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Abstract: The purpose of this study is to classify TIFF images, PNG images, and JPEG images using deep learning,
and to compare the accuracy by verifying the classification performance. The TIFE PNG, and JPEG images converted
from chest X-ray DICOM images were applied to five deep neural network models performed in image recognition
and classification to compare classification performance. The data consisted of a total of 4,000 X-ray images, which
were converted from DICOM images into 16-bit TIFF images and 8-bit PNG and JPEG images. The learning models
are CNN models - VGG16, ResNet50, InceptionV3, DenseNet121, and EfficientNetB0. The accuracy of the five convo-
lutional neural network models of TIFF images is 99.86%, 99.86%, 99.99%, 100%, and 99.89%. The accuracy of PNG
images 1s 99.88%, 100%, 99.97%, 99.87%, and 100%. The accuracy of JPEG images is 100%, 100%, 99.96%, 99.89%,
and 100%. Validation of classification performance using test data showed 100% in accuracy, precision, recall and F1
score. Our classification results show that when DICOM images are converted to TIFE, PNG, and JPEG images and
learned through preprocessing, the learning works well in all formats. In medical imaging research using deep learn-
ing, the classification performance is not affected by converting DICOM images into any format.
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# 1. ImageNetZ AHSIGS ) 2 RHl59] %
Table 1. Results of all CNN models using ImageNet

Model Year Top-1 Accuracy Top-5 Accuracy Parameters
VGG16 2014 74.4 91.9 138,357,544
ResNet50 2015 77.15 93.29 25,636,712
InceptionV3 2015 78.8 93.7 23,851,784
DenseNet121 2016 74.98 92.29 8,062,504
EfficientNetBO 2019 78.3 93.2 5,330,571
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Table 2. Number of images in Train, Validation, Test Data

Train (Validation) Data Test Data
Data set
Image Type Image Number Image Type Image Number

Setl 2400 (800) TIFF 800
Set2 TIFF 2400 (800) PNG 800
Set3 2400 (800) JPEG 800
Set4 2400 (800) PNG 800
Setb PNG 2400 (800) TIFF 800
Set6 2400 (800) JPEG 800
Set7 2400 (800) JPEG 800
Set8 JPEG 2400 (800) TIFF 800
Set9 2400 (800) PNG 800
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Table 3. Classification accuracy (%) of five CNN models using TIFF, PNG, JPEG data
VGG16 ResNet50 InceptionV3 DenseNet121 EfficientNetBO

TIFF 99.86 99.86 99.99 100.0 99.89

PNG 99.88 100.0 99.97 99.87 100.0

JPEG 100.0 100.0 99.96 99.89 100.0
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Table 4. Validation result of classification of TIFF, PNG, JPEG image using test data

Accuracy (%)

Precision (%)

Recall (%) F1 Score (%)

Test data 100.0

100.0

100.0 100.0
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