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Abstract

More than 400 million people worldwide suffer from diabetes and more than 100 million in China.
A third of diabetics have complications that can lead to visual impairment or even blindness, namely,
diabetic retinopathy. Therefore, fundus examination is a necessary check for everyone with diabe-
tes, and the more severe the condition, the higher the frequency of the check. Such a large number
of examinations places a heavy workload on medical staff and also increases the country’s medical
expenditure. To conduct the examination more economically, efficiently, and accurately, it is neces-
sary to establish a computer-aided diagnostic system. Hence, this work has become an important
research topic for scientific researchers. However, due to the characteristics of medical data itself
(belonging to small datasets and data imbalance) as well as the “black box” issue of neural networks,
the effect of using deep learning for disease classification is not satisfactory. In response to the
above problems, this paper conducts research in the following aspects: an interpretable classifier
based on transfer learning and DenseNet121 is proposed. By utilizing fine-tuning transfer learning
techniques on the pre-trained DenseNet121 network and modifying some of the network structures,
the automatic diagnosis task of DR is realized. The experimental results show a sensitivity of 0.77,
specificity of 0.91, and accuracy of 88%. At the same time, the interpretability of the neural network
is visualized by using gradient-weighted class activation mapping to visualize the classification re-
sults of the classifier. Through this method, it can be shown which part of the input image has a
greater impact on the classification results of the classifier. By this visualization approach, it is
found that although the classifier has achieved a high accuracy rate, it does not always focus on the
lesion areas, and there is a bias towards fundus image samples with fewer categories. This reflects
the problems existing in models trained with imbalanced samples, allowing us to better understand
the shortcomings of the models we have trained.
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B ERA M R SFEREATI . M2 N, ARGHLER 2 Sl 5 R TARERHIER 7 5323547 DR 2
Wir[2] o DAl T 20 SR A2 Bt i 10 R S A B R R M K, i FLXRR O VA SN 9% 7y AETLIR . B Bl
AT o AR ™ AL B, Nk GPU P2 A KSR DA RIR FE 27 S AR R R, IR 2 2] LUE AR
PERIPE S e 2 TR GE T TARIERIITE[2] o SR BER 22 28 AE BB 00 SRAT 55 h BUAS R 1N R 5 i
N SRR ELIE FETT 46 R FE o £ 0 22 S ST PR AL I B A2 1 B 7r R AR B

1.2, XHkgRik

FEN, 2015 SEFREMSTT R 1> B 3R 2 5 UL E R A (3], 2R TT R 1 BBzl A
M SN, Z5E TR BB /11 DR K 2 Wi[4]. 2017 4E, T 3%#i#E CompactNet P45 L
732 DRIEF] T 0.69 MIVERIZ[5]. &' ki k# ] SegVessel 4% 1E Kaggle i diabitic-retonipathy-detection ¥
£ FIAE) T 0.93 FHERIZ[6]. B30 K H DrNet 4%, 76 F iR EdR4E FIAR] T 0.81 BikR[2[7]. £ California
Healthcare Foundation 11 EyePACS & i i AR Jic B4 45(35,126 FK B (0 AR S 1) Lk 2 T 0.81 F 0 JSHERER
2018 4, Zhixi Li 55 AfE 10 /5 25K WHE 2 Rk DR HRREME b, 857 75T ER M4 Y (DLA), 1k
B 7R HER 8], ZEFIM SR I ARSI, F 2 R IRFIHLAN s 354%, 7E Kaggle [)—1> 6000 7k
DR HRJERG kB T, 55.13%HIUERIZ[9]. J747E Kaggle A K 2015 e Fe 55 5(29,874 5k) b, FI A
NG AlexNet F1 VGG-16 MIZ8FE4T 702, 1551 0.77 HIHERIZ[10]. %A MAE ResNet A1 DenseNet [ 45 4
fibl ST AR %, 7 8 Ji7k Kaggle HiE4EA Messidor-2 $iE4E FiA#] 7 0.9 MUERRZR . 2019 ARG L
FIFHSESE ], BUEEE A . BOE s A A 2 X 2 S A A — e IR B R idb AT 43 268 [11], LA K 2020
SRR T 8 R IR Z 2 X 28 B R 2 2B I 2R 77 :0[12], 727 H FIEAR RIS TR RACR

[ 4, 2019 4F, Dekhil 25 AF|HIEFE 5 2] FIG B4 N 25 7F Kaggle APTOS 2019 idii4E Fik % T 77%
(2 W ER % [13]. Yuchen. Wu 25 AZEFRIIZEM VGG19. ResNet50 P4 1%t DR Zm AT 7026, 458
BRIERS 2 2T LTI 5 )ik B W i T A 3R [14], IR B8 vER TR 2 ST $ i TR AR . 4k, T
YE[15]-[18]HF R A H 5L S HL DR 2 Wr, 3+ HAEMRS OB & 725 B AR PEdESE FIEEIHE 97%
(2 Wit i 2 5l 5 IR B 50O el it T od. Horbr, 2019 4F, Jordi 45 A 7E5: T3 R0 42 I 2 F 2L A
by R T Z2UERITEIA R TR KON IHER 2. 2020 4, Wang. Xiangning 58 A, 7t 500 27K DR
R # 05 FIAFAEAS B O T TARE I B R B B LA AT B4 b, R sl 7 =) M 22 0% AR
LRUNZE M4, #47 DR 204, 153 T8 98%IHERI R . 2021 4F, Phong 2 AR F R ¥ BESVE 02K
DR, Shankar % A\ 1)/ Inception £

DL IR SR AL, AR SRR T, R 9 SR FH B UR FE AR 2 I 2R R, R EE SR, Fn BT
SERARRIN A WL R e st s R B, D4 DR 4 28AR TR HIRER, (HlFLAR A8
AR, KES A2 N 2838 R BELE BT SUBAR BISE PR  Fh 2 o0 2% 1) SE A 1) s 330308 AN~ 1l
AR N . BRI M I R IR =, (B SRR FEA RATE ZARIT I DR, T H 143K
AL T BIRIT IREARIR D o X B UL, an SRA WX 2 I BT T A5 R AR T 0 IE 5 IR MR, T e Al e AR
o MXFER 73 88 AR R 2 TR S, RIS A0 40 R 2R AR, T HR I B R 22 2 A H
BRI, FEOCE X R R R AT, REEMERIAE TR R LUK I, 2019 4, Li
TAE NS AN FAAAE DR /- RAIRFE R A R I, RILER R Z B E M RIR S, H5EAE
FIWr DR i 17 GE WL S AN T R 451 R AR ) R ANAR IR, T HLIX L8 7 VEE A0 2R 2 AR I 2R AR AN AR
[19], XML ULEA T A 26 4 SR TS AR VA 19 RS2 bR LA I SR DS, DR FRAT TR 1 YA 28 S5 A AR v A
AR R RIATHE AL .

KT PR P2 IR PT fRRE A, VR R 2 ) AR DT AR BN, B TR TR R 41, PP 45 (112
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FEAE A R EE, B, ETVEE A SEREM A A E S, B, BT ENE
OV T FH 98 4638 BT I TR AR 57 03X 5 330K B 2 ST M DA R AU RV RIS [20] - (R, AR 78 LA Rl s
PR R 28+ oy B

KT BRI TTFRRENE R T PRI 0 o0 AR I AT AR R M IR LA BEA I AT RV . AR S R 2
GHNT 53 2% O P FRENE o K 7 S TR P AR PR A+ %o TN 5 SR () A R ALK A S R AGE 11 T A4 RN 40 HT

X IO 45 SR B AT R, B2 2016 4E, Zhou S8 NFE[21]H, FENL T — Rt 43 2888 o SR EE A H AT
WAL T ZRBIEE B (CAM) [21], 32 B AR SR T &5 it FAE R e — 2 B A2 5 1 4
SRR A, SRER R B E—ERMENEH b, BRI, sx s LR
IREN B R AN R TN &5 R RS R/ . /E CAM J:ik b, AR AR R 2 H B B LA ) it e St
(Grad-CAM) [22]F1 GBP (Guided-Backpropagation) [23] &5 R P Al $AL 5 ¥4 o (H X U 7 v — B -
H F] 2020 4F, Junsuk Choe %5 NRETT T — /PPl B2 5 MBS o 6 RCR AR HE(CAM . R AR Y T A58 4y 2 2
RS, tn] 55 MBS e r) , 7R R RRE VP TR 25 TUAE 55 B s 6 T THI ) AR S AR X AN BRI R,
ROR Bt KR 2 CAM [24], Xt B CAM HRURIREF . (HET CAM RH T &= Fitib )=, A
U2 — o R T AT 2 et R A I [22] TR MR Z5 45 285 8 20 S 388 1 e A ek R0 P R R, RA Grrad-
CAM i i1 22 o) 4 i th 48 SR AT R AH DG i (¥ 1% . 7E 2020 4F, Hongyang Jiang %5 ATE 25 % &4 F
TR AL A 3228 7k DR IRJEEME b, RA & T Resnet 1 Grad-CAM FREAL, @57 | HA W ke
PP HR JEC I A R AR AP 28 X %, TR 31 T AR PR R S 255 R R T fd e v #A I [25]

P ERRAE A AT AR I A : Mu S5 I 45 1584 N SRl 22 0T BARSE, R 0 1l SUME& 45 T
fil R [26]. McDuff 55 A\ F AR OB ARY AR 1 IR A ) R SR I 23 A AR ), 485 SRR I 43 SR 28 FO A 2 1)
20 T INGRor SRR, BB R0 [27]. BT P SR A 1Y) P AR I S8 o 75 LU T 4 454, DIy
R RL R/, i BT B ARMESS 8 T/ AR L0 2T 5, BRSNS A KRGS . BTk
B I PR IX ] R T 1

Btz A, B 2 (B TR T IR I 48 A e BUAS BL A I RO, TR R 1Y) D 8% 75 2 8 2 8 A e
I NZRASERY, 38 T EUA L P 28R, o SR Bk i 400 I B s 73 4l A e 5 >y /N, AL DR B 40 2%,
AT b 75 2K R X 4 SR UL 5 545, T LA DR 73 284 25 THT I 250408 /N P 1) A

NT R NBARE NG R TI/ 2%, (E/NECHE A LI ZR B KA R 2% . AAE TS5 R AR EeAE 2 T KA
JI) F TN R A 1R R B 28 H B DR 4 P 2%, 1 L FRATT H PR 8RS N 2R FE (/N 4 I 28 285, (1511 25
Ja IR AL 2 RERS & T B0 A B AT 5%, 1T 2% & R A T IX AR i /NI AR 10 40 2 ) 7
FHIERS 2 2] R ARG IR R T i, AR 2 TAE[14] [28]#BFIFH 71X —HARE 2 TR IF IR . A RS ST
ANEEAE, BRI A SO TR DR 5 21 IR T R

1.3. fASUTTMK

ST VLB, AR IR 2 2, i AR /NGRS A R I ZR AR ORI 25 DR 7 R
BtJm, A Grad-CAM XTS5 85 REAEAT WML ARRE . ITTAG I — N RA AT R K DR 70 J80R
FOIERL
2. Bk
2.1. DR 3458

2.1.1. BIEKRIRE
Bl VR T Kaggle A7 %54 Diabetic Retinopathy Detection A T 37 ZE 4R 4, BUREE RN Z KERK

DOI: 10.12677/hjbm.2025.151027 235 LR 2


https://doi.org/10.12677/hjbm.2025.151027

R, il

Weker, HhpEGAPRZEE S AR, BB R Z B E B, ARG SHY. A
B R . AR AN RS, 1 H A R TE AW TS0 Bl h i iE 35126 FKIR
JRER, Horh 33545 FKEATEMIAL T IR ER, 8 1581 5KAEXHL /73 el 1) DR IRE R, B4
HAAAE T ATA LRI DL

2.1.2. BUETARIEAMBIEIETR

s NS, EH torch FErb transposes J7vEREATALER: BT A B R U (TRAG 2 FTE 1), PR3
PEAL B R I BENLIER . ACHRIE: . BB, PR, BEVUK AL ABENLEI AR L . I RN B B3
Vg — W HUNGE— RF 0N tensor 4% 5 LUE 4 AR

BRALGE 7124, R FH ik SR (B M NASE 2R o 1) B0 42 R 5 R ) 0 008 o R A A [ e 13 X 4% 2 o
IREABR AN — B, AR BIFEAR D, TR 1% A 2 S S PN I8 o 22 J 8 [ il 1) 7 =
MEAFRN P S EREAR, ARIEREAR A d B BURE 2SR wo

d =[25810,2443,5292,873,708]w =[0.1,1,0.5,3, 4] (2-1)

2.2. DR oy =822

2.2.1. {EFEE

R AHT TR R R G, 1R GPU & A AL ZRmT(a]. 5 iE 3 &) YRR R g, KA
pytorch HEZL, iEATFAEEHI R -

BE RS Windows 10; ZWFEIE: Python 3.8.4; VRFE2#IHELL: Pytorch 1.71.

CPU #45: IntelCorei3-9100F @ 3.60 GHz; 31 GB 4%

GPU: GeForce RTX 2080 Ti.

222 RBEE

N T AL DR IR 73 RATE 55 RO 4T, 25 FEEWE RIS AL JEE3 22 PR U B 0%, Dy 1 ik B SE A7 O RCR
K FAARRT IR FRI P45, DR AR J2 X 48 5 I B B B8 47 A B AT R 1) 0 AT 5% o |l TSR BR FE T vk Atk
PREE P2, ATAFER 2 X 2 25 By B B V8 S I I, Kb 389% 1v) R DT VA R A R 12 12 (LSTM) o
ReLU. Residual neural networks (ResNets). Batch Normalization (BN)F1 DenseNet. RelLU F1 BN X 5 & ¥
R R WA PR, B3| ResNets (1938 H, A 15 2 WX 48 A2 -4 K & - 75 ResNets J&4ili I+, DenseNet
T8 5 /D R S HOM SE R I GRS ]IS 3 7 BEFROR[28] . BRIE,  ASBI ik % LA DenseNet [P 4% 4y ik fiti 3t
17 DR 73 2KHE 5% .

FERRH] DenseNet121 FiIIZRIRIZ %S, RHITORE R >, B SMN%RE—E(FC E), fifs
FyHiEiE N 5, JIgki% FC EMR G — dense S ) f5 =~ dense =, [HE HEERIMSKSH. KA
Fo R ) SE U R 28 a3 1 BT :

FE AR5 (Pytorch XS U1 F):

model = models.densenet121(pretrained=True)

Hrhig e — ZaE RN, B FC M (R SRR E) T

model.classifier = nn.Sequential(

nn.Linear(in_features=1024, out_features=512, bias=True),

nn.Linear(in_features=512, out_features=256, bias=True),

nn.Linear(in_features=256, out_features=128, bias=True),

nn.Linear(in_features=128, out_features=64, bias=True),
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nn.Linear(in_features=64, out_features=32, bias=True),
nn.Linear(in_features=32, out_features=16, bias=True),
nn.Linear(in_features=16, out_features=5, bias=True),

)

Table 1. Structure of model

=1 BRGEHRINSH

JE 445 vy R ZHUER
Convolution 112,112 7 % 7 conv, stride 2
Polling 56, 56 3 x 3 max pool, stride 2
Dense Block (1) 56, 56 [1 x1conv,3x3conv] x6
Transition Layer (1) 28, 28 1 x 1 conv, 2 x 2 average pool, stride 2
Dense Block (2) 28, 28 [1 x 1 conv, 3 x 3 conv] x 12
Transition Layer (2) 14,14 1 x 1 conv, 2 x 2 average pool, stride 2
Dense Block (3) 14,14 [1 x 1 conv, 3 x 3 conv] x 24
Transition Layer (3) 7,7 1 x 1 conv, 2 x 2 average pool, stride 2
Dense Block (4) 7,7 [1 x 1 conv, 3 x 3 conv] x 16
Polling 1,1 7 x 7 global average pool
Classification Layer 1,1 FC: 1024...5
HSHOE

% >]%: 0.0001, batch size: 256 (& B KL LASRE m Il ZRok BE AT ZRB0UR) -
Bl e KBtk 80% M TIIZR2E, 20% M TIA%E, hT8das ), NZEHLERE KLY, Rk
YRR

R F511)l %5 DenseNet121.

PSS Adam: HKBRE: 22 XK.

FEBREFWT:

# B W E

for name, param in criticO.features.denseblock4.denselayerl4.named_parameters():
param.requires_grad=True

for name, param in critic0.features.denseblock4.denselayerl5.named_parameters():
param.requires_grad=True

for name, param in critic0.features.denseblock4.denselayer16.named_parameters():

param.requires_grad=True

criticO = criticO.to(device)

HUEFEAZ SR 5K R

criterion = nn.CrossEntropyLoss()

#LA AR 14 Adam

optim = optim.Adam(criticO.parameters(), I=LEARNING_RATE, betas=(0., 0.99), eps=1e-8)

d_scheduler = build_Ir_scheduler(optim, -1)

ke
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#XH tensorboard W #i4k Il Zrid F2

writer_real = SummaryWriter(f"logs/fGAN_MNIST/real")
writer_fake = SummaryWriter(f"logs/GAN_MNIST/fake")
step=0

2.23. RBBHER

N T Y6 DenseNet121 MIZE TS, 5 K R 702K M 4% Resnet101 Al VGG16 #EAT ELEL, R4 H
FEAR R ) UG ORBE £ ImageNet Bl ZRIF IS, JEHE LT M4 iR G — 2 &S, AERZENw EM
A, JF HAMPLE R — N ES BRI MR ATTIIZ, HERZEMERE RIS, Bk
PEAAHA

K tensorboard ] AL AL AR Y (1) 451 2% ih 2k (DenseNet. VGG 1 ResNet) /8 1~3 iz, BIFRiRth2k Ad
PR a2, R L2l SE R R i 2k

densenet101_loss
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Figure 1. Loss curve of DenseNet121 network training process
1. DenseNet121 P4&i)I 2T T2 RSk ph 2k

vggloss

1.05

1

095

09

085

038

075

0.7

0.65

0 50 100 150 200 250 300 350 400 450

Figure 2. Loss curve of VGG16 network training process
& 2. VGG16 ML IIZRT 2R s ahzk
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resnetloss
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Figure 3. Loss curve of Resnet101 network training process
3. Resnet101 MZ&illl i d 78R sL p 2%

B 1 W7 I, Densenet121 2% 5 5y 28 i Il S R s B AR € i, B850 0.15 Aty , Tfi HAR R R F%

XFECPE 1~3 T UL, Densenet121 4225t 100 #2550k, E VGG M4 FI Resnet [0 45 i S & 5
P, YIRS R T AR e

HE— 0 L T3 2% 2] DenseNet121 M %% 5 ReseNetl01l M Z5H1 VGG16 4% 2 [u] {1 U
(Sensitivity). 43P (Specificity) FI#ERf 2 (Accuracy), iHE AL 2-2, 2-3, 2-4 fis:

Sensitivity = 2-2
y TP+TF (2-2)
e . TN
Specificity = — 2-3
P y TN +FP 23
Accuracy = TP+TN (2-4)

TP+TN +FP+FN
Hodr: TPONBIEFEASL. TN AR AFEARE. FP NIRIEFEASL. FN MR FEA .
B 2 AT, FEFIERE A I Densenet121 M MERE L, KRR MEMET VGG &g %, UK
PERNAERR R IR N =% e . L, BEAGSIE R, 100 £/ batch #i2k5tF4 3] 0.15 /247, %7~ T Densenet
WG AEPE e B ERYE, BRI SIS m A A I 2R OR B B AE .

Table 2. Comparison of model classification results
2. BRI RLERIEE

B UK R T2
Resnet101_based network 29% 89% 76%
VGG16_based network 6% 96% 74%
Densenet121_based network 7% 91.3% 88.3%
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2.3, SYRERBEAEH AT

2020 #F, Junsuk Choe %5 AFEH R | —FhiPAli 55 I B e Ar 77k, BT 773, 1S 1 s it JLA
PR G5 B e AL [ 7%, 35 CAM. HaS. SPG. ADL Fil CutMix, &KILE 2016 4£ff) CAM J7ik2 itk
HH A A T 0 A EE CAM RUR BE4F[24] . 1X B —E FRFE B WY CAM TR B 57 A U T ) ALk A2k
B2 B3] CAM FFAE 1A 2 (75 S8 X 28 45 46 LA eIl o R HERf 1) . R, RS FH CAM IRERY iR —
— B L INAL S 53 05 Wk 2 (Grad-CAM){E y DR 73 28 8 BB AT et U7

BARDER Sy, ERIIGRAET, ¥ Grad-CAM BIAZIM %, e BN FALE DAL H 34 0) B R A7
4%, A5 KA Densenet 4%, Grad-CAM i #] DensNet121 ¥ J5— Dense Block (1% s, Rl
Dense Block 4 A5 —> Dense Block, H:4iH! J(7,7,1024). SR)5, THEAEAL 248 B MR 5k 1M
SR THEATUR BB S AR 4, TSI 1024 MR T IUBE EE IR SR 18, R 3 b — 2 B R 2t A
KB (ER G — MR RN, VRN, B R ASE] T A R RN E A B KR, @i A
B MFEART NS, BIRT 1325y K25 AR A . EER PR

#HIBIUEA

sample_x, sample_y = next(iter(train_loader))

criticO = critic0.to('cpu’)

#i B DR A 20 attention_maps

criticO=medcam.inject(criticO,output_dir=f"attention_maps", lay-er="features.denseblock4.denselayerl6’,
backend='gcam’, save_maps=True)

sample_x = sample_x.cpu()

s =s_x.unsqueeze(0)

prep = critic0(s)

# BT B ARSI

sample_x1 = s.permute(0,2,3,1)

sample_np = sample_x1.cpu().squeeze(0).numpy()

#hR AL B

a = sample_np - np.min(sample_np)

b = np.max(a)

sample_np_nml = (a)/(b)

HE U

interpre_img_dir=f'/home/featurize/work/CWGAN-GP/attention_maps

[features.denseblock4.denselayerl6/attention_map_0 0 _0.png'

image_fm_PIL = PIL.Image.open(interpre_img_dir)

img_inter = transforms(image_fm_PIL).permute(1,2,0)

I PR AN B AT N

mix_img = img_inter * 0.1 + sample_np_nmI*0.8

Hug A E img_inter (56 0.1, REAREILLE R KHSE AN HIRKEGIATES, R R
FEA 1% sample_np_nml LB R/MEE ARG ZRE G T .

Wi 4 o, B 4(a) 8 DR BRIEE Fr, 151 4(0)Axt BEAAK, B 4(c) R & B0 e RCR .

M4 R L, 2L X DR AoRp SR 53 SR 45 B R AL, B (0 IR I F g R,
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(2) (b) (©)

Figure 4. Results with heat map of DR classification
B 4. BERFIMERE S LERAE R R
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Figure 5. Comparison of heat maps
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