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Abstract Owing to the spatiotemporal randomness of mitosis, the automatic identification and accurate location of
mitosis in living cells are challenging tasks for researchers. Herein, a deep learning-based detection method was
proposed to automatically identify and locate mitosis in living cells. Here, we built a deep neural network called
DetectNet by improving the backbone network of YOLOv3 and introducing an attention mechanism. Under the
condition of bright-field microscopic imaging, multiscale images of living cells were acquired and then a dataset was
constructed to train the network. The trained network DetectNet was compared with multiple object detection
algorithms, and its effectiveness was verified. Experimental results show that aiming at the bright-field microscopic
images, DetectNet can directly identify and locate mitosis from the multiscale live cell images with a large field,
achieving a higher detection accuracy and faster detection speed compared with other multiple object detection
algorithms. Thus, DetectNet shows a great potential application value in the fields of biology and medicine.

Key words imaging systems; living cell; mitosis; deep learning; object detection algorithm; bright field
microscopic imaging

OCIS codes 110.4850; 110.3010; 200.4260

Wi HE: 2020-12-09; 1@ BHEA. 2021-02-23; FRA A 2021-03-05
HEETR: IR HRPF¥IL4S (61927810, 62075183, 61905197)  Hr do & A LA BBl 55 2% (3102019119d002)
BIE1EE . Yjiangleidi@nwpu. edu. cn; **jlzhao@nwpu. edu. cn

1511001-1



F 415 F15H/2021 £8 B/ ¥R

1 5 H

ML RIAE 2238 NRHSUVE K P ag—Fp
WEAT R, W AMA 2257 24 B 51T A RROE X F
B R RAEN R 52 EE X E KR,
Rz 8072 6. AR X —147 R, 5 7 2 X)
Ui B A 0 sh A AR AL R AT K I . P T 40
TEZS ) o A b B 40 1M AN A 22 3 5435 S e B ] L 28
(B b 2% A 0 B ML S X5 20 6 A 22 49 243 B 10 o 1
AR B — s A PR T AR, A 2450 ] LA
P AU RS R 45 R G S BN IRE ) B K s Ta) B 3
FAFE L AH TG 7L FURTA 37 9 B K i A B e RS 2 R AR
3BV RAT I 25 B A 3. TR, SR T ST A N 4y
44T Ry AT T BT 45k 0 v PR AT 06 Y U O

XF i B AT N T4 B B 5 FE R B = %0
P 5 DT SO 20 A3 RO A 1 @ 3h W oKk R R
YT, EEX X — R 8, AR gy vk A D T
B 5077 VT TR TR IE FBL A% 2 2 555k
ST AN MIAT 2253 Z4 0 A B I, 40, Kaman 25
FEBIF 5 L i da B et P B {1 07 326 7 3, DA 3L IR AR
Oy BN A 225y AN 5 ten Kate 250l ] IX 483 K
AT 220y ARG Li S5 Lin &5 5
S8 FH 3D Haar 3T 8L 45 1F A1 B2 4% 14 Bl L 3 0 47
A 2257 87 50K 5 A8 AE AT B ROR R A5 G s B R
GRS 1, Huh 255 5% B 25 2 BR AE 70 22 3% 6951
B 3 5 Lou 2500 D 7 D0 e 34 5 780 00 g J ) £
7 1 5 W 3] 25 AR AR A O 3R A5 B4 40 e K
£ b BT I B A A R AR SRR ] AL (SVMD
SrEEE R M 22 R F A, XS T
BT R R R AR SR T BT KW S 0 R E A7 &
XTPE BT, I HOK 6 ERTT 2E 4b 3R 255 kAR
s B AN FI T e 3 R Ak R H

Wit 5 VR B A5 R 2 I 245 7 21 405 F 2 R G A 3
CR AN e IR I B R T NS A BA GE g L E S
P25 D) 4% S B0 20 AT 22 3 LIRS R . il
Xing 2 Hl Ferrari 25 43 51 % a8 faf Fi 4 B 48 0
2R HEAT AN LA 22 43 24 I A8 Oztiirk 2500 2
T oy 0 BB A A S R 28 ) 4% 3
T A 22 5y 2430 51 JOF 3R 15 B 47 20 2R 5 Jimeénez
Al E] A AlexNet Fl U-Net 40 il 532 f A
22 4y 54K S T AR AR I ERR R, HJR L BR
D7 AN TR B8 M A7 A6 i A AR OR SF [ L K ER
o AL R BE S 4 A AL N 4 R B AR
AR S ANHEE T R B % 25 3R 2 RAT EE

] 17T X LA E 45 1 X6 37 A 200 4 24 e R A B B[] 7
o A

50 R, 3 T IR 2 20 B H bR AR T B R & R
A, T LB R [ 3 55 BRAG  H E  JF U0 R ek
QIR E bR . H BRI AR AT 43 Sk R B A A
AR B HARRI . P B B bR AR I 0k 2 3 T
T HE UK IR 2 0 3 I 45 4 B E AR
IE P R BB B4 AIE 26 A 4328 28 0E A7 40 26 A il
3 FHE [R105 X 45 2E 47 E Ar e A7 o DT 8 o L% v gk
23 =R N DA K F S 87 RS R 7S PRk i}
JIE o L R A, M LA A S IR T R AR R
%A R-CNN & Il 83k, g %0 ) 4 485 1 40 §F R-
CNNHZ U3 Faster-renn', Mask-
renn" A AR BE H AR R T B R 2 3T [T 1y A
5 0 3 0 4% B BUREAIE 8 R AR 4R B, H AR 4 28
IS T [ 040 Sk 4 R Sfe Ak B 2 99 00 T 4 v JR 2
R E AR BRI BAE . A B AR TRRG B
I AR R B e AR R G YOLO R30I H ik
M SSD H ik &, i R R 4% B AL K YOLOvIH™ |
YOLOv2"™ | YOLOv3" | SSD300"", SSD512,
RetinaNet ™™ 45 Htp, YOLOv3 #5581 75 38 J& FUks
JE U TR T 2 Y AR RE A S F 3 A
T ARG I 28 o AN 23 HL TR 1) AN [) 0, FH 3 5 it L TS SR A7 TR 5K
KAz ia] . oAb %k 35 R 45 59 7F 55 th A B 4
BR B, Wang 25907 48 B B B R M %
(CSPNet) , AREAR 1530 5 O 3 38 32 1 X 2% 14 2 > B
S35 Fu S22 ) 7 AL LA 2 o) e AR R
HR RO R B 14V LE R Sy A AR L 1 T SR R
R 75 R BB I R R AR M L (R R
YRR T B bR P o JE U, Tk B
N T 2 RE KRG G h Al AT 22 5y 543 B A
S,

B Xt 1 38 [ B, AR SO ) I 4 B OB AR U
R 2 R R ER, 3T YOLOv3 45 1R,
fili F CSP A e X 32 F W 4% ik 47 ok ok O i %
Attention U-Net"™' d {7 & S dl g T4 a4
225y S4WEMN Y DetectNet Y BE #ft 28 9 45 , i FH 3K 45 (14
T EARAE N M 45 4 A S BN AT 22 5 AR A 24
A3 SRR FRE AL 5 XF BT 82 37 1Y DetectNet 5 £ 4~ H
BRI S T5 A 24 43 4V 0 10 20 R0 30 31 33 18 Oy T
AT T H , LG HIE DetectNet BYA R0, b ab . &1 A
I7) RS 4 oK W 3 8 8 181 45, DetectNet af DL B 45 31 51
8L KA 22 5 B TR AR AL, TG T T X R
FRTHE AT T AL B, T ST H 99, 5% 1Y v B R R

Fast-rcnn

1511001-2



HRiIEX

F 415 F15H/2021 £8 B/ ¥R

A1, 44 frame/s 9 S B S D0 ot , 8 A% 6 A2 < 1o i) o4
DR A 3% A 240 B A 22 53 540 Bh 2R
2 n %
2.1 XWiFE
2.1.1 %£BEE

B 1y — {80 B B 3 24 ) B U (5 XDS-3)
G S R0 REBA G VR Ok BT N R A AT
WA KT R SR i —H O Kl 550 nm A SE R
45 nm YIRS B . BB A B R SRR
BAGALAOGH  ROLE W R S RSB
ZH I, IR R AR 2 I BB 1 AR WL 11 A fe 2
—Hifo, CCD AHMLR %, CCD AL S SVCam-
svs16000,4872X 3248 R E ML ERSFH 7.4 pm,
TR 43 A 0 A0 LA 2 57 WK L AE SRR TR R AT I
I 0 WM I 6 D35 ok 40 A S 38 K D R O S
KA EAR TR, 2l R S AR X I Y AR
Wy 240 0 A AT SR R AR N A A M LA 4 WU 5% 4 L L DA
111 JC ¥R ARATF B AT PSR 45 48 RO A5 R4 . T 248 i 9
T R R g R A AR B NS SR
B DD R R R N PN 8 = B
ML R 3 FedE . T B AF RGP R T A
(L 0C & L 38 ok WG T 1 B B 7 T s CCD
SETH , T LAAR 15 4 e AR T B iR AR R . X
PR 7 2CAE AR T A5 A, 25 R 80 A 1) 5 % 1) e K
HRZIE Y OCFR W1 T AR Y- T 19 7% 3h BE 55 5 ) B
CRAT . M- J7 56 L I A 3Gl W 6l o m)
WENH G (TSDH-6010) K CCD MHHLES & & #
By AR P T C A, R SR BN A Y s AR 0 TR
2.1.2 AR

S ol ST I N AR N = P <
100 mL/L /NI ) MEM B 323, & T 33.5 C
BT &AERBDECN 5% CO, BB F-4 b i 57
24 h, N T RGN EE S, X AT BE B FR A 41 AR
XoF 35950 1 8 S A 4 A0 9 i 5 0L 1T AR 30 26 F
40% . SEHE N A0 A KT IR LA K% 35 46 b WU i E

halogen lamp IV\N\!

filament

collector
lens

condenser

sample

objective

_in focus plane

back focal
plane

I
|
|
|
|
I
I
I
|
I
|
I
|
|
I
|
:
|
I
|
I
|
I
|
|
|
I
|
I
|
[
|
|

mirro:»»'h.

inverted microscope

BT EE W] A W OB R O B A A

Fig. 1 Optical path structure of an inverted bright

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
I

* over focus plane

field biological microscope

ERMEAY & EL AR ER 25 °C R AR 214
AT BRI N 2 X6 4 A TG )
2.1.3 HH#EH

XoF F BB P AT 100 0 ek R A AT R T 4
YE AR N 5 A 40 L A0 A [a) RO Rl AR L 5F
LR P 8P i A B S S0 AN B AT AR TE . XA TAT
22 53 4 (8] B Y S0 8 S B U 79 240 AN 98 A B T T
X HME K A 8 4 O T R K AR AT 22 43 B4 A AT bR
T o R4 53 R T 2, 7E — U)W 3 R v e AR
B 225 240 A0 AR TE N “ with_division” , N KA H
2253 S 00 48 AR 1E D “ without _division”, &t £
WA E AR A ] 628 iR EIR R A HIAETT ] over_
focus cells(OFO) £ 4l £ 3 % VI 2 4 482 MR K14,
BE4E 53 W BRI 93 IR R . Hoh il gh 4k
050 TE AR PGk 5 T 22 Y S 3 L I ) 25 2R L O 4 IR
9+ 1EAT BEALR 43, I 4 P45 ok 15 T B i) — Y S
I R0 45 R, FH T IS A Y H AR R fiE . & 2
25 T R A R R ) R

&l 2 OFC %4 46 B 43 R R A 9 (5145

Fig. 2 Some images with different size from OFC dataset

1511001-3



HRiIEX

F 415 F15H/2021 £8 B/ ¥R

S50 WL 4 R T A M K A A 22 o) AR I
] b HA— 5 B AL #/\Iéﬁzﬁtj‘ﬂﬁfﬂiﬂ@f):
WEnT e At A 22 7 3R REA KA A 220 R
AR EE T 5 A8 4L #U%ﬁfﬂiﬂﬁf%/\kiﬁ%ﬁ
SUFA ARS8 3 Ca) e 26 M Sy 52 56 41 $5% 14 40
S AR o M 2 HE A A 200 i A TBR A AR L A I Dy %
240 1 Y SRy R R R AT o i M AR Sk AR R T L Bl R
] ) 4 7 . 4 B 2 T B 4 AR B K OF R K R A 220y
2o B 3(b) F e M o SE R AR R A 93 Sh — 4> i i

8, C It HE 2R AE A A 200 1 Ak T T8 A AR 2L A I D %
240 10 1) Jea R TR AL 9 R A Sk S s O 1) 46 IR
A I I R R M A 22 o 2. RN P9 R Y J5 o A IR
SMANRIE 25 I [ 42 it T 0 R AR AR S AT
T A A R A M B A 22 o R SR AR
I P9 B4 ) O 25 4% 57t s RN AS — B I ] ) 25 AR
o PRIE i far 5 Gy b AR B B R AE 45 EL DL AR
b A 0 5 05 B9 R0 A 2 BORE ) L R — A T B B
A AT 55

!
()

K3 ANREZEHYIM ., (a)“without division”Z&; (b)“with_division” %

Fig. 3 Cells of different classifications. (a) Class ‘ without_division’ ;

2.2 DetectNet

YOLOv3 & — i 1) i 19 H Ar A6 i & . A7 LE
oAt 4% 25 H b R0 58 3k, 2 IR S, 8 A IS B AN
LRVl 9l = R SR TR v I (PP G e =X L e
I 5 5, QURRAE N B 9 /N H B AT 8K i Z 4R 4F
18 A6 T RE T, 25 S o B AR A R A A st U
RIS I8 ZIRSME.)jg CSPNet 7 14 £ ¥ 45 3 il

416x416x 3

CSP 8 W CSP 4 g

(b) class ‘with_division’

BB ) 1) 7 AIF fil A SR 6 YOLOv3 19 5 1iF 2 B
F T W% Darknet53 #E47 2l i o 6] B 76 A [5] J2 9 %
fIE & Z 18] 5133 28 0 LA, AT 42 3 9 2% XoF 40 i
BIG R E 42 R 1. etk 5 M W 4 2 ok
DetectNet, X 25 25 ¥ W1 E 4 B 7 o 56 Al A B f0, 55 45
TR P | 5k 25 5 P CSP B2 3 L 1 = 1 BEE Ml yolo

yolo layer

concat

&l 4 DetectNet Y’ 4% 25 44
Fig. 4 Network architecture of DetectNet

1511001-4



HRiIEX

F 415 F15H/2021 £8 B/ ¥R

2.2.1 AARBER

JT A A 1) s AR el — 4k B2 conv St i IH
—AKJZE (BND) FE L6 P 3005 2 BBk . B ARZ
THEIBURRAE 5 b5 07— 16 2 F TR B s 17— Ak 2 2y
EoH 0,77 220 1, fd M 2% 5045 5 o ) B BUIE A B 45
A B S3AEREE  DT bR 0 2% 4 W S0 RE L O AR — E
FEHE b AT B0 P A 7 Lb 0 R 0 2R A UL ) e
Ap 2 PR O R BOR T 1 i 9 4% A AR M R AR BE
FELVAR IVANSRSTRE 1S el TN | S5 G S/ S
LeakyReLU 75 o 50 & 26 1 1& IF 890 (ReLU) 1
B RRAS U T Re LU 303G oRBCTE S ) 1% 45 2o 72
HORS R S I RO & TR AE 2 By R, Mish 3%
I RS — B A I A Sl B O e R UV A

AR TR A 22 00 25, DT A5 3] 5 4 19 o 6 v Nz
k. FERFIE £ B3 T M 4% of (i Mish 38006 oR %L
) 7 A 5 U B B ] LeakyRelLU 3 1% BRI .
LeakyRelLU ¥ BR W] RN
y =max(0,x) +Amin(0,x), (D
Ko Ay 4300 o AR s A O R 5 T
BERBY RN, — BEEBUE 0. 01, Mish JI% R %7 %
RN
y =zxtanh[In(1 4 ¢") ], (2)
] Asf L B BB e 4 $5 CBM #id CBL # 3k [ CL
BEHFT CBL_n #8, Hoh n 78 CBL_n BB n
A CBL e 3 A 1 25 AN 5 s

AN 1B
cBM| = —fE @€ [opn]| = | 2t =
Ol =
9
L | —
= CBLXn
= |
2 2
— (=]
B=- 1 @-@ @
|
—

K5 B

Fig. 5 Convolutional module
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Fig. 11 P-R curves of cell detection results under different IoU thresholds. (a) Class ‘with_division’ ;

(b) class ‘without_division’
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fE & Z a7 i ) B A B YOLOw3
18 JiE ey 0 246 285 4 G 55, AH Y T O T R e TE R ]
FOSTRRAE ] 2Z 18] B 5 AF @il 50 B, 38 iy 3 58 B
FHIFA I 7 T 09 45 fdE T CSP AR B I X e 2 e
Rt A, R R, R 1 AL
B, B B AR Y B IR B 41, 44 frame/s, I
YOLOv3 HUPR . B 28 1 A2 52 I A I A9 A v 3 43 5
ARG T 1 102 FH 4 5

F 1 ANFEEEALE IoU FER 0.5 B AR

Table 1 Performance of different models with IoU threshold of 0.5

Method Backbone Dataset mAP Processing time /s FPS

Faster-rcnn ResNet50 OFC 0.336 5 18.6

SSD300 VGG16 OFC 0.754 6 15.5

Faster-renn(pretrained) ResNet50 OFC 0.916 5 18.6
YOLOv3 Darknet53 OFC 0.9 3.433 27.09
DetectNet Custom Backbone OFC 0.995 2. 244 41, 44

Feulgen stained breast cancer sections [ J .
:k N
4 én I/B
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SR Al I S 2 7R T ) A S S N T
DetectNet F578 GE 6% X} 16 7K 41 i A7 22 53 24 FNAE A 22 53
S SIS B v R R A 0 AH B AR B ik LA
2 2] FIV 2 A5 B 28 R 285, I - (A5 U 4 4 000 )
TCTSCWME B % Z UM 2 T AL B L BE 48 9 2 5K
ARG I ) 23K, I3 FH T 22 RS R 375 1 A 448 A U
FNSE T RS 55, 70 154 B2 2 s 3803 BT LA (1) 43
9 512 WA B e U R AR W R B T e A 1.
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