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Cell Image Segmentation Based on Improved U-Net Model

GUO Jianbang, CHEN Changfeng, LUO Weiming
(College of Compute Science and Engineering , Jishou University, Jishou 416000, China)

Abstract: In order to solve the problems of limited non-linear feature extraction ability and weak cell image segmentation accuracy in tradi-
tional U-Net models, a cell image segmentation algorithm based on an improved U-Net network model is proposed. Firstly, based on the U-
Net network model, the structure of the original Conv_Slock convolution block was improved, and a new convolution structure Catch_Cnv was
designed to reduce the redundant information repeatedly extracted from patches in the U-Net network during the convolution process; Second-
ly, in the process of feature fusion, the SE—Attention attention mechanism Res—SEAtt with residual modules is introduced to ensure that the
receptive field of the U-Net network does not decrease and to reduce the information loss caused by pooling processing. The experiment shows
that the segmentation accuracy of the proposed algorithm reaches 97.88%, and the DICE coefficient reaches 92.45%, which has better seg-
mentation performance compared to other models in terms of evaluation indicators.
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Fig.1 Classic U-Net structure
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Fig.2 CCRS-UNet structure
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Fig.3 Catch_Conv structure

E3 Catch_Conv##y
B A R —A[ 1, Con,n ] K/ANEY SR L, 1AL
RN, COETE L, n R EUR K EFIFEE . U-Net 4 FLR
VERYITHEEER

L=[n*xCx(3x3)x2xC(] (1)
L=[n*x2C x(3x3)x2x2C] (2)
Ly=[L, +L,=n*xC*x54] (3)

KLy L3R5 — R IR 33 BT A

U SRR R

R xCx(B3x3)xCHn*xCx(Ax)xC] (4)

RAn*x Cx(3x3)x2CHn*x2Cx(1x1)xC] (5)

R =R +R=n" x C* x 30 (6)

AR VR, 530 R B3 b A AR e A TR
B

IR F I AR ST IR U-Net B FUERVERY T B2
f&45 U-Net W25 35 B VERY 5/9, BT & 22105 2Bl n 1942
FHZ A K
2.3 TR EBRE SE-Attention iE = HHLH

FE U-Net (W25 rh W04 B A2 5 97 R I 420 3 2o Bk R 3%E #%
J7 SOM B R ] [R] R R SR R 2 R ARRAE 7R B
3 HAE S5 TR Al ARAS T AR R e . AR SCTEBRERE TSI A
i 5% 25 B SE-Attention 1 2 S AL (Res—SEAw) , i JE
TR BA B % 32, 245 8 GAP . Excitation . Scale F Residual 4% 4

AR NE 4R o
T T T T T T TExeitation T
(—%
o)
= IR R
| MEIc i
)

Scale

Fig. 4 Res—SEAtt structure
El4 Res—SEAttZ5#

SE-Attention {3 & ST HLHIHEF T R AR TR B FR1E & (fea-
ture map) EAT— UG UK , {70 FIBLRL A S PR RRAEE
TH (1) F SRR N T 22 AR L MR, R TR AF B SRR T S T
FEAEAR S, 300 X5 M B AT: 55 A E B0 RRAE , T BR Bk R %
Fead R AR 5 JC AR R D RN BT B B R A
R RABYEE 3 FIOG BE KOO S 1 2% ST R 0 AR X 2 T4
W i 20 AR AS 1 4331 B0z AL RE ) BB

F T 2 I LRI AE FEORT B 8 X sl 2 I ROR A
A SCHE SE-Attention AL A2 0 1 a% 25 8, LU FE 211
TR AF B, SRR ATONT B DX R A 55 30 G Ak 1 R G
FE e

Res—SEAt 13 (19 42 5 S 35 Wb 46 ( Global Average Pool-
ing, GAP)FRAE e BN 8 38 1) —AERFAE CHXW ) R 46 il —
ANSEELIXIXC,,

1 H W o
ZczchP(Uc)=m22Uc(l,]) (7)
1=

K. Z, U Rk s H oW N EHR K 585 /0 M
GAP BRAE Y sRAUL 4 , DL ISCiHE U—Net [ 26 I 2 PR FRAE $2 B
AE A Ry M) L,

Excitation 25 B2 Ry BN FRRAIE 8 18 A Bl — A EE A, 38
T FI Y 4% $2)2 (Full connection, FC) 4 i — > Bottleneck
S e R T (R] A AR OGP, IR AL R AL AR, (T
B 427 2] A N (A IACE A . Scale AEBRIENG 22 )
| OR N CIEGRER Y& W) (F €SP AT BIEE S (1 S FU = o P IV |
TEEAHIE LIS A Attention HLH] o

3 KBREHERSH

31 ZIRIMESHIRE

S 56 AF FBC B M AMD Ryzen 7 4800H  Nvidia GeForce
GTX 1650Ti, LA Pytorch SA JERHHESLE I Lk I3 ) 25 455 75
S8 B0HE 5 S Booz Allen Hamilton 23 B Bk & Kaggle 23 7] 1]
) 4> BRK 3 ] % 2 1) Data Science Bowl Featured Prediction
Competition 1 46 {1t [y 45 Fh 240 fw o5 B U0 K48, W &1 5
Fﬁﬂf\‘[ni R

ELpR b, s 4 i A4 B 670 TRAEN R S48 T 3R 45 1



- 176 - A S T 2026 4
5 :\
- ' . }‘o- :
| GERmER | mxESsR | mkses | | ’f?fvf?%%ﬂ?_ A
R ,‘, ,: """""""""""
: ' 'h# ™ .
RETRER i_@gﬁ@g_ :l_:!_cﬁfﬁ_ﬂgﬂ;ﬂﬁiug_ FERAEE | BETRAR | }l
Fig. 5 Cell data set sample types
Es5 AR ERFARZLE
BRI R, I SR RS RA T g g(i,j)=i if(i_r’j_s)ﬂ(r’s) (9)
AN ] (45 DR 5 0K B EMR ) | A3k PR #8417 =k
[ Imageld. [, 1L /\ L5 S804 46 538 k21 4 Jo -ro
P W Sl I 9 132 3K PR A WS ot DI st 4 o

L R 9F o B, H AR JE B 24 mask, Bl — 5k
El &4 2 A4 .

AR S S AL ERAE W B R o R 48— Ty 256256
KANE) pug #5 2XE R, 345 24> mask B I I — KA AR 1)
SMEAE K], & AR 6 s o

mat.k’rJ Aza 1‘)' F—”?Qﬁ

- - maskbREA AT L5
- ;
ol N ar 4

Fig. 6 Mask tag merging process
6 MaskiREHEGHFRE
32 BEgimaiE
FEXSAIME S B A0 (I S AR
A EE B ) A, 38 3 45 & Laplacian 87 R H BRI HCEE
H 1 N B 7 444k 7515 (Contrast Limited Adaptive Histo-
gram Equalization, CLAHE) 3¢ 38 58 (% 45 4F , a0 & 7 fr

FRUE)H Laplacian 8 X R U DE AT 0 Dl A g
B L N A0 L H AR AT ST Serh s il ke
Vf= ‘}{ °f (8)
dy?

Fig.7 CLAHE noise reduction method
El7 CLAHE &K%

AHi,j=0,1,2, .., N=13k=1,1=1,H(r,s).,

CLAHE [ M2 v it R ] PR e 7, 4 T 48 A 300 2 X LE
JE o Ak T S AR T A A R i 2, R ATRNE 7 X 43 F A
Wi L0200 e B R A M nxn A4S T X, S T XK
INFHEE S HANE & Ok GIFE AT X0 B A,

A1k 3FR s Bda , T A 3 BT IR 8

NN,
O=Co= 1 (1)

SN, N, A A T K RAE x oy 1] L 184
50 M A BT X BRI I S8 ., MY B

ST U 5 09 YA T B A 7 P 1) 6 8 1
RS R T4 BBV KIS L, 3 FM8 i IR 0 12
L BRI, S ISP A TE R N,

Npm S (max [1(F) - 81) (12)
Nzrl
No=—31" (13)
[RlEt, A 1 (k) 2R B8 Bl Ja i B .
[ 8N, lk)=6
( _{ I(k)y+ N, I(k)<8 (14)
g, MR A~ XA )38 B R 1 (k) VE 4 7tk b
S8 3 R A (AR i X RS, iR 8 T o
3.3 &S
H A, 78 4 25 MR Ay ET 55 7, 38 5 R FH 32k 25

BOAR 2R G — ) 32 U3 R ek B . Ol T A e [ o
T 7 AN P A 1) )t , A SR T 48 2% ek i =X (15) i
R TverskyLoss , CrossEntropyLoss 3B =4 S =X
(16) AT FR .

L=TverskyLoss+(AxCrossEntropyLoss ) (15)



SRS, R B A, B 4 BT RO U-Net S22 ) 41 it 15531 <177 -

@

‘,

. m m—m————————— -

Fig. 8 Partial image preprocessing results

E8 ®MoEGILEER

N
z]’ol‘gol’
=

(o )= (16)
zpoz'goz' +a zpoigli +B zpligoi
1 ;\:1 i ey
C=—N2[yi logp; + (1 = y,)log(1 = p,)] (17)

P A T L AR AR R B T E AR X A
P TG B A i MR T SIS g, R
FLSEL A i MR R R T B AR KA s g, NS ELAS
B i AMG R R T B AR X IR AR 5 p, R T 5y, A L
EX

TESHOE B 7T, AR SCR FH Adam BIA L AL % R R,
Bt 20 R 0 0.001, #HEEE KN R 1, UITZRIE AR 100 4K, A=
0.1, TverskyLoss B a. 85391125 0.3 .0.7,

3.4 iRfhIERR

A K FH 22 31 L (Intersection over Union, ToU) 8% T
% (Dice Score, DICE) f{ﬁ?ﬁﬁlg(accumcy) R (sensi-
tivity) 5 (specificity ) 28 5 MEARIITE> B PERE >

Rov=7p & ;113 +FN lj 8 gl (18)
S TP +21€£ + FN:iLAl +ﬂ ul:l| 19
aeeuray=rp 4 ;15 : ﬁT“ZIZ +FN (20)

sensitivil):% (21)
speciﬁcit}'=% (22)

TP VTN FP U FN 2351 0 45 2R TE Bl 0 2680 H
HHEARRIES R H SRR IR EEE iR
FHRITEECE A B4 B A A B s ToU Ry iF X
Gy B H bR MERE & R B S E A BN ) sS BR ST AT L
N1 BT R IR P& S AR 5 Dice Score Ry BE 22 1RM% 4 #] 1Y &
TR, RN HLIHE S TN AE A9 AH DL E  (E BOR R s P
FEADL B B accuracy . sensitivity | specificity ETRESF
2 LY 53 AR bR L BB
35 KR

N T B UEAR SCRERY (A R B TR AR AL 5 U—Net £

B Res—UNet, Seg—Net, R2U-net # 17 L 8, @0 3% 1 JiF
R AT AT, CCRS—-UNet L% £5 TOU . DICE 434 I
TR, Wb X R o3 FAT 55 145 2R 2 3V e 3R e
. CCRS-UNet W% T I AbBRY 52 2 HIKS E ER
R T, Xt 2R EMRAr FIT 55 (0 o 2t B e b, RE IRl
O EN G AP A X B8, 5 SRR 2V O B R . 7R
M JT T, CCRS-UNet A P REBE /I T U-Net . Res—UNet, 3
A ABS R0 A ARG 0 P45 X 4510 5 T 1) 26 B L4 . AR SRk i
T b T+ Seg—Net, 2 WA 70 75 vl A K6 I 672 497 D7 T ) 266 3 R
U, TR GRRE SRR 232 N TE A1)

Table 1 Comparison results of CCRS—UNet with multiple network

models
&1 CCRS-UNet5ZAMMERBPLERLER
" f5h5

P 10U DICE accuracy  sensitivity specificity

CCRS-UNet  0.86452 09245 09788 0.958 0 0.978 5

U-Net 0.84307 09125  0.9740 0.958 9 0.974 4

Res—UNet 0.84631 09134 09764 0.956 0 0.979 5

Seg—Net 0.81735 0.8954  0.9707 0.9342 0.976 0

R2U-Net 0.84512 09129 09764 0.9513 0.9807

25 I, CCRS-UNet 7£ Z ™48 b5 L R IR 5, 45 5 7E
10U . DICE FIHEAf 307 10 B R 58t i — 2k B T A
RUE UG 3T 55 vh B AP PERE A& e

[¥19 25 CCRS-UNet 7E S ik - LA T AL 25 51 . fH
AT L, CCRS-UNet i 43 B A T HO A R R AR 75

CCRS-UNet U-Net *

MASK Label

+ £ [y
‘ Initial Image

U-Net & ATT R2U-Net SegUNet Res-UNet

P L L T R T
P i o i i P

-
.

Fig. 9 Comparison of segmentation performance between CCRS-UN-
et and other models

B9 CCRS-UNet 5HAHER S B RILE

[R1BS, AR SCHEA T T A 52 56; DA B IE CCRS—UNet 5578 45481
Yot R PERE I s i), SEBR 25 AR 10 fras o 4 Rl 7
BUREAS B 25 RN E 11 Fis o b ml O, A8 T4
IR i U-Net M 4548, CCRS-UNet 7E1EBE A58 T 4 iR
Fto HEBR SE-Attention HL 5 PERE T B, UEBH T 47 45 5%
ZEHLY SE-Attention VE & AL AT B £k b B 35 A9 15
B R, B TR A% 5 EIRS B . CCRS-UNet
rR A A L 09 BEAT SR UL T3S N At (9 U-Net % 2%
B UEBH T Ave L] A8 AS [ 4 25 I 28 A5 76 v (1 5 i I
SR IE A, T B AT XA



178 - L QRO |

2026 4

= CCRS-UNet U-Net UNet-With-At CCRS-UNet-No-Alt
0.8
0.6
04
0.2
0.0 — ——— ——— ——— ——
lou DICE accuracy sensitivity specificity

Fig. 10 CCRS-UNet ablation experiment normalization results
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