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Abstract

Drusen is a typical pathological feature of early age-related macular degeneration (AMD), and its
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accurate identification is crucial for AMD screening in primary healthcare. Addressing the issues of
complex technology and high deployment costs in existing OCT image drusen identification meth-
ods, this study proposes a lightweight ensemble learning scheme based on multi-feature fusion. Us-
ing 500 samples (250 drusen and 250 normal samples) from the publicly available OCT dataset by
Kermany et al., the retinal structure was segmented into nine layers using a U-net network. Focusing
on the three key pathological layers—ONL, MEZ, and RPE—63-dimensional features (including
grayscale statistics, morphology, and higher-order texture) were extracted to construct a feature
set. Experimental validation was conducted using LightGBM and XGBoost as the core models. Re-
sults show that the LightGBM model exhibits the best performance, with a test set accuracy of 88.0%,
AUC of 0.925, and a drusen recall of 89.3%. Morphological features contributed 42.3% to the core
features, and the model demonstrated good resistance to Gaussian noise. This method is lightweight,
has low deployment threshold, and is highly interpretable. Its nonlinear feature capture capability
is superior to traditional single machine learning models, providing practical technical support for
rapid screening of DRUSEN in primary healthcare.
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H b R R AR 5 bR, 3R 25 K 4% S A I 5P (CNV)) B FR 96 8 3 BE /K fif (DME) « 3% 35 (DR USEN,
Xof o AR S A 1 B BEAS M AMD) B IE 3 HRIEE(NORMAL) SE PUSRAEA . HFEASKIE T 2 oo [ B s
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xS EE R, AT T N ZEE 4 DRUSEN 5 NORMAL 2850, ik th i e . MG IS 1
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FEARITN A3, TCRA W2 MR . AR AL RE T 4F 58 I SR R M2 A BIRCR , ASHE TR L 50 514X
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SEIGHT, BN FTA OCT B ATARHEAL AL TR, 4—iR% N 1024 x 1024 3Hi%, MG R
Z RN G ST HIREN . B 5 R U-net 18 X7 B W28 Gk hn Ak Ja 1 PG 3E AT AL 20 2 AL B[ 6], 1%
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Figure 1. Retinal layering results
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4 0.852+0.061, HAAH 7T RERIMZIZ(ONL). HIFEKRIX (MEZ). MM E R Y JZRPE) = 20X
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WL#s 2 2 AR FE T Python 3.8 ) Scikit-learn. XGB. LightGBM J& 5281, ¥ 5 B class_weight="balanced"
PLH BRI A2, %O S E04% M #4482 (GridSearchC V)t 4k & it DRUSEN R 54T 45 i B A Af
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H le—4, fIR/D 8, ZREEL 100, KA FATZHRIEPT LG, WSS RELL 10 270 T FREUE EIZ5.
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HERR A AUC A%, BRI BT TP R
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RIGAEAF 7E R LightGBM. XGBoost A% Co Y [ PEREAR B, SRR 4 2848 siAL GLHL 88 2 S #H
BIGZAEEIH LR SZEFRIENL SVM (ZE#%). K iT4l KNN (K =5). #ERAN GBTIE XL, FEA
W22 PR 2 SR (ResNet-18. VGG-16)1E AEREHEUE, T8 A RI0) HL S256 .
3. TR
3.1. IREVERNE TG

PL LightGBM AAZ o BE e IR 5 a8 WERAE I %5, 45 R B AR B i am %, Ba
RIFMfa e Rz ALRE 1. BERAS WA HE-F AR 2605 88.0%, “F#5 AUC {HIA 0.925. MRS R & VPL
SERWTN (N E 2 Frw):
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Figure 2. Multi-Dimensional performance comparison of different models
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Table 1. System resulting data of standard experiment

1. MRAERERERE

True label\Predicted label NORMAL DRUSEN
NORMAL 65 10
DRUSEN 8 67

BT R I 56 OB B % IS K AR bR R B T S TN, LightGBM AR B 7R R £ Bkt
DRUSEN J R A RIS HE 2L 87.0%, A IFIZN 89.3%, ZiG F1 3R ELE 88.1%, —HUZOPEM
FabR IR AR R K e FLER L5, T RS e 5 T Bl 3R R AT 0 R, 1X — 25 A AP B0 UE T %A 7
DRUSEN Ji B A I8 IR R FEA M — 0 FAT 55, BRI A ok 5 45 R TStk .

3.2. HrEEM STREE TTER

3.2.1. FHEEEMHS

LightGBM FR % i A RFAIE B 2 TOP10 S5 3R U15% 2 iR . %45 HHE I B 7 sU A 1 45
fIEAE DRUSEN HURIAT 5 H ) % 5 TTRRIE , RE G5 UL RS 1 S bkt A ) R0 90 I J2 AR5 0 B A g S A
BRI EL 5 1R 22 5

i 5 A% ORFIERIOR B RPE BRI MEZ 2, SUFEL SR LI 51.1%, 6IE 11X PR 1EJy AMD % 2
IO XA 2 A B, FURFAEAS A AR 2R B DRUSEN IR B, TS SAARRAIE of 8 7 22
PERTJLAZ, ERA T DRUSEN 20 RPE JZ TV 4 B3 R Hm A 5 O AL -
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Table 2. Top 10 features by importance
2 2. BHEEEM Top 10

Rank Feature Importance
1 RPE Layer-Maximum Protrusion Height 0.1258
2 MEZ Layer-Texture Energy 0.1122
3 RPE Layer-Mean Curvature 0.0985
4 RPE Layer-Standard Deviation 0.0892
5 MEZ Layer-Range 0.0856
6 RPE Layer-Average Thickness 0.0782
7 ONL Layer-Texture Contrast 0.0721
8 MEZ Layer-Average Thickness 0.0685
9 RPE Layer-Texture Homogeneity 0.0652
10 ONL Layer-Standard Deviation 0.0628

3.2.2. FHEFBYTTIREE 574

RS S B B b L A5 R B om (3 B, TS IE Rk o ik 42.3%, K B HURZ S
AE R TR 5 LIk 26.2%, B SCRRHIE SR THDTRR o5 Eik 21.5%, 102K AR Hr i S RHE SR DTRR o EE DU
10.0%. =FRIZCAHEOEAS. BHUE. mPrac) 2otk & ik 90.0%,  UEWIAHTFE ) 2 4FAE i & 5
W HE 7834 € DRUSEN FEIMLM BRI A . IKEEM iy SURES IR G AR AL, T4 ot 35 R X
DRUSEN U ) 25 5 i E R, X 45585 DRUSEN [ B e 3R 45

Ci ive Importance ge of Different Feature Types

0.5

42.3%

0.4

0.3

Cumulative Importance Ratio

26.2%
10.0%

- ]
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0.0

Feature Types

Figure 3. Cumulative importance percentage of feature types

B 3. FHEXBRHTERM AL
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FioR, BT A B R HERA 26 A0 AUC B 35 BEM: 75 98 FE I 0 22818 N e, R Ik se R MR 0L, S0E 1
PG R R8 BA — s e S Re 77

IRPES: IR ResNet-18 EAWIMAVERE AL, HAEMES T4 T MRS N IR EEE X T LightGBM 5
XGBoost, Ji K] GELE TR BE R X BRI 15 22 200k 7 SE N BIURK, 170 AN B U4 th ¥ 2 RRAE R & SR I SR AR
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Figure 4. Model performance variation trend under different noise intensities
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3.4. SIRBIFTLLSCIRER

P A AR (A% O PE REFE AR (VERR 2R . AUC 1. DRUSEN A HI#., F1 2000 b g S an & 5 s, s2i
25 RIEMWAARIL T AR ZRAE R MR 25 5, IOAE T AHIF SO A% O R AR P e

of Different Models
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Figure 5. Performance comparison of multiple models

5. ZARBMEREXTEL

RS IR T, B R SR B AL T — B . LightGBM. XGBoost. RF (FiHL#k#). GBT
VU i 2 ) 0 (1 45 TME REFE AR 383 = T LR (2R H1 ). SVM.L, KNN =R — i . H o LightGBM
MR AL, HERR 88.0%. AUC {H 0.925. DRUSEN A [63% 89.3%. F1 43%{ 88.1%; XGBoost &7
BB S (HERI R 86.8% AUC i 0.918. DRUSEN 7 [ % 88.2%. F1 %)% 86.8%); 1 LR A% M A fR %,
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AR 68.5% AUC 1H 0.726. DRUSEN #0156 70.5%. F1 7341 68.7%, SVM (#EHi% 70.2%. AUC 1
0.745). KNN (R 72.5% AUC 1 0.768)PEREtH T Z K TR I A . X IEBAE RS IR ARE A
ROHIE 2 RS DRUSEN Z [H] () EZRMESCHE, X BRIT MG I RFIE &2 20 M B A SO NG L Re /) IRFES: 2]
PR R L AR SOV RE, (B BB EBE T A . ResNet-18. VGG-16 P 274 B 24 SRR v fig 8 25 00 T A
FALGHL g 2F SR, Hor ResNet-18 FAIUERAZ 90.5%. AUC {H 0.942. DRUSEN A [H]# 91.0%. F1 4
#190.4%, VGG-16 HAIUERTZF 89.2%. AUC {H 0.935. DRUSEN #[5]2 90.0%. F1 43%1 89.2%, ¥z
7 DRUSEN [FIE A5 IR (HIRBE AU GPU S Sh SHERE, BIRMARUR. S8 e, 45
AR 2, MELOER R ZEIT .

4. ¥Wig

AHIF TR X 2 R 7 DRUSEN G 25 75 3R, # g 2T OCT MG I I B |2 22 R AIE il & IR 3 O Vs
I 2RI RRAE DTRRBE AT S BRI IOAIE, R ST T RFIE S AR AL, DRUSEN R0, 50
AMD HBNS I S 27 BURIMEA I S Y L R R A it | Sk S % .

FHETTEREE 3 o, TEA%. RIEESEBUE. SHr80EFRHEy DRUSEN HAZOARHE, RIT Tk &
Ik 90%, L5 BEALHI = B2 324 . DRUSEN ()5 % Ui 2251 K RPE 2R AZ[10], [FIH 38U 2 XI5
IKFEBE A SRS SO, KBRS B AR B, S RIINERUK. 1T 5 A7 OARFIES
JiE RPE 25 MEZ |2, EDET —#FA1EN AMD FREHZ 0 X IRE &3, v E SR 78 I RFE ik 5
R R B AR T BRI .

SRR L SEgR a7 AR ERE Z R SIE Y R W IR R AL, (EAKE GPU
H. BRPRAR g BrT et 22, MELLERE BT ERCEFE I RMREIR 2, Hd LightGBM &
AR, 1R Be A ACH AL 2 FHIE (A A JE 2R M SCHE, PUT-Hiae /o HCFri 208, 452 DRUSEN
T RIE R LG — Va7 I B 2 S Re SR PR, MEDAZ I s 4B AR E I B R &R, iR
APERE A, TCV29 A2 I R 075 RS P2 75 5K

BRI SRV IAIE LW, K40 LightGBM EHIZE 6 = 0.05~0.20 /& 0 /5 40 T IEAe 208 T 1%, T
BB IR, WA IE I RFE SR IO 5 B REFPT T4, RHRH IR OCT BIECREI P &4 .
WEE, BERES R R R AR 2, RIESET 1 77 B Im RI& H T AT 1%

KW FATIAFAE — € Jm PR UK Kermany B —AJFHUESE, FEARRER B, Mk R RS &
VO G RR, FTRESZMBAYIZ AR ) FHEMERRG BEER . Yl BERORFIRREE, WRER
5 DRUSEN KA KR BEVIAI, AR NSRRI RXTES S BT R B s 40 i, HAERE
RS R B4 B REAT SR H 1T S 1 .

Ja S TR N =D AR : B KFEARRURE, AN Z il 2R RER OCT BIE, B AN A B
FUGRFEA, $RTHEAGZ AR ) hRFHELERE, R BEIEIRE S MM MR EoE 55 2 R EdE, Mg
AR ERARE S S5 AR . B, X LightGBM. XGBoost #% 0o AT B AL, 52
LA HE R % 2U R T ek b s 3

5. &hig

RWFFAIEE T T OCT MG G HE 2 2 R IE Rl A I BB IS (DRUSENY B2 B AL IR I 77, A2
U T DA TEBRE . 0 AR S ), R 2 BT LR B AR A AR DG P B B M (AMD) i A 42
BT SEAHEARTT R

DA Kermany AJFEHREER 500 51 OCT FEAAM TRt G, 2 U-net W28 56 BRI EE 9 J= 4544 50 &1, 1%
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