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Diabetic retinopathy segmentation using dense dilated attention pyramid and multi-scale features
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Abstract: An improved U-shaped multi-lesion segmentation model, namely dense dilated attention pyramid UNet
(DDAPNet), is proposed to overcome the difficulty in learning multi-scale features and address the issue of blurry boundaries
in diabetic retinopathy (DR) segmentation task. DR images are treated with Patch processing to enhance the model's ability to
capture local lesion features. After backbone feature extraction, a redesigned dense dilated attention pyramid module is
introduced to expand the receptive field and address the issue of blurry lesion boundaries; and simultaneously, pyramid split
attention module is used for feature enhancement; and then, the features output by the two modules are fused. Additionally, an
improved residual attention module is embedded within skip connections to reduce interference from shallow redundant
information. The joint validation on DDR dataset and real dataset from a specific hospital shows that compared with the
original model, DDAPNet model improves the Dice similarity coefficient for segmentations of microaneurysms,
hemorrhages, soft exudates and hard exudates by 4.31%, 2.52%, 3.39% and 4.29%, respectively, and increases mean
intersection over union by 1.80%, 2.24%, 4.28% and 1.98%, respectively. The proposed model makes the segmentation of
lesion edges smoother and more continuous, notably enhancing the segmentation performance for conditions like soft
exudates in retinal lesions.
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Figure 1 DDAPNet model
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Table 2 Segmentation performance of DDAPNet model

KA MERR OREREE DSC mloU
EX 0.9803 0.7624 0.6725 0.7896
MA 0.9915 0.6922 0.5798 0.668 7
HE 0.973 1 0.7459 0.6338 0.7422
SE 0.9806 0.8706 0.6740 0.7609

X 1B DDAPNet #5780 s il i) 22 ROBE R i B8 ORI
SR HRAT BT A A AR AN 435 SE B R0 Ry
fIE . EX7E DSC Fl mloU [ & BUAS4F | 33X Ba BH 7 I i)
PSA FIER 2 1 B I ALEI  ZERFIE Rl & R S A 38 5 T
R TAHRH . HEFERS B0 1 R4y, 3 1) I A5 7Y
fiE 1% %5 4 b X 4> HE, 7€ DSC 1 mIoU I (0.633 8 FlI
0.742 2) FINFE D , 3 1T GE S K ok HE AH XTI At k-
GRRT . MA FEAEIf 25 7 1 32 B 47 (0.991 5)
DSC FHKE i B (0.579 8 F10.692 2) # A% , 7] g & K Hy
MA B K /NI 43 A 5 S50OE LA ASE 76 ofi g b 3 591 A
e
3.3 HELKIE

FHZ X ARIRZE Y Z15E DDAPNet #7 H () DDAP
P Rse BB | PSAARERXT IR AR 43 #1145 SR A e R R
300 3 Y1 o S 5 A BT A5 B R () A R, 45 AR (AR AR Y
X} DR HI A5 A AN 3% 3~3k 6 s o JEAih (2% UNet
“Baseline” %78, “-DDAP” #/~7E UNet W& - I DDAP
PR, “-Rse” F/R7E UNet P45 R Rse 1554, “-PSA”
Fe/RTE UNet M 45 R I3 il PSA 5L, “-DDAP-Rse” 7R
7t UNet [ 25 75 /il DDAP 5.5 fll Rse bk , “-DDAP-
PSA”F/RTE UNet 25 115 il DDAP EHFI PSA -k,
“_Rse-PSA” Z/R7E UNet W25 H1 3 1l Rse A=LERL A PSA 45
B, “DDAPNet” /5 7E UNet 2% 1751l DDAP . PSA il
Rse i, RIA SR8 1 7 i o

R3 BNEESEEREERE

Table 3 Accuracy of each segmentation model

TR MA HE EX SE

Baseline 0.9910 09692 09781  0.9786
-DDAP 09917 09710 09789  0.9795
-Rse 0.9918 09691 09788  0.9792
-PSA 0.9915 09712 09790  0.9802
-DDAP-Rse 09919 09711 09798  0.9802
-DDAP-PSA  0.9920 09723 09797  0.9798
-Rse-PSA 0.9919 09718 09797  0.9800
DDAPNet 0.9915 09731 09803  0.9806

T4 BENBESBIERAERHE

Table 4 Precision of each segmentation model

Y MA HE EX SE

Baseline 0.6219  0.6812 07067  0.8426
-DDAP 0.6536  0.7040  0.7256  0.8532
-Rse 0.6503  0.7004  0.7273  0.8505
-PSA 0.6654  0.7092  0.7251  0.8580
-DDAP-Rse  0.6683  0.7267  0.7496  0.8662
-DDAP-PSA  0.6703  0.7373  0.7416  0.8654
-Rse-PSA 0.6650 07221  0.7493  0.8652
DDAPNet 0.6922 07459  0.7624  0.8706

x5 BNEESFIREHDSC

Table 5 Dice similarity coefficient of each segmentation model

TR MA HE EX SE

Baseline 05367  0.6086  0.6386  0.6311
-DDAP 05431  0.6104 0.6474 0.6463
-Rse 05417  0.6161  0.6488  0.6536
-PSA 0.5480  0.6182  0.6477 0.6498
-DDAP-Rse 05563  0.6225  0.6553  0.6587
-DDAP-PSA 05626 06258  0.6578  0.6581
-Rse-PSA 05544  0.6236  0.6505  0.6545
DDAPNet 05798  0.6338  0.6725  0.6740

Fz6 ENTHDENERMTHZHEL
Table 6 Mean intersection over union of each

segmentation model

A MA HE EX SE

Baseline 0.6507 07198  0.7468  0.7411
-DDAP 0.6531 07329  0.7508  0.7454
-Rse 0.6512 07295 0.7491  0.7462
-PSA 0.6522 07340  0.7514  0.7506
-DDAP-Rse  0.6574  0.7248  0.7553  0.7561
-DDAP-PSA  0.6607 0.7363  0.7564  0.7515
-Rse-PSA 0.6601 07350  0.7546  0.7544
DDAPNet 0.6687 07422  0.7896  0.7609
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Table 7 Comparison of different models for microaneurysms

segmentation
LY AR OREERE DSC mloU
UNet 09910 0.6219  0.5367 0.6507
UNet++ 09891  0.6431  0.5681 0.6616
DeepLab v3+  0.9929  0.6485  0.5664 0.6403
SegNet 0.9905  0.6370  0.5720 0.6552
DDAPNet 09915  0.6922 05798 0.6687

8 AEIEBIXSH M = 5 B REXT EE

Table 8 Comparison of different models for hemorrhage

segmentation
ol HERR MR DSC mloU
UNet 09692  0.6812  0.6086 0.7198
UNet++ 09705  0.7474  0.6247 0.7304
DeepLab v3+ 09711  0.7343  0.6302 0.7291
SegNet 09700  0.7327  0.6231 0.728 6
DDAPNet 09731 0.7459  0.6338 0.7422

F9 FRIFEBITES BRI REXTEE

Table 9 Comparison of different models for hard exudate

segmentation
e HERAE KSR DSC mloU
UNet 09781  0.7067  0.6386 0.746 8
UNet++ 09783  0.7377  0.6469 0.7551
DeepLab v3+ 09775  0.7409  0.6370 0.7518
SegNet 09764  0.7110  0.6324 0.7403
DDAPNet 09803  0.7624  0.6725 0.7896

F10 TREIERIER S H 5 Bt GERTEL

Table 10 Comparison of different models for soft exudate

segmentation
e HERR i DSC mloU
UNet 09786  0.8426  0.6311 0.7411
UNet++ 0.9804  0.7502  0.6410 0.736 1
DeepLab v3+ 0.9784 0.7667 0.6356 0.7456
SegNet 09795  0.7431  0.6261 0.7299
DDAPNet 09806  0.8706  0.6740 0.7609
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Figure 7 Segmentation results of 4 types of lesions
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Figure 8 Visualization results of 4 types of lesions
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