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Fig. 1 Network model structure
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R4 K e 42 DSB2018M 5 43 BB REREATI0AR . Lo JHF R B804 40 % 400 JK STl 512 X512 1 —4eREAR
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Tab.1 Experimental dataset

Hd JE I A B gy 2 o J5 A WA R YT AR 2 50 RN €
JF ik 400 e K85 1% 1600 180 720 20
2fi i 670 e KA 2 680 360 1440 40

R JEC il A 20/20 e IR TPHAR 80/20 2 000 8 000 20

2.2 WM IEHR

AT Dice 1Ll & % (Dice similarly coefficient, DSC) . # & J& (Intersection over union, 10U) | #E#
K (Accuracy, ACC) &1 (Sensitivity, SE) . Fl-score, 553V (Specificity, SP) A M it B 32 & TR il £
(Receiver operating characteristic curve, ROC) B TH 1 (Area under curve, AUC)AE K43 #1 25 5 1) & WAIEA $5
Bre xpsesziov HRHARX N
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Tab. 2 Evaluation index

ACC SE F1 SP
X Tp 42y X p 22 1p L TN
Zrp T2 txen T2y Zrp T ey 2xp T e ey Zpp + X1y

Hoi.y My 20 FR B IMAE FAr% . EIHH: (True positive, xp) 378 1E A 2> 21T 51918 2580, R B
(False negative, x ) 278510 70 J 0T 5 W18 2 A0 B FH 4 (False positive, app) RRF IR BT R G EN
B, BLPIE (True negative, x ) 378 I8 70 2875 5B R DEL
2.3 FWHRERSHIEE

R AU 276 B £ 7 NVIDIA RTX3060Ti GPU F1 AMD 5600X 4k B 28 59~ A8 ML #E47 . i ] Pytorch
HEZE S, A (batchsize) B & N 4, A A BOASEH Adam LAk &5 R I 280, 3Fff ] Cosine warmup 2%
> B B ) LR 2E ) RRE S 0. 001, 2R B AR B R 100 %84 R4 AR B R E. T WEHR 0.5,
k BEE R 10,6 b2 B 4 5 bR B 5 AR 1Y L i &R 2 ¢ 8,
2.4 KIMERRN
2.4.1 M RESE FENFREECHE R b, i T4 H HAREOR ¥ A BE S 1, i (2) b 9 BCE 4 B 43 2% TUAY
R0, ASCE R EIR 53 BE R 45/ R 256 X 256 K/ A 200 5K bR 28 048 A1 720 5K JC kR 28 808, Horb 10 76 1
A RS BEAE IR A B R T2, IF 80T 7 58 B R R VRS AR SO sk Ay E I RE . R 3 BR T ARRE
AR IR ECE 4 ) DSC.IOU . F1 1 SE,

®3 FHEBEELREEEIL

Tab. 3 Comparison of different algorithms on liver dataset

AN R bR
RV
DSC 10U F1 SE

U-Net 0.967 6 0.937 9 0.961 9 0.979 7
ATU-Net 0.973 8 0.949 6 0.966 6 0.988 1
U-Net++ 0.974 5 0.950 9 0. 968 2 0.984 5
CE-Net 0.975 5 0.952 5 0.969 1 0.985 9
ResCEAttUnet 0.975 9 0.953 2 0.968 8 0.986 4
Mean Teacher 0.975 8 0.954 8 0. 968 6 0. 986 6
MASSL 0.975 7 0.953 2 0.968 1 0.986 1
AR 0.976 1 0.953 6 0.968 5 0.989 8

VE S PR R R R R R R R

AL EE R DSC 2 0. 975 8,10U H 0. 952 9,5 U-Net AHH A ST+ T 0. 82% Fl 1. 5% A Ll AR T
— BN . ATU-Net™ 78 U-Net B9 &E— 4~ FRBEZEB A — A~ 5 S B He , fig 42 B3 0 22 9 2 i) £ 2
U-Net+ -+ BT T BRIR B AR 7R 9% 42 BB IE 122, 8 07 22 10 3 SO 80T 21 N 45 I TR 2 v L 4R 585 1 40 114
. Mean Teacher™ SR FH 2 Wi B 2 1 19 7 2, 38 b f /N — BOI0 T A A W65 v 2 S5 0100 ) 486 140 <0 00 1 7 17 5 8
(o HI R RE . rl T A 430 H bR B R RRAE A7 A 8 LS B L CA B8 55 04k eR B30 1 A /1N, il 5 Ho At
S HAR SO IR AR D

3 Xt e T AN [) O 32 o JEE T PR 0 - 25 R . A FE PR AT 0, AR S 6 7 45 KA 4 1 X ek b A R B
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MBBEEAR 22 AT . NS 3 AT IR m] LU 1, A SCT5 1 o 1 22 LG PG A 500 T 5 NS 4 AT i I8 R v el A
AR SO X S (R BORR B R A U T 20 R X

f Attention g Mean Teacher h ARIHEE
U-Net

B3 FESESSER
Fig.3 Visual segmentation of liver dataset
2.4.2 mpa B EANEEE LD BT E XN B A R R 0.6, LI (2) S A BCE #4 A% A9 45 2% A A
4 0. 4, Dice ¥ B HBURTIAUE R 0. 6, & 4 JAS A 1L 7E 40 f 5 42 19 DSCLIOU . F1 #1 SE.
®4 MEHIEE FREEELE

Tab.4 Comparison of different algorithms on cell dataset

B PEA 48 A5

DSC 10U F1 SE
U-Net™ 0.867 2 0.772 8 0. 880 2 0.844 2
ATU-Net™” 0.871 4 0.779 0 0.876 9 0.849 8
U-Net+ +" 0.8915 0.807 3 0.902 6 0.888 7
CE-Net"" 0. 880 8 0.790 4 0.892 8 0.891 4

X-Net?" — 0.825 0 0.903 6 —
Mean Teacher™ 0.888 2 0.807 2 0.889 9 0.877 9
MASSLH 0.877 4 0.805 1 0.8810 0. 866 4
A S 0.900 0 0.829 7 0.899 2 0.892 4

ASCT7 A DSCL.IOU L F1 fil SE FHUR T 847 i PEBE . X-Net (i FH B G fiff 05 45 1) 90 26 25 449 . 3 2o 45 B R0
Transformer [ Ff g fith 25 [ I $12 O 38F1 42 JR A AE 45 20 7 S0 4F 19 2 B . 40 i 55080 48 19 75 S A A T IF
WETE I 4% AR SO R R CA BEH Sy 0 2% 3 {1k B8 22 (%) 25 o) o B {5 2., I LB Ak oR BB G T R b 12 0 A )
i, 3 FIPERE Hb MASSL 47 FR 3. TOU @& 2. 46 % . rBIE5 R & 4 frs , AT EC AT DU L A SOy ]
LA A5, 43 81 HE A (] R /I 0 240 L L MR 75 A/ (300 5 %0 T I
2. 4.3 BRJR A o F] MR LA B 45 b, i T HR RS LA A XS A /N A E R 0. 2, el (2) X ) BCE
A 1 Y 403 R T AUE A 0. 8, Dice # B AY R TTAUE H 0. 2, 5 A [A) B3 A HR RS 1M &5 B9 4 59 F1.SE.SP,
ACC H1 AUC,
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Fig. 4 Visual segmentation of cell
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Tab.5 Comparison of different algorithms on retinal vessels dataset

RAEEL D
Bk
F1 SE SpP ACC AUC
U-Net 0. 820 6 0.828 8 0.972 1 0.953 9 0.973 5
ATU-Net 0.820 9 0.830 9 0.971 8 0.953 9 0.974 8
U-Net++ 0.823 0 0.831 0 0.972 5 0.954 5 0.972 5
CcNet — 0.762 5 0. 980 9 0.952 8 0. 967 8
HA-Net 0.829 3 0.799 1 0.981 3 0.958 1 0.982 3
RE-GAN 0.834 5 0.829 4 0.981 2 0. 956 3 0.983 0
PPMU-Net — 0.781 4 0.9810 0.955 6 0.978 0
ARk 0.824 0 0.833 0 0.973 9 0.956 9 0.979 5

M5 7T LA AR SO 7E SE I ACC RIS T 845 i MR AR (0 R 78 oAb 48 A5 b R B — M. B A2 i
A3 B IX AN CA BN GEAR I b 12 BUE 43 1 X 38k 4 07 B 15 8., HL 37 6 HR B 25 IR 3R A9 2 1% L MRS Ift A % b
b B 2 R 5 2, il I 2% P BRI , 5 000 I PR RE AR

Bl 5 7R T AN [R5 7 ROV il A5 B0 4 1 70 0 245 3R AR SO 78 DRIVE B4 45 b R AR F U-Net,
ATU-Net F1 U-Net+ +, tH Bl W% (9 15 50 58 20 BEHR IO 241715 . B AR Uk, A SC )7 ¥ 78 DRIVE 48 4E
IE Sk g S
2.4.4 T RR I X AR SO A A B A ROME AT PR A R AR A 0 Ak PR (Sharpen) AR AR VE B T (CA) B 1Y)
AT EAE N FE R (Baseline) P 4, FRAE 33X 0B SR R il A v JFAE 3 AN B0His 48 Bl AT st e, 45 R sk 6. 5%
7 RTARN . STHGSE SR L AR TR A KR A AT T CA FIBEAL R B R 48 7 AN TR FE AR XA W AR T
BiAL PR SR 1A AC B A AN AR R T A A Y AR X BN AR A —E AR . CA B T
RAEASTR T 1) (47 A5 B Lk I 28 T o S 2 JB% 2 1) DX I, 8 e Ml A Y0 At 0 B ISR N B AR . A SO RS
Baseline A b . 76 JIFAE £ 4 | DSC 5 10U 40 51428 T 0. 98 % Al 1. 76 % . ZE 40 M $ ¥5 55 |, DSC 5 10U 43 5l 42
T 2.06% A 1. 98%  IEMR S M A SR E | SE 5 ACC 4y M 7 1. 12% F 0. 16% , LAt ss REW, &
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ASHEH T 45 0 K 380 0 M R — 2 Y R

a JRIK b EERE ¢ U-Net d Attention e U-Net++ { AxHsE
U-Net

5 REME S E TR

Fig.5 Visual segmentation of retinal blood vessels
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Tab. 6 Results of ablation experiment on liver dataset and cell dataset

TEA 46 A
JFF

DSC 10U F1 SE
Baseline 0. 965 1 0.934 9 0.958 7 0.987 8
Baseline+CA 0.975 6 0.948 8 0. 966 3 0. 988 2
Baseline+ sharpen 0.970 9 0.944 2 0.964 9 0. 980 4
AR SCR 0.976 1 0.953 6 0.968 6 0.989 8

i ff DSC 10U F1 SE
Baseline 0.879 4 0.809 9 0.878 9 0. 868 0
Baseline+CA 0.891 6 0.815 9 0. 894 2 0.874 3
Baseline+ sharpen 0.896 7 0. 826 6 0.895 9 0.887 1
AR SCE 0. 900 0 0.829 7 0. 899 2 0.892 4

N T RFEARSCOT IR W B HE AR A A R0 XA [R] o b A s 25 s R AT T 0 HIPEBE LU A A U-Net /28
AW 2 AR 8, i SN SS 435K U-net FIAS SCHY 2 WB 5 i, L Ros A bR 88008 e 6, U RoR 6
PRAEEE LB . NFR 8 AT LA Hi L FE A A 28 Kt SR MOJCAR 8 B SR LL 0 12 9 MO0 T . 2 i O sk P R I
TAH MBIk . ASCOTETEAUA A bR 2 B i A Je bR 2 B0 mT LARD 42 v 2 BIPERE . Bl bR 2 KU B
WS, 2 R 2 2T 1 23 R SCR B T BOR AN W ., H G HR 28 50Hs A AT BE 2 B AR RS S B RIASCOR AR 2%
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Tab. 7 Results of ablation experiment on retinal vessels dataset

VA A

HR i it 4
F1 SE Sp ACC AUC
Baseline 0.817 8 0.821 8 0.981 2 0.955 3 0.974 6
Baseline+ CA 0.818 2 0.8253 0.979 9 0.9555 0.976 5
Baseline+ sharpen 0.821 9 0.827 8 0.979 8 0.955 9 0.975 5
AR 0.824 0 0.833 0 0.973 9 0.956 9 0.979 5

xR 8 AEIHREHIELLHIRT L
Tab. 8 Comparison of different label data proportions
BRNEERA
S/SS L/ % u/%
DSC 10U F1 SE

S 10 — 0.941 3 0.902 4 0.940 4 0.978 0
SS 10 90 0.961 6 0.928 4 0.9557 0.980 9
S 20 — 0. 967 6 0.937 9 0.961 9 0.979 7
SS 20 80 0.978 1 0.957 4 0.970 6 0.990 0
S 40 0.974 9 0.952 5 0.972 0 0.982 7
SS 40 60 0.978 9 0.959 0 0.971 2 0.991 6
S 50 0.983 6 0.967 7 0.976 5 0.995 8
SS 50 50 0.983 4 0.967 4 0.975 3 0.994 4

N T IRTE ke ALK 3 B AE 7 A B 520 L P T I 5040 4 PO IR IR T AR UM fiE L 45 2R IR 90 AR 9 1Y
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Hadamard A5 275 5t G522, DT 82 00 o 0 465 (9 PR BE e B0 WIAE R 22 0 2 & B 10 sl BRI,
DR A I 2 R L D50 A 68 T AR 28 5000 19 24 2 22 A S0 A 4 25 B50His A A0 2 BOTCAR 8 B s AR i/ . 23
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R AR FBRETHIRER

Tab.9 Experimental results for different values of %

IR AEEE
' DSC 10U F1 SE
0 0.977 0 0.955 3 0.970 1 0.990 4
5 0.978 1 0.957 4 0.970 6 0.990 0
10 0.975 2 0.952 1 0.968 3 0.988 1
15 0.974 2 0.950 1 0.967 1 0. 987 5
20 0.976 4 0.953 8 0. 969 3 0.989 5

3 HERIE

AR SN 25 PEIAR A A 28 A SR X LA R 122 2 PR 43 B DX I A7 AN T AT 00 i) A8 s A 4 o — o XA 5 — Bk 1
B R o o PR Ry W07k o %5 R — A S S 45 P A A5 45 19 U-Net (25 280, b g 5 4% 5 — 4>
fifp 1) 2 A 1 03 B 55, 5 0% — A e 0 48 A VBT B R A 55 o — BOPR T S 55 B0 i o 00 i A R Y
RE. JF RIS NG 7 20, 25 0 265 B0 i A Ol A7 R 25 80808 I BB 7 0 1 9 265 1) R 5 4 0 465 1) i A A TG A 45 K
A i, USSR 2 AR L A G T ] )2 A Al R T R T R 5 0 2 XoF I X e [R] 7 A R R
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Semi-Supervised Medical Image Segmentation Method Based on Dual Task Consistency

LUO Gang', LU Jia'*
(1. School of Computer and Information Science, Chongqing Normal University;
2. National Center for Applied Mathematics in Chongqing, Chongqging 401331, China)

Abstract: [ Purposes | Medical image segmentation is an important content in medical image analysis. Most of the existing image
segmentation algorithms are based on supervised learning so far, but the actual application of medical image label is difficult to
obtain, numerous labeling need to rely on domain experts, which would cost time and labor. To solve the problems, a dual task
consistent semi-supervised medical image segmentation model is proposed. [ Methods ] The model used a network structure of one
encoder and two decoders, where one decoder did image segmentation and the other decoder did image reconstruction. The loss of
unlabeled data was calculated and network parameters were optimized through two different image backgrounds obtained by
consistent segmentation and reconstruction task. Simultaneously, the attention block is added to the network to better obtain the
spatial location information of the segmented region, and sharpening operation is used to increase the confidence of the reconstructed
network image. [Findings]The 10U of liver and cell were 0. 953 6 and 0. 8210 and the SP value of retinal blood vessel was 0. 983 0.
[ Conclusions JCompared with the latest supervised methods in medical image segmentation, the proposed model also has a certain
performance improvement in terms of effectiveness and generalization.

Keywords: medical image segmentation; semi-supervised learning; dual task consistency; coordinate attention; sharpening function
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