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Segmentation of Abdominal CT images with Asymmetric
Focal Weighted Dice loss
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Abstract; The U-Net, serving as the backbone network, is widely applied in the field of medical image segmentation for few—shot
learning. However, lack of adequate data cause data imbalance problem. To address the problem, we propose Asymmetric Focused
Weighted Dice Loss function. To solve the problem, we propose a method using Asymmetric Focus Weighted Dice loss for
abdominal CT image segmentation. We mitigate the data imbalance by introducing the asymmetric structure idea and homoscedastic
uncertainty strategy in Dice loss, which is used to reweight the loss term. our method improves the average Dice scores by 2.01%
and 2.75% over the baseline method with joint Dice and cross—entropy loss functions on Synapse and AbdomenCT-1K abdominal
multiorgan datasets, respectively. Experimental results on applications to state —of —the —art segmentation models and 3D datasets
show that models using our method not only have higher segmentation performance, but also have smoother and less noisy
visualization results.
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Fig. 5 Visualization results on the Synapse dataset
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Table 2 Segmentation results on the AbdomentCT—-1K dataset

o R DSC/ % HD/mm liver kidney pancreas spleen
Lpgea & Ly 84.84 28.63 94.27 88.28 65.49 91.30
Leg & Ly 84.86 35.19 94.02 89.51 65.96 89.92
Leg & L, 83.18 32.86 94.10 88.81 61.46 88.34
Ours 85.93 24.88 95.14 91.34 65.34 91.90
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Fig. 6 Visualization results on the AbdomenCT-1K dataset

3.5 HELEIR

R T B UE IR 2 BV RE AT v RN Al e
T ARSGHAT T IH RS2, I X6 52 86 25 R FE 17 534 .
TH il S 35 A4« [R) 2 AN P SR XoT 2 B P S i)
AKIFRAY Dice 5 2K pRELZE F X 1 RE RS2
3.5.1 )7 ZEANHA S 4 SR s R g 1) 5 i

AR SCHE A B AR AT Al e g, L5 R LR
3. MEBUE [ RSB S E AL SRS, B Dice
Pt R I A AR i AR ] B S DSC MERE T B
0.7% /47, 2B 7 2 A 2 A RE D A s
[F) 532 A R v R X o 2I ) 2 A 0] A5 e A0,
S TR T 25 AN PR SR m  5 1 AR A S8
T CT HA, 3 RE AT 535 SRS 7

F3 EIERRE R B AE AR

Table 3 Influence of homoscedastic uncertainty strategy on
performance
[ 77 2% ANHff Synapse AbdomenCT-1K
FEPESR DSC/%  HD/mm DSC(%) HD(mm)
AN 78.72 32.91 85.28 24.84
i1 79.47 28.41 85.93 24.88

3.5.2 XK Dice $5 2 45 H4 X5 P4 RE Y 520

AR HXTFR Symmetric ) ] Dice 12K pREL &5
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Table 4 Influence of symmetric structure on performance

Synapse AbdomenCT-1K
L)
DSC/%  HD/mm DSC/%  HD/mm
XFFR 78.07 33.15 85.48 27.74
KR 79.47 28.41 85.93 24.88
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Table 5 Performance on different models

Synapse AbdomenCT-1K
Jik

DSC/% HD/mm DSC(%) HD(mm)

UNet++ 77.84 30.76 84.05 38.83

TransUNet 77.79 27.78 84.12 24.52

VATransUNet 79.11 31.54 87.51 21.48

UNet++ &Ours 79.14 26.59 86.10 29.16

TransUNet &Ours  80.24 21.81 85.50 17.16

VATransUNet &Ours ~ 82.76 18.66 88.39 14.45
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Table 6 Segmentation results on the AbdomentCT-1K 3D dataset

ik DSC/%  liver kidney pancrea  spleen
UNETR 76.41  92.00 83.73  42.88  87.03
UNETR++ 87.70  94.60 93.82  69.00 93.36

UNETR&Ours 78.30  93.70  88.21 46.07  85.21
UNETR++&Ours  88.01  96.08 9487 69.17 91.90
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Fig. 7 3D visualization results on the AbdomenCT-1K dataset
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