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Cervical nuclear segmentation based on global feature guidance

and attention

Dong Zhanhao Chen Yan

(School of Information and Communication Engineering, North University of China, Taiyuan 030051, China)

Hou Honghua Zhang Pengcheng Gui Zhiguo

Abstract: This paper presents a segmentation network that utilizes global feature guidance and attention to enhance the
precision of cell segmentation, addressing the variability in size and shape of normal and abnormal nuclei in cervical
cells as well as interference in cell images. Firstly, the U-shaped network structure is utilized as the main framework,
with the introduction of a global feature guide module to comprehensively extract features at each stage for obtaining
global context information at different levels. This overcomes the limitation of insufficient extraction ability of single-
stage context information in U-shaped networks, enabling better handling of nuclei with different shapes and improving
edge segmentation accuracy. Secondly, an improved attention-gate structure is incorporated to suppress interfering
information in images, emphasize nucleus information, and enhance model discrimination against interfering data.
Experimental results on the Herlev dataset demonstrate that our proposed method effectively enhances nuclear
segmentation precision, achieving a Dice coefficient of 0.941 3 in quantitative analysis which presents certain

advantages compared to other methods.
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Fig. 1 GFGA-Net structure
RS LIRS PNGN Resnet34
Conv-1 128X 128 7X7, 64, stride2
3X3maxpool, stride2
Conv-2 64X 64 3X3764
x3
3x3 764
[3%3,128]
Conv-3 32X32 x4
3x3.128]
[3%3,256]]
Conv-4 16X 16 x6
| 3%3,256 |
[3%3,512]
Conv-5 8X8 x3
33,512
& 2 Resnet34 45 &
Fig. 2 Resnet34 structure
P B 5 A5 20 T80 1.2 £/ ETXHES SEHR

H T8 SR M AL R B S

GEG) I peconv i
Bl o SR 5

D Hm lm&# TJ:%#

N - T



FRE FATERFEN FAEETANET AWM E 512 )

AR A T BN TR RUBE AR 4 Ry B R SOfR B4 REAS 3 1L
BMER I 4% . FE U-Net W48 258 b BT Bk BR 3% #5219 B
£ S 4 2 3 5 BE A 1 139 755 23 Bk A AR RS 55 i ) o B 2 i
SR A REAIE RS R AT S B 2 L AR T Bl RO X

Stage2
_~  3x3 Conv
/ ( rate 1
Stage3 : 3x3 Conv
rate 2
‘<’\
3x3 Conv
rate 4
Stage4
3x3 Conv
rate 8
Stage5

PRE A T7 2OTF A RESE 4208 BRAKZ FEAIE i A7 75 19 0 G e %
TUARAG BT O T 5 1l 0 06 TG R AR AL 75 22 A By o AL A
T P 9 8 R AR B o O M A AR P 3 T /s 1Y) 4 R e ik 5
PR B AR AR R SR B A A R & A B

— > Conv+Upsample

'/

Conv

K3 )R ing] Sk

Fig. 3 Global feature guidance module

TEAS B (14 7 A 42 B0 B8 b L 3 3K 24 11 B B A
FEIERE 53R B 4 AT B B AR AE AR 45 G DL i AR
FEBREREHES AR . LIS B il E 5 R B SR =00 1L
By B (R R AIE (5138 5 — A 32X 3 1 45 BRI 5 3] 5 55 — B B A )
P38 3B 25 (], 22 0 % = DY B B WG S AR AE SR AR
55 Z I BE AR B R O IR E AN PR . T ARTE
FKPRHE I p 4R I 2 OB BT SUfE B IRAT T 4 AR R
K B A 385 8 ik 45 AR (dilated convolution) ™ ™, 3™ ik 2
B 1,2,4,8, W r B B R A TR R S 8. 55 K4
SR 4 AR RBEE BRI B B 5 T R L 1< SRR 4
19 5 e 2 M ARAE WS . AR T LSRR

g =cat[F, sup(F,) up(F,) up(F;)] (@D
G = cat[ g P dilate(1) g & dilate(2),

g D dilate(4),g X dilate(8) ] (2)
Y =G & Conv(l,1) (3)

Hof, car HPHERRAE, FL L F, F, F; R, = 4,
FI BRI up N FREE QN BRI, dilate (R) F
R R by Conv(1,1) FRBEBREN 1, EZRH=.
VU B B R R RE B 7 i R R 2 R iE LR BB 45 S
FIRFE B, A SO T A4 R bR SCRE
gl 3R,

JFIRERINE 4 () PR, SR E 4 (D FIR 3
KFEN 2 MK E R SESGA TR U T — MR R, X
il 4512 B 5 AR X 40 b SR e 50 A A AR A L 3 T R B 4R

/N BAR B TR . A LR S R, B RS2 B BT
AR I AR T K e B0 K 00 2 ik 25 AR A 2 i 484 K, Bkt
X5 TN B AR R AR SR ECSE U, MYk R E Oy 4 I,
ERE SN ITTREBGT 3 MR X FERES IS Kig 1
i R R AT S50 BT X IOE 14 B A DX, DA T B A A0 Al AR B R
R 25 8] bR SOA% 8, X A DU A R ST Y B AR BOR T
PR DR BT R O A R DX S R T A A X
K E VR R RS FRAE SR BCBE 7). &5 G AR kR 1y g
Jike 25 B 00 3% R % 1 3K — W B v e JUAS [ B2 B A 19 R AE
I
1.3 FENER

= 1P (attention mechanism) J&— Fl A {5 AN 1
BIVFE RN T RRE AR 308 N T AL A% 2 > FR i 2
SIRERS O S [ AR AL BT AP B AR A
HAZ O B R R AL RE 5 AR 4l R ) 9 1 00 Bl 2 H o3 B RN
VAL GEUR 1 AR OGBS T R A G LR T B S 4
ReN N N SR A0 157

A SO T BE T S 1 145 0 2 03 6T J) 9 DX 0K A 0%
kiR ke, WRIENRBERWE S iR, x
2 B g A2 1) R BRI % B RRAIE L g 7 K2 S T 4 08 1z Y
At A 0 b — 2 0 A RRAE g FRAE Ay BER R x 1Y —
Fo N TETHAE X x AT T RHEL, FHS ¢ WA
AHIA) FR 23 90 32, M AT Ky g WO — R T 1445 5 DB BR x P
AHCHICAR . A 0%t g Flx ] 1X1 BB HE

+ 185 -



47 3

o

T # K

B
«_\4
EEE
EEE
EEE

(a) BIRI3<3BR

(a) The original 3x3 Convolution

(b) TR E MK
(b) Dilated Convolution with rate of 2

K4 ks H

Fig. 4 Dilated Convolution

— P

FyxHgxW, @
w
A

B o<H W,

— ¢,:1x1

]—' (% 1x1 —»L HReqamp]e]—b@Q——'

XWX

Fyx Hx W,

B 5 ERE]

454

Fig. 5 Attention gate structure

DL TR R4 R, B 347 7% 1% 2 K1 Y
Prfl . BBHT BG 005 AF EE A ReLU 0%
Zﬁﬁﬁ#%ﬁiﬁZFﬁaﬁ%nq%$ 7 45 4

O AR SRR N TR S R
B W4T R E R 25 A Sigmoid BT BB HE AT b B
IR LS IR T T M 0. 1], e . F O 48 3 o v 2
3 F AT AL VAR B 5% B L 6 HE 4 B %6 5 T 0 g A
PR x DCRC. B 4 T RAMIE S N EBE a €

R ORI R R A« SHAKY x HTE K

AR B R RN Bk, 5 B B IR AN AR DG E B
o FEAT LA R A
a =o0,(p(c,($,(x)+¢,(g)))) 4
y =ox (5)

Her, ¢, ¢, Mo HIX1TEM, o, Mo, 53R ReLU
N Sigmoid BIG REL,

J T BT TG LR SCE B Bk aE .
VA B A6 A i % %o A PG b R R A 3 e T AR B B A 1 M
SRR R, AR SR R T A BT G . BDRE R — B
B g P& i A\ BOHE 5 S 10 R A 4% 2 A S BT IR
JERA L INE 6 BTR ., XA —k, Sl eorl 5 B TR
YORALBERS 5073 A 1 Y 12 B FRAE 1R B, 38 BE 4 T AR BUAS

+ 186 -

[ J2 U AN ) RUBE A B R SCAR B AT 5 T A T
B BB A BE D AN X 3 E . X — O TA B9 A A A
TUAE AR 2 P8 50 AT 55 ) RE A8 5 4 3t DR 55 0 s X i
S0 24 i A A5 ) P A5 v ) R A A AL A
T B T T AR TR K 4 R A A E A N RS

® -

:

6 TEITHMHA
Fig. 6 Inputs of AG

1.4 RKREH
PRI A% o 0 2 3o RS o BT 1R E R A 26, AR SR A



TRE ¥

* FATERAHENFREZANT AL

512

1% 3 E % 28 X H§ (cross entropy , CE) it 2< 3 2 4% T 91
5 EIEZ m MR, 2 R gl LR

LcE:—%Zy;logp,+(1—y1)log(1—p,) (6)
Hi N RRBEYEE, p, FoRTWMER, v, £
IRPRE L,
2 XWHEREHW
2.1 HIEERTALE
AR SCAH F — A o HF B9 B8E 4 Herlev™™ 3 47 Y1 25 56

e, ¥ % b P E B4 K 2% (Technical University of
E Bt ( Herlev University

Denmark) Fl ¥ 3 & kK %

HospitaD) BeA 8 # , & 7 917 3K 55 i & 19 B 3 8E T 3
B0 8 BUA M U B S, X 2k AR 2 0 o B A K b
T H A 0 OE o R R AR R AT 2. BB
TR C RGBSR 1 s, BARNK
N AT L R SF M 45X 43 ] 768 X 284, XF T 1E H 1
gl R 1 R R e e A s N1 g A SR E SN
BB 43, T 55 40 R A A s AR R R R LT R A e
o bR R S R, v X 8 A0 R, TR K I
AR R, K R DX 2 AN B Y R 2% BB X 3R (region of
interest, ROD , £1 (& [X 35l /2 & 1% &1 1% 09 35 5, i &l 7 fr
N o AR SCHY B S R A0 A% AT 4 E L B O A0 A A% A
SOHRNT R E N R

- .--

K 7  Herlev? 2578 4] E 14

Fig. 7 Seven classes of Herlev images

&1 Herlev#iE&E
Table 1 Herlev dataset

%50 40 i 44 R Bt At
He AR 40 i 98
EH# I B R 240 74 242
rh 2 bR 20 70
B R SR AR 182
- H R A LR 2 146
TR g 197 o7
J A7 98 150

T 5008 42 b g BRI 5 7 B ) 4 i TR
145y BB 55— WAL K 256 X 256, K/NAS & 256 1 & I
F. AN, Herlev B4 R 917 5K IK1G, #ci8 8 + 1
B4 B AT 43 Ry SR B B0 4 AN SR 4R L Ry T 3BE i ) 465 A5
YR B3 B0 A, % S48 BE BL K S L 38 OB T K8
P,

2.2 SRIEHTT

RIS 8 Windows10 R 46, 4 FH 25 K Intel i7-
10700 CPU, #| fi] Pytorch HEZEFI Python ¥ Z W 2% 45 44 ,
JF7E NVIDIA GeForce RTX 2070 i F I #k17 YIl 25 F1 i)
o ARG R Adam 8 1k 35 5057 9 46 S 40, HiE AL 7R

/N 8. I epoch B E N 50, %)
H A 0.0001,
2.3 MR

T TR G b I AN 4 E S B A5 R R SOk T A ME R
(Precision) \ 4 * (Recall) fil Dice & #{ (Dice coefficient)
YERPEM 85 . HH Precision 8 i J2 A5 B 50 S 21 Mo 2%
MR FR T, BB T 40 MR 0 2 PR AR R BT Ly e,
DR A 38 R B OR A A5 Y A AR U 40 M X X

24 > RUEE R 0. 001,41

s 5 18 R SR AR AT
L TP
Precision = TP L FP 7
Recall 48 i 2B 7Y B T8 51 53 R 19 200 Jf A% 4% 2 405 B

A S BRAFTE 20 A AR R B s (8O TR . A A R R

TR R S AR A £ 4 T L A 4 SR B R R 2 R Y U
¥ m BE MR
TP
Recall — m (8)
Dice ZELE G %IET TP.FP M FN,E XX K (9):
. 2]lANBI| 2TP
Dice =B ~ 2P 1 FP | FN (9
Hod A W ESIFREZ, B AT A #4551, TP £#m H

FHPE RO AR A KORE  FN R0 R B O RE A B FP SRR i
FH P A A A R

« 187 -



5 AT & v F ol

T # K

2.4 KBERSH

A ik B U-Nett™, Attention U-Net?™, Double U-
Net" "/ Fl MCI-Net"**' 33 JLA™ 43 #1 W 2% 1A 3C Btk 1 19 45
BEAL 3 ) S5 R AT L

Attention U-Net fF by 28 1 () = % BG4 B A AY 58 i
1€ U-Net BEBRZE B3040 B INTE B 1454, | 78 58 %
DX, 398 B0 X R 5 0 R [ s A A R A DG I
BRI, R AR/ LT SUE B G Jr E A
A, Double U-Net &4~ U-Net Z5#) a9 S , 8 15
A2 5 2% FI A 45 2% 9F R H ASPP (atrous spatial pyramid
pooling) BEHE IS 58 5 J4 3 5t T 1E A5 B i3k 6e 01, i
TR A ERETT LIE g S e B B 2 (H T A T4
Y A0 N TR AR I CH X A0 B A O B R AT R
MCI-Net Sy [ {8 53 F 4505 5 0 140 ol R A6S 80 1 %F 3 1) H A
KN B R, SR T 2 ROE BT SCER BB B §2 T4
HUXS AN [F R /N H bR B35 B B8 7, I A o1 705 IE S v i
FAG EH ERE T AH IR G T Y AE R Y B BE 0 A AE
Y

R SCHE BRI RIS T Attention U-Net H1RJEE ]
BL 2 T 22 G i 4 B A 8 43 o 00 1R S AH DG R
P TR T YERE ). RIB L E £ Double U-Net
MCI-Net Hi2 REE 1 F 305 SR BOS R A 3C 1R 30U
B BCE B AR R T A Y B L 2R
2 A% AR S AT

2 R TR o BIRLALEY S B G55 AT LA A

Image Ours

n

&l 8

U-Net

SCHITETE 3 N HEAR AR — E 1 P e, Dice #8400 T1F
A TR 24 H R ELSE A5 R T A L AR SO R AE Dice $8 48 1
WAl T Ml U 2. AHEL T U-Net, Dice RER & T
4.06% ,Recall $& T 5.36% . 1X F % H T 4% C7E Bk B &
FEW B SR 4 R AE TG 22 0 1 ME 35, 1T 70 4 R T 45 A B B
IRFAE SR IA )R B R SCRRIE S 5. eAh, TR R T TR
V14655 D 1 PO 2% B T O 3 200 L A DX, 990 ol PB4 v 1 TS A
BB RR T AR B oy BIAE B

2 ENEINERER
Table 2 Evaluation results of each model

A Dice Recall Precision
U-Net 0.904 6 0.909 2 0.924 0
Attention U-Net 0.922 5 0.942 3 0.923 9
Double U-Net 0.940 9 0.958 0 0.935 3
MCI-Net 0.916 6 0.957 9 0.895 5
Ours 0.941 3 0.959 1 0.932 0

El 8 JR7x T A AL I (9 v Ak 2 B 45 SR . 40 2% IX 35

AR Jp 4 2R L A 2 DX S A R TN 3 R A5 R R
ZL2 A B G L o BRSSO 23 D7 vk 2R A
LIRS RIBCR B dF . U-Net (1973 125 800 40 i
B AR (9 G BRI 30 B0 700 X9 i OBk L AR 55 3 AT 9 40 i
P4 v BEAT RS 52 B 19 40 I A% 70 1 1 O L Attention U-Net
HY BT KT 240 A R AR 3 A A TR PR R, R T

Attention U-Net Double U-Net MCI-Net

Y “‘

N TR A Y 5 ) 45 2R

Fig. 8 Different model segmentation results

+ 188 -



FRER FATERFEIN FREENNG T H MRS F

%12

2R T IFE BT S RIS BORE SRS, 7R 4 170
2t 11 5% v A7 A 4 M AH AL 19 T 3 Double U-Net Al
MCT-Net X P J5 25 5 AR 09 T 3045 8t 52 3R 50 1l 24
HL A% o % 20 Jf A% 301 5 43 B AR A A T R AR S0 T R T A
g 98 A M 0945 B Bl U5 B 6 T 1 0 04 5 i ke
BT RARAE R T
2.5 GHBLEKEE

AT B IR A LA R AR T R (GO M E ]
BB (A A B T T 3 B RSLER L L U-Net /£ 8
AWML (Base) . 2R 51 2B M 4,3 S 1FEH
TeARES A T m ks, Hoh B MRS T 1,34 %, Mt
AT AR FHR ) R ST 8% 32 57 119 O 47 445 44 38 45 R 1 4 v 4 42
FAE A 2T B 48 5 20 O A 20 BORS BE 5 F0  JTE He
TIME] M2, Dice ZEM 0.904 6 3253 0.922 5,885 1
1.98% BT RARE T 3. 64%0, UE BT T 3 1§ A B B Xof 458 744
P B4R T B9 R

Image

P9 Tl S g T AL 2

RI HEXEIINER

Table 3 Results of ablation experiment evaluation

LY G A Dice Precision  Recall
Base 0.904 6 0.9092 0.9240
Base-G N 0.911 6 0.9155 0.936 4
Base-A N 0.922 5 0.9423 0.9239
Base-GA N/ N 0.941 3 0.9591 0.9320

B9 JE7R 1 Rl S 96 A T B 45 2R . Base-G 3w H 5l
AL R FIE S BRI 25 R Base- A 78 K5I ATE R
W45 2R  Base- GA R AR ST LR S5 5 . W7 1 45 21
A 1% Base-A ML T Base AT LLAT 808 51 i1 200 i A% A0 MG T4
Yo 2 W1 T TR HR X T P ) Rk B T AR AR AL
X AR B A% T 2k B4 0 L OF S K . Base G MTEE T
Base $& 1 40 B %30 % 70 B BORS 2 (HCATS SR A7 7 4 73 1
1 B BT P RE T o HE— 2P 4R R DA BB [ i 51 A

Base-A Base-G Base-GA

Fig. 9 Visualization results of ablation experiment

2, Base- GA 78 ) T S 9 5 3025 5 M5 B A0 1 SE )
T WIASBE B A

3 84 i

AR SCHE A SV S 2 BB LA U R R 2% Dy Sk filh
BT IE BRI SR R R BN RN E 25 4% RS R )
HR T AL 51N A2 SRy R A 51 S A8 e L A Bk BR O 2 B BURE
A B 5 AE L IF ) 2 K 38 BRAAS [R] J% 5z B B AR

S B 1R AR TR X A A i B0 A I v R R R gL AE R
A e Ao AR TR T M0 3 B 0 A DX, A1 S S A 56 X3 ek b
1 R T 2 B 4 BN RE i . AR SO RUAE Herlev 2R
R BTG  SEB A5 R R WA SO R AT HA ik A
B —E R

TEARWFFE % H K Herlev £ 48 5 & T 4018 5
W) R M S R T A i PR A B B A i A% BT A
3 A 87 B L D S s ) R T X B Sy A2 2% 1) S B R

+ 189 -



a7 % L A T S S

Yyt HiE R Az B M AR, Wik, it — Computer-Assisted Intervention, 2015: 234-241.

AR TR (8 PR Rk RSP R e E L [10] ZHOU Z W, SIDDIQUEE M M R. TAJBAKHSH N.

527 A0 MR B B PR 45 E AT, et al. UNet + +: Redesigning skip connections to

% £ 3k exploit multiscale features in image segmentation[ ] ].

1] SACHAN P L. SINGH M. PATEL M L. ot al. A IEEE Transactions on Medical Imaging, 2019, 39(6) .
study on cervical cancer screening using pap smear test 1856-1867.
and clinical correlation [ J]. Asia-Pacific Journal of [11] GU Z, CHENG J, FU H, et al. CE-Net: Context
Oncology Nursings 2018, 5(3); 337-341. encoder network for 2D medical image segmentation[ ] ].

[2]  PHOULADY H A, ZHOU M, GOLDGOF D B, et al. IEEE Transactions on Medical Imaging, 2019,
Automatic quantification and classification of cervical 38107 2281-2292.
cancer via adaptive nucleus shape modeling [ C J. [12] CHEN J, LU Y, YU Q, et al TransUNet:
Proceedings of the 2016 IEEE International Conference Transformers make strong encoders for medical image
on Image Processing. Piscataway: IEEE, 2016:. 2658- segmentation [ ] J.  ArXiv  preprint arXiv: 2102.
2662. 04306, 2021.

(3]  CHALFOUN J, MAJURSKI M, PESKIN A, et al. [13] LIG, SUN C, XU C, et al. Cervical cell segmentation
Empirical gradient threshold technique for automated method based on global dependency and local attention[ ] ].
segmentation across image modalities and cell lines[]]. Applied Sciences, 2022, 12(15): 7742.

Journal of Microscopys 2015, 260(1): 86-99. [14] ZHAO H, SHIJ, QI X, et al. Pyramid scene parsing

4] PHOULADY H. GOLDGOF D. HALL L. et al. A network[ C]. Proceedings of the IEEE Conference on
framework for nucleus and overlapping cytoplasm Computer Vision and Pattern Recognition, 2017:
segmentation in cervical cytology extended depth of 2881-2890.
field and volume images[J]. Computerized Medical [15] FUJ. LIUJ. TIAN H. et al. Dual attention network
Imaging and Graphics, 2017, 59 38-49. for scene segmentation[ C . Proceedings of the IEEE/

[5] LEE H, KIM J. Segmentation of overlapping cervical CVFE Conference on Computer Vision and Pattern
cells in microscopic images with superpixel partitioning Recognition, 2019: 3146-3154.
and Cell-Wise contour refinement[J]. IEEE Computer [16] JHA D. RIEGLER M A, JOHANSEN D, et al.
Society Conference on Computer Vision and Pattern DoubleU-Net: A deep convolutional neural network
Recognition Workshops. 2016, 1367-1373. for medical image segmentation[ C]. 2020 IEEE 33rd

[6] SHELHAMER E. LONG J, DARRELL T. Fully International Symposium on Computer-Based Medical
convolutional networks for semantic segmentation[ ] ]. Systems(CBMS). Rochester, USA, 2020, 558-564.
IEEE Transactions on Pattern Analysis and Machine [17] QIN X, ZHANG Z, HUANG C, et al. U2-Net:
Intelligences 2015, 39(4): 640-651. Going deeper with nested U-structure for salient object

[7] X —0g, BR B AR, XIFE. 2. LT 4 % B 4K 4k 1 detection [ ] 1. Pattern  Recognition, 2020,
BEHIL 75 042 2500 A o R B 0 B R o R LT ). 3 106 107404
ML, 2018, 38(11): 3348-3354. [18] FENG S, ZHAO H, SHIF, et al. CPFNet: Context
LIU Y M, ZHANG P CH, LIU Y, et al. Segmentation pyramid  fusion network for medical image
of cervical nuclei based on fully convolutional network and segmentation [ J]. IEEE Transactions on Medical
conditional random field [ J]. Journal of Computer Imaging, 2020, 39(10): 3008-3018.

Applications, 2018, 38(11): 3348-3354. [19] HE K, ZHANG X, REN S, et al. Deep residual

[8] &, HFF, BRu. 3L T UK B A 0 B 20 40 i % 4y learning for image recognition[ C]. Proceedings of the
#H[T]. BFMEHEA, 2023, 46(6): 129-136. 2016 IEEE Conference on Computer Vision and
CUI W CH, YANG D, SHAO H. Cervical nuclear Pattern Recognition(CVPR). Washington, DC: IEEE
segmentation based on two-path features [ J J. Computer Society, 2016, 770-778.

Electronic Measurement Technology, 2023, 46 (6): [20] OKTAY O, SCHLEMPER J, FOLGOC L, et al
129-136. Attention U-Net: Learning where to look for the

[9] RONNEBERGER O, FISCHER P, BROX T. U-net: pancreas [ J ]. ArXiv preprint arXiv: 1804.
Convolutional — networks  for  biomedical image 03999,2018.
segmentation [ C]. Medical Image Computing and [21] YU F, KOLTUN V. Multi-scale context aggregation

190 -



FRE S AT FEE N 0T RS 4

%12

[22]

[23]

[24]

[25]

by dilated convolutions [ J]. ArXiv preprint arXiv:
1511. 07122, 2015.
CHOLLET F.

depthwise separable convolution [ C J.

learning  with

2017 1EEE

Xception:  Deep

and Pattern

USA, 2017,

Vision

HI,

Conference on Computer
Recognition (CVPR).
1800-1807.

GUO M, XU T, LIU J, et al. Attention mechanisms
A survey [ J .

Vision Media, 2022, 8(3): 331-368.

Honolulu,

in computer vision: Computational
JADON S. A survey of loss functions for semantic
segmentation [ C]. Proceedings of the 2020 IEEE

Conference on  Computational  Intelligence in
Bioinformatics and Computational Biology ( CIBCB).
1IEEE. 2020. 1-7.

ZHANG L, LU L, NOGUES I, et al. DeepPap: Deep
convolutional networks for cervical cell classification[ ] ].
IEEE Journal of Biomedical and Health Informatics,

2017, 21(6): 1633-1643.

[26] XIE X, PAN X, SHAO F, et al. MCI-Net: Multi-
scale context integrated network for liver CT image
segmentation [ J . Computers and  Electrical
Engineering, 2022, 101: 108085.

fEZ & v

b 3

ERE W LUISE, FEM R 50 WAL T E &

o

E-mail: dongangoo(@163. com

B3 1 PRI, WA 5 A R 2 R AL B

E-mail : nucchenyan@126. com

BEE WL ABR. EETRITEARFS S5HF 84

LR AR AL R,
E-mail : hhhghq@163. com

it it

SKMEAR 1 R Ho . J2 BEWT ST U5 ) A R v S 3 7 R
CNIE R

E-mail: zhangpc198456@163. com

BAEEGEFES . WL, Bk, TEMF I mh =4

CT.E2¥ G35 F o R0,
E-mail: gzgtg@163. com

+ 191 »



