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Semantic Segmentation Network Based on Semantic and
Morphological Feature Fusion
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(1. Sofiware Engineering Institute, East China Normal University , Shanghai 200062, China;
2. School of Computer Science, East China Normal University , Shanghai 200062, China)

Abstract: Retinal blood vessel detection is helpful for doctors to diagnose retinal diseases, but the previous algo-
rithm based on feature fusion is difficult to solve the problem of missed segmentation in retinal blood vessel detection, and
the segmentation accuracy is low. This paper further explores the feature fusion method and proposes an algorithm based on
the fusion of semantic and morphological features. It models the correlation between features by mining the semantic and
morphological information contained in the input features. Then, the feature fusion module realizes the adaptive fusion of
multi-modal features. The experimental results on the public datasets DRIVE and STARE show that, the article algorithm is
better than the existing semantic segmentation model, especially in sensitivity, which is 8.20% higher than the traditional U-
Net.
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—[E%F TR IEAT I . 5 Yan 25 AR 7 AR 1, A
SCH A B i 3 Tversky $5 2% pREL, 52 175 b f8 & {15 BH 4
DA S AR B 2 100 Fg P, DT i R 7 i A DX 38 1Y) s
) A R HE 5 5540 58 A i s A 3k 51 ) R

(2) £ STARE BR4E I (Xt b gk

W4 2 /s , A SCIE AE STARE 35408 46 ik — 45 5 9
B EAT T X ARSOr e R S e ORI
T8 LA S AUC L [ 651 5 400 19X B 5 A 4 55 L S5
(9 Xu' 45 N 4 . (E S — 20, STARE 5 DRIVE

®1 S5HMEZEDRIVESIRE LRSI ERERE SR

EHE AUCHLLRER BT %

(N7 AEA Spe Sen Acc AUC
U-Net™ MICCAI'I5S | 98.20 | 7537 | 9531 | 97.55
R2UY NAECON'I8 | 98.13 | 77.99 | 9596 | 97.84
MS-N" MICCAT'18 | 98.19 | 78.44 | 95.67 | 98.07
Yan!! T-BME'18 98.18 | 76.53 | 9542 | 97.52
UNet++°! DLMIA’18 98.36 | 79.59 | 9547 | 97.79
DEU™ MICCAT'19 | 98.16 | 79.40 | 95.67 | 97.72
DUNet!"” KBS'19 98.00 | 79.63 | 95.66 | 98.02
CE Net™ T™MI'19 83.09 | 9545 | 97.79
DDNet™! TMI'20 97.88 | 81.26 | 9594 | 97.96
Xu! ICASSP"21 98.07 | 82.13 | 96.15 | 98.15
Ours 2021 98.68 | 83.57 | 9673 | 98.85

®2 SHMBEEESTAREHFERE EMSRERSRNE SURiE,

EHE AUCHEERER A %

Hk Ay Spe Sen Ace AUC
U-Net™ MICCAT'IS | 97.01 | 82.88 | 95.78 | 97.72
R2U" NAECON’18 | 9820 | 77.56 | 96.34 | 98.15
Yan?!! TBE'18 98.46 | 7581 | 96.12 | 98.01
DUNet!"” KBS'19 98.78 | 7595 | 96.41 98.32
CE Net™ TMI'19 98.43 | 80.72 | 96.57 | 98.29
DDNet™ TMI'20 97.69 | 8391 | 96.85 | 98.58
Xu'”! ICASSP’21 98.11 | 8230 | 97.03 | 98.61
Ours 2021 98.34 | 8495 | 97.43 | 98.88
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SE-block ™", LA _F B R AR5 A X L S 56 249 il 1 A 1)
1Y U Y 2 it A 2544, AN [R) B9 92 43931 ResNet, DenseNet
Ll K SeResNet /E 0 F T M 4% . %1 T ResNet [ 5 , {R &
L FBLHE R ResNet RN 43R S : 3£ T Basic-
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BRE ETER AUCKILLER BT %
it Block Spe Sen Ace AUC
ResNet18' Basic 97.03 | 77.43 | 9435 | 97.05
ResNet34 Basic 9721 | 77.56 | 94.53 | 97.10
ResNet50 Bottle | 97.32 | 77.74 | 94.62 | 97.49
ResNet101 Bottle | 97.53 | 78.03 | 9472 | 97.58
DenseNet1217' | Dense | 97.38 | 77.87 | 9443 | 96.25
DenseNet169 | Dense | 97.46 | 78.09 | 94.76 | 96.34
SeResNet50™! | SERes | 97.45 | 77.56 | 94.58 | 96.99
SeResNet101 SERes | 97.51 | 7821 | 9479 | 97.14
Ours MSCM | 98.68 | 83.57 | 96.73 | 98.85
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SRR 1 PO 248 fife T 1 T S LS AR AN T 1 1) 2L, 3 138
PRI SCRFAE G50 1 0 26 X8 T Rif s I 4 DG

(a) PRI Gt a2 = B BURe Ik 1]
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Ko B AR 4L B SCRRIRHIE R HUSEH AT Rk P X L

(2) TR SO D BE 23 #

7 0 BRI 265 5 8 I 28 AN I S BB i IS
fiE TR AL XS LU 2551, AT LAA A T8 2 @Rk
R IUREHR 14 190 266 5of T 40 190 M A P 2 2 9 I 5 A A
SR AR RE ), 3R TR DA i PR 285 S R 1
TR 1 28, A2 (1) 2 2 82 BB 1 400 ol 5 ] £ Y 1t A
TSI RAEZR R 4078 T 2% i 2 40 15 {5 8, AT
BT SO M2 F A5 R

(3) SIS RHIE R SRR AERE AT

S — 20 M, AT I X AR SCAY T S5 T A R il
BONEMAT T o3 TR BB SR S 1 R etk
RERS L, RIZE AT SR SRR Rl AR . SR Al
AN 4 o 6 HEAfE R 2R A B BBORE B sty Sy
MRS U, 2 IR bR I A R BRI o, Sk i
THEe 2 , AR 2 P T A 2 ) 246 7 Ak AR o0 o
T oy TR PERE .l T4 I 10 A7 20 AT 55 P A7 AE 1Y
T SR AS A7, 3 A I A Vs 2 2 A5 B X DA figp o
MR 1 2 2 A RO B SR PR TR AR B T LA Y, DA
(477 1 B A AR G g Tl o T (EL(EAS — 4R AR
FUATE SCE TR ARk Fl G BB 1) 0 45 55 15 B R 45 41 e
BUBPESR PR32 T T 3.76, 4 FUALf TR SRR AT S R e
L3 AR T, DLRALAE T SCRAIE SR Ui B 1.68 1T,

R4 BB W& MR R

Hk VB SCHEERL | TEASHEEL | RIERL S Sen Spe Ace AUC Parameters GFLOPs
Backbone x x x 79.81 97.31 95.83 97.52 10.84M 11.70
With Sema N x x 81.30 98.28 96.46 98.54 11.15M 12.47
With Morp x N x 81.49 98.45 96.59 98.67 11.23M 12.90

Ours N N N 83.57 98.68 96.73 98.85 11.45M 13.61
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AR I N AR SC A B ) S B0 DL R S IR
BT T 0T . AR SCHRA S B IS BB e 18 X
PEBUBEH | DL RGBS TR 25 il A B E G 245 40 L
R 2 AE S B0 BRI T 0.61 M, £E 77 A5 38 A IR L
T 2.91 GFLOPs. o % 58 Bk B0 5 2 L
e B — 5k 224%224 pixel {1 A0 W) I8 1L 45 P AR Sk 44 4
ARSCHPLL0.61 M IS HAM . 2.91 GFLOPs (11155
A IR T T B 2R R 2% 1.37.3.76.0.90 . 1.33 4% 5
P BB ETG R AUC PR BE . U H AR U 48 A
AR TR 3R R R YR R X R X I I A 4
T 43 A ABE 23R, o 00 T L 7657 9 5 1) 90 LA K

0.8 +

loss rate

¥ 2022 4F
B, WA 5 7R A SCGE XS T HEARHIE 5 D7

%, SR AELA 7 X Pyramid U-Net " 1t , A3
YRR Rl A T AU TR S IEARAS RUE E
TE AR TERE S BB MER R LA S UL T Pyramid
U-Net, X WIE T A SCHE X S5IESRHEaLS kA
Rtk bR SCHl A 4 CE-Net' ' 21 K 51 A CBAM™ Hf1 58
R S B At UNet ™, 1 88y 3k MOAS [6] £ JEE fif the
T Z RZRER A R8T, AR LT e 4f o9 S AU 42 7
2 B8 — R 4T AR T R . A SOy
TR 3 ROBE B A IE SCA B th & (AR 2B
PR 5 2 7 7 5 B AR, T A AR AE B2 OB E AL

TE 540 B AL R 2 B BUE SCRMIE /3 5L, 9138 1o FR1E
5 A5E R A8 ik e T AR RN B A ARG 0 b i A E AR D
T 43 B[R] 80, A8 LG T304 ) 2 RS Rkl & ik A
2 T

*®S5S SHMEAARAEDRIVEHTFEE BRI R S,

ERHR AUCHIXT LR L %
filA = o 2% Spe Sen Acc AUC
SR P U-Net 97.31 | 79.81 | 95.83 | 97.52
LR3CEA™ | CE Net - 83.09 | 9545 | 97.79
SR PUNet 98.07 | 82.13 | 96.15 | 98.15
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