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Abstract

Eye diseases may be overlooked in their early stages, resulting in few people seeking timely med-
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ical checkups, which delays the diagnosis and treatment of the disease. To counteract this problem,
eye disease detection systems are deployed into smartphones to enable people to perform eye
examinations by taking pictures at any time, thus detecting the condition early and preventing its
deterioration. The aim of this study is to train a neural network model using an eye feature da-
taset and deploy it to a smartphone device for recognizing and classifying three eye diseases,
namely cataract, uveitis, and eye protrusion due to hyperthyroidism, as well as normal eye images.
In this paper, we propose MobileEDT, a model for eye disease detection, by combining deep learning
techniques with smartphones. The model utilizes convolutional neural networks to extract lesion
features, while incorporating Transformer’s self-attention mechanism to achieve a lightweight
model. Experimental results show that the proposed eye disease detection model exhibits high
performance in terms of both accuracy (Accuracy of 0.999) and efficiency.
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1. 5|

WAk, HRABM R AORZE, U R AN, & 2 DA R ST RIR M, 23 EFH[L], BUONBR
o N A R 1) K I R [2] . 1 P R — R LR R M AR, RN R N SR AR R R [3]: AT 5%, T8
PREFIRER, AT BRI R ) JORE[4] s T 70 R AR U2 HOIR B 1 B S e 40407 51 K O IR BIEZHL
ZURAE, AFEHR MR BRER 5 75 HE T [5].

ST R I IR0 6T T TR 993 1 b 22 O 3 2, R, A% G 1) s e ARVR AR 785 1 AR AR I ELANE,
SHF 2 NEHBUIR AR B2, HRIGIT RAL. RISME, AN TEAEBAN CHEkE, &
7R TR AT AR I . R 2 ST HOR I 5N S HR SR B2 W R T 8 A 7T )

LB M2 R LGN TR G, @il 2 2GR, RetsAa Futh SR B G b i A
SR, R AR R R R 6]. XA A &K FIRHESR AR 71, A AR ARk
RI7]. RE WL, 2410 2 B0 2 N 2 FR BT RO s v RE IR 55 2R B R IS AT, IXAE— @ R B PR T
FLAE R0 o 25w R SN

EEXHX kiR, ABFFIT R T —Fh 49 MobileEDT f42 B 2R 3R IR AR AL . %R % 9 B RE T
MUBETE, RERSTE T 5 RS2 BRI A58 T S s P IR B 4% P 1 75 R [8] o T 4% L ABE 2R (1 484 R LS. FH A
JF RE S AR FH P A4 A AR S HE R S DR W7 2 75 A7 7R IR g B LR A, T Dy £ 3 B 15 5 52 IRV YT IR TED

AT ARTR o LR B T VR BER 4R ) 7 B MobileEDT:; 25 =715 &7~ T MobileEDT
SO R BT REFHL LRG0 LESess s 5 fia, BP0 Rl 10 7O BeR LR RSk TAE R R 2,

2. MobileEDT #&#!
2.1. MobileEDT BMIZ&LE4

MobileEDT #&H = AN % : A3« MobileEDT Block #34>F143 25864y, H MK 45 MR s
BN 1 s EIXARIE R 0 AR B EIREE, 1 RRE AN, 2 B EIL, M3 %
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Figure 1. Schematic diagram of the network structure of MobileEDT

[# 1. MobileEDT BB L5 = E

K L & F57ESREA MobileEDT Block H 2 Sk i A AL AT 5t N 25 7 5. MobileEDT W 4% H14] )2
A B AR N Wik 1 FTR.

Table 1. Inputs and outputs per layer of the MobileEDT deep learning model
% 1. MobileEDT REZF JEAH BEMNEH

B HEH x WmARY HEH x @R
Layer 1 3 % 224 x 224 36 x 27 x 27
Layer 2 36 x 27 x 27 64 x 13 x 13
Layer 3 64 x 13 x 13 80 x6x6
Layer 4 80 x 6 x 6 320 x 6 x 6
Layer 5 320 x 6 x 6 4x1x1

2.2. ERZHS

R KN 2 19 3 x 3 At AR BRI B N TR B 1 R EBE 0, A TIRERANCER, RGHEE
FEZRE, FRLKALH 3 x 3EEEEAREIKERME, HAEZ EHIT KRN 2 i,
HHTRHMEIER[10]; B TFESEMKELSE SILU BUFRB 2 FSeTMER, U ERN IR x 1
BREN T K SRS BT = R4 R
2.3. MobileEDT Block &84

£ MobileEDT Block #43, #AL@E S /b fit A 2 A K E N A2 RE B[11]. %55 0] DU 7
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M. B R Rk AT E IVLE (Multi-Head  Attention), 55— J2 /& B 154 45 % 2% (Feed-Forward  Net-
work) . 192 2 [R] R R 72 e, SRR AT IR IR — 1k FUARIT 35, 45— 2% A LayerNorm (x + Sublayer (X)) »
Forfr Sublayer (x) /2 FT7E /2 ISR 2, MobileEDT Block F &S iH 77 V& B 4N F

o HN:
MobileEDT Block & F#AE B R Bk &R/, HpBBEEs P KN 1.
e Unfold:

Unfold #2438 AERG 7 1 A7 S W A I 22 1 4 R E B, IR TKE TR B R R
Xy, € REMW NGy, F—r&HRIIGE X e R* KUY P, JT LAy %) B B 176K Unfold 2
JEAFE] X, e R™MP, Horf d Jysk st 25 R 4R
o Multi-Head Attention [12]:

YR EELF AL B X, e RYNVPHFI(P F)iENZ Sk BIER MR RARINA BB B, 6 T — 514
AR Xy orumn € RTME s AR 20 (1) 15 205 7K B X g copumn € RTV

X

G-column

= Softmax[Q\/KaT ]V (1)
H Q. Ko VIR X, cqum € ROV I AR A FIN . P IIIHIH A TE— R X, e ROV,
X o A4 R R AEAN J) PR AR AL
e Feed-Forward Network:

o7 B B T A 22 P 24 £ SILU WG B BUZ R — AN R B, A X e RPN, R AN(2)
Ik AEE Y X e RV .

X e R&NP :[(Xewl+bl)5igmoid(XGW1+bl)]-W2 +h, )

Hrb, WREMEERRE, b NE&MEERRE.
e Fold:
Fold #:ERL/2Z Unfold i 4 ft, K HEGE A 4 55 B ATk X e RT™NP J& R A7 B 5 2745 [m]

X e RdxHxW .
2.4. Sy&ARGY

N RSB SR E T E R, ¥ Layer5 FIHIA X e R #k4T B 3&E NP ¥tk (AvgPool), 2 )5
JEFN 320 MRHIEH , i J5 281 2k 1 /2 A SoftMax 2 J5 759 21 4 AN 1) B 4 P E 248, an A =0(3) B [13]

Xi

Softmax(x; ) =

o (i=0,12,3) ®)

Horbr x HMANFIZE AP RLRRFAEAE,  Softmax (x; ) PSR B R IRESRAE s 82 (14 288 73] Bl g
RTINS -

3. SCLE
3.1. ¥Rl EmEEE

TG FE RGN B 465 H Kaggle “F- 4, i 7% T Eye Disease Dataset By Hritwij £l Eye Disease Dataset
DA HA AR DG IR S R BB SR M 25 o O T IRTHIE B iz Ak e Sy R, SR IS FIBE MRS . B
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BT 2 MBS 1Y 9 BRI BE SR [14] o 2B AL AL DY MR A (IR AR A, b B s =
i DL PR FR 08 92 9 AR A LA B — o iE o PR HR AR AR AIE o« &% B4R B 1000 5K v, AT G R 4 — Kb B 2
512 x 512 & R~F. BARES WA TH: NSGEMNRE. Hd, AL E 3600 KEE, L4
KR 90%, EZH TR EAMIZR N TR REARAL . AR AL 5 400 5KIEME, 5S40 10%, H TPl
Frasr. AL RSB R RE R L[ 15] o X Pkl 43 77 2 T % S PPANASE B 7E ST Bm B L HR A ECR B DR 2 A
SRR AT S ARSI A
3.2. SEIGIfIE

A ST S B0 B 1 B N R A THREALRIE BETFHL. BT IR ALIZE, 45 MobileEDT 4574
PR HoA s B i Ay, IFE T SRNL ek, B T N R AT tE S i . TR () e & N H
PR B ReTHL, BRI EAE R B TFHLT & AT Y (RS 1 FE 5 R IIE . BT LS IE X — D BRI 7E
BRETFHL RSt BT R AR, I B R R ELEE Py Torch 1.9.0 fiR4< L J& Python 3.7.16
WA . B R A I B VRS T S IR 2,

Table 2. Hardware configuration

%2 WHRE
E3 RAM i CPU
Windows 10 8G Lenovo ideapad 510-151KB Intel(R)z(.:é)(;(ezﬂ'zl\g;%-flzvcl)ag)CPU @
Android 7 2G Redmi Note 5A Snapdragon 425
Android 12 8G Honor 60 Snapdragon 778G
Harmony OS 3 8G HuaWei P30 Pro Kirin 980
I0S 15.1 2G iPhone 7 Al0
10S 16.4.1 6G iPhone 14 Al5

3.3. SLENEIT 59T

3.3.1. E¥git

A B 5 % MobileEDT . Mobile_vit_x_small . Mobile_vit_xx_small L &% ShuffleNet_ v2 x1 0.
ShuffleNet_v2_x1_5 X FLAMEAL K o1 5 & (FLOPs) . SH08 AR 5 I W AFEAT T TR I LL AL [16].
AL, ERRETFHL AR, DX b 7 IR SRR AR g (] P38 ok UG T0l B 75 B8 () . T
D25 5L 1R TR R DA BN FE FE b (Kappa) &5 77 T R L, DA T PPk #5155 20 A S B B2 FH PR R R 380 e
T o

3.3.2. BHIEE

R R RE LU I A IE M, AR IR FE R I E T SN G S5, i g T RS5
ZE MM i 2 45 . VI GRB i N BB o HE 2R [ e O 224 x 224 B RSE. G BER A TR TR TR
F%7%:%) Adam (Adaptive Moment Estimation) it fb 5k AT A8 E 4k, FFi5E T 0.0002 HI2: 3%, thah,
1% F 22 X @5 (Cross-Entropy)/E A4 R B[ 17]. BN I 2R FE % 2 4 50 4™ epochs, Bl 50 ¢ 5¢ B 5 P51k
£, MR IER PSR 8 MEARMEAT IS, XYL batch size B [18]. SR, @
FEN NS BN R0 K i3, AR 2 ANIE] 3 PRl R
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Figure 2. Comparison of training accuracy of each model
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Figure 3. Comparison of training loss for each model

B 3. B MMRRNIGIRAIEE

Wi 2 fE 3 frR, MobileEDT 78 Il 25 B a) (ks B oAb, H HSIGH P BT HA AR
Y, AR T H A AR
3.3.3. BESH

T8 I VRV RE B b TN &5 B, AT AR5 R 2R (Accuracy) . Bf & (Precision) . 74 [ 2 (Recall) LA %
Kappa 20550 BE VPR FR[19] o TRVBHEFEAE A —Fh Pl 20 B AL p Bt TR, i OB T br 25 5 5k
PR, EDVLHE I T AR AL T DU A HR SAFAE R 71[20]

@%i&%?“%&mﬁWEﬁ ERIELB], A RWA R AR R0 R N TR AT R )
SENARZE TN A, FOE S TSR e, 8 v AR U 2 R SR AR RS B 2R R O 315 B S AR i
TEINERANG) [21]; B RIZZIBENA TSONARRIREA T, BAEHTNR LG, AX6)%4H T
BARMTH R AR FLEE ARSI G BRI A5, HAETE 0 B 1 208, Rets Il id fase
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P, FLEMGS, RUIRM RN, TEAKXMAKXT) R,
Kappa Z#0E — N e — B RIPPAG 20 R UER PR Fabr, Kappa R EUEBEGE 1, FoRBRL R 7>

KRGS . HAt 5 A XA (@) .
TP+TN

Accuracy =

. TP
Precision =
TP+ FP

Recall = i
TP+ FN

2 x Precision x Recall

TP+TN +FP+FN

F1-Score =

Precision + Recall
_ Accuracy - p,

Kappa =
pp 1-p,

4)
®)
(6)
()
(@)

TP AR SLBRIEA],  [RI4 (E A T A TR AR AR E ;. TN 8 0042 2 Bt 491 EL A T A 47 48] ER) A A 4
H: FP RS br 5 &0 B i o 9] RE AR, PN IS S bR A5 20 R 40 0 oA T4 e A 2. ot
Gb, p B AT SN B SEBRE S TRE SRR A AT “REA S E T R E .
SRR VRIE M ) Kappa RELCESR 3 FFIH, MidER 2R (Accuracy). K% (Precision). # A%

(Recall) FFELAREAE I DL 4.

Table 3. Confusion matrix and Kappa coefficients for each model

3. HEMERRR AR Kappa R

MobileVit_xx_small

Confusion Matrix

1.50% 0.00%

Pred

Kappa = 0.992
Shufflenet_v2_x1 5

Confusion Matrix

6.00% 0.00%

Kappa = 0.973

MobileVit_x_small

Confusion Matrix

0.00%

2.00%

Kappa = 0.985
Shufflenet_v2_x1 0

Confusion Matrix

0.00%

8.00%

° ~ 2 ”
Pred

Kappa = 0.942
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MobileEDT

Confusion Matrix

[ 100.00% 0.00% 0.00% 0.00%

Kappa = 0.998

Table 4. Comparison of accuracy metrics for each model
4. BEMEBREEERRXTEL

e it Accuracy Precision Recall F1-Score
MobileVit_xx_small 0.995 0.995 0.995 0.995
MobileVit_x_small 0.989 0.989 0.989 0.989
Shufflenet_v2_x1_5 0.980 0.982 0.980 0.981
Shufflenet_v2_x1 0 0.956 0.959 0.956 0.957
MobileEDT 0.999 0.999 0.999 0.999

4 3 JE/n T MobileEDT 5 H A RI7E Kappa 2 2R VA R FE 5 THT 1 VP A 45 S - 204 27, MobileEDT
FER ERRFAE 73 AT 55 R HUAS T B (1) Kappa 53, &% 7 0.998, MMifEdllii)#A! dr Shufflenet_v2_x1_0
) Kappa #%m A%, 7 0.942. 54F, MobileVit 44 MobileVit (xx_small) ) Kappa %%k T MobileVit
(x_small), Tfij# Shufflenet R ¥IHEA 1, Shufflenet v2_x1 5 K Kappa Z%= T Shufflenet v2_x1 0. #
4 33— ABAE S T I TR R R BT AR H =, o MobileEDT FAARS B i i, 1A B T 0.999. 454 ik 45 R,
Al LA 4518, MobileEDT FEHLH T Wi (1 REXS 2 .

3.34. XS
COl A BB 38 B AR S R e FAL L, DIVPAY R R0 . VR 48 bn G FE A B 1 i =
(FLOPs). Z¥¥ia. BAPT &N AEE 18] A5k BUR IR BN R (ART),  BLACE RETHLIN A 2 4 17
B IS TRI(LT), A (9)Frs[22].
TRT
Amount

ART = ©)
Hort TRT AR AR B G T 75 i A 16, 15 Amount T2 IARAE P G K. S8 45 SR Ve L
7 5 F% 6, TT R INEALTIN [ (LT) -5 P35 455K B A I (8] (ART) I A

MHE 5 M 6 HIBAREEKE, MobileEDT @I 1 &t B NEAE AL [A](LT), £ iPhone 14 HAXFE
50 =, [FIF A SIS HE (L. 27TM) RSN N AT 5 (3.72MB). I1E4F, MobileEDT it 5 & (FLOPs)
FEMRR A5 rh AL 15 —AIK, X T ShuffleNet_v2_x1_0 %Y,
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Table 5. Comparison of the overall efficiency of the models

F 5 BMERE BRI

R S iE(RAM) LT (ms) ART (ms) TT (ms)

Redmi Note 5A (2G) 478 283 761

HuaWei P30 Pro (8G) 92 52 144

MobileVit (xx_small) HONOR 60 (8G) 102 62 164

iPhone 7 (2G) 121 112 233

iPhone 14 (6G) 105 55 160

Redmi Note 5A (2G) 550 144 694

HuaWei P30 Pro (8G) 116 37 153

MobileVit (x_small) HONOR 60 (8G) 128 41 169

iPhone 7 (2G) 93 57 150

iPhone 14 (6G) 83 50 133

Redmi Note 5A (2G) 643 107 750

HuaWei P30 Pro (8G) 146 30 176

Shufflenet_v2_x1_5 HONOR 60 (8G) 160 32 192

iPhone 7 (2G) 124 99 223

iPhone 14 (6G) 115 52 167

Redmi Note 5A (2G) 732 572 1304

HuaWei P30 Pro (8G) 168 100 268

Shufflenet_v2_x1_0 HONOR 60 (8G) 179 118 297

iPhone 7 (2G) 153 174 327

iPhone 14 (6G) 125 73 198

Redmi Note 5A (2G) 476 117 593

HuaWei P30 Pro (8G) 90 35 125

MobileEDT HONOR 60 (8G) 101 40 141

iPhone 7 (2G) 57 55 112

iPhone 14 (6G) 50 29 79
Table 6. Calculations, number of parameters and memory size of the model for each model
F6 EMRENITEE, SHEURREMEREXRN
il THEE(FLOPS) SHE R/
MobileVit(xx_small) 261.6 M 1.28 M 3.76 MB
MobileVit(x_small) 720.17 M 2.23M 7.52 MB
ShuffleNet_v2_x1_5 306.05 M 35M 9.68 MB
ShuffleNet_v2_x1_0 152.39 M 2.28 M 4.97 MB
MobileEDT 231.66 M 1.27M 3.72 MB
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XTAFRS R RETFHL, BT NAF A B EIEUE T BAE LT M ART _ERtkRe. 4 Kigfr
PIAF I BETFHLIE . g AT S IO ) 52 AT 55 32 5 8o, 1847 WA/ Redmi Note 5A (2G)7E LT
ART LAEm A, 1R AHFEEAT WA THL, BT CPU By, JL LT Al ART B HRTIX ), #i
W4 4% Kirin 980 () Huawei P30 Pro (8G) L % Snapdragon 778G [ Honor 60 (8G)fT 7 i [All& /L. Fi,
FE LT F1 ART IEL#E T, iPhone RS AU T Android 27 A5 AL T B P AL BRI . MAKT 5,
JUEAR RS B TFHILE LT M ART BAFEZE R, RSN EARIZ AT A(TT)B4EHIE 2 LA, X
FE SRR o ] DL SZ

LA VA XL 3BT, MobileEDT 7E% 288 G AL L1 B AV R 20 I BR 17 oAt B ALY

4. BRERE

AP B S HWE, Wit 748 MobileEDT FIHT R BE T HL 8M0RY, B 72 R 24 B IR
TPRSWT R PRAR . 1A e 8 SRR I AR B, N R PR AL N Ry T 48 Bl . MobileEDT SRHAEFMHE
W2 SE R AR AE,  BE S FIA Transformer 3K 4 mAFE, JH@EE B ZE RS 2 RFEREG . R4,
RRAE TR SRR N AR 2 AT T

LR ERTR, RIS T —FREIET IR IR 2 W MobileEDT, AMUJBILH mtERE . ks BE A
KSHESMN A, TR T HERIE RS E R T, NARRMETEA KR MR T/ 713
o

FRUE AR T I SEBE T 6 MR BRI, H T SR IR S0 AR 4R B PR, B Al a5 7 DUFh
MR ERARFAIE o AR, B WCARTE) iz« BB 2 R IR A Bt A it — Dy AL MobileEDT #%!,
T IZ R Sy G VG, 9 HRARREE T e Sk K BT -

SE 3k
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