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ABSTRACT

This study aimed to learn and evaluate the effectiveness of VGGNet in the detection of pulmonary emphysema 

using low-dose chest computed tomography images. In total, 8000 images with normal findings and 3189 images 

showing pulmonary emphysema were used. Furthermore, 60%, 24%, and 16% of the normal and emphysema data 

were randomly assigned to training, validation, and test datasets, respectively, in model learning. VGG16 and 

VGG19 were used for learning, and the accuracy, loss, confusion matrix, precision, recall, specificity, and 

F1-score were evaluated. The accuracy and loss for pulmonary emphysema detection of the low-dose chest CT 

test dataset were 92.35% and 0.21% for VGG16 and 95.88% and 0.09% for VGG19, respectively. The precision, 

recall, and specificity were 91.60%, 98.36%, and 77.08% for VGG16 and 96.55%, 97.39%, and 92.72% for 

VGG19, respectively. The F1-scores were 94.86% and 96.97% for VGG16 and VGG19, respectively. Through the 

above evaluation index, VGG19 is judged to be more useful in detecting pulmonary emphysema. The findings of 

this study would be useful as basic data for the research on pulmonary emphysema detection models using 

VGGNet and artificial neural networks.
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Ⅰ. INTRODUCTION

Computed tomography(CT) is a basic but important 

test for disease diagnosis, and the use of low-dose 

chest CT images is increasing[1]. The rate of early 

diagnoses of diseases using low-dose chest CT has 

increased, and various studies have reported its 

diagnostic usefulness[2,3]. Pulmonary emphysema can 

be diagnosed using low-dose chest CT. This disease is 

characterized by inflammation due to the destruction 

of the alveolar wall in the sub-terminal bronchiolar 

unit, which subsequently leads to permanently 

enlarged abnormal alveolar space[4]. Moreover, it is 

one of the factors causing chronic obstructive 

pulmonary disease, such as chronic bronchitis, and is 

a known key risk factor for lung cancer. On CT, 

pulmonary emphysema presents a unique feature of 

relatively low attenuation as compared to the normal 

pulmonary parenchyma[5]. These features are shown in 

Fig. 1. Recently, the fourth industrial revolution 

technologies have been used for different purposes 

and have been proven effective. New technologies 

such as deep learning have become easily applicable, 

following the digitalization of medical images such as 

CT scans[6,7]. A convolutional neural network (CNN), 

one of the deep learning algorithms, is an artificial 

* Corresponding Author: Joo-Wan Hong E-mail: jwhong@eulji.ac.kr Tel: +82-31-740-7380

  Address: 553 Sanseong-daero, Sujeong-gu, Seongnam-si, Gyeonggi-do, 13135, Korea

https://doi.org/10.7742/jksr.2022.16.4.411



412

Effectiveness of the Detection of Pulmonary Emphysema using VGGNet with Low-dose Chest Computed Tomography Images

neural network used to analyze images. CNN shows 

excellent performance in classifying diseases using 

medical images. Although CheXNet is another model 

used to detect diseases using radiographic images, it 

can only detect pneumonia using posteroanterior chest 

images as the input data[8]. 

(A) (B)
Fig. 1. Low-dose chest CT images, (A) was normal chest 

CT image and (B) was emphysema chest CT image.

Additionally, various other models using 

radiographic images are available; however, there is a 

lack of disease detection models using low-dose chest 

CT images. Therefore, this study aimed to develop 

and evaluate a CNN-based VGGNet model through 

transfer learning for detecting pulmonary emphysema 

using low-dose chest CT images.

Ⅱ. MATERIAL AND METHODS

1. Low-dose chest CT imaging data

The data used in this study were collected from 

patients who underwent low-dose chest CT from 

January 2020 to January 2021 (IRB approval number: 

EU22-16). In total, 8000 images with normal findings 

and 3189 images showing pulmonary emphysema 

were collected.

2. Data preprocessing

Python (version 3.6) and pycharm integrated 

development environment (IDE, version 2021.2) were 

used to develop a pulmonary emphysema detection 

model. The following libraries were used: tensorflow 

(version 2.1.0), keras (version 2.3.1), matplotlib 

(version 3.2.2), and seaborn (0.11.2). Linux, Intel, 

GeForce, and RAM were used as the learning 

systems. In total, 11,189 images were used for 

learning, including 8000 images with normal findings 

and 3189 images of pulmonary emphysema. For 

efficient learning, 60%, 24%, and 16% of the normal 

and emphysema data were randomly assigned for 

training, validation, and test datasets, respectively. The 

size of the input data used for learning was converted 

and fixed to 224 × 224. To increase learning, the 

original images of the training and validation datasets, 

excluding the test dataset, were randomly rotated from 

0° to 40°, transformed in a counter-clockwise 

direction within 0.2 radians, moved vertically and 

horizontally by about 20%, and enlarged and 

shortened from 80% to 120% in size for image data 

augmentation.

3. Transfer learning

VGG16 and VGG19 algorithms were used. The 

general working principle of VGGNet is to apply a 3 

× 3 convolutional filter to the convolution layer for 

extraction of the key features and prevent overfitting 

through max pooling with 2 × 2 size. Following this, 

a fully connected layer and flattened layer were used 

to classify and convert into one-dimensional data. The 

images were classified based on the features selected 

through learning[9,10]. Additionally, to improve the 

learning speed and performance and solve the 

problems of gradient loss, rectified linear unit(ReLu) 

activation function was applied to the hidden layer, 

and a sigmoid activation function was applied for 

binary classification at the end of the neural network. 

Adam was used as the optimizer for the optimization 

of learning[11]. The calculation formula for each 

function is shown in Eq. (1) ~ (3) below.

     
  ≤  max (1)



"J. Korean Soc. Radiol., Vol. 16, No. 4, August 2022"

413

 


 exp 





 exp
exp

(2)

    
  



 


 (3)

4. Model evaluation

For the evaluation of the model in which the 

learning was completed, the accuracy and loss, 

confusion matrix, precision, recall, specificity, and 

F1-score for the training and validation data were 

calculated and evaluated. The calculation formula of 

each indicator is as shown in (4) ~ (7) below.

Pr 



× (4)
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where, TP was true positive and FP was false 

positive, TN was true negative, FN was false 

negative.

Ⅲ. RESULT

In both learnings using VGG16 and VGG19 

models, the training loss change was the smallest at 

500 epochs. Thus, subsequent training was stopped. 

This is represented by Fig. 2. The accuracy and loss 

for pulmonary emphysema detection of the low-dose 

chest CT test dataset were 92.35% and 0.21% for 

VGG16 and 95.88% and 0.09% for VGG19, 

respectively. The results of the confusion matrix and 

evaluation indices for the VGG16 and VGG19 models 

were as follows: precision, 91.60% vs. 96.55%; recall, 

98.36% vs. 97.39%; and specificity, 77.08% vs. 

92.72%. Additionally, the F1-score was 94.86% and 

96.97% for VGG16 and VGG19, respectively. The 

confusion matrix is shown in the Fig. 3 below, and 

the results of each evaluation index are shown in the 

Table 1.

 

(A) VGG16 (B) VGG19

Fig. 2. Accuracy and loss graphs of VGGNet according to epochs.
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(A) VGG16

(B) VGG19

Fig. 3. Confusion matrix of VGGNet.

Table 1. Results of each evaluation index Based on 
Learning                               (unit : %)

Evaluation index VGG16 VGG19

Accuracy 92.35 95.88

Loss 0.21 0.09

Precision 91.60 96.55

Recall 98.36 97.39

Specificity 77.08 92.72

F1-Score 94.86 96.97

Ⅳ. DISCUSSION

In this study, VGGNet based on CNN, which has 

been recently used in medical imaging, underwent 

learning to detect pulmonary emphysema. The 

usefulness of the models to diagnose pulmonary 

emphysema from CT images was assessed. Herein, 

VGG19 showed superior results than those of VGG16 

in all the evaluation indices, except for recall of 

pulmonary emphysema. This is because VGG19 had a 

relatively small ratio of False and a high ratio of True 

when evaluating the model. When comprehensively 

looking at the evaluation index of this study for the 

purpose of detecting that the ratio of True should be 

high, VGG19 with a high ratio of True is considered 

to be more clinically meaningful. Particularly, the 

F1-score was greater in VGG19 than in VGG16. 

However, in this study, pulmonary emphysema was 

not classified according to the severity. To prevent 

data bias, various evaluation indicators were used. 

VGG16 had a relatively low specificity, suggesting 

that there may have been data bias. The data bias 

may be solved by increasing the amount of original 

data. Among many existing image classification 

models, only VGGNet was used in considering the 

learning time for each model according to the nature 

of the processed data. It uses a simple structure and 

network, which was considered adequate for reducing 

the physical time[9,12]. Studies using deep learning 

technology for medical image analysis are being 

actively conducted. Yao et al. and Wang et al. 

suggested models for the competent classification of 

the lesion types[13,14]. However, in this study, 

significant results were obtained using the existing 

CNN model rather than other models for competent 

classification of the lesion types. These results are 

relevant as they can be used as basic data for studies 

on CT image analysis using deep learning and for 

increasing the user accessibility. In another study on 

the detection of pulmonary emphysema, Braman et al. 

compared a CNN model using multiple instance 

learning (MIL) and another model using 

convolutional-long short term memory (LSTM). The 

model using LSTM showed superior results when 

compared to the model using MIL[15]. The LSTM 

model had 77% recall, 74% specificity, and 75% 

F1-score, which were relatively lower than those of 
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the model in this study. This difference may be 

attributed to the level of learning between the models, 

and it is thought that sufficient learning would not 

lead to significant differences in using the existing 

CNN model for the detection of pulmonary 

emphysema. Bortsova et al. compared measurements 

of the spatial distribution of emphysema using MIL 

and the newly proposed learning from label 

proportions, and Humphries et al. predicted the risk 

by classifying the severity of pulmonary emphysema[16,17]. 

These previous findings are relevant for follow-up 

management of pulmonary emphysema. In this study, 

the detection rate required for follow-up management 

was verified. Future studies in combination with the 

findings of previous studies would be useful for the 

diagnosis and analysis of pulmonary emphysema using 

low-dose chest CT images.

V. CONCLUSION

In this study, VGGNet was useful in detecting 

pulmonary emphysema using low-dose chest CT 

images. The findings of this study may be used as 

basic data for studies on customized models for 

detecting pulmonary emphysema.
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요  약

본 연구에서는 저선량 흉부 CT 영상을 이용하여 VGGNet을 학습시키고 폐기종 검출 모델을 구현하고 성

능을 확인하고자 한다. 연구에 사용된 저선량 흉부 CT 영상은 정상 진단 8000장, 폐기종 진단 3189장이며, 

모델 학습을 위해 정상 데이터와 폐기종 데이터를 train, validation, test dataset으로 각각 60%, 24%, 16%로 

무작위 추출하여 구분하였다. 학습을 위한 인공신경망은 VGGNet 중 VGG16과 VGG19를 사용하였으며, 학

습이 완료된 모델 평가를 위해 정확도, 손실율, 오차 행렬, 정밀도, 재현율, 특이도, F1-score의 평가지표를 

사용하였다. 폐기종 검출 정확도와 손실율은 VGG16과 VGG19 각각 92.35%, 95.88%, 0.21%, 0.09%, 정밀도

는 91.60%, 96.55%, 재현율은 98.36%, 97.39%, 특이도는 77.08%, 92.72%, F1-score는 94.86%, 96.97%였다. 위

의 평가지표를 통해 VGG19 모델의 폐기종 검출 성능이 VGG16 모델에 비해 우수하다고 판단된다. 본 연

구를 통해 VGGNet과 인공신경망을 이용한 폐기종 검출 모델 연구에 기초자료로 사용할 수 있을 것으로 

사료된다.

중심단어: 저선량 흉부 CT, 폐기종, 합성곱신경망, VGGNet
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