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Abstract: To suppress irrelevant semantics and cross semantic gaps in object extraction using an encoder-
decoder network structure, thereby achieving higher accuracy. U-Net is used as the backbone network for
feature extraction. To reduce semantic differences between shallow and deep features, a multi-scale se-
mantic pooling module (CSP, Channel-Spatial-Pyramid) integrates attention perception and replaces skip
links in early layers. The CSP module emphasizes more meaningful semantic information from two levels
corresponding to space and channel, extracts features at different scales through parallel branches of four
different pooling cores, and aggregates all branch results to splice with the features of later layers. The ex-
perimental results show that the Dice index of CSP-Net in color fundus image disc segmentation reaches
99.6% , whereas that of cup segmentation reaches 92. 1%. Both results represent improvements over ex-
isting algorithms. CSP-Net exhibits a high effectiveness and anti-interference ability for extracting small
targets in fundus images, making it appropriate for clinical reference in glaucoma screening and diagnosis.
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Fig.1 OD and OC regions in color fundus images



W, 55 VR R B £ RUPE T SO 43 43 ) 3205

oy
55 21 7
3 13232 32 96 32 32 1
32 64 64 64 128 64 64
4 64 64 128 64 64
iy 33
+ReLU-+dropout _— —
4 BRI
== PHEEZ 64 64 64 128 64 64
N Ix1EF1
+sigmmd?§mpom
T EERQ9 64 64 64
——> CSPMHii [ 2q 2g |

2 CSP-Net [ 45 55
Fig.2 CSP-Net model

2.1 BEZH U-net

I RAETE B R Stk R rp XA &2 (X
B ARRAE UEAT 20 BIOR 5 421 . U-Net "3l i BF
22K B IE 5 J5 W E AT AL G R e T X
— [a] i, PR ot i Ay e A RN AR IE R O 2% 22—
U-Net 3= 2 b 7 358 43 21 A, e bl 45 42 T3R8
BRSO B 1 sk B AR T 58 BOKS 1 53 51, 4
AT 28 25 1 S X FRAR S ¢

U U 2 2, A e U RO X L b
TETMEERZ LIRS, O BRI T
FEAR o> PE R 0 DR D A B H o X 28 A8 O A BE
I R0 2 46 SBURR AR B9 B8 77, 1T 2 78 2 808 Al 25
R B] J7 T A5 A5 B e e k.
2.2 HMEKEH

16 OD 43 HME: 55, i1 T OD XAV (5 4 &6
PEIRAR /N8 43, R IR A7 A T SR AR ™ B 2 4
F4 T) L, )11 2 Bsf 40 % R KR 23 B A DRy 3 de /NEL L 7
A T AT S BB A Y I 4% R A A I
Oy e B R BUR AR A SR I . N T X
— R R B A R R EOE SR

[(A,B)=—log(d(A,B)), (1)
2 . zjblj
ﬂABbgzéif, (2)
z[‘jaf,#— b’

Hr.d(A, B)J& Dice it 2k bR 8, I T —Fh 2
VL TE 57 R AR A RLEE ) T A RS Dice 58 8RR BUE
R0, 1AM MR, BRELXTF T
PRE B BLSARSE  S B R R R R i 2
ay Mo, 5y AR A F BB —12 2 . Dice
I PRBICVEAL 2L SR 25 5 T 25 S 0 A BB B T
AEAR R G HEA B2 A ) 265 Sy 3 SR TR A5 2 K
IRFEAR 73S AREA B G L o

2.3 CSP#&Et

¥ J& B8 L 9 ) 3, CSP-Net 76 3 M %
2 5] AR F R S HLE 2 ROE ik
CSPBLHL . 76 G it 75 - A 45 X 25 v, Bifi 5 I 2%
JZ BRI REAE 3 BER R W BE AR, X — i Rl
WIRFRE R T2 IR FESRAE TR 5 1 40
AR B o I BREREE IR IR B R IE 5 IR )E
SRR AT P42 B AR 0T DA e sk — [) A, A R A
RiAE SEOALRE S U R AR B R X — 22 S B0
PR Sy HUORS B BRI K B R T ) 4 R B
JZGIA CSPAEHL, G R 47 3 — 20 b 3
55 WURRAE SEAT PR 018 X225 K 3(a)
FIF7R o

U-NeCK AR & BUZ MAREDF 2T 1T
SCAE B Rl A B R BCRRE A R TH A 1 e RS Y
BE, xR — 2 T SOE B A R BUR
FIH . R 78 o SR ORI 2 P4 & 1 B F SOfF B,
CSP M P F 4 P I W AL 250 K FE 2 A AR TR R
H R AZ BRI R SE 45 S H AR RIS w1
2 RUEEARRAE o 35 38 S5 b Ak Al At N A, 4
T AL S5 H R 4 ST oy S T Ak L B AR
O3 SCMARAZ RGE AN MR o 4 AR R Rz B
WA FRAE G R SOfE B AT i, = AR 4
AN TR RS (R AF B IR0 AT 0 XS R Pr . &
Jei O PR 0 RRAE B 1< 1 45 B R 38 T B
8B JFARAE R R T .

& 55 1 4 5 35 1t Ak 5 4 SR PR R = E Y
23] 1R SCfE BB TR R B Ik TG SRR AR E A S
2 I CSP 1 4 5 55 th Ak 45 4 vh 5 | A3l 3l - =3
] BC A VR A S B 3 3 -4 (R B A T
A WA AR e, B3 S T R A e 4 ()
TR T — A% E N R B
FER"™ WP g 0 S i 5 i 5k T 4 38 T8 A e A
— AR EE T E IR IEE A eRV UV KR E
e L% AN RRAF BUHEAT F 3l W AR AR 40 4k, 77 A= 44k
MRFIEIE F o FIAE R 28 6] 9 2 S i i AL 7
AEEHR N IS ERENIRA R I
5 F M, A R&NERNFERF, Zid
FEIECAIE T

F=AQF

/" r’ (3)
F'=AQF



3206 b= S K Y i

31 %

Hor @ FRoR W FRRAE B AT B T R AT . 7E % it
PR rh 3 VR BT A T S Ak e e s
[F) 24 3 A% R o 38 1 TE 2 ) R 5 A ) R O AR
Hes5 0 3 5 3(b) i 3(e) 7 o

LT = RE =Wk S2 SR NS =BT u s 54
Rt Ak - Y b A SR A R AR S Y S TR R L
A 2 AN [R) B R AR A R X Ak BT R
23 6] {7 255 Je K Ak BT WO 09 AN [] 28 1) B SRR AE
i ] 2% 0] UA %2 2 OD A1 OC py e Bl ik /b TG
IR HON R B B AR 0y 5 [F] I 4 AR AR A AL
AR OC H A5 9 $2 BCHE B o 3 38 1 3 07 B X 3t
77 A PR AE 23 0 AT 1 X T B R RS,
FEEAT SR AN, 5 )5 48 FH sigmoid bR BRI , 7R
A e 4 GE TE RRAE K] . G OE T O B R
NN

A, =o(conv, ., (AvgPool(F))+

conv, | (MaxPool(F))), (4)

Horp 6 7R sigmoid B PRET

GBI Ik )

i i RFAIE

(a) CSPfEitk
(a) CSP module

i \FHIE i \FHIE

AL

( X155 ) C Fp )
(G AR i+Sigmoid)
(b) jE ik 7 R () Z [AVE 3 F7iish

(b) Channel attention module

El 3 CSPY5H F#ibezh 1y

Fig.3 CSP module and submodule structure

(c) Spatial attention module
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Tab.2 Comparison of the results of OD extraction on

ONS-DB database (%) RIM-ONE v. 3 database (%)
Method Dice MIoU PC MSE ACC Method Dice  MIloU PC MSE ACC
M-Net'® 76.5 64.1 64.9 1.40 97.3 M-Net'* 79.35 67.0 66.9 2.19 97.1
U-Net'!”! 81.4 68.9 86.3 1.76 94.8 DRIU™ 93.4 90.2 91.5 0.70 97.4
DRIU" 90.9 86.9 94.5 0.55 98.4 AttU-Net'"™  93.4  87.7 93.3 0.46 97.9

AttU-Net'""  87.9 82.1 78.1 0.64 98.1 MEAL'™ 91.2 — — —
R2U-Net " 82.1 70.0 74.5 3.17 94.1 U-Net' 87.6  82.5 90.8 4.90 91.7
Hyne'"”’ 93.7  — — — — R2U-Net™ 90.3  82.8 85.3 4.35 95.2
SAM™ 87.9 90.7 87.3 0.61 99.4 SAM™ 92.4  83.4 90.3 0.42 99.5
MedSAM™ 92,4 93.8 92.7 0.32 99.5 MedSAM™ 93,0  85.2 94.1 0.35 99.4
B UNet 94.3 831 90.0 0.33 99.6 B U-Net 93.1  86.1 94.2 0.42 99.5
CSP-Net 96.9 92.6 97.0 0.14 99.8 CSP-Net 96.3  91.7 95.7 0.23 99.7
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Tab.3 Comparison of OC extraction results in DRISHTI-

GS database (%)
Method Dice MIoU PC MSE ACC
M-Net'* 81.9 71.2 89.3 0.49 98.6
SAM™! 84.1 62.8 86.6 5.58 87.4

MedSAM'™? 86.2 73.7 88.4 1.58 97.8
MEAL™ 87.0 — — — —
pOSLA™ 77.9 63.7 65.8 0.38 97.4
FCN-8 81.3 69.3 73.2 1.49 83.4
FCN-16"* 84.1 73.7 75.8 1.12 94.7
FCN-32'# 85.9 75.6 77.6 0.86 95.4
SegNet'™’ 80.5 68.1 72.9 1.54 93.7
ESS-Net'*" 90.9 — — — 99.7

SLSR-Net'®! 89.5 — — — 99.7

NAS-U-NET™ 89.6 — — — —
% %% U-Net 88.1 79.6 92.1 5.32 94.6
CSP-Net 92.1 85.4 90.3 3.05 96.9
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Tab.4 Comparison of OC extraction results on RIM-

ONE v. 3 database (%)
Method Dice MloU PC MSE ACC
M-Net'® 70.7 57.5 61.1 0.66 98.6

pOSLA™ 77.4  63.2 70.7 0.23 98.1

MEAL™ 82.1 — — — —

Do

SegNet™ 76. 62.4 82.9 3.72 90.9
FCN-8*" 84.3 73.6 88.4 2.43 93.9

FCN-16* 84.5 74.0 8.9 2.35 93.9

FCN-32" 80.6 68.7 82.6 5.8 92.3
ESS-Net™  85.63  — — —  99.6
Edge TPU™  84.0 — — — —
SLSR-Net®' 858  — — — 99.5

B U-Net 81.5 68.3 82.8 2.46 97.3
CSP-Net 86.0 74.4 86.6 2.20 97.5
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Tab.5 Comparison of ablation experiment results for OD extraction task (%)
DRIONS-DB RIM-ONE v. 3
BB 4 ‘
MIoU Dice MSE MIoU Dice MSE
a9 U-net 88.1 94.3 0.33 86.1 93.1 0.42
t+Attn 91.2 95.4 0.16 90.5 95.7 0.26
t+PPM 89.5 95.1 0.21 90.8 95.8 0.28
CSP-Net 92.6 96. 6 0.14 91.7 96. 3 0.23
F6 OCIREUAHRILIGLRXTEL
Tab.6 Comparison of the ablation experiment results for OC extraction task (%)
DRISHTI-GS RIM-ONE v. 3
LS : :
MIoU Dice MSE MIoU Dice MSE
14 %% U-net 77.5 85.2 6.32 68.3 81.5 2.46
t+Attn 80.1 88.3 4.31 70.6 83.9 3.22
t+PPM 82.1 89.1 3.80 70.0 83.6 3.16
CSP-Net 85.4 92.1 3.05 74.4 86.0 2.20
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