | 0.7402 0.8621 0.9163 0.9413
000034 | 0.8039 0.8882 0.9436 0.9548 _
000052 | 08156 | 08561 | 08719 | 08951 E2F ResNet50 BCH= ResNet101 YEHIZ}F HtO
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1.00026 | 0.8419 0.7671 0.7428 0.9762
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100034 | 0.8452 0.8152 0.8654 0.8453
Average 0.8311 0.8212 0.8515 0.8870
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(a) Source
(c) Results from ResNet50,
(e) Results from Xception65,
(f) Results from Xception71

Fig. 10. Results of Corneal Ulcer Detection:
Image, (b) Ground Truth,
(d) Results from ResNet101,
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E ZAE Aehs] "lwsh’] §gF Ground Truth 40|
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Cropped and Resized Images:
(b) Ground Truth,

Results of Corneal Ulcer Detection using
(a) Source Image,
(c) Results from Xception65,
(d) Results from ResNet101
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Table 4. Results of Accuracy using Dice Similarity
Coefficient for Corneal Ulcer Detection from using
Cropped and Resized Images (1=100%)

File No. Xception65 ResNet101
0_00006 0.9059 0.9314
0_00007 0.9258 0.8915
0_00008 0.8256 0.9509
0_00009 0.8979 0.9425
0_00012 0.8591 0.9192
0_00013 0.8956 0.8491
0_00022 0.8507 0.9365
0_00025 0.8879 0.9461
0_00030 0.9365 0.9442
0_00034 0.8451 0.9391
0_00052 0.9396 0.9149
1_00003 0.9523 0.9258
1_00007 0.8256 0.9256
1_00013 0.8219 0.9625
1_00016 0.9526 0.9856
1_00019 0.8925 0.8954
1_00020 0.8925 0.8902
1_00022 0.8562 0.9156
1_00026 0.9236 0.9526
1_00031 0.8652 0.9485
1_00032 0.9258 0.9357
1.00034 0.9156 0.9812
Average 0.8906 0.9310

Table 5. Results of Accuracy using IoU Value for
Corneal Ulcer Detection from using Cropped and
Resized Images (1=100%)

File No. Xceptioné5 ResNet101
0_00006 0.8280 0.9256
0_00007 0.9556 0.9236
0_00008 0.9632 0.9064
0_00009 0.8147 0.9156
0_00012 0.8526 0.8504
0_00013 0.9356 0.8925
0_00022 0.7402 0.9256
0_00025 0.8456 0.8975
0_00030 0.7652 0.8943
0_00034 0.8956 0.8852
0_00052 0.9885 0.8431
1_00003 0.9458 0.9563
1_00007 0.8415 0.9145
1_00013 0.8756 0.8523
1_00016 0.9256 0.9258
1_00019 0.8759 0.9158
1_00020 0.9258 0.9852
1_00022 0.8563 0.9365
1_00026 0.9256 0.8826
1_00031 0.8452 0.9256
1_00032 0.9256 0.9258
1_00034 0.9258 0.9456
Average 0.8842 0.9102
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Table 6. Methods and Results Comparison for
Corneal Ulcer Detection and Measurements

Compared Methods & Results DC IoU
Image-Based Epithelial Defects | 0.83~0.86 N/A

Analysis [24] Stromal Infiltrate 0.78~0.83 N/A
Patch-Based Deep CNN [25] 0.86 N/A
Proposed Method 0.9108 0.89
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