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Semi-supervised semantic segmentation method for glomerular ultrastructure
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Abstract: Accurate identification of the glomerular ultrastructure is critical for the diagnosis of chronic kidney diseases, but
the high cost of acquiring high-quality annotated data limits the application of fully-supervised learning. Therefore, a multi-
class semi-supervised semantic segmentation framework based on segment anything model (MC4S-SAM) is proposed. After
improving the mask decoder of segment anything model to enable multi-class semantic segmentation without requiring
prompt information, the improved model is used to generate and refine pseudo-labels through a self-training strategy, and
multi-level consistency regularization constraints are incorporated to enhance the model's performance. Experimental results
show that, in the task of segmenting the glomerular mesangial ultrastructure, MC4S-SAM outperformes the fully-supervised
model by 11.72% in mean intersection over union (mloU) and 11.45% in mean Dice similarity coefficient (mDSC) when the
labeled data accountes for 1/16 of the total. When the labeled data proportion is 1/4, the mIoU and mDSC reach 68.91% and
78.73%, respectively, demonstrating its significant potential for aiding the diagnosis of chronic kidney diseases.
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Table 2 Comparative experimental results of different segmentation methods (Mean+SD, %)

A e mioU mbSC
1/16 1/8 1/4 1/1 1/16 1/8 1/4 1/1
o=y 51.33+1.32  58.9242.23 65.16£2.87 70.01£1.30 62.2242.70 69.29+1.81 74.99+2.44 67.65+1.38
ST++H!4 4735+3.35 55.04+2.59 60.41+1.10 60.36+4.02  67.04+1.75 71.77+0.60
DeepLabV3+ U2pPLU 62.13+0.61 66.10+2.86  70.07+0.50 73.06+0.72  76.36+2.02  79.63+0.52
UniMatch®"! 62.70£1.17  65.13+1.27  67.33+0.60 73.46£0.90 75.69+£0.57 77.30+0.36
MC4S-SAM 63.05+1.02 67.07+0.39  68.91+0.22 - 73.6740.75 76.87+0.79 78.73+0.82 -
4l 37.34+1.92 43.56+2.44 45.96+2.50 55.96+£2.27 48.96+2.62 55.62+1.73 57.77+2.28 67.65+1.38
Mean Teacher!'”  29.67+2.83 38.57+2.53 40.27+3.84 41.57+2.92  50.59+2.83 52.59+3.39
Yul'?! 35.01+2.38  40.03+3.47 45.32+3.73 47.50+3.03 52.53+4.18 58.10+3.34
U-Net Luo™® 41.31+2.83 47.60+2.53 55.88+3.84 54.10+2.92  60.54+2.83  68.02+3.39
Cps! 33.93+2.48 39.81+2.87 45.61+1.51 46.45+£2.58 52.02+3.72 58.39+1.71
MC4S-SAM 52.61+1.74 53.72+1.54 54.10+2.35 64.90£1.20 65.97+1.03 66.35+2.34

1/16 1/8  1/4 F1 1/1 F R YN GRBAESE -PARTE B BT & H ], 45 41 526 bl B0 U1 R8s i i A — 2K

5 W kA, fEhR s S ok 116
1/8 . 1/4 B9 551 F , {8 JH DeepLabV3+1F A 43 %1 X 4%
i}, MC4S-SAM ¥ mloU 43 51| 48 & 11.72% . 8.15% .
3.75%, mDSC 43 5 $ 5 11.45% .7.58% .3.74%; {ifi Ji]
U-Net fE 43 &1 B 2% i}, MC4S-SAM () mloU #H Lt T
AW 1 AR R 15.27%.10.16% . 8.14% , mDSC
IR 15.94% .10.35% .8.58% . 45 AR H] , MC4S-
SAM 1fi SL43 FIHEBRAE AR MIAR FEACE T |, BE#E A 2L
I AR LS , (145 7 BB AR Ge A R iRSE T,
I IZHE B RE A% A7 S PG AR T3 A ke )

55 H At 2 W5 B 7 R AR H AR bR TR ECEE R
1/16  1/8 WIE O T, Toit 2 LA DeepLabV3+ik j& U-Net
Y g 43 E R 4% , MCAS-SAM Y4 B B A i 1k fig . 78
DeepLabV3+4rHI P45 T, i F — 8t iE WAL 7 k44
T 7T AR ST+, 1X 2 3@ i — 2ok 1E
Ak e A R IR 5 AR 28 9 T4 . MC4S-SAM X}
L S At — S0 T Ak T vk AT — i L, R B
51 A MCSAM fh #5 25 19 A 8 % . 7F 5 Mean
Teacher!'™, Yu'” . Luo® ,CPSPU45 L U-Net VE k43 E| K]
2810 — U IE AR 7 %) e, MC4S-SAM 19 41 3

A FEAR RS 5 A /16 BB BL T, mIoU 43
SR TE 22.94% .17.60% . 11.30% . 18.68% ; mDSC 43 4
2T+ 23.33%.17.40% . 10.80% . 18.45%., %45 H 2 1]
MC4S-SAM 45 I HE 28 g % 38 1F MC-SAM & 7 X
U-Net #4700 I, $2 = U-Net 52 BURFIE Y fiE
{14542 1 1 G B 4 AL BB AT R X AN [R) 28 S R AR iR 4 7
o) 5G] o ES MR, il
DeepLabV3+ iff J& U-Net 7 o 2 Wi B 43 ) W %5
MCA4S-SAM J7 iE ¥ Ff R AF i YERE R B, e L 1 4%
5HR ) AR B P N SR T 1 8 P T 2 g R
) 2% B Ay 2R IS DX B 465 M 1 U BT S5 R LA
TIHAR R

232 JHEREIE N T I UE MC4S-SAM 4% /N B Bk ()
A R A SO DeepLabV3+445 43 ) [ 2%, #E 47
TH RS, N 3 s . BAARRUE, A SC LR 34
D7 AT IE AL S . A X FOR TR DR bR 2 A
2% (DeepLabV3+ MCSAM) , W15 3 H155 2 347 iR ;
HWK A T AR S A SO hbn 4, ik 3 v
53 AAT R s iR IR 2 — B IR AR Y L
2 SRR 42 24 AR 2 PR (RS ), an e 3 e 4 5 4T
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B B33 AT LI 1, MCSAM A= i D AR 25 il o
P F DeepLabV3+, fE 453 MCSAM A Ik 1% 5
(+MCSAM*+L,,) , PhFRZE Y it i ot — 204 T, B A )
T 3885 2 WS T %A AR ) M B R T s A A v B
B BRTEEOE & o 1/16) RS T L AR4E T I8 E Y
25 ) MCSAM (+MCSAM+L,,) , mIoU F1 mDSC 43 %

FEFF2.06% F12.19% X T4 FhAS [a] — BobE 41 2K bR
W, L, L, A ROER . HIRFAET L,
FFA B R H A i 5 MCSAM DR %F 55, M
LT X P BR (4 1o BE LG, SR VAR A DT 22 B 1Y
PhbR%s 2 2], TS R O S R E R s A B
FAERFREE S USRI

%3 MC4S-SAM HIHRRSLINE R (vxs, %)
Table 3 Ablation experiment results of MC4S—-SAM (Mean+SD, %)

1 mloU mDSC

RIS 1/16 1/8 1/4 1/16 1/8 1/4
328 (UniMatch) 62.70+1.17  65.13+1.27 67.33+£0.60 73.46+0.90 75.69+0.57 77.30+0.36
+DeepLabV3+ +L,, 59.5742.95 64.28+0.98 66.77+0.93 70.03£2.61 74.40+1.18 76.55+0.60
+MCSAM+L,, 60.01+1.89  65.44+0.36  68.00+0.70 70.85£1.50 75.65+0.49 77.87+0.70
+MCSAM*+L , 62.07+1.86  66.90+0.63 68.38+0.36 73.04£1.24 76.74+0.69 78.14+0.65
+MCSAM*+L 63.05+1.02 67.07£0.39 68.91+0.22 73.67+0.75 76.87£0.79 78.73+0.82

RN A 2K

HARAR L FHETF UniMatch™ I J&  (HH R T4~
[FREOEAR ShZE R 52 e, JF AT I Rl S 56y, Gk 4 i
TN o MG 4 By ZE SR S N iy B R Y S 5 e N A
Fo X T P i i R R O RS R A T
8l , T BRI 250 A8 ol LU 3 B0 AS0E i R AiE

Fon , TS R AR PERE . AL Z T, ff ] Dropout
BEATILBI R FE RO EE T A Y =S
(] — ZOPE ARy A4S A o 3 A5 2 BRI A 1 3o 5
ORRFAE GG A1 DL, AR BE 5 AR 52 H8 A 4
AEEATHER TR0 , A T4 THRE R A PR BE

4 FREBERNERAHMINER (ves,%)

Table 4 Ablation experiment results of different feature perturbation types (Mean+SD, %)

FFEH 3% miol mbSE

1/16 1/8 1/4 1/16 1/8 1/4
Tz 61.83£1.14 66.18£0.18 68.07£0.98 72.90+0.88 76.40+0.46 77.88+1.25
WINE S (o = 0.1) 60.98+1.64 65.61£0.43 68.01£0.76 72.20+0.98 75.85+0.43 77.63+1.34
Dropout(p = 0.3) 61.89+2.00 66.89+0.44 68.64+0.52 73.12+1.54 76.75+0.61 78.49+0.72
Dropout(p = 0.5) 63.05+1.02 67.07+0.39 68.91£0.22 73.67+0.75 76.87£0.79 78.73+0.82
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S0 R M T RN T, TR (RN A L 2R 2 046
152878 4507 ¥ 0 100 25 1 55 Ground Truth 22 [H] 9
WR2E, L RN BRI A iR 22, G (0 R o B i
O FNEE T iR 22, i (R R - B A AL A iR 22

TETA 1Y 53 5% 22 B h , MC4S-SAM 1Y 4t fifg
W ElR 22 B, R 3 B4 2.4 6 17 H i (L 0 o
7N REBL TR B Ay BIMERR P . SR, Y R R IX B3l
G55 0 B AR AR IR, P Tl R RO X 4y

HMEREROR, PR B R E R o (HAH AT %
MC4S-SAM /598 He 25— I8, &l 3 /925 4 (617
Hag AR BT/, X FR B ERAE AR T R0 f2 /N i
W, W 3 RS 2 AT PR O BT s o A TR
3 ) 8 5 DX ] i A R R BN, oy T OB R A 5
Jo % B ZINER U Ao e I DX 14 U LA A v Y — X
P, nlBE 2 S ECHR A R, WA 3 YA 6 47 R AL
G IR . GEKFE , BIRMC4S-SAM 7E L 2852
2% DX IRATS A7 A — RE IR 22 , (HAR S T HA 7 35 AR
F A ) B, JC A 10 53 B A 4544 D7 T,
FORG R RN o JRINAE T BT AN 2R
STH+ITIEAE I Zhid i vh 2 5 S BURE 12 SRR, X ot i
AR RIS T RS DR AR A8 5 25 T — BchE IR AL i
UniMatch J7 % , o1 T8 5T i (9 D b 26 A8 RE A8 E A7 42
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Figure 3 Comparison of segmentation results obtained by different methods
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