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Comparison of Image Classification Algorithms Performance

for Eye Diseases in Humans
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Abstract

This research focus on a comparative analysis of the efficiency of image
classification algorithms for eye diseases in humans using the Orange Data Mining program,
which serves as a tool for machine learning to aid in the classification of various types of
eye diseases, including Cataract, Diabetic retinopathy, Glaucoma, and normal eyes. A total
of 4,217 images were used as training and testing datasets. The objective of comparing
the performance and accuracy of these algorithms for classifying eye diseases. The
supervised learning methods used for classifying the different types of eye disease
datasets included Neural Network, Logistic Regression, Gradient Boosting, Support Vector
Machine, k-Nearest Neighbor, Random Forest, AdaBoost, Naive Bayes, and Decision Trees.
The experimental results showed that the algorithm with the highest performance in
classifying eye diseases is the Neural Network with RelLU activation function, achieving an
accuracy of 97.87%.
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(Johnson, G. J., et al,, 2012) s3udsnisguasnulsaniudazaiialiegiamuigay (Kumar, S. M.,
et al., 2023, pp. 593-615)
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Vector Machine, k-Nearest Neighbor, Random Forest, AdaBoost, Naive Bayes Lag Decision
Tree (Ravudu, M., et al., 2012, pp.320-325)
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(%;Juaiiﬂmmﬂ https://www.bangkokhospital.com/content/beware-of-4-eye-diseases)
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pp.136-145) lauA

2.3.1 Neural Network Luszuufidrasansiauveasaduszamluanosyud lagld
Sanesilumsndamansusznausienatstu (Layers) Insusazduusynausaslunun (Nodes)
viiowaduszamiion Aflanuduiusneadinaansseninaiy

2.3.2 Logistic Regression L’f]ué’aﬂa‘%ﬁwwaﬁﬁﬁwmmw%ﬁﬁLLuﬂst’aagaaamﬂu 2
Ny Aangy Positive Class wag Negative Class lnglaflanidu Logistic Function (3@ Sigmoid
Function) WileAuaa ey (probability) fishetsdayaazeglunguln
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flndananyadoyaiiomanuadioszninsinegdlmiuazinegnaiilndfian aantduasldnig

=
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2.3.7 AdaBoost 1usanesfiulunisaislumaiiiseuiandmeuvesiiegeduliuvuy
t08 (Weak learners) uaglinuiinuamegsiidsufinnaiauazidouianyasiogidlmiid
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Algorithms ACC CA F1 Prec Recall MCC
Neural Network (ReLu) 97.87% 88.29% 88.30% 88.31% 88.29% 84.39%
Logistic Regression 97.52% 87.19% 87.16% 87.14% 87.19% 82.92%
Gradient Boosting 96.83% 85.32% 85.34% 85.39% 85.32% 80.43%
Support Vector Machine 96.08% 82.70% 82.67% 83.00% 82.70% 77.04%
kNN (k=4) 94.23% 81.45% 81.33% 81.34% 81.45% 75.30%
Random Forest 92.73% 76.68% 76.66% 76.67% 76.68% 68.91%
Naive Bayes 90.43% 72.18% 72.37% 72.71% 72.18% 62.96%
AdaBoost 89.81% 79.63% 79.68% 79.74% 79.63% 72.80%
Decision Tree 77.32% 69.99% 69.97% 69.96% 69.99% 59.97%
a13797 3 wanan1sSeudisuuseansnnuesdanesfiuuuy Neural network e Activation
Functions WUUAT99) d1m5UN5TMUNAINTTART
Algorithms ACC CA F1 Prec Recall MCC
Neural Network (RelLu) 97.87% | 88.29% | 88.30% | 88.31% | 88.29% | 84.39%
Neural Network (tanh) 97.73% | 88.21% | 88.21% | 88.20% | 88.21% | 84.27%
Neural Network (Logistic) | 97.57% | 88.34% | 88.33% | 88.33% | 88.3d% | 84.45%
Neural Network (Identity) | 96.90% | 85.91% | 85.95% | 86.00% | 85.91% | 81.21%
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ANNQNABIEITgR WiiuTeway 97.87 WaTeuiuiudanasiuwuudu fwmns1ed 4

msﬂ\‘lﬁ 4 11dm9 Confusion Matrix 989 Neural Network (RelLu)

Predicted
cataract diabetic_retinopathy glaucoma normal 2
cataract 1918 3 105 54 bodo
diabetic_retinopathy 4 2097 33 66 blboo
g glaucoma 104 22 1623 261 boeoc
normal 50 69 217 1814 bedéo
3 lbboabd boa'e owaldc beowé GEGo
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naonldulAan18A7 False Positive Rate (FPR) ULWNY x WagAn True Positive Rate (TPR) Uu
WA y 1agls19g3AsIERUIEaNS NNU098aNas ANAI NS UTIMUNA NS ANILAALUTLLANNIU
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Activation Function 4UU ReLu IA1A313Q NA 0V UT 08ae 97.87 LardanaINum i
UsgdnSanadudl 2 Ae Logistic Regression FeiA1AINgNABs Winduseuay 97.52 uag

dane3undusEanSamadun 3 Ao Gradient Boosting FuilAnmnugnfes Winiusegay 96.83

o dd‘d a Aa o

WA AN UNNSUSEUIANAYDIDANDINUADUTIUNY kaLdanasNuNL UsednSninainud 4 Av

'
v A

SVM fifanugnaeariiiuiesay 96.08 uazdana3iiufiiiussdnsnina1auil 5 A kNN (k=4) §
AIANNENABIYINAUTREAE 94.23 UagdaneiNunilusea@namandun 6 A Random Forest

AIAINABIVINAUTeEAY 92.73 uavdanasiiunilusednsan 7 M@ Naive Bayes e

mgnapwiiuiesar 90.43 uazdaneIiuniluseansananu

=
Do

-

T a
o =

8 AdaBoost fiA1AINY

o))}

62



gndewiniuiesay 89.81 uavdanasniuniiussansamaun 9 Ae Decision Tree AA1AIY

[ |

NABLINAUSREAY 77.32

Y

Ya o % =

lganAIANgNABIYeIdanaIiuYed Neural network MepeEITedsdinmaasdiiie

v '
Ya v a o v A

WisuiisunisTd Activation Function wuudue enadwsiiladieai d1udl 1 wuu Relu den
AnugndeaviniuTesar 97.87 uard1duil 2 wuu tahn fleAnugndesviiuiesay 97.73 uaz
819U 3 wuu  Logistic fienAugnaeiniuiesay 97.57 WazaIRUTl 4 wuu Identity fi@
AmnugndBsiniuiesas 96.90 Ingnadnsiliazasnadostunuiliiuvesnsm Performance
Curve 283M3uUNNMLsANLRazUSTIAT TIdane37iuves Neural network (Fudin) Wnlnd

[y

yuNUUINNAgadmavlidAiaugnaedaesInven1saaeuanign wilunanguiunsiu

ROC Curve hanINaans vadUseanNsS N899 anasNu@ s uILUNAINISAPNTN ANER AD

9

Logistic Regression (\u@u1nna)  Mdnwazvandulas ROC T lndyugreuuunniigadxa
o Yya i ¥ N Y [ [ a =
Mlidiaainugneeddagsiuvein1snaaeudlndiAesiudanaiiuves Neural network
(Siddique, M. A. A, et al., 2022)
ﬁﬂﬁhﬂﬂwﬁi’?ﬁaﬁmiﬂlﬁdﬁ Neural network 74 Activation Function Uy RelLu &

Uszansanlunisdnuunamlsanluuyuwdlaffign 1iesain Activation Function Wuu Relu

| a v v eav 1 & o v . Yo o ac = v = ]
gL ANANFUNUST LT uT eLdu (Nonlinear) Wiudane3udsyreliarunsasous
ANNFUTUSIFUtausEMIayaasNaa NS e dewavinlilsednsainvesdanesiiuaiunse
Fuunnnlsanlify Fsaenadeiunaanuidedunfenld Neural network Wudanesialu

a 175 EY a o & v Y o
Msiseuimesesdnshuudean inTsdulassasinigludanesiuves Deep Neural Network

(Aggarwal, C. C., 2018)
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