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BT DSE-Net () FURIREXIRMmBHRX B EER 2R F X
WERE' HOE' KER, RTE

(1. b BT R 2 AL 2 5 TR = B, L 2000935 2. 1 9 538 K % B2 2 e MY Js 45 JU N R B B IR A, B ifg
200011)

@ E: 6K E 3T 5 (Clinical activity score, CAS) & I& /K 7 F Kk B 48 % I % (Thyroid associated
ophthalmopathy, TAO) ¥ €& F kX —., § T TAOEKM ZHRFEERERG P 0, AL
Wi TAOR S S EAHINZHYvh ., HAEKKRTAO B H BRI XERBAFML U TAO ¥ T2
Z—, AR, ALRHET AL FDSENet#) TAO BB X% A 35 214923 H H %, DSE-Net £ A
U-NetEH £ F AR &t 69 % &£ B H & -5 (Dense squeeze-and-excitation, DSE)i# i & & 7 48 3 &
JE B G B L My 0 IR AT AR I kA MR AL S M0 B R AT AR Bt — KSR LA e AR AR AR ) o B UL
R Bo Ao B B B3 4E L g X AE B T DSE-Net 89 A 2k M, £ 7 Dice 2 3t 5 A £ 2] 7 84.8%.84.7% #=
92.7% ,IoU % ﬂﬁ@TMO/ﬁH/#&S%omﬁ@&kgﬁﬁm%thTmmwa%%@
REGBEAN ALK Y EHMHERFERREIBFHL,ATAOG TN M ARE BT RET £
S

KGR FTHRMAT X R ;;DSE-Net; B2 E H ; B1E 55 ;8% SR

hE4S%EE. R771.3;R581; TP391.4 MR : A

Lightweight Segmentation Algorithm for TAO Diseased Areas Based on DSE-Net

CHEN Jiayu', HE Hong', ZHU Haipeng', SONG Xuefei’

(1. School of Health Science and Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China;
2. Department of Ophthalmology, Ninth People’s Hospital, Shanghai Jiao Tong University School of Medicine, Shanghai 200011,
China)

Abstract: The clinical activity score (CAS) is one of the important assessment methods for clinical
diagnosis of thyroid associated ophthalmopathy (TAO) disease. Manual diagnosis of TAO is susceptible to
the subjective experience of ophthalmologists due to the diversity of TAO symptoms and the influence of
non-diseased areas. The accurate acquisition of key facial areas of TAO patients is one of the significant
prerequisites for early diagnosis of TAO. Therefore, this paper proposes a lightweight algorithm for
automatic segmentation of TAO diseased areas based on DSE-Net. The DSE-Net adopts U-Net as the
backbone model, and the dense squeeze-and-excitation (DSE) channel attention module, which is
designed to extract low-level features of the encoding structure layer by layer and fuse high-level features of
the decoding structure layer, further enhances the feature extraction capability of the model. Tests on the

sclera, eyelid, and lacrimal caruncle datasets demonstrate the effectiveness of DSE-Net, with Dice

EE£WE B RZEHHE T H (G2021013008); - i 17 Bl 2 4% AR 22 51 23 35 H (18070503000); | ¥ # T K44 & T. 28 L H f W A
(1020308405, 1022308502).,
I 5 B #: 2022-09-28; & 1T H #1 : 2023-02-27
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coefficients reaching 84.8%, 84.7%, and 92.7%, and IoUs reaching 74.0%, 74.7%, and 86.5%,
respectively. The superiority of DSE-Net is also proved by a large number of comparative experiments.
The proposed model has fewer parameters, simple structure and strong feature extraction ability, providing
significant information for the early diagnosis and prognosis treatment of TAO.

Key words: thyroid associated ophthalmopathy(TAQO); DSE-Net; channel attention; image segmentation;
lightweight model
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FROBR i AH G IR 955 ( Thyroid associated ophthalmopathy, TAO) J&—Fft 2 K MR AE Py FIAE J& 2 20 ) ™ 5
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vi 25U SegNet 11 2 3 W0 4, fill & 5% 22 Bk IR 3% 422 14 4w A9 05 8., F U JIE R A JEE 3k 47431 5 Chaud -
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Dice Coefficient =
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2| XNY |+ smooth
| X |+1Y |+ smooth
2 smooth /N H BB X 10°°, B 143 RE R O,
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Dice Loss=1—
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AR SCSL I B B 1 F 5 4 CPU: Intel(R) Core(TM) i7-
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Fig.4 Examples of dataset samples
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ﬁ&ﬁ7ﬁﬁ§%gﬁ7£,EE?F?%%&E’JEBBE,?HE [355 DSE’NGT%HE%QEU’TE;;*E%LI&@}(Hﬂéﬁ
SrEMES W T TRIRBE 2= 2 ik . & T IRAE 34 Fig5 Loss convergence curve of DSE-Net for scler-
AR o1 4 BB ST ( R A A0 3 R . LR al segmentation task
SN B (0 4 25 5 % 0 L T 2 B CRE AT 0 4 R 1%

Yoy v 4 B S VR I 2 S IR Bk . 18 344 BIAE % DSE-Net B8 ToU i Dice 5 2% itk .
L 4 BT 55, AR U 2 ToUfH IR 8 1 74.0%, Dice R %A 84.8% , 3 Deeplab v3+ 7 B4 & T

®3 BHEIFAER

Table 3 Segmentation results of each model %
B 4 Tk IoU Dice Precision Recall Accuracy
[35 181 53 1) 34.2 49.7 62.4 43.2 98.6
K-means 2 36.8 52.7 77.0 41.8 98.1
KP4 25.1 38.9 73.7 28.1 98.0
Grab Cut 44.2 60.0 59.7 67.0 98.4
U-Net 71.7 83.0 95.0 74.5 99.2
L SE-UNet 73.4 84.3 93.9 77.2 99.3
SegNet 71.8 83.1 92.7 76.4 99.2
Deeplab v3 71.3 82.9 91.1 76.8 99.2
Deeplab v3-+ 73.7 84.5 93.1 77.9 99.3
TransUNet 72.7 83.9 92.4 774 99.3
TransFuse 61.3 74.4 94.8 63.5 99.0
DSE-Net 74.0 84.8 93.6 78.0 99.3
54 1 43 %1 50.3 66.6 61.8 75.6 91.9
K-means %2 50.2 66.6 61.4 76.1 92.9
K4E 40.8 57.0 62.7 60.0 92.0
Grab Cut 46.7 63.3 59.1 71.8 92.9
U-Net 74.6 84.7 92.2 80.1 96.9
IR SE-UNet 73.7 83.9 90.8 80.2 96.7
SegNet 73.7 84.0 90.0 80.8 96.7
Deepl.ab v3 74.0 84.5 90.4 81.2 96.8
Deeplab v3+ 73.3 83.7 88.7 81.1 96.6
TransUNet 73.5 84.1 88.2 82.3 96.7
TransFuse 74.5 84.5 89.8 81.5 96.7
DSE-Net 74.7 84.7 89.4 82.4 96.8
U-Net 86.3 92.5 92.8 92.7 99.8
SE-UNet 85.0 91.7 91.2 92.8 99.8
SegNet 83.6 90.8 90.7 91.7 99.8
HE Deepl.ab v3 83.7 91.0 90.0 92.5 99.8
Deepl.ab v3-+ 83.8 90.9 91.7 91.2 99.8
TransUNet 84.0 91.1 89.6 93.3 99.8
TransFuse 80.0 87.1 90.6 86.6 99.8

DSE-Net 86.5 92.7 92.1 93.6 99.8
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Fig.6 Mean of algorithmic metrics
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Fig.7 Visualization of segmentation results
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Table 4 Running time of each segmentation algorithm
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Fig.8 Number of parameters for each model
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Table 5 Segmentation performance of ablation experiment %
SE DSE-1 DSE-2 ToU Dice Precision Recall Accuracy
76.8 86.2 93.0 81.9 98.6
78.0 87.0 92.9 83.2 98.6
78.1 87.2 91.9 84.1 98.6
78.6 87.6 92.1 84.5 98.6
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