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Abstract

Utilizing artificial intelligence algorithms for detecting and analyzing hepatic echinococcosis regions
in medical CT images holds significant importance in improving the efficiency of medical practitioners.
However, segmentation of echinococcosis regions in CT images remains challenging due to factors
such as limited dataset size, blurred local details, and irregular shapes. Therefore, this paper proposes
a novel echinococcosis lesion segmentation network that integrates two feature extraction branches
to achieve a balance between speed and accuracy. Firstly, we design a contextual branch (CB) to
preserve scale-invariant global contextual information using a Transformer-like module. Addition-
ally, a shallow detail branch (DB) based on the Deep Aggregation Pyramid (DAP) module is introduced
to provide detailed information. Extensive experiments are conducted on a private dataset. Experi-
mental results demonstrate that the proposed network outperforms existing methods and achieves a
good balance between accuracy and inference speed.
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Figure 1. Overall network architecture diagram
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Figure 2. Comparison of convolution blocks
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Figure 3. Feature fusion module
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Figure 4. Deep pyramid aggregation module
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Figure 5. Deep supervision module
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Hp, TP RRPIEW RN BRIEE, FN RREHRSINE PR REEE, FP R
R LRI B RN EE. B EZEROH TP AR =W B0 2800 RE, K5 B (Pao) F T PR
NG Z N E IR IPERE. T JoU (intersection over union)fl F1 (Fl-score)E N HE H 45 &8
Br, ATLLEAESE Re H Pa (RAI-35 . DUANFEFRIE 0 A E 0 A0 1 2 00), HeAIrEREaa T 1 i, A
X AR X IR 4 BISOR i IbAh, A T VPN ZE I RE, AT 2 8080 (Pan) M RD I 5 ia BB (G)
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ASCAEFAA BARAE EAE R BATI M ZS A& A MBI 453E47 T LU#%: SegNet[18]. Deeplab v3
[19]. U-Net[5]. U-Net++ [20]F1 TransUNet [21]. b SegNet H [ fFAD 255 FH7E 2w fid 23 1) e R it Ak 25 1%
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Deeplab v3 fiff 1 2% 45 12 ] & P AR R U 2 ROBE BB RURHIE I, i3k 2 RO B R SUE B U-Net
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7E U-Net &AL F{EH transformer 25 M B0t T HRFIERI A AR . X 2850 AN K/INA 512 x 512 G 3E T 5256,
FEANLE L 1 R,

Table 1. Comparison of different networks

® 1. TEIMEEIRTEE

Network Par (M) Gfl (GMac) Fra (ms) IoU (%) F1 (%)
SegNet 294 16.1 23.5 57.5 71.6
Deeplab v3 15.3 15.6 26.2 68.3 83.2
UNet 17.3 16.3 249 78.1 87.9
UNet++ 26.9 15.3 229 80.8 88.5
TransUnet 66.8 130.4 31.9 80.9 89.7
ours 7.3 12.7 17.9 81.9 90.3

MRF LG, AR SCHEH M2 S BL T R 5K S 17.9 ZFD I S ks B IS Sl B . S Es A5
BILE T A RN ERME. R, 5HAS IS, Bt ToU M F1 B T R
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W2 [ Rl ah . BRI, FET U-Net ISR /N0 Z24%, I HL bEH Ath o0 26 B8 o ff i A0 i T L
AFEMTE D050 PEREFIER o AR SCHR HS 10 D09 268068 0, 93 722 [X sk P T &5 SR L U-Net BAT 56 4
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, S -------
=
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Image Ground ours TranUNet  UNet++ U-Net  Deeplabv3 SegNet

Figure 6. Image segmentation results of different networks
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PR A5 7E ToU F FL F8AR 0 5THR -

Table 2. Comparison of segmentation networks with different improvement modules

R 2. TRIHRIRE 5 EI B LR

Network ToU (%) F1 (%)
RepVGG-32 66.8 80.1
RepVGG-8 78.8 88.3
Context Branch 79.1 89.1
Without Deep Supervision 81.3 89.8
ours 81.9 90.3
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RepVGG LAKHR H B PIAN 7 S REFEICE & 407015 B0 = 70 PR e (e, 6 1 A U 1k o) B T
e A
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FOM R R BB ANE R R, FMESR N THE R, RN ARG RO 12
T, e T NI W R I ERTERE . BT, A S (22188 S L B2 W (computer
aided diagnosis, CAD) 1) 772 K4 B R T S 28 A0 B (S 2 W, DA TR 23 i X 2297 B YR AN /2 11 i)
o A TR 2 ST 28 PR e, UG AL HE A 1) AR AT 25t 1 b Pl Jig [ 23 1Bt 5 VR BB 2 ST 1Y)
PO K e, FET B N4 (CNNs) S5 H bl BE IS 7 R Z SR, XA & 1Rl il af v,
IR 7RI L, 549 ST B A AT RE

AR A, H AR X 4 R 1 SRR . SRR3R A /N R SR B 407 AN TR S5 A
SRt 1 i BN SCRAESR BT SR VEARARFAE SR 03 SO R BT AR FE N 2% o FEPITR T, T
RepVGG B B2 M 2 F THRIUEA 2 REEBCZE 4 R 1 SRR . FAERL SRR T @ 2o il
GHRHERE . RN, 8 R B R A & T IR A B TR R SR I 2y SORSZ B R AR AE B . FriR i
WEEAERAA B AR EHEAT T30IE. SERR SRR, P i M 4giA B T i aEm e . EARRIIBE L,
ATV AEF I 1) = 27 B 53 FIE 25 T AR IE i 4 tH 1R 77 7

Fl a5 A A
AR R R R
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blsE IR WICHRS, WS S ERSE], L. B RIS 5ERICE, B, T

HRIR RS
ELWMEB
DY 1148 FBHEHHRITH H (2023 YFG0281) VU 1145 F A & 15 H (2021 YFG0316).
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