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Abstract: We developed a model to classify the absence of cervical cancer using deep learning from the cervical image
to which the histogram equalization algorithm was applied, and to compare the performance of each model. A total
of 4259 images were used for this study, of which 1852 images were normal and 2407 were abnormal. And this paper
applied Image Sharpening(IS), Histogram Equalization(HE), and Contrast Limited Adaptive Histogram Equaliza-
tion(CLAHE) to the original image. Peak Signal-to-Noise Ratio(PSNR) and Structural Similarity index for Measuring
image quality(SSIM) were used to assess the quality of images objectively. As a result of assessment, IS showed
81.75dB of PSNR and 0.96 of SSIM, showing the best image quality. CLAHE and HE showed the PSNR of 62.67dB
and 62.60dB respectively, while SSIM of CLAHE was shown as 0.86, which is closer to 1 than HE of 0.75. Using
ResNet-50 model with transfer learning, digital image-processed images are classified into normal and abnormal each.
In conclusion, the classification accuracy of each model is as follows. 90.77% for IS, which shows the highest, 90.26%
for CLAHE and 87.60% for HE. As this study shows, applying proper digital image processing which is for cervical
images to Computer Aided Diagnosis(CAD) can help both screening and diagnosing.
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Table 1. Performance of ResNet-50 Classification model according to Digital Image Processing (ROC: Receiver Operating

Characteristic Curve)

/ Precision (%) Recall (%) F1 score (%) Accuracy (%) AUC

IS 94.41 89.12 91.57 90.77 0.97
HE 92.21 85.55 88.51 87.60 0.93
CLAHE 93.31 89.33 90.38 90.26 0.95
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Table 2. Results of Image Quality Assessment (Original: Original Cervical Cancer image data, IS: Image Sharpening, HE:
Histogram Equalization, CLAHE : Contrast Limited Adaptive Histogram Equalization)

1QA Original / IS Original / HE Original / CLAHE
PSNR (dB) 81.75 62.60 62.67
SSIM 0.96 0.75 0.86
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