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Abstract: The morphological changes in retina boundaries are important indicators of retinal diseases, and the subtle changes can be
captured by images obtained by optical coherence tomography (OCT). The retinal layer boundary segmentation based on OCT images can
assist in the clinical judgment of related diseases. In OCT images, due to the diverse morphological changes in retina boundaries, the key
boundary-related information, such as contexts and saliency boundaries, is crucial to the judgment and segmentation of layer boundaries.
However, existing segmentation methods lack the consideration of the above information, which results in incomplete and discontinuous
boundaries. To solve the above problems, this study proposes a coarse-to-fine method for the segmentation of retinal layer boundary
in OCT images based on the end-to-end deep neural networks and graph search (GS), which avoids the phenomenon of “faults” common
in non-end-to-end methods. In coarse segmentation, the attention global residual network (AGR-Net), an end-to-end deep neural network, is
proposed to extract the above key information in a more sufficient and effective way. Specifically, a global feature module (GFM) is
designed to capture the global context information of OCT images by scanning from four directions of the images. After that, the channel
attention module (CAM) and GFM are sequentially combined and embedded in the backbone network to realize saliency modeling of
context information of the retina and its boundaries. This effort effectively solves the problem of wrong segmentation caused by retina
deformation and insufficient information extraction in OCT images. In fine segmentation, a GS algorithm is adopted to remove isolated
areas or holes from the coarse segmentation results obtained by AGR-Net. In this way, the boundary keeps a fixed topology, and it is
continuous and smooth, which further optimizes the overall segmentation results and provides a more complete reference for medical
clinical diagnosis. Finally, the performance of the proposed method is evaluated from different perspectives on two public datasets, and the
method is compared with the latest methods. The comparative experiments show that the proposed method outperforms the existing
methods in terms of segmentation accuracy and stability.
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PR I8 25 B B o3 8 75 RO LAy P AR SR AL 3R 7 v RN BE T-HLAS 2% 20 B 7. i AR BN LRIk
5 AT 55 3 AH G B B BREAE R S R RE 1, 49 4 A A e THREAE R IR 0 2 M, AROKFR B B R T HAE OCT
1% 53 BV A 20 . ELARAAGJE T BE L 17, AT AR 131 1 IR m] R R AL I AR U ST I - e 3 17200
FEG IR B 52, DL 7893 R L2 2 o BRI 1 1 53 AR £ 1t G 28 50 Wk 7 47 A B e Mk AT 2 45 e 0 R e
FEA R SRR R LB BENLARAR PR KU AR PRI 2 I 4 T i A G N L g e 2 ik o, IR
(graph search, GS) 7> #I LN R LI, T4 UG IIRIR h InAS P, B T sSont B L3 422 1R A5 3% BRI 3, A A
120 b A A AR L (VA AR T e (R PR SRABLRE . B A R v T B P R 38 sl BRI S ) A HL G AR, o
TR 7 B2 H BRI (surface) 32 7ok SET H AR IR 251, SR EORIUE T 20 SRR 1 [l 58 46 40 45
RN SRS Vo, BES T A0 82 R o3 R 2 RIIR, DR e T P R Sk A A 3 J2 AT e R IR 3.
HEAAEMAD T TIAL, —Z BT OCT BB a#iks . MERR, B A MR EAE RN R, 12
S TR R £, 0 E OCT BIMGAFE K B 75 FLK B AR, T3N3 B REAE T032: 78 70 Hh 3R AT UG A5 R, XL
T 23 At SRk s A R 2R U7 VR R 2 T IR B R 8 SR S B I S, 52 3] PG A B 400 T I J 22 JE 5 [ 56 3 S iR
LU, T AN [R]AS A A T 65 2 5 B SRR AIE AN ], R P ) — 000 0 Acb AN [R] 996 461 (1) OC'T G Bl ) mT e H AL
THIR.

MLAE R IR B 2 2] 7 1 P, g T ALl 2 21 J7 i N SR G R (125 B8, 5 05 oo R 5 e 4 10 4%
HEAT B 3 FRHESRIBURIE SR, 76 OCT ERAL M IS )= 43 #0177 T HUAS T ARG BE R, 5231 T % 2 B AT 1095 k. A4 A%
RN (R 7], TR B 2 ST R 7 0 R E0RT 43 g i1 R A e 1 7 9 5 Oy 803 10 7 9 B 200, o2 F PR e 1
Ji s, Fea 2R A B G N B0 20 000 2% i 0t LSRR BB e, iy b 3k AT 2 v 1) 52 A M FRE T B B R 11
oK. AR, i B g PR B 2% 20 U7 I TG 75 5 e BB WK, i A e i A\ T 2 B SR AT . 7E [ 45000 B AT 5L
e, S S 7RG 25 T AR EHR P IR, DL B A ER AN R, TRD T BEGE B R R AT g, W1 McDonough
28 N POLR T 0t B ) BP A28 X 288 At L 12 S RS2 RO s Pekala 5 N PHR T —Fh BB I 2% 5
e I R 5 (R R 582 40 0 5 7 Keepp A5 BT T 36 -4 U 28 I 485 (10 FEEDR [0 51 5 2K A5 B 00 1 JE J2 10 9
FNEEHA; Wed 25 N PP T — i (038 IR 8 S AR 10 A AL 4%, S S [0 R0 0 16 2 1) 14 B 6 R 5 ) N U35
FRHT . H TR BESE 2] ik OCT G LR 2 43 301 i 5002, E 2RI T B2 M 4% (convolutional
neural networks, CNNs) B{ffi PR £8 M 2% (recurrent neural networks, RNNs) ff /775, CNN Fl RNN A Jit_F 2 RFE
HUAS, PN ZRad 72 8 S5 B B GRFAE R A AR B R R AR RE T, (B BT B AT R & AME FE s i 4 b AT A B, TR it
FETE ST BN A RN IELL R 22, S5 ML ST AL . Bh AR BOBER S5 15 0L, AN e ORAIE 20 312 I Fh 4 8, 20 3145 RAEAE
T I3 BRI 53 B IR

AU, N LB 1 5B S0 AR TR 15 3127 o SREI I SRR AL A2 AT A AR B I, 3% 5 BR2H & B F T DAy ok B0 4
(R1 53 B 45 T, KAl Ge A B ATV S R 2 D) SV G A S R Ay B 0 — PR 4% BT, e A0 IS 2 40 BT 45,
P18 R R0R 5 YR 2 ) 5 I e W — i 2k 5K E R D 10 35 T G B R % 5 2% S R 2R 1) &
4, t Fang %5 N PILLEMG b AR CNN 73 2R P, 70 P P19 22 B30 WU I 58 200 04718 2R ; Kugelman %6
N\ PULE Fang 26 A\ P 05 3 (6 At _EAE ] RNN ACEE CNING Hu 25 PR H LI 22 RRE £ AR IR S, JF:
F 5 G R RS A DA Z 2 BICR, R 2028 N UOIR B T CONN 384y, il i et P98 2% S0 LA AR
WS 2 1) 3 A . R IR v DA EUAR T R IR, (e R R Gl 1R b £ 20 T B M 4 R s R A E
B A7 AT D, P98 3 Rk v i 0 ) R TS 2 AR AN % S8 B 5 4 1 SR B S PR, T 200 T &3 SR
(ORI, ZBABL TR dRe /NS, BRBIRATBLPE 2505 A, DR A0 o0 58 2220 5 1) o G P A B R 1) 3 R v S s
BRI B SRR G I T KETUR GG BATAE— @ FEAE g o 8Pk 5e. Lot T8 bR B, il ix
—RIFIEFTR Ry B A SAEE W B 2(a) PR ICWT 7 BL%, BMELIS T BHE R EE I IR R AR AR 15 2
O, TN TR AR P AR, RIS RPN R], ] 2(b) h BRI ARSI .
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MR T S B &, W 2(c) FE 2(d) Bros, BT3B o0 [0 B3 1 40 199 58 2 AR R O, 22 300 A
P o PO A L, AT e A2 1 R B A 4 th B R, SEBs b, X R E AR R E N S, AR
AUPA [r 400 1o 58 2 1] 118 222 S e P s 0 ) B R 20 1 SC B A IR, T Ok 45 RV A 28 5 T W0 I JE a0 S ) 1
I B, BRI 78 A SR BCRIA ) OCT EUER 0 18 SOfF B3R5 40 W I8 2 1 SRE e or BB oG8t O
JIE R Z R R ) B8, o SRS B I AF AR KR T 2= [H). &5 b ad, A SO i 21 v PR ER S8 27 20 T vk 4
REVEEEA, $E W T P BT B R B4 10 FE TR R ) & R ik ZE M 4 (attention global residual network, AGR-
Net) Fl S #4 22 1f) OCT &AW 5 J2 300 5 53 8 J5 vk, ARy #h T 2 OCT G AR P s J2 101 5 53 B 5 E AN A2
A EETTERUW .

(a) ZF &R B 1 (b) 7 &R 2 (OF:x FK (d) 7 EIRG) 4
B2 AR YRR AN TR 58 2 2 TR P 00 D 6 2 00 553 5 SR o
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o ST PR T R ) A R B 2 I 4 1 i 38 S R A SRR, A LA DA AR R PR 23 IR B A
DABR 22 H ok BLml, R ) A TR R e 8 AR 18 S i =5 W I B k. (RIPURFAESR B S8 4 1. i B3 AT 2 5 4 R R
fEREER (global feature module, GFM) Fifi i i 5= 1155 (channel attention module, CAM) FFK Hoik A\ 21155 25 4 2%
b, BEE 7850 $2 L OCT EHER 4 R T SO BANEMBRHE L 1A] (R DR TBC PR AT 5, I [R] I 38 SRR 194 e J 2320 S PR iR A DK
FR, ARG T MM OCT BUSH T KBS 1 5t /r 8. 1 SR HE LLE L) il L.

o TEPANA T AU AL L TF vl Rl S IGI0AE T A ST A 2, IS 2 M W7 R TT 7 bsi st seat 4h
RERWIASC T T OCT EGAR I8 = 10 73 F 5 52 SRR A SE 8OR AL T B Ao (0 75 1.

2 AXEE

QB 3 BT oAy AR SCHE HH AL I 1882300 40 S SR AR R 1], AN o3 R 2 AN B AT B B R 2 BB B
(coarse segmentation stage) F14l 73 #B B (fine segmentation stage). ZEX1 43 FIF B, 3l i A I 2R SE AL 1A 3
AGR-Net [11Z 505 R A2 A\ W 25 BIAF 2 2 B g5 0L Hodcth, ASCTEIRZ M 48 P ik N T 4 Jey R A AR B i 1
TR, 1 Bes 78 0 AR R M 2 R B R SUF I, 5 2 MATEAS 9 2% 309G T OCT BHZR TP A M B 23 FAH O
1 AR L (AR R, 2R P 4845 20 1040 U T2 43 3 25 R 2 28 RN B IR I 4, AR SCR 4 R
S0P HH 4 E I 25 S AT 40 438, DASRATZE SR (V00 1o 58 2 0 S 43 ) L. Bkt AR S 516 28 i 31 i ¢ 32 A
L 2 A B 2 F0 45 AL, TR R 20 S0 45 SR AR i i i 06 220 A L BEIARSETRY, SR 12 4 il B AT BB AR 4 R, okcth
FH o3 3 25 ST A AT TR FAN TR 1) i R, AT A #5400 P B 2320 5t
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AGR-Net

Coarse segmentation results Fine segmentation results

K3 ARSI M2 23 B R
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22 MHPE-EENERBREMNE
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RS ) 1L, A SRS T 28 BV REAE . DRI, ARSC LS LE (145 Tk 22 B BN B, DU R JEAiAS) i AGR-Net
() T 45K, Bt bt Sabh BV JC SO E S — FR 5 el T W 46 IR T 3 B0 0 2 AR A e i, H ke 2 e v (10 1 56 Bl A
PR FE FE R T R AE SR HR I e 4 k.

2SRRI BB B 78 2 SO0 T4 @ B 2= W 70 R B A S I, JE S TR 21 7 &, A
W HG S8 T 2 — L I 8 2 A R Wl ) 5 B s B T AR R SO R, B B R SCE R A OCT EBHR AT BLk
IR, PR A A LA R 7 B 28 4 I, SRR 4 Jm) R SOM5 B R S L i el SRR I 85 22 R K P i k. 2
R BIIEER AT ZE 0 2% IRV RFAE R AT 2 R AR R R L, AR EAT P ARSI i A v, 3ol oA — 20 45 B LA
BT 0, WML 8 T A RGBS, L TIRF A& W 28 1R i — 0%y, ASCBert TH TR/ B UFE
B2 AR (GFM). tHT OCT EIHER BRI IR 7 — B 00 T IF AR AR R R, HAGFRANEZE W 2 A H X
FRERT B A B e, Dk GFM /1 4 N TEE A 3G (gated recurrent units, GRU) %, ‘©A114 AIAEAK AR H L
DAX ) 7 2O UG REAT F 4, SN 4 ANT7 1 L4 R IR 7 sCERIIIM I OCT G 1T 30/5 5. tk4h, GRU fgfg
B AT N AR AT DR SRR D). BARTT S, GFM Y 4 N 3EAT I GRU 43 AR B 4 N6 7 10, A IF OCT B4
WAL TN 4 DAFER 1xIxn 75, FFEN 2 X IG GRU H, K15 B H P 5k 4 SREFIEIR, #Eig 1
RERAFAE E T AL 3 R IE S AN ), B DU 3 AL A (13 20 T A& 2 5 T SO B AR [ 741

TG R IR T A R R IR AN TR 7 1) ) G AE BT T 7R, 24 JR R IE R SR IS IR A AE 58
TE 2t FE D SRAFAEAS [R] TR D0 R 2 AH S A T AR 5 B Gy T2 A i OCT G b 5 J2 10 A DG 1) S 2 kA
SR, BR300 R 199 22 45 ) T AR AH DGR AIE, AT 2 ) BB (CAMY) 385 7 38 3 48 J3E vl B He A gl i e )
i, B2 T I, PR A T 26 1], AT AT 3 T I 2 A () G R KM R A 22 CAM IR AN AE ] L Rpim]
13 B0 B, AT B3R P b R R 5 3 R DG (W BT A5 R R I 5% IR E I 5 B AR SOl v B B S i
SR A SRR E AR BR AT 215 I8 B 3] 3 1 X % v UAG 20 S BIAL X 5 2 R R A 1) 2 DU 38 55

] 4 S ASCHR ) AGR-Net IEARAN T, XHEEHAN OCT B, 1 el — MG RUERIL 4 15 %A, A
T AE B 8 SR B G AR AE Rk PR AR B AR A5 S, % R SR FE & AGR-Net 1 ME—FRAR MG HER IMP IR, &R RAEI
BUE TR Zd M4 4 AN B, X 4 MBS iR Z e (BN GRZ INBREB A il — MR ZEE) . AR IR
FUTE T YA R, 5B BRI ZE B ECE 43000 31 4. 6 K 3, 1A R REAE AR LROR I 3 v R ) AT 4
AIBUR A E A E R 2 1L (ISR, B 4 B Bk E B E AN R )2 2 W, H GFM f1
CAM #HRATHAIRATE 4 DM B LR 24250 OCT MG P 1) 21 FURFAE. B 178 EIRRFAESR I 1) i FR v R R
SHAXAR /N R SR IR 174, SRFEAS B/, TRUMTE W 2% 1) B Joi SR e B AR T 4 45 FRE G e &5 L.
23 WP E-EREEE

—MAHBL T, OCT K5 Hh 1A I I8 2% 30 72 3 AR A ST ZE 252 1), BIVASE 1 R A0 P 8 2 T A8 ) R R R
M AR X U X I LML R AE M2 I 454 OCT EMGAHAE (il R H JC VR4 5 8, DR AL I J2 43 &%
R 2 Sy I S(a) /N IR DX BRI, A5 A0 o 40 O 6% 15 381 P A 32 300 A Ay e 248 AR T I 2 3
Ft, WIS BN 18] 5(b) Hhids FEAS G SR 1% L. A 9 8 J2 P AN 3% S A 43 DAAS T ST DR sk LR R T a0 A7 AE, I T 9
BRAZIL G, A SCIE 140 2R SR 3 ) 4 dE— 20 b B, AT A5 30 280 S 2 1) 40 43 1 45 R

Graph search algorithm

(a) L2 H1 45 R (b) T2 5 (0) = ABIEEA [ PR (d) A5 B SR
Bl's  ansr s

P, 7 1 T PR S5 B0 — 2800 2%, A L TR PTG o5, 47 1 P AL 3 TS %
5 A AT 7, B ST MR 15 AR RIS . A SR R UIZ 3 4 S PR A
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AR RAEAKE TS ) SEIRAN ] S(c) Fram i) = AR 1) 2838, 71 78 0 L ARG R IV ALl b REAE IR AR T i
P B B30 AR SO i 281 3 43550 D0 26 5 Bl 3R R BV AR 45 6, Tl PP 48 I 2 45 B2 [ s, SR st ) PR 98 R V0t
R AT R, AT A A3 BIHE 27T A 73 S R AR T OCT & (1) 4 R e AIE R F 5 OG5 JEL 1 e A% [7)
INEarssuRse cay I NTTE S I RN T =S ul i

B8R AR i 09 1 IR, Bk R EASE LT 4 NP,

Step 1. B ffefgeilals Ft. FAR 3 F 455 R b (V)1 55 3 e 0% L S IRMBRAR 28, ] 5(b) s, T3 31
SRR R, S T I BRI =2 AN — SO, TG R B A =2 1612 R 2 B 4

Step 2. A A7 1) BB Y. K i 4 iz b 10 5 I 1) BV 22 S 6] 5(c) Js () B 5 RORIE BT s i A By — A
AR T A (] BRI ASEAY, Horp 1 AN AR 1 AMEER, AT AR R R (AL

Step 3. VI5A T B & S IBUEFEBAUE. ¥ Step 1 RIMEERIL TR E (178 FIBUE RN 1, A0k 0.
A 1 E Y SR EERE T T

Wi =2=(pi+pj)+Wnin (1)

FCrp, p AN py 53 AR /8 A0 IRBUE, wy R0 i i 21 j 18] KA 1) T AR, iy A /N IEEL, BAB 1AL
B0 0. 568 T3 1v) B R RO 53— 4%, OB 1R DR/ 5 e 8 (R AN 19 0 g B2 PR 15 32 1 22 20 ) B

Step 4. I E A2 EIEAE R A 7 K. R Dijkstra S5 6 5 AR 5HE BT 8 146 ) & o 08 5 Tl s He R, 7 A
Vel I 58T )= ) AT, e a5 20 Al 43 45

P48 R STVE A 5 AT I AR ST AR SRk, R4S TR AH 231 45 SR v A A 1RO A I R J i AN 5 (1 ) R A
SR TR A R T A A A A R, A R AT AT e 2 A B IR 3R, AT 0 A S b 7R o 22 1)
25 1R 73 1 2 AP [ U Al 4 e 2845 3 RO A I I8 J = 10 5 5 LA e S el

BOE 1 BFREE.

N LAY BN B R 3R 4E v KA Tt SR C (IR IR 15 3.
VIRt

LGB EES V={v\ V2 oor Vil om

2 MEEIBFEES C={c1, ¢y ooy O}

3. M = ARG AT M G = (V, E), E={w;},i,j € {1,2, ...k}

4. Tj/ﬁﬂ{ﬁ%ﬁp: {plap27 ---,pk}r JEL‘EP =P~ TPk 0
K%

5. Initial(P) : P={p;=1 |1 <i< Kk V;, € C}

6.Fori=1—kandj=1— kDo

7. wy €2=(p;i+p;)+ Wnin

8. End For

9.8=0/ CLMERARI S

10. While V# @

11. u <minDistance(E, V) /| WINEEA FIEFE 57 A0V B/ MR TR u
12. SeS U {uy // BT u i\ S

13. For each vertex v € Neighbor(u) Do

14, Update(u, v, e) /| XF4F— 5T w ARSI S008Ik AR, SR iR R B A2
15. End For

16. End While

Hih: Path(G, S).
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3 WSS

3.1 HURENA

i 1 UL of Miami OCT et 4R U, frva i 2% BT RHBHIF R BRARBMIF 5T BTR AL, 408 10 4 3 4 i bl
PRIV A JEL 995 AL 5 4611 1) 50 M OCT B, Horp B AE RS X (0] 8 45-59 &7 K TR 9, SRAL T J5 35 0 194 st 2 B v
ST B R 1 e ke B PG 2 A e e s LG 2 M, S S IR SR HEER KN 496%768 (1) OCT K14,
FRIE BRI I E PR 1111 ym/ME 3R, ACE 8RN 3.867 um/B 5. T A RAEZIMALM I OCT G 1 5 |2
75 (Surfacel. Surface2. Surface4. Surface6 Fl Surfacell) WAL IRFF & 5% A I #EATARTE.

Bollnde 20 BN ER AT 4 ZORFEMIRBIST L, B Chiu 28 N "THIZEN K SD-OCT g R4 K4, 4
£ 20 BIAERS AR SCIE SR AP (AMD) H561l11) 220 i OCT %, b AR B AL 11 AL M) OCT %
(R 530K Fen, Horb n 25104 20 5. 104 15 F120). A RAE S OCT Gt 3 2 5t (K4 i 5
WF (RBC). MM ER RN IL St (IZ-RPE) FHN FIREI i # (ILM-NFL)) [RIFE b i 67 IR B 55 R I 24T
Frik.

32 EWHRE

A S T Rl S 6 FIO6S L S 56 0 T 2, K AN 4 AN O TSGR BT ) 4 R i 2 ) g R LA A R R, DA
5 B R LA W R e, HARGEE: (1) 4R RFE R A7 flSE 5. Gl 16 B A2 75 I N4 SR AT AR B 1) 52
B g R, DUSS U A SC vt i 4 R REAE EH 2 150 B T 400 09 68 J2 020 S 23 ). (2) T8 T8 v 2 00 RV Rl S B e i B UE A
o0 8% A A o ik N B T Y 2 ) AR B TR — AR AGASEY (1 2 P R, (3) PRI 2R SRR T R S0 8 L AR 43 AN
A 53 25 R USSR S R BE AR, (4) 5 2 A ER LE I8, i 7E A S A B ANEUE 25 R AR
FTT S 2T VERAT X B, ABGAEAR S vk AR, BEah, B AR OCT BHE, A SO 37 45 JLHT
Tt

FESEIG AN SCR AR AT T 508358, 35K 5 $r28 SCRAEAT MR DAL . Jorh S48 1 3885 8 A0
%l (40 WG 1E R INZRER, Hogx 2 /AN (10 TR EHG) hillalse; Hodiise 2 A 16 A0 (176 TR G AT UIZE,
FE4R 4 Mt (44 IR B 1E ISR, B 1 A0 2 BE WAL & RIFBbRE, AL B | AL FKbREA
GhRUE, TR AL L KA EZE R (Inter-Observer) 15 A JI 8743 EKE B () B AR bR UE.

3.3 HNiERR

T BN THOR L, ASSCTE AR 1 A 2 bR A s B FR bR/ D AT 4 B Pk RE IR PEAN BR vt BN AESL
Wt 1 ERAWASR Q) iR PH o7 5% % (mean unsigned error, MUE), {34 2 ERHTWAR (3) Fiasi
YRR ZE (root mean square error, RMSE), UL PEAN e bR V1 SRR g Fieil i S5 B S S g 22 1 7 s F

D P = Gl

MUE; [|A-scan]| @
J > (Pi0)-Gi)
RMSE, =\ =—//————— (3)
[|A-scanl|

o, x 278 x B AR (A-scan), | RRH | NG, P(x) T G(x) 53 METREE x A A-scan BUR R RERITEN BRI
H K. |4-scan|| &R A-scan I EEEEL
3.4 FftEs
340 A RRRAEASEH 1 Rl S A6

S 3.2 AT, A R R B 4 AN IFAT I T ISR IR B TT R e, ) T R4 R AR L AT R, A SCHE P
ANBPEAE AT TSR A T i S A S g5 R WER 1 N 2 B, 7R 4 R AR AR B i, BRI AR 2 )
RBC JZIU S R ZEM M A T 0.03 /MER 3 DAAh, HAb il S iR ZE 48 bn 88 KIREEEI T M. B2, AR N2 RRHE
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LIRS, AL I 230 503 5 RAF RO (KR 22, A 4 SRy e I RS ERTR N 190 8% i T, OB o B8 J i S 2 KM 2>
G JRy R RS L M TR AR R 505, — 5 AR KP4 B AN L2 1 5 TR i LS A 22 PR K P T
Pk, I3 J7 AL BT 1) SR HCAN )R 0 522 0 PR 1 ) AR AL, 0 S i 5 79 AR A LA AT 280t 1A T 0 1 2 A 8
W A JR R AIEASEER MK AP RIS BTN T7 i) o B FR 4 Jmy b SO R AT 3, T ANDUZ BT R AR 4R B, 7853
AT BB BB R 2RI, 72T B E I BUE S5 R R IA LT (4 JR R AL AR REAS A b ORI
B8 OCT BB 14 Jm e 13, B wg WL J= 320 5743 T 14 4 R .

F 1 TEBIREEE 1 FXT GFM A1 CAM R Bl Sz a6 45 5

Network Mean Std Max Surfacel Surface2 Surface4 Surface6 Surfacell
Baseline 1.021 0.137 1.243 0.897 1.014 1.088 1.243 0.864
BaselinetGFM 0914 0.103 1.080 0.769 0.956 0.901 1.080 0.862
BaselinetGFM+CAM 0.911 0.112 1.084 0.768 0.955 0.940 1.084 0.811

F£2 TEHURLE 2 X GFM A CAM (K71 Bl Siz i 45 51

Network Overall RBC 1Z-RPE ILM-NFL
Baseline 1.93+0.98 1.66+0.84 2.73£1.02 1.39+0.38
Baseline+tGFM 1.73+£0.96 1.69+1.19 2.28+0.80 1.22+0.40
BaselinetGFM+CAM 1.72+0.97 1.68+1.20 2.31+0.79 1.16+0.29

3.4.2 EIEVE R BB RS

N T BRSBTS IS IS AT R T 3T RIS, AR SCRREIEAT T JCIEIE T S I BB K0 B s, 78
i AR 1 PN IR TEVE R R S 06 45 R W3R 1 BR, ik A CAM Ja, ££ MUE 55510, Bk Surface4 Al
Surface6 [KTRZEME T L TFAh, HoAhid Fr 1 109358 22 J V-5 i 22350 AN Tr) I E (R B MR 2 rPOnd S 3 v T 0 BB K
TRl 45 ] LU B, BR 1Z-RPE JZIA A R 22 LT T 0.03 MEERSR, HAR ML SR Z= 87 AN FLBE K R B,
SR BARTT A TN 22, SR LTIR, T IEVE R D 51N BERS A W0 45 A 1 B b it A A5 SRR, v e
GFM $2HUE R E T BE AL 5 R D B LA ANTE AR B, ATIAT R 55 J2 1A AR Rl e A5 2. AP Edia 4R I
TRl S 06 45 R AR Bos 1V T IR AT 1A 5 I — € 5 TR, T GFM Al CAM % 4L & 1
FH AT DS54 SR R AIE PR BB 78 43 7 2L
343 FRREENH SR

oI TR B GRS B AL S AT REAF AEANE SIS UL, ASCR A Dijkstra SEXTBTE ) = AT ) FEATHR R
CAHEAT 40 7331, 2 3 A 4 2050 0 A St B JE IR R AN I 73 5451, AT LA Y, B R S0 ROb AT
THIFIGER A NRZE. B 6 A 7 235 s TAEP A Edla e B 51 FHR RS G (T A48 SRk L. A rpraT
LRI, AL ANIE S I B S A R0t B, JEIL &L 6(b) MET 7(c) B, Horh 24010 FAE LR 205 L R
SRR IRV A B AR SO AL A f LB IE 1 40 2 35 B 1) P 3R B L A I S22 30 5 03 ) AT B35 (R T )
TEH.

B3 AR 1 X ER R SR Al g A R

Method Mean Std Max Surfacel Surface2 Surface4 Surface6 Surfacel 1
AGR-Net (Ours) 0.97 0.17 1.14 0.78 1.09 1.10 1.14 0.76
AGR-Net-GS (Ours) 0.91 0.11 1.08 0.77 0.96 0.94 1.08 0.81

Ra AeBnte 2 X ERER SR m s g A R
Method Overall RBC 1Z-RPE ILM-NFL

AGR-Net (Ours) 1.76+0.94 1.77£0.94 2.26+0.76 1.24+0.41
AGR-Net-GS (Ours) 1.72+0.97 1.68+1.20 2.31£0.79 1.16+0.29
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AGR-Net-GS AGR-Net

Manual

(a) 7B 1 (b) - EIR G 2 OFiNE
6 TEERHEAE 1 Lo A R SR T Bk s I AT A 4 S

AGR-Net-GS AGR-Net

Manual

(@) S HIRp 1 (b) S¥HIRH 2 OF L ERIE
7 ARG 2 1ont B R A S T LA AR

344 HOAH AR S

h T KSRy E T 0 4y B e, AR SCAE AN B AR S IRAT O AT 7 AT T ARG, S8 45 4 ) A
SRR 6. BRorEIAE WAL, b T i R P L, AR SCE TR T SR T R R AR B R RS AL
(floating point operations, FLOPs), #5211 [¥] FLOPs /N, V143 B0, D) 2R 0 As 70 (1 S0t R e pe.

TSR T AL S 1 LK 14 Fh RO VE R L5 R, 20 Inter-Observer 2R W1 % S bRiE 1)
ZE 5. B IOWA™, Spectralis™ I AURAM ) &5 5 piy 6t 8 T 5 PR B 3RA 2 AR oxt b 7 ik 1 45 L a8 26 ek 52 30 73 38,
Herp Bern”, OCTRIMA! /A1 Pekala %5 A P2y & S 11 6 B (48 SCIESC, HART7vAMI S5 B A ST L. 4 T 4RF
FLER 1A 23 P, BT K L D 1A S 560 R B4 T R S AR ] 1) T B A B 5y vk R 5 T LR
H, ASCTIEAE 5 AT FHRRRP R 4 DRI T S/ MR ZE, IUAE Surfaced $E b5 LSRR 45 I AE T 0.02 MG 3,
T A 32 i 22 A IR R 1A R B, PR 25 th N A2 0.91 ME . K 8 JR T A SO i B i I T AL 7
F RN L, AT LU B, A SOOI 0 2 0 45 R SN TARTE (45 5L, 599 55 DCNN-GS™*), MCNN-GS"”!
IXHET PG B R0UR ISE 2 SIS P BRI A O 5 Vo0 B, 6B PR R 2 LR I 2 A7 AE PR MO AZ, AGR-GS
1230 5 51 T I, ANAEAE ) B AW 2 IS, T U-Net-GS!2H 24t 513 77 5 14 43 1 45 AT L, AGR-GS 16
AT A 1100 AR S R
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®s5 AeHdRSE 1 BS CATNR N MUE S5 R TR

Method (Year) Mean Std Max Surfacel Surface2 Surface4 Surface6 Surfacel 1 FLOPs (G)
Inter-Observer 10 015 129 0.87 1.14 1.10 1.29 .12 -
Bern (2013)"" 1.81 057  2.77 1.71 2.77 1.60 1.72 1.24 -
OCTRIMA (2015"" 117 023 152 0.95 1.18 0.99 1.52 1.20 —
IOWA (2015)"*" 166 030  2.03 2.03 1.74 1.79 1.51 1.22 -
DFCN-GS (2015F" 144 024 176 111 1.65 1.76 1.42 1.25 362.16
Spectralis (2016)1*” 133 037 192 1.09 1.45 1.92 1.19 0.99 —
AURA (2017)1*! 123 022 154 1.35 1.19 112 1.54 0.96 -
DCNN-GS (2017)> 112 020 145 0.85 1.45 1.05 1.20 1.02 148.33
MCNN-GS (20197 099 0.0 1.13 0.82 1.05 1.00 1.13 0.96 145.25
PekalaZ A (2019)™ 106 010 1.19 1.10 1.06 0.92 1.19 1.02 —
U-Net-GS (20200 097 012 116 0.80 1.04 0.92 1.16 0.90 364.39
LFU-Net (2021)" 148  0.63 241 0.85 1.59 241 1.61 0.98 253.74
CS*Net (2021)"* 134 037 1.66 0.96 1.66 1.41 1.55 1.13 68.94
MAG-Net (2022)"" 149 059 2.12 1.05 1.48 2.12 1.89 0.93 19.95
GLFR-Net 2022)° 120 037 141 0.82 1.36 1.41 1.28 1.13 60.17
AGR-Net (Ours) 097 017 114 0.78 1.09 1.10 1.14 0.76 87.76
AGR-Net-GS (Ours) 091  0.11  1.08 0.77 0.96 0.94 1.08 0.81 232.87

*o6 (eHulidk 2 15 O AR RMSE $a4s REHLE

Method (Year) Overall RBC 1Z-RPE ILM-NFL FLOPs (G)
Inter-Observer 2.19£1.00 1.93+0.76 2.96+1.04 1.66+0.64 —
ChiuZ A\ (2012)" 1.93+0.98 1.66+0.84 2.73+1.02 1.39+0.38 -
DFCN-GS (2015)F1 2.56£2.05 2.94+1.83 2.63+0.91 2.1242.84 311.42
DCNN-GS (2017)* 2.33+1.88 3.1242.76 2.61£1.02 1.27+0.40 94.90
HussainZ A (2017)" 2.37+1.65 2.07+1.81 3.49+1.46 1.54+0.83 —
MCNN-GS (2019)"” 2.12+1.46 2.64+2.05 2.48+0.93 1.25+0.35 94.51
U-Net-GS (2020) 1.76£1.91 1.90+1.07 2.21+0.71 1.18+0.34 313.65
LFU-Net (2021) 2.1942.18 2.84+3.50 2.08+0.60 1.66+1.01 253.74
CS>-Net (2021)" 2.09+1.57 1.9242.30 2.23+0.64 2.10+1.11 56.36
MAG-Net (2022)° 2.39+1.55 2.65+1.37 2.52+40.53 2.01£2.20 16.44
GLFR-Net (2022)") 2.04+0.60 1.60+1.83 2.37+0.87 2.16+1.67 60.17
AGR-Net (Ours) 1.76+0.94 1.77+0.94 2.26+0.76 1.24+0.41 72.30
AGR-Net-GS (Ours) 1.72+0.97 1.68+1.20 2.31+0.79 1.16+0.29 166.67

%6 BN T ARSI TR S A 2 I 10 Bh 375 UL PR S bR 0 e . e Chiu 28 W70
Hussain 2 A\ ST 5 VA 45 50 BB 10 A 06 B R R A0 SO P S aE 1 —8 A T S A 78 0 Ui A S0 vk
MO 2, ARSCEESAR AR 2 L ARE Sl T HAb poxd L vk, i3k 6 TT LR B, AR 38KR 22 VPN 48 hk Overall I fy 4%
FU P vk g /N, AEEC P 3 4 IA S BRI T RN 2, JUIL R, ILM-NFL B2t S m =, AL
FR: 7 ) 4 R 25 M 4 5 RS R IBC A I 7 120t T 50 4 2 A LR U A0 B0 0R . 181 9 S AN [l 43 17 v AL o 2ok
S EG. B 9 wha) DUE B, 75 3 BE b0 M7 B T, DCNN-GSP R MCNN-GS® 7 5k B T HEAE 0 0 R AR B e 14
PS8 RBC JZiA F L T A8 Y, 8BS SR TIN 10 5 2 A7 AR 8K 1 2 5. 28 4Bl ih, U-Net-GS'™/E RBC |21/
G bt S, (0 2208 /N T DCNN-GSP IR MCNN-GSP?2% HAN ] T L3k Al 7 925 (R 42, 1% 77 922 B il
G i AR T 1 J5 DR 30 A5 3% (A 28 500 B T A0 1 PG b SO S BRI 7843, I 5 B0 AN [ R ) 2 )
(015 2% 2 0 BTl . A B, 1 9 T, AR SCOT AT 78 43 R FH T AR B I b SCAR IR R AB A o0 %22 ) 22 e P 1
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BUR, 6T 230 A0 20 B0 v, B0 & RBC 2. WK 5 Fk 6 thi] LLE H, GLFR-Net™ fil MAG-Net!*4%
FE TR B 28 I % 14 BB BT ¥ 3 ELAT R (3 0y 3R 22, Herh GLFR-Net!™ 3 o 7 gt 4 J= 1 J=) SR i s B
FRAESEIN I 7 R0 WA B R AL RIS T SEBL T /MR B HR 22 T . RSO H ) AGR-Net FJ | GRU #2214
SRR IR 77 3 e 3 T LRI IE S AR, e BRI R R R R 00 N A B e T RS, FLAE AN
Pt AL T VR P A8 I 25 1R PR B T v Y B NI R 22 Bk — 20, S I NS R BV, B 2R 1
T, AL T35 2 itk — 5 PR

(j) U-Net-GS segmentation (k) Manual segmentation (1) AGR-Net-GS segmentation

K8 fEfdidE | B 5 CATRER 2 FIRCR I ELAL

3.4.5  WEll5rHr

NP IE 25 BIETE S AR 5 B 7 T A SR T A R B ) R S S5 Bk, A T AR SO B AN S0 SR 3047 T %491 43
Br, Far A g i 10 Fros. a5 3.0 W n a0, R4 1A 2 4 0S5 AN R SR IR M IS OCT Mg, vk
AR 1 oy o P AR S R A IR 7R 1) SR AR AE 2 T SRR A DG SR B AR R . thiE 10
AT, BB AR P R (AU I AR R S W SR e B AR LS I . W 10() B, TR PR 0 AR 3 A
WIS SR IR AR, 23T AGR-Net-GS 1973 8145 R 5 I FAETE RN 22 5, et T~ ] 10(b) Frzs i) AMD i
JR I R I R AR T, R AR S S 2 1A S R RANISS), AGR-Net-GS fEHE 4 RFRE I 52 81 T 51
Z DS AE 5, I 5 38000 0 4 R 2 A7 AE SOt i 22, (AR AR e B AR 3 B A . G s s b, AR 305
TRAEX A B AR AR 1 0 A B 4 T3 25 ANV 0 FR I, 33K A 38 A AR ST 3 5 1050 AN [R]85 ST 3¢ s P A0 A
AR — B IIE .
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SISt

(a) Original image (b) DCNN-GS segmentation (c) MCNN-GS segmentation

(d) U-Net-GS segmentation (e) Manual segmentation (f) AGR-Net-GS segmentation

Ko fEfdise 2 B 5 CAT AR 2 FIRCR I LA

R e
L5 bR
ARG-Net-GS
(a) ¥edige 1 (b) Htii 2
K10 Bl 1 REREE 2 ool o0 5 AR 1 11 4 1 45 B
4 B %

B0 OCT WU )23 573 0 10 8, AR ST G T o 00 )< o REL 80 2407 ) e ) 4 o B 22 ) 4 T R R
(150 FUT7 i 2T A AT T i B i R R A 20 I 296 (R REL 0 DRI T IR R R A 20 B A A B B R, st T
AR AR IR FLR N 22 4 44 DAEREC A SR ARG 5. K, AR T M R RO HLBI# 3R OCT I
G it HbRAE R ds i, SR R BT 1025 R W 2 R 23 0 45 R (9IS DSORI SRS LI, 4 28 SEOKS 40 1K) 0 1 46
R IR RR WA SCTTEAE A LR A TF R4 EHEUS T Se AR 7 H8CR, BuE g RS ORI T H
HT¥) OCT #RL I 5 J= 3 5 93 F Uy ik

References:
[1] Fercher AF, Hitzenberger C, Juchem M. Measurement of intraocular optical distances using partially coherent laser light. Journal of
Modern Optics, 1991, 38(7): 1327-1333. [doi: 10.1080/09500349114551491]

[2] Li M, Landahl S, East AR, Verboven P, Terry LA. Optical coherence tomography—A review of the opportunities and challenges for
postharvest quality evaluation. Postharvest Biology and Technology, 2019, 150: 9—18. [doi: 10.1016/j.postharvbio.2018.12.005]

[3] Tearney GJ, Brezinski ME, Bouma BE, Boppart SA, Pitris C, Southern JF, Fujimoto JG. in vivo endoscopic optical biopsy with optical
coherence tomography. Science, 1997, 276(5321): 2037-2039. [doi: 10.1126/science.276.5321.2037]


https://doi.org/10.1080/09500349114551491
https://doi.org/10.1016/j.postharvbio.2018.12.005
https://doi.org/10.1126/science.276.5321.2037

14

(4]

(5]

(6]

(7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

EIEE Mt TRl o8 AR

Drexler W, Fujimoto JG. Optical Coherence Tomography: Technology and Applications. Cham: Springer Int’l Publishing, 2015. 3—64.
[doi: 10.1007/978-3-319-06419-2]

Fujimoto J, Swanson E. The development, commercialization, and impact of optical coherence tomography. Investigative Ophthalmology
& Visual Science, 2016, 57(9): OCT1-OCT13. [doi: 10.1167/i0vs.16-19963]

Puliafito CA, Hee MR, Lin CP, Reichel E, Schuman JS, Duker JS, Izatt JA, Swanson EA, Fujimoto JG. Imaging of macular diseases with
optical coherence tomography. Ophthalmology, 1995, 102(2): 217-229. [doi: 10.1016/S0161-6420(95)31032-9]

Keane PA, Liakopoulos S, Jivrajka RV, Chang KT, Alasil T, Walsh AC, Sadda SR. Evaluation of optical coherence tomography retinal
thickness parameters for use in clinical trials for neovascular age-related macular degeneration. Investigative Ophthalmology & Visual
Science, 2009, 50(7): 3378-3385. [doi: 10.1167/i0vs.08-2728]

Malamos P, Ahlers C, Mylonas G, Schiitze C, Deak G, Ritter M, Sacu S, Schmidt-Erfurth U. Evaluation of segmentation procedures
using spectral domain optical coherence tomography in exudative age-related macular degeneration. Retina, 2011, 31(3): 453-463. [doi:
10.1097/TAE.0b013e3181eef031]

Bavinger JC, Dunbar GE, Stem MS, Blachley TS, Kwark L, Farsiu S, Jackson GR, Gardner TW. The effects of diabetic retinopathy and
pan-retinal photocoagulation on photoreceptor cell function as assessed by dark adaptometry. Investigative Ophthalmology & Visual
Science, 2016, 57(1): 208-217. [doi: 10.1167/iovs.15-17281]

Sarhan MH, Nasseri MA, Zapp D, Maier M, Lohmann CP, Navab N, Eslami A. Machine learning techniques for ophthalmic data
processing: A review. IEEE Journal of Biomedical and Health Informatics, 2020, 24(12): 3338-3350. [doi: 10.1109/JBHI.2020.3012134]
Ngo L, Yih G, Ji S, Han JH. A study on automated segmentation of retinal layers in optical coherence tomography images. In: Proc. of
the 4th Int’l Winter Conf. on Brain-computer Interface (BCI). Gangwon: IEEE, 2016. 1-2. [doi: 10.1109/TIWW-BCI.2016.7457465]
Ishikawa H, Stein DM, Wollstein G, Beaton S, Fujimoto JG, Schuman JS. Macular segmentation with optical coherence tomography.
Investigative Ophthalmology & Visual Science, 2005, 46(6): 2012-2017. [doi: 10.1167/iovs.04-0335]

He QY, Li ZL, Wang XC, Nan N, Lu Y. Automated retinal layer segmentation based on optical coherence tomographic images. Acta
Optica Sinica, 2016, 36(10): 1011003 (in Chinese with English abstract). [doi: 10.3788/A0S201636.1011003]

Naz S, Akram MU, Khan SA. Automated segmentation of retinal layers from OCT images using structure tensor and kernel
regression+GTDP approach. In: Proc. of the 1st Int’l Conf. on Next Generation Computing Applications (NextComp). Mauritius: IEEE,
2017. 98-102. [doi: 10.1109/NEXTCOMP.2017.8016182]

Liu YH, Carass A, He YF, Antony BJ, Filippatou A, Saidha S, Solomon SD, Calabresi PA, Prince JL. Layer boundary evolution method
for macular OCT layer segmentation. Biomedical Optics Express, 2019, 10(3): 1064-1080. [doi: 10.1364/BOE.10.001064]

El Tanboly A, Ismail M, Switala A, Mahmoud M, Soliman A, Neyer T, Palacio A, Hadayer A, El-Azab M, Schaal S, El-Baz A. A novel
automatic segmentation of healthy and diseased retinal layers from OCT scans. In: Proc. of the 2016 IEEE Int’l Conf. on Image
Processing (ICIP). Phoenix: IEEE, 2016. 116-120. [doi: 10.1109/ICIP.2016.7532330]

Tian J, Varga B, Somfai GM, Lee WH, Smiddy WE, DeBuc DC. Real-time automatic segmentation of optical coherence tomography
volume data of the macular region. PLoS One, 2015, 10(8): €0133908. [doi: 10.1371/journal.pone.0133908]

Hussain MA, Bhuiyan A, Turpin A, Luu CD, Smith RT, Guymer RH, Kotagiri R. Automatic identification of pathology-distorted retinal
layer boundaries using SD-OCT imaging. IEEE Trans. on Biomedical Engineering, 2017, 64(7): 1638—1649. [doi: 10.1109/TBME.2016.
2619120]

Niu SJ, Chen Q, Lu ST, Shen HL. SD-OCT image layer segmentation using multi-scale 3-D graph search method. Computer Science,
2015, 42(9): 272-277 (in Chinese with English abstract). [doi: 10.11896/j.issn.1002-137X.2015.9.053]

Stankiewicz A, Marciniak T, Dabrowski A, Stopa M, Rakowicz P, Marciniak E. Novel full-automatic approach for segmentation of
epiretinal membrane from 3D OCT images. In: Proc. of the 2017 Signal Processing: Algorithms, Architectures, Arrangements, and
Applications (SPA). Poznan: IEEE, 2017. 100-105. [doi: 10.23919/SPA.2017.8166846]

Vermeer KA, Van der Schoot J, Lemij HG, De Boer JF. Automated segmentation by pixel classification of retinal layers in ophthalmic
OCT images. Biomedical Optics Express, 2011, 2(6): 1743—1756. [doi: 10.1364/BOE.2.001743]

Lang A, Carass A, Hauser M, Sotirchos ES, Calabresi PA, Ying HS, Prince JL. Retinal layer segmentation of macular OCT images using
boundary classification. Biomedical Optics Express, 2013, 4(7): 1133-1152. [doi: 10.1364/BOE.4.001133]

Lang A, Carass A, Bittner AK, Ying HS, Prince JL. Improving graph-based OCT segmentation for severe pathology in Retinitis
Pigmentosa patients. In: Proc. of the 2017 SPIE Medical Imaging Conf. on Biomedical Applications in Molecular, Structural, and
Functional Imaging. Orlando: SPIE, 2017. 101371M. [doi: 10.1117/12.2254849]

Nath SS, Anoop BK, Sankar P. Classification of outer retinal layers based on KNN-classifier. In: Proc. of the 2018 Int’l Conf. on
Emerging Trends and Innovations in Engineering and Technological Research (ICETIETR). Ernakulam: IEEE, 2018. 1-4. [doi: 10.1109/


https://doi.org/10.1007/978-3-319-06419-2
https://doi.org/10.1167/iovs.16-19963
https://doi.org/10.1016/S0161-6420(95)31032-9
https://doi.org/10.1167/iovs.08-2728
https://doi.org/10.1097/IAE.0b013e3181eef031
https://doi.org/10.1167/iovs.15-17281
https://doi.org/10.1109/JBHI.2020.3012134
https://doi.org/10.1109/IWW-BCI.2016.7457465
https://doi.org/10.1167/iovs.04-0335
https://doi.org/10.3788/AOS201636.1011003
https://doi.org/10.1109/NEXTCOMP.2017.8016182
https://doi.org/10.1364/BOE.10.001064
https://doi.org/10.1109/ICIP.2016.7532330
https://doi.org/10.1371/journal.pone.0133908
https://doi.org/10.1109/TBME.2016.2619120
https://doi.org/10.1109/TBME.2016.2619120
https://doi.org/10.11896/j.issn.1002-137X.2015.9.053
https://doi.org/10.23919/SPA.2017.8166846
https://doi.org/10.1364/BOE.2.001743
https://doi.org/10.1364/BOE.4.001133
https://doi.org/10.1117/12.2254849
https://doi.org/10.1109/ICETIETR.2018.8529098

PP F KT R 25k IR EAY 2 M %A B 3R & 09 OCT BRALM IR &A% 7 % 15

[25]

[26]

[27]

[28]

[29]

[30]

61

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

ICETIETR.2018.8529098]

Fang LY, Cunefare D, Wang C, Guymer RH, Li ST, Farsiu S. Automatic segmentation of nine retinal layer boundaries in OCT images of
non-exudative AMD patients using deep learning and graph search. Biomedical Optics Express, 2017, 8(5): 2732-2744. [doi: 10.1364/
BOE.8.002732]

McDonough K, Kolmanovsky I, Glybina IV. A neural network approach to retinal layer boundary identification from optical coherence
tomography images. In: Proc. of the 2015 IEEE Conf. on Computational Intelligence in Bioinformatics and Computational Biology
(CIBCB). Niagara Falls: IEEE, 2015. 1-8. [doi: 10.1109/CIBCB.2015.7300299]

Yang JD, Tao YH, Xu QZ, Zhang YH, Ma X, Yuan ST, Chen Q. Self-supervised sequence recovery for semi-supervised retinal layer
segmentation. IEEE Journal of Biomedical and Health Informatics, 2022, 26(8): 3872—3883. [doi: 10.1109/JBHI.2022.3166778]

Yin XH, Wang YC, Li DY. Suvery of medical image segmentation technology based on U-Net structure improvement. Ruan Jian Xue
Bao/Journal of Software, 2021, 32(2): 519-550 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/6104.htm [doi: 10.
13328/j.cnki.jos.006104]

Hamwood J, Alonso-Caneiro D, Read SA, Vincent SJ, Collins MJ. Effect of patch size and network architecture on a convolutional neural
network approach for automatic segmentation of OCT retinal layers. Biomedical Optics Express, 2018, 9(7): 3049-3066. [doi: 10.1364/
BOE.9.003049]

Hassan T, Usman A, Akram MU, Masood MF, Yasin U. Deep learning based automated extraction of intra-retinal layers for analyzing
retinal abnormalities. In: Proc. of the 20th IEEE Int’l Conf. on e-Health Networking, Applications and Services (Healthcom). Ostrava:
1EEE, 2018. 1-5. [doi: 10.1109/HealthCom.2018.8531198]

Liu YY, Chen M, Ishikawa H, Wollstein G, Schuman JS, Rehg JM. Automated macular pathology diagnosis in retinal OCT images using
multi-scale spatial pyramid and local binary patterns in texture and shape encoding. Medical Image Analysis, 2011, 15(5): 748-759. [doi:
10.1016/j.media.2011.06.005]

Loo J, Fang LY, Cunefare D, Jaffe GJ, Farsiu S. Deep longitudinal transfer learning-based automatic segmentation of photoreceptor
ellipsoid zone defects on optical coherence tomography images of macular telangiectasia type 2. Biomedical Optics Express, 2018, 9(6):
2681-2698. [doi: 10.1364/BOE.9.002681]

Pekala M, Joshi N, Liu TYA, Bressler NM, DeBuc DC, Burlina P. Deep learning based retinal OCT segmentation. Computers in Biology
and Medicine, 2019, 114: 103445. [doi: 10.1016/j.compbiomed.2019.103445]

Kepp T, Ehrhardt J, Heinrich MP, Hiittmann G, Handels H. Topology-preserving shape-based regression of retinal layers in oct image
data using convolutional neural networks. In: Proc. of the 16th IEEE Int’l Symp. on Biomedical Imaging (ISBI 2019). Venice: IEEE,
2019. 1437-1440. [doi: 10.1109/ISB1.2019.8759261]

Wei H, Peng P. The segmentation of retinal layer and fluid in SD-OCT images using mutex Dice loss based fully convolutional networks.
IEEE Access, 2020, 8: 60929-60939. [doi: 10.1109/ACCESS.2020.2983818]

Wang B, Wei W, Qiu S, Wang SP, Li D, He HG. Boundary aware U-Net for retinal layers segmentation in optical coherence tomography
images. IEEE Journal of Biomedical and Health Informatics, 2021, 25(8): 3029-3040. [doi: 10.1109/JBHI.2021.3066208]

Wang D, Shan SG, Zhang HM, Zeng W, Chen XL. Coarse-to-fine hair segmentation method. Ruan Jian Xue Bao/Journal of Software,
2013, 24(10): 23912404 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/4423 htm [doi: 10.3724/SP.J.1001.2013.
04423]

Kugelman J, Alonso-Caneiro D, Read SA, Vincent SJ, Collins MJ. Automatic segmentation of OCT retinal boundaries using recurrent
neural networks and graph search. Biomedical Optics Express, 2018, 9(11): 5759-5777. [doi: 10.1364/BOE.9.005759]

Hu K, Shen BW, Zhang Y, Cao CH, Xiao F, Gao XP. Automatic segmentation of retinal layer boundaries in OCT images using
multiscale convolutional neural network and graph search. Neurocomputing, 2019, 365: 302-313. [doi: 10.1016/j.neucom.2019.07.079]
Tang YH, Chen YZ, Liu MD, Zeng YG, Zhou YX. Segmentation of retinal layers in OCT images based on CNN and improved graph
search. Laser & Optoelectronics Progress, 2020, 57(24): 241702 (in Chinese with English abstract). [doi: 10.3788/LOP57.241702]
Ben-Cohen A, Mark D, Kovler I, Zur D, Barak A, Iglicki M, Soferman R. Retinal layers segmentation using fully convolutional network
in OCT images. 2017. https://www.rsipvision.com/wp-content/uploads/2017/06/Retinal-Layers-Segmentation.pdf

Mishra Z, Ganegoda A, Selicha J, Wang ZY, Sadda SR, Hu ZH. Automated retinal layer segmentation using graph-based algorithm
incorporating deep-learning-derived information. Scientific Reports, 2020, 10(1): 9541. [doi: 10.1038/s41598-020-66355-5]

Ronneberger O, Fischer P, Brox T. U-net: Convolutional networks for biomedical image segmentation. In: Proc. of the 18th Int’l Conf. on
Medical Image Computing and Computer-assisted Intervention. Munich: Springer, 2015. 234-241. [doi: 10.1007/978-3-319-24574-4 28]
Sola J, Sevilla J. Importance of input data normalization for the application of neural networks to complex industrial problems. IEEE
Trans. on Nuclear Science, 1997, 44(3): 1464-1468. [doi: 10.1109/23.589532]


https://doi.org/10.1109/ICETIETR.2018.8529098
https://doi.org/10.1364/BOE.8.002732
https://doi.org/10.1364/BOE.8.002732
https://doi.org/10.1109/CIBCB.2015.7300299
https://doi.org/10.1109/JBHI.2022.3166778
http://www.jos.org.cn/1000-9825/6104.htm
https://doi.org/10.13328/j.cnki.jos.006104
https://doi.org/10.13328/j.cnki.jos.006104
https://doi.org/10.1364/BOE.9.003049
https://doi.org/10.1364/BOE.9.003049
https://doi.org/10.1109/HealthCom.2018.8531198
https://doi.org/10.1016/j.media.2011.06.005
https://doi.org/10.1364/BOE.9.002681
https://doi.org/10.1016/j.compbiomed.2019.103445
https://doi.org/10.1109/ISBI.2019.8759261
https://doi.org/10.1109/ACCESS.2020.2983818
https://doi.org/10.1109/JBHI.2021.3066208
http://www.jos.org.cn/1000-9825/4423.htm
https://doi.org/10.3724/SP.J.1001.2013.04423
https://doi.org/10.3724/SP.J.1001.2013.04423
https://doi.org/10.1364/BOE.9.005759
https://doi.org/10.1016/j.neucom.2019.07.079
https://doi.org/10.3788/LOP57.241702
https://www.rsipvision.com/wp-content/uploads/2017/06/Retinal-Layers-Segmentation.pdf
https://doi.org/10.1038/s41598-020-66355-5
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1109/23.589532

16

[45]

BRPk 4R e A gk K R

He KM, Zhang XY, Ren SQ, Sun J. Deep residual learning for image recognition. In: Proc. of the 2016 IEEE Conf. on Computer Vision
and Pattern Recognition (CVPR). Las Vegas: IEEE, 2016. 770-778. [doi: 10.1109/CVPR.2016.90]

[46] Tian J, Varga B, Tatrai E, Fanni P, Somfai GM, Smiddy WE, Debuc DC. Performance evaluation of automated segmentation software on
optical coherence tomography volume data. Journal of Biophotonics, 2016, 9(5): 478—489. [doi: 10.1002/jbi0.201500239]

[47] Chiu SJ, Izatt JA, O’Connell RV, Winter KP, Toth CA, Farsiu S. Validated automatic segmentation of AMD pathology including drusen
and geographic atrophy in SD-OCT images. Investigative Ophthalmology & Visual Science, 2012, 53(1): 53-61. [doi: 10.1167/iovs.11-
7640]

[48] Lee K, Abramoff M, Garvin M, Sonka M. The IOWA reference algorithms. 2014. https://iibi.uiowa.edu/oct-reference

[49] Heidelberg Engineering. SPECTRALIS HRA+OCT user manual software version 6.0. 2015. https://www.heidelbergengineering.com/

[50] Dufour PA, Ceklic L, Abdillahi H, Schroder S, De Dzanet S, Wolf-Schnurrbusch U, Kowal J. Graph-based multi-surface segmentation of
OCT data using trained hard and soft constraints. IEEE Trans. on Medical Imaging, 2013, 32(3): 531-543. [doi: 10.1109/TMI.2012.
2225152]

[S1] LongJ, Shelhamer E, Darrell T. Fully convolutional networks for semantic segmentation. In: Proc. of the 2015 IEEE Conf. on Computer
Vision and Pattern Recognition (CVPR). Boston: IEEE, 2015. 3431-3440. [doi: 10.1109/CVPR.2015.7298965]

[52] Ma D, Lu DH, Chen S, Heisler M, Dabiri S, Lee S, Lee H, Ding GW, Sarunic MV, Beg MF. LF-UNet—A novel anatomical-aware dual-
branch cascaded deep neural network for segmentation of retinal layers and fluid from optical coherence tomography images.
Computerized Medical Imaging and Graphics, 2021, 94: 101988. [doi: 10.1016/j.compmedimag.2021.101988]

[53] Mou L, Zhao YT, Fu HZ, Liu YH, Cheng J, Zheng YL, Su P, Yang JL, Chen L, Frangi AF, Akiba M, Liu J. CS*-Net: Deep learning
segmentation of curvilinear structures in medical imaging. Medical Image Analysis, 2021, 67: 101874. [doi: 10.1016/j.media.2020.
101874]

[54] Cazafias-Gordén A, da Silva Cruz LA. Multiscale Attention Gated Network (MAGNet) for retinal layer and macular cystoid edema
segmentation. IEEE Access, 2022, 10: 85905-85917. [doi: 10.1109/ACCESS.2022.3198657]

[55] Song JH, Chen XJ, Zhu QL, Shi F, Xiang DH, Chen ZY, Fan Y, Pan LJ, Zhu WF. Global and local feature reconstruction for medical
image segmentation. IEEE Trans. on Medical Imaging, 2022, 41(9): 2273-2284. [doi: 10.1109/TM1.2022.3162111]

Mt e 3255 SR -

[13]  BREgK, e g, E s, s, /750, JE TR TR AT R RO R IS5 B 307 J2 07 5. 62544, 2016, 36(10): 1011003. [doi: 10.
3788/A0S201636.1011003]

[19] A-VUZs, Brom, bk b, Pk 2. B 22 R = 4 148 R 1 SD-OCT K15 )2 43 1 J5 v W SEHLER, 2015, 42(9): 272-277. [doi: 10.
11896/j.issn.1002-137X.2015.9.053]

[28] BRIEM, FAA, A0, H-T U-NetZ5h ik s % 545 40 BIBEAR £33, 154, 2021, 32(2): 519-550. http:/www.jos.org.cn/1000-
9825/6104.htm [doi: 10.13328/j.cnki.jos.006104]

[37]1  ESF ol sk, v, BRESER. — b ek 2040 1) Sk 23 80 k. B AT 274, 2013, 24(10): 2391-2404. http://www.jos.org.cn/1000-
9825/4423.htm [doi: 10.3724/SP.J.1001.2013.04423]

[40] RHEHEZL, Wi o, Wl 8 E o, AR B2, BT CNINGR S0 i 1 48 2% 23 I OCT P8 v g L I 22 . 06 5 0 L 1 2% 1k g, 2020,

57(24): 241702. [doi: 10.3788/LOP57.241702]

#1984 —), 5, I+, H%, M 1/EFIW, CCF
e b1, EROP AR LS 2, BN,
MR R, DR R R AR

X &(1996—), L, fit-L L, T BRTFLGIRA IR E
22, R R AL B

FEID1999—), I, WA=, = BRI 5T AT A
22, B R AL

i

EthF965—), U5, Wi d:, Bz, LA T,
CCF mgle2s i, BRI A Nk oy b, #is
WAL, A B, ERRALEL, THEHLIN L.



https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1002/jbio.201500239
https://doi.org/10.1167/iovs.11-7640
https://doi.org/10.1167/iovs.11-7640
https://iibi.uiowa.edu/oct-reference
https://www.heidelbergengineering.com/
https://doi.org/10.1109/TMI.2012.2225152
https://doi.org/10.1109/TMI.2012.2225152
https://doi.org/10.1109/CVPR.2015.7298965
https://doi.org/10.1016/j.compmedimag.2021.101988
https://doi.org/10.1016/j.media.2020.101874
https://doi.org/10.1016/j.media.2020.101874
https://doi.org/10.1109/ACCESS.2022.3198657
https://doi.org/10.1109/TMI.2022.3162111
https://doi.org/10.3788/AOS201636.1011003
https://doi.org/10.3788/AOS201636.1011003
https://doi.org/10.11896/j.issn.1002-137X.2015.9.053
https://doi.org/10.11896/j.issn.1002-137X.2015.9.053
http://www.jos.org.cn/1000-9825/6104.htm
http://www.jos.org.cn/1000-9825/6104.htm
https://doi.org/10.13328/j.cnki.jos.006104
http://www.jos.org.cn/1000-9825/4423.htm
http://www.jos.org.cn/1000-9825/4423.htm
https://doi.org/10.3724/SP.J.1001.2013.04423
https://doi.org/10.3788/LOP57.241702

	1 引　言
	2 本文算法
	2.1 数据预处理
	2.2 粗分割-注意力全局残差网络
	2.3 细分割-图搜索算法

	3 实验与分析
	3.1 数据集介绍
	3.2 实验方案
	3.3 评价指标
	3.4 对比实验
	3.4.1 全局特征模块的消融实验
	3.4.2 通道注意力模块的消融实验
	3.4.3 图搜索算法的消融实验
	3.4.4 与已有方法的对比实验
	3.4.5 病例分析


	4 总　结
	参考文献

