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Abstract: In traditional pathology detection, the speed of diagnosis is limited due to the complex staining
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process and single observation form. The staining process is essentially associating color information with

morphological features, and the effect is equivalent to that of biomedical images of modern digital technology.

Sense segmentation, which allows researchers to greatly reduce the steps of biomedical imaging processing

samples through computational post-processing, and achieve imaging results consistent with the gold standard of

traditional medical staining. In recent years, the development of artificial intelligence deep learning has

contributed to the effective combination of computer-aided analysis and clinical medicine, and artificial

intelligence color transfer technology has gradually shown high development potential in biomedical imaging

analysis. This paper will review the technical principles of deep learning color transfer, enumerate some

applications of such technologies in the field of biomedical imaging, and look forward to the research status and

possible development trends of artificial intelligence color transfer in the field of biomedical imaging.
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Fig.1 Style transfer algorithm of Gatys et al®®., (a) Style and content reconstruction; (b) Style transfer example

20210891-3



o gk T A2

%24

www.irla.cn

% 51 %

SElR A =R . M Johnson 25 A M7 AR 2016 4E & R 1Y
B TRAR Tk — e 5, A O SRS IR R i Y AR R
HEAIE 5, LR R pR A, AR R — A
it 20 3 1) X 45 5 ARD , I B3 o b oA 2 T A
kI 2% 1y i A B AU AL S5 SR B, B TR
Az BB B AT B AT — T AL B BN AR

Style target
fW yS
" y
Input
image Image transform net
yC
Content target

J DL W 26 A R s m LR A L R, 537 B A fi b
(7 M B, A AR USRS AE 1 [R] B, A i 3 K 24
FETET 1000 fi5 . SR, BXHE I 25 45 e 9 02y
YIRS BE T, R B E R B T 22 H
o T 22 FL A Ay, AR A TR 5 B R A il R,
e 2 i .

)¢, relul_2 fgﬁ, relu2_2 211), relud_3 f¢, relud_3
style “style style “style

Loss network (VGG-16) @

f"ﬁ' relu3_3
feat

P 2 Johnson 45 A R 457

Fig.2 Network structure of Johnson et al'*’!

73— 5 T, A2 O BT 258 U GAN) T8 15 AR i 45
S R B SRR B RE 1050, GAN By REA AR 2 —
it N T AR A L [ 4% 30 T A A A Y
(G) 55 HRERL (D), A= 1 FH A T i A B AR AR \Ige
AR B, o5 A 1R — A 1 L R AR 5 S ) 45 LA DAy
— A ) TR AR, X LSRR AR AR R A A
X3 o AEYIZRAYE AR, Az s S n] RE Huof i i) o
FLSEAEAS B 20, 10 ) Al T RE ML IX 73 B AEAS
5 AR, AR A SR AR A X g, A

AR A — R R/ ME AL
rnGin m[tr;lx V(D7 G) :Ex~Pdata(.\') [log(D(x))] +

E_pllog(1-D(G)]  (5)

Labels to street scene

Iput  Aerial tomap ~ Output

Input

Input Output

Labels to facade

_Out
Day to night

Input

IEH T GAN R A A 32 ) HARFEAR LY 1L
SEREAR A B RE T, — 283 T GAN Y UG 3 4 53 1k
AHAR B P T RS TR IRIER . 2017 4, pix2 pix 55
VBT PR & FAE CVPR2017(18 3), BT 4
1 GAN(cGAN)™™, 41 It T 48 GAN, pix2 pix A Pl
FH MRS 1 SRy i ARG, T ol FH R P i A PR A 7
S, R M ST R KRS 9 T RS A 48, 3 R XE R G
FRAEYN L T2 1 10045 DU 75 28 X 19 LR ABOI 2 B4
I A AR S S A BRI, DR R A A Y
fig 71 5 e/ MU SE R R B RE R 5 ) B bR R AR
FSHI JC 2R o ST DL, Fh AR B R A [ AR
O (RIS, T 2% 19 07 S BRI LU IZ 0, e T

BW to color

tput

ut Input Ou
P P Edges to photop

Output Input Output

& 3 pix2 pix FEAb FALf]E7

Fig.3 Example results of pix2 pix*"

202108914



b Ek A2

%28

www.irla.cn

% 51 %

FiE BB . AR T4

A pix2 pix O 28 HAG T ARHUEME Z (0] B S e 46t
KARMBEST, (A o T HANZRAEA T 22 px i BIE, T
IR ST 0 v RORT A AR R AR ME AR AT, A IR R b PR
il T pix2 pix BN H . FfifE, pixp2 pix AR E TR
fif EAZ R R, B T — o A0 R A ) 28— 2 —
Ok L M 4% (CycleGAN)®), CycleGAN A 75 2
O B AR AE A 28 A 2Rk A, IR 200K 1 it
A HbHEARRE S A ZM L, @Y 2484, B
A ARAG A5 Z TR BRSR AR JOC &R o iRl 4 IR

H AR CycleGAN #f 7 T pix2 pix A 5L X Il 25 %1
I, (E[R] I, CycleGAN UL il PRI s 57 17 190 28 5%k i 4 1)
FEL Tl 2% 1, 3 TG B 2 1 09 4% 1y i o T4 2 BB AL

@ (b) c D

Dy Dy X Y

X

Cycle-consistency
E loss

DRI, R 35 0 A ) 24 P IR 22 e GAIN [0 2% B 06 470454
RAb, S RZE U T AEER—E AR 2%, SR ORI A R ]
RO SR TEHR IR RRA . HERZER NI 5 B

Paired Unpaired
X Yi X Y

P 4 o BN RS- A O B 2Rl 5 1

Fig.4 Paired training data and unpaired training data sets””)

(© D 5

R y X y

Y Cycle-consistency
loss

5 CycleGAN BIZERYS, (a) PiA IEHIRFR A IR (o) X SRR RO IRER R (o) ¥ SRR AR st i A

Fig.5 Structure of CycleGANP?. (a) Two generators generate images cyclically; (b) Cyclic reconstruction process of X-domain images; (c) Cyclic

reconstruction process of Y-domain images

Elth, G5 FRA A, Dy5 Dy %94, HIE
R — B0 2k 3m o FR A X B3] Y B Y R XAy
W 5 A R IR T 7 G A G R AN A R TR R

BLHE XE R . S5IKFER, CycleGAN A5 i 7% &
RS RN O SR (e | XS TR W IR e a ¥ a2 A [E1 210
T WnE 6 FiR .

Apple—Orange

Orange—Apple

51 6 CycleGAN [ R F M HIP

Fig.6 Application of CycleGAN in the field of color-transfer'™”

2 HEEMEFRERINA

TEAE W 1 2 e PR S22 ke v, 2 20l 200 L ) 240 it =
I 19 0 AP Al — B A8 W v d oy A —

FRPE AR R TR AR iR 2 2 5RO A s
JR A A A, (R P 5 R 1 H 4R, %
GEa WL 7 X E 22X LA 2 24 A iy 2%, KT,
VT BEAE N TR RE TR B 2 ) GBI ) & A I T 3B AIL

20210891-5



o gk A2

%24

www.irla.cn

% 51 7%

i B A BT AT 5 I PR 7 A A Sl AR AR R 2
BAR A3 Ar bt 720 8 6 B HE A o 1 2 TR 1),
21 ALFEFERFHAHNERER

FEIR A OIS o, B8 45 TAE & A 1A i ad 4
Pl e iR gy =X, K AN TR 6 B T 2 ) A1 2L )
Fi (10 A T) 235 g of [X 43 4 21, 3 4 1 6 4o A R Y,
HEHAYSE AT EERR ., XLal ——
SR T AW S BB R T IR AT 0T LUK 25 K R A
B RAE A R, SR E R 25 R B R
14 B S A AR, AT X A 28 Ak 2 e £ 1) 2 W 00 e 9 LS
HEAUY £, DAREAS AAS, 42 = WRER AR

Pranita 55 A\ 42 2| T 7845 W B AJC W O ik b
i R B 2 SR B AR LRk 2R (NLM) 181407
WG R YD R AT TR €0, B R TR 1
15 8 34 H&E Y (6 K4, 5 bR 7 A R BR
F A FFPE e Ul R W7 2] 7 il F A
Xt % B pix2 pix A5 70 TG W B 2 5T O 2 48 R AR 38
CGAN FERL, XF FHii#, 75 22— XX R i) NLM &4
FLH LU B2 Y 4, H&E % . DI, 44U 312
e o () H&E EMQ M ERRCfE B 6|2, b — i,
P CGAN A& RN 75 2 NLM [R5 1 20 255 B 2 e
) H&E EUR——XF R . Bk, 3> T R o A
FRHELGL ) TAER . W7 Fis.

SR W 2 21 Jy i A S B L FH b 45 38 21 )1 ke
AP 24, Q5T 5 AT T AR ME AR AT X [F] — UL AR AR - it
11 22 Pl o e G b B3 A B PG, DASE R 265 11 5 T
TG W B 2 33 05 i A DI 2 5080 (1 3R A T B 4
Horr, CycleGAN ixX — JG Wi B 2 ] WV BEIAY | e LA
e B T H AR R G B H A R 5 K i
fLfigJy . R SRS R B R ), HICH B gl
SRR, X R T — i A W B A AR S A

(@ _ : (b)
Source image Generated image

Generator (g)
Target image

Real Real
Fake Fake

Discriminator (D)

Source image

Generator 1 (g1)

Discriminator 1 (D1)

0 /) 3 47 7 15 o Teramoto 55 A1 fdfi ] CycleGAN
FE A A AR R AT T EG Y a0 ik i 70 e
2 B) A M B g e i e, SEBG AL AN TR 8 FToR . Zad AR
o VAR, R SEBR RS 4 IS 1 GO L R B S
U LSRR, AR 45 3T B IR AE i A, G el
DA SEAN [ F % € 50 N B FH T [+) 4 200 M g ) 46
feGe R B AE R I, U L Gt Bk A AR PR
il 2 1 A IS W R, FLBR A 0 R 15 S 6 5
AR R 2 A T I R PR, R I T IR
JE 2 > 1 (0 R 1 A% F A AR A o e Ak 1) Ak B g
5 R YRR, (PR AR SR A — e R AR
50T N U TR G Yt 9 AR W R AR R AT S IO B
Br, INTT25 e EL . X — i B v, B2 55 A LR
HE RS ARE AR BAIU AN EZ, I HigmE k%
RES W, XA L, BRI S R TR
P AR AR R 5 R 2 2 RIS I 454, 7E
RS i 5 v R AR TR S Lo AT
fii ] CycleGAN Xf ' /NER#E 4T H&E e 4, 45 34 A
% faster R-CNN Al 5/ Bk, JF iy PO 44 B2 2R 3F 4
(Un1& 9 FiR). SEERss R W], B A JO Ik X 4y FL S e
CGRIER Y@, H 3 B /NERE Iy 248 1 B 2 F s
WCH . O IEROR RAT, $0 T B R 2 WY
ORI TAEA BYF A sh ik By is Wi diis .
FERTR I BE 475 5 R, i s — e i Ui U0
ME LI B B I 25 B A TR PEAL o TR B
75 A O S NG R e e o3 DO NS ER  E WO
P 2% A5 TR AR A S By o B, A HE H&E Y £ &
4, THC Je 0 RS ELA 3T i (6] LU BEDY, Xu 48 0% 4
1 44 cCGAN [ 28 B AL, Xf CycleGAN #4717
S, S IS 2 00 A A )RS S R 4 R R A
I H&E e (8 KR 5450 THC e 4 BUR, SE 1

Cycle consistency loss

Generated image Reconstructed image

Generator 2 (g2)

Target image Source image

Real
Fake

Discriminator 2 (D2)

P 7 Pranita 5 NFTAECY, (a) HIT RO UGB pix2 pix B (b) JEECXT EUG BB ER CGAN HRY

Fig.7 Experimental results of Pranita et al’®” . (a) pix2 pix model for paired image translation; (b) Cycle CGAN model for unpaired image translation

20210891-6



ot Hg bR
%2 www.irla.cn %51 A

Z T BHEIR m BRI, 8 TAER — 23 b I 9 45 R AE 55 5 1 2 ] 25 SRS, RIS AR
PEATHE AU THC B, FEAR T IRAS (P 10). de Bel 5% 25 o X FRVFAR LR R 8 AN B T3 N, () B O
NV R CycleGAN HEAT 1 fi] BRI AT A0 1A SE ok, o 24 FHE S B NS, JLAMAaIE 11 B,

@ (b)

Real Giemsa Papanicolaou Real Real Giemsa Papanicolaou Real
Giemsa to papanicolaou o Giemsa  Papanicolaou Giemsa to papanicolaou  to Giemsa  papanicolaou

8 Teramoto 55 ANSZIREERI, (a) EFLILEE R (b) WRIR AR 5% e R

Fig.8 Experimental results of Teramoto et al'*). (a) Transformation results of adenocarcinoma; (b) Transformation results of squamous cell carcinomas

(a) Input x
Real (®) . _
€a Generator Convolution  Relu Pooling Fully connected
G () Fake
Loss H&E
. Generator G (x)
Discriminator FQ)
Dy F (G(X) Discriminator Convolution network Regional RPN
Generator Dy proposal layer
G() Scor. ROI
G (F(y) Loss core pooling Feature
Fake Generator layer mep
F(y) F() Real Location Fully connected network
PAS
Input'y
(c) 1.00
0.95
0.90
= 0.85
2
(%]
] 080 ¢ H [H] (NF)
& 075 | HL
2
070 r :{Z]ﬂ)
065 | Hemni
H & P2H [P2H]
0.60 | f . . . .
0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00
Recall

19 Lo S AMTAET), (a) Lo 5% A CycleGAN 45#4); (b) Lo 45 A1 faster R-CNN £4544; (c) i AN A ¥ H&E YNZRBIR R INAN [R]85 1) P45
FAY P-R {HLR, Hrp<O Ml <20 3R th U4 B A= X H&E Hil PAS UG T N TGN B2 2R
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L1
loss

Source image  Grayscale image with mask

GAN2 D2
loss

Target image  Grayscale image with mask

[80]

D1 GANL1

loss

Reconstructed
source image

Reconstructed
target image
Style reconstruction

13 Chen 4 AF2 H KB I — (LRI Z AT

Fig.13 Stain normalization network architecture proposed by Chen et al’*!
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1. (a) Flow charts of computational algorithms for colorful PIE microcopy with only

one kind illumination; (b) Vision comparisons of colorful PIE microscopy images and conventional RGB brightfield images
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Tab.1 Statistics on the usage of color transfer technology
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CycleGAN backgrounds
Combining different medical image information
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GAN J PIE
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lens microscopy
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