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Diabetic retinopathy grading based on multi-channel attention
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Abstract: Objective Diabetic retinopathy ( DR) is a common blinding retinal disease that cannot be cured in the later

stage, and requires patients to be diagnosed and treated at an early stage; otherwise, it causes permanent vision loss. The
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prevalence of diabetic retinopathy is extremely high in China, and is in the stage of rapid growth. At present, China has
become the country that has the largest number of patients with diabetic retinopathy. Diagnosis of DR is usually performed
by analyzing fundus medical images. Detection of microscopic lesions such as microaneurysms in retinal images is necessary
in grading diabetic retinopathy with neural networks. This condition requires the attention mechanism to simulate the focus
of the human eyes and focus on the local area with information. However, most of the present methods only consider the
attention in the spatial domain and ignore the information in the channel attention, which cause difficulty in distinguishing
the small lesions. To solve this problem, a fine-grained grading method based on multi-channel attention selection
(FGMAS) mechanism is proposed for the grading of diabetic retinopathy in this paper. Method This method combines fine-
grained classification with a multi-channel attention selection mechanism. First, the structure of fine-grained classification
is adopted to improve the recognition accuracy of small differences between categories by obtaining local regional features.
Then, the characteristics of different feature layers in the channel domain with different information content are used to
select high-information channels. The model establishes the relationship between information content and classification con-
fidence, and obtains the lesion area that is conducive to classification results. Finally, the local and global features are
combined to improve the accuracy of classification. In addition, considering the relationship between the channel character-
istic information of each layer and the classification confidence, this study also introduces Rank_loss to optimize the chan-
nel information of each layer. The loss function enables the regions with higher classification confidence to have higher
information content and obtain better classification results. Result Two open retinal datasets ( Kaggle and Messidor) are
used to evaluate the effectiveness of the proposed fine-grained grading method and multi-channel attention selection mecha-
nism. The experimental results show that FGMAS performs a five-level classification on the Kaggle dataset with better
results than the existing method, with an average accuracy of 0. 577, which is 3. 4% ~10. 4% higher than the accuracy of
other methods. The first category shows small lesion points, which are difficult to distinguish in other methods. However,
the accuracy rate of 0. 301 can be obtained through FGMAS proposed in this paper, which is better than other methods with
the improvement of 11% ~ 18.9% , such as 0. 190 of VGGNet with Extra Kernel/LGI ( VNXK/LGI) . Meanwhile,
FGMAS is used in the Messidor dataset to perform a dichotomous task, including recommended reference/non-reference and
normal/abnormal classification. In the reference/non-reference classification task, the experimental results are 0.912 of
accuracy and 0. 962 of AUC (area under the curve), which is superior to the existing methods by 0. 1% ~ 1.9% and
0.5% ~9.9% , respectively. In the normal/abnormal classification task, the experimental results are 0. 909 of accuracy
and 0. 950 of AUC, which are improved by 2. 9% ~8.8% and 0. 4% ~ 8. 9% respectively, compared with existing meth-
ods. In addition, parameter experiments are set up in this study, and the function of each parameter and optimal parameter
selection result are analyzed in detail. Conclusion This study proposes a fine-grained grading model that combines the fine-
grained classification and multi-channel attention models. In addition, Rank_loss combines the ranking result and informa-
tion of every layer. It is used to obtain the local feature area, which is beneficial to the classification result. According to
the experimental results, the model can obtain good results in five-classification and two-classification tasks.

Key words: diabetic retinopathy ( DR); lesion grading; fine-grained grading; deep learning; multi-channel attention

selection; local feature extraction
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Fig.3 Feature extraction and fusion
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AR FUIE T8 REAE 1A 1 B i | 55 BT AREAIE X
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TR RE X EA PR 2R, 70t
BLRLSE 1 B 23 248 2K pREIUR: 58 SUIR 2% pRER
exp(«x[ class]) ) _
2 exp(x[j1)

— x[ class ] +10g(ZeXp(x[j:|)) (5)

X, « A2 ﬁ‘%ﬁﬁiﬁ , class JEFHEL, class
HAZHIE, LD EFEENRT,
2.2.1 BRAHIK

R 401 R B T A8 SUR A 2Rl ok B ] AR A
JRIERFFEAN 4 SR AFAE . FT DL AR BRI BB AR [ A T
SRR A S S 5 K Ry 3 X I PR 5 > R i 2 S Y
BARHEAT 0, T LA 5 SR B AR AR A 4 SR AR AT
& HIR 24k

loss(x,class) = — log(

Le == X loss(f.(F))) = loss(f.(F)) (6)

K, £ R A—HERIE X IR T IR 40 284 %
(1B A RIS, B2 PR BRI 26 1 340 X T T A S
S DX I A8 SR AR SR AN 5 2 BB SR TR A R X
S 28 SRR R
BN AR SR E T TRy B AR AE 4 Ry R il A
Z IR R R
Ly =—loss(f.(F,F' F) - F.))  (7)
R OHRA RN
L=a-L.+B-L (8)
2.2.2 HEFEHK
FEAR SR SR FH 223 18 T R ) BRI, v R HE
JP 1), PR b SR SR JBORS 6 e 46 2k e Ak A de LA
{5 B MERIE R, o o HE e 3 e, ol LA ik 2
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Table 1 The analysis results of K

%2 7 Kaggle FHo KGRI

Table 2 Comparison of classification results on Kaggle

K ACA B A/ ( min/HEEK)
0 0. 557 17
1 0.570 25
2 0.572 35
3 0.577 43
4 0.578 57

TE IR R ASCEE KBRS I A 2523
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Fig.4 The analysis results of M

3.2.2 7F Kaggle Ul 4E 945 L Aoy

ARSCHE Kagele B 45 L abAT 17 5056, Mz i i
)7 ¥ VNXK/LGI ( VGGNet with extra kernel/LGI) |
CKML/LGI( combined kernels with multiple losses net-
work/LGI) (Vo #ll Verma,2016) , BiRA-Net, Bravo i
77k, s sk 2 s, K2 WTLUE
TERER I 2R B X b, A SO 2 L AR 5 2 B
HHEIFMEE R, B3 T 0.577, L H AP RUR 4 1)
BiRA-Net 5 0. 034, Marco F1 Fl Micro F1 4550
T HAL T 75, AR SCHEIE M Micro F1 ik 0. 853,
XTI A R Gk U, A SO s B 2 1Y
EIEH (true positive, TP) , 5 BiRA-Net # kb, A<
VL RENS 54 b o3 A R A R S 35 A 78 Y T
B3 0 MR HA B R 43 SR, T[] e R 62 1Y)
0 ML F 2 = 1) Micro F1 45

K AR 5 0 T A T N AR R 42
BRI AR SN T IRVE R (confusion matrix) ,

ACA Marco F1 Micro F1
VNXK/LGI 0.512 - -
CKML/LGI 0.473 - -
Bravo 4% A (2017) 0. 505 0. 508 0. 505
BiRA-Net 0. 543 0.573 0. 544
FGMAS (A 3X) 0.577 0. 610 0. 853

TE - FOR BB L P O IZ N fEhR T R s i

Tl A B A TN AR 2 ( predicted label ) | Zh AR FR oA ELSE
PR%E (true label ) , WNIEN 5 Frzs, HIIELS A B VE HE
W R ASHE R R, AR SCOT VR TE VAR B B B B 1Y
LR, JUHOR RS TR 2 1 N7, FGMAS A
£ 0.301 19 IE B R, L & T BiRA-Net 1 0.187,
CKML/LGI 9 0. 112 #1 VNXK/LGI #9 0.190, 1 £
PR A8 T2 AR RO A RO AR, FOME LA 2 de £
P BRDAE TS AR AR T e RLZR ST, B AR
ZHOTHAR NG B B W I l2 0 2, A
T3 538 3 AR R R RRAIE , B B 4 b 2 B30 ) P
iE X T 32 86 55/ IS 0 9 2 118 58 0 RN o3 BT S G Y
ROR
3.2.3  1F Messidor ZUHG4E I 0945 R F 4347

N T i A PERE, 5 BT 4R H B FGMAS [
2 H T 1 — N TP E R AE Messidor 54 785 R g P4 1
MG AE 53 2% -5 VNXK/LGI, CKML/LGI, Zoom-
in-Net, comprehensive computer-Aided design( Sdnchez
4%,2011) , Fisher Vector ( Pires 55,2017 ) , Dynamic
Shape Features-RFcara ( DSF-RFcara) ( Seoud %,
2016 ), ensemble-based system for microaneurysm
detection (ESMD) ( Antal 1 Hajdu,2012) %5 J5 & it
1THE . M T Messidor Fl Kaggle & F A [A] 09 F5 13
R ( Messidor: 0—3, Kaggle: 0—4 ), Wang 55 A\
(2017) $& H WA Z 03 24T 55 ok SE TR 28U 4R |
AR I  HE 2 S A ER RS Z AR 70 26 IE
WHANIE R Z R0 2 . ARG R A W] R A S HEK
JiRUBS: , & K Messidor 0 %1 1 5 N AN HES
s 2 M 3 e SURER 5512, 1E Messidor
e O Wit 2 O A8 1Y G e SCRIE R, 5 )
FARIEH

1T Messidor HA 1 200 g B 1%, *F T Il 2k
CNNs K it , R B 2R Dy Bir AR SCE %
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Fig.5 Confusion matrix( (a) CKML/LGI; (b) VNXK/LGI; ( ¢) BiRA-Net; (d) FGMAS(ours) )
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Table 3 The results of reference/non-reference

Xt sk AUC Acc
Fisher Vector 0. 863 -
Zoom-in-Net 0.957  0.911
ey VNXK/LGI 0.887  0.893
AR L CKML/LGI 0.891  0.897
Comprehensive CAD ~ 0.910 -
FGMAS(A30) 0. 962 0.912

TE - FR B IR EE I O IZIEN T bR T R iai i

MFE 3 FIFE 4 thal LIFH X FIEH /A IEH 2
2 AR TERRIAFE] T0. 909, 5 T VNXK/LGI

*k4 EE/AEERER

Table 4 The results of normal/abnormal

XF s AUC Acc
DSF-RFcara 0.916 -
Zoom-in-Net 0.921 0. 905
Ed VNXK/LGI 0. 870 0. 871
ANIEH CKML/LGI 0. 862 0. 858
ESMD 0. 900 0. 820
FGMAS(A43C) 0. 950 0. 909

A 2 S & ) | N A E e A A S AR

F CKML/LGI J5 5, 7€ AUC 3k F] T 0. 950 A
WG, T HAN B W TS A 12 53
K AR EIRE T 0.912 B IEHFEF 0.962 1)
AUC , M b T oAl 7 A EUS T8 g R

4 % it

AR — AT R B T 2038 30 1 AL
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