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Abstract: Objective Breast cancer-prognostic Ki67 score can be as a key indicator for the proliferation rate of malignant
(invasive) cells. Negative and positive nuclei detection is an essential part of Ki67 scoring. An automated algorithm for

nuclei detection can alleviate the negative impact of intra/inter-observer variation and labor-intensive nuclei counting. In
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recent years, deep learning methods have been developing intensively in relevant to recognition tasks on pathology images
in terms of their learning potentials. Deep learning-based model can learn features derived from the raw data and relieve
labor-intensive annotation of training images for pathologists. To alleviate the labor cost of annotation, our research is
focused on modeling Ki67 nuclei detection as the centroid detection problem. The existing centroid detection models are
commonly used to convert the centroid annotation into a probability map with the same size as the input image , the centroid
detection problem is thus converted to a semantic segmentation-like problem. However, a semantic segmentation model has
restricted by huge computation cost due to its huge amount of convolutional layers-related decoder. Nevertheless, due to
the non-deep-learning post processing on the output heatmap, the whole detection process is complicated and inefficient,
and the quality of a deep learning model is required to be developed further. Our CentroidNet model is facilitated to opti-
mize nucleus centroid detection. Method The CentroidNet consists of a fully convolutional centroid detector initiated by
ResNeXt, along with the detector’ s training and inference methods. The CentroidNet can place evenly spaced anchor
points on the input image. Actually, the anchor points are the places where the center of the detector’ s receptive field is
sited on. Each anchor point-interconnected detector can predict the classification probabilities and the offset to the anchor
point, which is called a candidate point as a whole. In this way, the anchor points are the niches of the candidate points. A
candidate point has the highest probability and is higher than 0. 9. It is treated as predicted point. To assign labels for
anchor/candidate points, we implement the “nearest anchor” strategy. This strategy can assign any annotated point to its
nearest anchor point literally. Those anchor points are not assigned via any background label-assigned annotated point,
whereas those classified label is “background” and label-coordinated is the anchor’s coordinate. This strategy is mutual-
benefited between annotated points and anchor/candidate points. The label jittering problem can be avoided, which is often
seen in current one-to-one assignment strategies. The anchors-between spacing is concerned about more. We recommend
that the anchor spacing approximate the First Percentile of the minimal distance between each annotated point in the train-
ing set to its neighboring annotated points. Such spacing can balance the ratio of foreground labels, regression-
coordinated, and optimal efficiency. The CentroidNet’s detector can avoid the commonly adopted paradigm of U-Net or fea-
ture pyramid network (FPN) , which involves shortcut connections and multiple upsampling layers. This lightweight detec-
tor can improve quality and efficiency. Result We evaluate the quality and efficiency of CentroidNet model on BCData, the
largest publicly available dataset for centroid detection of Ki67 carcinoma nuclei in breast cancer. For quality analysis, the
CentroidNet can achieve an averaged F1 score of 0. 879 1 compared to the SOTA (state of the art) score. For efficiency
evaluation, the CentroidNet can achieve SOTA with an inference speed of 12. 96 ms/image and a GPU memory footprint of
138. 8 MB/image. Conclusion The CentroidNet is featured of light-weight, efficient and ease of use. It has the potentials
for centroid detection of Ki67 carcinoma nuclei in breast cancer.

Key words: breast cancer; Ki67 score; centroid detection; one-to-one label assignment; anchor point
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Fig. 1  The overall process of CentroidNet during inference
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FON RGN 25 , 4 A0 515 B8 7 A B vh e s,
AL Centroid Net K I 7 45% B3 78 K- AN s AL O PR35 5
1100 RIS RO R o S i —AN1E 5 8 XA 1Y)
H bR 5 s AR R

AR SCAH 7 Bk ] (square detection, SD) 4 #%
PR ZRER FCN KL FF . SD HHs 4 th A2y A2
FETE 5 980 8 918K 1 RGB MR 2. 5L
FEFF (LA (TP Ry A2 s ) 70 Wi P 5 - B B ik
Bﬁ’l‘ﬁ%ﬁﬂ%?ﬁ’]fﬁ@ﬁﬁ% 1N L AT B

o ITHBBERM I SEME 1 R, TP EA 135
Eﬁ’éo i 12 RO o3 4 2K (5 05 3) .
I JE— MR B S S 2R (G5 4) T
SIS, e BRI AR P, BRI Z Sh
WIS g A AR (0 OB R AR AR R o 7 B2
KIS 2 3 78 Ry 1 68, Bl S S AT e A 2 1Y
WEARIE AT o AR AR BRI AR 2515 T R
#1 25 2 S bl sUAR AR 5 24 07 Bl o (AL,
AR BRI rh e AR R (45, 45)

#&1 SDHEIEEMRIEEHE
Table 1 Classes and colors of SD dataset

ek PRGrAM T

0 #FF0000, #00FF00, #0000FF

1 HOOFFFF, #FFOOFF , #FFFFO0

2 #800000,#008000 , #000080

3 #008080 ,#800080 , #308000

4 HFFFFFF
AT 5 30 i SR BRI, — 28 SR Y

AEFR IR I 5T 50 A, 43 A A5 TR — AN IE IR X8, i
e Ml S TR B S, s R DETE B B4 A . AR SRR
Eiukﬁ%“ﬁﬁ’u T, e B H A R R R
ZERTERT SN AT XN A = Rl &
% (5 H A R A B I AR A B LR KT
B RIS L8 /N TR 18 Az F R /N . PRt £
Tt DX PN B B A R SR AR T AR RS B
P B TE XM AR A TP B AR R RAR .
WA SCH AT B2, FH T RSS2 B N 17 33 X4
T B AR WA B0 & A i 8 s o T
et (1 oy s BE ML D B DL B g Sy oy (38
K WARZE B IETTIE K 3 (Fri iy ) o S6br I,
T He#1 1)t A5 AR AT AR M IZ I D5 T IX L 1) 3 4

Y5100 A o 7 a2 5y o s BLAE LA R b e ol
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75 Hea X R A

I 91 |
f |

7

K8 Jrbust S#2 LAY X s B
Fig. 8 Regions where square #1 and #2 present
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X FLIRIE Ki67 BG ST T 1018 R I8 AL
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Fig. 9  The structure of mini detector

®2 HEERIWIPER

Table 2 The result of mini-experiment 1

Table 3 The result of mini-experiment 2

LRE PR

- Pool 33
SRR T bRfez PRETED
27 0.200 0.985 0.005 cd
47 0.200 0.991 0.005 bed
67 0.200 0.988 0.003 aad
91 0.200 0.919 0.017 abed
91 0.500 0.905 0.013 abed
91 0.800 0.807 0.049 abed
91 0.941 0.630 0.048 abed

ETHIE -
e bRifi2z
11 0.994 0.001
21 0.966 0.010
31 0.875 0.022
41 0.710 0.034
51 0.413 0.142
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{0.2,0.5,0.8,0.9412}
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[T, 4 /N AZ B RO 4 e T it o Y SZ B R/
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JEAZ R/ INE e RBAR SCHURRN & 2% o AR R A
45 /N2 B S5 R SCfE B SRR R RS
Fil o SR 4R/ NERZ BB 00 T3 HAR 8 H |, X
R A R o AR SO AR R B A3l T s ke k2l
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] B, fi Je DB 5 2003 8 T X IR A 5
i) Bl e S AL
2.1 KEEH
2.1.1 ¥t

5256 % FH BCData 2045 % (Huang 55 , 2020) >R 56
JE CentroidNet 1A #1: . BCData ¥4 48 /2 H 1~
1B RIS 5 R 1 L R 8 K67 Faye 2 fb RS B s 4 , L
PG AR TR AR A BRI — N R B A [ R
e R BRI B e 14 7L R Ki67 U1 i, RUSH 2 640 x
64018 3K o AR SCIE LB ~r B Be PR K 48 5
5B, Al Adobe Photoshop %K 4 il pytoshop %
EUE T Wl S E . BCData O RI43 4136 4 FT s .

*4 BCDatafJXI&1ER
Table 4 The divisions of BCData

eI Sk FE%H FIvERECE  PRMERACE
V%S 803 69 297 51124
RS 133 14 103 7701
plRES 402 42 450 28 241

T VG AT R B R 0 9 Al s TR R T
2, ARG B T BCData VI ZREE R4 28 05 Hofth
G R R/ NER RIS i N BEALE B d o d B3 AT
TN 5 F7R

£S5 BCDatallGENRERRSHEMER AR
RGEFENSHERL
Table 5 The distribution of the minimum distance from
each annotated point to other annotated points in
the training set of BCData

[ER i HEEs d
0(F/IMHE) 35
1 153
5 19.0
20 24.0
50(H %) 30.6
80 39.4
95 51.9
99 70.2
100 228.3

N T ARG, AR SO BCData WY 2R 2547
TELBEHLEDT ekt 5 By 1 . BTy Bk Tr s

SR G ) B — R AR n AR R n IR 0~8 (1 HE 5L
By p A o e e 9 ELAR T3 3 X 1A GO e
n”,n R0, 90, 180, 270} FAYEEELIYS) J3ti . B
0y BAR D SO BEAL PR A7 48 55 A 4 KT A B
B B, A R AR AR 1/3 . AR SO I T
ESLRIE B8 inr S &l GE 7l S

2.1.2 SEEIAEE

B PR < AS S T A U R R R A — 6
x86_64 ZEM BT BHL EIT Ry . IR HLEAT X
J# Intel Xeon E5-2643 v4 1 e 4b B g s HAT 128 GB &2
175 A 2T AR S GPU IR BE 2% 2] i s, 785
i NVIDIA TITAN V, 174 12 GB.

BAE IS A SCHE Python 3. 8 |, SRR IE 2%~
HE 28 PyTorch (F A 5 1.10. 1) #% @ CNN, 3 45 &
numpy, scikit-image (skimage) , scikit-learn (sklearn)
S5 T HAE RN AR R . A SCR M Adam
(Kingma 1 Ba, 2017) /2 Jir A 884 1) A Ak & L 9 46
2] R /512, KN R 8 R KR . CNN ZH1
IR ALK WS A xavier_uniform .

— SRR A TE i Kb SR T 75 5 1 3 3 B
K-means 28 . o 1 8201 Ml R 30 56 4 A5 AU (1Y) 24
B AR SR % 8 33 BT PR ee_toreh, IZESEHL T —
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X, £f8, REI, A, EIF
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XF— MY ZR R THECEE R D TR F -
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BT AR L E P L . TR
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bro BAEH
_ TP,

PP,
— TP,
GP,
_2-TP,
GP, + PP,
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R T 5 R A ) SR, AR SCE B SRS FL
IO R
2. 1.5 BRI AR

BRI HE bR S WA E AR 1R LA K S A A2 375 7
D5 Tl o B AT [ A IR A5 20 T o A 4w s 220 5
15128 3] 0 A7 0 45 SRS 220 AR ) 22, BN A ms/
A7 SR AR A B T A B A A o TR S G
TR ) S A7 8 A o 2 2%, Bk MB/IR
2.2 TW1.WMIERIEH A RBEHNERNE

5 T Al R W S — o — X — A 2% DU B SR,
CentroidNet BBV E YN ZR I BE A R IATT . N T I IE
X —FRAT 1A RO AR SO L At — X —FR A DL
BesR Mg FE T e, BRI A R 2 — X —FRZE DL D
Mg, £ E A Wang %5 A (2021) Fil Stewart 45 A
(2016) 42 H Y ZPE 73 BB , Wang 55 A (2021) 42 i
AR B SR, DL R AR S 2 2l ) i A 30 25 O
W E RN S UG 25 SR 2RI, AR SO Se Uk B S
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1) YT, A T RIZ RIS TR 2 oL s K
INAT 55, 6T Joi e 4 o 1 2 el o 82 1
B, RS r T8 c SRR E N
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FH T 98 8% 43 26 55 [l 5 1 AR Y 2 8, X L R
Wang % A (2021) (2, L = 0.8,

2) BUl o B S AR 43 TE SR WA [ A S5
SRR SR AR A A IR, VR D = (2) B PR e
s . FARh

(i) = arg max Q, (16)

J

3) Tl o I s S I A SRR H
AFITR] AR VT FECRI i SR (Al s e A e 1

R 6JEIR T 4Fh—XF —#r % VUL S 7E BCData
R, ATLAIE S, 5 3R SR MG AT L, B A
SRR B B SRR R Y S, 25 F L Bl Ee
LR AT TE | B0 TR 3T 8 TR AR W = 0. 066 8,
0.076 0,0. 089 8, iX /&Ky 3 B Lk J5 ik g DT RL ¢
R B AT AR AR A T MR ) AR AT AR . IXRRAS
R 1 DT JE G 22 T BE 23 3 /55 4325 5 [l 0 (] 8 g g
JE DT B ARASE R F) S 2t

R6 4Fh—3—4RELALRAETE BCData LHIRE
Table 6 The quality metrics of four one-to-one label

assignment strategies over BCData

Mg F1 Fl, F1,
BT S R 0.879 1 0.869 8 0.888 4
LAESTBE 0.8123 0.806 2 0.8253
G 0.803 1 0.793 6 0.8126
AR 1 0.789 3 0.780 1 0.798 5

T L SRR 5 8 R A2

2.3 L2 HEREMNHSIEEE

Gt i ] CentroidNet A S S B MR HEE
PREZIG A 85 R, st (B BEXS F A  E 2% b RY 52
Wi o SR T AR SCATH SR N BE AT Vb 4% 3] S5 00 A o5 TR B
A AR SCHE BCData b 48 R4 5 [R1EE , F 5 44 1
CIESL (S RES 10N

TEASLE o A 3955 0,1,5,9, 1T HEH )
B 1L~5AN 20K 2, R Fr A B 20 K o 1, A
M4l A 2,4,8,16,32,

FTJRIR T NIRRT BE A o AR, AN
RIS AL E A 16 B %) 0T 6 o e, OF LA AT DL
ZIRCR o X Ul B A AR 16 B, B E AR
B LA A A LU M S ROR Z [V S . Y5
SRR 16 B, AR AR ] A X e K, HLBR 28 UC i
1T 25 2 A MR T v, A DR 28 AR A o o 5 4

S A BRI T 16 I, AT SRARSE & o (R B 1
LBV R Rk PR 9 e SN el 2803 e

®7 T EHH S EEETE BCData FHREMME
Table 7 The quality and efficiency scores of different

anchor spacings (strides) over BCData

il L R] F1 HEPEI ] (ms /M)
2 0.156 2 237.13
4 0.4220 59.36
8 0.824 8 19.94

16 0.879 1 12.96

32 0.828 0 10.01

T L PSR R 5 B e 2 2R

G AR 16 SRR WD, = 15. 31
N AR SCHED D, J— 1> 38 )l s ) B, 4
N TARAERE . BB RN EEAES;
TR 2 24 D, BN, 0 B 20 AR RS 850N g T 5
HARrf5 B, IR T 4/ IVl o (8] R 2 42 3
Dy, , AR SCHA S A 2 S22 A5 A 3 1 D A
o UM, Y D, BRI A SCHET KA R
ZAEE D, IR ISR A
2.4 K3 5ERSEIERFITILE

M T B E CentroidNet 153 Y B 4 1) A 0Pk, 5
b F BT BB A TXS o 25X L i B A
4045 Lin %5 A (2022) \LIRNet (local integral regres-
sion network) (Zhou %% , 2021) . Tian % A (2020) .
Ribera 5% A (2019) | FCOS (fully convolutional one
stage) (Tian%#,2019) fl RetinaNet(Lin &£ ,2017) -

SR IX L FE L ASTHY I, AR SCREAY 5508 AR A (1Y)
AR Z AT, Lin 58 A (2022) B8 [ W 2= 2 (1)
BEAT 55 K H i 38 4 4 H-D (Hematoxylin-
DAB) B A 55 ; Ribera %5 A\ (2019) B R p ™ SCH{E
MISHN a=-7, &=0.25, DL = B0 R e 1k .
Lin % A (2022) 1 Tian 55 A (2020) #5158 fr) 2 Ji 4% o
O st T ) 3% T 8 P o0 1o LIRNet Fl Ribera 55
A (2019) R 25 FEAG TR AY , Sy 7 DA £ J (5]
75 30 40 O AZ rh O i, AR SRR X A T 4% 3 T iR A T
K-means 22 ; K-means [FFE A 1] 52 J2 i 508 R 1A%
PALFR , RIS BOR BT 1Y B ARE (Y& LA
HB#& ) . FCOS F1 RetinaNet 45 78 J& 5% F — X 2 Fr 2%
VCFC 4 B A AG DU A, FPN LA /4 /8 /16 3% 3 4>
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X, £f8, REI, A, EIF
CentroidNet: 22 1RiE i ZLARNE Ki67 20 H4Z i 0 S AR R

GO, O Ry HRRAE R A 58, 2 dim A IR 1/
n) i 12 A FPN (1974 0000 3 45 SO 28 52 5508 BGA
KR 20BEK DIER AT OWMIETIBHE, A 4
LA R T AE AR SE 0. 90 N TS AT BT HiuXsf
VU, T A e 0 R R 1) i B e B8 I 4% SR AR S
B3 s B FCNOR & i i 2 ) o o 1T A 3K HF 1Y 4
T , U-Net fif-fith i DA/2 5 4y /1 (R 55 B 5 2 it 35 22 1]
A S5 i

R 8B/ T CentroidNet 5 6 Fh FE LR LAY (1) it
B S ARSI PUR 4 SR 5 0. D7
J5t 7 1T, CentroidNet [ F1 73> BCHESE 2 44, (HAL E
55 1 #A5 (Zhou 55,2021 f)£.0. 001 2, ASCHEE 144
BREAYHR ARG 6] DA S 454 o 26 1 A4 B HY A
air BIRR T U-Net XURK | A5 2 38 43 20 HA P A
FORAR)ZE K BRI TR A AN g/ NS R 4R T

SO EA S A i . 2) FERCR T, CentroidNet
{14 R R) 5 S L N A R R D, AR 2 4 A
(Zhou 55,2021 ) A b HLAT 5 3 UL 34, i BRI ] i /1>
81. 32 ms/lif , 29 0 55 2 SR ALY 1/7 5 b A7 J 3 v 21>
47. 4 MB/R , 20055 2 S B 2/3 . REASIRAS X FF
%R — & KA Centroid-Net £ 1 #8 5 Zhou %5 A
(20271)#53Y (ryAGH I 2 AH L, A 58 55 /0N ; 2 Cen-
troidNet £ I #5547 L oRAE R 25 0515 62 . 3) BHEAZ
9 F 1435008 0 w5 T B PEAZ o Ul B B P A% A TR 31w
JEAR T PAMERZ . A SO BL A i B, BHPEAZ 7E EE
AR SR R R AR L S B, SO ek
BN . 4)TEMRIS AR 454 7 T, FPN L U-Net 08 51
T, L O A 1) R R N ) S A A X
k1 FPN 155 B 45 AR, 5 U-Net B9 PHEZAR LL
WD T AT ) 3 T A

%8 CentroidNet 5 EZ#E A7 BCData EHIREFNE

Table 8 The quality and efficiency scores of CentroidNet and baseline models

el Fl Fl, Fl, B A/ (s /M) YA T/ (MBI
CentroidNet(Z<3) 0.879 1 0.869 8 0.888 4 12.96 138.8
Lin % A (2022) 0.8710 0.859 5 0.882 4 135.70 458.6
LIRNet(Zhou % ,2021) 0.880 3 0.868 2 0.892 3 94.28 186.2
Tian % A (2020) 0.863 5 0.8518 0.8752 136.43 458.6
Ribera %% A (2019) 0.814 4 0.8117 0.8172 13291 458.6
FCOS(Tian%%,2019) 0.868 6 0.857 8 0.879 3 124.46 255.0
RetinaNet(Lin%§,2017) 0.850 6 0.835 4 0.865 8 124.39 255.0

T L SRR % 8 B A2 2R

)5, AR SCHE IR 10 T 25 H CentroidNet 4G A
il L 5 o [5] PB) JR 2A E A, R A0 i 2 T A
210 i SR ) A DR A T, 41 €0 S AR A
LIRS LRI BRI A
PEAZ 5 22 AP 20 Bk A I AR S #151 Fi#161,
Al L ), CentroidNet A4 - BE W% 1 A 1117 4 1f LG
L BRJE Ki67 MR P A A% o SR 1T CentroidNet
FEAD P — BOXERE AR I A T BB A . i, Y T
A A% AT BRI Ry — A KA A iR e (2 R T
H R FRAE T2 B I PR 4 i A T B iR AR 2. 1t
A, A BIURE VR T 11 200 A A 2 2 e A 1Y) R
DCSBEER AR TE E AR e S B A% . X — 2840
it A ) st EL A A L PR R 0, LR 9 K67 1T
DM BE I (E 32 BT AR B E9% 55 , TEpRTE

K10  CentroidNet H10» 5 A AL ]
Fig. 10 Two samples of CentroidNet detection
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AT A BRI R B
3 & it

BT LI Ki67 20 i AZAG DU i3 Ok 114 %5 T AR
K FATBOR W22 5 i IR, AR SCHR Y CentroidNet
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B AR SCH A A A I ER A8 A 43 2 — [l [ T,
TEVN AL R — X — bR 2 VERC SR . B — X
— bR DL IC SR W BT AR A 4} 2l [ R, X I AR SR Y
Fic T A VG T S, RILGRE A ) A R TA] B
CentroidNet FY T Z S H. O T AERT SRS &7 1L
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VR R ] BE TSR YRR 25 58 i 1R) d S R B 1 25—
LR D 0 BRIV Kio7 R EA B
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JEHE 55 R AU TG 2 T R e O AR 1R
FPERE , T HAERCE il Al =k 45 1,
CentroidNet 7£ BCData | 4 8 H 555 5t i il i 800%
32 KR T X LR RO B LR I 244 1 BRIR AR SC R T
W UE CentroidNet F T 2L i i Ki67 40 A% A6 ) A ]
A7, AT i o 20 = A4 7 [R) 26 RS E VR RS TE 1Y
TR A
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