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Automatic recognition and classification of diabetic retinopathy images

by combining an attention mechanism and an efficient network

Zhang Zizhen, Liu Ming, Zhu Dejiang
1. College of Electronic and Information Engineering, Hebei University, Baoding 071000, China;
2. Key Laboratory of Digital Medical Engineering of Hebei Province, Baoding 071000, China

Abstract: Objective Diabetic retinopathy (DR) is a diabetic complication with high incidence and blindness rate. The
diagnosis of DR through color fundus images requires experienced clinicians to identify the presence and significance of
many small features. This requirement, along with a complex grading system, makes the diagnosis a difficult and time-con-
suming task. The small difference among various grades of retinal images and the limited experience of clinicians usually

lead to misdiagnosis and missed diagnosis. The large population of diabetic patients and their massive screening require-
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ments have generated interest in a computer-aided and fully automatic diagnosis of DR. The present diagnostic classification
of artificial DR is poor, time consuming, and laborious. On this basis, an automatic classification method for DR with a
high-efficiency network (EfficientNet) incorporating an attention mechanism ( A-EfficientNet) is proposed in this study.

The goal of accurate classification is achieved by using the strategy of transfer learning to guide the classification model to
learn the features among lesions. Method The characteristics of DR dataset present that noise in images and labels is una-
voidable in raw dataset. This condition indicates a high demand for the robustness of our classification system. Preprocess-
ing of retinal images mainly includes retinal image culling, noise reduction, enhancement, and normalization of retinal ima-
ges. The images after such preprocessing will improve the performance of the classification network, and the computing
power of the computer will also be accelerated. We use EfficientNet as the basic network for feature extraction. The migra-
tion-learning strategy is adopted to learn and train A-EfficientNet with DR datasets. We design an attention mechanism in
EfficientNet to address the problem of small differences among lesions in the dataset and prevent the network from misclassi-
fying fine-grained features in retinal image categories. The mechanism not only can extract features from fundus images but
also can focus on the lesion area. The EfficientNet classification model integrated with the attention mechanism ( A-Effi-
cientNet) can match images with image label categories to achieve the classification task of retinal images. With fully con-
nected layers and softmax, the model is used to learn for classifying DR status as DRfree, mild DR, moderate DR, severe
DR, and proliferative DR. Result Experimental results show that, in the case of insufficient samples of retinal images, the
use of transfer learning and data enhancement strategies can help the classification model extract deep features for classifica-
tion. A-EfficientNet can learn the features in the training samples and pay attention to the differences among various catego-
ries of features to achieve accurate classification. The reference to the attention mechanism greatly improves the performance
of the classification network. In summary, a high-efficiency network (EfficientNet) incorporating an attention mechanism is
proposed in this study. The network plays a positive role in extracting lesion features at various stages of images. The classi-
fication accuracy of the model for lesions reaches 97.2% . To improve the classification efficiency, the results of the two-
category model indicates sensitivity of 95. 6% on the high-specificity operating point and specificity of 98. 7% on the high-
sensitivity operating point. The result shows that the model achieves a kappa score of 0. 840, which is higher than that of
the existing non ensemble model. Therefore, the classification model based on the attention mechanism and EfficientNet can
accurately distinguish the lesion types of retinopathy. Transfer-learning strategies and data augmentation provide accurate
information and assistance for the accurate classification of fundus images. A-EfficientNet reflects the good classification
performance of the model and the robustness of the network-learning ability. Conclusion In this study, we use A-Efficient-
Net to realize automatic classification of retinal images. We also propose a new classification framework for DR, which
mainly benefits from four parts, namely, the image-preprocessing stage, the transfer-learning strategy, the introduction of
data enhancement, and A-EfficientNet for feature extraction. The dataset used in the experiment has problems, such as
noise, artifacts, and unsuccessful focusing. After such problematic data are removed, the dataset is denoised and normal-
ized to facilitate the classification network for calculating and learning the data. When the training samples are insufficient,
the introduction of data enhancement meets the data requirements of the deep learning classification model, satisfies the
model’ s learning of the data, and improves the generalization ability of the model. The introduction of an attention mecha-
nism based on EfficientNet can improve the classification performance of the algorithm. Therefore, the automatic classifica-
tion algorithm for DR incorporating the attention mechanism of EfficientNet can effectively improve the efficiency of DR
screening, avoid the limitations of artificial feature extraction and image classification, and solve the problem of over fitting
caused by insufficient sample data. The experimental results show that this method can be used to diagnose DR. It can
operate efficiently without marking the information of suspicious lesions and thus avoids the time-consuming work of labeling
lesions by experts and reduces false positives. The classification model can also be referenced in the classification tasks of
other images.

Key words: mutil-classification of diabetic retinopathy; high-efficiency network ( EfficientNet) ; attention mechanism;

deep learning; transfer learning; deep features
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Fig.2  Attention mechanism
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9 o[]S, ZEASE TR v PR A , 4 J I 2R
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BRI, o s i AR R, — DN aFry i ds
AE W IR G R, (]I sie S 45 2R 0 I R Ak
AR RA RAF B 3E 2% 2 F 10 Adam {46 &%
(Kingma F1 Ba,2014 ) 3k Xf 43 HAGRIEA IR BEAR A o
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UG 2 GRS T0500 ks A, AR 1 [ 2
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Fig.3 Diabetic retina images ( (a) no DR; (b) mild DR; (c¢) moderate DR; (d) sever DR; (e) proliferative DR)
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Fig.4 Diabetic retinopathy meaningless images

2.2 17—

FEXT EAR AT AL B, B e BRI BR R R 22 1Y
UG, FLUR, By P58 30 A B 8 e DX B, 3k — 3B
S BV AE BRI I 45 kG B8 B A AR Al 4, Rk
BB RAH 5 K Am . 5a B X R — B
O, % UG R T 5 B ¥ 105 F0 xoF He B 359 il Ak 4k 2, L
H
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K, G(x,y;0) REREWFEEE, o BirfEZE,
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Fig.5 Diabetic retinal images before and after pretreatment

((a) unprocessed image; (b) preprocessed image)

2.3 HiRIESE

Wi R h BN B RO 3k 1 BRI LA
B B SN A A B AN ], TGk R A JEE
figp R PR PR R )AL, TR, B 1 A 3205 9
A1, R sit R 3 Tl ZR il , DL v 2
Az AETERE . X0 BRI BEPLEE S 0 ~ 90° Bl
IRV R B RHA REALK PRI B2 2l e A i
SRR R RAEAS AN KA ]

1713

© [ B S BT AR AT



PEERERFIE

JOURNAL OF IMAGE AND GRAPHICS

Vol.25,No. 8,Aug. 2020

x1 BERFLNEREIREE
Table 1 Number of grades of diabetic retinopathy

25 DR P ot/ mg i E il %
0 gt FEA o] i 25 810 73.5
1 TR 2 R P 2443 7.0
2 32 72 R R 5 5292 15. 1
3 B 7 A A 873 2.5
4 4 H e A A Y 708 2.0

3 XWHERSSW

3.1 XWiEE

SZISTE Intel 2667VACPU 32 GB [N 77 . NVIDIA
Tesla K80 & -F [ Ubuntul6. 04 A}45 %% #4713,
A RS RIAE LA tensorflow , 4328 W 2% 11 2 B IC
m=2 P,

K2 SEMBHSHYEE

Table 2 Parameter configuration of classification network

HFR B S| A NH X W x C)
Input input_3 456 x 456 x 3
Model efficientnet 15 x 15 x2 048
BatchN batch_normalization_234 15 x 15 x2 048

Dropout dropout_4 15 x 15 x2 048
Conv2D conv2d_316 15 x 15 x 64
Conv2D conv2d_317 15%x15 %16
Conv2D conv2d_318 15 x15x8
Conv2D conv2d_319 15 x15 x1
Conv2D conv2d_320 15 x 15 x2 048
Multiply multiply_80 15 x 15 x2 048
Glo global _average_pooling2d_3 1 x1x2048
Glo global_average_pooling2d_4 1 x1x2048
Lambda rescaleGAP 1 x1x2048
Dropout dropout_5 1 x1x2048
Dense dense_3 I x1x128
Dropout dropout_6 1x1x128
Dense dense_4 I x1x5

I, AR B R I 73 263 >R Inception V3
K& (Zeng 55,2019 JE ¥ A1 £\, 2017 ; Rakhlin,

2017) AT EAE I o Sy 1 B 42 T M XS HE I g Y
A T 4 41525, 40 B InceptionV3 71
EfficientNet {4 2% K InceptionV3 Fl EfficientNet ¥ 2%
I = 7 BN 2R R 25 K Kaggle 4 4 1Y
35 126 & {5 11 MESSIDOR $#ia 4 (1 1 200 1% &1 {%
(Decenciere 4,2014) F T2k, H &g E1Z € L—
IR AR ER B e B, 45 10,1,2,3,4 1
—>o R 7 025 MRS RIELE 5 096 TR (&
A A, T B AR AR 264 . O T 3R E
LD S QO T €1y ) Qe i/ ) P
7 AR A R
3.2 SIG¥RHR

S VE R 577 ( specificity , SP) U ( sen-
sitivity , SE) 7§ Z (accuracy, AC) IR & HE F% ( con-

fusion matrix) Fl kappa R ELFFEARXTLRHITIFAY
IV
TN
S (13)
TP
B = FN (14)
AC TP + TN (15)

TP + FP + FN + TN
KL, TP FP [ FN | TN 53 AR E A A R |
e BIE B

TR VA HE R PR 0 SR 200 240 43— Fp]
PRALZE S R AR Yo r 2 B e it , IRy
AR A B ST .

AL R FH R NNAL kappa R AL (Fleiss 4,
1969) , i ixf F 455 7Y FL ) (1% 45 SR 5 = A= 4R 4L A A 1
FRNPREE LR PEM AL R 432 i — e . HAR
R

2} W; ;0
Z wiyj( ( 2 0,',,') x ( 2 0,',,') )/n
(16)

K, 0 &5 x5S FFE; n LoRFEANE o, IR E
S L TN R 5w, AR AL, 5
INA AR 53 485 43 T 4 0 S AR AL & Bt
B

_-p?
[ (N—1)2 (17)

3.3 XWHER
AR SCR IR FEFEXS Softmax )70 45 R #EAT
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SKFHR, XUBA, KREET
SR INHEIFIS R B ATHE RS S IR A 5 5 2

GG RGN (13) —(17) 73 BT R0 R AL K
RED 7L B L0 2 0 R A THUE A 1 4, 15 21 Y
TP RATRVE R N2 3 Pros. AT AR, Koy
Bli ARG rp X R L, AL kappa {4 0. 84,
Bk TR R I — k. X T TR AL S, R
A 98. 7% | HURME R 95. 6% | HERAFE R 97.2%

£3 BLEFEANHE EfficientNet 43 258 &5
Table 3 Classification confusion matrix incorporating

EfficientNet and attention mechanism

) e
BLSLBRSE

0 1 2 3 4
0 4535 240 312 3 6
1 117 302 59 3 7
2 287 201 449 70 51
3 4 3 32 90 45
4 0 1 41 16 83

L P RS S S R 4 2R

3.4 BXILEHH
3.4.1 5 Pratt 28 A (2016) {77 A0 EE
TERIP S A S A TS U, 2R TR V8 AE
eI . i TR 0 B2, S5hnss 0 84K
PEAR L, Fotl 4 SpE RO A i sl o e F
AICI3HTT AT Pratt % N (2016) FI ] CNN (475 7%
XPRAEB DB 4 Bl (1970 JEHERR AT HUEL, XF L
SRR 4 Fion . ATLUE I ASO 200 4 R 221y
IYEMERRARAR = T Pratt 5 N (2016) A9 751, EAP,
KA SCIEAF R Ty SR B A (UN3E 3 i)
IR Z 8] A58 S 1 D , (BB  BAR 2B A 2
o R Pratt 85 A (2016) 75957 A (TR FE R N3
5 Fro, TR 205 8 KGRI BREAR GG 73 0 1E W
e XM BUAE I PR 224 SR 2 B IR, B ad
ERZEIls, A FERW] l i 5 PransE A
%4 Pratt %A (2016) PSR4 % DR M5 2AME
Table 4 Classification accuracy of methods of
Pratt et al. (2016) and ours for four-class DR

&S Pratt A\ (2016) F5iE= £H)IRBER
Table 5 Confusion matrix generated
by method of Pratt et al. (2016)

) IES
MR

0 1 2 3 4
0 3 456 0 145 1 34
1 344 0 27 0 1
2 543 0 179 5 40
3 40 0 63 10 15
4 28 0 23 3 43

LSRR LG, B iR 1 AR SCRCBY 7 125 8 B o
3.4.2  HHAMZE LA

EfficientNet fiIl ATER AL A= 1953 45 R 1Y
RIBFFEINZ 3 Fin . Nik— LI Uk & M 28 A
TR IHLHE RRCR , 72 InceptionV3 W28 Hr i AT
IO, 77 AR B o R AR IR B R IR 6 PR
M3 FNZR 6 AT LUFE Y, JCHR 73 B 5 7% 72 X A 2k
BB E T ARALE F T DR BRI 2R 5. (HRK
2RI UER , v IR A SCR RS R
L #) EfficientNet 432K W 4% ( A-EfficientNet ) f %k
2L T Rl T I HL Y Inception V3 732
R

R 6 FEEEAMLHIAY InceptionV3 [ 45 7= £ BB B 4
Table 6 Confusion matrix generated by InceptionV3

network incorporating the attention mechanism

DR 5]
ik
1 2 3 4
Pratt % A (2016) 0 23.3 7.8 4.3
A3 61.8 42.4 517  58.8

T LR R % B iR Al 2

) S
HhRE

0 1 2 3 4
0 3 466 878 620 63 69
1 233 240 12 1 2
2 327 389 269 35 41
3 26 29 50 42 27
4 3 12 37 25 64

%7 &0 WA A InceptionV3 [ 45 Fll Efficient-
Net J% InceptionV3 4% Fl1 EfficientNet i & 71 AL
WIZRRI L S 45 R . W LUE B, 7RI AT E 1AL
HIBIHE LT, InceptionV3 FlI EfficientNet 15 5 it E T
HAMIAF] 80. 4% 1 97.2% o LEA A LERE L
HA AT, T R R S A R R Z TR R AE
ZE5 R, AR EfficientNet 73 I RILE 0 ~ 2 ZEAY ifE
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ik =T InceptionV3 457 JAR AL (H 2 H A GEA
AR DR BB A B RRAE AR S, B8 1R (40 R i
PG 3 G H 30 2k (08 3 73 [T 15 PP 4 35 4K
ZHYEBEH L R A2 (8, i A AR R b i
A8 AR50 S AT EEASET- 249, DT 3 2000 SRAT T H Al
J M R HERPEAR . PRI, A AT EfficientNet £E78
JE GERE AR TT A TR AR R I, b R L
0T AR BE PEIAR ) ST, B e 1 20 L% DR Y

YRR . EfficientNet i AVERE ML 5 FU0 2 51
B IR 3 K B SE r 2R RO an 5k 8 FEl 6 fi
N AT UE Y A B L fE X g — A
TN, LS AR A 5 SO ) 2SR IR — B, &4
FAETRYBH iy AL EfficientNet [ 3 N A5 £k 9 45 45
PR L A A 1 2 T AL T X AN ) 45 9 i 7% 2 1]
P BURAIESR IS 4328, R W] T A-EfficientNet 4328
P 2% (1) LB o

RT ZRERILL

Table 7 Comparison of experimental results

W2 24 HERR/ % FESEAE % Bk % kappa i
InceptionV3 78.3 88.9 78.2 0.722
InceptionV3 + attention 80.4 90.7 83.5 0.782
EfficientNet 92.5 97.5 91.8 0.80
A-EfficientNet 97.2 98.7 95.6 0.84

T L AR 2581 i L 4s

% 8 EfficientNet I NEE N #LHIF TN KA H 2 A #E 2R
Table 8 Probability of predicting categories after adding

attention mechanism to EfficientNet

T 250/ %
HSARSS

0 1 2 3 4
0 98.75  1.25 0 0 0
1 2.1 97.90 0 0 0
2 .72 9.87 88.41 0 0
3 0.05 2.74 7.21 89.91 0.09
4 1.76  3.21  5.36 868 80.99

T LA R S 8 e L4

2% b, M InceptionV3 2% Fll EfficientNet 347

(a) HIHREEO

(b) E;@fr’*l

K6 ARG

(c) FLELhRE2

EfficientNet 432%

I3 i o BT SR A R AT LLAG Y« EfficientNet 58 i,
DR ({52255 HORAS AR HER R A KR A
TERSIMURIG , 753250 REXT AL EE G 1 RAE
AT 2 (53, XoF P28 (R R A SR IBUES 2] 1 BRI 14 i By
YERT, JUH 2 EfficientNet fil A 5 LI )5 , kappa
{HIAF] 0. 84, 5T 2015 4F Kaggle [k (https ://www.
kaggle. com/c/diabetic-retinopathy-detection/ ) 2% 7 1Y
DR 7328 LE 8 IS /9 0. 829, 73 28 P RETS 21 $2 71
T JRE RN ) 25 SR 5 P A b 1 3
48 A B AR A — ErE, W48 A 73 PR RE R I
o, P RL R 73 2R AR RT Ll Bl DR B8 A R AT AL, A6
RIZH R AR 3] 99. 4% 3 /b T 3?1‘_7?1435%’
SRR TG, B I TR I 25

(d) FLShR%E3

ORI

(e) HILhw%4

Fig. 6 EfficientNet classification effect maps after adding attention mechanism

((a) actual label 0; (b) actual label 1; (¢) actual label 2; (d) actual label 3; (e) actual label 4)
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