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Abstract

Aiming at the problems of inaccurate lesion feature recognition, unbalanced data distribution and
insufficient model generalization ability in the automatic diagnosis of Diabetic Retinopathy (DR),
an improved model CF-ResNet based on ResNet50 is proposed. Taking the public Kaggle fundus im-
age dataset as the research object, the diagnostic performance of the model is improved through
multi-dimensional optimization strategies: introducing the CBAM attention mechanism to strengthen
the feature focusing ability on micro lesions; adopting the Focal Loss function to alleviate the train-
ing bias caused by unbalanced data categories; combining a variety of targeted data augmentation
methods to expand effective samples and improve model robustness; adding a Multi-Scale Feature
Fusion Module (MSFM) to adapt to the feature extraction of lesions of different sizes. Experimental
results show that the CF-ResNet model achieves an accuracy of 90.3%, a recall rate of 90.6%, a spec-
ificity of 92.3%, and an F1 score of 90.4% on the test set, and all indicators are superior to the orig-
inal ResNet50 and mainstream comparison models. Ablation experiments verify the effectiveness
of each improved module, and the average inference time of the model for a single image on ordi-
nary equipment is only 0.06 seconds, which has the potential for clinical auxiliary diagnosis and
large-scale screening.
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BRI R EABAINLE APTOS-2019 £¥a4E ik 2] 170 UM 2 0.8310. [ YA FLAE T IR AN~ 17 0] 7
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Table 1. Classification and clinical manifestations of diabetic retinopathy

1. PERBILMIER T F RS K ImR R

HANRZE DR JH A S Il R

0 Tohi 4 (NO-DR) eI AR

1 % 5 AR A 14955 48 (Mild NPDR) X H B sh ik e

2 o 18 JE 1 5 1955 4% (Moderate NPDR) R T Eh KB A, L A SR K R Bk
1) KT 2 NG IR Bk R Bk

3 IR | E AT M99 48 (Severe NPDR) 2) WURIRA, FAZREEEI 20 A LA Ay H A
3) B/ 1 ANGIR IR 58

4 5 195 45 (PDR) 4 /AL R LY L/ S 1
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I 55 SR A5 iHE 4R A 22 0 SEBR A5 R T, JRSRTT EMGTE DUE RO IR ST 5K, AR RS G
MR BRI Beih 1 B R PETAL B AR, RPN 22 Je t s b s sems,  BARIRIE IR .
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2.2.2. MBS BAY UL
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Limited Adaptive Histogram Equalization: CLAHE)” DU 75 M AIHERG 2, 45004 2 Fis, Bk 73X
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Table 2. Performance comparison of different preprocessing schemes

2. TEITRALIE S R4 HEXTEE

WL TR HERf (%) 12 (%) F1 533
ISR IE—1k 78.6 76.3 0.772
S+ RefR—4 81.2 79.5 0.801
R+ RSPIH— + UL JEN 83.5 82.1 0.827
SERETRALE(F CLAHE) 84.8 83.5 0.833
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J8 KA 4R i RRAL R LR OYREAS o LA e, 6 IR AN AT G iR AR B, 388 S B ARF AN A1 2R A 1 i
2 LRI S, BORESIL TR RNTSE AL, BRE RS WAL S A A e, N
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BRI SRR AL B 7 OME LR DR UG i) SGB o SRR AIE,  ELAE RTS8 ) AN~ 5040 B )1 2%
FZIR, KA LA ResNet50 A&, #it CF-ResNet St i), J@ it £ 4E 1L I8 T+ DR 43 iz itk
RE.
3.2. CF-RstNet BYEE (k3244

CF-ResNet DL ResNet50 AT M4, 7EHIEEA FaET U5z O0ol, #EEH T DR 2 HIT455 1
BRIZENE . FERR MR ZEH RN CBAM VR AN, SRR AR IR B0 s WA G2 SR 2K o B0 5
N Focal Loss, ZZfif 8| AP K I Zhtl 22 s FERURM BT BRRb N B3R 2 Jo b B i s As , 7%
BIZALRE T TEMZEEE 3. 4 BRI B2 IADHNY 2 REEFHERLA BLHL(MSFM), & FCAS R RSl AR RS
HL ., BB BARILRE 3 NN FHERRBUZ (BRGNS 2 RERG) . 22K K2, 85 b 3
WZRSEH DR Ll oy KAT55 (6], TEORFFEREARFERIEIRT, 22 52 T kUG B 5 B ik

3.2.1. 5|\ CBAM ;FE&E Al

LRHE R I H(CBAM) AT LIS I I8 I8 4 5 )5 2 ()R I B 5] 5, SR AR o SRR AE 1Y) %
FEEJ), HAFHEITRIIC, TIJC4EIERC ResNetS0 AR Z 4500 . AW CBAM K N\ ResNet50 [1)%RE/
FREY, BT GHZESESMSAINERIEZE, fF#o DR BUEHR A5 SUR AR A% O I
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3) NKGIE CBAM HEERFEFIE R SR, KA Grad-CAM # A7 E AL HT, R WE 1 Fiw. 7
W51\ CBAM Ji& , B 3 7 IX 3T 6 i 5l 43 ) AN TS S 4 SR e 28 sl kot b I i S5 SR B e IX 3
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Figure 1. Heatmap of feature enhancement effect
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51\ Focal Loss $i 5 pR%L, BB AL ANE, 5] FHRRE DI AR, METH5E X
R 5 IS Uk, B RGN RE /), THR AW T

Lﬁ)cal =-q, (1 - D, )y log(pt ) (D

Horb, o IRIEHAREREA G H SN BEE N 0.1. 0.37 0.2. 0.2, 0.2 (KT 25 0~4), EFXH IR DHK
FEARTORE ; p HUE 2, 381 F8 B AR 5 2 RE A IO RLER 5 B, AR A I Ry A B SR AE A3 A AR 1R 451 2R DT
R o5 ELARTT 2 40%UL Lo Iy, SABEGBEIERR G, WK R BOE AT AL, 4 log(p, ) B A B AR
R, PRFHNGARE N, SEIO IR %A K bR BT (/D B A 1 R e 42 Tt 8% |

3.2.3. #ilE REFHERMEERIRMSFM)

(1) BERBHATE

DR Bt R 257 825, WEhbod BT < 50 pm, MORHEARE MYEEAT > 1 mm?, J54E
ResNet50 H— RUZHRFIESE HUHE DL AT 7 75 1% 85 . DA Inception BELRM E I AT EHUZ AR AEA &, (EX)
N AL AR EE AR AN L s ASPP B 2R G AR KR 2ET, A 5 E KRB EA T . Kk, MSFM Bk
B0 R T B IR L 5 2 AR SR, SEBL 4 RUSET AL RS HE ST 3R

() BREHSLH
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A SRR B, DREUP S RSPRARRFE ;s 7 x 7 B G, B TRk AR X
BURFIE . HORIEJG SRR & 1 — Bk, &0 SORRE BB IE Sl ge— o 128 4.

2) FHERRA Hf0E: Bi@d 1 x 1 BREN =AM IRHEE T @IS A, A RIRE N 3 x
128 4P 4EZE 256 4E, LA SHTAR s BE G 51N R4k WG 8 vE = L6 Al SRR AT — OB 43 B
BT RFAE A AR FRTZE H X6 DR 20 L sTwikFE AT 30% 1A RCRFAE, TSI JC R SRFAE . AHL 4 H s
BRZEENE[8], WGRARHE[9]5 ResNet50 25 3 AR B HARFAEZEAT 200, BEGRHIE 5 IR
WCSIOH B o SEERERIE, 2R A 22 ROBE LR 22 5 3.2%.

(3) B ML

XTLt MSFM 5 Inception. ASPP FEHRIPEREZ 7, L0454 3 fin, MSFM fE#ERIR S F1 4
BB T X e, UEBA X DR 22 B9 S R I 1 B ) e 12k

Table 3. Performance comparison of different multi-scale modules

3. TRIZ REHRMEREXTEE

k=it HEHH(%) A2 (%) 5 5 (%) F1 5%
Inception fiHt 88.3 87.1 89.2 0.875
ASPP i 87.9 86.8 88.7 0.871
MSFM #k 91.7 90.6 92.3 0.904

4. LI
4.1. NG E

SEIG R 3455 A Intel Core i7-12700H 4bFE 2%, 32GB W17+ NVIDIA RTX 3060 & K(8GB &A%):
83T Python 3.8, K PyTorch 1.12 ¥REEZE 2 HESE, {K+E CUDA 11.6 #4T GPU s Il Zk.

WS H BN : batch size N 32, YIZRFICN 100, HILE2:2IFA 0.0001, KR 5%IE K SR
HerE o), BAEVIGRAR U N D B 5] 56, BB P N R S i e e AL S0 R 20 0.0001, 4
HIRALE G K Adam IRAERFATSEOL R, ARSI ERE R 0.9, BEEEREA 0.0001. HHEEL
53 T 1B A Patient-level split (1% 5828 K170 BRI, S 44 £ 4 PR BOm SE 01 00 O 5 2540 (B 5540 A1 5 366~367
2 BB IR N EUR), FRH 5 A8 IR TT %8 FUGRI 1 ERIINREE, FIR 4 ERIZGRE, 16FF
5 RGERRA BRI IAE, BRI ES NGBS ES . NI 2 R R SRS, 0 IF SR %
HES 10 B TCPRTFIHE IR IR, B A LA .

4.2. SETNERE

N BTG CF-ResNet BAU7E DR 7 RATSHHHIVERE, 45 G025 BUR 7 M Re A, B U
Mz, AR, FrRte. F1 BN O ebs, Sfadsie . THEA X RIERE T
1) #ERiZ (Accuracy, Acc): i SR AR ) FIEHRME AL O FB AR, BB AU BT A FEAR(IEH 57228
ANFEIRARER) LR FINRE ST tHEA X W) Frow:
o TP+TN
TP+TN+FP+FN

Hrt, TP (True Positive) A FLIE I (28 FE A IR 73 S 0 N A2 554 ), TN (True Negative) Ay 3L A 41)(1E
HREAYE IE#R 52N 0 2%), FP (False Positive) B IE ] (IE 5 A A B 352 2 R A A), FN (False Negative)

2
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B (i ZEREAS B RN IE B A o IZARARBUEVE N[0, 1], MHEG 1 R AR AR 7 F A,
BT YD ISR 2R S VERE .

2) Al (Recall, R): IR R B (Sensitivity), FARAAFEAR ILHIRRBEETT, B IR BN ALZ B
PRGNS, R B BAES R E Rr . AN IG) FR:

TP
TP+FN

ZARARE BT SEER B AR A T, BB IE R TR BRI L], BUETERDAT0, 1], 7 [ 358
i, WIS R, RESERSHER S . BUMRAS, £ DR LU0 & A R AR K .

3) %55tE(Specificity, Sp): FEARIE R AEARI LB IAEE 1, XF Rl RIS Wb (322 KA, 5 3 B2 b
[ RS )l PR AT SE 1 H RO s (4) s -

Recall =

3)

TN
TN + FP
ARV BT A bR N IR A, AR AR R N B I B LA, BUEE A0, 1]. e PRk
i, ULPAR A RIS FERAIC, TR e TE R AR R A N AR T 45 B8 3 i SR AN B R BRI T Tl
4) F1 73 %0(F1-Score): Z5A k51 % (Precision, P)5 A [FIZR FIAFIFI%, H T FHEEAE MK 2 ®2

Specificity = 4

P, R b 4 TR 10 PR s AR 51 24500 Specificity = ——= , F1 4
ot B A XS FR:
Fl=2x Precision x Recall -

Precision + Recall
IR IUE IS R0, 1], BRI 1 RORBEAIEAS %5 A IR LRI, 68 R St P
LR H5RLEK, FNEE DR IKKIZHITEPRE R
5)AUC fi: ROC HZE TR, BUEAX o EFMFEAR IR 7, BUETEHE 0.5, 1], #3601 RRIX
I RE 7Bk

ya
4.3. iHRASCIRHE R

A5GAIE CF-ResNet AR SO AR ER 1978 Ve B R VE R, FATWTHIE LS5, PLE 4G ResNetS0 AFELk
iR, 3@ iE— i\ CBAM 7EZE /ML#I . Focal Losss ZnbBdEiss. £ RISISER SRS, MEARE
RIS, IR A 5 3138 XIS AERY 5 23RBS 06 - P80, 8 AT S R He i AR R 1 6 A 4 25 2R 107,
WHRhSIG 45 RN 4 iR .

Table 4. Ablation experiment results
4. HRASKINEER

T5ik CBAM  Focal Loss A4 £/ Acc/% R/% SP/% F1
ResNet50 82.3 80.5 83.7 0.814
A % 85.8 84.6 86.9 0.857
B V 83.6 81.4 84.7 0.823
C V 84.8 83.5 85.1 0.833
D V V 87.6 86.5 86.9 0.876
E \ \ 86.9 85.8 86.1 0.862
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F Y Y 86.1 85.7 86.0 0.869
G \/ V V 88.7 87.4 88.9 0.889
H V V V \ 90.3 90.6 923 0.904

TH R S ae 25 AR B, & G RS S e RS AL 4 R AR T ) DR, LB ER R A A 3 T P RO AR
BN CBAM VER AIMLHIG, BRI 3.5 NE A, UEWZAHEE A ROCR AR, 3]
BHETH EHIEAR AN Focal Loss, #ERIZEHE— DI 5.3 NE AL WHIE 1 %450 0% s BON 2300
AP S THEERE AU BE B ZPE s BN 2 oAb B Y o SR e, WER R AR 1.1 N E A A
RPESY REARZ R, SEZAR ST ISR R E W, BE A2 R ERHER AR,
HEMZRSET 1.6 NAED A, IERZEIEEA R R A R TR A RE, 5E R ERIE . DU R b A
F, f#i CF-ResNet B8 {45 & M REIR BIRAL, S0UF T SRS TH 1A H % 5 ot 5w G 2k -

44. {REMERE T
4.4.1. REERESR

CF-ResNet A5 [RTRIE AR R Q0 1< 2 o, o] WAL T 9% 48 (NO-DR) I R A HE AR % I 11 (96 %), it 5%
J5 JE 48 5 P95 A8 (Mild NPDR) R AIHERG N 83%, EEIRIER A NILHAE(17%%H]), X5 Mild NPDR
A AFAE BN KR X — B — O R AR A 5 s FP B o R S 18 e i A0 % 8 P 5 A8 P R ) v A 23 43 N
90%- 71%- 93%, HARRILH RIFHIFHX 36877

Confusion Matrix

Row = True class, Col = Predicted class; Diagonal = Correct)
431 0 19 0 1 400
No DR (96%) (0%) (4%) (0%) (0%)
350

) 16 0 77 0 0
Mild 1 (179) (0%) (83%) (0%) (0%) a0
z
2 250
© 22 1 225 0 g
Q
] Moderate 1 9% 0% 90 0% 3
g (9%) (0%) (90%) (0%) L 200 §
2
[
150
| 14 0 34 0 0
Severe (29%) (0%) (71%) (0%) (0%)
100
o 5 0 69 0 0 50
Proliferative DR %) (0%) (93%) (0%) (0%)
L—LO
N > @ @ N
.\\ P o O
) A\ OAQ\ G}A 0&0
0 «
N
Q€

Predicted label (column)

Figure 2. Confusion matrix of the CF-ResNet model
[& 2. CF-ResNet #R B FRE A %6

4.4.2. ROC BhZ25 AUC &34
KH One-vs-Rest g2z ROC #14k, 415 3 . JoiAE(NO-DR)H) AUC {H 5% =1(0.968), 3K A1
TS IE W FEAS I X 20 BE S 5R; 3%(0.800) HHE(0.832) HEE(0.730) A 3 AE M99 25 (0.796) 1 AUC {H )
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T 0.7, BAAFE AUC N 0.825, B8iF T IRBUAENFEIRAEZS S Ffae X o6

Mean AUC = 0.825
ROC Curves (One-vs-Rest)

1.0 4
0.8
[
g
o 06
2
.'%
[=]
o
5 0.4 4
=
0.2 ,/’ —— No DR (AUC = 0.968)
P ~—— Mild (AUC = 0.800)
Jad —— Moderate (AUC = 0.832)
—— Severe (AUC = 0.730)
0.0 - - Proliferative DR (AUC = 0.796)

08 1.0

o
o

0.0 02 0.4
False Positive Rate

Figure 3. ROC curve of the CF-ResNet model
B 3. CF-ResNet #23 ROC Bk

5. &ig

ASCHEH — T ResNet50 HIMEEHR CF-ResNet, FH -4 bR 95 40 W3 0% 48 F 1 30 2 2 [ 117,
5] N CBAM VEE /IHLHI[12] Focal Loss 12 R, 22 oAb Bd 3 i [ 22 ROBEAFAERL G BB [13], #4)
FTHAR DI, B2 SR ENRER DR 2R, Suib st 5K B, CF-ResNet 7f Kaggle
MRER B HERAZAIE 90.3%. H HIZ0N 90.6%. FEF 14N 92.3%. F1 7+ %04 90.4%. ~F-¥) AUC K 0.825,
F IR T )5 U ResNetS0 J F i Ay, 8 fhSL i I0E 7 & O B G 2tk . J8id Grad-CAM #4405
BIRTALAL . TRIEFERE K ROC HIZR 50 #T, HE—DURE T AR R IE R AL RE N 5 0 X 4y e J1 . TRIR, Y
ik EURAEEAE X 0.06 £, SEEFEHILE 25.8M, MWl [k SR EATF K.

AR A B RPN L AR (1) B B s Wi g TR IR RO %, BR R E R ERCR, EMREIT R
V7T, JCHGE R TR R TT 5 5 R L LA, A& SRR RN E SHE /T 5. ARkIRAT]
AL AN R A AR AR B SN E N AR B EE X EIfe S 1A, BB R TR A S
GRS P, HE) DR RE T A H AR R AL IR PR L -
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