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Abstract

Optical Coherence Tomography (OCT) is a high-resolution, non-invasive imaging
technique that has been widely applied in ophthalmic clinical diagnosis due to its rapid
image acquisition and excellent resolution. The high-quality images generated by OCT
not only assist physicians in identifying lesions but also enhance the learning efficiency
of Convolutional Neural Networks (CNN) in extracting image features, thereby
improving model performance. According to previous studies, CNNs have been
successfully applied to retinal OCT image classification tasks, demonstrating their
feasibility in distinguishing between healthy and pathological cases.

To further enhance feature representation, this study adopts SimCLR, a Self-
Supervised Learning (SSL) algorithm, for model pretraining. Unlike traditional
supervised learning, SimCLR does not require manual annotation and can learn from
large-scale unlabelled datasets, reducing annotation costs. Furthermore, it enables the
use of medical images that are consistent with downstream tasks, minimizing domain
gaps compared to pretraining on natural image datasets like ImageNet. In this study,
19464 OCT images were used for SimCLR pretraining, whereas the ImageNet dataset
contains approximately 12.8 million natural images.

Experimental results show that although the SimCLR-pretrained model
successfully accomplishes multiple classification tasks, its overall performance is
generally slightly inferior to that of the ImageNet-pretrained model. This discrepancy
is presumed to stem from the significant difference in dataset scale between the two
pretraining strategies. In addition, validation accuracy was higher than training
accuracy during the early training phase but reversed as the model converged. This was
due to the use of random horizontal flipping in the training data to enhance
generalization, while no augmentation was applied to the validation data. As training
progressed, the model gradually became more familiar with the training data and fit it
more effectively, resulting in higher training accuracy in the later stages. However, in
the classification task of distinguishing between healthy and sub-healthy cases, both
pretraining methods yield similar average accuracies of approximately 66%. This may
be due to some sub-healthy samples being mislabeled as healthy, as their contralateral
eye had not yet been clinically diagnosed with Epiretinal Membrane (ERM), thereby
affecting model learning.

To further investigate the distribution of potential sub-healthy samples in the
dataset, this study employs both unsupervised clustering (K-means) and semi-
supervised clustering (Semi-supervised Deep Embedded Clustering, SDEC). In the
SDEC framework, only labels of sub-healthy samples are provided to guide the model

in learning latent features. Although both clustering methods produce visually distinct
Il
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groupings, the labeled samples appear randomly distributed. Nevertheless, statistical
results from repeated experiments indicate that the SDEC model demonstrates higher
consistency in repeatedly identifying potential sub-healthy samples. Discussions with
ophthalmologists confirmed that some of the selected samples exhibited a flatter foveal
contour, which aligns with previously reported characteristics of sub-healthy cases.

In summary, this study aims to utilize the SDEC clustering method to effectively
assist in identifying potential sub-healthy samples within the healthy-labeled dataset,
thereby improving CNN performance in healthy versus sub-healthy classification tasks.
If validated by future longitudinal clinical data, this approach may contribute to the

early detection of ERM risk and support the goals of preventive and precision medicine.
Keywords: Optical Coherence Tomography, Convolutional Neural Network, Self-

Supervised Learning, Semi-Supervised Clustering, Sub-healthy Samples of Epiretinal

Membrane
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n1+n2
R4FSS in vmA A4 a7 FiER T S8l ade bt n ip i iE ~ 2
3R Y gy KehE bpkw P 50/50 A KA R T L d kB RETERT
ok BT HE T 2 ERE TR LT FIERSTR o
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[ Referencemirror |

Sample
Broadband
light source
n,;, m

50/50 beam splitter

Spectrometer

2.2 SD-OCT % 45 . ]

Yo 2.2 HT5F 0 — AR K AT - B 50/50 A KRS 0 A LA ik T A w4 T
FRAZE ST BF ST ITY P 50/50 & RSB FHEITEL 2 - lE ko g
0ok R o BE AT 2 FAEE LT HEA NS BEro Bs 4r35(2.2) ~ (2.3)
)

Er = G(k)age'?sr (2.2)

Es — G(k)f a(Z) eian(Z)(AT'+Z)dZ (23)
Z

Gk)z B EEH  ar 5 2V HFHELTHFBR a@)s i a2 FiFRLZF
T HBRE A 2 2F 3 50/50 A kB BEEER Sz 5 S el
(Ar=0)pF %% RF 2 A P2 B ek 48 4

o) 2
I1(k) = G(k)? {aReiZkM + f a(z) eiZk”(z)(A”Z)dz} (2.4)
Z

0

I(k) 5 %28 hor g ol ch Wi 350 B > #-(2.4)B B (57 1219 ](2.5)

I(k) = G(k)? {(aReiZ"M)2 42 f Ooa(z) cos[2kn(z)(Ar + z)] dz

" o (2.5)
+ f a(z) e[ian(z)(Ar+Z’)]lef a(z) e[ian(z)(Ar+z)]dZ}
Zo Zo

H ¢ x F]5 SD-OCT # % € #8554 =4 F S FIAr = 0 #Ar = 0 F v (2.5)
67 1118 $](2.6)
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1(k) = G(k)? {aRZ + 2 fooa(z) cos[2kn(z)z] dz
o (2:6)
+ ff a(z) a(z')e2kn@@=2") gz dz’}

%(2.6)% ag? i ® n38 (DC Term) ; 2f a(z) cos[2kn(z)z]dz i & ~ 2 ¥ kP2

-+ #7 38 (Cross-correlation) ; ff;: a(z) a(z)e2kn@@E-20qz dz' L A ¥ * b iER

Z2_ [ ehp + #5738 (Auto-correlation) °
B v AR AT 2R E FIE G A adp A KA 4 RRAE S T R gle
%Jﬁim%@ﬁa%wﬁﬁl%a%ﬂ’ﬁiﬁéfﬁiﬁzkﬁ%ﬁgxg
ERAPERT o F RBLIRAPF STHEDT HAFTA I TRE 5 F 20 kgL
ol B A 2 ROOEZ T gl Flt 0 BE 8 2 R RS T gL T
BQRT) TV EERA LT FIFRRDFTR o
1(t) = FFT {I(k)} 2.7)

213 ARELRFRAWEFHBEKR

AR PR BAED P BN LT R AEE FH R(SD-OCT)H 4
% Heidelberg Spectralis OCT » % /& 5 & & 870 nm 2 42 % % - 1& 4 (Super
Luminescence Diode; SLD) ~ %] ' e 1.2mW 2 g Bk ﬁ W & fhe [R247 R A ] 5
l4pm 2 7um ; $her FfH FZA 95 1.9mm > F ke 7 469 B hE g o o ke
75 A e
(1) % f247 R B2 ¢ H % f345 8 & 6 um > Bh f245 2 5 3.9 um o
(2) #EH5 H e fFTAR S lpumo e R34 A7 5 3.9 um »

AR TR R AR BERGET .

22NN 5

AR T PR T e o Ry 20 PR % 95 (Choroid) £2 338 #8 (Vitreous Body)z &F > 4
iﬁ%Eﬁ%@%%WF@%@$°ﬁ$%&ii%ﬂﬁWé%ﬁ%ﬂ&%gﬁ
AT RELR AT g IR R[4]
221 A2 B

RS D RIS TREED e LT 4 5 EAcB 23 97T 0 AR

Wik BdeT  [4—6]:

1. p % % {(Inner Limiting Membrane):
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PR IR B G o R N R AR R B .
2. # g% 2k (Nerve Fiber Layer):

A G i dh R gt R R S ARA 0 RARE T ELBRT Y A B s e

3. # g & v K (Ganglion Cell Layer):
BREFEERPANGEADTE . H AR ITT B EARN e

4. p ##% & (Inner Plexiform Layer):

PR e g BRI ph R B B Bh R re SR ol ok e g PR BB E R
A e o

5. P +% & (Inner Nuclear Layer):

PR BRI kT e @ bR e chimie b 0 FIEA S R ki
B o

6. *tFK & (Outer Plexiform Layer):

Rk mre 8 R e s R e 2 R gt A o

7. ¢k +% K (Outer Nuclear Layer):

PR e F R X B chimie b0 FARE LA 4 gl o

8.t & mi(External Limiting Membrane):

d B mre TS o G R ki chim iz 12 & (Inner Segment) 2. B e 0 gt
B 7 LR B AR AL e

9. R £ & (Photoreceptor Layer):

PR d Rk dmrE e A > AR AT 3 5L - (Phototransduction) s BE o

10. #4%-¢ % + A (Retinal Pigment Epithelium; RPE):

d 8 & w¥e (Epithelial Cells)H= » % s fohgdfsk ~ it F & g 2
AR ehE a0 B g ki e e -
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Vitreal side
Internal limiting membrane

. T~ —— & ——
Q_&% ~—— Nerve fiber layer
: =

1

|

[
\/

l
.
va'l‘ .
|
> iy

I M%‘“

|
!

~— Ganglion cell layer

; ‘ ~— Inner plexiform layer

A

+~—— Inner nuclear layer

Iavy>e

|

P o o

==5\bw

, ~— Outer plexiform layer
~ — Henle's fiber layer

PR

wd |

+~— Outer nuclear layer

n D
o

>4

ny |

~— External limiting membrane

~—— Ellipsoid zone

Sl
ST
N

ol (TR
UL YRR
Sl

~— Interdigitation zone
~— Retinal pigment epithelium

«~— Bruch’s membrane

1afe] 101dadasojoyq

- ~— Choriocappilaris

Scleral side

Bl 2.3 ARt K i BI[T)
ALY Rk dmre A & 42T A fEAc ) 2.4 970 [8, 9):
(1) 45 % ' %2 (Rods): 15 54 Jmve S 33 K S 5 AT f F % 4R 4% (Scotopic Vision) °
GEpd AR ARG U R H ARMMBOBRETIRERAFATARTRL o
(2) 4k vz (Cones): 4k mPe ¥t R L 2 At f F 5 P & 4R 5 (Photopic
Vision) e ¥t 37 ¢ ek FHR G AR B P X ¥ L mA 2 G 2t & (S-cones) s ¢ it & (M-

cones) & &L & (L-cones)= fA#g 4] » A B f F & ~ B8 d Lapeps o
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——discs

outer
segment \opsins

connecting
- cilium
z Q basal
inner | | & = hady
segment -=,2=,A§;v\mitochondria
3 endoplasmic
reticulum
cell |
body nucleus
synpatic
terminal

S cone M cone L cone
B 2.4 B kw7 3 B8]

222 Fpritgre 4wz gy

FTHEINEL-BEIEYSE 5-55mm 2 R HY AY X T oume - BY
0.35mm 2 B R AL2 5 ¢ & v(Fovea) LitBBE Y 1 ¥R AR b0 »
# @Y o LA AL 1247 B (Visual Resolution) ey = > AL {247 8 2 &5 B 4
Peic A 75 A BEhbo ] JEHO FIM A ARG A Ao BFT R EGFAHH
Pefie &5 0 ac AR HE fd w1 [10—12] -

Outer Plexiform Layer A Nerve Fiber Layer
Outer Nuclear Layer — Ganglion Cell Layer
Inner Segment/Outer Segment : Inner Plexiform Layer—
External Limiting Membrane —— Chorokl Inner Nuclear Layer
Retinal Pigment Epithelium

250 pm Bruch’s Membrane
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2.3 AT P

% pa7v %(Epiretinal Membrane; ERM)&_d 4 4 52 #7f & ch 2 38 P15 S04
2jdn N R b HF st S i L A8 ALY T AfR ¢ OCT
¥ 124 »cf 24 ERM e ¥7[14] -

232 FmaN2 Tk IR

LBAF%Y? EBEEE RN AZ ERM T ZBEEARA > FI 28 A& Y
A HPEZERME@#EHR® L7 ifAd apy B R A R T

PP E 5 ERM & 2Bk 4+ o] 2.7 “77 o

D @

Healthy left eye Healthy right eye

\ /

Both are healthy

Bl 2.6 A& AT R B

10
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One eye is ERM

W® 2.7 i

it

One eye is healthy

Sub-healthy eye

e
>~.
=
loacs
=

11
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Chapter3 =3 * 22 i

BLEHH ERLAFRHIALPLERAS

% f# 4% 5 % % (Convolutional Neural Network; CNN)&_~ 8 P %42 L * &R
o A E AR ER T 2 - ﬁp B% g BT Ui E] 1989 & 4ide dien Le-
Net-5 > 2 H53] = 7 ehad = & 8 BT F2 iyt o LeNet-5 enZf 49 7 7 @?J » K
(Input Layer) ~ ¥ # & (Convolutlon Layer) ~ 7 * & (Pooling Layer) ~ 2 i 4% & (Fully
Connected Layer) &2 ﬁ%] d1 & (Output Layer) > 5 B¥#7# * chjgri& O #ic(Activation
function)%_tanh function > ¥ H £ 8 58 & £ 5 60000 #[15] - Le-Net-5 endi | &
CNN ﬁvi—é% EHE R A

2012 #PFF = F R A S ¥ 3 & ImageNet s SH5R AL 55354 B (The
ImageNet Large Scale Visual Recognition Challenge; ILSVRC)® B~{8 5 & » L W %
AlexNet H 438 G5~ F FOOM)B - 7 @ % 7 F AT FALRB * en 2
#_i¢ * ReLU function (Rectified Linear Unit) & 4 & jgris &0 e ~ Dropout ~ 3L 4%
(Data Augmentation) % $£77 1 i% i softmax ﬂv&ﬂﬁ-%*”']ﬁg:] N LB L G
Faug > B 1% GPU ki 718 5 114 B s [16] -

l—’f—ll' 2 18 % RS R LFORAIK i\zrmﬁ‘*"‘lfﬁkﬁ PAAPRIA

WL R SRR 5 0 Rt B4 Kaiming He 3 4 42015 # 3% 1) 7 ResNet 2 EHE
ﬂ * 7% £ 8 % (Residual Learning)¥? £ % 12 £ (Shortcut Connections) =7k 2+ » & ¥
ARy A e J”]‘#fg P25 o 14 ResNet-50 5 b3zl cnd k8 95 a + 7
T AL BQ5.6M)[17] > ¥ 2453 §.2015 & HILSVRC = & 8 1 -

CNN (il A A F 7 oA 5 0T iE2 B o BT KRR - 45 5 BIA D
o
1. ﬁi%J » & (Input Layer):

A F R~ AT T MR HIGR TR RS ¥ S B & (Height)x B
B (Width)xid ig #i(Channels) » & {8 5 & 3% 53" R X R[18] -

2. % # & (Convolution Layer):

Tk € 5L P (Kemel) kb i de 2 fap B E o 00 BRI A IR
Yo 3.1 97w 0 ¥ Al i U ERT B A LR kB2, 5] -

12
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TR 3 1 | s
1 | o | | 6 r | o | | 6 | 8
e = e =
o | 1 [ |
7 | 8 | o 7 | 8 | o
1 | 2 | 3 1 | 2 | 3
1 | o | [ 6 | 8 1 [ o | | 6 | 8
e ® = el ® =
o | 1 | | 12 o | 1 | | 12 | 14
7 | 8 | o 7 |2

B 3.1 4% 3¢ & RI[32]
3. ¥iE o die(Activation Function):
GHE A S0 S RLE D Flt S e Sk S | B Y
LA R AL i 4 0 A} # % ejied Sofic s ReLU function » ¥ 12§ peh
BB R 4 R RE[6] o

y=0

] 3.2 ReLU function[21]
4. # it k (Pooling Layer)
SR E Y R SRR WA KRR S A R ERR I
AR E s e 2H Haey o 2 A7 g BREATR B APk
B = 7 it (Max Pooling) =¥ 327 i (Average Poohng)[lS] °
5. 2i# 3k (Fully Connected Layer):
AT R B B R TR E A AR T AR S E B
Mg agd - K ehrid g adpid o
6. 5 41 & (Output Layer):
M & FLEArA F A 0 AN ESY A ¥ §# % Softmax
functlon ﬂ&-ﬁ%l I A Y A
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Input Output
Pooling Pooling  Pooling
102 | Horse
¥ ST Zebra
=3 Ny [EESEEE "Dog
SoftMax
K | Convolution Convolution  Convolution Activation
ermna +RelU +ReLU +ReLU Function
e OO LD MBDSE = et L Connected |
Layer
Feature Extraction Classification Probabilistic
Distribution

B 3.3 %44 e A & % ER[22]
ResNet 7§ & R F cn CNN 4210005 & % 7% &) B % 017 PE)I* 73" ResNet
der 3 A £ 8 Y (Residual Learning) e 4 > &% £ 8 ¥ en I IfE47 B 4 ehR 48
 erdg X AR RCA U IR o

X

weight layer
f(x) l relu

weight layer

X

identity

B 34 A L%V L E[7]
B ResNet # Bt x 2 #j > T30 PO 7 BB & ¢ F Y SR 5 b
BEY Hn k2 HROT AT 5 G0)

H(x)=F(x)+x (3.1)
BEDBAEET EDRLFX)
F(x)=H(x) —x (3.2)

sﬁm&ﬁﬁ@ﬁﬁﬂztgﬂFﬁW$aﬂﬁﬁJ4?iH®’ﬁ$%?
r*“‘épw’”“ﬁn 4 FEARF() o FOIRERBE > x 5 420 LEF - K S
S Hi(0) 3 430 RFEG)T LE L - KPR L Fi(x) 3 0.1 40(3.3)%7 7w

Fi(x) =H,(x) —x=43-42=0.1 (3.2)
14
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[ ﬁ%——%‘éfa%lb%.—|wH2(X)a44 e g d % - R BB 4
31;1 > e A Fa(x) 5 020 0 ]:'l—**— Ap e % 27 ResNet rﬂéﬁg F e wE33)34-
H,(x) — Hi(x)

H, () = 0.023 (3.3)
Fy(x) — Fy(x) -1 (34
Fy(x)

EGIEEHT TR UALEY 600 - RPF Y F Lo AL A ResNet
wE B TR[23] -

20 EREY

BAGHEANRPEREVEBRNTEEYFHAIR T AR AT HRITR
* -1 SImCLR & & /2 o

321 PEREVHEREV2AR8VR

% At K8 ¥ (Supervised Learning)i# £_p E & ¥ (Self-supervised
Learning; SSL) ¥ #-74] & % 13 ;¢ “"fi - o "’K F %5 B w @4 (Forward
Propagation) k& & # FfR|5%F % > X 1% & @ %(Back Propagation) k 1945 4F % & #c
(Loss Function) e % { 3707 Sodic > & m B & Y {3 a4 R o

T @:}‘éﬁ?@ﬁiﬁ&rf‘f’ 3 1 &9 Beh R l‘%&%} » i CNN {5 53 & kg i
B ish 6B Softmax FE 73] - BFLF -

F A &3@7}‘4{9* K3Fio e BHCAF 4o 57'7#;11@ % loss AR PEE K 4 AT
A F eadd > B S aag > G5 Try s REE YL IERIE o

Loss=y—9 3.5

G Iy e # % gz B4R 4 Silich 357 34 (Mean Square Error; MSE)

T 355 ¥ E % £ (Mean Absolute Error; MAE)% % % % (Cross Entropy)[24, 25] °

n
1
MSE =~ i = 9 (3.6)
i=1
n
1 ~
MAE = ;Zl}ﬁ' — Jil (3.7)
i=1
’LLLMSEZ‘MAE‘JH%T‘F’};II%_?‘H,YFF;,-15';5\1; F“?JE”_O
Cross Entropy = ZZ —Ycilogz(pci) (3.8)
c=1i=

BRAHY CHREF A inAAt n ST Iy, B IS TRIERNE C
15
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A5 ==

B opei» % 1 LFRFRIBF cF -

F w18 3% (Back Propagatlon) HiEAE A SR RAIGER e T R 2 B and
FE > £ 1% i@ 4F 2 (Chain Rule):* & &1 & k& 9 & (Gradient) 4 g5 ]H R FE @‘?"ﬁl?l
R Bt 3 e ik it B (Optimizer)IR ¥ & * Adam &7 S8 AT 0 i@ #7)
o acdy Il B i f2[26] -

BEEEY Y O BICAIT R < £ LT B B A HaR R
(Label) » * k3 EHANREEF 5 B2 ¥ Y LR ADIEM B2 4 5
ﬁ;:mﬁnliﬂ kAP RS > R AR R AR Y A R R o

BRERPIRY BIRY A h> VA 2 &k (Pseudo Label) » & g ~ #7

£ S SEEL S S REUT a7 § R %#'mm‘r TR E| T A e

e fts $ e (Fine Tuning) A BB * X T 5% 52 £ehd | o
Supervised Unsupervised Self-supervised
implausible labels limited power derives label from a
co-occuring input to
"COow" related information
Target /\
O O O O O O O O O O OO
: : :

oooo o 0% o oooooo'oo
il r
Input

Input Input 1 Input 2

Bl 35 EFEY & EFEY T LRR27]
322 SimCLR =422 R *

AR HmeTir chp EHEEY WY 25 SimCLR(A Simple Framework for
Contrastive Learning of Visual Representations) > #-3- fg'j%] S EHTF A XA R
i B R A > Bt 2 PS5 5 ¢ A (Positive Pair) > * gt Uk A 4 BAEE
2 %56 %% B(Encoder) k BB ice £ ho 2 FhhBBAF % 4 b~ ] ih
ResNet » #-3] F] 7 Fm @ 22> £ 1% - B3B8 (Projection Head)#-h 3 82 = z
KGR A SRt B F G T'F"Wﬁ MBI e £ hif f s Fenasgiedok €
B kR A SEAPEF A fEREFSLTLARES 2 L AP L
SimCLR # #7ié * ey 2 srﬁwr(3.9)vw o

16
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Sim(Zi, Z])

lij = —log ol L ( ) (3.9)
’ sim(z;, z
212(51 1[k¢l [ ok ]
T
sim(u,v) = —— (3.10)
lul|v]

Bl s ¥ iBHRAGHIHERA jDloss: 2,z SERBIIrRPHFALDZ;
sim(u,v) & 432 4p 1214 (Cosine Similarity) ; 7 % 8 & % #(Temperature Parameter) ;
k5 8@ et 7oA £ ok Bt etk A28] o

Algorithm 1 SimCLR’s main learning algorithm.

input: batch size NV, constant 7, structure of f, g, T.
for sampled minibatch {x;}{_, do
forall k€ {1,.... N} do

draw two augmentation functions ¢ ~T, ' ~T

# the first augmentation

Top_1 = t{xy)

h"l.‘.‘ 1 = fl::i:gk 1} i Z,.'|1Zu"n.'.|...'.i".l

Zopo1 = H(hm\- 1) #f projection

# the second augmentation

Top = .F { i)

haop = f(Ear) # representation
zak = glhak) # projection
end for
forall i = { ..... 2Ntandj € {1,...,2N} do
Sij = %; zj.,-'{||z¢| EAD # pairwise similarity
end for
" e P expls; /1)
define £(i, j) as {(i,j)=—log I T oep(oia )

L= [02k—1,2k) + £(2k, 2k—1)]
update networks [ and g to minimize £

end for

return encoder network [(-), and throw away g(-)

B 3.6 SimCLR 2" 3% 42[28]

33X/ L

A AL AT RTR Y SR TR RS 3 Komeans Clustering & & & 45
® 8 ;¢ SDEC (Semi-supervised Deep Embedded Clustering)

17
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331 &EREN

K-means & - B ¥ Leh@ SARE > > L R B@5 | P HRABHF S
(Centroid) 2. & crgEdt T =+ {o(Within-cluster Sum of Squares; WCSS) &k & 7 A 3 »
Hp S Bicde(3.11) %7571 [29] »

1=§Z|x—ui|2 (.11

i=1 x€Cj
He K edg@n¥Ei a5 1#2EFC CadiEbre 2 A8 R
¥ ﬁl%l T AL R AR RARAF 218 0 H W % K-means BOgen% & L A % [30] -
). Xie & 4 #% 1) DEC(Deep Embedding Clustering) > /% » #-% & & ¥ #-73) &2
K-means F#gig & & * » L f]* CNN kEF FHle *i/\ ¥ e £ (Embedding) >
£ 1% B4~ e £k A K-means Rag[31] 0 # B 30 #che(3.12) 977 ©

Py
L=KL(P || Q)= log (=2
(PlIQ) ZZPU 0g<qi]_> (3.11)

i)
Zl—q;j (3.12)
%5

Zlql]
B i85 iBHRAS]E%]BHEE S qERERM G5 jHEOPESF

pij =

332 XERRN

FREOEY G ARARTMEE CHEAERANAERAT Z A L DEC %
57 i e & TP Ren & A 3% 417 SDEC (Semi-supervised Deep Embedded
Clustering) = % > £ #3084 T ik 4 (Label) £ 37 0 3] 22 = ﬁ’ro ¥ 7 3 (Pairwise

Constraints) » 3§ $4] frif vt T 7 R Tt TR kg dg 0 2 p ok
DEC 2. P & ficte F fR $H4F 4 S0 ficde(3.13) % (3.14) 771 -
L=KL(P || Q)+ALpairwise (3.13)
1 n n ;
Lpairwise= HZ Z aikl A 'Zkl (3 14)
i=1 k=1

# ¢ KL(P|[Q)% DEC 2 P #-3#ci A5 Lpninvise 2 € 50 5 S48 et an 5 i 4%
Ak A 2 st dp 1 S-dic(Pairwise Constraint Indicator) » 1 4 7 3% F -
H-lEZ2TREZARESORATA BiRALICHP? - BT X2 7HT]

zivzc s Ao Pl £ -
18
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Algorithm 1 Semi-supervised deep embedded clustering.

Require: Data set X; coefficient A; number of clusters K;
pairwise constraints matrix A; update interval T;
stopping threshold tol?%.

Ensure: Cluster assignments {y;}!' ;; cluster centers {1 )K

mapping fy.
1: Step 1 — Initialization with SAE
Pretrain SAE and obtain K initial centers {u j}ff(=l and cluster

assignments {y;} ; by running k-means in the latent space Z.

i q» deep

[\]

3: Step 2 — Clustering with pairwise constraints
4: for iter € {0. 1, ..., MAXITER} do

5:  Choose a batch of samples S c X.

6: if iter%T == 0 then

7: Zj < fg (Xi), VXI' e X.

8: Compute all g;; values according to Eq. (1).
9: Compute all p;; values according to Eq. (2).
10: Save old assignments: yyq; < Vi

11: Update label assignments: y; < arg max; ;.
12: if (31 Youa; #Yi)/n < tol% then

13: Stop training

14: end if

15:  end if

16:  Update 6 and {ﬂj}§=1 via Egs. (5) and (6).

17: end for

Bl 3.7 SDEC 2" %% 42[29]

ER37 ¢ F g g A g R - Bapst p %sS % (Stacked Auto Encoder ;
SAE) % & F q*;uérgw SR B AR g ARV SR
Z A RE R PR~ e £ Fl0t 2 g EATYIR- B KB E K
F'g]',: »Free 10 p AL ¢ H A Kemeans B3 4t kO 7 4 4 03 < (Cluster
Centers) » #7 R 4345304 T Pk 8O 7 chpe $3 U4 4p 1 S8y pe (3. 13)E -3
7 OETIE R B PO IE R F R A 1 ) 203k 2 X7 IR (Update Interval; T)
R RS RSB R T MR AR TR TR R R g TR
BB R A I ARkirandp sl A WIRE £ F R OITRIRR

[

‘F_k

19
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3.4 FH B 4 A

GRS g P AR ROTA R B KR 1 R TOR AT VI AT
341 FHE2Z KR &KE

AR BT OCT B iji 2012 # 1 7 312019 & 12 7 A gy kP12
ST F TR OCT H & 2 4 % 20 f s &AL 3 95 o #7045 1608 1@ » Heidelberg
Spectralis OCT 4p#% > ;2 R Bd X I FRHEHHE2S "B 2FH TR * 5 11
£ W § - I

AR HATH D OCT By 3 19464 % > iz e ¢ 2975 &R ~ LT it %
5 ;@f&}fﬂ#jﬁ_{ ¥ 2 ﬁ;:i AU Eein 'F‘:}S'.Av\ X T e B F.x#,l;g._

1. Healthy vs Unhealthy 3 & :
LB EREY 25 97325 OCT B if» H ¢ 5 4866 3% OCT B ik p 2288
ik B % 3R 14866 38 OCT Bk i 2043 =5 en 5 B # (¢ # ERM)2
Al

2. ERM vs Others diseases 7 # & :
A BEAEY L4 37489 OCT F g £ ¢ 4 1874 3 OCT ik p 828
=83 ERM 2 5 & 5 1874 5% OCT #iifk i 913 = srin BB 4 (4 ¢ 4
ERM)2_ 15 B &ra‘%ﬁﬁsfﬁﬁﬁ ma -k * (Diabetic Macular Edema; DME) ~ % & 4§
3230 f5 % (Age-related Macular Degeneration; AMD) % % -

3. ERM vs Healthy F 4 & :
iR FAEY 25 1142 3% OCT #1f # ¢ 3 606 3% OCT #: ik p 556 i
[y i;é—?q" ; 536 3% OCT # ik p 254 =& 7 ERM LI}%,% °

4. Healthy vs Sub-healthy(Female) 3 #  :
iR FAEY 25 764 3% OCT #1j> H 7 5 4005 OCT #ifk p 303 i~
[y i;é—?q" ;364 5% OCT ®ifk p 162 =2 3 ERM LI}%,% PPt TR
R E A R e

342 Fij W IR
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24

doi:10.6342/NTU202502484



Fold 1:

s -
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Fold 3: train
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Fold 5: train

Fold 6: train
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Fold 8: train
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At TR M '—Healthy vs. Unhealthy F# & | & G d] cod g plss >
7 97325 OCT #ijo H @ 5 4866 3% OCT R ifk p 2288 =ik B = 3# 4 14866
3 OCT §: ik p 2043 | %ﬁ*ﬁ SHEH¥(2 7 ERM)Z k- 29 80%™" ki
training (7785 5&);10% * % fa validation (973 3&); 10%* k fa testing (974 5&)-
AAEiEY A1 * aficd] 5 ImageNet Pre-train Model 2 SimCLR Pre-train Model
% 38 47 % #ic(Hyperparameters):k T 4cd 4.2 #75% o

042 EEE EEZ A EFY LA AL 28K T

ImageNet Pre-train Model SimCLR Pre-train Model
Epoch: 70 Epoch: 70
Batch size: 32 Batch size: 32
42 %#ic | Optimizer: Adam Optimizer: Adam
Initial learning rate: 5x107 Initial learning rate: 5x107
Weight decay: 1x10™ Weight decay: 1x10
i 4.3 ¢ ¥ 1/ 3] ImageNet Pre-train Model % 10 & % = @' i 2 il
E li”—?ﬁi—? & 83.3% > 112 L5 087%iREL 5 & 44 7 ¥ lg |
SimCLR Pre-train Model # 10 = 2R Z%#F V'R H ApIFEE? T8 mF 5

80.31% > 11 2 32 1.06% R 4 & F ¥ A iE 1) 80%4 b el aw S o F A A
R BB B2 A G G % OCT 82 i 12 7 12 B2 1Y ImageNet Pre-train Model
¢4 IR > SimCLR Pre-train Model -

&% 45 ¢ g Grad-CAM ¥ ik ? ¥ 22 7| ImageNet Pre-train Model
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SimCLR Pre-train Model 75 i & F iy ¢ L g d L weahiz} » =
SimCLR Pre-train Model ",4rf TR LR T B @S Bk 467
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YRR AR

Avg
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+SD
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+0.
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#. 4.4 SimCLR Pre-train Model % it & P2 7 @& P (¢ 7 ERM)Z 4 5 Z 3%
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Avg
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+SD
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ImageNet Pre-train Model SimCLR Pre-train Model
Epoch: 70 Epoch: 100
Batch size: 32 Batch size: 32
42 %% | Optimizer: Adam Optimizer: Adam
Initial learning rate: 5x107 Initial learning rate: 5x1077
Weight decay: 1x10 Weight decay: 1x10
i 4.8 ¢ ¥ 14 3] ImageNet Pre-train Model % 10 & 2 = B i 2 fipl
é%ﬂiﬁﬁ ﬁﬂ89M%’ualbLM%mﬁﬁg,p%49ﬂvxﬁm
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86.4% » 11 3 L35 1 34% iR R L o 3 F]gbﬁ‘ixi | 85% 14 F MR 0 Y A I FE

3%5) ERM &2 H & 5 I AR g 55 OCT 2 (e 0 2 e R ¥ LR T ImageNet Pre-
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SimCLR Pre-train Model E'F‘] ¥ R R U R R en#-E 2223 ERM
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BN S
Avg
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Avg
1 2 3 4 5 6 7 8 9 10
+SD
86.4
Accuracy (%)| 84.8 | 87.7 | 87.7 | 87.5 | 86.1 | 86.1 | 88.5 | 86.1 | 84.2 | 85.3 134
+1.
100
90
80
e 70
z
C 60 -
3 —Training accuracy
Q
< 50 —Validation accuracy
40
0 10 20 30 40 50 60 70 80 90 100
Epoch

Bl 4.10 SimCLR Pre-train Model # % mow g7 H o 5 Iliiév\ FiEire IR

% & B pr % 27 Epoch B2 %

0.8

0.7 —Training loss

—Validation loss

0.6

0.5

Loss

0.4

03

0.2
0 10 20 30 40 50 60 70 80 90 100

Bl 4.11 SimCLR Pre-train Model 7+ maa fges H i P S A E xR B

doi:10.6342/NTU202502484



7 & Loss & Epoch w5
% 4.10 ImageNet Pre-train Model 2 SimCLR Pre-train Model 5§ sa# %g2 H is

P A BRI AR RS B tS - A S s R 2 Grad-CAM # i

Input Image
(ERM)

Layer4 Grad-CAM
(ImageNet Pre-train
Model)

Layer4 Grad-CAM
(SimCLR Pre-train Model)

doi:10.6342/NTU202502484



# 4.11 ImageNet Pre-train Model 2 SimCLR Pre-train Model 4§ § s ez H

7

B A T E TR S Bt — K HE # A B 2 Grad-CAM # i

Input Image
(Other Diseases)

Layer4 Grad-CAM
(ImageNet Pre-train
Model)

Layer4 Grad-CAM
(SimCLR Pre-train Model)

4ALFETHZ: EEAF DL L

Bt Egr? - * TERM vs Healthy FR & | & & q] o s plid > £ 5
1142 3% OCT 1> £ ¢ 5 606 3% OCT ® ik p 556 =it B i;é—'ﬂ’z ;536 5% OCT
Prifok p 254 =83 ERM 258 » 3¢ 80%™ % i training (914 35) 1 10%* %
# validation (114 3&) ; 10%* *k fa testing (114 3&) o f & iZF5 7 71 * i) &
ImageNet Pre-train Model 2 SimCLR Pre-train Model » % 78 42 % #cik T v 4.12
r:"—i——/—'r o

35

doi:10.6342/NTU202502484



F 412 BEEF w2 AR ERY A2 A SR T

ImageNet Pre-train Model
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Weight decay: 1x10
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