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Diffusion model-based staining normalization for colorectal image

Li Zicheng' Jia Wei'?  Zhao Xuelen' Gao Hongjuan'”’
(1. School of Information Engineering, Ningxia University, Yinchuan 750021, China;
2. Ningxia Key Laboratory of Artificial Intelligence and Information Security for Channeling Computing

Resources from the East to the West, Yinchuan 750021, China)

Abstract: Existing staining normalization methods are unable to accurately extract the complex structural features of
colorectal pathological images, resulting in the loss of partial structural information and the inability to generate high-
quality staining-normalized colorectal pathological images. To address this issue, a staining normalization method for
colorectal pathological images based on a conditional diffusion model is proposed. The proposed method includes
conditional diffusion model and image feature reconstruction. In conditional diffusion model, firstly, the Markov chain
forward process is employed to add noise to the original colorectal pathological images. Then, the noisy images and
conditional images are input into an enhanced denoising network for denoising. During this process, an enhanced
activation module is utilized to learn the deep features of the colorectal pathological images and capture more contextual
information. A skip-connection spatial attention module is introduced between the encoder and decoder to accurately
extract the positional spatial information of the colorectal pathological images. Finally, a pyramid feature extraction
module is designed to extract the features of the multi-scale conditional images and generated images, and a
reconstruction loss function is constructed to optimize the performance of the entire network. Experimental results
demonstrate that compared with existing methods, the proposed staining normalization method can generate higher-
quality staining-normalized colorectal pathological images on public datasets GlaS and CRAG.

Keywords: conditional diffusion model;colorectal pathological images;staining normalization; denoising network
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P B9 B AEOGIEE B 1 5 5 s RR b e i, B4 0 il
T AR N (30 R (3D TR,

HE SR CHIR,

SCC = 29

=N
IR] o

DIy —gan?

n

RMMSE = (30)
D IRMSE* (2")
RASE = +- B —
Her, £ Mg 4 B om0 8L BSR4 K
1% .M FoR B IR 2618 MR N A6 3 I B 0 7 25 58 5 (E
2 =1,2,3) XN R.G,B B .

3 XRERSHM

3.1 BREAEHWERELE

AR SO MBI YRR S L, A A L, 4L
T AR Mg P EERRTOE L, Nk E L, $IRANE
J 1 KB SRR L, BURANE v ME . REEBEIR
mFE 1 Frs el RS v M (E . WA 2k i RE AR 1L,
My = 0.001 B, DMSC J7 2 A4E uli B AR 5 & B 4, 38 b

3D

LLPERCHERR I . SCC Wi 85 R PR i s il i b 4 B
R1 NESHyREEXRE
Table 1 Selection experiment of weight parameter ¥
SSIM PSNR SCC RASE

4 GlaS CRAG GlaS CRAG GlaS CRAG GlaS CRAG

0.01 0. 831 0. 836 24.02 23.21 0.262 0. 264 1320 1 309

0. 009 0. 856 0. 843 24. 14 23.18 0.273 0.272 1229 1216

0. 008 0.861 0. 855 24.26 23.23 0. 282 0. 283 1181 1156

0. 007 0. 863 0. 853 24.13 23.11 0.272 0. 264 1 056 1 089

0. 006 0. 869 0. 863 24.21 23.18 0.276 0.271 1146 1123

0. 005 0. 873 0. 854 24.03 23.21 0. 281 0. 276 1121 1096

0. 004 0. 872 0. 867 24.06 23.33 0. 288 0. 281 1063 1056

0.003 0. 867 0. 862 24.21 23. 38 0.295 0. 286 1011 1106

0. 002 0. 875 0. 867 24. 46 23.42 0. 289 0. 294 995 1 006

0.001 0.878 0. 869 24. 56 23.45 0.301 0.297 987 1021

0. 0009 0.872 0. 868 24.23 23.21 0. 285 0.274 1002 1210
3.2 HESRW JH EDNet, 3 HFEH 5] AT EAM, DL K 78 4 5 2% 5 fife
ARSCEE M T — Rl AR AP OB R Ty vk AR R M R b i SR B0 CSAM, fEH A RRAE R % it B v B0 EPFM
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HEATHRFAE 42 B, O 95 TE 2% B B 1 A R B T RS
K. FEMH@SCE T, % B EPFM Ml ResNet50 439 5 4 1F
PR H T/ Transformer W% . EAM.,CSAM # 17
A IFHAE GlaS Rl CRAG Hfi 4 EiEAT 5258, DL 4 i i
il BT 48 5 15 1 6

FARHPIE AL SC IR N R 2 iR, AER 2 il g F,
Transformer-+ EPFM Al Transformer + ResNet50 ) J7 %&

TEMERE L e Bl i A Transformer SZFL T B9 & 97, 45
%) SSIM 845 LR T 7. 300 2. 4 06 Ui W75 36 i a4 45
RUUJG, &AW &Mt RARANED. &
Transformer+ EPFM Fll Transformer+ ResNet50 5 % |
HATHMABE R H G T URR, & HEG RIS T
Transformer+EPFM Hl Transformer—+ ResNet50 /5%,
I EAM . CSAM 75 1 & ¥ BE i 7 Hp #0445 4 B B4R

K2 BERAEMLE

Table 2 Ablation experiment of various modules

. SSIM PSNR SCC RASE
& GlaS CRAG GlaS CRAG GlaS CRAG GlaS CRAG
Transformer 0.728 0.712 16. 08 15. 96 0. 256 0.242 1427 1 356
Transformer+ ResNet50 0.752 0.756 16. 56 16. 03 0. 259 0.252 1359 1345
Transformer+EAM-+ ResNet50 0. 818 0. 810 16. 85 16. 26 0. 264 0.252 1325 1421
Transformer+ CSAM+ ResNet50 0.812 0.799 16. 72 16. 96 0.263 0. 251 1409 1339
Transformer+ CSAM+EAM+ResNet50 0. 862 0.852 23.12 22.65 0. 296 0. 295 1012 1213
Transformer+ EPFM 0. 801 0.798 16. 55 16. 09 0. 260 0. 247 1328 1342
Transformer+EAM-+ EPFM 0. 821 0. 815 17.23 16. 36 0. 264 0.241 1321 1426
Transformer+ CSAM+EPFM 0. 815 0. 802 16. 23 17.02 0. 261 0. 254 1416 1 348
Transformer+CSAM+EAM+EPFM 0.878 0. 869 24.56 23.45 0.301 0.297 987 1021

#x J5 » £ Transformer + CSAM + EAM -+ EPFM Hi
Transformer+ CSAM~+EAM -+ ResNet50 J57 &, 1 @ i
Kt i EPFM 76 SSIM WA 48 5 1=, 2 A4~ B4 4 4>
59 HE Al ResNet50 #2855 7 1.6 %M1 1. 7% . XA A UE T
EPFM 5 H A He 42 20 4 I, 76 % > 45 1 o B IR1 45 T 4%
Y, AT oM e . JF B 4 MM bRk
FRAE AT R, SRR HETBEWEN, %
NG5 H 1 s MG i R )2 FR AL, OF LAl 3R B IER BT SOfF
B A e BRI BT, R PR A E BN

=
S,

BB AR AE 2 A A JREHE 42 19 3% $R S0 N 3R 3 TR,
MR LLE B 6 R R E AR, — ik 35 0
Xof I ) 25 K HEATSRAE . Y UIZRI () 25 KB T =4 000,
S AR v A SRR KB R 40 B FE]E] RS R 100, K
I, SRR A S E] 5 31 2 {4 000,3 600, 3 200,400,0}, 7EA
SCEL L B Al 0T 2R AR e i RS R
25K R ) o AR R R AT R . R S, = {40,20,10),
BERME 3 i, X FIA AR LA, 4 AT 18R E A
R, MK S, = 10, His 4T & BB 5 AR TE
RRACHT R, 7 1) 2 i iR R A Kl 10,

RI3 HESKE2ANRNABEEEFEIE

Table 3 Experiments on the selection of time steps in two public datasets

i ] BEATH ]/ SSIM PSNR SCC RASE
GlaS CRAG GlaS CRAG GlaS CRAG GlaS CRAG
40 1.78 0.877 0. 868 24.3 23.46 0.302 0.294 982 1029
20 1.35 0.872 0. 861 24.6 23.39 0.299 0.291 988 1031
10 1.21 0.878 0. 869 24.5 23.45 0. 301 0. 297 987 1021

3.3 LRI

A SC TR U5 i DMSC 2 78 4 A 4 (97 R A
CNCDM FUERAE 42 L™ 45 FPN #E47 me itk i BEml_E 32 1 Ay
IrE 1% 7 ¥ % ICDM #l EPFM 40 4 78 — 2, ICDM %}
CNCDM H7 (1t 25 W (o 25 19t 17 4t o 35 o 7 25 Wt o 2 o fiff
EDNet, EPFM J&XF FPN #E17 gic it , 4 5 # i EPFM 42

BURRAE, b U0 W] Bk #E )5 B AR, K DMSC 1y ICDM Fi
EPFM 43555 CNCDM Fil FPN K H 30 2 ik 45 70 i T gk
7 AN T 25 (1K) 2% 1§ BB B (noise estimation network-
based conditioned diffusion model, NECDM)"* FI1 3% H
CNN F1 Transformer B 4 F 3 & LM 4 (CNN and
convolution  network,

transformer-based pyramid
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T # K

PYCNDP™ 3 47 52 86 1 &2, H & 2 & CNCDM + FPN,
CNCDM + PYCN, CNCDM + EPFM, NECDM + FPN,
NECDM + PYCN, NECDM + EPFM, ICDM + FPN,
ICDM+PYCN A1 ICDM+EPFM JUSH4H &, 9 4 H &
R E 4 PR, NRPFTLLE H ,CNCDM+FPN 4 & 7¢
—R 14 BT R RAV B R T HMAS. §
CNCDM-+FPN 414 # L . %F CNCDM il FPN g #f J5 1 4%
AR AR ERE AR A BT EE T, U6 B e if CNCDM #l FPN
MG RE g P M e )0 — b IR MR . A SCHR IR

77 DMSC ¥ ICDM F1 EPFM [F] i )37 JH 3 44 5 19 — 1k 77
EhLa WY e FEMABASEL VNS
NECDM # PYCN #H b4 . [R Bsffifi F ICDM F1 EPFM fig 4=
AT G B k1 RG24 L v L TR 1 B R
M E B E N, X B S e CNCDM #1 FPN,
ICDM P 1) 25 1 R 2% EDNet 76 i i 5 137 25 B 100 I 44 fi7
B2 ) B R, B A A5 45 T s BIL IS A0 3 R B G
F RG2S ERE S B, T EPFM B A RS I
o 9 B V45 Hp B9 22 RBE 2 TR AR A L

R4 FHYVHERNFERRNENHADRIE

Table 4 Experiments on the improved effects of conditional diffusion models and feature extraction network

. SSIM PSNR SCC RASE
ik GlaS CRAG GlaS CRAG GlaS CRAG GlaS CRAG
CNCDM-+FPN 0.803 0.793 19.21 19.02 0.251 0.242 1278 1264
CNCDM-+EPFM 0.822 0. 815 21.18 20. 04 0.258 0. 256 1159 1257
CNCDM+PYCN 0. 836 0. 829 21.82 20. 39 0.262 0. 259 1132 1235
NECDM+FPN 0. 840 0. 831 21.93 20. 82 0.271 0.263 1107 1203
NECDM-+PYCN 0. 847 0. 839 22.06 21.15 0.275 0.272 1056 1189
NECDM-+EPFM 0.852 0. 841 22.56 21.77 0.281 0.279 1041 1148
ICDM—+FPN 0. 859 0. 851 22.97 22.65 0.284 0.282 1035 1121
ICDM+PYCN 0.862 0. 855 23.83 22.93 0.295 0. 287 991 1098
ICDM+EPFM 0.878 0. 869 24.56 23.45 0.301 0.297 987 1021

DMSC i F T 2% {4 ¥ B A0 3k 47 e €6 0 — fh AF 5%
CAGN™ [SPCN""' [ STST!"' F1 MDST"* &} fdi FH T GAN
HEAT G 0 0 — LA 5T, S50 1 WO AL R GAN #R 8 F 24 1%
R (1 0 W , B 4% 38 5 2 2T B 0 A A A, S B R R
PUZEZS R 1Y 2% 2, S AR 3 WIORE 8 2 3k 9 Bl B A= i B
1800 GAN 2 i A8 B 2 A ) B 28 0 B A ks %
RestainNet"'" ) [ W B ML 1 (4 Ff1 B2 BF 5 95 20 P14 1) % £
EH—Ak . BAT, AR HT R45 R0 A AL T R e Y e —
AR 5T RS T 84 5 R R B0 UE 7R ST 42 7 13 DMISC
B PERE K DMSC 53LA Y 59 — 1k J7 % CAGN, SPCN,
STST,RestainNet fil MDST #E47 H % . A% 30K DMSC J5
5 A JLRP 2 g 0 ) — Ak 5 B 1R GlaS M4 Ry
4 PR AR AR AT g RN EE 5 R

x5 AEAAEXEGS MiXE LTk
Table 5 Different methods for stain normalization

on the GlaS test set

M 5 AT LLE ATk 5 CAGN, SPCN, STST,
RestainNet il MDST %t b .4 A PEA 48 bt B 4R 14 21 5 442
K, JUHAE SSIM iTHr 48 b b, B % 45 B 9 38 ER
SERE N EBE N 45 K AT B, DMISC kA B F SPCN
576 SSIM #R bR I B4R T 3. 7% . AU IEFE AN
A6 b5 £ 5 MDST J5 % %t HL b, SSIM 8 4n & T
0. 9%, A 3C 5 ¥6 R A & F Y WO I i 5 =X, JF B51 A
EAM.CSAM #il EPFM, H 8 45 i B 35 1 BEUR 1 25 40 15
BLOEARBERE L EMNEE S, L T3 T GAN
MEEF H BB LR PG a3 — 1 k.

AR B TE CRAG S48 48 B EAT T J5 ¥ 10 % L 52
Iy, a5 RN 6 Brn., R LI RFE H, A S0 ke
4 ASTE 8 AT AR EUAS T 548 1 P fig , DMSC i PR I T

X6 AEAEE CRAGMiKX&E LEBIT—1%
Table 6 Different methods for stain normalization
on the CRAG test set

7k SSIM PSNR SCC RASE Ik SSIM PSNR SCC RASE
CAGNM! 0. 835 17. 24 0. 266 1262 CAGN™Y 0. 831 17. 96 0. 255 1473
SPCN™? 0. 841 17.53 0. 263 1427 SPCN™ 0. 833 18. 04 0. 260 1521
STSTH 0. 845 20. 28 0. 282 1012 STSTH 0. 840 19. 56 0.251 1221
RestainNet''”) 0. 874 18. 65 0.278 1003 RestainNet'"? 0. 864 22.31 0. 245 1038
MDST" 0. 869 22. 47 0. 297 996 MDST 0. 856 20. 98 0. 281 1123
DMSC 0.878 24.56 0. 301 987 DMSC 0. 869 23.45 0.297 1021
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ZMMEE RO M ERS F P RBAOLEFR R L R RR T A B e B R B R . i AR R
Heifr, G UB H R PRI AR S A T W1 A AR TR 5 40 L B 2R A TR IR AR A

AT EHMEB DMSC J5 ik 2 AR Bge @ SCHR A DMSC Jr ik REis A A M i i (s B oc B B 0
I — AL B RCR AR S ) T an 6F)?xTEl’JTMﬂ:[§I jIAE] DX 38 48— ) B 152

353
V.

(a) RE%
(a) Original image

(b) fmWg 55 0 d 7
(b) The process of adding and |
removing noise

(c) £
(c) The generated image

Kl 6 DMSC J5 ik ity nl LAk &
Fig. 6 Visualization results of DMSC method

EFWA A IBIEE TSR E 7 iR, %05 DMSC FiEREH T A litkfe, R 7 H1i7H0
Eﬂﬁﬁﬁﬁl’ﬂ@!ﬂﬁéﬁbﬁ%zf%%% ijcfzetﬂﬂﬁ ﬂ:wmwcﬁmm CAGN, SPLN%HSTSTﬁ/ﬂs‘TE

(a) R (b) CAGN (¢) SPCN (d) TST (e) Rest;inet (f) MDST (g) DMSC
(a) Original image

VARV NCWR: S F/ASLS | € /1E M DLIE WAL E S

Fig. 7 Visualization results of different methods on public datasets
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