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Abstract: Lung cancer has the highest morbidity and mortality rates worldwide. Pulmonary nodules are an early manifestation 
of lung cancer. Therefore, accurate classification of pulmonary nodules is of great significance for the early diagnosis and 
treatment of lung cancer. However, the classification of lung nodules is a complex and time-consuming task requiring extensive 
image reading and analysis by expert radiologists. Therefore, using deep learning technology to assist doctors in detecting and 
classifying pulmonary nodules has become a current research trend. A lightweight classification model named Res-VGG is 
proposed for classifying lung nodules as benign or malignant. The Res-VGG model improves on VGG16 by reducing the use of 
convolutional and fully connected layers. To reduce overfitting, residual connections are introduced. The training of the model 
was performed on the LUNA16 database, and a ten-fold cross-validation method was used to evaluate the performance of the 
model. In addition, the Res-VGG model was compared with three other common classification networks, and the results showed 
that the Res-VGG model outperformed the other models in terms of accuracy, sensitivity, and specificity. 

Keywords: Lung Nodule Benign and Malignant Classification; Deep Learning; ResNet; Convolutional Neural Network; 
VGGNet. 

 

1. Introduction 
In the medical field, the detection and classification of 

pulmonary nodules is an important and challenging task. 
Pulmonary nodules are small pieces of lung tissue that appear 
on lung computed tomography (CT) scans, and they may be 
benign or malignant [1]. Most lung cancers originate from 
small malignant nodules. However, automatic identification 
of benign and malignant pulmonary nodules in CT images 
becomes a challenge due to the wide range of shape and 
texture variations of pulmonary nodules, as well as the visual 
similarity between benign and malignant pulmonary nodules 
[2]. 

Deep learning, as an important branch of machine learning, 
has achieved remarkable success in various fields, including 
natural language processing, speech recognition, computer 
vision, etc. Deep learning models, such as convolutional 
neural networks (CNN), have been widely used in medical 
image analysis, including the detection and classification of 
pulmonary nodules. However, although deep learning has 
made significant progress in these fields, some challenges still 
exist. For example, some deep learning models, such as 
AlexNet, VGGNet, Microsoft ResNet, DenseNets, etc., may 
face the problem of decreased accuracy when increasing the 
network depth. 

To solve this problem, this paper proposes a new deep 
learning model named Res-VGG. This model combines two 
different deep learning models, namely VGG16 and ResNet. 

The rest of the paper is organized as follows. Section 2 
analyzes the related works. Section 3 presents the proposed 
methodology for the classification of lung nodules. The 
experimental results obtained are discussed in Section 4. The 
conclusion of the paper can be found in Section 5. 

2. Related Works 
After lung nodules are successfully detected, the next key 

task is to determine whether these detected nodules are benign 

or malignant. The diagnostic part of the pulmonary nodule 
Computer aided diagnosis (CAD) system can automatically 
distinguish between benign and malignant nodules based on 
characteristics such as size, shape, and appearance of the 
nodules. To evaluate the performance of CAD systems on 
binary classification tasks, the receiver operating 
characteristic (ROC) curve is usually used for evaluation. The 
area under the ROC curve (AUC) is a commonly used 
evaluation index, which can quantitatively reflect the 
performance of a classifier under different thresholds. The 
malignancy of pulmonary nodules is closely related to their 
geometric size, shape, and appearance description. Therefore, 
the pulmonary nodule CAD system diagnosis part 
automatically extracts effective features such as texture, 
shape, and growth rate of pulmonary nodules from CT images 
to distinguish pulmonary nodules. nature. 

CNN and big data technology have also achieved 
remarkable results in the diagnosis and classification of 
pulmonary nodules. In fact, classification is the most widely 
used field of CNN. Starting from AlexNet, ResNet, DenseNet, 
VGG network, etc., most deep learning networks originating 
from the field of computer vision have been applied in 
medical image classification. 

First, based on the traditional CNN structure, classification 
can be achieved through a series of convolution operations [3]. 
The study by Yang et al. [3] showed that simple geometric 
features cannot capture important features of lung nodules 
that support classification using original images and nodule 
masks containing rich nodule information. Hua et al. [4] 
introduced deep belief networks and CNN in the context of 
nodule classification. Experimental results show that deep 
learning methods can achieve better recognition results and 
have broad application prospects in the field of CAD 
diagnostic applications. Li et al. [5] designed a network 
consisting of three convolutional layers, a max pooling layer, 
and three fully connected layers. They identified input nodule 
images as solid, semi-solid, and ground-glass opacity (GGO) 
nodules or non-nodules. On the LIDC dataset, the sensitivity 
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of this method is 87.1%. Instead of using 3D volumes, Sahu 
et al. [6] used a lightweight network to process cross-sections 
of nodules, used compact representations and convolutions 
for nodule classification, and achieved an average of 93.18% 
on the LIDC dataset Accuracy. 

Residual Networks (ResNet) [7] is another commonly used 
network, which is easier to converge during the training phase 
due to skip connections. Gong et al. [8] used a CNN model 
based on residual learning similar to the ResNet structure to 
predict the possibility of ground glass nodules being invasive 
adenocarcinoma (IA). The AUC of this method for classifying 
IA and non-IA ground-glass nodules was 0.92 ± 0.03. Xia et 
al. [9] proposed a recursive residual CNN based on U-Net to 
segment nodules. They combined deep learning and 
radiomics features to classify non-IA nodules and IA nodules, 
and the obtained AUC value was 0.90 ± 0.03. Wu et al. [10] 
used a 50-layer ResNet network structure as the initial model 
and combined residual learning and transfer learning to 
achieve an average accuracy of 98.23%. 

The advantage of DenseNet is that it improves the 
information flow and gradient of the entire network. Each 
layer can directly obtain the gradient from the loss function 
and the original input signal, thus forming implicit deep 
supervision and making the network easy to train. However, 
this network takes up more GPU memory and requires more 
training samples. For pulmonary nodule classification, Li et 
al. [11] used a multi-task learning deep neural network based 
on 3D DenseNet and achieved 88.8% results in identifying 
benign or malignant pulmonary nodules. Baldwin et al. [12] 
used a similar DenseNet structure to design a lung cancer 
prediction CNN (LCP-CNN) to predict malignant tumors in 
pulmonary nodules, with an AUC of 89.6%. 

Ren et al. [13] are based on the encoder and decoder 
structure and use this structure to learn the manifold of the 
original nodule image and classify it based on Fully 
Convolutional Networks (FCNs) from the latent space. The 
classification accuracy was 0.90, the sensitivity was 0.81, and 
the specificity was 0.95. Lakshmanaprabu et al. [14] used 
LDA to reduce the feature dimension and used an improved 
gravity search algorithm for classification. The algorithm has 
a diagnostic sensitivity of 95.3% and a specificity of 96.2% 
for malignant tumors. 

In order to study different network structures, Song et al. 
[15] compared three types of deep neural networks (such as 
CNN, DNN, and stacked encoders and decoders) for benign 
and malignant pulmonary nodules classification. The results 
show that the CNN network achieved the best performance, 
with an accuracy of 84.15%, a sensitivity of 83.96%, and a 
specificity of 84.32%. Overall, the ResNet structure 
outperformed CNN and DenseNet, as well as autoencoder 
networks for nodule classification. Part of the reason is that 
residual learning can effectively retain the information in the 
original feature map and learn the task through residual 
blocks, which is more efficient than the convolution of the 
original feature map. On the other hand, autoencoders 
compress the original input and feature maps into low-
dimensional vectors, which have the advantage of facilitating 
statistical modeling, but will lose a lot of image information, 
and may require a large number of convolution kernels to 
store the information learned from training samples. 
Information". 

3. Materials and Methods 

3.1. Residual Networks 
Residual Networks (ResNet) was proposed by Kaiming He 

and four other Chinese from Microsoft Research [7]. They 
successfully trained a 152-layer neural network and won the 
championship in the ILSVRC2015 competition. The error 
rate in the top 5 was 3.57%. At the same time, the number of 
parameters was lower than that of VGGNet, and the effect 
was very outstanding. The principle of ResNet is that based 
on the original CNN, a residual block is introduced. Each 
residual block contains multiple convolution layers and 
normalization layers, and the output and input are added 
through cross-layer connections. combination of forms. This 
cross-layer connection allows the model to be optimized 
during training, thereby improving model accuracy. 

 
Fig 1. The residual block 

 
Residual learning is used for every few stacked layers. The 

structure of the residual module is shown in Figure 1. The 
module is defined as: 

  , iy F x W x                     (1) 

Here x   and y   are the input and output vectors of the 

layer under consideration. The function   , iF x W  

represents the residual mapping to be learned. For the two-

layer example in Figure 1,  2 1F W W x  , where   

represents ReLU [16], the bias is omitted to simplify the 
notation. The operation F x   is performed via shortcut 
connection and element addition. Take the second 

nonlinearity after addition, which is  y . 

The shortcut connection in equation (1) neither introduces 
additional parameters nor increases computational 
complexity. In formula 1 the dimensions of x  and F  must 
be equal. If this is not the case (e.g. when changing input or 

output channels), linear projection sW  can be performed via 

a shortcut connection to match the dimensions: 

  , i sy F x W W x                  (2) 

The structure of ResNet mainly consists of the following 
parts: the first construction layer, which is constructed of a 
common convolution layer and a maximum pooling layer. 
The second construction layer consists of 3 residual modules. 
The third, fourth, and fifth construction layers all start with 
the downsampling residual module, followed by 3, 5, and 2 
residual modules. There are two different residual structures, 
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one is used for fewer network layers (34 layers), as shown in 
Figure 2(a), and the other is used for 50/101/152 layers, as 
shown in Figure 2(b). 

 
Fig 2. The structure of ResNet 

 
The main contribution of ResNet is not to improve the 

expressive ability of the model but to optimize the training 
process of the model. Although ResNet has the same solution 
space as the forward network of the same depth, ResNet 
effectively improves the stability and efficiency of network 
training by introducing residual connections. Therefore, the 
core advantage of ResNet lies in its optimization of the deep 
network training process. ResNet can train very deep neural 
networks, avoid the vanishing gradient problem, and improve 
the expression ability and performance of the model. Using 
residual connections can preserve the original features, 
making the network learning smoother and more stable, and 
further improving the accuracy and generalization ability of 
the model. In addition, using ResNet can avoid gradient 
disappearance and gradient explosion problems during 
training and accelerate network convergence. 

In recent years, deep learning technology has shown 
excellent performance in different fields of medical image 
analysis. Several deep learning architectures have been 
proposed and used for computational pathology classification, 
segmentation, and detection tasks. Due to its simple modular 
structure, most downstream applications still use ResNet and 
its variants. 

3.2. VGG Net 
The VGG network, proposed by the Visual Geometry 

Group (VGG) of Oxford University [17], is a deep 
convolutional neural network architecture. In the 2014 
ImageNet image classification competition, the VGG 
network performed well with its balance of depth and 
performance, winning the runner-up in the classification task 
and the championship in the positioning task, and has been 
widely used in many computer vision tasks. 

The main contribution of the VGG network is to prove that 
increasing the depth of the network can affect the final 
performance of the network to a certain extent. To achieve this 
goal, the VGG network uses three 3×3 convolution kernels to 
replace the 7×7 convolution kernel, and two 3×3 convolution 
kernels to replace the 5×5 convolution kernel. The main 
purpose of this is to improve the depth of the network while 
ensuring the same receptive field, thereby improving the 
effect of the neural network to a certain extent. 

The entire VGG network uses the same convolution kernel 
size (3×3) and maximum pooling size (2×2). In addition, the 
VGG network can improve performance by continuously 

deepening the network structure. As shown in Figure 3, the 
VGG network has two main structures, namely VGG16 and 
VGG19. VGG16 contains 16 hidden layers (13 convolutional 
layers and 3 fully connected layers), while VGG19 contains 
19 hidden layers (16 convolutional layers and 3 fully 
connected layers). There is no essential difference between 
the two structures, but the network depth is different. 

 
Fig 3. The structure of the VGG network 

 
The VGG network also solves some optimization problems, 

such as lowering the learning rate, adjusting the initialization 
method of parameters, adjusting the standardization method 
of input data, modifying the Loss function, adding 
regularization, standardizing middle layer data, and using 
dropout. These optimization strategies further improve the 
performance of the VGG network. 

In medical image classification, the VGG network is also 
widely used. For example, pre-trained VGG models can be 
used to identify and classify medical images through transfer 
learning. This method takes advantage of the rich feature 
representation obtained by the VGG network trained on large-
scale image data sets, and can effectively improve the 
performance of medical image classification. 

3.3. Loss Functions 
Cross-entropy loss function, derived from the concept of 

cross-entropy in information theory, is a commonly used loss 
function and is mainly used in binary classification and multi-
classification problems. Its core idea is to measure the 
difference between two probability distributions, which are 
usually the distribution of true labels and the distribution of 
model prediction results. In machine learning, especially deep 
learning, the cross-entropy loss function is widely used as an 



 

9 

optimization target and used to train various classification 
models, such as logistic regression, deep neural networks, etc. 
By minimizing the cross-entropy loss function, the prediction 
results of the model can be made as close as possible to the 
real labels, thereby improving the performance of the model. 

For a binary classification problem, the expression of the 
cross-entropy loss function is: 

 1
log( ) (1 ) log(1 )i i i i

i

L y p y p
N

         (3) 

Among them, N   is the number of samples, iy  

represents the true label (0 or 1) of sample i  , and ip  

represents the probability that sample i  is predicted to be a 
positive class. 

For multi-classification problems, the expression of the 
cross-entropy loss function is: 

1

1
log( )

M

ic ic
i c

L y p
N 

                (4) 

Among them, N   is the number of samples, M   is the 

number of categories, icy  is the sign function (0 or 1), taking 

1 if the true category of sample i  is equal to c , otherwise 

taking 0, icp  is the predicted probability that the observed 

sample i  belongs to category c . 
The cross-entropy loss function has the following 

characteristics: 
When the prediction result is correct, the greater the 

probability of the correct category (the closer icp  is to 1), 

the smaller the cross-entropy loss function. When the 
prediction result is correct, but the probability of the correct 

category is not large enough ( icp   is smaller), the cross-

entropy loss function is large. When the prediction result is 
wrong, the cross-entropy loss function is also large. 

In a classification problem, the goal is to make the model's 
predictions as close as possible to the true labels. The cross-
entropy loss function exactly meets this requirement. It can 
effectively measure the difference between the model's 
prediction results and the real labels, and guide the 
optimization of the model. In addition, the cross-entropy loss 
function has good mathematical properties, making the 
optimization process more stable and efficient. Therefore, the 
cross-entropy loss function is usually used as the optimization 
objective in classification networks. 

The classification of benign and malignant pulmonary 
nodules is a binary classification problem. This section will 
use the binary cross-entropy function as the loss function. In 
this problem, one probability distribution represents the true 
label (i.e., whether the pulmonary nodule is benign or 
malignant), and the other probability distribution represents 
the model's predictions. 

3.4. Data Acquisition 
The experimental training and testing data sets in this 

article come from LUNA16. LUNA16 is refined from the 
publicly available Lung Image Database Consortium image 
collection (LIDC-IDRI) [18]. The American College of 
Radiology recommends the use of thin-section CT scans for 
nodule detection and classification. Therefore, scans with 
slice thickness greater than 3 mm, inconsistent slice spacing, 
or missing slices were discarded. In addition, nodules smaller 

than 3 mm were removed. After screening, 888 CT scans and 
1004 nodules were selected for training and testing (450 
malignant nodules and 554 benign nodules). 

In LIDC-IDRI, each CT scan is accompanied by an 
annotated XML file provided by four experienced radiologists 
[18]. Annotations in the dataset were collected during a two-
stage image annotation process by at least 3 radiologists. It 
includes almost all defining characteristics, such as the 
location, size, and malignancy of the nodule (from 1 to 5). 
Level 1 indicates a very small likelihood of cancer, Level 2 
indicates a moderate likelihood of cancer, Level 3 indicates a 
moderate likelihood of cancer, Level 4 indicates a moderate 
suspicion of cancer, and Level 5 indicates a very strong 
suspicion of cancer. The first two grades are considered 
benign and the last two are malignant. 

For benign and malignant classification of pulmonary 
nodules, binary classification was performed by calculating 
the average grade of each selected nodule. If the final average 
grade equals 3, then the judgment of benign or malignant 
nodules is considered uncertain and is therefore eliminated. 
For nodules with a final mean grade greater than 3, they were 
labeled as malignant nodules [19]. Otherwise, they are 
considered benign. All annotations were obtained from the 
LIDC-IDRI database. 

4. Experiments and Results 
In this section, the experimental environment and 

algorithm evaluation indicators are first introduced. Then the 
model was trained on the LUNA16 data set, and the proposed 
benign and malignant pulmonary nodule classification 
method was compared with the current state-of-the-art 
methods to verify the effectiveness of the proposed method. 

4.1. Experiment Setup 
This experiment configured Python for training and testing 

based on the Anaconda environment on the Windows 10 
system, and used the PyTorch deep learning framework and 
CUDA for GPU accelerated training and verification of model 
feasibility. PyTorch provides many extension libraries and 
interfaces for easy modular design, network construction, and 
customization. In addition, PyTorch supports efficient parallel 
computing on CPU and GPU, and also supports multi-
machine distributed computing, which can greatly improve 
Training speed and model performance. 

4.2. Algorithm Evaluation Metrics 
In order to evaluate the performance of the algorithm, 

Accuracy, Sensitivity, Specificity, and AUC indicators are 
used in the experiments. Accuracy represents the proportion 
of correctly predicted results in the total sample. Sensitivity 
and specificity measure the proportion of correctly identified 
malignant nodules and benign nodules respectively. AUC 
represents the area under the ROC curve. The larger the AUC 
value, the better the classifier effect. ROC is a curve obtained 
by using FPR (False Positive Rate) as the abscissa and TPR 
(True Positive Rate) as the ordinate. TPR is Sensitivity. The 
calculation formulas for Accuracy, Sensitivity, and 
Specificity are as follows: 

 TP TN
Accuracy

TP FN FP FN




  
         (5) 

TP
Sensitivity TPR

TP FN
 


          (6) 
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 
TN

Specificity TNR
TN FP

 


           (7) 

Among them, TP  represents a positive sample predicted 
as positive by the model, the prediction is 1 and the prediction 
is correct, that is, the actual value is 1. FP   represents a 
negative sample predicted as positive by the model, the 
prediction is 1 and the prediction is wrong, that is the actual 
value is 0. FN  represents the positive sample predicted as 
negative by the model, the prediction is 0 and the prediction 
is wrong, that is, the actual value is 1. TN   represents the 
negative sample predicted as negative by the model, the 
prediction is 0, and the prediction Correct, that is, it is 0. 

There are two main methods for calculating AUC. One is 
to directly calculate the area under the ROC curve, which is 
obtained by approximately calculating the area of each small 
trapezoid under the ROC curve; the other is to count the 
proportion of positive and negative sample pairs. The idea of 
this method is to randomly select one sample from each of the 
positive and negative samples, and calculate the probability 
that the predicted value of the positive sample is greater than 
the negative sample. The computational complexity of these 
two methods differs. The time complexity of directly 

calculating the area under the ROC curve is  O P N  , 

while the time complexity of counting the proportion of 
positive and negative sample pairs is 

    logo P N P N    , where P   and N   are the 

numbers of positive and negative samples respectively. 
This section mainly uses the second method to calculate 

AUC: first, sort all samples from low to high according to the 
predicted value. For each positive sample, calculate its 

position in the sorting, recorded as ir  . Then calculate the 

position sum of all positive samples, denoted as ir  . 

Calculate the number of all positive samples, denoted as P , 
and the number of negative samples, denoted as N  . The 
final AUC calculation formula is: 

 1 2ir P P
AUC

P N

  





             (8) 

Among them,  1 2ir P P     represents the 

number of positive and negative sample pairs whose predicted 
values of all positive samples are greater than the predicted 
values of negative samples. 

4.3. Proposed Architecture 
The model Res-VGG proposed in this chapter combines 

two different CNN models, namely VGG16 and ResNet. The 
model uses 10 convolutional layers, 2 fully connected layers, 
and 1 softmax layer, for a total of 13 layers. Additionally, max 
pooling and average pooling functions are used, as well as 
different convolution kernel sizes, and pooling layers are 
implemented. Figure 4 is the structure diagram of Res-VGG. 

This study is improved based on VGG16, which contains 
13 convolutional layers and 3 fully connected layers. First, the 
convolutional layers of VGG16 are reduced to 10, which is 
intended to reduce the complexity of the model and improve 
computational efficiency. Every two convolutional layers 
form a pair, and except for the second pooling layer, all other 
layers use average pooling. This design helps to better retain 
feature information while reducing the number of parameters 
of the model. In addition, by reducing one pooling layer and 
one fully connected layer, the complexity of the model is 
further reduced and helps reduce the possibility of overfitting. 
Next, the kernel size of the second convolutional layer was 
modified to 5×5 to better capture local features, resulting in 
an improved 13-layer VGG16 network. 

On this basis, in order to solve the vanishing gradient 
problem in deep networks and improve the training efficiency 
of the model, a residual connection is added between the input 
and output of each pair of convolutional layers. When the 
input and output dimensions are the same, the connection 
method of equation (1) is used. When the dimensions increase, 
the connection method of equation (2) is used to match the 
size. Fully connected layers are used to extract information, 
while the last layer of the network is a SoftMax layer for 
predicting two categories of lung nodules (benign and 
malignant). 

 
Fig 4. The structure of the Res-VGG 
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4.4. Results and Analysis 
During the training process, data sets with a benign and 

malignant degree of 3 (indicating uncertainty) were discarded. 
It is only necessary to judge whether benign or malignant, so 
the benign and malignant degrees of 1 and 2 are classified as 
benign (Malignant), and the benign and malignant degrees of 
4 and 5 are classified as malignant (Benign). Through the data 
preprocessing in the previous section, 450 malignant nodules 
and 554 benign nodules were finally obtained. 

The Res-VGG proposed in this chapter was evaluated on 
the LUNA16 database containing 1004 nodules (554 benign 
and 450 malignant). All image data were randomly divided 
into 10 subsets for ten-fold cross validation. For each fold, 
nine subsets were selected for training and one subset for 
testing. 

This experiment was conducted under the Windows 10 
operating system with NVIDIA GeForce RTX 4070 12GB 
GPU. The learning process is optimized using the stochastic 
gradient descent (SGD) algorithm with a momentum of 0.9. 
In order to reduce overfitting, the network uses regularization 
technology and dropout. Additionally, due to the 12GB GPU 
memory limit, the batch size is limited to 8. The learning 
model was trained for 200 epochs. The initial learning rate is 
0.01, which decreases to 0.001 after 60 epochs and to 0.0001 
after 120 epochs. The weight decay is set to 1×10-4. During 
the optimization process, it needs to use a higher learning rate 
to move quickly, but when it reaches a point close to the 
relative optimal point, the learning rate must be reduced so as 
not to miss the optimal point. Therefore, the learning rate is 
reduced by a decay factor in each epoch. The parameter 
settings of this experiment are shown in Table 1. 

 
Table 1. Experimental parameter configuration 

Parameters Batch size Epoch Learning rate Weight decay 
Value 8 200 0.01 0.0001 

The final performance of the method is the average 
performance of ten test folds, evaluated by measuring 
Accuracy, Sensitivity, Specificity, and AUC. The proposed 
benign and malignant pulmonary nodule classification 

network Res-VGG was compared with other networks 
VGG16, ResNet, and DenseNet used for pulmonary nodule 
classification. The experimental results are shown in Table 2. 

 
Table 2. Comparison experiment 

Models Accuracy/% Sensitivity/% Specificity/% AUC 

Res-VGG 84.35 83.86 84.52 0.920 

VGG16 83.36 82.53 82.88 0.895 

ResNet 82.35 80.67 83.80 0.876 

DenseNet 82.58 83.96 81.45 0.882 

As shown in Table 2, compared with DenseNet, ResNet is 
slightly lower in both accuracy and sensitivity, but has a better 
impact on specificity, which is 83.80%. Good specificity 
means that more malignant pulmonary nodules can be 
detected in the same data set, which may be more helpful for 
the early diagnosis of pulmonary nodules. Res-VGG has the 
best accuracy, with an accuracy rate of 84.35%, a sensitivity 
of 83.86%, and a specificity of 84.52%. The accuracy of 
VGG16 was 83.36%, the sensitivity was 82.53%, and the 
specificity was 82.88%. The reason why the Res-VGG model 
can achieve the best results is mainly because it combines the 
advantages of VGG and ResNet. It not only retains the 
characteristics of the VGG deep convolution network, but 
also introduces the residual connection of ResNet, effectively 
solving the depth problem. Vanishing gradient and 
representation bottleneck problems in networks. In addition, 
Res-VGG improves the expression ability of the model by 
increasing the depth and width of the network, making it 
perform well in the task of classifying benign and malignant 
pulmonary nodules. 

The network performance of the proposed method is 
measured using the ROC curve, and the ROC curve of Res-
VGG is shown in Figure 5. 

 
Fig 5. The structure of the Res-VGG 

 
Figure 6 provides an example of benign and malignant 

nodule classification results. Malignant and benign nodules 
correctly classified by the proposed method are shown in the 
first and second rows, respectively, and the numbers below 
the nodules are the predicted malignant probabilities. The 
average degree of malignancy among four expert radiologists 
was compared with the predicted probability of malignancy 
for each nodule. It was observed that the predicted 
malignancy probability of each nodule was consistent with 
the average diagnostic level. 
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Fig 6. Example of classification results 

 

5. Conclusion 
This paper proposes a new classification model, Res-VGG, 

which combines two different CNN models to classify benign 
and malignant pulmonary nodules. The experimental content 
is introduced in detail, including steps such as data 
preprocessing, network training, and performance evaluation. 
All experiments were conducted on the LUNA16 database, 
and a ten-fold cross-validation method was used to evaluate 
the performance of the model. Experimental results show that 
the Res-VGG model achieves good performance on the 
LUNA16 database, proving its effectiveness in the 
classification task of benign and malignant pulmonary 
nodules. Compared with current methods based on traditional 
features and deep features, the accuracy of the Res-VGG 
model has been significantly improved. In addition, the 
proposed model is compared with three other common 
classification networks, and the results show that the Res-
VGG model outperforms other models due to the use of 
different sizes of convolution kernels and maximum pooling 
and average pooling. 
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