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Abstract

In breast cancer diagnosis, the extensive demand for expert annotations of HER2-stained histo-
pathological images poses a major bottleneck. Conventional semi-supervised learning frameworks
tend to converge prematurely into self-training, which often leads to the generation of low-confi-
dence pseudo-labels. To address these challenges, we propose a novel enhanced uncertainty-guided
semi-supervised segmentation network for cell nembrane segmentation in HER2-stained histopatho-
logical images. Specifically, an uncertainty-aware target selection module is introduced into a collab-
orative mean teacher framework. This module constructs a joint confidence matrix and exploits the
prediction discrepancies between the student and teacher models to effectively identify pseudo-label
noisy regions caused by systematic errors. Subsequently, the identified uncertain regions are incor-
porated into the consistency loss, guiding the teacher-student models to reach consensus on uncertain
targets and thereby enhancing pixel-level target selection capability. Notably, the proposed method
does not require any modification of the backbone network nor introduce additional trainable pa-
rameters, demonstrating strong generalization and scalability. Extensive experiments conducted on
the HER2-stained histopathological image dataset validate the effectiveness of the proposed approach.
Our method achieves a Dice score of 73.09%, showing a substantial improvement over the baseline
model, while also outperforming recent state-of-the-art semi-supervised learning methods and even
classical fully supervised approaches. Furthermore, the proposed framework exhibits strong gener-
alization performance on cervical cancer nucleus segmentation, attaining a Dice score of 85.02%.
These results indicate that our method is not only effective for HER2 histopathological image segmen-
tation but also holds significant potential as a semi-automatic annotation tool for a wide range of dis-
eases.
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1. 5|

LS 7E A T F Lok v AR O 5 58 AT BREE) [1]-[4]. FUBME TR K228 Nottingham
PPI> R[5 58 BT o PR 2 A R B 27 S8 A S e 2 G 2 (\HC) T SR A 3L s iR ™ B E . IHC
M TSR] R R A N AR T AR A B, DA E L0017 T R ARSI RL . IHC
CWbRCY), WMEMER S A R AR Ki-67 MNR AR 73244 2 (HER2), # 2 T RAIFE 21
ANRAERE R 7 G LS e T AL A RERIR . fEImPRIZ W, HER2 FAVEE AL T4, 2 Wik LT
YRR PEAR R AE 2 iR AR A T L, BRI, AR IR 2 Wb AR iC Hh e A AR 2 W L — 0

FEH UG R SE B b, B 22 5 B B T BV W is A 2 230 o I F AL 0 5 R
H#ES WA &%, ERIEAR. WA Z IR LSRG A E B, E2EB Y #H CLviEk
I LH[6]. R, ALUREEG TR A R ERIA AN A LR, BRI X 73 20 2340 i s A AR
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FEIT, DRl R 22 1) i PR AE 70 P 2 B 2 21 (SSL), e il ik A mbmic MG A K & R b ic BREAT I 45,
B B T Lo 20 R 75 AT LAIE 31 4 M B 1 S0 31 R 7T e AR S 1]

NNLxE ER Pk, BATEE— P T AR E S T f P Mean Teacher 284y, BRI E, JATIIA
TANBOSGERBR7], U 2 AR b ic Bl P AME SR . UL b, RATAARZER: A B IR
IR, RGEHRH T — R AT R R AN E Pk H AR IR0, ZHIKTC T SIS AT I 252 Kk
X ET M BT A PEE . sAh, BATIOESORIR X & 4 E SUE S, PR H PP st
N —BUEB RIS, LS 3 MR X S AR 3 X P I T T — 8. AR b, AR AENR
PRICHUE PR R E T R R E A IR K DX, AT S TSR Xt 52 2 S5 4 ) M g

T 5 2, FATH L EE TR A

(1) AR DB HER2 Bt AU /> 51595, 2 I5vEM KRR PR L R 45 5 AR %%
(IR P R i e 2 SRR Y PR AL

(2) FATEIL MR T — Bk H AR R R R, BIEAN G E (H A E B R X b Ui P sl s E
AT DA A AR AR MR AR Bt b 2 2] B A AR

(3) #AIHE HER2 BtV Fy UG HHE AN 50 A M A% A~ T Bt 4 kAT 1772 586, a1
UER T BATHIRRA i e AR, FErp e om0 o e B 2 s h BRATTRO B R HORIR T B I

2. XTI
2.1 FEEFE

- 5 B %% 2] (Semi-Supervised Learning, SSL) & 7545 & /b EEARAERE A S KR ARSI, N MEFRE K
A BRI SFAT SR A B R . BAT, FRMERE Ok EE AN — B
1E U1k (Consistency Regularization) /7 y2: A1 {l 5% (Pseudo-labeling) /7% . i # il 5] SRR F 50 T
DREF TIN5 1) — B0k, MG BB (2 A RE 7T 5 5 WE e A il e BT B IO ARAS, B RPRTEREA
ANIEHE T, LABB R T he

— S50 1 Ak 7 3k T TP M B % (smoothness assumption), BV A it I B R S AN B 5 2 5
WA ASE R PR T 45 SR [8] . ik, 1RVl AR AN A E S NGNS, DR AR BRSBTS 0 T30 £/
FE— 8Pk ARSI AL E, — 5k A AT A o R GO AN 9] IR RIS [10]
[11]PA S AR R 3R AN [12] o FEIIZRid fEH, 2 R I T — Bt 20 pt 51 5 Ho i R mT Re s m e 4
(R TR 25 SR o 50 PR 30 S e 0 2 AR B SO AT AR ERE B~ B (EMA) BB, AT B4 S s A e .
BeAh, #4751\ Monte Carlo Dropout PAXT TN ASHf & M3k 4T Ak, 76 & B A5 XU A\ — S 2k,
T 8 R ABE 2R LE AN 5 [X S8 P B 1 572 AL R

PAFRRE TN 3 Bk FH B I R (self-training) H g, 3T 2B % (cluster assumption), BJ & — 2 71 (1) 4
ARAERGFAE S 18] b G RS R R, I EIURIB AT . 122807 R B W e e TR BE A bR, ok
H5REFREBEREA TR IIZ. #n, Kalluri 28 A 5I R IENR, 5] SAR7E To bR B b
AL ARG TR s AEEIEA B, Sohn & N — 2D H A FH 5598 9 AR B O BR 25 R e B s am A A R )11 25
M2 i D bR 25 B B A tE 5 2 Ak e

22. EMBEENSE

= 24 BB 3 SUo EIMT 45 10 3 O TR R O RS A Am s, (E3RE O 2 v o s 2 () R I L AR
i en s T EE PR T O M O ETE IR R SE B R R . itk PR BT 43 % (Semi-Supervised Se-
mantic Segmentation, S4)il i fil G /D B FRiFE SR 5 KB ARERG, ERIERFRERA R AR, AEEIARHE
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2 A B TR RE R I

AR, WEFLE R T 2 F0E 800 BAE o E1 75 . B, (AT (Mean Teacher) 7772 [13] [14]
i Bh AR A (teacher) X 2% AR LAY (student) 34T MR B, 51 S HAE AR BB 1 AR T8 oy AssE RO, AT
BRIV AGBE ST o RIS, OB AL IR X 2 A R S HE B B P (EMA) TS A i — B0 E R
A NG T ARG TR ZRPLI[15]. 3R 5 B3 [H] )1 2k (Deep Co-training) [16] 1] 5] N 2 AN 58 % 43 37 42
oy, R AR 8] (%) ELAH BB 9 Ty BUR SR (B AT SE B PR 28 Bl — B 20 . 28 X i B (Cross Pseudo
Supervision) [17] 1 it 152 B PR AN 28 53 SCEUIT RN ARE A, LR AR TCARIEREAS FAH B AR oD A 2 5F
BT RS SR, AT FRARANAR B AN 8 1 o 76 B U B, Pbn 2 AR S — S IE LA R T
PIZEER . o, DAFREESRNE 2 — R B BN ZRBLE],  SER A BRI FRERE A ZR 9T iR R R DL A
FRAAFE B GRS, Fl Onr S SR R A TR AR AR [18]-[20] . 1 — EU P2 ) i A
FRTE EHG it InAS RISG SR R, JEASE I 248 34 58 BT S B0 N — B0, AT B S B0  an N AR 20 R 6 A 12k
SR, ABERNZ A RE 1RSI, AN[RI3 9 77 U] g 5 BORHGTERFE 23 A R A R E , AT 155 — B 43
AR TRAL A RE[21] 0 R ZI R, AT AN Z I H — S sl Hes, AiEm A ZH30[9]
FHEEIBN[10]1 LA KA R S5 N [5] [17] [22] [23], DAMGSEBIRIAEAR B R SCh i) — Bk R SR, XLk
T AR RS E LRI 8, 5B AL G SR, BRI T BRI PERE R — DI T EWF AR,
BT A BEORRZE 51 S P RN ZRAE 3 s Y [A) 3 e R [RIENE, mTA R T B 2 ST AR

R, AT tH— Rl i B 5 TR, B E AR T v o = O 25 A SR Y )0 B 4 5, A
Tk — 5 BT 2 25 US4 T 55 R W R I SR80 5 B AR P R

2.3 NN SHFIEEENSE

ANH 58 M A W PE ML 27 2] S5 TR AR 2 1) 1 12 R [24] . 1621 IBHE U RIS, AN
SEVEAL T AR WO AR A T R IR SE 15 B p 1 S AR . A1 A AE P 2K SR H T IR Ah A A 9
WA et —22Z @it Monte Carlo Dropout 45 AR B AL EAT 2 VCHT AL 4% JF 0T 5T 75 22 [25]5 5
— R B A AN R BB TN 2 (R P Ge v ZE R, W AT SR TTVA[26] . TR MBE Uy RIS, AT
FOR AN 2 TS B T MBSk [27] [28], UAENGEREPshEX S “H{E" 5 “AalE” Mg
7, S BE X, DA REBE SR E. thAh, e Mg H TR b2 S i R AR I
F[27], I XA AL S AAAREAS, 3 — P AR R G E S — B X SR AERE . WA INETIANET]
(AN 5 VA v s DL B8 R B AR I D AR 25 [29]» 4R, V2 5l - N TR B B S FE R, MY
SRR, T HAEUS S, S EE AN,

NIk, AHEFEHR T —Fh 2 bR BAE AT VA T g, B R S R T A O AR S R TS R
F ORI DTk . R 50 R vE O EVERE RIS, (HIRATHRIE, TR — B H AR
TR B2 S 5 AR T BN S /& UA-MT J735[27], 1% 771525 T Kendall 5 Gal (2017)#2 Hi ¥) Monte
Carlo Dropout HEZEXE 2SR AN & PEEAT AL, I v B 2 XU i — Bt o, DURTH bR
SR AT RV o BATIN R O Ak T B — B E AR R, SR AN R O AR s 2 ) )
MNITAE 2 A2 MBS S BT sl T W& MERESR T

3. A&
3.1 FEMRR

ARSCHEH T — ML T 2 fE UM (Mean Teacher) HE 22 FRT N 55 AN RE 26 % R S (B SUMAE AL o 205 (e AR 5t
P BOMA R R FERE L SIAFESE P, IFBet 7PN E PR P, DA SR R 0] I 2R A
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Figure 1. Architecture of the EUGMT network
1. EUGMT M4E 4515 E

3.2. BR: HEHIMEE
BT EIR TN O, BARSERAITA D, . 0 D, =|(X) | | HREE M N TR

M
j=N+1
AHEEE, D :{(Xi,Yi )tl} FoREE N DNEREFREARRES, Y, AR X, 5B TSP . G4 M
Mean Teacher (MT)HEZEHIRTIE T, % B oHME S AR A R R
L=L, +AL, @)

Hr, L&Dy MEHkL, L, 2D, MERESR, A2 PENLSE, AT ek skl
BRI . AR AT v i o e HOZ 0 32T R BUNE,  PLSEBLN R A% b Il B o S gt 25

T, HAKEAaT:
A(t) =2, xexp{—S[l—tLj } )

Horp, A, BEHUINBCR B A, t FoR B AEAAREL  t, NITZRIE R A i RE AR
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HVC FE MT B, 0 BRI 2 AL O FE R 50 F B EMAVK BT, JLA U
0, =ab,,+(1-a)6, 3)

Hrb, o /& EMA BIEERE, — BB N 0.99, 6, M4, A INZR t I i) 2 A R A UM s Y 24
R

3.3. MEAHEMEEATHEESE

il 2 fs, Kb £(6,), f(6,) RSB, §(0) FRBUTHAL. PAY, 70 53R A B 1
MIREZRAEE T argmax HIDNARAS: P 3Ros B 2R ZBUN LAY () T ERE . L, A2 ToAR R Hhs i ANl i FE R —
BB . AR T A S FUM A B E T 45 5 b — 350k, R R s AN XS iR RE g, A
SV T RN SR AN E M BENLH (Ambiguity-selective) . ZHLHE T 51N B ARG, H BB
TR A TS B AE i AN 8 DX 2 2T BE 0, 4 BT i a2k B ) s 48 B bR DX N — B 2k o
T TH AR E ToAR S50 o 05 BRI RCR . AW B IR T8 R A S IBmestE, ik, 014
BT PP BT SR A I R G AR R M RN R, DU SO R RAE IX 2 S AR S R B R AN
EVE. (EFSRIANARE, ZRMEARAE R, BRI T T M S MEHAT AR E S, A 5] NEAMT
WEZE, FImE & R0 @ ARy R, mE A T 2 80 38 4 DOE RS [ (1 2 2 B o AT 55

P.Y,

Ambiguity —__| Ambiguity
Identification Map

Figure 2. Method overview of the uncertainty selection module
B 2. IHRERIFERIFERIR

Table 1. EUGMT algorithm pseudocode

2 1. EUGMT B AAR G

Hi%E 1 EUGMT Hik

s BRICHGR: D ={(x. v}, AbRCHR: D, = {x)
patch % K

T RMBOTERL:  £(;6). f(:6,). (:6)

1. for epoch = 1 to Num epochs do

2. WD, RREFRHEREA (x,y,) » M D, FRERFFHEREA x,
3. MBSt FE:

4. § = f(xl;‘gl) v Y= f(xl;ﬁz) v Y= f(xl;gt)

5' Lsup = L(yl,y|)+ L(927yl)

6. TG B EIUI 2

" MBZH: 6. 6, 6. RAVISGHHE, TopK

j=
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a3k

7. x5, X2 =StrongAugment (X, )

8. py="1(x:6,).p,=1(x:6,).p = f(x:0)

9. AR PHbRZE

10. ¢, =argmax(p,), Y, =argmax(p, ),y =argmax(p,)

11, HEE I P AR AR x o

12. p(SOﬂ —softmax( (Xu o )) n0|se = f (XLTOise;HI)

13. FIH Cleanlab 4%l T%%”Sf%fﬂ HFAEREERIG M, M,

14, Ly =2.M-

15. CPS #i2%: Lcm:%[upl,yz)u(pz,vl)]

noise

pstudent pt

16. CMT #1% {L 9)+L(P )]0 Ly =L + Lo ) L= Loy + AL, + Ly

17. RIMEEEH 6, 6,, 6, =EMA(6,,6,)

18. AHfE MG Patch 32 #t: THEFIIEE U,,U,

19. FEPA AL Z [0 ZE Mkt B patch J bR

20. HIHIFHFEA (X, y')

21. EFIFH CPS 5 CMT ik, HH1 4,6, 6, =EMA(6,,6,)
22. end for

23.return f(;60,), f(;6:), f(;6)

3.3.1. AAFHHRFMIRZRRE A

A
Student's Current Pseudo K

Calibrated C,_ . Joint Label Distribution Matrix @+
ysy
0 0 0 y y
0 1 0 1
5 pixels as class 0
ol 21 2] wome ol 2] 5
0 0 1 > P ormalize 13 3
4 pixel. lass 1 5 &
pixels as class ys | i § |:>y“ | i i
gt 3 |3 27 | 27

Teacher's Predicted Probabilities P select by the prder of

al 0 al 1 Calibrate confidence
ass ass J \}

0.9 10.9| 0.5 0.2 10.2] 0.5 Suspected Error

’ Joint Confident Matrix C,

* s,y
0.2 02|03 |[o6]|o0s]o0s N 0] oo
0.3 ] 0.5] 0.6 0.9 ] 0.5 ] 0.4 Count o] 2 2 0 0 1

e
"-.‘ T Vs

Ay = mean(P[Ys == 0]) =0.58 I 1 2 1 1 1

y' = mean(P}[V, ==1]) =0.65 <~

Figure 3. Schematic illustration of the category label self-identification strategy

B 3. EARE BIRAIRE S ETEE
FATBIN T —FhERIARRE H NN, 2RI 1 BAE 2 o) ok T 2 SR A A M A U3 R A% oL
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AR, 7RSSR, BEA B S AR (Joint Confidence Matrix, JCM)E JHL HE 78 [N 5k 25 591 AN J4 4 R A 700 3 s
{E BT TR, FCUA— (b5 PG B T R AT B ZERR e 75 51 R B A s . 1
REEATI0 MR 5y FIE S, T XA BALHEAT T V%, BV MR xe X — N EUE OB R4S y
MR j e L MRl LV RESE p(y =iy = ) BHASARIC N i e L. FATAT LU S L
FOAEERA TS A B p(y =i,y = ), TSR X oy RERE A AR (01 MU . SRR IR
TSR, BLAENS A MR R GMEFRE R 2. B, 16 HER2 Jets Mgy R h, 4 515
S 4L X0 T il 2% G5 M T A A ML X 3o 26 UL b, R PO £ () 2 Bty A P-4
T P A SRS R T S, RN, A A R TN Y, WA 32 0 75 S R, LA
EEA B EMRE. L5 EATR, FUTBALE T R BT R E SRR B R, IR £ (6,)
£(6,) B Y, s bR ot 7 fase L ak

R, W 3 R, RATHIER B ORFRR MR E x & T R RS 9, =1 IR p! ()
(R0 0 FEMAPUR POV, =0]). WEMRE x BT FEBRN IR §, =1, EIHL
BL(X)2y,, IR HITIE EUSEhRAE v ATRE RS | AN i JRAIA AR IR X LM, XHEil
BRI THBERE, HARW T,

7, =mean(R![ Y, = j]) @
TR, RATE A BRI C, AP X SEH R S U 18 K A T
AERE, JLARINT

c, [1=[%, |- ©)

{XE X5 Pt (x)2 7!, j = argmax Pt'(x)}

leLipt(x)27!

Q, - [il[i]=

X5

Sorb, LGRS TR T KSR, ROVFEN ARG C TR, 25
REGHE IR (I RERERT I — R BIBE £ A0 AR O, - [1][J] ST T
RV
%G, 0 o
s (Gl
e 2. G, L]
Fob, (X, I FREOER 9, =i (R
SRS BN E N 75, O, AR TE R T AR S B R BRI T e, TR EL
P T B PRI 56/ 2 75 T BB bRV S i BRLILRAG E | et B (3
IERRR R R, HHRA

round(|x|- > st’y*[i][j]J (7)
jeL, j#i
Horr |X| Fn BB X PEREE. WK 3 BEXKIEIR, A= MR SRR SROT R AR bR
H, SRJE, BT REATER R HARR R T IR, SRR T AT AR S R AR A, B
w2 R, KESRAENATE B RIAT T — BRI

332, FHEME—BIRKRHILE
997 R RUFRRVE SR AR FRIC SO, BT R BB P4, B BRI B R . 3
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KRB I
L:LS+2’(LCpS+LmtS+LC) (8)

FEIXE, ARENSH, LRREEIK, L RrAme b R i b B AREE I — Sk,
VAR L A SR

L= L3 (@)L (1)) ©

Hort, Y R DRI, L, RATFTIEAE UM EIBUR, 15 U AN Dice k. FEFRAT
SRS T Dice ik

BATRIF BRI ERR N Ly » Ly ML =800 4EG Hodr, Ly RS X, AR R
RPN FER BRI, BT E SN

chs = chsl + chsz (10)
Horf Ly M Ly, 70 AR A2 AR RO R S AR B R, Hog GRnT
1% ) 2[2n]
chs[llz] :m ; Lseg (f (X i '0[1/2])!Yj:1 ) (11)

b, X, RTEAREEAEREA, VORIV RS £ (6) A f(6,) MTEREEAE X, UTIINE A bvkn
%o Ly TR BT £ (0) 35S NI BOT IS B, AN T 308 5425 A R T 2 5 )
LRI, L, PN EE], BT

L.=L

m mts1 + Lmtsz (12)

Hrp, Lmls[llZ] RIRN:

M-N

Lseg ( f (X i 9[1/2])'ij) (13)

L M-

Lmts[:IJZ] = M =N =
oo, VORI HOTH £ (0) M B

L s AN E e BEREER T8 1) H AR BRI — BBk . O T sRAE ] SR B A5 B BBV I X St AT

—HWEAR, HIR, Oy T SO AR AN B R PN R R B AR Bk e BBy A

SEMERERS NI TR, L itEAR T
S EX (e el .
SE (14)

Horb, B, RBVMER EAMER RS f, A, R BT AR AR R S v AMER R _ B
AHH ¢ e C 1 softmax 2 A BT -

4, THEHER
4.1, BUREMITMNIER

4.1.1. HER2 @B LRIBY] K BG5S BIBESE

WA T — BT HER2 Sy AAL(IHC)IZ Wi ) 40 M fE 7y B8R 48 . 8 4240 126 7k HER2
et 2 U5 B 4= ALEF 15 (Whole Slide Image patches), &5k R 45 K% 5 #8508 1536 x 1536. A {5
KIETF IR HER2 IHC et ) 1, FRAE T B 22 548 T F e RS 44 N ThRiE  fEFRE L A, BL HER2

tve fs,v,c

L(f,f,E)=
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B 1t A DX 0 L PRI AR C A A Dy 3 BRI B, PRI I R HER2 PFoM it It HAE B RINTE T T,
O0F FL A B B 4 C R A P e 4 PR B AT S AR 2 0 T, 5% XIS AR ek e € DS AN AR T
AREST R T E T SRR 4 HER2 RILIRAHAE SH B2 Wi ot JVERCER 7 ARG R, K
FE VT B 4 BY SR T RS IR RI 9 K/ A 256 x 256 (/B PR . A E3RTE 2905 Tk g H, H
th 2350 TR TR ISR, HoAx 555 FK A T PPAG, RS 5S8R AT 07y, DO S 8icdi
k5 I ORUEVPAS BN o 128 2R DA B 2 BRSSO, SRS R TR HER2 g iissify,
NJEEE HER2 52 & 70 i1 512 W ik SRR it T 5 BT &5 224K 0

4.12. ETEARETEIBRES

FATER 7R HER2 Bt AL 7 1y Se i ke, RATIEAE ] 15 S0 41 AR A% 7> 51 B 5. A1 N iT
AR LI P Ea 4 . ZBURER E[30], AR MEEES, REGREZRFM TIERNZEE, &
FM% B0 B H i 2E (ClusterSeg) . FATVEH] 1500 5K K HIT- Ik, 454 skIEA TS, XA #da 4k
WA R # BE£R 5 PP B S0 A 200 2 7595 o 6 3K A M0 2 160 e 240 PR 240 MR A 51 2 LA R
ASEAE J S8 0 B rhox R AT B s 4 R AT 202K

4.2. BEFEESLIEMETS

ATV SIS AF FHC & ResNet50 (1) Deeplabv3+1FE L4 4244 . FRATTATA KG9 105 256 x 256 )47
PR, e, WATEBLRESHHENA, =1, k=2, r=16. «=099. B=0.99. RILEML]
AdamW, 223]%H 1074, KRN E N 6, 1% 50 4> epoch. 7EARIEIIZREE — BB m T, RATH
SV E 24 SSL 9777, Hh 3% Duo-SegNet [31], MMS[32], crcfp[12], CCT[12]. B& 7 FiFedi]sk
B JTEAH IR SSL T, FRATTAE AN — a2 e (1) 4 M B 5 iAo B, b3 TransUnet [33], SwinUnet
[34], TransFuse [35], FAFuse [36]-

4.3. HER2 & AN E 4y 8IS

4.3.1. jHRASEEE S A

RATET T I RSEES, PRSIV & BB A M RE I DTRR . 55— 415550 DL DeepLabv3+hy
FERH X4, A AR E 1 515 ) B [E) B9 4 0 (Uncertainty-guided Collaborative Mean Teacher, UCMT)#
R, AE R B B IEARHESE . 55 A SEIGAE UCMT 288 ik — 35 5] A RH S Mk B iR e 5 — 3%
PEIR PR B, T R 5 AN R 106 B A 2 22 A% 4 (Enhanced Uncertainty-Guided Mean Teacher, EUGMT),
LIS IE 7E Pt 3 X 38 5 40 T — SOt o> B e s ma . 55 =S L U-Net &A% EUGMT i)
DeepLabv3+ M4, PPl 324504 22 50k 2 W B o 38R 1 52

R =2 SRR I TR S AR T LA (29%) B 26 A R EAT, SEERSE RN 2 Fon. i P RIE AT
Ti AR BEARARVE A 5 T RIERIRE ), FRATTEAH B AN T 5%bnid B iS55 . BRbmiE Lol oh,
KRG B SR8 XFPsie s il e % 3.

Table 2. Ablation study with 2% labeled data
= 2. 2% AR MR HR LI

Tk Dice loU ASD HD
DeepLabv3+ (SupOnly) 0.6951 0.5327 60.55 342.32
UCMT 0.7206 0.5633 6.23 29.00
EUGMT (DeepLabv3+) 0.7309 0.5760 5.71 27.31
EUGMT (Unet) 0.7092 0.5494 6.32 32.52
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Table 3. Ablation study with 5% labeled data
7= 3. SR E MR R LI

Tk Dice loU ASD HD
DeepLabv3+ (SupOnly) 0.7008 0.5394 60.56 342.42
UCMT 0.7274 0.5717 5.21 34.52
EUGMT (DeepLabv3+) 0.7241 0.5677 5.18 28.16
EUGMT (Unet) 0.7037 0.5429 5.56 39.01

(1) Deeplabv3+{E A 4 (AN @ M 51 5 1 HME X (8 B0 5256

AN B EVEAG DL DeepLabv3+1F A 21 T R4 AN & P 51 5 b R 2 (H BOM (UCMT) B 28 2 W B HE
MAAEUTS R R (ENSE P EG /rEI58H0), Deeplabv3+7E 2 B I SCE K o 40 SR AR AIE
TR T m & BERS, BB SMENEREEZ ISP RER ST BRA T R g5, &
DeepLabv3+8 /% % UCMT HEZEr, AN 8 1 BRI 454 (R A e 17, 3 ml i AB 70U ) 3900 43 e
RARIUA AR O E R 7 1) FAMS .o SEIR 45 R B, 5 BE AR AH L, UCMT #5254 1) Dice REHRTH 1 2.55%,
BIE T T VETE G D BR 2 R R T B M RE A 20 S T AT .

(2) IOANASHH € 1 B R BRI — B 451 2K R K S 3

AN BIEVARTESE — M Be A2 2E - 0SS w5 N AN A B s M3 P LR H 5 AN — B4 K
BRI B TWESRHMR, FIRBETESE — M BB p TR, B R R H VIR E SR IS
IR IR . WF 2 Fon, 5l NXSeRiPe 5 A B (A PE e B & 2, Hob Dice REUMEH T JHA
UCMT HARTF T 1.03%, BCILLAERIRTT T 3.58%. %45 AL T e A & Ve Bt iR
B b5 — SO 2% SR BUE AL B TN — B0k . 3R TH 2 WOB 4 B A 0 T A R S S

(3) 1#H Unet MI£% %4 EUGMT 1 Deeplabv3-+ £% Sz

VE I 2 AR 43 B AU A 22 O 2R K 22—, U-Net [F)RE ATl B2 B 28 38 5 AN 5 06 36 1) S0 20 7Y
(Enhanced Uncertainty-Guided Mean Teacher, EUGMT) 1. Jy A 3= T 4 5% 45 K i A8 A BE (K 2 mi, - FRATD
¥ 5 EUGMT () DeepLabv3+# 4y U-Net, FFAEAHFISLIR B T TR L. SREGSE a0k 2 s, R
Fi U-Net (R RS 7EMERE IR eI 2645578, HLAH LR FH DeepLabv3+(¥) EUGMT 7Y 51 H B . R F% .
ZEE K], DeepLabv3+7E HER2 Yt 2 24U G Fidla & b, SRAF ISR 2 RE B SO 5 5 4
HERRFEARFERE 7, A A2 M B HE 42 1) 3 IR 48 L &% T AR I3 o 5 s v
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Figure 4. Ablation study results on the HER2-stained histopathological image segmentation dataset
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i EPNA, ARSCHR R SR AN E VEE R RS AE HER2 G (20 205 B PG v xof 4 L [X sk )
BRI YU 2 HAT RERTT T AR B 30 S MR S AL RE 7T, B IIE 7 HAE R PkAk
PR EURAR 55 Th & PR 5% . By R4 R nT Ak &l 4 fros . Herhr, (a) images, (b) ground truth,
(c) supervised baseline, (d) UCMT, (e) EUGMT(DeepLabv3+), (f) EUGMT(Unet).

(4) 5 BYbyyE i i i S 46

AN B AEARDS 5 AR A BEARAR v E Bl LU 25 10 T B0 & e tE SE Bt sk 3 o, B sk
FEARIEREATE — 2P0 B B0 S #9052 BRI IVERE TR . SR,  BISELE MR Mk AR S A
N, BERRIROREF T BULHI RIS, S DL T TR T AR R RIS P A R Sz AR .
H AR BIRCR AT AL IR ] 4 i

4.3.2. LRG3 4

AT HER2 Bt 2l 200 3 R VE R PAL B0i 88, 5 G LUBOA (RIS 1Y 7 20 o 8 4 4T 55 Hh iR PR e
T o A HIERUE P4 7RI R, BRATEAUE ] 2% bR 2008 10 5640 R, KA SO Y 5 24 i
T MBS #151:(64 35 Duo-SegNet. MMS il CCT) LA K = 2 BG4 #4538k b 32 SR i 4 B
L TransUnet. SwinUnet. FAFuse fil TransFuse)if 4T 7 Xf L. 3¢ 4 V00 T % 775 /E HER2 Bt E{E 77
FUESS I EREIPAL S R . LA R TR, REWREEIENCNE R, Frigh miE R RE 2 AN fads L
T BA J7, AR HAEAChR V3 50T B s KR AR e 7 S5 5 1 .
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Figure 5. Comparison of different models at multiple locations on the HER2-stained hlstopathologlcal image segmentation dataset
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MNEEEG 25 T WL, AR 2% bR EE e T, A SCTEE A FIMERe BRI T IE k. Bk
M, S&8M4ANEE T TransUnet 1L, T HEAUTE Dice $8br BA&FF T 2.51%; AHEL AT JC#EH
P ETTE MMS, T T 7.2%. B4k, M5 sl f A0S T DU EE S|, EUGMT fE 40K (1 2 fi s
DX I I H B e 4 HL S 5 AR K B ROR , AR G540 S A5 Ab PR RIS RS HE . SR
2% bR B 1SRG 1 A B B m kR, (EAR SO RS BT A T AN IR AR T A ) o B
51075, FR T 2AERB L, B IE T HAEARARARE B 2 AF T R S R

Table 4. Performance comparison of various models on the HER2-stained histopathological image dataset

4. BEERSE HER2 R RBAE HBUIRERIMREXILL

Jiik Dice loU ASD HD
Duo-SegNet 0.6921 0.5291 55.48 328.74
MMS 0.6589 0.4912 2.57 19.64
CCT 0.5394 0.4079 5.64 38.89
TransUnet 0.7058 0.5455 2.76 60.03
SwinUnet 0.6885 0.5249 2.85 62.34
FAFuse 0.7288 0.5767 5.68 30.61
TransFuse 0.7193 0.5651 6.28 33.55
DeepLabv3+ (100%F5F) 0.6752 0.5097 6.35 30.58
UCMT 0.7206 0.5633 521 34.52
EUGMT (DeepLabv3+) 0.7309 0.5760 5.18 28.16

4.4. BETEARZS BIRIEE SIS

4.4.1. SHEAMEZ S EERSCIE FIxt LRI 574

BANEZED], SIERAERGERETFERENTGER. Ja R E IR EE LA L, Ak,

AR EBCE & I S — P3N T A BUE S MRS . Wk 5 Fow, (EVERRSER T, CSRA A MR

Deeplabv3+15 84 [¥) Dice REX )y 0.6995, IX e ATE RARiF A 028 & 4 i AR R 0 S BERR1E (S
B MEZT, EUEH 2%brE 850 & 40T, AT H A L) Deeplabv3+{E R =T M4, Dice &
]Ik 0.8502, LT 4B Deeplabv3+#57A!, [FR i 7 UCMT #5844 6 iR 7 5 B S ie 25 1
N E S A0 R o B R RRAREE S D SRR A B A S R IRIE SRR T

UbAb, 15 6 Fior, TE05 F 50briEZdE i, 427 Deeplabv3+#5 AL [f) Dice {EIS A 27, 1A% 0.7024,
MR TTIELE R U-Net /£ 8 £ T W25 Dice (A3 0.8456, RILH IR X —g5RUi, A
P M RE A AR KR T, 456 U-Net 2244, Ref% 58 A RO & B0 40 M k% SR fE. 14 7 &
AR T A S9hRIERAE T 1 o BTSSR, D IOAE TR A R

Table 5. Ablation study on cervical cancer nucleus segmentation with 2% labeled data
7= 5. 2%hRE MR S TR AAEAL S EiERL SR IR

Trik Dice loU ASD HD
DeepLabv3+ (SupOnly) 0.6951 0.5327 60.55 342.32
UCMT 0.7206 0.5633 6.23 29.00
EUGMT (DeepLabv3+) 0.7309 0.5760 5.71 27.31
EUGMT (Unet) 0.7092 0.5494 6.32 32.52
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Figure 6. Visualization of ablation study results for cervical cancer nucleus segmentation with 2% labeled data
6. 294 HE B B 4HAEAZ S B E R SEI R E

25 B SR RARW, AR DT VR DN AR A oA IR MR S5 0 2 R 1 S R B YD AR 5
WORAENS S T R 4Rz 0 &, B R &Rt S5 R HE 7.

Table 6. Ablation study on cervical cancer nucleus segmentation with 5% labeled data

= 6. SR EBUIR S D HARAL Y B HRR SR

WaRrS Dice loU ASD HD
DeepLabv3+ (SupOnly) 0.7024 0.5415 9.56 24.55
UCMT 0.8371 0.7194 2.45 15.76
EUGMT (DeepLabv3+) 0.8433 0.7292 2.23 14.96
EUGMT (Unet) 0.8456 0.7322 1.56 10.89

Image Grand Truth Sup Only UCMT EUGMT EUGMT
(Unet)

Figure 7. Visualization of ablation results for cervical cancer nucleus segmentation with 5% labeled data
[E 7. 5% AR E BIR S i R 5 B H R LR AR E

Table 7. Comparative experiments on cervical cancer nucleus segmentation
= 7. BE MBS BIXT LIRS

WaRrS Dice loU ASD HD
Duo-SegNet 0.6333 0.4634 9.37 91.00
MMS 0.6673 0.5007 4.95 83.25
CCT 0.5699 0.4709 3.27 18.78
TransUnet 0.7702 0.6264 2.95 19.31
SwinUnet 0.6491 0.4807 3.25 21.62
FAFuse 0.6665 0.5001 3.41 23.78
TransFuse 0.6750 0.5094 4.61 33.56
EUGMT (DeepLabv3+) 0.8433 0.7292 2.23 14.96
EUGMT (Unet) 0.8456 0.7322 1.56 10.89
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W 7 FoR, AR 2%bREE B bE s b, Ao e i i A B AR PR e BB T A B T
%. Hr, CCT #AL Dice {H1X 7y 0.5699, RILHIN 2, Kl fe b Tz IF AR L B BB H
S BT, AL SR A A% (R AL 25415 5 o 17 A~ M B R R e A B AR E AR R ST, PR
FE T W B S U AR AL PR IEAE A TOIE SR O AL 6 B I BN 5, AT PR 1 AR 2R Xk S B ARFALE R 2 2D BE T
SHEOLAESME IR A D FEIREL B  xfE DLk 31 4 I E B I 2> FIRCR

CRETH RS S0 FUSRIS O SR AT DL Y, B Y (R R s e B D 0 PR DR 1 DB 2k
R, AR AR AR SRR B2 22 R e BRI B R A2 AL RE 71 5 3E Bk

5. &w5itie

HER2 %t 241 21955 35 A5 r 200 S 11 v A 43 1 70 LR ) Bk BhiZ v LA DGR 3 3L Ak, ARSCdR
TR T A A S ) 40 RIUHE SR —— 3 SR AN E 1 5] 3 1 348 UM AR L (Enhanced Uncertainty-Guided
Mean Teacher, EUGMT), H 1S3l HER2 G i 45 o 4 ffa s X I i 1 20 1. EUGMT A% O 3544 B
FELUR LA : 158, PAXIME 2T (Mean Teacher) Ay2Eaili 4 1 & 2 FINELL, (A3 AEAR A ARVEAE AR (1
2%) I3, BERYPERI AT R 2 N2 A W B B U7 . LR, SIN T AN E PRIk B, g
BN RN R G AR S, I Y BAERR X0 — S e, TSR AR B g
N AR S ek . BJE, IEBLRENE 78 /0 1200 K B AR AR I B h VB R R, 3 ORI IR LR
AN ER BARXIR, #F— DR RIBOER . A A B R 5 A TR A L0 TH fb S50 55508 bL Se e
FOIAUE T T A R, R EUGMT FEARARARTEEE 2641 T MK SR B 8 S0 2 i S /K P (1 43
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