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Abstract In this paper, a new method to automatically discriminate the left and right eyes is proposed
and validated utilizing a deep convolutional neural network. All parameters of the designed network
are automatically estimated based on the characteristic differences between the left and right eye
images. On the basis of the Alexnet network, the convolutional neural network designed in this paper
consists of four convolutional layers and two fully connected layers, followed by a classifier serving as
its last layer. According to our experimental results on a total of 42 541 fundus images, the training
accuracy of our network is about 100% , and the testing accuracy is as high as 99%. In addition, the
proposed network is highly robust given that it successfully works for a large amount of fundus images
with great variability. As far as we know, this is the first deep learning based network for left-vs-

right eye discrimination that exhibits very high accuracy and precision.

Key words left-vs-right eye discrimination; fundus images; deep learning; convolutional neural

network (CNN); Alexnet
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Introduction of Image Data Sets

x1 BEBBEENR

Source Camera Type ImageNum # Lelt Eyes # Right Eyes Size
Gaoyao People’s Desktop Fundus Camera 8243 4166 4077 2880X2136
Hospital of
Zhaoging City Handheld Fundus Camera 1085 590 495 1536X1152/1920X1088
The Third Affiliated
Hospital of Sun Desktop Fundus Camera 903 443 460 3280X2480
Yat-sen University
Common Data Set Fundus Camera 15760 16 550

@ https://www. kaggle. com/c/diabetic-retinopathy-detection/data
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Fig. 2 The network structure of classical convolutional

neural network Alexnet
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Fig. 3 Residual structure
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Table 2 Network Parameters of the Proposed Left-vs-Right

Eye Discrimination Model

R2 FETAEARIANEENNESEHIEE

Layer Kernel Size Stride Output Size
Convl 5X5X3X16 4 128 X128
Pooll 1X3X3X1 2 63X63
Conv2 5X5X16X32 1 63X 63
Pool2 1X3X3X1 2 31X31
Conv3 3X3XK32X64 1 31X31
Pool3 1X3X3X1 2 15X 15
Conv4 3X3X64X64 1 15X15
Poold 1X3X3X1 2 TX7
Feb 64 X256 256 X1
Fc6 256 X2 2X1

2) SrAR IR

CNN HA k5 0 Rk A 68 1 . 7E1R 2 EIR R
SIAE 55 R AT DL B4R T CNIN W) 284 Ay — Pl A 412 B
s DX 4 FE 2 I AT LU F CNN 1 softmax ™.
AR KT softmax 1 3% 5 0] & #l (support vector
machine, SVM) 73 R85 E17T T HL#L.

@D softmax

B B 28 W 4% — R JH 10 43 26 4% /2 softmax,
softmax JRHEAE 242 5. softmax 2 iy o —
AR ER S35, A LU B g A8 T — R S B g HE R
H A A3 ORIy 1 s R
e (2)

E : e’

J

f\(T,) -

@ SVM

SVM Z—A 7 K E kg B — 42K F
AT« P B8040 4o B A~ T A DT 38 B 3 25 Y B Y.
SVM 13K fif 52 B b 8t A& 4 it — > B2 ) . y =
wxtb, BIRBESE w fb.

XA SO AE A IR R I Y 4 2 IR) A 3 5 A
R aE R B KB AR T R R
2X1 1y logit, F A4 logit T AF] SVM £k, iH5
15 BN 2Pk 43 25 45 1 pR BB AL Oy

y=0.92932r—1.1123. (3)

3) A4 1d B

— A SE R AR AL R T B A A 45 4 o 2 AR A
M T BT AR AR R TS pR AL 2 ) R S RO AT I
B3 BURA LRI SRt (1 4 B A 28 A

@O LA Ny 8 243 RIR I M 245 AL IR
IRICHR 4166 5K ATHRER K AR 4 077 5K,

@ X% A B B — 5K B # AT AR SRR
512 X512 fR /.

© BE 22Ny 0,001, A batch By K/ Ny
32, IENAL 2% 0. 001.

@ M2 fEkH GPU gyl %k =K.

© fdi ] AdamOptimization ffifk e £ 17 FUE
ZHRAL.

© i relu #95 pR %K.

@ o FH 58 S I S ) T AT ek 2 g I k.

AR SCAH FH TR 2 S HEZR S TensorFlow , iX J2&
— P N 2 IR PR el BROH O 1R O AT
™ 2% 5K 1 19 31 &.. TensorFlow if 3% #F GPU iz
LR A AY GPU #15J& Quadro K2200.



PG A A L T R 2 T 25 19 2 A TR

1671

2 % R

FETEH 1WA 3 Bl 25 5544 Al 2 Bhor 2K

s FRAT 08 T A S R 2 58 U o AR R
18 2 2] BRI 42 181 R R0 95 B2 e &1l i3l
L& R B gE AT s BT A 2 A K 25 R N Sk 3
Fes

Table 3 The Recognition Rate of Different Network Models
®3 TEMEEEFIRR X

A
Models Source ImageNum # Left Eyes # Right Eyes Accuracy/ % verage
Accuracy/ %
Handheld fundus images of _ 99.15
! ; 1085 590 495
Gaoyao Hospital 99.19
Desktop fundus images of 98. 65
Alexnet ) . . 903 443 460 99. 26
No. 3 Affiliated Hospital
99.13
99. 10
Common data 32310 15760 16 550
99.42
Handheld fundus images of _ 98. 30
. R 1085 590 495
Gaoyao Hospital 98. 98
Desktop fundus images of . i 95.71
Resnet . . 903 443 460 98.11
No. 3 Affiliated Hospital
97.17
98. 06
Common data 32310 15760 16 550
98. 21
Handheld fundus images of _ 100. 00
. R 1085 590 495
Gaoyao Hospital 99. 80
Proposed
Network Desktop fundus images of 97.07
. .- . 903 443 460 99. 34
with No. 3 Affiliated Hospital 99. 13
softmax
99. 44
Common data 32310 15760 16 550
99. 26
Handheld fundus images of _ 100. 00
. A 1085 590 195
Gaoyao Hospital 99. 80
Proposed
Network Desktop fundus images of 903 443 460 97.52 99. 34
with No. 3 Affiliated Hospital 99.13 o
SVM
99.48
Common data 32310 15760 16 550
99. 21
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The changing trend of loss and accuracy of the proposed network model during training
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Fig. 5 The samples of some representative

misclassified images
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