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Deformable encoder-decoder network for accurate retinal vessel segmentation
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Abstract: To overcome the drawbacks of existing approaches in capturing irregular vascular morphologies and integrating
multi-scale features, this study proposes a lightweight deformable encoder-decoder network named ResDC-Net for retinal
vessel segmentation. The network consists of 3 components: an encoder, skip connection modules, and a decoder. Both the
encoder and decoder are mainly composed of residual deformable convolution modules. These modules utilize deformable
convolutions to dynamically adapt to vascular morphology and enhance feature propagation through residual connections,
which effectively compensates for the limited representation capacity of traditional convolutions for curved vessels and
branches, thereby improving the modeling for vascular deformations. A group aggregation bridge module serves as the skip
connection module. This module integrates multi-depth information output by the encoder and the mask information
generated by the decoder at each stage, strengthening the complementarity between semantic information and spatial details,
which is conducive to restoring vessel edge details. Experiments on the public STARE, CHASE DBI1, and HRF (resolution:
876x584, 1752x1 168) datasets show that the proposed method achieves specificity of 98.66%, 98.67%, 98.43% and 98.42%,
and accuracy of 97.47%, 97.63%, 97.18% and 97.17%, respectively, demonstrating its effectiveness, lightweight property,
and superiority for retinal vessel segmentation.
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Table 2 Evaluation results of the ResDC-Net and other
algorithms on the STARE dataset

WiRS SE/%  SP/% ACC/% DSC/% AUC
Iter-Net!® 77.15 9886 97.01 81.46 0.9881
SCS-Net!34! 82.07 9839  97.36 = 0.9870
Wave-Net 14!/ 79.02 9836 9641  81.40 -
D-MNet!4! 83.63 98.11 96.83  82.11 =
SDDC-Net!10J 79.88  97.89  96.69  79.65 0.9845
PGU-Net' !/ 73.68  99.01 96.54  80.62 0.9862
FRD-Net!33 8240 97.83 97.17 82.04 0.9859
TiM-Net!4 78.67 98.80  97.11 - 0.9670

ResDC-Net(43¢) 8241 98.66 9747 8271 0.9892

M 2 B[, 7E STARE (45 4E I, ResDC-Net 1
ACC .DSC I AUC #8 b5 I T Hofh 75 1, 430l 35 )
97.47% .82.71% F110.989 2, f #k PGU-Net 7 SP | Ht
SRR 45 5 {H7E SE .ACC .DSC FIl AUC #5453
R34 AN Bz ResDC-Net, Ho 1 SE 45 4% A< 3¢ )7 i 41%
8.73% , 2= W1 HLAE 10 43 %0 1L A5 3R J7 T A e ) S 3
59 TASCIE . SP AP S WA TE B AR 485
FURE ST, 1M SE DN i 4545 R A1), PGU-Net
AW ) 2 20 A i A DX 8 R T AR SO 9 AR I
LSRR S5 430 T 2RI A MR RS

MFE3 A1, 7E CHASE DBI1 %t [-,ResDC-Net

%3 ResDC-Net 5H i /5% 7 CHASE_DB1 $#B4 FRIFEL LI R
Table 3 Evaluation results of the ResDC—Net and other algorithms
on the CHASE_DBI1 dataset

Dtk SE/%  SP/% ACC/% DSC/% AUC
Iter-Net!®’ 79.70 9823  96.55  80.73  0.9851
SCS-Net'34! 83.05 9830 97.44 - 0.9867
D-MNet!#! 82.72 9693 9587  79.01 -
AFFD-Net3!) 82.62 9834 9744 80.86 0.9876
PGU-Net!'! 80.51  98.17  96.58  80.99 0.9857
ARSA-UNet'*! 8429 9753 9631  80.74 -
IMFF-Net!*] 80.48  98.67 97.30  78.94 -
MSTP-Net!3¢] 84.85 9830 9745  80.74 -
FRD-Net!*! 84.10 9849 97.60 81.76 0.9887
TiM-Net 4] 76.97  98.65  97.11 - 0.9648
GT-DLA-dsHFF!4) 8440  98.58  97.60 0.9882
ResDC-Net(A ) 8223 98.67 97.63 81.41 0.9894

# 4 ResDC-Net 5 HE fth 75757 HRF H4B 5 LRI L SLIG 45
Table 4 Evaluation results of the ResDC—Net and other
algorithms on the HRF dataset

Jrid SE/% SP/% ACC/% DSC/% AUC
SCS-Net!34! 81.14 98.23 96.87 - 0.9842
D-MNet!42! 75.44 9794 96.07 77.71 =

ResMU-Net! 44/ 81.56 98.10 97.04 77.94 09714
PGU-Net'!!) 72.55 9825 96.13 75.67 0.9761

FRD-Net'*31(876x584) 76.61 98.28 96.76 76.88 0.9821

FRD-Net'33/(1752x1168) 78.44 98.40 96.98 7925 0.9850

MSTP-Net!36] 81.08 98.38 97.05 81.08 -
GT-DLA-dsHFF!46] 81.78 9828 96.98 - 09853
ResDC-Net(876x584)

) 81.66 98.43 97.18 81.24 0.9873
(A30)
ResDC-Net(1752x1168)

81.76 98.42 97.17 81.24 0.9875

(A30)

1£ SP . ACC Fl AUC #8645 L4351 4 98.67% .97.63% Fll
0.989 4, L T HAh J7 ¥k . JXE MSTP-Net 7& SE 5 #x
WS EA 4 R H SE A s WA R i AR R 1 A
[B16E 7, 46 o 1 R A RE A A LUK i FP AR, B S 8
A 1M A X R H A 1L 45 . MSTP-Net 7£ SP,ACC Al
DSC %545 %5 F KT ResDC-Net, iX % ] MSTP-Net
(1) 0 28 235 g 2o 0 5 i A 45 2% 1) OB A I, AE —
FE TR L R IO T S 7S A A I B8 T, DA 5 e A5
RUB R FIERE R T St S

PN 4 AT FE 5 43 R A0 I 5 (5115 5080 4 HRF
|+, ResDC-Net 7 SP.ACC .DSC #l AUC PEM 4545 I
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Figure 5 Retinal vessel segmentation results of ResDC—Net on different datasets
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Figure 6 Segmentation results of retinal vessels on the HRF dataset
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Figure 7 Segmentation results of retinal vessels
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Figure 8 Comparison of network parameters

%5 ResDC-Net 5 E {75758 FLOPs Xt
Table 5 Comparison of FLOPs between
ResDC—-Net and other methods

itk IR FLOPs/G
FRD-Net!3 400x400 84.32
LiViT-Net!4") 400%400 43.40
ResDC-Net(A<30) 400x400 36.11
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Table 6 Evaluation results of the ResDC—Net on the HRF dataset

HRF £ 4E T4 SE/% SP/% ACC/% DSC/% AUC

T OGHR A i 81.98 9828 97.17  79.76 0.9859
i PR A0 1) 85.99 9726 96.45  77.64 09846
TR P 7729 99.50 97.61  84.62 0.9907
HRF {4 81.76 9842 97.17 81.24 09875
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Figure 9 Pathological retinal image vessel segmentation results
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Figure 10 Diabetic retinopathy image vessel segmentation results
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Table 7 Ablation study segmentation results on the CHASE_DB1 dataset

JEHRR Bt SE/% SP/% ACC/% DSC/% AUC HEHEIZHE K/VMB
DCNv4 Conv2d 82.04 9849 9745 80.26  0.9880 4.60
GAB - 82.80 98.48 97.50 80.68 0.9888 2.17
JRDM Maxpool 80.65 98.55 97.42  79.80 0.9867 1.68

ResDC-Net(4< 30) 8223 98.67 97.63 8141 09894 2.36
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