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Abstract: Recently, artificial intelligence for diagnosis system of obstetric diseases have been actively studied. Arti-
ficial intelligence diagnostic assist systems, which support medical diagnosis benefits of efficiency and accuracy, may
experience problems of poor learning accuracy and reliability when inappropriate images are the model's input data.
For this reason, before learning, We proposed an algorithm to exclude unread cervical imaging. 2,000 images of read
cervical imaging and 257 images of unread cervical imaging were used for this study. Experiments were conducted
based on the statistical method Radiomics to extract feature values of the entire images for classification of unread
images from the entire images and to obtain a range of read threshold values. The degree to which brightness, blur,
and cervical regions were photographed adequately in the image was determined as classification indicators. We com-
pared the classification performance by learning read cervical imaging classified by the algorithm proposed in this
paper and unread cervical imaging for deep learning classification model. We evaluate the classification accuracy for
unread Cervical imaging of the algorithm by comparing the performance. Images for the algorithm showed higher
accuracy of 91.6% on average. It is expected that the algorithm proposed in this paper will improve reliability by effec-
tively excluding unread cervical imaging and ultimately reducing errors in artificial intelligence diagnosis.
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Table 1. Table of independent sample test results for pixel values in Unread Cervical Imaging and Read Cervical Imaging

Minimum Average Maximum Standard Deviation
. Read .09 .45 .78 11
Brightness
Unread .03 42 .99 .29
Read 5.81 141.57 767.66 124.15
Blur
Unread .13 55.62 4827.15 326.65
) Read .00 12579.19 767.66 3864.90
Region
Unread 6533.22 26864.09 46311.54 18250.75
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