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Abstract: In whole slice images, renal tissues exhibit irregular shapes, significant size variations, and similar textures and
structures across different tissue types, accompanied by the challenge of class imbalance. To address these issues, a
lightweight kidney pathological tissue segmentation network, ASRMU-Net, is proposed. First, a spatial reconstruction
unit (SSRU) is introduced in the shallow layers of the network to capture spatial information from different renal tissues
using average and maximum values. Through gated mechanisms and convolutional operations, spatial features are

adaptively reconstructed, and useful features are enhanced via cross-recombination. In the middle layers, an ASRM
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module is designed to enhance feature representation by reconstructing and fusing spatial and channel features. In the
deep layers, a channel reconstruction unit (CSRU) is integrated. This unit combines adaptive channel splitting,
compression, and depthwise separable convolution to effectively fuse high-dimensional and low-dimensional features,
adaptively reconstruct them, and distinguish tissues with similar textures and structures. Finally, an improved loss
function is applied to optimize the model and reduce the impact of class imbalance. The enhanced network achieves
MDice and MIoU scores of 85.4% and 74.8% on the interstitial fibrosis dataset, and 96.1% and 92.4% on the AIDPATH
dataset. The results demonstrate that the improved network achieves higher segmentation accuracy with fewer parameters
compared to other medical segmentation models.

Key words: lightweight segmentation network; whole slide image; kidney tissue segmentation; gpatial feature recon-

struction; channel feature reconstruction
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MAU-Net 87.7 77.8 82.4 89.5 84.3
ASRMU-Net 88.2 78.4 84.3 90.6 854 =i

%
22 oy BB R AL Wi foU B B (%)

e NT. IF_ | VES GLO MU
U-Net 72, 626 705 827 733
UNet++ 72 621 721 8l6 732
CBAM-UNet 760  60.1  69.1 803 714
MAU-Net 781 636 700 809 732
ASRMU-Net 789 645 729 829 748

CBAM-UNet"**,

B 1 P4 R LUE H, ASRMU-Net 7 NT.
IF. VES 25 b1 Dice Z%05r 3124 88.2% 78.4%-
84.3%, ¥ N Ei . AN, ASRMU-Net [f] MDice T5¥5
KB T 85.4%, i | HAREAY. 5 U-Net #HEL, ASRMU-
Net HIRTE GLO Zj] FBEAIKT U-Net, {5 NT $25 1
1.1%, IF 3215 7 1.4%, VES #2511 1.6%. 3 2 n LA
FE th, ASRMU-Net it K ToU Z B E A
JUIAE NT. IF M1 VES K511 IoU FH BT, o
BHER T 78.9%. 64.5% F 72;9% aﬁ GLO %] F
B3 T 82.9% M s, AHEL T MAU-Net, ASRMU-
Net 7E NT. IF. VES. GLO A 1111 ToU FAL5 5
#=IL T 0.8%.10.9% . 2.9%. 2.0%, MIoU 27} T 1.6%.

W ASRMU-Net 1) 5.3 {34 76 T SLAE AL FE R BRI TR A

S bR s R B, eI IF (18 R £F4E1k) f1 VES
(&) X AN L. 4925 T 28 [ E A4 ¥ T (SSRU)
XTA AR B AR Ak, (1545 8 % B 4 b Al 42 AN
FIOU) DX 3 14 72 (B ARFAIE 5 [R] B, 33 44 570 (CSRU) i
— 3B B T I I 8] AR 2 T, AR TE T SR
(B INREAE R DX 43 BB ). SR B mT Ak 25 SR an 1] 5 FToms,
GT RN EIHRAE.

s : e A~ e
GT U-Net MAU-Net CBAM-UNet UNet++ ASRMU-Net
B B VvES [ GLo

5 R YECEERE D FISRR 2 E

S5 AT BUR B, U-Net 208 155 SR 7 %)
NI, HF BAE BB /N IR & M BU™ E A RRILR.
MAU-Net & id 51 A 2 5 & AL B8R Loy &)
BON R E NBR, EAE ML 53 F I AT SR A7 AR 7™
H AR F, R R AE AU ZE 7> . CBAM-UNet 5
N T ) 58 IE T IR, AT A2 BN e B HE

180 #H A4 AR Fi% Software TechniquesAlgorithm

Tl R B /N K, RUAE 23 0 L I 2 B R B 2K . UNet++
T T % AR (1 R RO A A AR Y R T At A AR B AN A R
FEFPARFAIE, A3 43 B0 — 2 D50, (EO6 T I8 0 /)N
BRIIA 2 1) 53 BIE R A K IRAR. A SCHR 1 4 A Y
ASRMU-Net il i 7% [A) # A4 B0 A8 I [A] Jo 2F 4
v B NE IIA S 5 1 SE DR i, G TE E R BT AL
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O] T ANV L. X L gs AER T ASRMU-
Net 7£ 2 2873 #1375 50 0 20 i BA S 2 40715 53
FPURG B AR T AR R R L T S 47 ) P .

BT AIDPATH 4 8 PRV 2 B /N ERFEE B /N
BK, FrAIEH MAces MDice F1 MIoU i AR AL 73 1)
RS, A FEAAE AIDPATH 454 L3k 417 5256,
S A5 R 3 Fow, s E I AR R R,

H3  BAEIBEIZE AIDPATH $0 4 FSEIb g B (%)

A MAcc MDice MIloU
U-Net 96.2 95.9 92.1
UNet++ 96.1 95.7 91.8
CBAM-UNet 96.2 95.8 92.1
MAU-Net 96.0 95.6 91.7
ASRMU-Net 96.2 96.1 92.4

ASRMU-Net £ MAcc+ MDice 1l MIoU i% 3 Jiiig
Fr B4R T ARG R, 73N 96.2% . 96.1% Fil
92.4%. 5 CBAM-UNet M BAB & Mdce I, {2
ASRMU-Net ] MDice $£ % T 0.3%, MIoU $2
0.3%, Bl T ASRMU-Net 743 1 [X 35k — S A1 2 51

18] [X 73 bR 34 X % B ASRMU-Net ] ASRM FHe
FERFAEAAL 77 T 58 BAR 35, A5 &b 1 4% 18] A a3 T
4, MR TR R IARE ), RIEAE PR EIE 551X FEM
Xof T2 37 5, ASRMU-Net {7528 g% 8 i 48 35 1 4k
HURFAE 18 55 0K B 5 LK 7. 7 AIDPATH L [ SE56 ]
AL il 6 Fiow, GT Rom B bRk, I 6(a) 1T
PLR B, 788 /INER 5 R B /NER 1 41 2L 203 B B M DL
U-Net. MAU-Net. CBAM-UNet. UNet++7) 1 i (1]
B INER FRTE 25 G54 > A7 AE LR IR LR, ASRMU-
Net 5] A 175 8] # #4 570 55 38 18 FA4 B 0 RE 09 1 iR
B NER S A BUNER, OF B B S T o se BN
NER. HER6(b) FFLURIL, *4'E /NER SR /NERIX 73 FE
bt , ASRMU-Net 43| H ) B NERTE 25 0 4 R B 1
SN BORFAE. B 6(c) AT BLACER, FEAR i 7 IR Y
SAFAE I 53 #1517 53 F ) A /8, ASRMU-Net 5085
b oy FH B NER, HEE RS GT B4k, ASRMU-Net
FEAN [ SO ARALRE AN X 43 BE R, BRI AR T oAt 43
EBLAY 1 BE.

Image. i Y GT U-Net

K 6 AIDPATH $(#54E 42145 R =K

BEAh, ¥ ASRMU-Net 5 H AR () 2 502 3H4T
b sege 45 B 4 Fion. ASRMU-Net 767 E4F 45
DU (1) 2 55 B S B 1 S v PR 2 RS 2. AL ARER B
R T gl N 7 2 E E A H T (SSRU) FI iE H AL o0
(CSRU). SSRU REM =y R i 412 4% J&) 25 AR AIE, A4k T
R AIE [ 1) 23 18] TU A 23 A3, 10 CSRU WL o 5 38 3 1
PN 58 TR GBS B IR AR /). X P
A BT B K T TURTHE, [RIBT4T T RHER

MAU-Net

CBAM-UNet UNet++ ASRMU-Net

iKBE ST, F840EB] T ASRMU-Net 78 308 5P fg 2 [A]
I - 5

K4 Fo B SHE K AL

iR SHE
U-Net 34527236
UNet++ 36 629 828
CBAM-UNet 34571148
MAU-Net 11110 720
ASRMU-Net 21317 542
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2.5 HRASCLS

TE [ 57 £F 4 A Bt 42 1 T8 Bl o 25 g 5 fr
7N, LLU-Net NFEMEM L, B DRI A5, A
SSRU ##i#k Ji5, Baseline £ MAce M 84.5% 12T+ %
85.1%, MDice M 84.4% $&F+%1] 85.0%, MIoU M 73.3%
Pem B 74.1%. IXLEHRTF R B, SSRU RS A Rt 1 5
TR 1) 2 ) 45 AAF 2 EURN Adh B R 7, 3 Ik B 1 350 2 1)
FEEM, T T o BIMERRPERS A L. Z£5] N ASRM
J5i, Baseline Y1) MAcc 1527 85.3%, MDice N
85.2%, MIoU $2 T+ 5 74.3%. XK B ASRM i #
TUARRFAE RN 50 AT BURFAE, B — AR A T R Y 1 Jd
FoRAE S, 24 SSRU. ASRM Al CSRU 41 & F I, A5
RIf) MAce MDice A1 MIoU 43 5iE%] T 85.6%- 85.4%
A1 74.8%, Hidk—F T+ SSRU. ASRM £l CSRU [
W RVE L, A BT AEA R4 R R AN 2 R TE 3k 1) £
(E R W%ﬁﬂﬁ:ﬂ&ﬁﬁ‘ﬁﬁé%ﬁ R [E] I, I R
it B b AT 2 AR 38 38 115 S A

£ 5 AR R AT A EE A T RS (%)

A MAcc ~ MDice  MIoU
Baseline 84.5 84.4 73.3
Baseline+SSRU 85.1 85.0 74.1
Baseline+tSSRU+ASRM 85.3 85.2 74.3
Baseline+SSRU+ASRM+CSRU 85.6 85.4 74.8

3 4itERE
BRI R B 22 Wb K SCBE P, BLAE B 414
TR ATNNE . RN 25 SRR AL 8

G AL, CURCRR AP R EL SEH 7 —FhiRE

2 HL 4 1R 0 B4 B R 9 B4 200 %1 X 4% ASRMU-Neet.
I 51N A A BT (SSRU) ?I‘E%ﬂﬁiﬁ%ﬁlﬁ%
i Sl AR (ASRM BB LI S8 F 1 270 (CSRU),
FE TR E S [ B PO 48 J2 kA 0 5 1 R AE A i

50r2K68 7. A, kA R s B — S0 R T 20
AN 1 0 RS 1 R O . SE G 45 SRR, ASRMU-
Net 7F [8] 5 £F 4E 1L 5038 £ Al AIDPATH 20454 14> 71
U8 T 85.4% ) MDice. 74.8% H1 MIoU UL} 96.1%
) MDice+ 92.4% W1 MIoU, {1t T B4 i 243 B R
A, ASRMU-Net LA/ (12 505 Sl 1 5 & 1) 40 )
K P, IR 5 1 51 P P RS 7 1A I P B AL R
R FIRIE 72 T AR 33— 25 Ak X 4 25 4, 4 v 40 ARG
FRER, FHAE R ) 22 Hp o B ACHE 4R 1 B0 AR
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