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Abstract Cataract is a main ocular disease for visual impairment and blindness. Anterior segment optical coherence tomography
(AS-OCT) technique has the characteristics of non-invasiveness, high resolution. rapid inspection, and objective quantitative
measurement. AS-OCT images have been widely used for the diagnosis of ocular diseases in clinical ophthalmology. Inthecurrent,
it is lack of the research on classification methods of nuclear cataract based on AS-OCT images. To this end, this paper proposes
a nuclear cataract classification method based on AS-OCT images. First, the nucleus region of the lens is extracted from AS-OCT
images using a combination of adaptive threshold method,edge detection Canny algorithm and manual correction pattern. Then,
eighteen pixel features are extracted based on image intensity and histogram feature statistical methods,and the Pearson correla-
tion coefficient method is used to analyze the correlation between the extracted pixel features and the severity of nuclear cataract.
Finally, the random forest algorithm is used to build a classification model for getting nuclear cataract classification results. Ex-
perimental results on an AS-OCT image dataset show that the proposed method achieves the accuracy and recall with 75. 53 %
and 74.04% respectively. Therefore, the proposed method has the potential as a quantitative analysis reference tool for the clinical

diagnosis of nuclear cataract.
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Fig. 1 Flowchart of nuclear cataract classification algorithm based

on AS-OCT images
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Fig. 2 Flowchart of implementation of the lens nucleus region

extraction method
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Fig. 3 Flowchart of implementation of the lens nuclear region

extraction method
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Table 1 Pearson correlation coefficient between pixel features and

the severity levels of nuclear cataract
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Fig. 4 AS-OCT images for three different severity levels of nuclear

cataract disease
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Table 3 Classification result comparison of two datasets based on

random forest algorithm
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Dataset ACC Recall Precision F1
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Independent 75.53 70. 86 75.16 74.04
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Table 4 Nuclear cataract classification results based on feature
selection method
AT %)

Feature ACC Recall Precision F1
Mean 71.00 65. 80 69. 46 66. 35
Entropy 72.58 67.53 73.52 68. 04
Interquatile 70.91 66.38 69.01 66.93
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Table 5 Nuclear cataract classification result comparison of

machine learning methods

CHAL: )
Method ACC Recall Precision F1
DT 73.04 68.52 71.72 69.23
CNNL9J 57.85 - — 57
SVM 63.70 50.00 31.34 38.54
LR 70.18 63.48 69.55 63.61
RF 75.53 70. 86 75.16 74.04
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Fig.5 Classification results comparison of machine learning methods
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