
A Transfer Learning Method for CT Image
Classification of Pulmonary Nodules

Ran Wang1,2(&), Huadong Sun1,2, Jialin Zhang1, and Zhijie Zhao1,2

1 School of Computer and Information Engineering,
Harbin University of Commerce, Harbin 150028, China

wr0905@sina.com
2 Provincial Key Laboratory of Electronic Commerce and
Information Processing, Harbin University of Commerce,

Harbin 150028, China

Abstract. A pulmonary nodule classification method of Computer Tomogra-
phy (CT) images based on transfer learning of deep convolutional neural net-
work (CNN) is proposed. Lung CT images with labels are quite limited
compared with the large scale image database such as ImageNet. It is easy to
produce over-fitting problem when using the limited data to train the deep CNN
for classification task. In this paper, in order to overcome this difficulty, the deep
CNNs GoogleNet and ResNet are pre-trained on the large scale database Ima-
geNet. The fully connected layers and the classifiers of the pre-trained networks
are replaced to complete the classification of CT images of pulmonary nodules.
A sub set of the Lung Image Database Consortium image collection (LIDC-
IDRI) is used to fine-tune the network and validate the classification accuracy.
This is the process of transfer learning. It solves the problem of the deficiency of
lung CT images as labeled training data for CNNs. By the knowledge obtained
from the pre-trained CNNs which have been trained on ImageNet, the network
is easier to converge and the training time is greatly reduced. The classification
accuracy of Pulmonary Nodules can be reached up to 71.88% by using the
proposed method.
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1 Introduction

In recent years, with the increase of environmental pollution, the incidence of lung
cancer is on the rise. According to the published 2017 Chinese Cancer Annual Report,
morbidity and mortality of lung cancer are both in the first place, seriously harm the
health of Chinese people. The survey report of American Cancer Society (ACS) shows,
at present the 5-years survival rate of lung cancer patients is only 17%, but the survival
rate can be increased to 55% as long as early treatment is obtained [1]. Therefore, the
early diagnosis of lung cancer is of great significance to patients. Early lung cancer is
mainly characterized by pulmonary nodules. Therefore, early detection of pulmonary
nodules is important for increasing the survival rate of lung cancer patients.
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For the detection of pulmonary nodules, the currently widely accepted method
which is safe and effective is Computer Tomography (CT). The advantage of CT
images is that its resolution is high, and organ slices can be seen at different locations.
By analyzing the CT image, it is not only possible to check whether there is a pul-
monary nodule and locate the nodule, but also to analyze the size, density, morphology,
internal structure and edge characteristics of the nodule [2]. However, the amount of
CT images is large, one patient’s lung CT images can reach more than 100 sheets. For
doctors, viewing CT images of patients requires a large amount of time.

The emergence of the computer-aided diagnosis based on image processing and
convolutional neural network (CNN) has reduced the workload of doctors for reading
CT images [3]. The CNN can be used to classify the CT images when being suc-
cessfully trained. Image classification based on CNN overcomes some shortcomings of
traditional image classification methods. There is no need to manually design features,
the network can extract image features and classify the images when having trained on
a large data set. The CNN is going deeper and larger to increase its expression ability.
However, if the training data is limited, it is easy to produce over-fitting and network
degradation problems [4, 6]. In order to solve these problems, the GoogleNet [5],
ResNet [6] architecture and the concept of transfer learning have been proposed [7–9].

Using these methods, we start with the concept of transfer learning. Then the steps
of transfer learning of CNN and the medical image database we use to train the
networks are shown. Finally, the experimental results and analysis are given to prove
the validity of the presented method.

2 The Transfer Learning of Convolutional Neural Network

Transfer learning is a machine learning method that solves different but related domain
problems by using existing knowledge [7]. The basic idea of transfer learning is to
learn a representation that is shared across related tasks. In transfer learning the higher
the correlation between the source and target fields, the better the learning results will
be [8]. Different levels of features have different transfer learning abilities; higher-level
features have better transfer learning ability than lower-level features [9]. In transfer
learning, the common features can be learned by solving an optimization problem,
given as follows:
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In Eq. (1), S and T denote the tasks in the source domain and target domain, x and
y denote the feature vectors and the labels, respectively. H ¼ hs; ht½ � 2 Rd�2 is a matrix
of parameters. c is the regularization parameter. U is a d � d orthogonal matrix
(mapping function) for mapping the original high-dimensional data to low-dimensional
representations. The ðr; pÞ-norm of H is defined as:
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The optimization problem (1) estimates both of the low-dimensional representa-
tions UTXT ;UTXS and the parameters H of the model at the same time.

The transfer learning flow chart of CNN is shown in Fig. 1:

First, a pre-trained CNN is loaded, it may have been trained on a large scale data set
such as ImageNet; then, the last few layers of the loaded network are replaced by new
layers to learn features specific to the dataset of new field; finally, the new dataset and
training parameters are used to fine-tuning the network.

2.1 The Pre-trained CNNs for Transfer Learning

Different CNNs have different characteristics. The most important characteristics are
network accuracy, speed, and size. Choosing a network is generally a tradeoff between
these characteristics. A good network has high accuracy and is fast. Figure 2 shows the
top1 accuracy versus operations, size/parameters of different CNNs [11].

Top-1 one-crop accuracy versus amount of operations required for a single forward
pass is shown in Fig. 2. The size of the blobs is proportional to the number of network
parameters. A legend is reported in the bottom right corner, spanning from 5� 106 to
155� 106 parameters. In general, GoogleNet and its derivative inception series have
the characteristics of lower resource consumption and medium accuracy. ResNet series
have the characteristics of medium resource consumption and higher accuracy. These
two types of CNN architectures have the best comprehensive performance.

In this paper, GoogleNet and ResNet are chosen for transfer learning. The pre-
trained GoogleNet and ResNet we used in this paper have been trained on more than
one million images and can classify images into 1000 object categories. The training
images are a subset of the ImageNet database [10], which is used in ImageNet Large-
Scale Visual Recognition Challenge (ILSVRC). Using a pre-trained network with
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Fig. 1. The transfer learning flow chart of CNN.
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transfer learning is typically much faster and easier than training a network from
scratch.

2.2 Fine-Tuning of the CNNs

For large scale CNNs as GoogleNet and ResNet, the lower level features show the
color or edge feature of the image, well the higher level features show the texture
feature, the more class-specific features and the entire objects with significant pose
variation successively [8]. The effects of transfer learning of different levels of CNNs
have been studied: high-level features of CNNs have better transfer learning ability
than lower-level features [12]. In this paper, all the parameters and structure of the pre-
trained networks are preserved besides the last three layers to obtain the higher level
features before the fine-tuning of the networks.

The last three layers of the pre-trained CNNs are replaced by three new layers to
complete classification of CT images of pulmonary nodules. The new layers are one
fully connect layer, one softmax layer and one classifier of three categories. A sub set
of CT images of the Lung Image Database Consortium image collection (LIDC-IDRI)
is divided into training set and test set. After the replacement of the last three layers, the
training set is used to fine-tune the network. When the fine-tuning is finished, the test
set is used to validate the classification accuracy of the network.

GoogleNet can be iterated quickly and try out different parameter settings such as
data preprocessing steps and training options. From that we may find which parameters
are fit for our problem. Then a more accurate network: ResNet will be tried to see if the
predict accuracy is improved.

Fig. 2. Top1 accuracy versus operations, size/parameters of different networks
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3 The Lung Image Database Consortium Image Collection

In this paper, a sub set of the Lung Image Database Consortium image collection
(LIDC-IDRI) is used for classifying the pulmonary nodules. LIDC-IDRI consists of
diagnostic and lung cancer screening thoracic computed tomography (CT) scans with
marked-up annotated lesions [13]. It is a web-accessible international resource for
development, training, and evaluation of computer-assisted diagnostic (CAD) methods
for lung cancer detection and diagnosis. It initiated by the National Cancer Institute
(NCI), further advanced by the Foundation for the National Institutes of Health (FNIH).
The data set contains 1018 cases. Each subject includes images from a clinical thoracic
CT scan and an associated XML file that records the results of a two-phase image
annotation process performed by four experienced thoracic radiologists.

Figure 3 shows Lung CT images of a patient in LIDC-IDRI. All the images are in
the format of bitmap, they have three channels and the resolution of them is 512� 512.
Figure 3(a) shows CT images with pulmonary nodules, the edge of the nodule is
marked with a red line. Figure 3(b) shows CT images without nodules. Figure 3(c)
shows CT images with a suspected nodule which is marked with a green line.

4 Experimental Results and Analysis

The experimental environment is Windows 7 operating system and Matlab R2017b
with deep learning toolbox.

(a) Pulmonary nodule (b) Without nodule (c) Suspected nodules

Fig. 3. Lung CT images of a patient in LIDC-IDRI (Color figure online)

Table 1. Training options for fine-tuning

Training options GoogleNet ResNet

Mini Batch Size 28 28
Epochs 7 7
Initial Learn Rate 1.4 � 10−4 10−4

Verbose Frequency 1 1
Network Depth 22 50
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We choose 213 CT images of three patients in LIDC-IDRI which are divided into 3
categories: 73 CT images of lung tissue without nodules, 68 CT images of pulmonary
nodules and 72 CT images of suspected nodules. 149 of 213 (70%) CT images are
chosen stochastically from all 3 categories as training data and the rest 64 CT images
are defined as validating data. All the images are resized to the resolution of 224� 224
to fit the input size of the networks. Then the pre-trained GoogleNet or ResNet is
loaded directly by googlenet and resnet50 function of Matlab. The last three layers:
fully connected layer, softmax layer and classification layer are replaced by new ones
which can be seen as a classifier of 3 classes. Then we use the CT images to fine-tune
the network. The training options we use for fine-tuning GoogleNet and ResNet are
shown in Table 1. For 149 training images and the Mini Batch Size of 28, there are 5
iterations per epoch and 35 iterations in total. Figure 4 shows the Classification
accuracy of the two networks:

(a) Classification accuracy of GoogleNet 

(b) Classification accuracy of ResNet

Fig. 4. Classification accuracy of the two networks
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Figure 4(a) and (b) is the classification accuracy of GoogleNet and ResNet,
respectively. In Fig. 4, training accuracy means the classification accuracy on each
individual mini-batch. Smoothed training accuracy is obtained by applying a
smoothing algorithm to the training accuracy. It is less noisy than the unsmoothed
accuracy, making it easier to spot trends. Validation accuracy is the classification
accuracy on the entire validation set. As shown in Fig. 4, the validation accuracy of the
ResNet is higher than the GoogleNet. The validation accuracy of the GoogleNet has
larger variation in the initial 3 epochs because of the larger Initial Learn Rate. It
becomes smoother in the last 4 epochs. The final results of validation accuracy of the
GoogleNet and the ResNet are 63.53% and 71.88%, respectively.

5 Conclusion

In this paper we presented a pulmonary nodule classification method in CT images
based on transfer learning of CNN. The application of transfer learning solved the
problem of the insufficiency of training data of CT images for training the network. By
using transfer learning, we need only about two hundreds CT images in total to finish
fine-tuning and validating the pre-trained GoogleNet or ResNet. Compared with
training from scratch, the training time is greatly reduced when using transfer learning.

Two architectures of deep CNNs GoogleNet and ResNet have been pre-trained on a
subset of ImageNet which contains millions of images in 1000 categories. By the
replacement of last few layers and fine-tuning of the network, the knowledge which the
networks learned from ImageNet by pre-training was transferred to pulmonary nodule
CT images classification task.

It has been shown in our experiments that GoogleNet is iterated quickly, while
ResNet is more accurate. The classification accuracy of the GoogleNet and the ResNet
reaches up to 63.53% and 71.88% respectively, and the computing resource require-
ment is quite small.
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