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Multi-domain staining style transfer and its application in
glomerulus detection

MIAQ Yimin, WU Yongfei
(College of Data Science, Taiyuan University of Technology, Jinzhong 030600, China)

Abstract: Histological staining is time-consuming and irreversible in clinical practice, which leads to a
relatively limited quantity of renal pathology images, thus restricts the application of medical diagnosis
and deep learning method. A deep learning model based on generative adversarial networks was
proposed, style transfer between different staining techniques was achieved through a single training
process. Subsequently, a multi-domain staining style transfer model was introduced into the glomerulus
detection workflow. The staining transformations were performed using the staining transfer model in
experiments, and the accuracy and generalization of the glomerulus detection model were improved by
the the mutual complementarity of staining features from different styles. The experimental results show
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that the the images generated by the multi-domain staining style transfer model are reliable and effective

in improving glomerulus detection performance.

Keywords: renal pathology; deep learning; generative adversarial networks; staining transfer
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Fig.1 Multi-staining style migration network training process
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Fig.2 Multi-staining style migration network structure
BERL h—
| l transpose
convolution 7 | | ] ‘ attention map
feature maps (x) 1x1 Conv ". . ! E
g : L 'softmax self-attention
1 feature maps (0)
11 Conv @ | v (X)_L' B
h (x) ; { 1x1 Conv ‘
1x1 Conv a
3 BEEANGRTRDE
Fig.3 The implementation process of self-attention mechanism
BAHT o e RV | Jllo, e R, TIHE R 2.4.2 KKK

HW
0j= ) Bih(x)
i=1

K, ha) WERIERA

SHAIRAE" oy T A O IR 46 RE A A A

(2) FARBURRS AR MR, B0 A i 2 G 5 8
DIFATING . 75 IS8 G e A 1 1 PR T i

P EARBURURG . 5198 DN 75 B A RS 7

ZHERNRU—DREERENGR, £ yam me b ma e . S i SR -

(E AR R 2 iy € RO SE Sy

yj=Wyoj+x;

Ladv (G, Dgie) = Dy (x) + (1 = Dy (G(x, €))) (4 )
3 Sty ot A1 P B BRI s e AR

Xf, Wy e ROPESF T BB E G SRS it 5 D W2 F SR X 35 BUENR G (x, &) T



%5 6 4 BB, AF e 220 (O KUK e A K T B /N ERAGIN v 14 15 681

B UG x AR B FDNES o RN Rt B, Ak
ar G/ IMEXTPUR R i, 5] DI 25 2% 1l
KAz .

SAARET TR A B R 4 R
HEnAAe ), B M4 RE T L ER o &
HCEMR G (x, &) 1 BT J B8R4 7 1IE 4 1 53 2 75 A 4
bR B S ) | B s N G Uy [ i S 1]
HRBURAE ) P E Bl 3 2B R e SLanh -
L5 (G, Deis) = Leg (Deis (%, ¢)) + Leg (Deis (G (x,€) fg))
s Degr IR #0552 R <DL B A LR
G, O)TE BN AR % LA Legse HORIHH
Ds JUT T (14) 53 2 ME 6 R0 L S 4928 22 [) 1149 28 S
TERA LY, G DE 2 B/ Mo BBk, f
H R X BT 45 28 MR AT IE B 732

B —BUMIRE" TR R R SR
A BE M OR B BE A I S5 A ARAE SO0 & B XU i
i, BT 2K AR B H AR EMR G (x, &) F Tk
XA G e BT 26 AN GHY DR 8T A R e Dk
AR SR A 22 0 R 98/ o IR —BUrERUR 1Y
B XUNF

Leye (G,x,¢,0) = IG(G(x,8),0) = xll; (6)

Enk b S e Y WO E N S 22 S R 2
FEPE, T BRI 2% 0 A BURAR B AT A,
HRHIRE AT

Lrec (G, x,0) = |G (x,¢) — x| (7)

BRI WA R N DL LI Rk
B, SR

Liotal = Ladv + Acye Leye + Acts Lets + Aree Lree (8
K, Ayes Ass Aee NTREVBOEMHBSE, N T
PRAUE VI 25 58 )% 5 B R M e, K iR E N
Aeye=10, Ag=1, dree=10,

2.1.3 Wil
P A5 o VA 3 v 4 43 Sk 7B W i AT R

Jrigt 20 e B LRI R R, RS R
B BRI BR A o 0 W7 1 0 P 0 00 (A o
FRHCREP. R T s VAR R4 PR RE , AR SOl R
xR 25 (MARE), W {E {5 Mt (PSNR) A5 44 4
L2 P2 SSIM) b 2 52 141 45 714 1 P 5 6 A7 43 B
e

MAE 2 7% T (F R0 080 (1 =2 1) 446 X6 158 2 (1 °F-
BIE, xRREARESAE, o RBRTEN{E. MAE
eIy, U PR G B g

MAE:% ; i — £ ()l (9)

PSNR HI T 2715 5 WY B R n] BE N5 52 i
Fm B PR BB BRI FS A D AR Z [ R, W
FH T 00 A A0 A g i A s a0 O R . L
MAX> J PG AT BERY B KGR ME, 38 L 255,

PSNR = 101g(MAX>/MSE) (10)
A, MSE NYJriR#E.
1 M N

MSE= Z[I(i,j)—K(i,j)]2 (11)

i=1 j=1
K TMURESLENR; KRR ERFEEE.
25 ¥ AR ARLEE T R ) £ 7 A (BR8] Y AH AL
P, HWOH TS HEA R xflyZ [8) 19 3 4>
FRIE: el RFLLBE . 45K,

(pr/,ty +Cl)(20'w +cz)
(,u§+p§+c1)(o-§+o-§+cz)
b w HxE s pw y W E, o2 s
s oy Wy %, o By T 2 o,
o NS, RSB
22 BifreRE
2.2.1 Faster R-CNN H prfa 51

Faster R-CNN( region-based convolutional neural
networks ) " J7 5 S 3 45 A I 2 o FIX ISR I
M7, SR RCHERS I H AR AR . B2 R-

SSIM (x,y) = (12)

-, )

= FHERNC | | RPN BH R
AR 4% - 4% proposal

[ P p——

i1 RPN HE R,

: Rol R-CNN T
: pooling G
1
| 0k proposal |
: 3#| Rol |
: ﬁ‘ﬁER{'ECNN R-CNN loss
1

- S
i ABRAE | loss anchors

4 Faster R-CNN iR 2 &
Fig.4 Faster R-CNN flowchart



682 o B TR 2 2 R

2024 4F 5 46

CNN R 5 5k i gk fR A, FH T AL 48 19 R-
CNN #1 Fast R-CNN %%, Faster R-CNN H. 4 #
P4 G 00 R R RN B i ) HE A %6 . Faster R-CNN 1Y #%
O JBARJE S T e ik X IR ) 4%, (i35~ H
P A 0 3t i A8 45 9 1) 35 7] Il 2k, Faster R-CNN
AR 4 Frs

2.2.2 PHrdEdR

K 1% (precision ) P 245 76 i Bl 44 0 ) 58
RIEGIREA T, SEBR A IEGIR LB . e T
SRR I A 2 R BUOE R IE S, B A
e PE . HAHE AR

__TIP (13)
TP+FP
A Hr: TP(true positive) F/x ELIEH, B g5 % IE
B A N IE B FEAS B FP(false positive ) /s
TE, BB A R R R R IE B REAS B, RS
FRBUEIE B 0~1, BRI 1 TR LRI 25
SR ER .

7 18 % (Recall ) R 1575 T A3 SEB5 N 1E 451 14
FEA T ORI TR I Ry IR L], A
TR IE BRI EE T, BRI s s,
HEAXH

R:TJZN (14)
Ao, FN FoRB ], BIgE s ) R 1)
PIREARSL . A R EEEEDE 0~1, M 1%
7R T TE A5 A RN e T A

$1700200-1 | -

AR B

AR B F Y

- B i

F,"7( Fy-score ) J2 45 i 2% 11 43 ] 2% 14 8 A SF- 34
B, ZAEFHIETHENERE. Fol LUHREZES T
WA E R R e s e, IR A 2 R e
Fo HItEAAN

Fy

2PR
" P+R
Fi{E R BUETE B 0~1, 29K550 R A [n] K [6] f
Bemnl, FiiaiE . Follos 2R Ak m e
It S el W R e Yty L T

(15)

3 WX

31 HE&E

AF 5 r B FH %) B A s PR R 1 L e B
2 5 B s e A L P A N R R B 2014 4F —
2019 412 Wk 45 BB IE 0 BB 0 B TR R RE A
TR EA 4 MER, l0E HEE Qe tn . 5
FA =4 {6, (Masson's trichrome stain, Masson) . PAS
1 PASM,, [ifi J55 fifi il KF-PRO-005-EX -5 ) £
HI R PO T A B ETE AR T, H
L BT BT ORGSR 3 10 45 A 40 A
20 A 5 15 B 0 R 4 BE R I 0.25 pm/pixel,
JEUL svs M XAETHRE DL P BT A7 . 2850 i A
EERpR | FR oY) O v A R R A A
PN, PRAF R 4F B g 6055 4 09 B e B wsT 3k

kb #% 3L (5
WRRCR

svs H&L S
TR

B 5 WSI#EETE
Fig.5 WSI production process

R T I € 5 o o RS B sk, S
BrrhXF 4 i G g R5HE AR B /N ERZS A AT AR DG BRI .
BOPE S 00 B A B U S 2 B R AR A
ST, IR T AR R E R R R R A
32 ELHHET

¥ AR PR RE A A S, AR
22 e (0 T P R T e i A4 v ) RS A
Kenssm . e 0.5 MMERACE B IR, K5
T 0 PG AT AR AL . R Adam™ (L2

HATIIZE, ,=0.5, £,=0.999, % E 4 0.0001,
1000 25 %2 2] RIEATH B o 78 5 AR H B 2
JEPAT 1A AR T, R R/ NS 8,

XiF T B /NERRS AR, 5 PASMIE A Ay
ZINERAS I0 A5E TR I 2 ) 0 U B AR o AR HEAT I
B, fd R F 215 & AR 4k K T )R A Faster R-CNN
B3 E, H 2R 2 R 4k 2% B H Momentum
SGD, H =354 0.000 3, & KN 09, &t
90 JTIRIEAR S5 2% 2] KB 2 0.000 03



% 6 14

BB, A5 20 (0 XU A S AR /N SRAS I e g 683

AR SC T S B AR AL 4 Python 3.8.13 B A< Al
TensorFlow 2.11.0 R A W47 2, SLHE— &
Ubuntu & 4t 1 ik 55 #5 L H#EATHY, xRS a4 —
Ht TITAN X-12G GPU, 2GB RAM #il— 4> CPU K
Intel(R) Xeon(R) CPU E5-2680 v4,

33 EWHER

R TN 22l e e JXURSS B 4 BT A 1 A Pk g
TR BONTRRIPAL , ASCHAT T — R 55

B, B2 AT G el i 5 0h R A 3
BRI TP AT Y B i . SR, AR AR BRI T
AER AT FUIEAL . B 6 45 T gL A 5
W26 B AR S SR . Horp B R 22— 3 43 5y
A FhY sl TR IR IS, ZJ5 4 5085 500 5 R IE
AGORE X I 118 28 2o G £ e 4 I ) RTAR

H&E Masson PAS
N HE RS LR

Bl 6 ZiHBLBERENNERER
Fig.6 Generated results of a multi-domain staining transfer
model

MSLERZE SRV DI, Zoad G i i 4 ) 1) K]
QAL 5 B EURAEFE AL, JR404 %0 B
PR Ik A KUK o A 4 FhYe (B MG o, B
#i5y H&E, Masson, PAS [y 3 B4 (050 5 B I,
BENS 7F PR RIS AR Z5 M AN S A 1 00 $A XFR H A%
B RAK T A 3 e g e Sl PASM Bt €511
SRR, 305 A e AR I MO 45 )i AT 45
Mo kg T HAD 3 APt AH L, PASM Ly
YRR o B s, AE I R 4 v 45 e €0 38 R 5K
wAHE AT, PASM YL 0 SR AE 43 7 iY 27 ) 2
—ANAEXT R HE A R

ARSORE B 1) R 28 55 SE ik ) AR iG] 1) G e 4tk
Jk, AFE StarGAN" | SAGAN"", CycleGAN "
1 ComboGAN 47 T I #:, JfiH8 T MAE,
PSNR, SSIM. % 1 JE7n T AN Jr vk 78 B s H Ak
PadE b2

#1 P MAE, PSNR, SSIM J2853H SR T-E,
SRS W AR I 25 58 BUR BT IR O S50
25K, 5 CycleGAN, SAGAN, ComboGAN,
StarGAN # Lt , 5256 i H A B R 7E i A 4 A 3
JER AR MERE 7R T T8 B o BT A AT 55 B
SEHLT EeE ERME . ERCRLA RN |, SER R
WA RSB T S HOR ik . 5 — % — A ikt
PR LS AH b, 32 D00 246 38 2o Bk I 25 S0 2 A 3
M ge b, G T 2RI 2R, B R Mo
INT S8 . 5 ComboGAN, StarGANIX 3£ £ I,
AR A L, Z AN SR T .

R1 AEFEESRFEHEE LHER
Tab.1 Results of different methods on renal pathology dataset

J5id: MAE PSNR SSIM SHR
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StarGAN 58.657 17.14 0.747 45.7Mx1
A3 58.054 17.25 0.752 23.4Mx1
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Tab.2 Effect of newly added modules / loss functions on
network performance

ViRS MAE PSNR SSIM
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+HEE B 58.567 17.23 0.749
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Tab.3 Performance of PASM glomerular target detection
model in different staining datasets

Je g Hh=RP HIEHER 3
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PAS 0.789 0.691 0.736
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Tab.4 Performance of the model trained using the hybrid
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