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Layer Segmentation of Retinal OCT Images using Deep
Convolutional Encoder-Decoder Network

Oh-Heum Kwon*, Min-Gyu Song”,

ABSTRACT

Ha-Joo Songm,

T

Ki-Ryong Kwon

In medical image analysis, segmentation is considered as a vital process since it partitions an image
into coherent parts and extracts interesting objects from the image. In this paper, we consider automatic
segmentations of OCT retinal images to find six layer boundaries using convolutional neural networks.

Segmenting retinal images by layer boundaries is very important in diagnosing and predicting progress

of eye diseases including diabetic retinopathy, glaucoma, and AMD (age-related macular degeneration).
We applied well-known CNN architecture for general image segmentation, called Segnet, U-net, and
CNN-S into this problem. We also proposed a shortest path-based algorithm for finding the layer
boundaries from the outputs of Segnet and U-net. We analysed their performance on public OCT image
data set. The experimental results show that the Segnet combined with the proposed shortest path-based

boundary finding algorithm outperforms other two networks.

Key words: Optical Coherence Tomography, Image Segmentation, Convolutional Neural Network, Deep

Learning
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A} e == FAS FE5)] U= Aotk CT lated Macular Degeneration), B34 9= (diabetic
52 MRIS 22 98 I 71712 RH 53 o retinopathy), W& (glaucoma) 52 w2t A%
v Aol A FANE T4 T S A T AE A3t Ao Bg s A7 SEstA
Y AAAE AFoE EEaUr] HslA o]H A Y= dok2-4].
28 7go] FHLEA 2ola Uk e AR OE 24 FAS R g 92
OCT(Optical Coherence Tomography)= 3% 7H4d (layer) 2 dAHT. Fig. 1-& %99 OCT o] =] A
@4F F97ES A8t v H o R AA R oA s FASIE 1879 GFEY & BAE
22 & #Yste 7]71olH, o8 F TheFdh Ak & o5l AMD, B4 BE 53 22 kg A3
ofo A FRE st & At 53] A4 E dutyd oz E9 9= (atrophy), A Al (drusen), F
ool A= W] Wi 22 & mlo| ARV H Y= Z(edema) 53 22 WHS ok7]8kaL ol 2 1) A
2 O3 2Y% 94E 5T & AdoA CF(Color T3 AAAL et FA SolA wye] e HT)
Fundus Photography), FAF(Fundus Autofluore- Fig. 2o A+= g3<0(a)3 v&28E A4 AMD 3AH(b),

scence), NIR(Near-Infrared Reflectance) 52| t}& 83 gA s FAHe) SAAA or1EE A
[ 717153 A Mg F8F 71719 shUE AA P FF BAALY FH WY o F BHAET
o ot g = OCT oA 258 dubo & =13 g AFA Beks T8 E
st o HHES AEs AU, AMD(Age-re- o] DSE A A 7 Fo FAE
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Fig. 1. Layers in human retina [5].
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Fig. 2. Sample retinal image of (a) healthy, (b) AMD, and (c) DME patients,
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Fig. 3. Retinal layers,



1272 Z2ZEDIONES ==2A M22#& HM11=(2019. 11)

€A% 9 (inner photoreceptor segment: IPS)3} £
33824 9 (outer photoreceptor segment: OPS)
o] ZAA, et A A 43 (retinal pigment epithelium:
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Fig. 4. Structure of UNET,
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Fig. 5. Structure of CNN-S,
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dlolgol BtA YT 2839 27|vE F4s5t Atk 28 iHA BEAL U1 97 i+ 1A
o] AHE3FAT A& TR BAXMolgt L kA Fig. 62 Seg-
U-neto]tt Segnet®] 7% £ &A1& fAEe nete]y U-net?] &89 AFPZQ &S HAFET
E-FH(classification) A2 T2t & £ A3 Fig. 6914 A WA €& 4Y olv|A], F HA €&
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Fig. 6. Examples of segmentation results,
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Fig. 10. Comparison of shortest path algorithm and cubic spline interpolation,
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Fig. 11. Accuracies of Segnet, U—net, and CNN-S,
Table 1. Mean unsigned error in um with standard deviations (Z*value) for 6 layer boundaries
Network Group ILM NFL/GDL OPL/ONL IPS/OPS RPE BM
S . Normal 1.26+0.43 11.1+3.87 11.5+4.67 6.30+1.46 1.46+0.50 2.50+0.54
egne
€ AMD 1.35+0.61 10.9£5.26 13.1+4.22 7.41+2.52 2.60+1.81 6.24+4.83
U-net Normal 1.78+1.21 ] 20.7+9.9 | 22.0+9.93 6.53+2.02 2.04+0.70 | 547+1.23
-ne
AMD 1.69+0.69 20.4+8.71 27.9+15.9 | 8.75+3.16 5.29+0.45 | 14.4+23.0
CNN-S Normal 15.8+4.10 | 14.745.66 | 16.2+5.26 | 14.4+5.80 | 14.7+6.90 | 14.3+5.87 |
AMD 22.0+11.9 | 21.0£10.9 | 22.4+8.20 | 23.8+12.2 | 24.0+13.1 | 23.4+16.0 |

(The Segnet outperforms others for all layer boundaries with statistical significance of p<0.05. The symbol |
indicates that Segnet outperforms it with statistical significance of p<0.001)
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