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Abstract

The aim of this study is to develop an intelligent fitting algorithm for orthokeratology lens based
on color corneal topographic map images. Orthokeratology fitting requires a lot of experience
from optometrists, which poses a challenge for many users. The aim of this study is to propose an
intelligent matching algorithm of lucid plastic orthokeratology lens based on improved Resnet50
network. On the basis of Resnet50, the Global Attention Mechanism (GAM) captures the features in
the three dimensions of channel, spatial width and spatial height, and strengthens the recognition
ability of Resnet50 in image classification of the three parameters of orthokeratology mirror.
Class Activation Map (CAM) was used to create a thermal map of corneal topographic features.
Through this method, this paper hopes to provide users with more accurate and personalized or-
thokeratology lens fitting scheme. The Resnet50-GAM model has three main lens parameters in
orthokeratology. The results of image classification of lens diameter (D), annular curvature (CP)
and plane lens measurement reading (lens curvature radius) were 89.2%, 86.6% and 79.1%, re-
spectively. Thermal maps showed that the Resnet50-GAM model was basically consistent with op-
tometrists’ concerns in the classification process. The proposed Resnet50-GAM model can be used
in remote areas, low - and middle-income countries, and areas with limited laboratory equipment
resources to overcome the shortage of optometrists and increase the penetration of orthokera-
tology lens.
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Figurel. Schematic diagram of intelligent fitting system
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Figure2. A well-adapted fluorescence map of Lucid and ideal four-radian match
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2.3 REPESHRMETE

% MEDMONT E300 CORNEAL TOPOGR-APHER ff it 2 I & 45 (CSO, Italy) 3k HL /1 i 2 %
[14], AL4EKFA] WAL B AT (HVID). I A B (K) 38 (Flat K). BE K 334k (Steep K). “F3 K i
#(mean K). e fEF1 ACD [15]. {EREEHTE AR A, ZORZAH RS MO0, DURRFE A M.
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Table 1. The basic information and eye parameters of patients were constructed in the Lucid model

F 1 MEEMSRENBEEAEERRESH

S SPIME + FRifEZE benE|
E#4(Age) 12.13+1.73 7.00~21.00
JKF ] UL AE B A2 (HVID)/(mm) 11.67 £ 0.52 10.56~13.2
“F- K(FK)/(D) 42.52+1.33 39.23~46.21
Bt K(SK)/(D) 43.76 £ 1.42 39.42~47.87
I K(MK)/(D) 4317 £1.27 38.47~47.33
e fE(e) 0.46 + 0.16 -1.13~0.89
BREE P (S)/(D)” —2.98 +0.42 —3.50~-2.50
F:4i )% (C)/(DC)” -1.23+0.61 -3.5~0.00
AR #h(AL)/(mm) 25.23 +0.87 22.81~27.76
AU 55 FE (ACD)/(mm) 3.27£0.19 2.44~4.17
HhZ H(AL/MK)/(mm/D) 0.58 +0.03 0.42~0.74

T B (N) = 1207 Z£ R 584 (48.38%) 45 HE 623 (51.62%), AR BEAT HER LB S B30 L 45 5.

TR 15 A I YB 245 % ) Vision Shaping Treat-ment (VST)#it: H& F AU IX anE 3 Fiow, & T4
RERBI-6D. WOGEER-4D, MK Boston xo, #4508 7.50~9.93 mm, FEHRECH 75 x
10 *(em?/sec) [mLO,/(mL x mmHg)], &% & 26.08 x 10 ° (cm?/sec) [mMLO,/(mL x mmHg)], F 7@ 5 49
+15%, MEAN95~11.5mm, 0 EE N 0.21~0.25 mm, FrhE )y 1.415, FESIEL > 86% [16].
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Figure 3. Structural diagram of VST lens design
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Table 2. Detailed statistics of lens diameter classification in dataset

* 2. RRERSRXERERNIFAL T

K15 251 10.2 10.4 10.6 10.8 11.0 &it
VIE 133 158 391 138 86 906
P 44 53 130 46 28 301
B 177 211 521 184 114 1207

Table 3. Detailed statistics of cylinder power classification in the dataset

= 3. MEME O RERIRSERIFERIT

B 0.00 -1.00 -1.50 -2.00 -2.50 &t
llEz:S 89 242 230 221 123 905
WK 30 81 77 73 41 302
JE s 119 323 307 294 164 1207

Table 4. Detailed statistics of lens curvature radius classification in dataset

A4 RRHREEIES EXERIRENFAST

B 7.50 7.54 7.58 7.63 7.67 7.71 7.76 7.80
bIITE:: 18 17 20 32 47 32 26 37
MIR7N 6 5 6 11 15 11 8 12
JE 24 22 26 43 62 43 34 49

E 15 25 7.85 7.89 7.94 7.99 8.04 8.08 8.13 8.18
Ik 38 55 39 57 73 66 60 71
bIIE%N 13 18 13 19 24 22 20 23
M 51 73 52 76 97 88 80 94

P15 2] 8.23 8.28 8.33 8.39 8.44 8.49 8.54 &t
VIR 65 44 21 23 26 23 19 909
TR 21 14 7 8 8 8 6 298
M 86 58 28 31 34 31 25 1207

Figure 4. (a) (b) Corneal topographic maps requiring lens diameters of 10.2 mm and 11.0 mm, respectively; (c) (d) corneal
topographic maps requiring a cylinder power of 0.00 D and —2.50 D, respectively; (e) (f) corneal topographic maps requiring
lens curvature radius of 7.50 mm and 8.54 mm, respectively

4.(a) (b) HHIAFEFEHERRN 10.2mm 1 11.0 mm HARHFE; (c) (d) HHIAFEIREHEH 0.00 D #1-2.50 D
HREE; (o) (f) FAAFEIRAHIEFIZEH 7.50 mm F1 8.54 mm #Y BB E

DOI: 10.12677/sea.2023.126081 836 B IR S N


https://doi.org/10.12677/sea.2023.126081

2.5. Resnet50-GAM & RIZEH#)
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Figure 5. Resnet50 structure
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Figure 6. GAM structure
6. GAM £5#4

DOI: 10.12677/s€a.2023.126081 837 B TR R


https://doi.org/10.12677/sea.2023.126081

RIBL 2%

MLP
sigmoid
permutation .)N_.) reverse permutation ——)@—)
CxWxH —p WxHxC
Text
M(F1)
ClrxHxW CxHxW
sigmoid
Ms(FZ)

Figure 7. Channel attention module and spatial attention module
E 7. BEIENRREZETENRR
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N T PPN S SRR AR A TR B T f IR SR T S AU r R, SRINR 5 ANVEAh Fia dn e A AL gk
1TVl IE#fZE(Accuracy). A& FE (Precision). R B (Sensitivity ). F1 Score. 4F 5% (Specificity) -

Accuracy = TP+TN 3)
TP+TN + FP+FN
Precision = TP (4)
TP+ FP
e TP
Sensitivity = 5
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Precision + Sensitivity
o TN
Specificity = —— 7
P y TN +FP )

ARE)~(7) TP R IEH R/ N IEBI R HE: TN R E R AR FP R B iR
RN N IEGIRECE, BFRIRIRER PN RongiiiRx R e o i s, iR .. — B 2 SRR A
GFIRIT S DL AR R EUE RO E IAS R J3 S T e

3. XRERE S
3.1 LB

WAL 283 T Python3.10.11 A1 Pytorch2.0.0 VAR 2 STHESE 2T, AR AR E . &
KA NVIDIA-GeForce RTX 4070TI, A7 12 G, HATE 64 G, CPU 4 13th Gen Intel(R) Core(TM)
i5-13400F 2.50 GHz.

WIZRARSCHE H 1) Resnet50-GAM B 5, 4 R4 R 256 * 256 IR/, SRJG#EAT AR uEAL B A
FLI(E bR UE 22 43 7] 8—0.2355, 0.5842, 0.3764 DL} 0.9201, 1.0206, 0.8542. %-X4dEAEE /N i &,
P YNGR EUGRAT B (e, HPoO3R8Y, ACERIEY), DAHIINEUE I 2R . ASCaT LSS W S 50 IE
LRI B AR SE BUEEE M35 R A A AER R ] DL WU R (2 Ak B DR A FERE . an SR BGHIE
R0 RAE I v B 2R IS, Ui ALY ] BRAAAE R LG BOS F A B IR R, A ST DR IX SE F bRk R
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A7 MR EE 7 S AERf 2R foe sy AL, FRNE LN T B I D08 o I ki R wb R FH BT B T B S92l
25 0 R T PR 1) PG AR AR SR EUREZRY . A JEE T e 3 PR R SR OO B L 57 7 228 . IR i B LR
HEALFR K /NNy 128, f KA B B B A 5000 46 o R )36 2 2] % 42 B Dl 0.0001; 4F 100 #5508 % 1078,
SRJE R 2 0.0001.

N T AR AR R AR 2 8 PR RE NGBt ASSOBE Resnet50-GAM F 7 5 5] A CBAM 11 & 181 [20] ()
Resnet50 A A By AT 1 4rVERERTLL . AR, D91 PFAl Resnets0-GAM MY 7E £ it % 1€ % E 2% )
B B , A S F CAM++ AR A2 5 T Resnet50-GAM #5 U #E = AN 73 8 4F 45 vh (1R FT AR AL 31 T
IXEELE R, AT 1) Resnet50-GAM AR RLTE 73 S BERIRFAE 2% >) J5 THI B HUS 17 W S e idt

3.2. EMRLER

FEVIZRIIE Resnet50-GAM HEAYAE = 7p RAE S5 EIHER LR R 2k, nl&l 8 Fror, AIEATEL
B, ERATHEA RS IAESN, BRMCREL, IGREMNRER loss EZE R/, HERE foR
CLARCAEIR L 7p AT I, BT R A, RORAH 22 10 A AT RE A2 30 b BERFAEAR B T8 v B IR AN 2
AW TS MR RS, BRRCR i, — TR B TR RMES, B
NRHIARAN 2RSS 202, 51— TR E & ZEZ RN, FEURJE 72 PR WA
PG 2RAT 55

Figure 8. (a) (b) The accuracy and loss of Resnet50-GAM for the lens diameter classification task; (c) (d) The accuracy and
loss values for the ring curvature classification task; (e) (f) Accuracy and loss values on the lens curvature radius classifica-
tion task

[# 8. (a) (b)7 Resnet50-GAM FESEF HE N RIS LEVEREFIRKE; (¢) (d)AERME D XIS LAERERR
KiE; () (DAEERMELZNLXES LA EREFIRKE

3.3. FRIELRBIRLE

N TUEHA LA Resnets0-GAM W £ AR B 4T 17025168, #F Resnets0 M 55| N GAM 5
CBAM JE & S ER U Eidt I Z8 HE4T T B e AN SCEE BT SE I 1 IR SE 28 AN, A8 AR ] A 2544 R 5 edi]
HEATVPAG o ASCHUERE T = FOAS ] (VAR 2 1 A A (Resnet50.  Resnet50-CBAM A1 Resnet50-GAM)7E =AM
45 S H T4 LIRS . IR R = AR R 0 BRI E 8 Fr ELAR . PR R RE DL il R 1%
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RIBL 2%

RATERE, BTS2 gh BEEIR A R R SE I ZRAS B = AN E B 48 X 48 78 88 ELAR B
£ R TERER LW 9, 1 LA 3| Resnet50-CBAM B 7E 4% F B 424> K0, Precision £ 2 b A itk
HEM) Resnet50 1 A1 32, 1 Resnet50-GAM 7 L Resnet50 158U 7 = AN BAF 55 1 TLANEN Fe b3 4 B
T, W# 5.

Table 5. Comparison of accuracy of different models in three classification tasks

5. FPRIBEREA=NIRES LRETHERIIL

BHER B7N:iiDics B R AR
> y ) Res- Res- . Res- Res- ) Res- Res-
PRBE ni(:éo nets0-C  net50-G r';‘:go nets0-C  net50-G nRef;o nets0-C  net50-G
BAM AM BAM AM BAM AM

Accuracy 0.843 0.860 0.892 0.823 0.830 0.866 0.748 0.765 0.791
Precision 0.822 0.867 0.879 0.792 0.847 0.863 0.727 0.772 0.771
Sensitivity 0.833 0.873 0.887 0.813 0.857 0.872 0.738 0.778 0.782
F1 Score 0.831 0.871 0.875 0.813 0.851 0.851 0.736 0.776 0.783
Specificity 0.861 0.842 0.871 0.841 0.843 0.854 0.766 0.758 0.770

3.4. AT

N T VPR R A =AU 1] 70 AR 55 122 S BUSCHERFAE, 56 TIN5 A A H 20 70 5 PR AR AR A
BB, ] Grad-CAM++EAR[21] 4 il =70 FAE 55 R IR PR A I, LI 9. B &
7~ Resnet50-GAM R 745 A BLAR 73 JSIN 4 ) I Sy 0 5 1455 JE AN B 7 L) LA O, X 5 360 i
FEGRHUGE i ELARIN 2 256 25 8 A I 4 il <RI ELAR A SEP i 0 A2 — S50 s T AE A i 7 2Kt JU 58
LR AL RO A5 S, XS BB e A 2 I R 3 SN T ) B 3 R B O A A 22 S th A — B
(s BT 2R A2 23 S I SR OV BE AN LB N AR AR A5 R, IR AR T E 1 BB v it R AR I v
B A K AR — 0. ik, Resnet50-GAM L R 5 45 2 b 2 21 f IR T B G h 5
TP RAESS AR BRI, AT 32 i 70 SRR &

RiGENZ Grad-CAM++#HE

HHE

Ly s

Figure 9. Characteristic heat maps of three orthopedic lens classification tasks by Resnet50-GAM model
9. Resnet50-GAM #RE T = A FREEFSSR 53 2T S ROFHE AN E
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3.5. Resnet50-GAM [ TA 2R

I, Dy 7 AR SR RRE R e 6 S IE SR TH A BB TR B ) K, AN IF B AESEI =B, FIH]
Flask 52 i ff S Y B2 2 RESGIC (19 X D58 & [22],  Flask /& —M# H Python 4’5 (142 8 2% Web B FHAEZE.
GRSV BIIRVDCEE A, DU (AR AN R P A bt T B HEAT A T B I C . B S A il
R R F0 8 (0 A B R St P 20 X DS i, 285 PR B N R AR, o BB AT T, 4
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