43 % 520 #1/2023 £ 10 B/RFFR

XX, RER, RERE

BT 2 BAOE AT AT, KT U e 2 (5 BHOR B2 S0 %, K 300350

T LU ME RO G WS T 0™ E R AL B S A0 T R (OCT) MG Bid o TR 2 M 2 — P A 2207 7 .

AELX 35 A RS T 5, AR X 2 i e ) B P S S T W = 0 ik IR, o R i — R G M R R R 2 A U

E TP T AR OCT #1452 W, 343 551 AR5 3Tt RBP4 1 7 T -5 4% 8 9 = 24k 3 DG TC D8 9 2 MR B 12 R 28 i 1Y)
TRIL 2 2] BWE RS WEAT R LG o ST 1 WG B 2 20 5 TE B 2 ST SR T 3R A5 BUMN 22 19 2% 1) 2 MR M B I 1) T2 T ) A0 19
OCT & s L HEATIZ AL RE Ik o SE 45 SR R W - Iir 4@ 53 06 ) Lo PPAN BB PP A 29 BAT R0 Y R 02R T L S 3
ML RE OCT P 5 ey Jo ik P e, LAY 5050 )92 A P, TT L5 5 2 > A L, TG M =~ 1 3000 5 8 5 70 AT RE 2R 45 3 4 1Y

Wi W P RE , AT LA 200t 4l B I A 06 A 90 0 2 280 B9 I PR A2 M

KR O R TIRMTEOR s WM ERERE,; WS R

FESES 0436 XEKFRER A

1 gl G

M TR (OCT) B AR i F H & 40 ¥ R Ao
BB AG AR A5, B R R 22 R R S R 2 4 A B2
TR AR A G B AR (AMD) R PR T
BB K Bl (DME ), H -4 40 A IR R 3 95 12 W 43 358 11
“EARUET . SR, OCT 2 AR e AL L A8 v A ] 3kt fi b
FEAEWE R He % A AR RN %) ORI 7 T A
T 5B BB | 3 Se g 2 B AR OCT EME A Xt L
JEE R R SR A5 2 G ) A R T )2 43 R S
R PRI XE . PRI, 76 X I O C T IS 2 A7 o e 11 [F]
i i A AR A P TR 1 0 V2 TR 30 5 25 5 A A1 15 I,
HA oy F B0 3 0, H AR B Bh = A X IR R s AT
LW L SR YT -

OCT FEIMR B WE 7 ik 43 W AR i 26 . KT
B 0 7 B 5 B X OCT £ 45 10 28 0 k47 e o Al
M AR FE S RGBSR 0 R I A% Mt T
B Bt o FE TR R i 2 ) 0 TR A BB 3 O A
PR OCT R R G db B . 4% 58 i 07 IR &% g
TR RECT 43 R LR L2 TR Wy vk, i (E vk
PR T R A AR R RO T B i A
AT R8N 3 R S OB R P R AE NI 2 A5 B s S F B
VE L 49 7 2, an Al R 3 (E (NLM) R = 4 B DC e 38
W (BM3D) 45 55 B AL b A [a] fil M s K P R A7 42 2R

DOI: 10.3788/A0S230720

B 2 B0 B 5 56 T AR T A A ek (OB R ek
JNUE ) ik R AR 1 OCT G , (R 78 A e gk h 5] A
PR AT ] 3 A1 BR 52 30 22 B 1 3 2 A UG s 3 RS o
PR T 32, e s 5900 B AR AT LA 5l ] g
{5 25 W8 J5 1 R A - 0, Pl RE 4 S 3 R AT £ %
2 Wi B-scan EIS - ¥ 2 & 09 2 Bk OCT HiHE M 75 11
T3 AR A B SRR ], HONIRAS [ 3 iz sh &
IR EHRF- 2 J5 O 25 5 B sz

T AT SR, — S 3 TR B 2% ) B 7 3, R R A B e
2225 (CNN) , B9 )1z H vy T B5 2 ER Ak FRAT
55, QS Ay 20 BG4 B AR TR X R AR
PR 5 25 M 4R 08 T R . T R IS OCT & Y 2%
M Ma %6 T — B A A AR O BT 4% (cGAN)
T OCT [l 14 F M, % £ U JE W 4% (U-Net) " fE A
cGAN H [ A= 5l 4 DA AR AR e /1%, W0 L T 4]
(VGG)™ M Ay 0 500 28 R SR 550 356 {1 PRl A5 A o g Pl 1%
It B b R R 5 A S50 25 B B UM e Bk 1
5 X 301 2% A5 8 R PR RERE T L i 7 IR A M BB Rz TR R
Dy F ARG . QiuSE R B BY i 2 3 LR
26 2% (DnCNN) 6 B OCT BIR 17 B e, IF
XiF FC B9 T 5 S AR - X A S 1R 22 - 2O
D7 i 2 2 S Fh AR 2R SR B OCT EIG 2 M 32 01 5% i
WE WY 9% 7 2k 7E R B RS 4n Y Oy AR T NLM ORI
BM3D. Dai % Fl 1 £ )2 %5 BURZ & B 2 [ i 69

KRS BEHEE: 2023-03-27; 1B BEH: 2023-04-30; FABHI: 2023-05-06; MLEEBH: 2023-05-16
EEMB: HRHRBEES(61875092) 5t HELILARIF 5T G 7E L W (19JCZDIC65300) \ R H T Bl 32 & 5 H (17YFZC-

SY00740)
BIS1E#% . 'ymliang@nankai.edu.cn

2010002-1


https://dx.doi.org/10.3788/AOS230720
mailto:E-mail:ymliang@nankai.edu.cn
mailto:E-mail:ymliang@nankai.edu.cn

W H T B 24 A SR ) 2 4 BN H
i Bt S A B T AR U B S R R R R A T T v A S L L i
il 5 M TG AN [R] R MR AT 55 1 06 7 oK 10 kLS
T AR T AL G 08 0% 2% A1 BM 3D A [ e 5k 21

5L G R A b IR A 2T 1 N vk A R
1G5 S A O B8 G 2 401 T T BORS  A 1)
o (RRE R ) DI G K 22 Y- 3 1 LA RTR LA
}4 B Clean-Noisy FIZRT I M b 25 1) 2% 2% > W5 bR A
SR, 22 W17 359 1) L (E TR 09 BR TUE Ol 5 4% L FE ) 358
Ko, ARFIF R 7L ) o 3L 4K, Lehtinen 4542
H T — 0 W B TR B 2 ) F SR, B Noise2Noise
(N2N) S WE . 5 B 2% 2 Jr A [, N2N 5% g AT
X ) e P AR 5B ok DIl S TR B A 2D B, S
o) W 7B 2 2] F 2 M MERE . Gisbert 4577 3 55 0% N2N 5K
s 17 E R B OCT BI% 25 W rp 6 1 U-Net £ Ry 22
Mol ) 265, A T A A 1 R MR AR . Huang 451 FH 24
i) SRResNet, I 45 4 N2N 5 s 52 Bl 7 % A [a] B b
1) OCT G L i) Mg

AR T P L T N2N I 2456 s 1 G W U
FREM T = I M4 (DRSA-Net) FH F LR R OCT A
G AL, HTGAE R — A B 4R 153 W 4 B-scan OCT
14 #4 1 Noisy-Noisy EI§ X, 85 H o — > e 75 G A
RN T3 — AW EURAE I bRid AT I 25, T 2 i
S35 0 TE I R R AE AR S o 4 I DCE T B O ¢
I 1 0 B PF P 7 T 6 BT 42 Y DRSA-Net 5 48 i
BT B 2 3] J2 18 1) 4% (U-Net . DnCNN) #4720 97, WF 5%
X 3 b [0 £ A5k A0 R I OC T % [ M ) A 28501k, OF
5511 BM3D Jyik AT LB o SR A X HE R 2R )
550 W B 2 ) SRS R 3R CNN Y 2808 . e L 78
ST OC T BIG R 46 rh #k 173z Ak g i .

2 Jr ik
2.1 N2N LB EillZREE
I T URBE 2 3 1 A5 B MR AT 55 3 i 9l oA o 2 [m1 1S

% 43 % F 20 H1/2023 £ 10 B/ RFFHR
B, L AT 678 W
argmin E,., | L[ £i(2), y]), (1)

K cargmin () (8 B bR oR R /M B 928 S AE
Ry A2 DR 2 (1) B ST PRERC s o Sk i A MR S TR 5y S B
MG 5 E R DN AR %) B BB A 5 L oA 53 2K pR B 0 R pf 42 1)
H“SH
5 W T 1 W S RS o A B MRy Z ] 1 R
156, AR i DL it By o XA R R VT RO R
argmﬂinE»I.{EW{L[ﬁ,(x),y}}}o (2)
2 (2) AT, FRIE b b 28 0 2 1T DL e BR o
FECAR EZ y B30 2% oR B0 D0 A 2ok B2l 57, 3 40 ok 43
SR AR B R RO, FH R A T B R
8 T 500 o e ECAA, T AR IR f 25 9 2% B 0L
BN AE . N2N I 2 SR WS 1 T A 5L s S DL S
BkL26],
OCT EIME W 75 78 KFEAR T B{E 8 0, g % H M
7 R o o FAE R y AT B 46
W 2 A IR 25 PG SR FH e 75 T4, D) IR0 2
i) H b oR B AT R
argminZL(fo(i,),j),-)o (3)

ST ARIE N2N I 2555 W 10 A 350 b 200l 2 T A
HEHE A5« 1) o 1y, 0 M P 2 il 7 1Y) 5 2) o ATy HA AR
A () e 7 H bR . OCT [EIMZ M 7 BE AL F A B0k S7 , I
X RE S 6] — AN B 22 Wi OCT K% UE 17 % 4 AT LA IE
JCME R H bR B A AR S5 H, T L OCT IR i 2
N2N A B 55 w0 i 4 2518
2.2 DRSA-Net##3

T U-Net % 2 R A5 B 1 7845 #] H & DnCNN
[ % 22 4 2 RN 2 Aw o AL B AR 05, I 45 A 25 T 5
A& S HLHS, $2 H — A DRSA-Net, i M 4% i 44~
B A% - JR 0 A B 1 IR (LSAB) IR BE £ s
P (DEB) . & /i E 1Bk (GAB) R Z B (RB) ,
W 2% 28 K4 G 1] 1 T o

K1 DRSA-Net M % 25k &l
Fig. 1 Network structure of DRSA-Net

2010002-2



55 43 3% % 20 H1/2023 £ 10 B /%32

A% i A 2% h i 58 B — > Conv Bl ReLU ¥ 1%
PRI ES AR I T4 R AT TR O LA R —BE A .

LSAB % 3% 38 % BRI 25 W 6 BLUES e 06 A9 3R
W, L R, R R S S BT A [ s s D T S R
FH G0 T 25 0 36 B RS R Y LS 3 AR 2
i % 2 . 25 W & 2 (dilated Conv) + 3t IH — fk
(BN) +RelLU.Conv+BN-+RelLU,Conv, %5 %R
W) s i R 8 2, % B RN E D 3X 3,
Concat 2 & FRMEfL G 2, Fl F1 5% 22 15 % & 1 7 o 6
TS B RREE TR A, R AU AR R R E R E S L3R
T MR AR . VR o AT PRBOK B AR B 11 A 2R 1k
K8 1, IF R R I ALE Rk 8§ CNN I 25 2 e A
AU (8 AT — By B 27 20 25 OR3P B I s A
iR Mg B s L 0 TR IR AT S5 Y
BURFAE , LIE SR 32 R 3% .

il 5 D) 265 TR 85 ) 14 I, 58 R ) ) 8% ] e 2% A2 B vk
J2 X2 1 1 55 R i LA R s R 2 AR 2 4 Ok R e
R . N TR P e, 3R A 3 4 ConvFBNA-
Rel.U 21 1 A4 FH T G R AF R B $2 Y DEB, i i K
%2 X LSAB 42 BUl M FRIE AT R B R, JF 5
LSAB #EA7#5 1ie i 31 f5 e B e M sl S

KRIF LSAB 0 Jm B & 71, GAB J& X} 42 R
EMERE I HE .. HARRE - EBRERNR
1X 1 Conv 5 38 45 (9 FRAF HE 46 A ) i, IF % HAE R
P — B B AL E . GABEIHOK RS 54
JE B G ma A R RE BRIz S
R R R AE R R AL N AE 2 R 2 T,
AR BUR H AR B A [ B A ROG T 4 JR il UfR B SE B
X B A TR A FZ B

RB {5 % DnCNN H 5% 22 2 2] SR w76 Bk )2 ot
TS G DN 75 UG 22 B, DT ) R e 75 A5 8 T 1Y
L5 AT N AN RO 25 M P B A [ e PR S sk

AN LSAB s m A DEB % 2 v 4 , Ha] L 3
B KN AT 55 2 2R BE T R o E H S )2
B 0 2 2 B0 T, DA S 20 45 R 4k
2.3 HiE&E

T B L M R SIE 2 R IR 4% I SR g B A Rt
e AE W MR OCT BIAZ B M AE: 5 gk 7 3z (Y
Duke K 2% 28 FF 50 42 I 25 R 1A 190 28 1) 2 e sk
W B A R ] Bioptigen 23 B (9 840 nm Y63 8Ok
A E T SAR (SD-OCT) & 48 38 B, Hobh 1) 4 3 %
4.5 pm, XA AMD B R Y 13 44 52 508 1Y IR G
DA R e g 111 Ay s B OE D5 T I SR AT T . B
AL 39 Al MG, B4 F 5 5K AT AR Y RS 1R
K/INH 450 pixel X 450 pixelo

N2N JC W5 B YNl 25 5 s 225K Y1l 25 1 R 6 2 B
WhFE A — B, I ER — A B 2 RCREER
Noisy-Noisy B XT o B 55K 3% L2 A7 E (1) 1 KR 5551
Fri5 ok 1.2.3.4.5, 30 F 00 £ 25 4 vk i 2 R A

B s RN | R (S B o 1= WA S0 W/ DA E 4
FEAREHFEGHE DR . T 5 KR B #b DT i
N2N 14 2 M i 30 DL 3k 31 e d i 5 MR 3R L 1.2.3 .4
g 1 e 75 BCHE E Noisy 1,2.3.4.5 M i e 7 Bdi 46
Noisy 2,41 i 1-2.2-3.3-4.4-5 #J Noisy-Noisy F{Z X},
A EE T4 -1 4 4, X B o 21 5 2 RE 8 7 B KRR i 1R
KRR 5K W ER 20 2L A5 40 5 B AR L A% &0 T 3R 45 3 =F
B 1R A .

FUIE MR R 5k % 22 7 B0 M R R FH 22 ot
i G . HEAH KR LS S B 4 Noisy 1A
Noisy 2 14 Ji M 75 - FLAE KGO, FH T 05 22 10 W B 1 25
5 MBI R M ST b o ZEYIZRET A T 8 F [
26 L B, B B A B 450 pixel X 450 pixel B 7 F] 5
Bt HIL K 57 4 128 pixel X 128 pixel, I 0 4 5K K 1% & &
By 50K, K B — > 43 3 A 7800 K EIZ 1 Wk S Kl s
4 Noisy 1. M 75 £ 95 4 Noisy 2 Fl E {1 F 15 54 4E
Clean MY B4, FF 42 R 11: 2 19 Lk 491 ) 43 )11 25 4 Fn il
AR o IX 2L EIR 53 A W TE W B 4 ) Noisy 1-Noisy 2
M 75 ] 4% Xk R W B 2% 2 Clean-Noisy 1 &% % 1 47 %)
HI 25
2.4 ZWREMSHIEE

fdi FH 3 R 2& 20 () CNN(U-Net,DnCNN Fl DRSA-
Net) , I F ] BM3D 1 2 1% Gt B e 580 32 i AR R A X L
G, LR R A 2 B . SEETE R4S 16 GB #:4F
WA \RTX2060 % R F1 % 55 /8 17 CPU Ry 1+ 5 AL 1 i
175 2o M 48 3L F Py Torch #g 2 I 2R ATk . L K/
WE N 16, E 40,001, Adam AL 88 . &K%
R B E A 100, 78 100 AR b B AT Fe /N AR E 1Y
B AL AR AT DA T — 25 174

PEHL L AE 452k sR gk, L, ] 3R

Wo1H-1 )

L= > D[ Llxy) =Lz )] . (D)

KW HREBRWSE &, WOH I E R 128;
L, y) I (a, y) 40 3 R 25 M AR OR AR 25 /1R 1 K
FEAE .
2.5 EMHIELR

FE A B DA 2 e A5 B A LR R A B
1500 T3, X6 A T 3 AR T4 45 SR B 48 O RO [R] AR
Y R s R . FLAROR UL i 10 44 75 8 3 0] b gk A
G IEATHT 43, 38 5k e A R[] 0 26 B o A o e T 4%, 4T 49
X ] A 1~5 43, BOE (B AE S e 2 9058 D7 245 8

B HAE PF A 1 B4 B FH A A A b o R
FMERCR AT I A8 W (A5 M L (PSNR) (4514 £
BIPE(SSIM) ZE & Mk (ENL) 24 BB 48 %k (EPID) .

PSNR “y 2% W IR RN ECAE B E BAR 2 22 8] B 22
S, A 20 B B MR DT AN FE AR, ELARTT ROR

Max (1 )
fI’SNR - 101g '::| ,

(5)
fMSE

2010002-3



% 43 % F 20 H1/2023 £ 10 B/ RFFHR

1

1

1

1

1

1

1

1

Ll

1

1

I

1

Ll

| instance: noisy image_1
1

1

1

1

1

1

1

1

1

1

! training stage
1
1
1

training model

update
parameters

_____________________________________________________________________

test noisy image

testing stage

1
neural network |

!
DnCNN :
:
1

K2 R OCT KI5 TG W I 2k s 9 it A2 1A

Fig. 2 Flow chart of retinal OCT image unsupervised training experiment

s fosne H PSNR BB s Max (1) 2 B TR R 10 %
RIKBEAR 5 funse: 19 25 W PR 1, A AR TR L2 6] 14 24 5
R, fuse Al RN N

1 w 1H—1 2
= Lz, y)—1I.(z, . (6
Suse WXHEEQ (x,y)—I.(x,y) (6)

SSIM M 25 5 1 % [ B ¢ 45 K s 45 J7 T B0 4H ) 3
e b g 2 M PR AR A B MG 2 (R S0 PR 25 S5 Bk AT
LR N

Som=[ 11, 1) e(T, 1) s(1,1) ] (D)
ﬁqj:Z(IdaIc)\(‘(ldalc)\s(ldsIc)é}%ljﬂ‘%%i_\‘yg

2 d /e 1

ZMAF%ﬂiL, (8)
i+ pe+ o
2040. 1 ¢,

Tl )=——FF, 9

(L, 1) oi ol -+, (9)

o4 1 3
s, 1.)=— s 1
‘( ‘ ) O‘do'c_._(.‘g ( O)

K pap SR L L8 5 0000053 3R 1 1)
PRl 2E 00 M LA L ER T 25500 0000, HE L. a By
WERER L,

ENL i # F il £ F W AR b 3 57 X300 O i
BE o ERH A A R4 R X 3k (ROD) | i ENL AT 3%
A
“

PR

fi:‘,NL,z‘ -
[}

K fines M ENL I 5 1,050 900 0 BHR P 2R i 4> ROT
WS B (E AR DR 25 o 9256 Tk B3 A4S RODR 57
¥ ENL.

EPT 2 Sz il o4 W P15 10 % 4135 8 4 12 B 10 M g

(11)

. BMEh e i4 ROLEW EPLA] R R
22‘1,1(1'4— Ly)—I(zy)|

W _ H

22’1(1(1-1— 1,y)— Id(x,y)‘ ’

A 2 few 9 EPTIOAE 5 1, 1, 09 JR 05 W 7 &1 4 A 25 1t A
B o TERA KR L H %98 BT BE S 2 10 3 i1 4 4
PR R A AR A B L DR A R TR AR 2 A X
FRE BERE AL /N o R, HUTH B PR AR 0 BRI Y ROT

3 ZER 50

3.1 THEINEER

28 S35 3K, XA B OCT KR K MR AT 55,
DRSA-Net B m=4 n=2 i A B LM PERE . K
3 J 4 MR 75 R Noisy . 5 - 3 R ground truth,
BM3D 2 B E % 1 N2N Jo B Il 25k w3 Ff CNN
BT ) R I OC T AR A 25 e 45 51, 4 5% DnCNN-
N2N .U-Net-N2N 1 Ours-N2N,

h T b A B B 2 2 254 IR A (RS IX
Wk 34 ROL, 20l B iy 111 A AR R AE 4%
JRW, BM3D X & A & A 1 R 4 OCT BHg B A —
TE Y 25 Mt R 2 5] A — SR HUIR (G ASOR 45 4, £ ]
183k FOF IS ES0H 25 A B IR . N2N G B
YRR MG T 1) 3R B 2 ) AR AE L BRI 5 )23 45 4
15 BRI 0T 52 IR AF 1 25 M AR L MR S SRR R R
1R L RS 2 R A AT M . A o T 10 A4 AR R
WAL BE DAY, 3 CNN Ay A 22 e v RE HEFF h « Ours-
N2N>U-Net-N2N>DnCNN-N2N

Xt 15 50 XU, Ours-N2N H iy B RS B G sk 2>

(12)

fEPI -

2010002-4



R

% 43 % 5§ 20 H9/2023 £ 10 B /F 24

AL R B TR 5, (B A U-Net-N2N Fi
DnCNN-N2N H 75 AT DU 21— Se s an 5] 3 vh i 5
X 8 Ak 7 Sk B R o XHE S XK S, LI E OCT B-
scan 14 B9 11 2 15 B 2 BY K 41 45 #4978 Ours-N2N 1

PRFFI AP . U-Net-N2N fii [n] T8 55 )2 9 248 15 F 2 4
T, R B 2 5] A — 28 2 ] B 2548 , W& (e) 1T 4 &
3k R 1 DNCNN-N2N S8 (o) /Y T 4b i3k Br 6 /Y
JZ 30 FHAR AR LA K I A 5 Sk BT 4 1) A0 BRSO

B3 WM OCT BG4 5 . (a) IR A5 EME 5 (b) BM3D 25 M &% 5 (¢) DnCNN-N2N LB % ; (d) 5W1°F-3 ground truth &
%5 (e) U-Net-N2N £ BEE {5 ; (1) Ours-N2N £ 1 €&
Fig. 3 Noise reduction in retinal OCT images. (a) Original noisy image; (b) denoised images of BM3D; (¢) denoised image of DnCNN-

N2N; (d) 5-frame average ground truth images; (e) denoised image of U-Net-N2N; (f) denoised image of Ours-N2N

3.2 BMEilgE5xLEilgGgERTLt

[€l 4 Sk Wi B 2# 3] Noise2Clean (N2C) 5 Tt W & 2=
2] N2N A B OCT EIG R W 25 B % b . 3 3k 43 #r 10
2 75 B ) 3 A S8 PE A, 3 R R 2 T R T Y A
2 Pk fEHE E M - Ours-N2C>U-Net-N2C >DnCNN-
N2C., o] DL & 80 We B 2 > ) e W o5 1+ o #2 ik
ground truth BE , (HA5 B A5 5 2 Mg i JG Wi B 2% 2]
B 3 ol A 70 I 7 K [ R R A R, T B 4L TV WA Y 4
IR AT B o — MR UL, [a]— 4> 9 28 452 700 R I W &%
MW EESOR ST R 2= . Sk 4 R —
AT 28 25 K T TG W 2 2T () I MU R AR T B 2 2T 1)
F2 R A & ground truth B4 14 MRS 2 B AR R AR
5 i 1Y 22 WF B4 B ground truth OCT EIHZ 3K
TBC PRI B, AN A 1 1 AL P52 B G W 11 O ek 1k B
L3812 W T MR 7 2 R R B O e, LI I 2 2 6 4
Y WA o

#61  BM3D 53k DL K 3 b o) 28 W 2 > Fn G W
B2 ) [ M R & W EE PN AR bR . B LAl
55 T4 M RS ORE B 2 2T RN TG W B 2 ) B AE
IR B0 £ T0VF- 48 B 7 T AB S B K i 4 74, ELAR [

T % G5 (1 B UG IE 1 BM3D, i T 15 B 2% 3 11 e e 44
T 2 W st 10 45 06 RS RO G, AT UFE 1 s N 58 BN
OCT EHMZ Y = KB . XF N2N C B #3005
Jr $ 455 7 7 PSNR |, SSIM \EPI 2 %1 I 2% 8 & 4F , U-
Net 5 5 & 19 ENL A, iX 5 U-Net# OCT EIMZ 4k 2
Rad T A O, T LR R 4(g) 1 b Sk b i )2 )
ad T W AR 45 R 5 o MBS 2R ST, T 4R A R A
PSNR.EPI.ENL Z ¥ I 3 ¥l f% & , DnCNN 7£ SSIM
T2 e s ] 4 7 1A EUAS B A Y R

MWEE L& W B 2= 2] I RIS/ de bt + E M &
222 H X 56 P A ) . PSNR AT SSIM 2 3 T
ground truth B8+ 515 t /Y , 1 5 Wi-F 4 1Y ground
truth [EI5 ME 75 25 B AR B A AIG, PR Ry WA 2 T T 8% i o
114 o B AEL 114 4% Mg (515 358 J2 ground truth, FL7E 7S 25 BR
R A AR A% B0 R BE S AR5 80 T 0 W B 24 ) M 45 19 43
Blo BLAh, TCWE 2R ) I EPTARAUR T B 24 ), 8 ik
TAL G5 i 2 44 s BM3D, K EPT & 3t T 5 44 M
ST Y, BM3D B3 Al 5 Wi 34 1) ground truth T
) W B 1T 2 I 4% R B A 2 T 2 M AR R M 7 L X 5 R
U R M G 5 R B30, B DAY o B /R 19 EPL

2010002-5



2 43 % 5§ 20 H9/2023 £ 10 B /2B

” ” 7 X
- : V - ~ - - A
s — e L1 — T =
] - — R - — .

K4 MBS 5B M OCT BIMZRFEME 25 . () B G e 75 18145 5 (b) DnCNN-N2C £ M2 14 ; (¢) U-Net-N2C & I ]
1% 5 (d) Ours-N2C 2B 4% 5 (e) 5WiF#4 ground truth [F4% ; (1) DnCNN-N2N 2 B %1% ; (g) U-Net-N2N % B [# 1% ; (h) Ours-
N2N %1 E 1%
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Fig. 5 Unsupervised learning generalization ability test. (a) Original noisy image; (b) denoised images of BM3D; (c) denoised image of
DnCNN-N2N; (d) 40-frame average ground truth images; (e) denoised image of U-Net-N2N; (f) denoised image of Ours-N2N
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Fig. 6 Comparison of generalization ability between supervised and unsupervised learning. (a) Denoised image of DnCNN-N2C; (b)

denoised image of U-Net-N2C; (c) denoised image of Ours-N2C; (d) denoised image of DnCNN-N2N; (e) denoised image of U-

Net-N2N; (f) denoised image of Ours-N2N
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Table 2 Results of supervised learning and unsupervised learning denoising numerical evaluation
Method PSNR SSIM EPI ENL Time /s
Baseline Noisy 18.193+0.273 0.13440.024 14.074=+3. 681

BM3D 28.035+1.457 0.550+0. 044 0.268+0.035 418.037+106. 729 256

DnCNN  28.699+1. 301 0.5544+0.036 0.277+0.027 216.478+37.898 0.79

Supervised learning model U-Net 27.956+1.186 0.569+0.035 0.287+0.028 241.361+31.499 1.04
Ours 29.317+1.419 0.593+0.034 0.293+0.030 262.771+34.762 0.92

DnCNN  29.673+1.195 0.665+0.012 0.166+0.037 628.151+182. 529 0.79

Unsupervised N2N model U-Net 30.95041. 565 0.70240.012 0.176+0.036 1266. 8974338. 543 1.04
Ours 31.1724+1.706 0.7064+0.013 0.194+0.035 1029. 639+220. 714 0.92

125 T M 35 An b ¥ KR % S5 T &% A1 GAB [
LSAB+DEB+GAB+RB, iX ik ] GAB fig ¥ 41 1 #§
S 45 AT R e Bk /b RB Y LSAB+DEB+
GAB % WiTF M #5455 LSAB+DEB+GAB+RB #

2, {H RB AT LA R fF R BT I 25, 78 A o 25 1
P RE A (] o RS A e SO JBE AR TR 24 B ] 4% 14
Rof Mg I 1] 2 S 35/ 39 HE 1 s LAY, HERE 8 SE X OC'T
P 0 ) PR e e

F3 LA RIS T I il 92 36 2 Mk 45 3R
Table 3 Ablation experimental results of different modules of network
Module PSNR SSIM EPI ENL Time/s

DEB+GAB-+RB 28.962+1.632 0.70340.015 0.13140.031 159. 334413. 502 0.73
LSAB+GAB+RB 28.737+1.264 0.61340. 026 0.13340.072 879.870+207. 982 0. 69
LSAB+DEB+RB 30.30141. 446 0.647+0.012 0.150+0. 035 903.572+343. 217 0.73
LSAB+DEB+GAB 30.80241.427 0.70140.012 0.12740. 033 937.421+£225.073 0.75
LSAB+DEB+GAB-+RB 31.172+1.706 0.70640.013 0.19440. 035 1029.639+220. 714 0.92
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Unsupervised Denoising of Retinal OCT Images Based on Deep Learning

Wu Guangyi, Yuan Zhuoqun, Liang Yanmei
Institute of Modern Optics, Nankati University, Tianjin Key Laboratory of Micro-Scale Optical Information
Science and Technology, Tianjin 300350, China
Abstract
Objective  Optical coherence tomography (OCT) is employed as a safe and effective diagnostic tool for a variety of

ophthalmic diseases due to its high resolution and non-invasive imaging, which is regarded as the "gold standard" in
ophthalmic disease diagnosis. However, various kinds of noise, especially speckle noise, seriously affect the quality of
retinal OCT images to reduce the contrast and resolution, which makes it difficult to segment and measure retinal sublayer
thickness at the pixel level. Therefore, it is of significance to reduce the noise of retinal OCT images and retain structural
details such as layering and edges of the images to the greatest extent. The deep learning-based noise reduction method
shows advantages in image quality, especially in preserving edge details. However, for in vivo imaging, it is difficult to
obtain a large number of multi-frame registration ground truth images, which affects the performance of the supervised
learning method. Therefore, the realization of unsupervised denoising independent of ground truth images is vital in the

clinical diagnosis of eye diseases.

Methods
training strategy for retinal OCT image denoising. DRSA-Net consists of local sparse attention block (LSAB), depth
extraction block (DEB), global attention block (GAB), and residual block (RB). The TMI_20130CT dataset publicly
provided by Duke University is selected and preprocessed, and a total of 7800 Clean-Noisy and Noisy-Noisy image pairs

We propose an unsupervised deep residual sparse attention network (DRSA-Net) based on the Noise2Noise

are obtained. The proposed DRSA-Net is compared with the classical deep learning denoising networks U-Net and
DnCNN from two aspects of qualitative visual evaluation and quantitative numerical evaluation and is also compared with
the traditional BM3D algorithm. Then the denoising effects of three convolutional neural networks under supervised
learning and unsupervised learning strategies are compared. Finally, generalization ability tests and network module

ablation experiments are performed based on another public retinal OCT image dataset.

Results and Discussions The results of unsupervised training denoising (Fig. 3) show that the built model has better
denoise and intra-layer fine structure preservation ability for retinal OCT images. U-Net-N2N tends to destroy the details
and boundary of layers and introduces some fuzzy structures among layers. DnCNN-N2N brings degradation of layer
boundary and blurring of the outer limiting membrane. The comparison between the results of supervised training and
unsupervised training (Fig. 4) indicates that when ideal ground truth images cannot be provided, the denoised images of the
supervised learning model have more noise, while the unsupervised learning model has a higher denoise degree and can
provide clearer structures and edge information. The denoising numerical evaluation results of supervised learning and

unsupervised learning (Table 1) show that compared with the original noise images, the supervised learning and
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unsupervised learning models realize great improvement in various evaluation indexes of the images. Additionally,

compared with the traditional block matching algorithm BM 3D, the denoising algorithm based on deep learning reduces the
denoising time by two orders of magnitude. High-quality noise reduction of OCT images can be achieved within 1 s, and
the proposed algorithm can get ahead of most evaluation indexes regardless of what kind of training strategy is adopted.
The test results of generalization ability of unsupervised learning (Fig. 5) show that our proposed model has better
generalization ability among different datasets, and can obtain a cleaner background than ground truth in terms of
background denoise. In terms of structural information retention, it has clearer interlayer structures and more uniform
layers. The results of ablation experiments on different modules of the denoising network proposed (Table 3) indicate that
the combination of LSAB+DEB-+GAB+RB is better in various evaluation indexes, which fully demonstrates the

contribution of each module in the network structure to high-quality noise reduction.

Conclusions We put forward an unsupervised depth residual sparse attention denoising algorithm independent of ground
truth images to solve the noise interference in retinal OCT images and the difficulty of acquiring high-quality multi-frame
average images in in vivo imaging. The attention mechanism is combined with sparse convolution kernel to complete the
information mining between data efficiently and fully, and the Noise2Noise training strategy is adopted to complete the
high-quality training with noise images, which achieves a high level of noise reduction and preserves the multi-layer
structure information of retinal OCT images. The traditional denoising algorithm and the classical deep learning network
are compared and analyzed from the visual evaluation and numerical evaluation including PSNR, SSIM, EPI, and ENL
respectively. The denoising effect of supervised learning and unsupervised learning and the experimental results of the
generalization ability test on the public retinal OCT image dataset show that the proposed noise reduction algorithm yields
good results in various evaluation indexes and has strong generalization. Compared with supervised learning, unsupervised

learning can still obtain better noise reduction performance under insufficient data sets.

Key words optical coherence tomography; retina; image denoising; deep learning; unsupervised learning

2010002-11



	1　引        言
	2　方 法
	2.1　N2N无监督训练原理
	2.2　DRSA-Net结构
	2.3　数据集
	2.4　实验环境和参数设置
	2.5　评价指标

	3　结果与分析
	3.1　无监督训练结果
	3.2　监督训练与无监督训练结果对比

	4　讨        论
	5　结        论

