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Segmenting Layers of Retinal OCT Images using cGAN

Oh-Heum Kwon*, Ki-Ryong Kwon”,

ABSTRACT

A

Ha-Joo Song

Segmenting OCT retinal images into layers is important to diagnose and understand the progression
of retinal diseases or identify potential symptoms. The task of manually identifying these layers is a
difficult task that requires a lot of time and effort even for medical professionals, and therefore, various
studies are being conducted to automate this using deep learning technologies. In this paper, we use
c¢GAN-based neural network to automatically segmenting OCT retinal images into seven terrain—type
regions defined by six layer boundaries. The network is composed of a Segnet-based generator model
and a discriminator model. We also proposed a dynamic programming algorithm for refining the outputs
of the network. We performed experiments using public OCT image data set and compared its performance
with the Segnet-only version of the network. The experimental results show that the cGAN-based

network outperforms Segnet-only version.
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(a)
Fig. 1. Sample OCT retinal images: (a) healthy, (b) AMD patient,
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Fig. 2. Retinal layers,
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Fig. 3. Generator structure,
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Fig. 7. Losses during training.
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©

Position Error (um)
o

(a) Layer boundary position errors

Thickness Error (um)

Fig. 8. Boundary position and layer thickness errors for all patients,
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B cGAN Segnet Only
15
1125
75
375 I I
0 GDL-OPL ONL-IPS OPS-RPE RPE-BM
Layers
(a) Layer thickness errors
Table 1& & ZAAXME tslA F UEY I
W A oo} BE WAE A4 DA} AMD
B4 2 Urol A LERL Aol T cGANS 44 4
T2 RPE®} BM 9% LFANA T b]A] 3P7'ﬂ Segnet

2 ZANE FEEQ AMD 42 NFL/GDL3 A
3zto] NFL/GDL 2 OPL/ONLell th3di A& p<0.05
2 fFYug 5 AolE BT

Table 2& 5719 & FA dalA F WES T
BHE 089 ¥ AAE AA szt AMD A=
ol A Yehd Aotk cGANS RPE-BM%2| F
Al 7ol Mut v M FA SegnetRtl Z LAE Ho
FH, YA RE A5 tisiA 5 HEEE
BojEth =3 AMD 329 Ao BE #A4e] 4
o sl A NFL, GDL~OPL, ¥ ONL~IPS %ol

Table 1. Mean errors with standard deviations (*value) for layer boundary positions

Network Group ILM NFL/GDL OPL/ONL IPS/OPS RPE BM
Normal 1.37+1.63 11.0+4.34 12.3+6.46 6.20£1.95 1.58+0.74 2.59£1.02
Segnet AMD 1.75+2.64 11.8+£3.25 11.2+3.91 8.02+3.38 2.83+2.07 5.89+5.61
Total 1.49+2.36 11.6£5.79 11.6+4.83 7.45+3.11 2.44+1.85 4.8515.08
Normal 1.29+0.59 10.943.32 10.6+5.73 5.77+1.56 1.64+0.32 2.60£0.66
cGAN AMD 1.50+1.37 95+3.12 1 9.7£4.06 6.72+4.03 2.49£0.89 6.20+2.46
Total 1,44+1.18 9.6+4.74 1 10.0£4.62 1 6.42+3.47 2.22+0.85 5.06+2.41

(The cGAN outperforms Segnet for all layer boundaries except RPE and BM of normal patients. The shadow
cells are the categories for which cGAN performs better. The symbol 1 indicates that cGAN outperforms with

statistical significance of p<0.05).
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Table 2. Mean errors with standard deviations (*value) for layer thickness

Network Group NFL GDL~OPL ONL~IPS OPS~RPE RPE~BM
Normal 11.1+4.18 11.0+£3.74 14.4+5.69 6.67+2.25 3.30+0.91

Segnet AMD 11.6+£5.62 13.3£3.76 14.3+4.21 8.54+4.54 7.74+591
Total 11.5£5.18 12.9+3.77 14.3+4.68 7.95+4.04 6.34+5.32

Normal 10.2+3.23 11.0+4.40 12.5+5.59 5.89+1.79 3.39+0.93

cGAN AMD 7.92+4.25 1 10.7+£3.70 1 11.6+3.70 1 8.35+4.44 7.79+5.77
Total 8.63+4.03 1 10.8+3.94 1 11.9+4.41 1 7.58+3.97 6.40+5.23

(The cGAN outperforms Segnet for all layer boundaries except the last layer (RPE™BM). The symbol 1 indicates
that cGAN outperforms with statistical significance of p<0.05).

gl A= p<0.05E F2vst A5 Aols BT
4.4 E

B =FdMHE cGANS ©|&35to] ube 7435}
= FES BTty AAAE e BEAE TFEYS
o F7) dlolE A& o]&3te] Segnetell 714k 7|E
o] Ael Aisg vl wATh E3F cGANO| Y Seg-
net®] £¥3l= JA ERZHEH S 2 AAALAS
A= FHAYY g E&S AT A
P71 AzE AurE 02 cGAN©] Segnetel 13}

[e]

BolFglh o AT

grets o8 ¥ NRo

&3 B9 4 E °l EHE AHEstd ke Aol
Al FAZE ATk o] ®ofo] Aol Mt Fadh A
2 FES ¥ T dolEE Rk Zdd o™
Aol dAz o Be o] e Aol Aol
o 3 osA9e] €8s x3elE AFH A=
ol MAF o] Wed Ao Hol 3 A4y}
A F7HQ g5 volEE Rty 455 AN
3t & U ks BRe] AAES T HIEE Yt
slste Aotk

REFERENCE

[1] G. Staurenghi, S. Sadda, U. Chakravarthy, and
R.F. Spaide, “Proposed Lexicon for Anatomic
Landmarks in Normal Posterior Segment
Spectral-domain Optical Coherence Tomog-—
raphy: The Inoct Consensus,” Ophthalmology;,
Vol. 121, No. 8, pp. 1572-1578, 2014.

[2] D.C. DeBuc, “A Review of Algorithms for

Segmentation of Retinal Image Data Using
Optical Coherence Tomography,” Image Seg—
mentation, pp. 15-54, 2011.

[ 3] R. Kafieh, H. Rabbani, M.D. Abramoff, and M.
Sonka, “Intra-retinal Layer Segmentation of
3D Optical Coherence Tomography Using
Coarse Grained Diffusion Map,” Medical Image
Analysis, Vol. 17, No. 8, pp. 907-928, 2013.

[4] S.J. Chiu, C.A. Toth, C.B. Rickman, J.A. Izatt,
and S. Farsiu, “Automatic Segmentation of
Closed-contour Features in Ophthalmic Images
Using Graph Theory and Dynamic Program-
ming,” Biomedical Optics Express, Vol. 3,
No. 5, pp. 1127-1140, 2012.

[5] F. LaRocca, S.J. Chiu, R.P. McNabb, A.N.
Kuo, J.A. Izatt, S. Farsiu, et al.,, “Robust Auto-
matic Segmentation of Corneal Layer Boun-
daries in SDOCT Images Using Graph Theory
and Dynamic Programming,” Biomedical Optics
Express, Vol. 2, No. 6, pp. 1524-1538, 2011.

[6] K. Vermeer, J.V.D. Schoot, H. Lemij, and J.D.
Boer, “Automated Segmentation by Pixel
Classification of Retinal Layers in Ophthalmic
OCT Images,” Biomedical Optics Express,
Vol. 2, No. 6, pp. 1743-1756, 2011.

[7] A. Lang, A. Carass, M. Hauser, E.S. Sotirchos,
P.A. Calabresi, H.S. Ying, et al., “Retinal Layer
Segmentation of Macular OCT Images Using
Boundary Classification,” Biomedical Optics
Express, Vol. 4, No. 7, pp. 1133-1152, 2013.

[8] F.G. Venhuizen, B.V. Ginneken, B. Liefers,



1484

[9]

[10]

[11]

[12]

[13]

[14]

ZEOICIoEE ==X M23A X125(2020. 12)

M.]J.V. Grinsven, S. Fauser, C. Hoyng, et al,,
“Robust Total Retina Thickness Segmenta—
tion in Optical Coherence Tomography Images
Using Convolutional Neural Networks,” Bio-
medical Optics Express, Vol. 8 No. 7, pp.
3292-3316, 2017.

A.G. Roy, S. Conjeti, S.P.K. Karri, D. Sheet,
A. Katouzian, C. Wachinger, et al., “Relaynet:
Retinal Layer and Fluid Segmentation of
Macular Optical Coherence Tomography Using
Fully Convolutional Networks,” Biomedical
Optics Express, Vol. 8 No. 8, pp. 3627-3642,
2017.

J.D. Fauw, J.R. Ledsam, B.R. Paredes, S.
Nikolov, N. Tomasev, S. Blackwell, et al.,
“Clinically Applicable Deep Learning for
Diagnosis and Referral in Retinal Disease,”
Nature Medicine, Vol. 24, No. 9, pp. 1342~
1350, 2018.

L. Fang, D. Cunefare, C. Wang, R.H. Guymer,
S. Li, and S. Farsiu, “Automatic Segmentation
of Nine Retinal Layer Boundaries in OCT
Images of Non-exudative AMD Patients Using
Deep Learning and Graph Search,” Biomedi-
cal Optics Express, Vol. 8, No. 5, pp. 2732-
2744, 2017.

A. Shah, L. Zhou, M.D. Abramoff, and X. Wu,
“Multiple Surface Segmentation Using Con-
volution Neural Nets: Application to Retinal
Layer Segmentation in OCT Images,” Bio-
medical Optics Express, Vol. 9, No. 9, pp.
4509-4526, 2018.

O. Ronneberger, P. Fischer, and T. Brox, “U-
net: Convolutional Networks for Biomedical
Image Segmentation,” Proceeding of Interna-
tional Conference on Medical Image Com-
puting and Computer-assisted Intervention,
pp. 234-241, 2015.

V. Badrinarayanan, A. Kendall, and R. Cipolla,
“SegNet: A Deep Convolutional Encoder—
Decoder Architecture for Image Segmenta-—

tion,” IEEE Transactions on Pattern Anal-

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

ysis and Machine Intelligence, Vol. 39, No. 12,
pp. 2481-2495, 2017.

C. Kamphuis, Automatic Segmentation of
Retinal Layers in Optical Coherence Tomog—
raphy Using Deep Learning Techniques,
Master’s Thesis of Radboud University, 2018.
O.H. Kwon, M.G. Song, H.]. Song, and K.R.
Kwon, “Layer Segmentation of Retinal OCT
Images Using Deep Convolutional Encoder-
Decoder Network,” Journal of Korea Mul-
timedia Society, Vol. 22, No. 11, pp. 101-111,
2019.

I. Goodfellow, J. Pouget-Abadie, M. Mirza, B.
Xu, D. Warde-Farley, S. Ozair, et al., “Gen-
erative Adversarial Networks,” Proceeding of
Advances in Neural Information Processing
Systems, pp. 2672-2680, 2014.

P. Isola, J.Y. Zhu, T.H. Zhou, and A.A. Efros,
“Image-to-Image Translation with Conditio-
nal Adversarial Networks,” Proceeding of
Conference on Computer Vision and Pattern
Recognition Workshops, pp. 1125-1134, 2017.
JY. Kim, S.A. Hong, and HM. Kim, “A
StyleGAN Image Detection Model Based on
Convolutional Neural Network,” Journal of
Korea Multimedia Society; Vol. 22, No. 12, pp.
1447-1456, 2019.

H.D. Wang, Y. Rivenson, Y. Jin, Z. Wei, R.
Gao, H. Gunaydin, et al, “Deep Learning
Enables Cross-modality Super-resolution in
FluoreScence Microscopy,” Nature Methods,
pp. 103-110, 2019.

W. Ouyang, A. Aristov, M. Lelek, X. Hao, and
C. Zimmer, “Deep Learning Massively Accel-
erates Super-resolution Localization Microscopy,”
Nature Biotechnology; Vol. 36, No. 5, pp. 460-
468, 2018.

Y. Wu, Y. Luo, G. Chaudhari, Y. Rivenson, A,
Calis, K. de Haan, et al., “Bright-field Holog-
raphy: Cross—modality Deep Learning Enables
Snapshot 3D Imaging with Bright-field
Contrast Using a Single Hologram,” Light



Science and Applications, Vol. 8 No. 25, 2019.
[23] Y. Rivenson, H. Wang, Z. Wei, K. de Haan,
Y. Zhang, Y. Wu, et al.,
of Unlabelled Tissue—-autofluo—

“Virtual Histological
Staining
rescence Images via Deep Learning,” Nature
Biomedical Engineering, Vol. 3, No. 6, pp.
466-477, 2019.

[24] U. Demir and G. Unal, “Patch-based Image
Inpainting with Generative Adversarial Net-
works,” arXiv:1803.07422 [cs.CV], https://arxiv.
org/abs/1803.07422, 2018.

[25] K. Simonyan and A. Zisserman, “Very Deep
Convolutional Networks for Large—scale Image
Recognition,” Proceeding of International Con-
ference on Learning Representations, 2015.

[26] 1. Sergey and S. Christian, “Batch Normaliza-
tion: Accelerating Deep Network Training by
Reducing Internal Covariate Shift,” Proceed-
ing of International Conference on Machine
Learning, pp. 448-456, 2015.

[27] AL. Maas, A.Y. Hannun, and A.Y. Ng, “Rec-
tifier Nonlinearities Improve Neural Network
Acoustic Models,” https://awnihannun.com/
papers/relu_hybrid_icml2013_final.pdf, 2013.

[28] S. Farsiu, S.J. Chiu, R.V. O'Connell, F.A.
Folgar, E. Yuan, J.A. Izatt, et al.,, “Quantitative
Classification of Eyes with and without Inter-
mediate Age-related Macular Degeneration
Using Optical Coherence Tomography,” Oplithal -
mology, Vol. 121, No. 1, pp. 162-172, 2014.

cGANEZ 0|88t OCT OI0IXIel & 22 1485

I

N
o
o

19884 A2 thsha A E 25
=4

1991 KAIST #4tsts) &4
(84 Ah)

19964 KAIST 4kehs &4
(Z8tatah)

=}

A4 7 B

19863, 19904, 19943 7 B st
o AA-Fst} ShAL/A AL
WAL ZH(F-EEHAL
19961 ~2006d F-4k&]=roj o) s}
ol W
2006 ~@A FAOEn ITH
4E&FsH ug
20001 ~2002d University of Minnesota in USA, Post—
Doc
2011d ~2012d Colorado State University, W&l
2015“‘ 2016\ gt=rHE R T o83 3%
Fof: AL GG EAE, HEnto] Bl

bioinformatics, =& % 3D & Rt

oo
ol
44

19939 A-gdstm
24

199549 Aethsta terel AR
B35 S

2001 Aristn vste A7)
AEEBAE T (2
ahA})

GrotolEl £ g

2003\ 8¢
2003 9¥ ~dA RAU L nF
AA Bok: do]E o]~ A28 RFID/USN



