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Survey on the applications of deep learning to histopathology

Jin Xu, Wen Ke, Lyu Guofeng, Shi Jun, Chi Mengxian, Wu Zheng, An Hong
School of Computer Science and Technology, University of Science and Technology of China, Hefei 230026, China

Abstract: Histopathology is the gold standard for the clinical diagnosis of tumors and directly related to clinical treatment
and prognosis. Its application inclinics has presented challenges in terms of the accuracy and efficiency of histopathological
diagnosis, and pathological diagnosis is time consuming and requires pathologists to examine slides with a microscope for
them to make reliable decisions. Moreover, the training period of a pathologist is long. In many parts of China, pathology
departments are generally overworked due to the insufficient number of pathologists. Recently, deep learning has achieved
great success in computer vision. The utilization of whole slide scanners enables the application of deep learning-based clas-
sification and segmentation methods to histopathological diagnosis, thereby improving efficiency and accuracy. In this
paper, we first introduce the medical background of histopathology diagnosis. Then, we provide an overview of the primary
datasets of histopathological diagnosis. We focus on introducing the datasets of three types of malignant tumors along with
corresponding computer vision tasks. Breast cancer forms in the cells of breasts and is one of the most common cancer diag-
nosed in women. Early diagnosis can significantly improve survival rate and quality of life. Sentinel lymph node metastasis

are visible when a cancer spreads. The diagnosis of lymph node metastasis is directly related to cancer staging and surgical
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plan decision. Colon cancer can be detected by colonoscopy biopsy, and early diagnosis requires pathologists to examine
slides thoroughly for small malignancies. Computer-aided diagnosis can increase the efficiency of pathologists. Moreover, we
propose three key technical problems: data storage and processing, model design and improvement, and learning with small
amount or weakly labeled data. Then we review research progress related to tasks, including data preprocessing, classifica-
tion, and segmentation and transfer learning and multiple instance learning. Pathology datasets are usually stored in a
pyramidal tiled image format for fast loading and rescaling. The OpenSlide library provides high-performance pathology data
reading, and the open-source softwareautomated slide analysis platform ( ASAP) can be used in viewing and labeling these
data. Trimming white backgrounds can reduce storage and calculation overhead to 82% on mainstream datasets. A stain
normalization technology can eliminate color difference caused by slide production and scanning process. The classification
of pathological image patches is the basic structure of whole slide classification and the backbone network of segmentation.
Mainstream convolutional neural network models in the field of computer vision, including AlexNet, visual geometry group
(VGG), GoogleNet, and residual neural networks can reach satisfying results for pathological image patches. The patch
sampling method can divide a whole slide image into smaller patches that can be processed by the mainstream convolutional
neural network models. By aggregating the features of sampled patches through random forest or voting, a patch sampling
method can be used in classifying or segmenting arbitrarily sized images. A migration learning technology based on neural
network models pretrained on an ImageNet dataset is effective in alleviating the problem introduced by the small number of
training samples in histopathological data. Fully convolutional network (FCN) represented by U-Net is a network designed
for medical image segmentation tasks and are faster than convolutional neural networks with patch sampling methods. To uti-
lize weakly labeled data, multiple instance learning (MIL) treats whole slide image as a bag of unlabeled pathological im-
age patches. With bags labeled, MIL can be used for weakly supervised learning. Finally, this paper summarizes the main
works surveyed and identifies challenges for future research. To make deep learning-based computer aided diagnosis clini-
cally practical, researchers have to improve model accuracy, expand clinical application scenarios, and improve the inter-
pretability of results.

Key words: histopathology; deep learning; convolutional neural network; transfer learning; multiple instance learning

0 35

][

A EE (histopathology ) S 5 Bl & S 7E 1
T N WL ) v R, A 2 I K |
i EE 12 W B B B fE (Nature, 2017) o ZH 20055 25 1Y
WFFEX RZHY) 38 T AR BT R h I sy
HLRE S A [ E ELHR ) R R0 0 25 28 TR )
JUBOKR R 2L, BT T30 o B EE A
T L 0 RS B ) i LA 27, X L2
JEARME B2 A I 225, Qe il A dH D) iy SR 2D
TR AR A G 550 AT DL 7 A (] 1) 240 JfL R 2 2R 254
AN FIF AT (hematoxylin and eosin, H&E ) 4 47|
AT DATE S IAZ AN A0 BT b % 5 B0 A e X L, a2
e iz i B a0, AT DL TV 28 W) B 4
ZURRL, IAh, i A DLz 2H 2 “# BOR (immuno-
histochemistry , THC ) 2y 5= 15k S (A HOR 3 3 18] B
FRPBELAAL SRR PR 5 B RR S 455 1 i 2
R AGHIN ZH 1 e ) — Sk 5 1) IR B 2 1

YU B 1 s RIZ BT TAESHE R, 2K
HERPE5 I PR 28 (127 e LR A . B PR A
e SEAGRMARIE A UL 5 2RI, 25 th PO 1 R
P& MR 00 B 5 G, 25 A IR L LA R
MRZR IR AL S 9k B 4 e A% 2 1 1 U 83 140 23 48
Xt T AR B B, i T A S R S T B
45 IR I2

T OUT , AL AR AR AS i REAL L
SREULA- SRV F, B A0 Ja A Al LSS iz i
O B TR o R ) A9 S 2 R L, i A o0 A
AR AT REFE L0 P B LR AN . R PR A
BRI R B0 2 400 5K

TESNBHRAR R, O T IR E VIR A P o, I
P HE— L TR T, 5 2 H e AR pRd 45 1 12
Wittt o VKURYI R (cryosection) FA L TR UK
VRUD A ML B XA U0 A, B e e i 41
W R AR, A RO 2 T Al SR —
MEEATFTIARATRE 2 4 B A sKoKR Y] Fr, X 461]
Fr— s B AE 30 min Z A4 2R o 75 [E]

1983



1984

PEERERFIE

JOURNAL OF IMAGE AND GRAPHICS

Vol.25,No. 10,0Oct. 2020

AT BIR PRI 0T AT 114 0 T ) 255 36 1 A 4 4
ARARF5 0B R

i — AT i B AR R AT R L BB A
LUHIBUR , 2 2018 45, 3 [ A P A B P AR L
A 1TITRNBREIL 90% (HERAF-4657,2019) .
3o TR A0 L ke A B 7 r AR ) AR J i
TGl A2 W DA S8 5 T o B2 W T AR A T e R

UTARSR , TRIEE 5 ) 7 i A Sh S LA 5 T
T BRI BEH BB e b) i H i EoR
(5 , o BELUT R BE LA PR AT 0RO, (8
PR TT 5 T U TR B U . — 283K
JE 25 ] (I ZH 2 I B2 W85 7 3R T B R, X 287
VA RER il B B IS A2 102 W AR i i PR 232
W HRORE IR 9% 7 114 TR L5 i s ) B S8, A0S B2
ARSI o, 2 gt g B2 T 5 AN 2 19 R85

ARSCZAAER R 7 ) T AR L i B 1Y
BEABEFEBR . 1 S AR T 55 LA SR
T BEAAWTTE AR R A i R PR R R, 15 IR = )
TELH S L2 W B 2Bk HRM ik S
TR 2 1A PSR A ST A i 1 1] X 6 Bk i 25
FROR T 58 o R AR SORH A S AR EA T V4G, R4
AR S SRR,

1 HALARESITRIHR RSB

o L IR A DG AR AR B T LR Y]
F G BB — AT LA BERUEE N 0.2 um 7245
ARG . B4R e bR S A 32 i
BEAOGAHOR R GE A4 R IY) 1 2 B e
g, R4 )7 (6145 (whole slide image, WSI) 1
Z 1 e i B C 208 U0 i B AR R S A H
WLAE, B e e B b B =X, I
T ELI Y e R B S 2 R AR

B 2 A5 s FR 0 W L 18 22 5 B S R ALAA AR
R27 FE A R Bda g X e g 4T LU
e 2rFe T N T # HE (artifical intelligence, AI) FYJ%
AR XA o BT AR B 2L 200 B2 W AR A 8%
R MER R A EH A M

AT G F I AL S PR R R A A T
JEVBCFIR LT 55 o BN TR R FL
Pl IR R B R 25 e e D) Bl e S

ONTESS o DAEIREE 2 I AE L SUR BRIS W b ] rp 22
il TR 1) 2 B[] S
L1 FEMNREHEERESHES

JERE B R 2 1 (the cancer genome atlas, TC-
GA) J&—Wiha T 2005 4EA9 3T H |, iy 38 [ [ 500 A
FFTE ., TCCA BHa A ALAE 1 33 T e 1Y ik [
2] VER 10T A S A 2 3 2 1 s (TCGAL, 2006)
TCGA Bl MUBLE R, (H2 i /D A0RLBE i B 12
WFFEN B AL 2 B AT PR R

Bl 507 L2 9T AR R R Bk B 2 1)
P 2 LA T A A B 4 AHE S B Sl Wity e A
PR o 3R 1 REHE T ER o U AL SO
Bt o X SEBIIREE R RIS PRI LA

*1 WoERARREFHIES
Table 1 Commonly used histopathology datasets

AR A5y A B MRS
Bioimaging 2015 FL H&E s
Bioimaging 2016 LR H&E e
BACH 2018 T H&E 4 4
HER2-Scoring 2016 A IHC e

FLARIE Y ,
Camelyon16 2016 7 H&E 432 4pH
amelyon IR [ 2 I3
FLARIEE Y ,
Camelyon17 2017 ., " H&E e
’ AL &
FLARIE Y ;
Patch-Camelyon 2018 -7 H&E s
g A 2 4
GlaS 2015 ok H&E 7% 2k
CRC-HE 2018 %4 H&E 4%
DigestPath 2019 4 H&E 5335 /)
MICCAI-2014-Brain 2014 lilig H&E s
ACDC-@ LUNGHP 2019 il H&E 432K 4 ¥
EZ
TCGA 2005 &R R o
~ (55 BAThRiE)

2014 A [ PR B 2 B R HE AHSEALA BY T 1
Pr42: (Medical Tmage Cormputing and Computer Assis-
ted Intervention Society, MICCAT) Z&J5 T i iid £+
T ERPE A FE (MICCAL,2014) , 204 T 30 5K 70 HER
1 H&E Ze@ gl . W 2015 48 % 2019 4, 2408
AL R TE S S LRk L A e 8%, o, 45
IR R T T ARZHIFEE BRI, 2019



$25%& /551001 /2020 £10 B

£M8, XA, SEE, AF, BEE, Rif, 241
REFIFARFEF PN ARE

A [ A Wy BE 2 AZ WF T2 (International Symposi-
um on Biomedical Imaging, ISBI)%&p T filidiz i H 3l
K 5 4y 25 Pk % %% ACDC @ LUNGHP ( automatic
cancer detection and classification in whole-slide lung
histopathology ) , & i 1 4145 150 5K & R F AR 1E 1)
H&E Je ] Jy .

ISR A NS Nkt i RS 7]
s BRI 2
1.2 FRERARREYREE

FLIRIEZ 20 % 2 59 % YA s AEAL T 1 8
SR, L 0 A R R T T AW B R A A
RACAEE T o 0E R o Il AR 3 e D RS RN A HE X
ST AR WS W, I XA BE (R PR L AT
SERTE R . ZFE IS A A 3 0 2 21— PR 3 AR
PREL(H&E) Y, P A 5 ZEAE e T 40 i 4 A
FKA Y L GE H H 2 (normal ) | R 95 722 ( be-
nign) JEN I (in situ carcinoma ) F173 7 P95 (inva-
sive carcinoma) . FLIRJE (1 20 2005 BEY) 12 Wi (9 A
R TAETF AR 453 1Tl A2 060, it
MR T8 Z m b Bk .

Aratdjo 55 A (2015) 7E 2015 4 4= Wy A5 0w FH F
143 (Bioimaging 2015) & A | FL MR 40 218040 46
EHRHEALSE 140 5Kk H&E Gy (@i 7L IR 20 U0 345
I & (microscopy image) , ] Fr 2L 200 5 A 4144
92048 x 1 536 R AL &, AR R AL 0. 42
pm x0. 42 wm B4, BEE T KIRA — 4%,
Gy IR BRI AR | IR AR T e 4 2R
Z—s

Avesta ¢ A\ (2019) 4k£2F+ & T Bioimaging 2015
BHEE , KA T BACH( BreAst cancer histology ) Z{HE
05 PORCHEAEIR T 045 400 BTN Bioimaging 2015 ]
FEMUAR OFLIR L EU8E T R LASR A 53 A 30
K/NZA 50 000 x 50 000 R ) EHR ., i L
AP GO RAERE A 57 g8 AR T P g 3 Fh 2l
LAY TR RPbR T

Spanhol 4% A (2016 ) % #i i) BreakHis ( breast
cancer histopathological database ) (¥ & T R H
82 (BN 7 909 WEFL IR H L FLIFI1R . BreakHis
XL AE 25 8 T 400 BE (I R 20 BUAR TR S
A5 R P A LK (adenosis, A) (£ 4 iR
(fibroadenoma, F) M- {RJ ( phyllodes tumor, PT) |
BRI (tubular adenoma, TA) , DA ST 4 g A5 vh

)5 % 9% ( ductal carcinoma, DC) . /)N ¥ ( lobular
carcinoma, LC) , Zh & ( mucinous carcinoma, MC)
FFL kPRI (papillary carcinoma, PC), X il Brea-
kHis $fi e A RE HEF ROBVE 0 REENEAT, i
AT LA I PR A S R e By BB (2 0y
X)Wt

B 1 LAY H&E Jea ] 7, N8 REE n] LU
e i ) v iz W, NRREAE K 52K 2
(human epidermal growth factor receptor 2, HER2 ) J&
2 e RS2 T 114 2 1A T 2 DSt , R o o7 1) 3 PR 7L
Jhgee A rh R DL BE SR ik . HER2 [ K K P HHL
e SRR TS R E S Rl s 2k
AR e L —i1%] HER2 (4R F45 55k B
F, AT LK 2 2056 B A i) HER2 BH 4 48 it
@, TE I R I2 Wb, e B2 508 5 B A28 45 1
HER2 k7K FPEr . Qaiser 5 A (2018 ) KA 1Y
HER2 4 %cdia 4E , 45 100 18 /<1254 100 000 x
80 000 1§ 1Y FLIR HER2 fhz i b 2] v B4, LA
S RER HER2 23K 7K 357 o
1.3 ZBRERIEIE B SRS

WGP N E R iRz — .
EL 0 P 1) 23 A T L T, T L TR B 28 AR 2 i L 4
Ja BB S . Ik T B 3k A A B, 33X R g 2
OB RS R AL TR S50 DLFLIRIE R UG, fn
RRA MRS —A H A2 IR itk e gl
JE BB FUIRIE R R 2, . kAR 52 R
(' metastatic involvement ) 5 & & FL IR iE P i Z 1Y
5 A8 it Z — (Bejnordi 55,2017) o 2 ik I 45 5%
R it B LI AR 0 SO O S AL 5K U B, SR b ]
REATIOML B 75 WL 7%, X 2 3R BB i 19 A% o

ISBI 7 2016 4EF02017 42570 T Wi Camelyon
PRARTE (Bejnordi 55,2017 , KA 1 45 HEUE 4,
DL AH RAIESE

BT 7ok B S D EAIFE PO LT
200 i EE Y 1000 M4 e BR . A i B R A
SRS DX R b i, () I A 7 5 2 A L 2
PE N 433 ( pathologic N-stage) B2 W,

Veeling 28 A (2018 ) % F Camelyon %§ 45 £E #4 7
T PatchCamelyon $HE£E , ZEHREMIE T 327 680 IF
96 x 96 4R R/ G, MR 1 4500 iz 1 HL 2 A
BRI o BRI B EE S T3
OrHEISEES TP E T R
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1.4 ZHARREBHES

S5 R A S 0 A 25 W I O A R80T 12, 6 TN
BE T S S ARG A ZH 2 5 500 5 g B A6k
BATERT, RE S ERRE iU e e 3 4 2
B AE N ZHER X — AR HL 3% i AR

55 10 AR ) A5 R FE 252 W B2 A2 W 4 i d
A AR UE , Sirinukunwattana 58 A (2017 ) K46 T 2%
e 23 1) B AR 73 1 Bk 1% GlaS ((gland segmentation
challenge) , JF- A5 1 165 Wi H&E 4 £ i) 45 1 i 14
MM BT BIR B 4R ( Sirinukunwattana 5%,
2017) , MR BRI R 500 x 700 R R A4, i
G5 0. 62 wm x0. 62 pm [YLIL, GRS R AT
B PRBRARZE 1 T30 A AOARTE, T 48 i T R IR Y
ROTAESR 28, 3 Ik K AT 55 2 IR 46 1 AR 114 4
A RO M2 Wi N TR RES . .

Kather 28 A\ (2018) &4 T CRC-HE ( Colorectal
Cancer with Hematoxylin & Fosin stained) (%,
5 710 T3 224 x 224 2R 1) H&E Yy 555 1 R
38 (Kather 55,2018 , 73 e g AR R X 0. 5
pm x0. 5 pm AL, BAREASE 145 Wm0 b
W1y B8 Wi ( adipose, ADI), ¥ 5 ( background,
BACK) , #% A (debris , DEB) , ik B 2 it ( lymphocytes,
LYM) , &% ( mucus, MUC) , 38 L ( smooth muscle ,
MUS), IF & 45 % % I ( normal colon mucosa,
NORM ) , ¥ JiE #H 5¢ 2L it ( cancer-associated stroma,
STR) , Kz gde ) (colorectal adenocarcinoma epi-
thelium, TUM) 231 9 FjAS [|] 258 B 11 2H 21 40 s Ji2
IR XL R ENGOR AR A 1R [ R AR A P Pl B2
WFFEH G, 9 1T BRAS [ R R DR A U0 e R 3
AR 0 22, BT A BB EF E 2248 B Macenko
S5 N (2009) B J7 A8 T G (AR UEAL o

SenseTime (2019 ) $& ) T —I&H X 45 17 B8 H 3l
LT EIRITHE PR RAT 55, B ZEXTEE T H UM 17
B 3l B B 23 28 e A8 X ). R A Y
DigestPath 454 (Li %£,2019) f1 45 T 660 7k F- 1
KNS 000 x5 000 4R AL LUR BT A, BT A 1Y)
YA #B4di F H&E Ye 6@, #2818 WHO ( World Health
Organization ) F) 73 2 FR 1z , i BE 27 508 i 2 b B N IRG
AR FN IR AL, DL 25 D) ) BB 2328, )
TEMED R I 2 28 OB KR R it X
SRR T 245 R R E R (LX) /Y BT
s, i LIS R Z A7 60 2% , W4 IF 98 A

KPR
1.5 XEFARETSHE

THEHLAG B2 W 0y K0 H AR BB S S8 BRIy T
AR . A5k A I R B2 W TAE 75 oK 45 55, 0
P A ZREPE  (HHAC ST AR W] LUK 21 5325 5 43
FIPHI B AT 55 o BT THHERR B R 7 Rl
5 VRTRG JRE H) TEG 0 AR 2 i e i A [ BT e A 2L
Ko 30 PRI ST 22 e A 6 1) 7 v FT LAHS Bl gk
FIR PR 3B 5 A0 B, (R B 2= RHRE A 1 P o
ZERESE TARA R T A —FERY PR, 2R IAE LA T
JUA 5T,
L5 1 BRmrehs S5 rm

B e vl R BB S T NS 402
FEMERNER, BN R EBRAH
50 000 x 50 000 &3, 4H 4 TAL— sk 4200 sl A%
110 GB iR 415 2= it , 4 il FHSEHERY Lei-
ca ,Philips S5 BT BE A AEAS 1L 0. 25 pum IR
IR PERAANE 2 x 3 BT I T, AR A B AL
EH& AT 34 F] 200 000 x 300 000 4 % , H—sk &)
MR 4815 2 I a8 & ik 240 GB, DIEE L&
i B P15 Bk i AP 0 ( Memorial Sloan Kettering
Cancer Center, MSKCC) ], &4 Hir= A 24 100 77
SRIELY) R, S ECF A G K =25 1 ~ 24 EB(10"
W) W AGEOE . X OB AR S R T
B RPEH

T T A AR AR 22 DA e g 4550 T A
AIANTR], R B AN T B P ATLRG) A 8080 , 2 30k A Tl —>
BT LA A [ AHE UK Y B, B A ] REAFTE (LAY
FEFt, A IR L ) BB ) oy R A R, 3
THRELEIBR 822 1) [ RS ] B AR B R i MG (5 2 Y
R X T RERIOR AR THA B B8
1.5.2 BAIRBIH S5

BT ORI I FiR R s BB T H R
B 53268 VSR AT 5548 T LUBAS R AFIIRSCR
BRI Y] R RS BEOR, Joik B 3% 0 X
SERRRYIEAT 0T o RS THT 1) 5 BN AR AE , 15
TR ROREEY 5 500 o T 5% 10 DR A ) A
Bl ] LIRS LA A B e R 1) /N A
IRt , FH-30 3t 5 32 10 7 8 /N RIS ] R ) 45 2R
o S AR ) R, e — ST 2 PR

Bl AL ST T AR K e, i
AR R FE 2] LATE T H 8 T {H o 22



$25%& /551001 /2020 £10 B

£M8, XA, SEE, AF, BEE, Rif, 241
REFIFARFEF PN ARE

I PR P AT F K, XA A 3 B i Y 20K . B3
B RN L PSSR LA 4 3t i B s A 17 T, ) A
XA ST TAR AN PR . R A RIBORA E
AT R )~ 2D RE ), RES -~ ~J 2 K dhs w02 i il
Z AR B R BRI A — 5 9 BE U4 1A%
A BT I AT, TR R R 2R RS FE W
MRS
L.5.3  /MEARSSFREIZR

DRI 2 2 it TR I IR0, HL H i BT
SR 14 0 S A O B A BT B ek 14 Al
ENIIRAR/ N o ) P v 1) e P PRl P 8 B e A g
HRATUBR B R A R D B TR, A3 R B DF S (L

PR g SRS B AR TE AR R I e, LA
RGOS B ARIC AR 24 2, PF 2 BE B 5 B
FHLRA AR A R Y KL B K, T S K0l — B A i
PR AW AR 2 o3 2, (EUR it HL A 78 X3 11 4
RPN, AR REA T Lot , K 2 R = 2K
HIVEZ 25 é

2 ALREZETRFRIR

AT DT 1 5 R 2 T B A SR A2 N
A fif P S Pk P B . B e G B A U] R I
BBIEAEAE S AL . SRS FEISE 00 AN EI P
OISR GAH DT IE TAE
2.1 HEMAESE

TREE 27 T B AN TR s BRGS0 B8k A7 4 e
PRIVEIT . A5 A 280 PR i A7 8 =X O
125 DA R — 25k DL R B AL BRAA
2,11 ab) R R A7 it 5 A B

S U] EUGGE T LA 2 5 B ) 4 - B S A A
(Bejnordi 45,2016 , &5 SC40 5 J5i bk R 10 £
NAFWRAERUA . B FHE B A R AR A —
FIEG P, AE TPt 2 8 5 m) 1 X, £
TR BRI R A A7 7 AN 1

TEf fm Zr BT, LR 201 v KR 20
50 000 x50 000 f&3K . X EWAE B R A& T
10 GB 1R 418 R B , A& 1 % M B E
BN AL B OpenSlide J&— 2t T C | Python
G2 Fh gm R IE T B H 0T IR 2R B (Goode 5§,
2013) , AR —2H g8 — 1% 07 I e 4 1 R 32 BB
5% Philips . Leica 1 MIRAX Z& 53 By #9481 19 WSI,

/ £
/ L

1
i
; ==
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I

T —

N Y
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Fig. 1 Pyramidal tiled digital pathology image

B3hZ 3 F M F 6 (automated slide analysis plat-
form, ASAP) J&—~ 2L F OpenSlide , Qt F1 OpenCV
IR &, T AT ARTEF B 320 Hr 4 2
24 &14 ( Litjens ,2017) ,

2.1.2 B

o BRT) e G085 R 0 60 S XU
R TC B TR S A TR 38 7 AL 3 B
Jr EUG e, 238 PR T BB Otsu —fEALHOR
(Otsu,1979) HFR T X B35 5, Wang 28 A (2016) (Y
SRR, R ) R B ENR T2 829% 1 TR
HRRETT 5, BT LG AT DA K b 2 5512 W R 43 B 1)
Ly &S
2.1.3  BefabriEfe

T R AR 158 22 5 g 58] R AL A [
SR F Z ) R B ) 22 5 X s 4 Jim
(3 TAE R R 22 . — MR I bR b Ak
HERYI R Z [ ) €825 . Reinhard 55 A (2001) 1Ay,
RGB 23 [H] 1) 3 /> 1 A & W] i i AR DG , XHE
R ORI A R N RSl 3 AN 3daE, B 1R %
P, 10 Ruderman 55 A (1998 ) #2 1 f 1o €45 %5 [H]
AE A% 9 /D 38 3 Z 8] B AH OC . Reinhard 2 A
(2001 ) 481 T —Fh R TR Jy ik, 1% 07 e A
M RGB 75 [A] A2 46 3] 1o 25 8], F15 B 1B 25 [E] 1Y 3
A PRI o 22 X R R AT IR B 1%
#elml RGB %5 [i]

WG THAFAE Y Ty B & 1A FY R Z 86 &
AR A G A2 A B3, (HSE PR U0 A 5 1 AN [W]
KA, AN RE LR UGS 0 2H il B & AR [, Reinhard
Ty TR BRI AT BE 2 ik AR R TR AT
o iy A B, A1 0 BEED 5 4R, B 98 N
(Macenko %% ,2009 ; Vahadane 5§ ,2015) {fi FJ 4L 6,43
IR B RGB 235 [] 14 i 5 8 [ 4 AR (col-
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or deconvolution ) $¢ A Bl S 31| G £ 551 1) €8 % 23 [1] i
(E Skl
2.2 REBEGSHRESE

ANRST B A 206 B R AT B2 0 U AL B v
FEZ W R BB G, o n] fE 2 4 U1 889 i — 4
FFEH, A3 /N AE 1000 x 1000 {2 % LA
T AL SR L A G 4 280 i —
ATLATLAE RAF, X SEER I3 P 73 AT D) e
FAT5E T R B EUR I 532, [ i a2 SE 34U Jr 43
2 G AR X I E Y REREEEHE . AN ISR 5
TR 28 I 2 B AL e AE T RE 07 ¥E 10 K JR I RS, A
JAT DA 5 i B UG AR AR /D 1 T @ ) i 7
JHEAR,
2.2.1 ABGGERYRHE TR 5

FEVRBE 22 2T 85 1z A0 F AT, B 1A BA A A%
42 1 B MG 2 R R R R B R OB 2507
Peo DXLy — AL ALZU N 40 B 14 ] ( graph) | 3
o 8 7 A A%, WX A B T AZ R AT LU T 28
[HFAIE . Petushi %8 A (2006 ) 4 i T —Ff T 4 Jifg
A 0 5 5 A 25 (8] o7 B R AR A A1 21 00 26 7 o Naik
£ N (2008 ) i T AL T IR IE 25 27 19 e ik A 8 T 1A
TSI ZH LS KA R TE R AR R (1912 W7 43 9% . Altunbay
5N (2010) i 1 1 &1 45 €0 1) 7 125 ok 2 B At A 1T 1Y
SERE AL, I 18 3245 19 5 ML (support vector ma-
chine, SVM) #4172 4In12 W1 7325

W Y UG 25 R B 1 S 30 HR T T
(AR AIE B B A A JHE 1A %) Jeg BRPE | X A 4 T i =5 5]
BGIURPAZ R FFAE , XE LT 5 2l R R
TR BE 27 2 B ELAT v 3] g 1] 25 095 a5, 7 Rl i T
JZ )RR 25 ) 28 ok 35 R FRAE 4 5 1) A A8 5l 3 A 5K
(Zhang 5 ,2020) , ££ VR B 24 ) J7 ik ilE A 414000 2
LW LG , 1% 50 1 TF AR AR 3R U 25 a1 8 5
KB ML T o
2.2.2 WHEBRMEMLE ik

Aratjo 5 N (2017 ) 76 LRI A U0 o v,
W52 048 x 1 536 1425 K /NI AL 200% B & F- Rl 4 h
512 xS1I2 R ZR K/ EUR 8 JFE T 8 245G
TR 28 ) 2% XF 43 B i 47 43 25 Cruz-Roa 5§ A
(2014) $&H T — b KL T 45 UM 28 I 2% 1) 7L, i 2
LUK ML T F LR B 5 v & W R )
Podheo B R — S T RGBT
P P 280k 4 ) G PR 5T HE ) 100 x 100 /5%

KA AT o0 250 Q2R — A>3 By 80% fij FH
J A DI, DU 3 A o H A R e, A DR Sy
R,

BEA LU S8 ST 2048 4, —Sepf 25 4
RGBT T ZNAT, O AR, X SR Al
WL RE M AE 40 200 B2 AR e B 0y 2R AL 55 B
2016 4FfY Camelyon | iR ik I 45 56 7% 70 25 Pk AR T%
SIS PSS 32 AR A 25 Rl TSR
25 M2 ( Bejnordi 45,2017 ) , H A $5 VGG-16 (visu-
al geometry group 16-layer net) ( Simonyan FI Eisser-
man,2014) . GoogLeNet( Szegedy 25,2015 ) Fll ResNet-
101 (He 45,2016) 55 Z Fh 35 A A0, ok 3 e ey
1% 223 ( Harvard Medical School, HMS) Fl k48 ¥ T
5 ( Massachusetts Institute of Technology, MIT) [
WFFEN 5t (Wang 55,2016 ) fii 1 3£ T GoogleNet [#5
RIAS 1 0.925 19 32 180 & T AR R Ak Hh £ T i AR
(area under ROC curve, AUC) i ffE S0 .

2.2.3 IMEEAITIE

AV HGE O R T A S 2 s, (H 2
Sy RIS E RSBV AR T A 55 B DL Bl
LR RREAS J0A G AN B F Y TmageNet 55 50046 46
IR TmageNet a4 AN G0, &5 5 BEEG , 1B 00 25 4
2% M\ TmageNet 447 ~J 31 2 BRE % U b % |
SRS T R AL ( Zhang 55,2020 ) o WF5E A
SO H S TIERS % > B HOR il 1§30 (fine tuning)
BRI AR 732E48)E  JEME ] TmageNet Il 25
F18 0 2 455 2 ST 7% 21 5 B IER 23 B 4 84T 55 b
Xu % A (2017) i FiIE TmageNet 4(#2 4 ( Deng %,
2009) | #1251 AlexNet ( Krizhevsky 45 ,2012) $2
Y e g BT 15 70 R B ARFALE , 7E/MEEAS 1) MICCAT
2014 i fih 96 K5 - 5 B Bk A R AR PR A Lk B T
97. 5% Mo HHER R
2.3 2YlRa%k

H A g B e 1 B 4 D) Fr RN H TR
50 000 x50 000 &3 247, AN 2R H 4= ] i iy &
TR 28 X0 oo 2, o B 05 AN A7 5 Tl 2
i F I GPU W AIRE ST, 7ESE B ik = AT
TERAE A U0 Fr BB L HERERAT 21 1T LU b2 o0 2%
I35 IR AVE 20N T 25 55 2 G2 A0 40 7 il
REK AP EEN DR R 2Tz IR
SPHERAE T SR G B R 2 B 2R LA HOA kL
B B 4R 0 BLSI [R) L, A 20 227 40112 >0 O i o



£18, XA, SEE, AF, BEE, Rif, =i

5525 % / 55 10 # /2020 ££10 B REFIERRFEZ RN ASIR
231 SRYORREI I SR AR. RAMBURBUE T 0925 ) AUC St

FRA RV R 73207 502 8 73 PR (patch
sampling ) ¥ 77 %= ( Cruz-Roa Z,2014) , {844 K
A —A~ /N RS BEUG H 2 8GR A% T 267N R
SPARERAT DR AR 28 P SR IURRIE . SRR SR
H/INRSE B RHAE , o] AAS 3] 4 D) R S B RHIE,
FHEEHT SVM | BE AL AR bR 55 53 28 4% 500 7T LU A5 3 73 28
EE
Xu 25 N (2017 ) 75 ik b 98 2H 2300 3L 53 25 0F 58
A B Y] BT S 151 872 nm x 151 872 nm K/
AT AH LT B (Y IR D7 20 B X S8 0 BRCRKE
224 x 224 1B E 22 AT R AlexNet HE47432K 1)
TR o FETT IS, 28 55 2 A4t (fe2) J= 4 Hh
1) 4 096 ZE [a) S S P RAVHFAE . VR R
FHAE R T A 43 A FRFIE 248 p-norm AL FILEE T2
] BF B A RFAE T EAR 3], JF 6 A SVM AT Z I PERL
J5i B 2 M2 9% ( glioblastoma multiforme, GBM) Il 2%
BB (low-grade glioma, LGG) 51

Wang % A (2016) ¥4 Camelyon 16 3| JIg Ji Rif I
W A5 Y] i BERLEET H 256 x 256 QR 1733, R4~
TP — A RBIERR S , R HE SRk 457
I3 P ZE e BEALE T FI 7K - e p) S a1 LS L i
A GoogLeNet | 2575 21— F Wr 73 P [ PE AR B2 1Y)
BRL 2 BR LR B 2 AR N 2

LV EHE

BRI R S B 43 245

K2 IS BLE R Y 7 A
Fig.2 Training histopathology image patch classifier

IIZ;

E T B, FH ¥ Bl 1 4 U T 400 A /4 73
B, I S I ZRar AORIRITN R B A 23 B i) 151
INZE R G, R 2 4 U0 R ) g X AR
Bl A& ST BBt TR B | B4 X
TRR 7 LA 28 B J2 ARAE , PRk A BEHLAR AR EAT

St AE 2 BRI 5 B2 SR 6 R BR il Bsf [ ) 495 250 1)
AUC J& 0.966, 38 o YEREAS 240 et bm Ak 55 T
1B, 48 AUC 532 & 2 T 0.994, PR #i T4k
RN 3,

B3 O R B AR
Fig.3 Whole slide image prediction

2.3.2 ZRblE ik

f34% TCGA 78N AR 2 9 B3 42 01 I A 3
G R P78 DR T, X 56 T BeR AR 7
EICEE RN o 22 ] & —A 55 B Jr
2, BRSO G — D, B R AR
T, BT BRI RIARTE o 7 By s, n] LI 4
PR — A, T B A 5 20 BB R — A543, 4
AR BR824 AT LAk A BT A 1 S 41 45
J& R, TR — A2 B, IR 2 A A 2401
A BPER . Xu S5 (2014 ) ff F I p
2 25 AR ER T B R AR, I8 ] 2 48] 27 20 >R
YRy KR, Hou 55 A (2016) $2 1 1 — i I B 5
Ak (expectation maximization , EM ) [ 77 1 3 i 6 A
FI Ty 53 B ISk 14 R O R Rl G A
Wang % A (2020) 1Ak BARFE V) i bl SR X
Y53 FRIEARME , (FE AT DLLE R A AT A FR () KA 2
AR , S T [l AELRE BE DX 380 1 AR A T 458 25 pR B )
B, Bk TR AR
2.4 fREXEHSE

TN R e A 45 U0 19 70 281 o A58
F49, U0 R o A DI B T DL 2 A A
HERA RAE B, 2O B R R 2> BT 55 o AN S &
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FHOCHIESE TAE, A 44 17 5T CNN FIEE T FCN (1%
T E WA 20 R BRI 55
2.4.1 AT CNN 91

T 3 HRAE 9 7 VA P AR B4 i 1 g IX
POy, T 2 BLAH 253 FI AT 55 o Cruz-Roa 5% A
(2014) YR 1 —A>JH T FL IR 98 H ZLRMR 7 e RO
PR B P2 2%, 32 R0 2% i R B U Dy
100 x 100 32 & , (1% T 2GR —Z ek,
P28 X042 R (8 B 3 e i S50 45 SR 4 G ok
WA 1 MR 2 o3 #l. Wang 45 A (2016) 7E
Camelyon 16 | JR45 42 V) 7 g DX AR ) A Al
L 0.9 AR MR IEAT —E AL, i i 4 e
BT R X 23 E o S T e ] 2
- FEA R BHPE R BATE , Google Brain [A1BA{E1% T.
YEHERE B3 7B E S Wi R i 22 RUBE R
AESR I (Liu 55,2017 ) , il a6 20 4% 10 A5 R
BA LA 5 s 7 BRI 40 A TR AR LY
PRS2 T R AT E R RIS A
BAHE 1 i 28 25 14 BE 13 ( neural conditional random
field, NCRF) %3 (Li f1 Ping,2018) , 1ZB I A2
BT S AL, TR 3% 43 e o JE AR 4 14 43
HAL[RINA S, DA Y A5 B o s ) I T, A &R
Gy He 2 8] 1 25 TA) A S M 3 e 2R i M 6 [ T A
H——2 Bt #L.3% ( conditional random field, CRF)
HEFT AL, T DATE AR Al FE 1 1) Rt B AT SR DR A5 A
T P R 5 3 8 A

T SEB S AIORL BT 1 43, Xu SN (2017) ff
T 12 x 112 BERE/NRSF 38, LU 8 BRI
D RSy i s e b I - & L o2 e 5 e
R [R5 A2 A AR I3 B fo T 28 73 e )
TS5 RSATIREEAR B TR R R H .

2.4.2 FT FCN 1957#)

SRR BT B o —Fhws W7 s 2 2
M2 (fully convolutional networks, FCN) , FCN 4
G RE B ENRRHE , Fl e 1 x 1 B2 R
TR Ry B, o 3 i A R R R AE B
(1R 1o R 5 A ke [l A A AR 9 RS, DT i o 15
RAYZI]. Sun 55 A (2019) X L FCN AR F1EE T
SRR CNN BRI AR R 2V R R B,
RIR T3 FUES5 , FON A FPRDRL A9 [BR 25 Bl
AT LAAF] CNN A AR EE 73 B RCR , i 5L D i
AAAH E S RIS A W 5, BT R0R

.

U-Net ( Ronneberger 45, 2015 ) 7 FCN ) %t it
B EEI T ERUZBINIREY FoRAE R B R,
MG T FoRAE RS AR B M IE R, S TP 25 1)
FIRRETT , RISl 0] 55 2 2 2l A5 ot 22 1Y) 45
P BN Z REEBIWHE . 250K U-Net 3% 3k ]
LF| b FCN B 5 a8 3 LE (intersection over union
IoU) il Dice &%, Oskal Z8 A (2019) 24 H M
4096 x4 096 {23 /N A BT 17 T 7 ) 0 43
e, IR U-Net X4 — o3 Heik A7 40 #1, 73 %5 1)
BERME T 11 x 11 V- AR IS, FR 280 B E
A A 2955 28 DX IR 4 B 45 2R

3 & i&

L B~ R I PR L R 2 B 1) B pm il i B
W AR R AROME B2 2R 0 22 56, A 98 070 BT IR
JE 2 ~] (9 ZH 2 BIS WTHOR T DU B B2 2E 927 T
PR, S i B IR

ARSCE S LA BRY) F Bl o AT 55 o 24
ZRLH S PLA T I8 AR R B I R AR R T 3K, 2T IR
JE 27 I TR L S B2 W o O T B0 S 2B, A0 42
DR BRI 8 HE A 1) 23 BB 5 ks 2
o IR BETT /IR A RO S HLAR TR N 1Y
RS

IRJE , AR SCNTT 12 AR TR 2 T P 3R T RH SR 5T
AT ) X S Bk AS R T 5 . VR ISR
HERIRGE, & 74 a7 nl LA Bl 2 ROE
AT T F8 R DX I DR T 28, R 5T =S 1 ] U
ARSI IR, e hm AL E A AT LA B il
R R (25 o /NS B AT (5 BR 14 70 SR Y
S AY R 2 5 L DX B A . TSR
PR U I B A B e 22 P AT )32 T3 Bk
7028 S HFHESR I, 7E 0 285 70 F P 0T 32 22 14 i
FHELARA B RAFRIROCR , 245 6 BRLIENR 3 B i) 28
BT 55 7 PORAET5 125, AT AR AR R/ INI o B A
ESEB ARG E . FET IR TR o > fiE
5 2% fip 21 2 BRI SR FEAS BB/ )L, LA U-
Net UM FCN W25 H R B3 FUT 55 BT Y
W28, FHEE 73 BERBE Y CNN 53k, 18 15 R0R B o
HT T 2H 2 B P 8 2R B AR T 2 B 2 g, % T
AR SRR PR ER B, 7T L]



$25%& /551001 /2020 £10 B

£M8, XA, SEE, AF, BEE, Rif, 241
REFIERRFEZ RN ASIR

FEF 2o 2] (55 W B ik N 45

Bl LA B 2 45 T TR B 2 2] 7 145 5]
JZ N AR AR BCTU) R W L B2
FARWFFEEAS T B B 0 2 &, 4638 434 55 ' ( Wang
42016 Liu 45 ,2017) AUUER R B 2388 T A
T GRS ARAR A — S T AR A it —
W5t URIZBR ) AL AR )9 IR 2 ALY A o]
B IR TR I AN RE AR ) B = ARG B, X R S R
P22 25 TR R AARASE I o

TR B 2 2] 75 B R I 2R, BT 20 2
ST T TAE R HOBUR R PR AR 1 U0 7 8k
o BBV R RS K 151 2 B B FEHFAIL
F AT RIS R 1 4 U) 7 BRSO, (5L A s B4R
P bR vE TAE AR T S, 2V R BUR RSB R, B
AR AR (B i AR b v o 1 L E AT A R 4
Kb sr#h 2 HRE Jetad) 5, s/ e iyl fr o 38
TV Bl e e AR VR 1 TAERCR, 0 R dg
e LAY 7 AE N ) Z2 P R R FH 75t S o A
IR

JRELZ W TAE SR E R, B ik ris i dan
SRV VR 09 S 45 el PR TT A AT e T i 16
PRI, BRI 2 I 2% BE 2% > U M 808 i 2%
SERFAE (RS SERHAE 5 11 RIS W AR A0 , A 240 B ey
SRIPE BRARSETA ZURY S M A AT R i W iff
XTI FR o LARHZR 28 Ry 3 1) 7 3t B AE AT Rk
7 TS 1 — 25 9 A B B 1 1) T X e AR P R

S DA B 28 I 2 R AR 3R A TR B 2 > T vk
TELL LU EL2 W40 4 2 22 B T B B i it o ok
{RLER B ab e 45 i B, BE 2 i RO iz
I PRI B bRl A AR K220, T 2 Ak S it m AR B
e 1 22 iyl PR R 375, 998 38 25 SR ) mT A ek

52 3L ( References)

Altunbay D, Cigir C, Sokmensuer C and Gunduz-Demir C. 2010. Color
graphs for automated cancer diagnosis and grading. IEEE Transac-
tions on Biomedical Engineering, 57 (3): 665-674 [ DOI. 10.
1109/TBME. 2009. 2033804 |

Aradjo T, Aresta G, Castro E, Rouco J, Aguiar P, Eloy C, Polénia A
and Campilho A. 2017. Classification of breast cancer histology
images using convolutional neural networks. PLoS One, 12 (6):
#0177544 [ DOI. 10. 1371/journal. pone. 0177544 ]

Aratjo Teresa. 2015. BIOIMAGING 2015 Breast Histology Dataset [ EB/

OL]. [2020-5-14 ]. http://www. bioimaging2015. ineb. up. pt/
dataset. html

Aresta G, Aratjo T, Kwok S, Chennamsetty S S, Safwan M, Alex V,
Marami B, Prastawa M, Chan M, Donovan M, Fernandez G,
Zeineh J, Kohl M, Walz C, Ludwig F, Braunewell S, Baust M, Vu
Q D, ToM NN, Kim E, Kwak J T, Galal S, Sanchez-Freire V,
Brancati N, Frucci M, Riccio D, Wang Y Q, Sun L L, Ma K Q,
Fang J N, Kone I, Boulmane L, Campilho A, Eloy C, Polénia A
and Aguiar P. 2019. BACH: grand challenge on breast cancer his-
tology images. Medical Image Analysis, 56: 122-139 [ DOI. 10.
1016/j. media. 2019.05.010 ]

Bejnordi B E, Veta M, van Diest P J, van Ginneken B, Karssemeijer N,
Litjens G, van der Laak J A W M and the CAMELYON16 Consorti-
um. 2016. ISBI Challenge on cancer metastasis detection in lymph
node[ EB/OL]. [2020-05-14 ]. http://www. diagnijmegen. nl/in-
dex. php/Pathology_Project_Camelyon16

Bejnordi B E, Veta M, van Diest P J, van Ginneken B, Karssemeijer N,
Litjens G, van der Laak J A W M and the CAMELYON16 Consorti-
um. 2017. Diagnostic assessment of deep learning algorithms for
detection of lymph node metastases in women with breast cancer.
JAMA , 318(22) : 2199-2210 [ DOI: 10.1001/jama. 2017. 14585 ]

Bian X W and Ping Y F. 2019. Pathology in China: challenges and
opportunities. Journal of Third Military Medical University,
41(19) : 1815-1817 (FIER, FHEI5. 2019, T RAHZER &
JEETH e Y PR ARRIBLIE. 25 = B R, 41(19) ¢ 1815-
1817) [DOI: 10.16016/j. 1000-5404. 201909212 ]

Cruz-Roa A, Basavanhally A, Gonzilez F, Gilmore H, Feldman M,
Ganesan S, Shih N, Tomaszewski J and Madabhushi A. 2014.
Automatic detection of invasive ductal carcinoma in whole slide ima-
ges with convolutional neural networks//Proceedings of SPIE 9041,
Medical Imaging 2014: Digital Pathology. San Diego: SPIE:
#904103 [ DOI: 10.1117/12.2043872]

Deng J, Dong W, Socher R, Li LJ, Li K and Li F F. 2009. ImageNet:
a large-scale hierarchical image database//Proceedings of 2009
IEEE Conference on Computer Vision and Pattern Recognition.
Miami: IEEE. 248-255 [ DOI; 10. 1109/CVPR. 2009. 5206848 ]

Goode A, Gilbert B, Harkes J, Jukic D and Satyanarayanan M. 2013.
OpenSlide: a vendor-neutral software foundation for digital patholo-
gy. Journal of Pathology Informatics, 4. #27 [ DOI: 10.4103/2153-
3539.119005 ]

He K M, Zhang X Y, Ren S Q and Sun J. 2016. Deep residual learning
for image recognition//Proceedings of 2016 IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas: IEEE; 770-
778 [ DOI: 10.1109/CVPR.2016.90]

Hou L, Samaras D, Kurc T M, Gao Y, Davis J E and Saltz J H. 2016.
Patch-based convolutional neural network for whole slide tissue
image classification//Proceedings of 2016 IEEE Conference on Com-
puter Vision and Pattern Recognition. Las Vegas: IEEE ; 2424-2433
[DOI: 10.1109/CVPR.2016. 266 ]

1991



1992

PEERERFIE

JOURNAL OF IMAGE AND GRAPHICS

Vol.25,No. 10,0Oct. 2020

Kather J N, Halama N and Marx A. 2018. 100,000 histological images
of human colorectal cancer and healthy tissue ( Version v0.1)[ EB/
OL]. [2020-05-14]. http://doi. org/10.5281/zenodo. 1214456

Krizhevsky A, Sutskever I and Hinton G E. 2012. Imagenet classification
with deep convolutional neural networks//Proceedings of the 25th
International Conference on Neural Information Processing Systems.
Lake Tahoe: NIPS: 1097-1105

Li J H, Yang S, Huang X D, Da Q, Yang X Q, Hu Z Q, Duan Q,
Wang C F and Li H S. 2019. Signet ring cell detection with a semi-
supervised learning framework//Proceedings of the 26th International
Conference on Information Processing in Medical Imaging. Hong
Kong, China: Springer: 842-854 [ DOI. 10. 1007/978-3-030-
20351-1_66 ]

Li Y and Ping W. 2018. Cancer metastasis detection with neural condi-
tional random field[ EB/OL]. [2020-05-14]. https://arxiv. org/
pdf/1806.07064. pdf

Litjens G. 2017. Automated slide analysis platform [ EB/OL]. [2020-
05-14]. https://computationalpathologygroup. github. io/ ASAP/

Liu Y, Gadepalli K, Norouzi M, Dahl G E, Kohlberger T, Boyko A,
Venugopalan S, Timofeev A, Nelson P Q, Corrado G S, Hipp J D,
Peng L and Stumpe M C. 2017. Detecting cancer metastases on
gigapixel pathology images[ EB/OL]. [2020-05-14].
iv. org/pdf/1703.02442. pdf

Macenko M, Niethammer M, Marron J S, Borland D, Woosley J T,
Guan X J, Schmitt C and Thomas N E. 2009. A method for normal-

https://arx-

izing histology slides for quantitative analysis//Proceedings of 2009
IEEE International Symposium on Biomedical Imaging: From Nano
to Macro. Boston: IEEE: 1107-1110 [ DOI: 10. 1109/ISBI. 2009.
5193250

MICCAL 2014. Brain tumor digital pathology challenge [ EB/OL ].
[2020-05-14 ]. https://wiki. cancerimagingarchive. net/display/
Public/MICCAI +2014 + Grand + Challenges

Naik S, Doyle S, Agner S, Madabhushi A, Feldman M and Tomaszewski
J. 2008. Automated gland and nuclei segmentation for grading of
prostate and breast cancer histopathology//Proceedings of the 5th
IEEE International Symposium on Biomedical Imaging: From Nano
to Macro. Paris: TEEE: 284-287 [ DOI. 10. 1109/ISBI. 2008.
4540988 |

Nature E. 2017. Histopathology is ripe for automation. Nature Biomedic-
al Engineering, 1(12): #925 [ DOI. 10. 1038/s41551-017-0179-
5]

Oskal K R J, Risdal M, Janssen E A M, Undersrud E S and Gulsrud T
0. 2019. A U-net based approach to epidermal tissue segmentation
in whole slide histopathological images. SN Applied Sciences,
1(7): 1-12 [ DOI: 10. 1007/s42452-019-0694-y ]

Otsu N. 1979. A threshold selection method from gray-level histograms.
IEEE Transactions on Systems, Man, and Cybernetics, 9 (1):
62-66 [ DOI: 10.1109/TSMC. 1979. 4310076 ]

Petushi S, Garcia F U, Haber M M, Katsinis C and Tozeren A. 2006.

Large-scale computations on histology images reveal grade-differenti-
ating parameters for breast cancer. BMC Medical Imaging, 6. #14
[DOI: 10.1186/1471-2342-6-14 ]

Qaiser T, Mukherjee A, Reddy P B C, Munugoti S D, Tallam V,
Pitkdaho T, Lehtimdki T, Naughton T, Berseth M, Pedraza A,
Mukundan R, Smith M, Bhalerao A, Rodner E, Simon M, Denzler
J, Huang C H, Bueno G, Snead D, Ellis I O, Ilyas M and Rajpoot
N. 2018. Her2 challenge contest; a detailed assessment of automa-
ted Her2 scoring algorithms in whole slide images of breast cancer
tissues. Histopathology, 720 (2): 227238 [ DOI: 10. 1111/his.
13333 ]

Reinhard E, Adhikhmin M, Gooch B and Shirley P. 2001. Color transfer
between images. IEEE Computer Graphics and Applications,
21(5): 3441 [DOI: 10.1109/38. 946629 |

Ronneberger O, Fischer P and Brox T. 2015. U-net: convolutional net-
works for biomedical image segmentation//Proceedings of the 18th
International Conference on Medical Image Computing and Computer-
Assisted Intervention. Munich, Germany: Springer: 234-241
[ DOI: 10.1007/978-3-319-24574-4_28 ]

Ruderman D L, Cronin T W and Chiao C C. 1998. Statistics of cone
responses to natural images: implications for visual coding. Journal
of the Optical Society of America A, 15(8) ; 2036-2045 [ DOI:; 10.
1364/JOSAA. 15.002036 ]

Simonyan K and Zisserman A. 2014. Very deep convolutional networks
for large-scale image recognition//Proceedings of the 3rd Interna-
tional Conference on Learning Representations. San Diego: [ s.
n]:1-14

Sirinukunwattana K, Pluim J P W, Chen H, Qi X J, Heng P A, Guo Y
B, Wang L Y, Matuszewski B J, Bruni E, Sanchez U, Bohm A,
Ronneberger O, Cheikh B B, Racoceanu D, Kainz P, Pfeiffer M,
Urschler M, Snead D R J and Rajpoot N M. 2017. Gland segmenta-
tion in colon histology images: the glas challenge contest. Medical
Image Analysis, 35: 489-502 [ DOI: 10. 1016/j. media. 2016. 08.
008 ]

Spanhol F A, Oliveira L S, Petitjean C and Heutte L. 2016. A dataset
for breast cancer histopathological image classification. IEEE Trans-
actions on Biomedical Engineering, 63(7) : 1455-1462 [ DOI; 10.
1109/TBME. 2015. 2496264 |

Sun SJ, Jiang B N, Zheng Y S and Xie F Y. 2019. A comparative study
of CNN and FCN for histopathology whole slide image analysis//Pro-
ceedings of the 10th International Conference on Image and Graph-
ics. Beijing, China: Springer: 558-567 [ DOI. 10. 1007/978-3-
030-34110-7_47 ]

Szegedy C, Liu W, Jia Y Q, Sermanet P, Reed S, Anguelov D, Erhan
D, Vanhoucke V and Rabinovich A. 2015. Going deeper with con-
volutions//Proceedings of 2015 IEEE Conference on Computer
Vision and Pattern Recognition. Boston: IEEE: 1-9 [ DOI. 10.
1109/CVPR. 2015. 7298594 |

TCGA. 2006. The cancer genome atlas program [ EB/OL]. [2020-05-



$25%& /551001 /2020 £10 B

£M8, XA, SEE, AF, BEE, Rif, 241
REFIERRFEZ RN ASIR

14]. https://www. cancer. gov/tcga

Vahadane A, Peng T Y, Albarqouni S, Baust M, Steiger K, Schlitter A
M, Sethi A, Esposito I and Navab N. 2015. Structure-preserved
color normalization for histological images//The IEEE 12th Interna-
tional Symposium on Biomedical Imaging. New York: IEEE. 1012-
1015 [ DOI: 10.1109/1SBI. 2015. 7164042 ]

Veeling B S, Linmans J, Winkens J, Cohen T and Welling X. 2018.
Rotation equivariant CNNs for digital pathology//Proceedings of the
21st International Conference on Medical Image Computing and
Computer-Assisted Intervention.  Granada: Springer; 210-218
[ DOI: 10.1007/978-3-030-00934-2_24 ]

Wang D Y, Khosla A, Gargeya R, Irshad H and Beck A H. 2016. Deep
learning for identifying metastatic breast cancer[ EB/OL]. [2020-
05-14]. https://arxiv. org/pdf/1606. 05718. pdf

Wang X, Chen H, Gan C X, Lin H J, Dou Q, Tsougenis E, Huang Q
T, Cai M Y and Heng P A. 2020. Weakly supervised deep learning
for whole slide lung cancer image analysis. IEEE Transactions on
Cybernetics, 50 (9): 3950-3962 [ DOI:. 10. 1109/TCYB. 2019.
2935141

XuY, JiaZ P, Wang L B, A1 Y Q, Zhang F, Lai M D and Chang E 1
C. 2017. Large scale tissue histopathology image classification, seg-
mentation, and visualization via deep convolutional activation fea-
tures. BMC Bioinformatics, 18: #281 [ DOI. 10. 1186/s12859-
017-1685-x ]

XuY, Mo T, Feng Q W, Zhong P L, Lai M D and Chang E I C. 2014.
Deep learning of feature representation with multiple instance learn-
ing for medical image analysis//Proceedings of 2014 IEEE interna-
tional conference on acoustics, speech and signal processing. Flor-
ence: IEEE: 1626-1630 [ DOI: 10. 1109/ICASSP. 2014. 6853873 |

Zhang A, Lipton Z C, Li M and Smola A J. 2020. Dive into deep learn-
ing[ EB/OL]. [2020-05-14]. https://d2l. ai/

fEE '

| G, 1992 AR2E T LA ST A, S
7 1) R B S AL AE

E-mail ; jinxu@ mail. ustc. edu. cn

LML EENEE, &, BdR, BB 10N
KRR RS R FAR G e Pk fE
W EFRGRNIT R RS

E-mail ; han@ ustc. edu. cn

AT 5 TR AR, RIS ) RO B S L g A
% o E-mail : wenke51 @ mail. uste. edu. cn

EEEE, TR A , ST I RO R S IR
22 Z2%;, E-mail ;lvguofeng@ mail. ustc. edu. cn

PRSI S R 1 e S s 3 0 S B ) R S S S NS R o
WRIE242) . E-mail ;shijun1 8@ mail. ustc. edu. cn

BHEGE LA, R IR A S R
4t o E-mail ; mxchil0@ mail. ustc. edu. ¢n

W, 5 LR AR, R TT 1 IR TR S R R )

£4%:, E-mail;zhengwu@ mail. ustc. edu. cn

1993



	组合
	小封面
	目录min


