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Identifying diabetic retinopathy based on
deep transfer learning
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(School of Optical-Electrical and Computer Engineering, University of
Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: In order to identify diabetic retinopathy (DR) in retinal fundus images automatically, to
reduce the workload of ophthalmologists, and to develop an assistant tool in detecting and
diagnosing retinal diseases, automated detection of DR images which uses deep transfer learning
approach based on the Inception-v3 model is proposed. In the Inception-v3 model trained by
ImageNet datasets, the parameters of the previous layers were fixed while the last fully-connected
layer of the model was retrained by fine-tuning on the dataset collected by ourselves. Experimental
results manifested the performance of the proposed approach providing better predictions and
highly reliable detection without specifying lesion-based features, and it could help make automated
screening for early DR based on retinal fundus images in addition to assisting ophthalmologists in
making a referral decision.
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Fig. 2 Example of the preprocessing of fundus images
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Fig.3 The dilated convolution corresponding to different expansion rates



© 36 . b=

5 A%

E-WE

P28 A IRRAZ I, DN T B 5 X 4 A R AR 5 B A fE
J1o WANMER N ERZRE I THE—LZ, L
Yok F RN AR SR RS A IR, A ) T bt 22 R0 £
WaﬁﬁWﬁLE,ﬁ%TEMEmFEﬁﬁF
SRR 0] E

Pl W 25 f ke 22 3 2SI B vk b, R
AR — LR, SRR H R A B T
SR INAL SRR P2 JE AR —ME. H
T AR AR A, 7 B ] Softmax
2, AR K B A B . O K
S 30 A I 25 ) A5 2R v B A AN EE 2 A

1y, FHARWE
evidence; = Z wix; +Db; ©)

J

HEMANTE; w; b
s j O ERTRE AR RS E R

. @ ST
7 A E Ff 2
NG

SRJEH ] Softmax [JF PRI, W&
NN

Softmax (x) = normalize[exp (x)] 3)
g __exp(x)
oftmax(x); = —=——— 4)
3 ()
y = Softmax (evidence) (&)

XHE G E— n 4EmE, Softmax [A]1H pR%L
MR, AT LA R 0~ 1 78 Bl PN 1A A ) 24 B 1)
i, TR SR A 2 TRl A AE A

S5 AR 000 B4~ A ) DR .%ﬁ%%
A, JERHGHEAT S BT, XTI ELE
55, TERRZE W 45 v (il 488 22 1 4 2R pR AU 28 X
T o A SRR pR BRI R PEAN 4 i U1 2R A5 21 /Y
WS A0 A VLS oA 2 () 1 22 S A 00, 38 0
AT AR AR G, DT B v AR AR 1) T A 3
Softmax 532 X1 2k pRELEE S VE M Softmax-38
IO PREL, FHAE Inception-v3 W 4% B 451 2%
PR

B AE A m ALY A A {(x Dy D),
(x(m),y(’”))} o H O SR KRR,y JE X EI’J
BHIARE . A SH00 = (00,61, ,6,)" , WAL

SURESR PR A

iil »7 = jjlogp (v = jn®:6)| (6)
i=1 j=1
St 1M R R, MRS
E’Jﬁﬂr‘, fmtﬂ L Bt 0. p(3 = jix:6)
(R M AREA «O | BERIB RO 011532 h
2 )0 R

A8 S 220 )2 S 1 L 0 A
HOMESR 2 IIBERS , S SURRRMER /D, PIA-ER
SRR . YIS, Softmax-38 XU
e BRECELR A AR AN AU 28 00 ST SR
U, L R — A P R R A1k

J(6)=-

S

2 L I§
21 BEfglsE

ARSI BE SOk B i T A — A RS
B, FF MRS S 45 Fh DR (W 7778 F ™ 5
BE, XA EUR A R S U TR, AR
P lfe A R L 190 5555 7% (ICDR ) ™ o i SR ot
TR, 3 (AT 250 A IRBLEE V43 B DR ™
TR, PEORAEASE . WM 27 inch (linch=
2.54 cm) s AT 00T, HE
BT HR AT HE m#mm&&m@% ;R
i, [FIEHHERR S 2 Fhol b 5o A7 LSRR 4 Ff

SR Z AN AR O R mwr@% A
BSEWPR% 0. 1. 2, 3. 4 fHCHE, FnTTH
& DR, #J NPDR. "'J¥ NPDR. j“# NPDR
FIPDR, il 4 s, HAA LR HATHH
HARFE B UG A B AFEAR IS AR E . [
R p O A VTR A ph 5 — O PR R AR E— 2
KA, LUBEGRIT A AT TR . T G bR
FIARTRIE L, PRI B A B B R R 4
X HAFTIAG . B A A S B A4 B B R 7E ] S
i, Hor, ‘B2 B O NPDR SE
FEHE B AEE, H XA B B DR 5% NPDR
SO IR T P8 116 RS 8 35 S /K i ( CSMIE ) ) R 25 412
it T weE,



o5 5 FIEH, 5 TR T ROBE R R 22 A © 37

(a) oI5 DR (b) % NPDR () "'EE NPDR

(d) “F NPDR (e) PDR
B 4 4975 FERR [ B & Rl

Fig. 4 Examples of retinal fundus images
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Fig. 5 Workflow diagram of the proposed approach for classifying fundus images (ACC: accuracy; SE: sensitivity; SP: specificity;
AUC: area under the receiver operating characteristic curve)
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Fig. 6 Multi-class comparison results

2853 50 000 A5 1 EURE VSR, KE R R
PR R RAEERIZEE 7 o R TR Y
AfRAR S, R R R R RR iR 0.6
MEL 7 FTLAE Y, ZEEREE X CW] i DR,
J NPDR, H'J¥ NPDR, /% NPDR £ PDR #f

10,
PP
08
506 l
g
£ 04
02}
0 1 1 1 1
0 15 30 45
EHN0?

(a) YIIZhid R v A R 6

FIEW2E, HERIRR 96.50%, 5 UF K4 5 40t
PAH N 0.244 5, S FE v BT 7= 2B 18 43 vh 8]
LERANE 8 Frn ., AIEIXE DR RS0 & B 45
RUE 9 frs. seah, B 10 ik T e A2
1| DR & 5 S BE AR G 1A SEBs 745 2R

5

4|
3l
=
5 2
1k i:
ol b Al
0 15 30 45
0

(b) YNZhad T 2 SR 2%

B 7 ZBEE LR ERERSRKE

Fig. 7 Accuracy and loss on the training datasets

AR, Sl RO AR, R
M 1 5 B 22 ) 4% ( AlexNet, Vgg-s, Vgg-vd-
16, Vgg-vd-19) %} DR UL A2 &5 %, S50
FEROC Mg an&d 11 fros. I 11 AT LR,
SR FHAS ) 2 R 28 ) 2 15 2] 1) 3 2SR RE AN [R]
Vag-s B8R e fE, AlexNet 1943 ZS0CHE )
7%, Vgg-vd-16 fl Vgg-vd-19 HZEAR L, HRE
Vgg-vd-19 B8 TR 5 2%, JHFERT Al £

HIF IR T Veg-vd-16. 5 H Al TR
WM& FIEL, FETF Inception-v3 /2% AYTR 1T 4
) TR AL AN WL DR 287
HABESMECR ., LIRS, RE0E . 5
PSR IR 2 s,

i3 2 AT FEH, Inception-v3 HA i i1
R Fr AR EUE . BT Inception-v3 K
REMEAE, AT DA DA, H AR 2%



. 40 . o AL R 42 3%

B FOUROCOS eg

] 5 ® < 9 o = A 2
0.10527076,0.3461 6357 0. 275803,0.22592539 03551242 0.05E42 3847 0.19547985.0.640541
D6,0.20111626.0.3061726,0.061738728,0.1 400675201481 3782,0.12744826,0.28522322,0

B6092663,0,16179858,0, 107824005,1.135078,04749726,0.12
0.032302346,0.6749797,0.12671097,0.09819051,0.0,0.10155461,0.0020290879,0.6515203,0
2524,0.16087872,0.43317315,048326354,0.032349265,0.16960652,0.01 2465585,0.1011012
2298366,0.1724599,0.2741066,0 35552752,0.688565613,0.21522200,0.7933611,0.21569614.1
T71,0.0,0 3BSY3TI6.016B2TS14 0.05260067,0. 046338043 0.041 2599150 3902561,0. 3765395
TTE28.0 15392750 ITA9INGA, 1 B4504725 0. 573317650 0353224050 400064650 013245175
4573130 42882663,0 DAZ2AGN2 C 26476655 0001327147 0 ATE4601 0 A4864175,0 DOTIAE
20140715068,0.37275836,0. 14655258,1.5719019,0.07630998 0 37912033,0.081 55884.0.503
75,0.34282714.0.2631339,1.1216236,0.33514532,0.095135055.0.45005508,0.45146838,0.17
33683,0.2469255,0.015387610,0.1244066,0.53097206,0.07794424,0.007500703,0.690401 56
Z37162,0.36450002,0.064841285,0.017930475,0.07343271,0.0008665805,0.0,0.44803298,0.
200021914723, 0,01 6238444,0. 0060268634, 0.6244053,0. 30961 385,0.17 5957 34,0006 7554
7,0.38506885,0. 0847447480, 69673145 005272951 7.0. 5068064, 0. 31456656 00521485, 0,01
©38,0,98074174.0.15457906,0 47649762,0.24135331,0.0,0.0,0, 83249257 1 4875353,0.33055
B,0.017425666,0.014477572,0.32387507,0.06367336,0 69135135,0.32312077 0.07317936,0.
DEB3555€,0.67T26189,0.30646068,0. 16497336 0.€1035514,0.0020953445,0.32801518,0.5411
0.0.0.0,0.26414126,0.018400481,0.018221704,0.2683623,0.001632157 0.4514852,0.011683
538440259522 023537272 0.013678556,0. 36012812 0.47067678,0.049341284,0.03797287
ATU14T65,0.0381 8587 6,0.08224476 0. 45841938, 02447621 262674006921 5640, 2680719

| .

|rE, WSS 1N Winckeas [RITY AT
B8 LIGHEIEITER

Fig. 8 Intermediate results of the experiment
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Fig. 10 Result of experiment operation
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Inception-v3 98.50 96.50 96.50
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