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Task-Guided Radial Basis Function Network for Mitosis Detection
in Breast Histopathology Images
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Abstract: The number of mitosis is an important index to judge the malignancy of breast cancer, and it is of great sig-
nificance in diagnosis, treatment and prognosis. However, in clinical practice, the detection of mitotic cells in breast cancer
histopathology slices is mainly performed by manual counting by pathologists. This process is tedious, time-consuming and
highly subjective. In this paper, we propose a two-stage method for automatic detection of mitosis in breast histopathology
images. In the first stage, the localization of mitotic cell candidate patches is performed using a convolutional neural net-
work as the backbone with deep supervision and attention mechanisms. In the second stage, the generated candidate patch-
es are input into the verification model of radial basis function network to further improve the accuracy of mitotic cell identi-
fication. Aiming at the problem of large differences within mitotic cell types, this paper uses tasks to guide the definition of
the radial basis function centers and uses the “local response” property of radial basis function to express the morphological
diversity of mitotic cells. By evaluating on the weak label datasets ICPR 2014 and AMIDA 2013, the proposed network
model has achieved the best F-score, which is 5.4% and 3.0% higher than the existing methods, thus proving that the validi-
ty of the method for mitosis detection.

Key words: mitosis detection; radial basis function; K-means clustering; deep supervision; weak label

Foundation Item(s): Special Fund for Basic Scientific Research Business Expenses of Central Universities (No.CZY22014)

Wk H 39 :2023-01-03 5 & 8] H 191 : 2023-04-15; 54T 4t < AHf T



£

X FASCAT 555 | 3 FR A 1o 5 00 28 X6 P B Pl 1A 22 0 S8 D) 3147

1 58

HRAIE 2022 4 3 [0 B2 %) 201 L i 1 BB 4t
THEUIE SR, A 1982 4F 2 4 FLIRE I K % — B AL T
TR, T R R AR 0 L, e B AR 23
0.5%". FLAIE WIS I BUR 25 R4 TS, PR R
LR B IT B i U0 VR 7 7 S AR OCHE . X T FL IR
B PEAT , AT E PR 3 FH & Nottingham 2H 212443
RRG" | ZR G FEALRE = S E 5 R
(nuclear atypia) A 22532935 (mitotic count) FIZNETE
B¥ (tubule formation). H:Hv A 22 43 54 15002 340 5 2L IR
P WV B SR AR TR I2 W BT B T A E
BMEX.

WA 225 SR A I Ty vk R AR TR 4
MR 2 > Bk 4 Bk vk BB AR T MG i T
TTARRE P, AL HE IR SR AE , SCORRAE N GE THRRAE , 3X
R B 2R S s b U A R e SORNH IR

B R 27 ) R R TS i U A TR R
M HEA . (A L 4 I 2% (Convolutional Neural Net-
works , CNN) AL RAE T-REAE 1 Sl KA 225> ZLAN LY
HRRFAE B 70 IDSTA' i A B2 5 B 25 1 g 43 2%
R XA 2253 SLAH MO FN T B AU . eI B B, SR T
s 1Y 5 2RI Rt 19 4328 45 0 T 2L ZH 2% 3
PG . H PR A H 5 B R AR R AR N Wi i 1 7E I
PRS2 2 P 4 P . AR HC+CNN 1 - T4 AE A3
PURFIE BT T — R 512548, 5 IDSIA A LU AT Y 3
A R /b, L PR Ay e A o e mof AT 9K 2 Bk T A%
G810 A0 B 3 B 7 % B DLAS B 1 O 22 43 2440 L 1Y

T o B 18 A 0 A T8 o A 22 A e Ty A
JH 55— W B 58 A 2243 520 I Ao 18 e 1) KL s A 2%
P 255, o I B D 2 o i i B R AT 43 28 0 73 S 25 )
WA CasNN'T SR FH A2 B 28 (00 4% 4 Bl % 38 0 09
Kl 2R G« 25— W 28 02 28 A 22 53 24 4 A s e 1)
R ARG 2R N 265, 575 > I 28 U] — Ao fie e e it A7 4
Y53 I . A Ik i il s B B PR I 26 S
FEUIZREY , X AT R 2 Wi i B A DU 3R 48 i SR g . A7
DRN"®' Bl GRS AE FON BT 2293 24460 A
JEE TET U5 P 6, ARSI B B, U)o A 22 53 84 3 8 7
HEWT S Jmy BB e RAE . A IZ T AR R e TR
ICPR 201245 2253 244048 4 IS 1A i R REAS R
B2 B AN BE N T A R R 0T B Bl 46 . A
DeepMitosiSm%Hﬂl T I 3 AR ) 485 (1) HE
LRI H&E Y U1 A 2253 24401 . |7 DRN A
BRI B, X TR ICPR 2014 4553 H 44 T i
R 2253 SRR A R UG, IR W B e ) A 55 R BUE A
TAERCRIY R .

SR, BRAT WA 22 53 8600 7 AT A e A A fige ok
A 2L WSS MBS AR ) B, B T 22 53 4 40 i
FE 43 2L IO B Be (R A 300 s AR ) i e Gk
HITE SR Z A WAL 1 IR, 308 S 30k 0 45 23R A7
BRI BAE (False Negative , FN) F{E BH % (False Posi-
tive, FP) , DT 5 0l NS f) G0 4 BE A2 A1

SirNss S8 He
BiBEE SO

(a) Mitosis (b) Non-mitosis

B A 225 2RI A 2253 2L A0 M s 1)

R, 5% R [ A SCER Y 1 — Rl AR 55 51 2 1
A8 ) i ) 28 5%k 7L, Ji o R AR R AT A 22 53 406 D 1 7
25, 1z IS B B Aan i A 22 43 24 240 Jf 1) [) e 45 6 22
20 0 25 AT 55 A% ) i pR T (Radical Basis Function,
RBF) .0y . i %€ RBF 0 ik — FE 2 B4, J2 43 2 ) i
OB . A% 48 D7 kol i ML A 50 0 A1 SR I M SR 26
B2 CRBF ity  (HRRAEZS (8] R Hr iy Sk B
b 5 14 RBF 0 26 b BRGT 52 43 2 1Y) ORI AR 58 4
— 2. PG, 2 R BERRHOR SRAT 1Y RBF G X T4
FAT 55 AT REIF A — S BRI . A SCE Je Xt A 2257
SAREA R LAY FRAEIZ 1T AR Y K-means 575K
WG AL RBE Huls | Bifi J5 2 T 23 S8 AT 55 2R 3% A0
FE B A AR I He s, TR FAS [8] (4 RBF pR & 0 B
U b b PG 22 57 2L UL S S5 1 278V i — 20 4R
1A 22 20 MG B 23 . 3B S, R T ORI Y
ICPR 2014 1 AMIDA 2013 45 2253 2L 4 A TF 806 46 1
Sk T FRATHY I vE A e E R R .

2 MLRIEERY

555 1 5 A A2 1) e o 2 L i s R RT3 A 2293284
0 AE 1 ) AR A R D7 S AN R 2 i, 3k Sy = A4
IR

Ee
2 HEAAESRAE K

(1) XTI B 4R AR A TR 4R RAE AL IR
SME B L B AR B IE R A M AL 5 2 5 B Y
TREA T2 — B BER 2 11 25 5

(2) J 7 T B AL A 00 45 58 80 X A7 22 53 SR A i a0t



3148 H, T

EE 2023 4

1778 DL IR XT 42 5

(3) 5 i JBC 381 i) s i A B 55 51 9 4% ) i
P 245 v S L B LG AT 22 4 3 240 . P e 28 A T
2.1 HEKEREF

ICPR 2014 Zi 4" A 50 [ b 23 1 (Interna-
tional Conference on Pattern Recognition, ICPR) 7E 2014
SRR ST MITOSIS & ATY PIA FLIRE 41 412 K 1%
A 22 53 4RI A S RUPEVE 43 DA 5 38 Hh A T 4R
e . B R PR E H& E ekt et IF 2 38
B R A AT T 14 : Aperio Scanscope XT il Hama-
matsu Nanozoomer 2.0-HT, £ & T i K A% ZL <20 i
x40 WL, T E AT 22 3 4 40 B AG I b, FRATT 3 A ] <40
B R R R . 1B E R R 1 696 kg B KR AL AR, Ak
s BRIEME 0 /N R 1539 x 1376 15 %, Horp il 28 ok
FI 16 /AN [ 1375 A AR A5 19 1200 5K K145, 496 5Kt
PG S DA 5 A AS ] (0 FL IR I A6 R A B Y . ZEFRATT Y
e, i T ICPR 2014 35 28 19 20 2L AR AL T Il 254k
WA 2253 240828 TR SR 04 i A 2, DAL A1 T
A fE T R R ) A4 R A R 43 R R VI R A
4+ 1 (30053 AT BEAIL 53 A 11 2455030 R 0 Gk 5 B0 L 35 B
ISR

AMIDA 2013 34" & MICCAI7E 2013 4 JT Ji&
M) —IA T3 3E, B TE TP A 22 53 2486 0 53005 1
PERE . I SE TGk BT 23 i v PR L e R A Y
H&E 44 @5 B0 1 (8], b Il 2R v 12 6] i 5 1Y
311 4> 5 4% P 18144 (High Power Field, HPF) , fU & T
550 MARTERIA 2257 24 4i B . KR A 11 R Y
295/~ HPF BG4 3 533 AR AT 22 5y S 20 . f5
A HPF EUE A9 KN R 2 000 x 2 00014 5K, 24 HLA K
XF H e B b B AT 22 57 AN L HEAT T AR TR A% U2 [
ICPR 2014 2L 40 5 U AR TE
2.2 ATFHZERMEEE M E G

ENGRREE NG L RoE vl NER 7R I KR NV KA
EAE R FAE TR A R R A R T
G RINPSR SS N O VA= W AN DS NI P =
AH G T 2L AR 21 205 R GRS DN ) it 58 FRATT e IR 248
F 5T B HE R RN [T 5 AN 722 1) R HAE )l 2 Scdis
SRR B 1 2 2% SSAE! 43 B i 5 Bl 22
I 245 SC-CNN" 12 W A X040 26 I £ SCANT 45 . 3%
SET7 VAR KR B bR TE (S B IEAT I 2R B i SR 4, AT
ARG R B IR AREAR B RAEBE I A4 25 7 7 Al
HEE.

455 1 5 T [RGB 1 T 4 A5 80 vh | SRR A 2] 11 (%]
13 L RE Ay I 28 A5 7 2% 3 $ PRI S0 s 48 i T i B LA
B EAE B . HE R AR S 3 2R — R Y ]
G2 37 T3 30k SR AR R e IG5t 1) 42 53 4 A R Ao ik 3

TITIERR TR A L 2 MR A 2257 2440 575 5=
X FF, A FE R g Hp o7 R s B T B
B, DUAE AT DL ] B b A 22 53 5420 i 1Y) 53 28 AT 55 LA
KX AT 22 20 M HEA T 28 7 53T

kT 5 ) £ T MR B 43 2 2 ) FE g fig
1 RS B BR PR /N 60 < 6018 %K, IE T
FEAS LR 122, IEREASSRAE 2 DU 1 h T ik i T
By 57 R 2 B, A7/ INE BB A B AL A A% (A SC fi
FBEIEI0~1012%) , ZJ5 LIRS J5 7 B8 ot R4
B, IF R A Z IR 1 060 & A 55 . i AR
D0 H BE ML R AR 7 A, 25 DR e vt B B A 3l B9 N TR
Z(EHEA)RT 608K, AR S TR 2L
G E L AS S ERE . B3R T —ARRIIZRT
TN G e, L €8+ SR R AR UG S ol R
“+7IETF AR E R AZ U (ground truth).

RERERElE EETERET
RSy aR e e BRI wAER PP
EEEEREE ERANEER

MaNNEeN TELRELNE
(a) EHEA (b) e

K3 TR INZR EHEEUR ]

2.3 fRIEIROFIE W 2%

AR A 2253 540 M o e Bk, AR SCHE 5 — B BoAd
AT A DR BE B S TR R LR 9 2 AR
PR T AT 22 A e 5 19 07 1 , 7 73 M) AN [R) RUBE J2= 1)
BOHE J7, DT 2545 R A A 5 B o A P RE LA 3RS
Jot e (AT 22 At . BRI ZE R AN 4 T

T2 00 2% ZR A LA BB 25 19 2 A Ay R £ BB 43
B E T2 o L3 x 3 B AR O 2, il it 2 I

ETFML
— [Coowsss ]
Sl | !
; [Cov3es ]
: | | e
ALk |
. I
it | I
Pl | I
Ty | onv3x3-128 | | |
‘/} | | |
W] oo | | !
TS I I
: ’ I Pool 2x2 WCBAM | ;
ikt } l w2 ]
g [(Cow3a75% ] [Con Tz H i
o) ‘
[Comsazss ] [ Somvax ] ||
o | o] | | I -
| [CConv3x3256 ] | | i \
|
} Pool 2% \} i SoftMax ;
o | [ 11 Cls/Reg |
2 ST | | —
& | { | ’
52 | [ Com Xl CBAM__]
B | CCowT32_]|
O3]
SoftMax }
} Cls/Reg ||

K4 kbR 254k e



£

X FASCAT 555 | 3 FR A 1o 5 00 28 X6 P B Pl 1A 22 0 S8 D) 3149

OB T ) AR LR B . i Al B R 2 Uy I 4%
ZRRE AN fefi FH 4 3 2 )22 7 ) 2% g — 2 Je 4R it
15 I3 —14k 2 (batch normalization ) A ReLu 3 15 pREX , 75
B B2 RE A S R 25 B FRAE S T R A M
iy 1 R R A AR AR S — B2 X R
A 2 S0t W B 2 ) L AR A 2 s R
Se 4l A — AN B 1B (Convolutional Block Attention
Module, CBAM )7 i 5 3 A i 38 38 0123 8] R, 1l ]
1% 1Y 45 FRAZ R 20 & S [ 38 18 A 45 A JF JE 47 R Ak B
4t Hk il 25 R BN E B EAE o 24, &
2 softmax JZ A 10 I 4 A~ Y11 25 1452 B 1) 28 53 /0 Hp s Al
Fofit . IR, i A AR5 J2 6k B AN ] RUBE 9 )
AT Rl G . AR R R DO 20K bR SRR A 1 R R
VE i AR AT BRSNS, I 4 s A AR AR e iy 2 531
FRAEFIEFEA I O RS 1

LB B, 5 I 2 e 1) 8 e 19X 465 157 P 5 2R it
FL R A 20 B2 R L AT A BURAE | AR i
WEZ) , IR Al AR AT DRI, DA [ {5 7 328 A 22
RBERLSY . HH T — A 25 AR AR KA 1 IO A T, 2R
JH 5% AE & K AE 0 (Soft-Non Maximum Suppression,
Soft-NMS) 8 £ BRITTAY . X T LA S R AB A K
REL 2% b K B L e e A5 43 RS A TOU K 1) 46 D HE A5
o7 B EERAE, Soft-NMS 1y 48 th AT A 2 T i 4
NMS A 3X — BB I, 38 2 4 P I AORT 25 357 AL i) 75
AT A TR AR (1) SR AN T ST S A A A R A T
B FE P SE AR XS 45 ), tH S N S s n
JEH AT (i 5 H RS 5 A 4 5 X 25 4 H AR
FRE AT — i B SR THVE T . EL A b RS T 3] 1 o A5 4
LA AR FRda A TR A 20 B AR I A 4 R R RS
FE 3 D7 358 A 1) A IS 2 4 — I L, X L1
9 B A2 60 MR R T AT 5% 40 M e 25 /N T 1
EM AR FHRAE, SR BB T 208, B 2
SIS 0 e KA S AR bR L s B T R BRITAR I
By e AR DU 21 67 R s $2 BURGSE K/
60 x 60 [ A& LE R, 1530 A T 21 9 240 167 5 A48 o
SN v T AR i 7 B AR bR 22 ] A BE 25, i SR A7
FEIE B TE 60 45 3R 30 2 P A IS gl A e A 00 381 F okt f
VERUNA 2257 3L, T8 TARSE 175 I Z A R B 3
T 60 MR I F W2 AR A 22 03 ZLA0 ML, 25 T b 4%
075 B, R T T L PRGOS DN 2 BB 19 g i e
FI W58 AR DRAF LIS 585 A M 2 1 il 2
2.4 WFEP-ELZS|ISHEEENL

1% 45 1) 4% ) 3 W 2% (Radial Basis Function Net-
work , RBF Network )" FH2—Fh {& B = 2 ik 454
L EHNZ ARG FRUZ P2t 11 )2, —efdt A
Ji I AR T R R R AR A S I 2 A A 3R 3L

FRAE AR BURECR 45 R P A7 i 2 . TS R
25 P 255 HAT AR BRI rh 27 2 43 2 43 TRVRRAE 1Y 53 K BE
73,77 LA RBF M8 @A B 4 1) R AR 3R . BT LAAS S0
BV b R AR B ORI AR ] B pR BRI RS O G —AE
28, BERE LAECIE 3K sl iy 22 o) i R R R R Gk, SLRE
O3RN 4% R4 T RE ) Az AR RE T B AR
B[] Ip A2 [ e R B0 0 E LES G T A 22 AN 8 5
55 . SR MO ) 45 BRI 24 (T8 RBF) X AEAS 347
Sr SNG4 2 0 48 W) IR AU , 1 A R AE 4 B X
A 2257 SRR TRE R R 5 2 T R AE Y K-means
AL IG L RBF 0 SR 5 6 A T RBF 1Y
B P28 JEEAT 2028, R A AU SR B0 i E I fi A
] J UL X FPR FE ) K-means B 28 BAHZ 36 TR 55
N TAER IR &, 58 i AR IE ) RBF pR &0 AE
HERf Tk B Z R A 22 40 i AR S S5, Bk
) 30 IR ASE e X 25 25 4 P G [T 5 il s

HLARH X5 TRIE S PO B, 4 55— [ Befge e e )
25 R I (0 A 22 BARAT 224 1k B A B ARk 2 1
25 R PEAT T 25 , 76 453 Resnet18 HR i VU 2 45 FURE e
FRIESE U , R4 B R AL Z A B Ny 1= 1 4y
fiE, i Jo AR SR PR AS 4 3 5 2 A T PR 1Y) i 21 5 e 4, L)
KA R Bt 4753382 21 . R BT A il dE v
A LA AR TN bf 1 R AE 42 U 15 31— R A
L REARRAE , B $F K-means 575 0T G 2 FEAR YL ilb 47 5
e, X (D PR . R A HEAR SRR R O Ay IR
B AR AR 1 A3 ) 2 T i R L AR
RIEHE D FHTA RIS 25 R — KRN
AT A s B BE R 77 T Bz e R ol s
i A AT 43 e SRR R e o0 s 2D R B
Z PO IR AR N B TR B 98 R 1 2 AR
I SRS, I B R Pl

. 1 & .
mmCek"”’Nmey,,e {0’1},,,” fg( xn) -Cy, 1

2 Tl
,S.t.
2 Y

_—

(1)
Soopn (xR B2 4 086 YRR 294 A v,
FB— M TF{0, 1" bRy, dACREFE RO, C 1R
TR L, m RERRIEP LA
HYUORE S5 AR m B 45, Oy 1 4 i 4 iR
FLIRIE P EUGA 2257 24 Y ZREE , A SCHE Resnet 18
DR 48 S5 I T A28 [ S I 2% )22, 38 2 AN [m] 49 A28 ) o
INHE—REEIME A 2240, 24 RBF 285 K-means 526
PR BN AR E S5 X R ¢ R MR Z i e 15 T
Bo 5 J2 2 ) 20 i 2 T A B SR 2 PR A, BRI IR 286 1) i
R SR T H P M IR . X 2 2 B AL
By B 35 pR BICR FH 21 pR I, BTG PRECH Sigmoid PR
BUAE  RBF 28 i B i 1 35 R ESCR FH B 2 e 0, 1 i



3150 H, ¥

il 2023 4F

g

' BEE | MRAE '?X L ‘ uﬁkﬁiﬁﬁ[ 1x1 HBYZ

HUHRBE A0

K5 SRl AT 55 51 S AR 1 5 M 25 451 4]

VTR PR BRI 07 A58 1) 5 o 5 B v 38 o BB N (2) e
JEE S i A s 2 T A B ROARRL OB R
BB I T 15 Sz, BN et UGBGE T  0. A
AR i) e 14 S . R AT 2R R R AN [ AT 22 R AR
JE SRR FF AN R £ RBF B i 13 47 2 MR A 4L 5 7%
PR BA 227 2L B AL, it (3).

R(Ip—Ck) :exp( -

Horp,o, ﬁi%ﬁj/\ﬁ; RV B 22 o) 45 1) B L RPALE , €

Lz||zp—ck”2)ak=1,z,.-.,m (2)

PRERIIE L BVER kA 307 R B TP Ly , o S v 0 R K
7 22, —Iﬁﬁ?ﬂmwﬂﬁ¥ﬁé,Haé’éﬂﬁ&ﬁﬁ%il]o:
C

%/ﬁﬂj s Cron TR RO Z A Y R RIS, m AUSR

2m

2 R LN
HR I 2 TPl BT R B A ik 0k B AR AIE B2 IR

ot 26 HEAT BN 5, #4532 A9 BRI A i 3 2%
ML BR ,  3 0B P AT 220 B MRS D R
A AN TR FE A B2 s, 335 M FH O 2R 2 v o A 1 ik
W28 L AT R AL . SRS AHES I T RBF JZ 45 1
o0 265 BT X g e B AT 3 2, IR BT A I 4 A A
BT RBBR AT A 22 BB B R R K PO, A
FHIX — 28 Y SRR O R BRI T — S kA rh AR 1) BE 1)
28 0k R B b G LU X AT 2253 2L 200 i 15 A7 2 031 )
2] L P ZEAGE R Ak AN DR R AU T B A s N 2

— A, BT IR BE . 045 Y B 2 i AN [R) RBF
BYIALE A5 2, an=X (3) firs . o, YA I 2% 1)
Ll

v=So,R(1,-C,) (3)
k=1

55— I 45 0 3 i B (] B, A S e A i
T 2 B — A 2 RIS A 2% (A AR, K I 5 0
IR BEENE VR T T 2 i LA B2 LR R L kAT
A 2253 FL A0 ML B A
2.5 IREE

TSR — B B () A 158 e 0 2% ep | X6} 1 SR R PRI B g
AT G, A SCHE A8 U 2R R B Bty B8 1
ACEE ZR B8, DT B i A Ak B T R AR O B A, n
A () Pis:

Lyl 1) = E[N*ZXNZ 10gl}

i

—E[}W (1-1,)log(1 - 1)} (4)

Horpr , N*ROR IEREA MG S s N~ RoR R A 5]
G Foi 5 1 3R Rl = bR A A A B
groundtruth, B A A S B O AR 3L, IEAE AR T 1 %5
W31, ] Softmax 73 28 445 B 1Y [0, 1 158 Fil A Y T Ay
AR

Xof T e B 0o 28 v o7 5[] S 4 R AR 9 A 22 1B
AT AR LEAS L yugok e X, Fnan=(5)
Iz

Lreg(;,;; x,y) 21

(5)

Forp, 1( - ) 48 7 s, A 1A 53 rh R T A ik



£

X FASCAT 555 | 3 FR A 1o 5 00 28 X6 P B Pl 1A 22 0 S8 D) 3151

B (o) 4 P B3 o 0 7 0 A0 o O
B gmundtmth,(;, ;)ﬁﬁﬁwﬁ%m%mu iy

OB EATHE . SR, S5 A M R R & JE R
TR R AR pR B 253N (6) T -

L(W) = ngIS(Y; 1) +L§‘;:€(7; 1)

+y

PZH ERNFERY PVZ FRERY

b, WRRTE e B 45 v B2 o) 1 T S50 FR
AN [6] 9 225 2 ) M i 5 p o — APl o 2SR 1R 55 2
(] AR R S8, 7 AR SCRY SE R0 BB 25 L,
TR kA )2 BB R BRI L, R 5 s M
fi 12 )7 A PRI L G530 s ISR 5 J2 1 2 31) 4
IR PRI ; Lo F7s IR 5 J2= B0 (07 A0 K pRER

TESR B BeAR 55 5| S AR 10 S W 26 v, O 1 -
A 15 R 00 4 7 A 1A ik o Bk v T SRR AR R B4 4 ) R, AR
SCAE PN 250 AT SR B 20 (4) VR A 3 2% e K, T
TEAT 55 51 5 B A% i) 22 0 2% v, DI R ] — 5058 SUMR 5
I RRBSORHE e REATAN FIWr7 ~T, ansX () B -

— 1 — —

L(Z ; Z)z—NZ[Z,ln l[+(1—l,.)1n(l— z,.)} (7)
Horfr, N R REAR AN B 1 3R il R bR 2 B A
He Y groundtruth, BVAEAG 2243 244010 FH 0 k5 i, A5 22493
ZUARMLFE 16738 5 1 MR R RBF AL & 158 5 (0 5
T B A A 3 (3) gt I9—Ab ik 25

3 XRERSHSM

3.1 SLIRIREE

AP K i N0 2 A 3k AR 19 S 56 PR AR 2
N . B . CPU M Intel (R)Xeon(R) Gold5118; GPU
S NVIDIATITANRTX ; NAF K 24 GB BFFLE - #RER
45K 645 Windows10; Python3.7; PyTorchl1.7. fige 356 B Y]
25 Adam DAk a8 A TSEE DL AR N 25 T AEAT: 555
T B AR ) O 28 T 5 R R T SGD fE A, T B B )
26 1550 A I 2R ), 5B epoch A 200, W) BA 2 2 R Ky
0.001, I J StepLR 2% >J # i #& SR BE ML, B3k 8 4> ep-
och AT — U Br, R0 K 4 0.2, s S E 8 0.9, 55
B B I 45 5 AR T R R B A 100, I BEILIHE 50 4
NG R PG B (o A5 10 0 2 31| ok B B A
3.2 MEEEMIERR

TEA 2243 ZERG AT 55 v, FLPk R 2 AR 96 A L s
3 B PR 4% v T Lo G 00 81 A A 225 S 400 B A B e S
K5 9 . A4 ICPR 2014 F1 AMIDA 2013 1 3% FE b
E AT 22 53 240 0 1) R 1 2 i Gn SR A I 281 ) 6 )
FRICHY O ARSI EE B 7E 8 um (32 pixel) DL A IS HAR

R EAYE . SEFEHE AT LU A R (Recall) , HERf 32
(Precision) l F {H (F-score ) e BEAL A 22 43 2446 T 1) 1
B . L A ] R S A A TR S T #) A B IE AT 2257
SN AL EL R A R AR R A AR T HERA RS R
G A FR A I 3 A 2 3 4 20 B30k S5 A6 DN S 1 T A 4
it 2 1] () b3 i i AR AR A A A v, — Al
LAY (10 G SR T 3 [R] 2O B 5 7 — 38 24 19
LN . F R R R G R G P Y (E, S A
(A1 S5 VRS FE A 5 LA 3 isf, (B DULSEE ) 3 T R A
FEFHE .
3.3 BEGHRR~T3EE RN

R T A T 2N AT U5 22 67 () PG B R ST o T
RIVERBAYSZ MR, AR SCHE e e B ) 4 rhise o i A TE SAREAS
PG S350 4 40 x 40,50 x 50,60 x 60 F170 x 70, 3
1 G iR E I 28 7F ICPR 2014 S iF 548 | Firsdyini 5]
TP .FN DL FP (% , 49 2R [R] RS G He (A 14 B
k1.

F1 ARERSTHEGRERIES ETP N FPHEE

40 x40 50 x50 60 % 60 70 %70
TP 88 107 121 119
FN 64 45 31 33
FP 166 146 152 179

SRR W SR RS K/ 60 x 60 14 2 1 4]
5 e R R g ME BE B A . 40 x 40 1R Z ARG i TR
SEad /N DR TE VR R A 22 4 B4R L Y AR AR AR B
X3 A3 22 FAEAT 22 0 A A B A5 B K, 1 i ik B
IR 245 A ) 45 SR A7 A R B TS, AN R e S5 B B
5 TIEASE B 1) I 24 D 5 RAS: P BE 5 70 x 70158 3 19 B 15
Yeeh T RGF R R DUOEREAR BRI & T it 2 00 H
7B X2 S 80" AR R 2 R BAE , 2E i 5 AT
555 T A AR i) I 4% X T A 22 G 00 L T e 2R
50 x 5014 % F1 60 x 60 15 2 1 MG AE M 4R T vk
W E] TP FN A1 FP B 5 #2230 , (H 3 of 1H 55 & Bl A
60 x 60 15 25 1) EI5 He ish B AU 1 M B o T 4 AR ST
50 x 50 [/ R B, PR AR SC i 2 F R 4 60 x 60 12
KNEY MG IAE F s A TR BE R 25 11 245
3.4 REEBRFENVNGIIER SN

R T IR UE TR P W R R ML X AR AL RE 1
M , A% SCAE ICPR 2014 %) 43t @9 B ik 45 I, F 47 T
CBAM & e, G W B LA A9 T il S 6, DU b 58
HXT FE g RN ER 2 iR . SRS %A R IR EE B Y
B P 28 0 45 L, AR S R £ 455 750 vl O R W B
& T 25 N [] IRUBE K- 14 F50I 6 77, T AR 0 245 B
J 2 A 2 2 b A v B L A I | R A
S g 2 AR A A — > CBAM {1 32 S B, DIl
TE A S (RS E R LR AR R TR E RS B 2 R



3152 H, T

E 2023 4

PIRNRRAE 1] 15 B 5 It AR AR I E A7 AR SR LU 3 Iy
MR IE , I8 B HB M I R AR A H B . PR SR )
2% HRUAL RE WS T B 0 A7 22 0 M0 (0 o B B, BRAS AR e
TR HE 22 00 2 B 1 )RS 0 1P E

F2 REBYHS CBAM R AR A L5 REGRRS LN H

TRUB L CBAM JE AR B F-score
— — 0.586
N — 0.617
N v 0.632
3.5 BREROLHNEITRE MR R

2 1) KL pR A 0 5 RBF 9 25 114 43 25 P fiE %5 V1 AR
O, TR B S5 AR R 2 PO AN EOR B 2 RBF o A S gk
JITTE , K-means 3 J8H 350 DU/ IMEREAR 5 5 5F 7 1
ZEVE A H bR R B B 1 10 0 5 R AR AR S Y
7 BE B R 25 AR O A R, 2 R L A B m /)
TFRAER RO H I, m B3E 02 KM 04545
B RAROR W AR TR B ) 35 T R, 1 2 mAH BA Fe 2R
S E B m TS ) B IR A R L 2 i AR
JIN | TR R R T I S R A S TR, SRS B m (LY 4k
LRyt g% . H T X —F8FR, 7F K-means JE 2545
Al E RO AN 1.2.3.4.5.6.7.8.9
AT Z YA P38 LI, 75 2 &5 L W 6 s .
SEHG R YL 3 I IS R AR R R ek
RN, R AR SCREH m=3 1 R0 HH

x10°

6 TIPS o i U f S e KL

3.6 ICPR2014#iF4&E FRYSSIE

LB PE T B REASFR R 42 19 FLIBERL R 23 )N 25
BEAR IFREAR Y FESS— B B e B 25 I 2 b 1
FERAEER LU 122 B IE SUREAR B, AR SCE A4
PREEFRAT T 9 350 A A 24 i MU sl AR A 2257 2440
B IEAEAR TN 18 700 A5 A 2253 244 LA S AR A 2
Sy LA T REAR B, R E RTINS 60 < 60.

YIEARAT A o B X 2 76 B ok MR A T B B e T
HURI2 17 1361, RSF RN R 60 x 60 FIAT 22453 5441 il
k. SRS A B IEBLR rh A TR 55 5 | A 1) )
20N, R BN A IR R UK
/A 60 x 6015 3R 24 495 M 22 A Y i+f K-means B 26
FE T HERIIR AL RBE Wty i AU 2R 15 X 45 A
{H B o AT B T AR B R AR A9 A8 ) 6 vy, DTS2 3
2257 LA M Y Fre 2k

Shy 35 UEABE RV B8 0 A S AR SO T B RTTE
ICPR 2014 %45 4 T AH 3¢ T ZLARAS B EMG A 2200 24K
WA DG , BRI 3 Fos .

R3 AEFEFEICPR 2014 WIFE FINER

ik Precision Recall F-score
DeepMitosis'”! — — 0.572
MSSN2H 0.379 0.617 0.470
SegMitos' ! 0.541 0.682 0.602
RCNN based"" 0.530 0.660 0.585
Resnet-101% 0.556 0.704 0.621
DIA+PMS? 0.581 0.691 0.631
OurNet 0.610 0.782 0.685

F3FNAEH T KB 3 R Al F-score = Fl1 iE &
PEREPEA FE b , 10 0 SE G W, A SO I i e 0y
SR 55 B T A gs 1. ok iR Ny
0.610, 73 13 7 0.782, F-score J9 0.685 Y4 T Hi4 o7 vk
PEBE X R W T AT 55 51 S A9 4% ) 3 N 45 41 % LRI A
24 4 S0 ORI A P B R A Rk L T S T R R
FE ICPR 2014 B UF4E [ (460 2% JR 1], Hod TP
sR(o rHER R, FP A # 2  fE 6o , PNl 5 €0 )y
HEFIR .

&7 FETCPR 2014 P56 0k PR A4S 45

3.7 AMIDA 2013 ##E& FRYLIE

B A ST L RS R ZE AMIDA 2013 Bdi 46 |- gk
AT PPAG B, S8R 55 F 143 2SI 05 5 467 1 TG sk
AT 50— By B A5 8 e o 28 2 5] | P B fk i M B A\ 31
55 W BT 55 5 | T 10 A% 1) L R 265 RSB 224 2440
BRI . 3 4 40 B A SCRT 2 1 A O vk i H Ay ik AE
AMIDA 2013 MK 4E I 0 M RE Hb g, S ga 45 SRR B,



% o1 M

K FASCAT: 555 | 5 RO ARS 7] & 19 28 % LR BRI A5 AT 2293 284G 3153

P2 A7 AMIDA 2013 304l 48 F3k78 TR F
J3%00.728 , 4 [H15R 0.707 FURG A B2 0.751. 18] 8 25t T 4%
ARIE AMIDA 2013 IR0 4 [ A K6 0 45 S s il , Horp TP
fii &% (0 )5 HE 7, FP {8 (0 5 HE %7, PNl A
I HEFIR .

18 FE AMIDA 2013 19 I 50 0F P45 14 G i 3% A
R4 AEFEEAMIDA 2013 BiFE FRISER

1k Precision Recall F-score
Lightweight DNN'! 0.470 0.780 0.556
DeepResNet+HoughVoting?” 0.547 0.686 0.609
SegMitos-random'*! 0.669 0.677 0.673
PartMitosis’>”! 0.743 0.658 0.698
OurNet 0.751 0.707 0.728

4 it

AR SCE XA 225y 24N T 25 Z2 RE PR 1Y ) 8, 42 4
Tl 0 LR ZH 2 PR RIS 2253 24 A Sk A
R SR 5 T A A BT AR ST I U
SRAEASRY | FH ik s e 0 4% (401 2 5 il R M ML 1)
R IABETRY | FH 1 22 S 40 6 i 3 B 190 03 2 5 o A A% 1)
ORI B 11 TR B A FRU ) 45 SR | ST B A 22 4N 1 B 44 50
UE . 27 AR T AU 559 b 2 B e B o A 24 4 4
2 M E A 7RSI B PR R L BB A R S 2 114 IS 2 4y B M2
PR AR TEYE , - EL i A S0 45 SR B AR SO
FEFIZE ICPR 2014 F1 AMIDA 2013 PG O bR vE S 4
T DGR B R A A R PR AR D S X6 T
S Al PR I FH LA R

S 3k

[1] GIAQUINTO A N, SUNG H, MILLER K D, et al. Breast
cancer statistics, 2022[J]. CA: A Cancer Journal for Clini-
cians, 2022, 72(6): 524-541.

[2] FRIERSON H F, WOLBER R A, BEREAN K W, et al. In-
terobserver reproducibility of the Nottingham modification
of the bloom and Richardson histologic grading scheme for
infiltrating ductal carcinoma[J]. American Journal of Clini-
cal Pathology, 1995, 103(2): 195-198.

[3] HUANG C H, LEE H K. Automated mitosis detection
based on exclusive independent component analysis[C]//
Proceedings of the 21st International Conference on Pat-
tern Recognition (ICPR2012). Piscataway: IEEE, 2013:
1856-1859.

[4] SOMMER C, FIASCHI L, HAMPRECHT F A, et al.
Learning-based mitotic cell detection in histopathological
images|[C]//Proceedings of the 21st International Confer-
ence on Pattern Recognition (ICPR2012). Piscataway:
IEEE, 2013: 2306-2309.

[5] CIRESAN D C, GIUSTI A, GAMBARDELLA L M, et al.
Mitosis detection in breast cancer histology images with
deep neural networks[C]//Medical Image Computing and
Computer-Assisted Intervention — MICCAI 2013. Berlin:
Springer, 2013: 411-418.

[6] WANG H B, CRUZ-ROA A, BASAVANHALLY A, et al.
Cascaded ensemble of convolutional neural networks and
handcrafted features for mitosis detection[C]//Medical Im-
aging 2014: Digital Pathology. San Diego: SPIE, 2014:
66-75.

[7] CHEN H, DOU Q, WANG X, et al. Mitosis detection in
breast cancer histology images via deep cascaded networks
[J]. Proceedings of the AAAI Conference on Artificial In-
telligence, 2016, 30(1): 1160-1166.

[8] CHEN H, WANG X, HENG P A. Automated mitosis de-
tection with deep regression networks[C]//2016 IEEE 13th
International Symposium on Biomedical Imaging (IS-
BI2016). Piscataway: IEEE, 2016: 1204-1207.

[9] LIC, WANG X G, LIU W Y, et al. DeepMitosis: Mitosis
detection via deep detection, verification and segmentation
networks[J]. Medical Image Analysis, 2018, 45: 121-133.

[10] Mitos & Atypia. ICPR 2014 mitosis detection dataset[DS/

OL]. (2014-07-01) [2022-08-31]. https://mitos-atypia-14.
grand-challenge.org.
[11] CAID, SUN X H, ZHOU N Y, et al. Efficient mitosis de-
tection in breast cancer histology images by RCNN[C]//
2019 IEEE 16th International Symposium on Biomedical
Imaging (ISBI2019). Piscataway: IEEE, 2019: 919-922.

[12] VETA M, HENG Y J, STATHONIKOS N, et al. Predict-
ing breast tumor proliferation from whole-slide images:
The TUPACI16 challenge[J]. Medical Image Analysis,
2019, 54: 111-121.

[13] XU J, XIANG L, HANG R L, et al. Stacked sparse auto-
encoder (SSAE) based framework for nuclei patch classi-
fication on breast cancer histopathology[C]//2014 IEEE

11th International Symposium on Biomedical Imaging



3154

BT

g
==

il 2023 4F

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

(ISBI2014). Piscataway: IEEE, 2014: 999-1002.
SIRINUKUNWATTANA K, RAZA S E A, TSANG Y
W, et al. Locality sensitive deep learning for detection
and classification of nuclei in routine colon cancer histol-
ogy images[J]. IEEE Transactions on Medical Imaging,
2016, 35(5): 1196-1206.

WANG L, YAN X, YOU Z H, et al. SGANRDA: Semi-
supervised generative adversarial networks for predicting
circRNA-disease associations[J]. Briefings in Bioinfor-
matics, 2021, 22(5): bbab028.

LIU Y, CHENG M M, HU X W, et al. Richer convolu-
tional features for edge detection[C]//2017 IEEE Confer-
ence on Computer Vision and Pattern Recognition
(CVPR2017). Piscataway: IEEE, 2017: 5872-5881.

WOO S, PARK J, LEE J Y, et al. CBAM: Convolutional
block attention module[C]//Computer Vision—ECCV
2018. Cham: Springer International Publishing, 2018:
3-19.

BODLA N, SINGH B, CHELLAPPA R, et al. Soft-NMS
—Improving object detection with one line of code[C]//
2017 IEEE International Conference on Computer Vision
(ICCV2017). Piscataway: IEEE, 2017: 5562-5570.
CHENG P, WANG Y L, YAO B Y, et al. Cyber security
situational awareness jointly utilizing ball K-means and
RBF neural networks[C]//2020 17th International Com-
puter Conference on Wavelet Active Media Technology
and Information Processing (ICCWAMTIP2020). Piscat-
away: IEEE, 2021: 261-265.

CARON M, BOJANOWSKI P, JOULIN A, et al. Deep
clustering for unsupervised learning of visual features[C]//
Computer Vision—ECCV 2018. Cham: Springer Interna-
tional Publishing, 2018: 139-156.

MA M L, SHI Y H, LI W B, et al. A novel two-stage
deep method for mitosis detection in breast cancer histolo-
gy images[C]//2018 24th International Conference on Pat-
tern Recognition (ICPR2018). Piscataway: IEEE, 2018:
3892-3897.

LI C, WANG X G, LIU W Y, et al. Weakly supervised
mitosis detection in breast histopathology images using
concentric loss[J]. Medical Image Analysis, 2019, 53:
165-178.

WU Z H, SHEN R B, HUANG ] Z, et al. Strongly super-
vised mitosis detection in breast histopathology images
using weak labels[C]//2021 IEEE 18th International Sym-
posium on Biomedical Imaging (ISBI2021). Piscataway:
IEEE, 2021: 358-361.

[24]

[25]

[26]

[27]

LIY H, XUE Y, LI L F, et al. Domain adaptive box-su-
pervised instance segmentation network for mitosis detec-
tion[J]. IEEE Transactions on Medical Imaging, 2022, 41
(9): 2469-2485.

ROMO-BUCHELI D, JANOWCZYK A, GILMORE H,
et al. A deep learning based strategy for identifying and
associating mitotic activity with gene expression derived
risk categories in estrogen receptor positive breast cancers
[J]. Cytometry Part A, 2017, 91(6): 566-573.
WOLLMANN T, ROHR K. Deep residual Hough voting
for mitotic cell detection in histopathology images|[C]//
2017 IEEE 14th International Symposium on Biomedical
Imaging (ISBI2017). Piscataway: IEEE, 2017: 341-344.
SEBAI M, WANG T J, AL-FADHLI S ALI PartMitosis:
A partially supervised deep learning framework for mito-
sis detection in breast cancer histopathology images[J].
IEEE Access, 2020, 8: 45133-45147.

XF %, 1997 4F 1 A T I ARA M
Al 2023 FF B T g RIER AP BESE T
PR, AR TR L2500 . AR T B Rt
KA £ T o s TR AL . A RIS O )
RN TR, R HLE .

E-mail: 2020120605@mail.scuec.edu.cn

EEFR(EMMEE) F,19734E2 A hE
FWdbea A% B, Hll T PRk K2R
BB R L, IR Loy R R R
KAF RN L A 06 . EEWFI ) ) R 2
SAGAHT TN N T g

E-mail: gltang@mail.scuec.edu.cn

& E A, 19984F 12 HHAETFINAAE
By . 2021 A EMY T 7 B2 B LR M B o T AR
Bl T AR Y T B2
P2 TR A BE A LI 5E A . RS T 1) o R
ST TRHLILE .
E-mail: 2021120703@mail.scuec.edu.cn



