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[Abstract]

Corneal ulcers are caused by damage to the cornea through infection or shock by bacteria, viruses, or
fungi. Bacterial corneal ulcers are an urgent disorder that causes symptoms such as pain, foreign body
sensation, redness, and light sensitivity, and can even lead to blindness in severe cases. Therefore, a quick
diagnosis of early corneal ulcers is necessary, and for this, professional tests such as slit lamp examination
and culture test must be performed. In addition, continuous examination by medical staff is required, and
patients may find it difficult to receive prompt diagnosis and treatment in the early stages. In this study,
after performing pre-processing and post-processing using various image processing techniques, we designed
and experimented with a Double Decoded U-Net (DBDU-Net) model that improved the structure of the U-Net
model for corneal ulcer area segmentation. The DBDU-Net model is a structure in which one more expanding
path is connected to the existing U-Net model, and the contracting path and the feature map extracted from
the first expanding path are successively connected to the second expanding path. After learning the location
information and object shape of the corneal ulcer area using DBDU-Net, the Dice similarity as an evaluation

index showed an average accuracy of 93.32% and a maximum accuracy of 98.66%.
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I. Introduction
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Fig. 2. (a) Original Eye Image, (b) Grayscale Eye Image
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Table 4. Accuracy of DBDU-Net. (unit:%)
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Experiments Coefficient Coefficient
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VI. Comparison and Discussion

¥ Q17014 10K DBDU-Net 202 3 22} 1)
2 APAT BAL 93 € /1S 45 vl B}
2 MASICE B AFoIA ALEE ColEe T B
o Ag3he wel Zuet vl sl AT A B
A7E ASH & CFE APAISY AF Aot £ A
WEg APstch E 55 ® ATold Atehe

DBDU-Net?} U-Net 22 9 Transformer 7|2 AR

5= Semantic Segmentation R EE110] A& vlu 2

T2 e,
Table 5. Comparison with various Semantic
Segmentation Model’s Performances. (unit:%)
Dice Jaccard
i Coefficient Coefficient
Original U-Net[21] 81.87 75.94
SegFormer[22] 76.16 69.83
TransU-Net[23] 83.73 77.90
DBDU-Net 98.66 89.49

712 U-Net [21] 229] Dice?} Jaccard Ala= 72t
81.87%2F 75.94%= ¥ AILojA A|Qtst= DBDU-Net
QuElal oF 14% ~ 16% A %9 At Aste xjo]= Bl
r}. o]33t A= &= WA Expanding PathS T35}
Contracting Path®} A HA Expanding PatholA &
S 54 B2 st W M8 DBDU-Net 2
o] 7]& U-Net Reiuct 7iaf goro] x| A8 3 &
mjoro]] Hrf Rejsiths A& 4 4 U0} SegFormer
[22]9] 3% Tl o] £7t 7 A2 SegFormer-B0
LS ARG 7% 76.16%2] Dice A4S =&51%
O] DBDU-Net @@ 2 ¥ E|0] Aot vl w5l oF 22.5%
o] BEE Alol WAL ok 7|7} Y AL REe
ARgstol ZRet 2R FEE shashA] ZSke 7Hs/dol
FRJFIC). DBDU-Nete MAl2] 9 SAj2) Al £714]
9] Expanding PathS o]&sto] o d9 EXS ¢ =

Of

A5t F&st 7102 Atg=Et). TransU-Net [23]&
U-Net Hr} =2 83.73%°] Dice A4AS HYP1

DBDU-Net} B]w38S mf oF 14.93%9] /5 T R|o]
S B0t Transformer A8 2H-2 gJoJg Q] ofo] A
2 79 80| 586 0| 2oiAIx| gk §7H Qo] Ho]
Eflo] Moz Ao A9 o D 2AARtE A
4Q%)= DBDU-Net RS E3t 8a A} 0912 A
Bk g Hlsigiet. ololx 2%t AY Yoig BT
= tot

Pl & o2 ATAFS0] Al ato]

L rlr
i

il r{n:

od
=2

3 ATolA AL B1 AE}
Atolsto] gabAlQl vl W2 95} Sensitivity?} Specificity
2 272 459 & 60] 1 ATES A gk

Table 6. Comparison with other Results. (unit:%)
Dice . e Jaccard
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U-Net with
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[18]
DBDU-Net 98.66 90.73 98.28 89.49
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VII. Conclusion
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