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[Abstract]

In this paper, we propose a deep learning-based retinal vessel segmentation model for handling
multi-scale information of fundus images. we integrate the selective kernel convolution into U-Net-based
convolutional neural network. The proposed model extracts and segment features information with
various shapes and sizes of retinal blood vessels, which is important information for diagnosing
eye-related diseases from fundus images. The proposed model consists of standard convolutions and
selective kernel convolutions. While the standard convolutional layer extracts information through the
same size kernel size, The selective kernel convolution extracts information from branches with various
kernel sizes and combines them by adaptively adjusting them through split-attention. To evaluate the
performance of the proposed model, we used the DRIVE and CHASE DBI1 datasets and the proposed
model showed F1 score of 82.91% and 81.71% on both datasets respectively, confirming that the

proposed model is effective in segmenting retinal blood vessels.

» Key words: Deep Learning, Retinal Vessel Segmentation, Convolutional Neural Network,
Selective Kernel Convolution, U-Net
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I. Introduction
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II. Related works

1. Previous Works

ook duF B5ke. B0 g SH= %7| HEHo|
97U KAEEe 2 AAE SAES ol8st WSl
O‘Ur Akram —[2]° Hl l%

St WS AQtelitt. 1] X & &<y 7]9te] whof|
Ae gAo] A2 F&0lL golF = HolHE o&
sto] SAS BRe. Marin 5{1]2 T4 275 2l
ABYE AHESHL HA 532 9sl 2fo] 2 3 2l
E 79t EAJog H 7D HEE AKtst,. Aslani
S8l o8 E4 £&715 5ol A4t stojE2|e E4
g2 gAlS S/dsfoty Y HAE RRVIE o&
stof o]zl EFste 22 WS Al

2. U-Net based Retinal Vessel Segmentation
22 Qaldo] washelA ojojx] £ Eojolx ¢
ST Al fully convolutional network)[8] 7]g8H]

E%‘%Ol %‘Jo}ﬂ =2 453 U 9t Ronneberger
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2 39t E3F U-Net9] oA 22 37 Al
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£ RS o' G4 RobollAf U-Net 7]9He] thygt wed
So] Alote]Act. Residual U-Net[12]2 712 zwlo] sF

St 57 WY AR HukE sl AP &7} AFRKpre-
activation residual)tx2= o]Fojxl L™lo]t}. R2U-
Net[13]2 "2 ZtxKrecurrent residual) 122 &85t
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Fig. 3. Network Architecture
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J(max pooling) AthE ARE-ettt. ARF RR0] A=
AR} FUg Fxo|oth I 0 Alde Bt
5171 A3t Yo 22 ZX] P/dH{transpose conv-
olution)-g AFESIY. HA] a2 54 AHdE 571

o X1 §4F 51} AlDR0lE Byet P42 AH 2
k. S APgER: AUFAE ol WAL AES

ross-entropy)S ARSI

=4
=}
ob)
2
(@]

inputs inputs

| i

Conv 3 X 3, RelU | | Conv 3 x 3, Dropblock, BN, ReLU |

hd

| Conv 3 X 3, RelU | | Conv 3 x 3, Dropblock, BN, RelLU |

| l
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Fig. 4. Convolution block for U-Net(left), Convolution
block for SKU-Net(right)

IV. Experimental Results

1. Dataset

Ao melo] My w12 95 DRIVEQ} CHASE DBI1
Clo]8AlE ARSIt &= HolEjAle A&7t olsl T
o dwg A4, UHAIE BideR olXl EE T
DRIVE Hlo]EAl2 & A3t 2078 H7HE gt 20%
< E33H 40709 MR/ =3ttt CHASE DBI t
oJFAl 2879l CHRFFOR o]FojAQlt}. CHASE
DBl &5 Hlo[EAlut AJ Hlo]EAlS FEstA] ¢hou
2 Oh2 9PE(513,15,16,17,22,23]2H2] v]m2 95 A
20732 &3 HolgAlo g U] 872 AlF Hlo|5Ale
2 U9tk DRIVESH CHASE DBI19] Atz zkzt
565 < 584, 999 x 9600]1 AIQFR O] J=of BrF7] ¢
of dAE HEIWEE ARgSi] A 592592,
1008 X 1008 2 37| =A5I9ct E3F A2 20] glo]g
RIS ol Ast7] Y5l RGB oJu]x[oflA] 2171, g]A=x o]o]
A= ¥gk 3 37l9] Holy 54 7S ARgste] MR
HghE mEst F 25719 dlolg 574 71" DRIVES}
CHASE DBl &% tlojgjAlo] A&51ict. Hlolg| 57t
7ol oish ApAISE Uj-8-2 Table 11} Ztf.

Table 1. Data Augmentations

Channel DRIVE CHASE DB1

Center Crop, Random Crop, Random
Rotate, Transpose, Elastic Transform,
Grid Distortion, Optical Distortion,
Vertical Flip, Horizontal Flip, Random
Brightness Contrast,

Random Gamma, Hue Saturation Value,
RGB Shift, Gaussian Noise, Random
Brightness, Random Contrast, Motion
Blur, Median Blur, Gaussian Blur,
Channel Shuffle, Cutout[24]

RGB

Gray Scale Vertical Flip, Horizontal Flip, Center Crop

2, Evaluation metrics

AlRE REo] A FIHE Yol MG e T
st Al Zrah Bah AulE true positive(TP), false
positive(FP), false negative(FN), true negative(TN)=Z
AHEsta ete(Accuracy)et F1 A5 Alkbsigo. 4
ke (Accuracy)?t F1 A4yF1-score)e] AAAIL C}8.u}
Z.

Accuracy = TP+ IN ; 9)
TP+ FN+ TN+ FP

Precision = % (10)

Recall = % (11)

Fl-Score — 2% Precision X Recall (12)

Precision+ Recall ’
zHlo] Y Wyl 9sf &7k ROC ZA(AUC)S 7
ASIRIEE. AUC gto] 10}l @oiet 1are ojolaict.

3. Experiments details

At Bl SKU-Net9] 45 B7HE 5l U-Neta}t 45
= Ylustlty. ®3t EE259 f84S 455 Sl
EEE50] 271 U-Netz F7Ist & Al 719 285
Attt Al 7] 2dE2 AF2R|oA] DRIVES}
CHASE DB1 go]E|Al 2% 50 epoch =9t sH&5519dct
ah52 9ot metulHR s5E-2 110 %, vijA] 37)s
DRIVEQ+ CHASE DB1 ZHzF 83} 42 A -8stgict &AIH
2o oigt FAg} guelEoz= ofd At W
(Adam optimizer)& AMESHL S5E5 &0l A&
2 ReduceLROnPlateaus AM23199CH £ =20A] AL]
gt EEEEY mRuHE 25 F7] Tx72 &5kl

keep rate= DRIVEO||A 0.85, CHASE DBI1ofjA] 0.802

ol l-'l

1> 0
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2 Asloick. Eat £31 dolEiAIo) 10% 2% Hlole]
Moz ARgsioiTt. Aok weo] mefol9) 2t Pytorch
FRsIHOm, AP AP S Table 20+ 2k,

Table 2. Experiment Environment

0s Ubuntu Server 18.04
CPU Xeon Silver 4114
GPU RTX3090
RAM 256GB
Deep learning framework Pytorch 1.7.1
4. Results

Table 31} 4= 717+ DRIVE, CHASE DB1 Tjo]E{Alo]]
et A Baso] gof B 4% A Auolck. Table
31} Table 40j|4] DRIVE, CHASE DBl TJoJEjAl @™
U-Net+Dropblocko] U-Net®th F1 A(F1), A=tz
(Accuracy), AUCIIN FdH ds2 BRIt ol= A
St Hf3F B30l Y Y 9 g7l =it
AeE BAEH. Al 2% SKU-Net U-Net+Drop- Fig. 5. DRIVE example original image(left),
blocka}t H|w3HL o S Tfo|g{of T3t F1 A4, At prediction(middle), ground truth(right)
AUC R|#olM & Hdd 52 Bt

Table 3. DRIVE Dataset Result

Methods F1 Accuracy AUC
U-Net 0.8120 0.9682 0.9813
U-Net+

Dropblock 0.8174 0.9687 0.9851

SKU-Net 0.8291 0.9699 0.9874

Table 4. CHASE DB1 Dataset Result

Methods F1 Accuracy AUC
U-Net 0.7927 0.9736 0.9870
U-Net+

Dropblock 0.7930 0.9739 0.9902

SKU-Net 0.8171 0.9768 0.9909

Fig 59} 62 DRIVEQ CHASE DB1 % djo]EjAlo] &

Z7A] ofufA], Al Yol £ 2wt Y 2folEelt

Fig. 6. CHASE DB1 example original image(left),
prediction(middle), ground truth(right)
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5. Comparisons with other methods

Table 52} 62 747+ DRIVEQ} CHASE DB1ojf tjigt A
oF wela} ok WEe] Fl A4, AEE, AUC AR
tiet 45 vluwE HoEth Table 504 Aot S of
€ Y= HasklE o F1 AaFl), F==(Accu-
racy), AUC 7|& 82.91%, 96.99%, 98.74%=Z 7V =&
A5S HoIth 12]1 Table 604 A& F1 &2y
Aete, AUC 7|15 81.71%, 97.68%, 99.09% 2 7V =&
de= Helo

Table 5. DRIVE Dataset Comparisons

Methods F1 Accuracy AUC
Orlando et. al. [5] 0.7857 0.9454 0.9506
R2UNet[13] 0.8171 0.9556 0.9784
M2U-Net[22] 0.8091 0.9630 0.9714
LadderNet[15] 0.8202 0.9561 0.9793
DUNet[17] 0.8203 0.9697 0.9856
IterNet[16] 0.8218 0.9574 0.9813
RSAN[23] 0.8203 0.9691 0.9855
SKU-Net(Ours) 0.8291 0.9699 0.9874
Table 6. CHASE DB1 Dataset Comparisons
Methods F1 Accuracy AUC
Orlando et. al. [5] 0.7332 0.9458 0.9524
R2UNet[13] 0.7928 0.9634 0.9815
M2U-Net[22] 0.8006 0.9703 0.9666
LadderNet[15] 0.8031 0.9656 0.9839
DUNet[17] 0.8001 0.9644 0.9834
IterNet[16] 0.8073 0.9655 0.9851
RSANI[23] 0.8111 0.9751 0.9894
SKU-Net(Ours) 0.8171 0.9768 0.9909
V. Conclusions

2 =roMe RGN B @ 222 st

SKU-Net-g AQFgtct. SKU-Net> A=A Hda5 A

sjof SR ThE AAUe) Bt Aug A&

o]g KgHO2 Ao 2§ Yo A NPL
S A 71D IE 220 9a4e B, A

& At Aot @Ele DRIVEQ} CHASE DB1 Hf|o]g]oflA]
F1 A4 71% 217} 82.91%, 81.71%9] =& 452 89
th. o] 7S AdetoA DRIVERF CHASE DB1 Ho]
Efo]l thste] U-Net®rt F1 4 715 1.71%p, 2.44%p2]
AL 3AFS "ol o 24 Ao Bl SKU-Neto] gjat dut

2] 2HYS FYSIA

ACKNOWLEDGEMENT

This research was supported by the MSIT(Ministry
of Science and ICT), Korea, under the
ITRC(Information Technology Research Center)
support program(IITP-2021-2018-0-01433)
supervised by the ITP(Institute for Information &

communications Technology Promotion)

REFERENCES

[1] D. Marin, A. Aquino, M. E. Gegundez-Arias and J. M. Bravo,
"A New Supervised Method for Blood Vessel Segmentation in
Retinal Images by Using Gray-Level and Moment
Invariants-Based Features," in IEEE Transactions on Medical
Imaging, Vol. 30, No. 1, pp. 146=158, Jan. 2011. DOIL: https:/doi.
org/10.1109/TMI1.2010.2064333

[2] M. U. Akram, A. Atzaz, S. F. Aneeque and S. A. Khan, “Blood
vessel enhancement and segmentation using wavelet transform,”
2009 International Conference on Digital Image Processing. IEEE,
pp. 34-38, Bangkok, Thailand, Aug. 2009. DOI: https://doi.org/
10.1109/ICDIP.2009.70

[3] D. Onkaew, R. Turior, B. Uyyanonvara and T. Kondo, “Automatic
Extraction of Retinal Vessels Based on Gradient Orientation
Analysis,” IEEE Eighth International Joint Conference on
Computer Science and Software Engineering(JCSSE), pp. 102-107,
Nakhonpathom, Thailand, Jun. 2011. DOI: https://doi.org/10.110
9/JCSSE.2011.5930102

[4] A. Krizhevsky, 1. Sutskever, and G. E. Hinton, "Imagenet
classification with deep convolutional neural networks," Advances
in neural information processing systems, Vol. 25, pp. 1097-1105,
2012. DOI: https://doi.org/10.1145/3065386

[5] J. 1. Orlando, E. Prokofyeva, and M. B. Blaschko, "A discriminatively
trained fully connected conditional random field model for blood
vessel segmentation in fundus images," IEEE transactions on
Biomedical Engineering, Vol. 64, No. 1, pp. 16-27, Jan. 2017. DOL:
https://doi.org/10.1109/TBME.2016.2535311

[6] D. Maji, A. Santara, S. Ghosh, D. Sheet and P. Mitra, "Deep neural
network and random forest hybrid architecture for learning to detect
retinal vessels in fundus images," 2015 37th Annual International
Conference of the IEEE Engineering in Medicine and Biology
Society (EMBC), pp. 3029-3032, Milan, Italy, Nov. 2015. DOIL
https://doi.org/10.1109/EMBC.2015.7319030

[71 S. Aslani and H. Sarnel, “A new supervised retinal vessel
segmentation method based on hybrid features,”
Biomedical Signal Processing & Control, Vol. 30, pp. 1-12, Sep.

robust



36 Journal of The Korea Society of Computer and Information

2016. DOI: https://doi.org/10.1016/j.bspc.2016.05.006

[8] J. Long E. Shelhamer, and T. Darrell, "Fully convolutional
networks for semantic segmentation," Proceedings of the IEEE
conference on computer vision and pattern recognition(CVPR),
pp. 3431-3440, Boston, MA, USA, Mar. 2015. DOL: https://doi.
org/10.1109/cvpr.2015.7298965

[9] O. Ronneberger, P. Fischer, and T. Brox, "U-net: Convolutional

networks for biomedical image segmentation," International
Conference on Medical image computing and computer-assisted
intervention(MICCAI), Vol. 234-241, pp. 234-241, Springer,
Cham, 2015. DOL: https://doi.org/10.1007/978-3-319-24574-4 28

[10] J. Son, G. Moon and Y. Kim, "Automatic Detection System of
Underground Pipe Using 3D GPR Exploration Data and Deep
Convolutional Neural Networks," Journal of the Korea Society
of Computer and Information, Vol. 26, No. 2, pp. 47-55, Feb.
2021. DOI: https://doi.org/10.9708/jksci.2021.26.02.027

[11] S. Kim, J. Sohn and D. Kim, "A method for concrete crack
detection using U-Net based image inpainting technique," Journal
of the Korea Society of Computer and Information, Vol. 25, No.
10, pp. 35-42, Oct. 2020. DOI: https://doi.org/10.9708/jksci.202
0.25.10.035

[12] Z. Zhang, Q. Liu and Y. Wang, "Road extraction by deep residual
u-net," IEEE Geoscience and Remote Sensing Letters, Vol. 15.
No. 5, pp. 749-753, Mar. 2018. DOL: https://doi.org/10.1109/LG
RS.2018.2802944

[13] M. Z. Alom, M. Hasan, C.Yakopcic, T. M. Taha and V. K. Asari,
"Recurrent residual U-Net for medical image segmentation,"
Journal of Medical Imaging, Vol. 6, No. 1, pp. 1-16, Mar. 2019.
DOI: https://doi.org/10.1117/1.jmi.6.1.014006

[14] X. Li, H. Chen, X. Qi, Q. Dou, C. Fu, and P. Heng,
“H-DenseUNet: Hybrid densely connected UNet for liver and
tumor segmentation from CT volumes,” IEEE Transactions on
Medical Imaging, Vol. 37, No. 12, pp. 2663-2674, 2018. DOL
https://doi.org/10.1109/TMI.2018.2845918

[15] J. Zhuang, "Laddernet: Multi-path networks based on u-net for
medical image segmentation," arXiv preprint arXiv:1810.07810,
2018.

[16] L. Li, M. Verma, Y. Nakashima, H. Nagahara, R. Kawasaki,
"ternet: Retinal image segmentation utilizing structural redundancy
in vessel networks," IEEE Winter Conference on Applications
of Computer Vision (WACV), pp. 3656-3665, CO, USA, Mar.
2020. DOI: https://doi.org/10.1109/wacv45572.2020.9093621

[17] Q. Jin, Z. Meng, T. D. Pham, Q. Chen, L. Wei, and R. Su,
“DUNet: A deformable network for retinal vessel segmentation,”
Knowledge-Based Systems, Vol. 178, pp. 149-162, 2019. DOIL:
https://doi.org/10.1016/j.knosys.2019.04.025

[18] G. Ghiasi, T. Y. Lin and Q. V. Le, “Selective Kernel Networks,”
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pp. 510-519, Long Beach, CA, USA, June.

2019. DOI: https://doi.org/10.1109/cvpr.2019.00060

[19] K. He, X. Zhang, S. Ren and J. Jun, “Deep residual learning
for image recognition,” IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), pp. 770-778, Las Vegas, NV,
USA, Jun. 2016. DOI: https://doi.org/10.1109/cvpr.2016.90

[20] X. Li, W. Wang, H. Xiaolin and J. Yang, "Dropblock: A
regularization method for convolutional networks," In Neural
Information Processing Systems, 2018.

[21] S. Ioffe and C. Szegedy, “Batch normalization: Accelerating deep
network training by reducing internal covariate shift,” arXiv
preprint arXiv:1502.03167, 2015.

[22] T. Laibacher, T. Weyde, and S. Jalali, “M2U-Net: Effective and
efficient retinal vessel segmentation for resource-constrained
environments,” I[EEE/CVF Conference on Computer Vision and
Pattern Recognition Workshops (CVPRW), pp. 115-124, Long
Beach, CA, USA, June. 2019. DOI: https://doi.org/10.1109/cvpr
w.2019.00020

[23] C. Guo, M. Szemenyei, Y. Yi, W. Zhou and H. Bian, “Residual
Spatial Attention Network for Retinal Vessel Segmentation,” In
International Conference on Neural Information Processing,
ICONIP 2020, pp. 509-519, Springer, Cham, Nov. 2020. DOL
https://doi.org/10.1007/978-3-030-63830-6_43

[24] T. DeVries and G. W. Tayler, “Improved Regularization of
Convolutional Neural Networks with Cutout,” arXiv preprint
arXiv:1708.04552, 2017.



SKU-Net: Improved U-Net using Selective Kernel Convolution for Retinal Vessel Segmentation

37

Authors

Dong-Hwan Hwang received the B.S. degrees
in Computer Science and Engineering from
Kangwon National University, Korea, in
2019. He is currently a M.S. Student in the

’—_,ﬁ_—_’;—‘ department of Computer Science and
—_—

Engineering at Kangwon National University. His research

interests are in the areas of machine learning and computer

vision.

Gwi-Seong Moon received the B.S. degrees
in Mechanical Engineering from
Sungkyunkwan University, Korea, in 2015,
and he received the M.S. degrees in

Computer Science and Engineering from

Kangwon National University, Korea, in 2018. He is
currently a Ph.D. Student in the department of Computer
Science and Engineering at Kangwon National University. His
research interests are in the areas of machine learning and

computer vision.

Yoon Kim received a B.S. degree in 1993,
an M.S. degree in 1995, and a Ph.D. degree

Vo in 2003, in electronic engineering with the
\\\r/ Department of Electronic Engineering from
‘ P\ Korea University In 2004, he joined the
7
Department of Computer Science and Engineering, Kangwon
National University, where he is currently a professor. From
1995 to 1999, he was with the LG-Philips LCD Co., where
he was involved in research and development on digital
image equipment. His research interests are in the areas of

machine learning, multimedia communications, and computer

vision.



