ISSN 1003-50;1X . CN 51 1346/04

SI\ 4D AR R ) OCTARL I BE [ 45 43 &
WA, TR, HiE, WHE

SIRA:
FRAAE, THE, FIE, % SIANWNEBEIERNOCTHMIEE 54 2I[J]. SLE T2, 2023, 50(10): 230146.

Chen M H, Wang T, Yuan Y, et al. Study on retinal OCT segmentation with dual-encoder[J]. Opto-Electron Eng,
2023, 50(10): 230146.

https://doi.org/10.12086/0ee.2023.230146
%5 H H#A: 2023-06-26; &5 HHA: 2023-11-10; A B H3: 2023-11-14

PSS

ETEBRNNSH SHmMEHAMRRES REE

ZALW, #EE BOA ARE

SHEIE 2023,50(1): 220199  doi: 10.12086/0ee.2023.220199
M5 EE N B BN E SR M AR M & 5 E

B, TEFE, R
ST 2023,50(1): 220116 doi: 10.12086/0ee.2023.220116

HFEEFERBRERMFARASMAEHHTER
ZRM, BET, WA, ET, LE4E
BT 2023, 50(1): 220027  doi: 10.12086/0ee.2023.220027

B LA Sk B R s L

OEE & x4

Opto-Electronic Engineering

http://cn.oejournal.org/oee @ OE_Journal Website


https://www.oejournal.org/oee/
https://www.oejournal.org/oee/
https://doi.org/10.12086/oee.2023.230146
https://cn.oejournal.org/article/doi/10.12086/oee.2023.220199
https://doi.org/10.12086/oee.2023.220199
https://cn.oejournal.org/article/doi/10.12086/oee.2023.220116
https://doi.org/10.12086/oee.2023.220116
https://cn.oejournal.org/article/doi/10.12086/oee.2023.220027
https://doi.org/10.12086/oee.2023.220027
https://cn.oejournal.org/article/doi/10.12086/oee.2023.230146?viewType=relative-article
https://cn.oejournal.org/article/doi/10.12086/oee.2023.230146?viewType=relative-article
https://cn.oejournal.org/article/doi/10.12086/oee.2023.230146?viewType=relative-article
http://cn.oejournal.org/oee

Opto-Electronic Engineering Art|C|e

% & x

2023 &, 5550 %, &5 10 HA

DOI: 10.12086/0ee.2023.230146

SIAN L EETRE Y OCT

UL P P [ 15 o3 ) f1:- HIIII
tH{{~

HAK, T OB, R R, AR |;|:|;. L
TR EHER A S TR N AT TREORAFTE e SR

HEWEZCF TP, B 200082

HE: OCT MM BAG T AEALRSE ks, E—RRZAKEEZEIRRH—LTERE L, FRIEEH LY

F B AR K. W OCT B ALY £ EFRIFIE, 45t OCT BF G AFIE, AT T U-Net febig {§ 5 o+ AR

PR — AT 6 WG A ARV IR Z 2 OCT BEALM L & AR5 FI b dt, 3238 69 PR %R AL 35 T AR I B R TR 15
8l i Bk A ot A ARG A R 1013 8, SARITHIRANE — 218 S A 35 R ORAFALAE B R R, Bt i pe 2 AR A

éﬁXﬂLbbev‘/h R, SREY, MAERRBDEQRMW, ZAER A BURI 3T AR IR F iR AR 0 - Fl e, T3

Dice % ##= mloU #84% T U-Net 3948 & 2%, #4842 T RelLayNet 551425 8% F= 4%, HF 3tigikeg o5 A X AW

%, A838F U-Net 2% Dice 243257 10%.

KR RFART B AR ABRAVENL, BEsE; Rpa%

FESYZES: TP394.1; THE91.9 XEARERD: A

FRUTED, TR, =g, 45 5 ARSI OCT MM 4% [J]. Yer T2, 2023, 50(10): 230146
Chen M H, Wang T, Yuan Y, et al. Study on retinal OCT segmentation with dual-encoder[J]. Opto-Electron Eng, 2023, 50(10):
230146

Study on retinal OCT segmentation
with dual-encoder

Chen Minghui’, Wang Teng, Yuan Yuan, Ke Shuting

Shanghai Engineering Research Center of Interventional Medical, Shanghai Institute for Interventional Medical Devices,
School of Health Science and Engineering College of Health Sciences and Engineering, University of Shanghai for Science
and Technology, Shanghai 200082, China

Abstract: There are noises and speckles in OCT retinal images, and a single extraction of spatial features is often
easy to miss some important information. Therefore, the target region cannot be accurately segmented. OCT
images themselves have spectral frequency domain characteristics. Aiming at the frequency domain characteristics
of OCT images, this paper proposes a new dual encoder model based on U-Net and fast Fourier convolution to
improve the segmentation performance of the retinal layer and liquid in OCT images. The proposed frequency
encoder can extract image frequency domain information and convert it into spatial information through fast Fourier
convolution. The lack of feature information that can be omitted by a single space encoder will be well-
complemented. After comparison with other classical models and ablation experiments, the results show that with
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the addition of a frequency domain encoder, the model can effectively improve the segmentation performance of
the retinal layer and liquid. Both average Dice coefficient and mloU are increased by 2% compared with U-Net.
They are increased by 8% and 4% compared with ReLayNet, respectively. Among them, the improvement of liquid

segszmentation is particularly obvious, and the Dice coefficient is increased by 10% compared with the U-Net

model.

Keywords: optical coherence tomography; convolutional neural network; segmentation of image; dual-encoder
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A1 FRAFHREHBEE LG FER
Table 1 Results of each method on dataset
Dice
Model mloU
ILM NFL-IPL INL OPL ONL-ISM ISE OS-RPE Fluid Mean
U-Net 0.84 0.89 0.77 0.76 0.89 0.89 0.89 0.79 0.84 0.74
RelLayNet 0.84 0.85 0.70 0.71 0.87 0.88 0.84 0.55 0.78 0.72
Dual-encoder 0.87 0.89 0.77 0.75 0.90 0.90 0.90 0.89 0.86 0.76
Input image Ground truth U-Net Dual-encoder

H6 AXHEAL U-NettgoBlgsRikik, (a) 4R ERIK KRG 53T 1t

Liquid region
\
: S
_ i)
s L og reflection

Liquid region
/

Liquid region

-l
.

500 um
s LOg reflection

(b) KA AR E 4 RAR X IR 09 58] 2T bk

(C) A BRI A ek [K 3589 451 3 1o
Fig. 6 Some qualitative results of ours compared to U-Net. (a) Segmentation and comparison of small areas of liquid accumulation;
(b) Segmentation and comparison of long forms and connected liquid regions; (c) Segmentation and
comparison of randomly distributed liquid regions
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%2 *FFFC-DC #= a #4i} ik %1
Table 2 Ablation study on the FFC-DC blocks and a

Dice
Method a
ILM NFL-IPL INL OPL ONL-ISM ISE OS-RPE Fluid Mean
- - 0.86 0.88 0.76 0.77 0.89 0.89 0.89 0.80 0.843
+FFC-DC 0.25 0.86 0.89 0.77 0.76 0.89 0.89 0.89 0.90 0.856
+FFC-DC 0.5 0.87 0.89 0.77 0.75 0.90 0.90 0.90 0.89 0.860
+FFC-DC 0.75 0.86 0.89 0.77 0.76 0.87 0.89 0.89 0.87 0.850
+FFC-DC 1 0.84 0.88 0.76 0.76 0.88 0.89 0.88 0.88 0.846
¢ 2IREK | SLBAEANIA] a JordEITERE, Fh =2 ‘
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. e . . - [2] Fraz M M, Remagnino P, Hoppe A, et al. Blood vessel
AR A7 %) 114 Dice REGAE] T 89%, MifEML segmentation methodologies in retinal images —A survey[J].
Mﬁ%ﬁ%ﬂi%ﬁ{ﬁig@g&%*ai?o S FEHH = Comput Methods Programs Biomed, 2012, 108(1): 407-433.
s NI . [3] LiYY,FanJY, Jiang T L, et al. Review of the development of
by 47 S :—L»} L f=
%Bﬂ]é}% ¢1E%Kﬂ@J$X$%ﬂ%jﬁjﬁmﬁm{“‘%“) optical coherence tomography imaging navigation technology
WA E o M, Pritih O BR AR S 2 ) Rl RSB AT in ophthalmic surgery[J]. Opto-Electron Eng, 2023, 50(1):
S ST - SR A 220027.
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Study on retinal OCT segmentation
with dual-encoder

Chen Minghui’, Wang Teng, Yuan Yuan, Ke Shuting
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Overview: Deep learning methods have already had a profound impact on medical image processing. However, some
noises and speckles contained in OCT images affect the quality of the images, coupled with the elongated and complex
retinal layer and the irregular distribution of pathological fluid in it, which brings great challenges to the automatic
segmentation task. At the same time, depending on the limited manpower and time, it is also difficult to sketch a large
number of existing images by relying on the professional knowledge of doctors. For the above reasons, automatic
medical image segmentation, a scientific medical auxiliary support, is of great clinical significance.

The research content of this paper mainly focuses on the analysis and processing of retinal OCT images. When it
comes to monitoring the state of the patient's retina layer, due to the noise and speckle in OCT images and the subtle
and complex structure of the retina layer itself, the performance of the model is limited by a single extraction space
feature, and the target region cannot be accurately segmented. Aiming at the frequency domain characteristics of OCT
images, this paper proposes a dual encoder model based on U-Net and fast Fourier convolution to improve the
segmentation performance of the retinal layer and liquid in OCT images. The frequency domain encoder extracts the
image frequency domain information and converts it into spatial information by fast Fourier convolution to complete
the feature extraction of a single spatial encoder. The experimental results show that the model can effectively improve
the segmentation performance of the retinal layer and liquid, both average Dice coefficient and mIoU are increased by
2% compared with U-Net, and the Dice coefficient of liquid is increased by 10%.
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