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ABSTRACT
Lung cancer is known as the highest mortality rate cancer, which needs biopsy to determine its subtype for further treatment.
Recently, deep learning has provided powerful tools in lung cancer diagnose and therapeutic regimen making. However, it is
still a challenge to identify the pathological type of lung cancer in early stage by CT images due to the lack of public training
data set and powerful artificial intelligent models. In this work, we firstly build up a data set of CT images from 125 patients
of lung cancer in early stage. The data set is enhanced by revolving, shifting and reproducing operations to avoid its inherent
imbalance. After that, a deep convolutional neural network namely VGG16-T is proposed and multiple VGG16-T worked as
weak classifiers are trained with a boosting strategy. Such method achieves significant performance in identifying pathological
type of lung cancer with CT images by joint voting. Experiments conducted on the enhanced data set of CT images show that
3 weak classifiers VGG16-T are sufficient to achieve accuracy 86.58% in identifying pathological type, which performs better
than some state-of-the-art deep learningmodels, including AlexNet, ResNet-34 and DenseNet with or without Softmax weights.
As well, VGG16-T is with accuracy 85% by diagnosing 20 randomly selected CT images, while two respiratory doctors from
Grade 3A level hospitals obtain accuracy 55% and 65% by handcrafted diagnosing, respectively. To our best acknowledge, this is
the first attempt of using deep models and boosting to identify pathological type of lung cancer in early stage from small scale
CT images.

© 2020 The Authors. Published by Atlantis Press SARL.
This is an open access article distributed under the CC BY-NC 4.0 license (http://creativecommons.org/licenses/by-nc/4.0/).

1. INTRODUCTION

Lung cancer is one of the most serious malignant tumors with the
highestmortality rate [1]. There are about 1.8million new lung can-
cer cases per year (13% of all tumors), 1.6 million deaths (19.4% of
all tumors) in the world [2]. The 5-year survival rate is about 18%
[3]. It is reported in [4] that if the type of lung cancer can be diag-
nosed and determined at an early stage, the 5-year survival rate of
lung cancer patients can be increased to 70%.

Lung cancer can be mainly divided into small cell lung cancer
(SCLC) or nonsmall cell lung cancer (NSCLC) by the degree of
differentiation and morphological characteristics [5]. And there
are three subtypes in NSCLC: squamous cell carcinoma [6], lung
adenocarcinoma [7] and large cell carcinoma [8]. Lung adenocarci-
noma has two different types of adenocarcinoma in situ and inva-
sive lung adenocarcinoma. There are four pathological types of
lung cancer in early stage. (1) Invasive adenocarcinoma is mainly
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wall-like growth, acinar, papillary and solid; (2) Adenocarcinoma
in situ is a localized small adenocarcinomawith a lesion diameter of
3 cm or less; (3) Squamous cell carcinoma is with common feature
lobulation; (4) SCLC is a lung mass growing along the long axis of
the bronchus. CT images of the four pathological type of lung can-
cer are shown in Figure 1. Doctors mainly use handcrafted meth-
ods to classify lung cancer pathology by CT images and pathology.
Accurate pathological type diagnosis of lung cancer in early stage is
vital to assist doctors to make therapeutic regimen.

In recent years, emerging imaging technology has provided a
noninvasive solution to clinical problems, such as pathological
classification [9], clinical staging and treatment effect evaluation
of malignant tumors [10,11]. Artificial intelligence [12–14] for
imaging omics can comprehensively analyze the heterogeneity of
malignant tumors and avoid invasive trauma in biopsy [15]. It is
proposed in [16] a neural network model achieves classifica-
tion accuracy 78.7% to distinguish innocent and malignancy lung
tumors. The accuracy is improved to 93.3% by texture features and
artificial neural network (ANN) [17–19], and to 95% by using both
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Figure 1 CT images of lung tumors: (a) invasive lung adenocarcinoma; (b) squamous cell
carcinoma; (c) small cell lung cancer; (d) adenocarcinoma in situ.

texture and shape features [20,21]. Deep belief network is used for
classification of malignancy of lung tumors with sensitivity 73.40%
and specificity 82.20% [22]. In Kumar et al. [23], a stacked auto
encoder, is proposed to distinguish innocent lung nodule from
malignancy tumors with accuracy 75.01%. The accuracy achieves
86.84% to diagnose lung cancer on Lung Image Database Consor-
tium (LIDC) database by multi scale two-layer Convolutional Neu-
ral Networks (CNN) [24].

However, it is still a challenge to identify the pathological type
of lung cancer in early stage by CT images, due to the lack of
public training data set and powerful artificial intelligent models
[25–28]. In order to solve the above problems, this paper proposed a
CT image classificationmethod for early lung cancer based on con-
volutional neural networkVGG16. Themethodmainly includes the
following contents:
• We firstly build up a data set of lung cancer by collecting CT

images of 125 patients from Shandong Provincial Hospital. It
contains 2219 CT images of lung cancer with pathological
types determined clinically. We used rotation, translation and
transformation methods to expand and balance our training
data and classify malignant tumor into four categories: invasive
lung adenocarcinoma, squamous cell carcinoma, SCLC and in
situ lung adenocarcinoma.

• A novel deep convolutional network, namely VGG16-T is
proposed based on the main structure of VGG16 network in
VGG-VD [29]. In view of the characteristics of the imbalance
of each type of data in lung cancer CT images, the VGG16-T
works as weak classifier and multiple VGG16-T networks are
trained with boosting strategy. By joint voting, these weak
classifier VGG16-T networks can obtain significant accuracy in
identifying pathological type by CT images only. This provides
an efficient, noninvasive detection tool for pathological
diagnosis to lung cancer type.

• Due to the large size difference between different types of
images, it is necessary to obtain image features at different
scales. Therefore, we designed the atrous convolution block
and used it to replace the last three layers of the 3 × 3
convolutional layer in the VGG16 network with 512 channels.
We replaced the final fully connected (FC) layer by convolution
instead of the FC layer in the traditional VGG16 network. The
use of convolutional layers has no limit on the input size, so it
can efficiently classify images.

2. MATERIALS AND METHODS

The overall architecture of identifying pathological type of lung
cancer in early stage by CT images is shown in Figure 2. It starts

by extracting the lesion information in various types of lung CT
images from data set collected from Shandong Provincial Hospital,
a grade 3A hospital in China. Training set is enhanced to balance
the proportion of each type of CT images, and in some sense to
avoid the overfitting problem. After that, VGG16-T neural network
is proposed, and boosting strategy is applied to aggregate multiple
classification results to improve the performance of classification
method.

2.1. Data Set of CT Images

Our data set is firstly built by collecting 125 lung cancer patients
in early stage ranging in 10 year from Shandong Provincial Hos-
pital. There are in total 2219 CT images, including 1882 inva-
sive lung adenocarcinoma, 140 squamous cell carcinoma, 96 SCLC
and 101 in situ lung adenocarcinoma. The pathological type of
lung cancer have been clinically determined by respiratory doctors
and experienced radiologists. We randomly select 1332 images as
training set, 443 images as test set and the remaining 444 images
are used as Validation set. The specific distribution of CT images
of four different types of lung cancer in the dataset is shown in
Table 1.

The pixel size and coarse granularity of different scanning sur-
faces scanned from multifarious medical devices are different. The
common processing method is to resample at a fixed isomorphic
resolution from the full data set. In our method, all the objects are
sampled in 1×1×1(mm) pixels. Three planes are known as sagittal,
coronal and axial planes. The rest planes are the planes of symme-
try that cut two opposite faces of cubes in diagonals. The purpose is
to make full use of the context around the tumors. When the pro-
portions of different categories vary greatly, it is much better than
simply flipping and shifting. It is obtained 2D patch of size 50 × 50
by resampling. According to statistics, the distribution of nodular
diameter can cover 0.85 of tumors at 45 × 45 (voxels) and 0.99 of
tumors can be covered at 55 × 55 (voxels). We choose 2D patch of
size 50 × 50 to cover almost all of the tumors.

• For small tumors, the context information is rich and provides
a lot of tumor information to analyze.

• For middle tumors, the amount of contextual information is
suitable and no other noise information is included.

• For large tumors, the main part of the tumors can also be
contained with some redundant marginal regions excluded.

The training set is enhanced by image flipping and image rota-
tion, which makes the network have better generalization effect.
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Figure 2 The architecture of our overall lung cancer classification method.

Table 1 Distribution of four classes of CT images of lung cancer on
datasets.

Class Train Sets Test Sets Validation Sets

Invasive lung adenocarcinoma 1129 376 377
Squamous cell carcinoma 84 28 28
Small cell lung carcinoma 58 19 19
Adenocarcinoma in situ 61 20 20
Total 1332 443 444

Image flipping is a random flip of the image in four aspects. Image
rotation is a random rotation of the image at any angle (0-360
degrees). Among the four types of lung cancer data, the category
with less data is enhanced multiple times. After data enhancement,
the training set is increased from the original 1332 to 50,000 CT
images.

2.2. The VGG16-T Neural Network

VGG network contains three shallow CNNs (VGG-F, VGG-M and
VGG-S) and a deep network VGG-VD [29]. VGG-VD is composed
by VGG-16 (with 13 convolutional layers and 3 FC layers) and
VGG-19 (with 16 convolutional layers and 3 FC layers). The VGG
network can do image processing well by rapidly approximating the
target function and abstracting significant feature representations.

VGG16 performs well in diagnosing CT images, so we choose it
as the main structure in our model. We propose a novel deep con-
volutional network architecture, namely VGG16-T. VGG16-T con-
sists of five convolution blocks and its network structure is shown
in Figure 3.

VGG16-T uses small convolution kernels of size 3 × 3, which can
maintain the same input and output size (set stride and padding
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Figure 3 Schematic illustration of the VGG16-T.

to 1) to enhance network capacity andmodel depth. The number of
convolution kernels for the first four blocks is 64, 128, 256 and 512,
respectively. We designed an atrous convolution block and used it
to replace the three 3×3 convolutional layers in the last block of the
VGG16 network. The structure of the atrous convolution block is
shown in Figure 4.

The essence of the atrous convolution block is that the input data
enters four branches for parallel calculation. The four branches use
the same number of convolution kernels. The first branch uses a
standard 3 × 3 convolution. The second branch uses an atrous con-
volution with a convolution kernel size of 3 × 3 and dilation rate
of 2. The third branche uses an atrous convolution with a convolu-
tion kernel size of 3 × 3 and dilation rate of 3. The fourth branch
uses an atrous convolution with a convolution kernel size of 3 × 3
and dilation rate of 5. After all the convolutional layers of the four
branches, there is a modified linear unit (Relu) and batch normal-
ization (BN) operation. Finally, the concat operation is used to con-
catenate the feature maps of the four branches as output. Atrous
convolution can effectively expand the receptive field of the model
and it will not increase any calculation cost. The atrous convolu-
tion block uses parallel convolutions with different dilation rates to
simultaneously extract images atmultiple scales, which enables net-
work feature extraction.

Since our picture size is 50 × 50, we replaced the final FC layer by
convolution instead of the FC layer in the traditional VGG16 net-
work. We set the size of the convolution kernel to the size of the
input space and used three 1 × 1 convolutions to replace the orig-
inal FC layer. The use of convolutional layers has no limit on the
input size, so it can efficiently classify images. As well, the output
results are finally input to the loss function softmax for classifica-
tion to construct a complete network structure.

Leaky ReLU activation function is used in the network. BN [30]
is applied between the layers of the network. By BN, it makes fea-
tures of different dimensions to have a certain comparison in value,
greatly improves the accuracy and convergence speed as well as
prevent gradient explosion in some degree. We use global pooling
instead of the originalmax pooling. Global pooling layer can greatly
reduce the total amount of parameters of the model and improve
the detection speed.

We avoid the overfitting problem of VGG16-T network from the
following aspects:

1. Iteration truncation can in some degree prevent overfit-
ting. The iteration is stopped before the model converges
to the training data set. Accuracy is calculated at the end

Figure 4 The structure of the atrous convolution block.

of each Epoch. If in consecutive 10 epochs (or more times)
the model is failed to reach the best accuracy, the iteration
should stop.

2. VGG16-T networks are pretrained on the public lung can-
cer medical image data set Luna16. Through pretraining, the
network avoids the occurrence of overfitting on our data set
and alleviates the problem of small amount of data in the
data set.

2.3. The Boosting Strategy

The main motivation of using boosting strategy is the fact that our
collected data set of lung cancer in early stage is quite imbalance.
Specifically, there are 1882 samples of invasive lung adenocarci-
noma, and 337CT images of the other three types. Single classifier is
inclined to become overfitting to the samples of large size. The idea
of boosting is training multiple weak classifiers make decisions by
joint voting. It needs to determine the number of weak classifiers.

After each round of training, we increase the possibility of selecting
misclassified samples in the next round training. It is repeated until
the number of classifiers reaches an acceptable accuracywith kweak
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classifiers. The k weak classifiers are combined by joint voting to
get a powerful classifier. During classification, the weights of the
training samples are updated and classifiers are linearly combined
to improve the performance.

Boosting strategy will increase the accuracy at the beginning of
increasing the number of classifiers. When a large number of weak
classifiers are used, it will not increase the accuracy indefinitely and
cause overfitting. In our experiments, it is found that 3 weak clas-
sifiers are sufficient to form a strong classifier, which significantly
improves the performance of the classification.

Each model is based on the architecture of VGG16-T. The training
subset is divided into three parts. Each part is independently trained
as a weak classifier. The general process of boosting is described in
Algorithm 1.

After data enhancement by rotation and flipping, the training set is
enlarged to have 50,000 CT images. We randomly select 1/3 sam-
ples of the data to train the first weak classifier VGG16-T. Sam-
ples misclassified by the first weak classifier and another randomly
selected samples (in total 1/3 samples of the whole training set)
are combined to train the second weak classifier VGG16-T. Simi-
larly, the third weak classifier is independently trained by samples
misclassified by the two classifiers and a randomly selected ones
(in total 1/3 samples of the training set). Taking each misclassified
sample of previous round as the training data for the next model
and increasing the number of misclassified training data can in
essence be understood as increasing the weight of these erroneous
samples. We can fine tune the weight parameters for training the
next weak classifier VGG16-T, which can learnmore representative
features.

Those misclassified data can relieve the imbalance in some degree.
More representative and discriminating samples are selected for
training and testing, which can enhance the robustness of the
model. An overview of the proposed model is shown in the
Figure 5.

In Figure 5, the topmost weak classifier is trained by the filtered
data sets. The error data (mis-classified (0)) of the first model in the
red rectangle box and the new training data are merged to train the
second weak classifier. The bottom model parameter is optimized
by using the erroneous data from first two models and other new
data. For false positive (FP) reduction, boosting is a commonly used
statistical learning method combined with the idea of enhanced
classifiers. The classifiers are linearly combined to improve the clas-
sification performance by assigning different weights of the training
sample.

Algorithm 1: The boosting based false positive reduction.
Input:Weak classifiers VGG16-T and training set A.
1: Initializing the size N of training samples for the first weak

classifier;
2: Training the second weak classifier by misclassified samples and newly

selected samples;
3: Training the third weak classifier by misclassified samples and newly

selected samples;
4: The category of each sample is decided by majority vote of three weak

classifiers;
Output: Classification results B.

2.4. Weighted Softmax Function

Softmax classifier is a generalization of the logistic model on multi-
classification problems, which divides target variables into multi-
ple classes. We use softmax classifier for pathological type feature
recognition of lung cancer from CT images.

It is assumed there areN input images {xi, yi}Ni=1, each image is asso-
ciated with a tag from {yi ∈ {1, 2, 3,⋯ , k}, k > 2}. The total num-
ber of classes is denoted by k, which equals to 4 in ourmethod. For a
given test image xi, the hypothesis function is to estimate the prob-
ability value p(yi = j|xi) of each category j. The value of any h𝜃(xi)
can be calculated by Equation (1).

h𝜃(xi) = [
p(yi = 1)/xi; 𝜃

⋮
p(yi = k)/xi; 𝜃

]

= 1
∑k

j=1 exp(𝜃
T
j xi)

[
exp(𝜃T1 xi)

⋮
exp(𝜃Tk xi)

] ,

(1)

where 1
∑k

j=1 exp(𝜃
T
j xi)

represents the normalization of the probability

distribution, that is, the sum of all probabilities is 1 and 𝜃 represents
the parameters of the model.

The loss function J(x, y, 𝜃) of softmax classifier is shown inEquation
(2).

J(x, y, 𝜃) = − 1
N [

N

∑
i=1

k

∑
j=1
1{yi = j}

1b
exp(𝜃Tj xi)

∑k
j=1 exp(𝜃

T
j xi)

] ,

(2)

where 1{yi = j} is an indicator function and can be expressed as
Equation (3).

1{yi = j} = {0, yi ∉ j;
1, yi ∈ j.

(3)

Unbalanced training samplesmay cause the trainingmodel to focus
on the categories with a large number of samples. Generalization
ability of the model on test data should be affected. By setting the
weight coefficient w in softmax loss function, the small class sam-
ples is multiplied by a large weight. Large class samples is multiplied
by small weight to alleviate the problem of category imbalance in
our data set, thus can improve recognition accuracy. The weighted
softmax loss function J(x, y, 𝜃) is formulated by Equation (4).

J(x, y, 𝜃) = − 1
N [

N

∑
i=1

k

∑
j=1

wi1{yi = j}

1b
exp(𝜃Tj xi)

∑k
j=1 exp(𝜃

T
j xi)

] ,

(4)

where wi =
Mi

Mj
represents the weight of the loss function,Mi repre-

sents the total number of training samples.Mj represents the num-
ber of samples of the training sample category. The loss function is
minimized by stochastic gradient descent (SGD) method.
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Figure 5 The architecture of the proposed boosting method.

3. RESULTS

Experimental results show that VGG16-T with boosting achieves
accuracy 86.58% in classifying the pathological type lung cancer
into four categories from CT images, which performs better than
VGG16-Twithout boosting, AlexNet, ResNet-34 (proposed in 2016
[31]) and DenseNet with or without Softmax weights (proposed in
2017 [32]), respectively. As well, VGG16-T with boosting obtains
accuracy 85% by diagnosing 20 randomly selected CT images,
which performs better than two respiratory doctors by handcrafted
diagnosing with accuracy 55% and 65%, respectively.

3.1. Evaluations Metrics

The confusion matrix shown in Table 2 is used to predict the classi-
fication model. Corresponding to the confusion matrix, the larger
the values of true positive (TP) and true negative (TN), the smaller
the values of FP and false negative (FN), the better the performance.

The accuracy is a statistical measure of how well a classifier cor-
rectly identifies or excludes a condition [33]. The accuracy is the
proportion of true results (both TP and TN), which is defined as
Equation (5).

ACC = 1
q

q

∑
i=1

(TP)i + (TN)i
(TP)i + (TN)i + (FP)i + (FN)i

. (5)

The sensitivity is the proportion of the model’s predicted accuracy
among all the results with real positive values, which is defined as
Equation (6).

SE = 1
q

q

∑
i=1

(TP)i
(TP)i + (FN)i

. (6)

Table 2 Confusion matrix table.

Label The Prediction Is The Prediction Is
Positive Sample Negative Sample

Label is positive sample TP (true positive) FN (false negative)
Label is negative sample FP (false positive) TN (true negative)

The specificity is the proportion of all outcomes where the true
value is Negative that the model predicts correctly, which is defined
as Equation (7).

SP = 1
q

q

∑
i=1

(TN)i
(TN)i + (FP)i

. (7)

In Equations (5–7), parameter q is the number of categories, TP is
true positive, FN is false negative, TN is true negative and FP is false
positive.When the values ofACC (accuracy) and SE (sensitivity) are
both in a high level, it indicates that the model has better classifica-
tion performance.

3.2. Parameters of VGG16-T

Our model used a NVIDIA GTX 2080Ti 12Gb GPU for training
and testing. During the training, we adopt mini-batch SGD with
batch size 16, momentum 0.9 and weight decay 0.0005. We use the
“poly” learning rate policy where the learning rate is multiplied by(
1 − iter

maxiter

)power
with power 0.9 and initial learning rate 0.001. The

maximum epoch is 100.

Since our picture size is 50 × 50, the parameters of VGG16-T is
shown in Table 3. The total weights and biases of VGG16-T are
15236800 + 5252 = 15242052.
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3.3. Experimental Results

An independent data set used to compare the performance of
VGG16-T before and after the data enhancement. In training set,
we have in total 50,000CTpictures by data augmentation from1998
original CT images. It is obtained that the accuracy, sensitivity and
specificity can reach 86.58%, 86% and 72.63% after data enhance-
ment over 5 runs. The experimental results are shown in Table 4.

It is experimentally determined that 3weak classifiers VGG16-T are
sufficient. The change in accuracy after adding each weak classifier
for joint voting is shown in Table 5. It is obtained that the accu-
racy rate is improved after using the third weak classifier compared
with the first two. If scale of the data set is larger, we can increase
the number of weak classifiers and determine how many classifiers
needed to achieve acceptable classification performance.

In Table 6, it is shown the precision, recall and F1-score of the four
lung cancers after data enhancement with confusion matrix. We
performed BNduring training to greatly increase the training speed
and reduce the strong dependence on initialization. The real-time
variation accuracy and loss graph of each epoch with data enhance-
ment are shown in Figures 6 and 7. Among them, the axis X refers
to the change of epochs, and axis Y refers to the accuracy and loss
value. A total of 100 epochs were trained. The blue and red curves
represent training and validation curves, respectively. The loss of
training gradually stabilized after 20 epoch. The loss of verification
stabilized after 40 epoch. The accuracy of training and verification
gradually increased and finally gradually approached 0.9.

In order to verify our method, three image classification models
AlexNet, ResNet-34 and DenseNet were selected for comparative
experiments. The performance of our method was compared by
using two training strategies (weight setting and no weight setting).
W represents the weight of the different categories set in training
process. The classification methods other than VGG16-T are com-
pared based on the source codes provided by AlexNet [34], ResNet-
34 [31] and DenseNet [32]. The method of comparison experiment
is the same as our VGG16-T using the same parameter settings and
data set.

Experimental results on the two training strategies are shown in
Table 7, where w represents the weight of the different categories
set in training process. Table 7 that the accuracy of our VGG16-T
with boosting is higher than the other ones. It performs better than
DenseNet + w without boosting strategy. We replaced the test data
with part of the training set data. Our VGG16-T networks without
boosting performs better than DenseNet+w without the boosting.
So, this can be an evident that the better performance is not caused
by accidental factors or test data.

When the weight is not set, the accuracy of the model is higher
than that of the other models, indicating the effectiveness of the
proposed method. Comparing the results of setting weights and
not setting weights for each type of method, the accuracy rate is
improved except for ResNet-34.We can indicate that settingweights
can alleviate the category imbalance problem to some extent.

Two respiratory doctors from Shandong Provincial Hospital and
Shandongthe Third Provincial Hospital (Grade 3A level hospitals)
are invited to do handcrafted diagnosing of 20 randomly selected
CT images of lung cancer type, achieving accuracy 55% and 65%,
respectively. Our VGG16-T with boosting make separate judg-
ments and get accuracy 85% shown in Table 8. The accuracy rate
and time cost of VGG16-T and the two doctors are shown in
Table 9. Our method can make a decision on each CT image in
about 1.3 seconds, but the doctors need about 88.5 seconds on
average.

4. DISCUSSION

In this work, we firstly build up a data set of CT images from 125
patients of lung cancer in early stage. The data set is enhanced by
revolving, shifting and reproducing operations to avoid its inherent
imbalance. After that, a deep convolutional neural network namely
VGG16-T is proposed and multiple VGG16-T worked as weak
classifiers are trained with a boosting strategy. Such method
achieves significant performance in identifying pathological types
of lung cancer with CT images by joint voting. It is the first attempt

Table 3 The parameters of VGG16-T.

Name Filter Feature Map Weights Biases

Input 50 × 50 × 3
Conv3-64 3 × 3 × 64 50 × 50 × 64 3 × 3 × 64 × 64 = 1728 1 × 1 × 64 = 64
Conv3-64 3 × 3 × 64 50 × 50 × 64 3 × 3 × 64 × 64 = 36864 1 × 1 × 64 = 64
Conv3-128 3 × 3 × 128 25 × 25 × 128 3 × 3 × 64 × 128 = 73728 1 × 1 × 128 = 128
Conv3-128 3 × 3 × 128 25 × 25 × 128 3 × 3 × 128 × 128 = 147456 1 × 1 × 128 = 128
Conv3-256 3 × 3 × 256 12 × 12 × 256 3 × 3 × 128 × 256 = 294912 1 × 1 × 256 = 256
Conv3-256 3 × 3 × 256 12 × 12 × 256 3 × 3 × 256 × 256 = 589824 1 × 1 × 256 = 256
Conv3-256 3 × 3 × 256 12 × 12 × 256 3 × 3 × 256 × 256 = 589824 1 × 1 × 256 = 256
Conv3-512 3 × 3 × 512 6 × 6 × 512 3 × 3 × 256 × 512 = 1179648 1 × 1 × 512 = 512
Conv3-512 3 × 3 × 512 6 × 6 × 512 3 × 3 × 512 × 512 = 2359296 1 × 1 × 512 = 512
Conv3-512 3 × 3 × 512 6 × 6 × 512 3 × 3 × 512 × 512 = 2359296 1 × 1 × 512 = 512
Atrous 3 × 3 × 512 3 × 3 × 512 3 × 3 × 512 × 512 = 2359296 1 × 1 × 512 = 512
Atrous 3 × 3 × 512 3 × 3 × 512 3 × 3 × 512 × 512 = 2359296 1 × 1 × 512 = 512
Atrous 3 × 3 × 512 3 × 3 × 512 3 × 3 × 512 × 512 = 2359296 1 × 1 × 512 = 512
Conv1 × 1 1 × 1 × 512 1 × 1 × 512 1 × 1 × 512 × 512 = 262144 1 × 1 × 512 = 512
Conv1 × 1 1 × 1 × 512 1 × 1 × 512 1 × 1 × 512 × 512 = 262144 1 × 1 × 512 = 512
Conv1 × 1 1 × 1 × 4 1 × 1 × 4 1 × 1 × 512 × 4 = 2048 1 × 1 × 4 = 4
Total 15236800 5252
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Figure 6 The real-time variation accuracy graph of each epoch with data enhancement.

Figure 7 The real-time variation loss graph of each epoch with data enhancement.

Table 4 Comparison of accuracy, sensitivity and specificity before and
after data enhancement over 5 runs.

Model Accuracy Sensitivity Specificity

VGG16-T
Without data
enhancement

0.7842 ± 0.004 0.7050 ± 0.013 0.6284 ± 0.003

VGG16-T
With data
enhancement

0.8658 ± 0.006 0.8600 ± 0.027 0.7263 ± 0.019

of using deep models and boosting to identify pathological types of
lung cancer in early stage from small scale CT images.

There are some potential directions for further research. It is of
interests to improve the accuracy of lung cancer typing, which can

Table 5 The change in accuracy after using each classifier over 5 runs.

Classifier Classifier 1 Classifier 2 Classifier 3

Accuracy 0.6824 ± 0.031 0.8076 ± 0.008 0.8658 ± 0.017

Table 6 After data enhancement in each of the four types of lung cancer
accuracy.

Type Invasive Lung Squamous
Cell

Small Cell
Lung

Adenocarcin-
oma in Situ

Adenocarcinoma Carcinoma Carcinoma

Precision 0.9672 0.8888 0.6000 0.6400
Recall 0.8551 0.9231 0.9000 0.7619
F1-score 0.9078 0.9057 0.7200 0.6956
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Table 7 Accuracy on our dataset over 5 runs.

Method Accuracy

AlexNet 0.6398 ± 0.001
AlexNet+w 0.6523 ± 0.012
ResNet-34 0.7953 ± 0.026
ResNet-34+w 0.7734 ± 0.004
DenseNet 0.8072 ± 0.018
DenseNet+w 0.8124 ± 0.008
VGG16-T 0.8529 ± 0.013
Our VGG16-T with boosting 𝟎.𝟖𝟔𝟓𝟖 ± 𝟎.𝟎𝟎𝟔

Table 8 The results of 20 tests on the computer.

Number 1 2 3 4 5 6 7 8 9 10

Truth SCC SCLC SCC AIS IA IA IA IA AIS AIS
Test SCC SCC SCC AIS AIS IA IA IA AIS AIS
Number 11 12 13 14 15 16 17 18 19 20
Truth IA IA IA IA IA SCC IA IA IA SCC
Test IA IA IA IA IA SCLC IA IA IA SCC
IA, invasive adenocarcinoma; AIS, adenocarcinoma in situ; SCC, squamous cell carcinoma;
SCLC, small cell lung cancer.

Table 9 Accuracy and times cost by VGG16-T and two doctors for
diagnosing 20 randomly CT images.

Doctor 1 Doctor 2 Average of
Doctors

VGG16-T

Accuracy 0.65 0.55 0.60 0.85
Time of diagnosing
an image

76s 101s 88.5s 1.3s

be further studied. As well, more contextual information about the
tumor can be fused, such as the connections with the surround-
ing blood vessels, as well as information about the patient, such as
the medical history report. Future research may require the use of
images from different sources in training and test datasets so that
the system has a universal use.

5. CONCLUSION

This paper proposed a new effective CT classificationmethod based
on VGG16-T. For the first stage, we introduced a classification
framework based on improved VGG16-T to accommodate lung
cancer typing. For the second stage, a boosting based classifier is
trained to reduce FPs produced by the first stage. Three models are
trained sequentially, and the training data of each model includes
the mis-classified tumors by the previous model. A more accurate
model is obtained by repetitively training tumors which are more
difficult to classify. Finally, the weight of the softmax loss function
is set, and the loss of a few types of discriminant errors is increased
to alleviate the category imbalance problem of the dataset. Exper-
iments on the respiratory dataset of Shandong Provincial Hospital
show that the method can classify lung cancer accurately.
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