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Abstract. Lung cancer is one of the types of cancer that claims the
most lives globally. For screening purposes, computed tomography scans
are the most reliable source for nodule detection, as it reveals the struc-
ture of the chest, through a three dimensional representation, in which
lung lesions can be fully observed. For early cancer detection, it is nec-
essary to use computed radiography and tomography of the thorax, as
well as searches for potentially malignant nodules by specialists. In this
paper, lung nodule segmentation was performed using the LIDC IDRI
public database, which includes images of computed tomographies, by
means of a modified U-Net convolutional neural network. The experi-
mental results have shown that our proposal achieves a Dice similarity
coefficient of 88.1% and accuracy of 99.78%, which improves nodule seg-
mentation performance in comparison with other architectures used in
the literature.
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1 Introduction

When it comes to lung cancer, an early clinical diagnosis allow specialists to rule
out the presence of malignant nodules and can lead to the correct choice of an
appropriate treatment to combat this cancer [7].

Among all the existing forms of cancer, lung cancer is the type that causes
the most deaths annually [26]. To detect it, an experienced radiologist searches
for lung nodules visually by using advanced medical tests such as computed
radiography and tomography. This procedure is often a highly complex task,
however, even for specialists. The test consists of making use of a series of dig-
ital images that are taken transversely in the form of equidistant cross sections
(usually 3 mm apart from one another), from which it is possible to get a three-
dimensional representation of the patient’s lungs [28].
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With the development of deep learning, many convolutional-neural-network
methods (CNN) have yielded surprising results in carrying out computed radio-
graphy and tomography image-segmentation tasks [17]. For example, some
research papers have dealt with image segmentation using fuzzy logic, active
contour algorithms, and clustering; but the effectiveness of these techniques has
been largely outdone by machine learning and CNN [15,18,21].

This research paper tackles the subject of lung-nodule segmentation, making
use of the LIDC-IDRI public database of tomographies and the U-Net CNN
model in order to segment potentially malignant nodules in patients at risk of
suffering lung cancer.

This article is organized as follows. Section 2 deals with papers that have
tackled the subject of lung-nodule segmentation. Section 3 introduces our imple-
mentation of CNN, after which our experiment design will be laid out. Section
4, follows, in which the experiment’s results are given; and finally, in Sect. 5, our
conclusions are offered, and future work is laid out.

2 Related Work

The analysis of computed tomographies for the detection of nodules begins with
the segmentation process. This stage is of vital importance, because an incorrect
segmentation would result in false clinical diagnoses, which would directly affect
patients. Some papers [1] estimate that test data may miss from 5% to 17% of
lung nodules due to a segmentation algorithm’s shortcomings. Next, we present
some segmentation methods from the literature, which are used to segment pul-
monary nodules.

One of the most common ways to perform image segmentation is through
the region-based approach, such as the one presented in [20], which uses the
fast-marching method to separate the image into regions with similar features.
In order to segment lung nodules, multiple seed points are required to produce
a set of regions on input image. Finally, they are merged by combining regions
that grow applying k-means algorithm.

In one case in particular, Nithila and Kumar [18] developed a nodule seg-
mentation technique based on a Fuzzy C-mean algorithm and an active contour
model. The reconstruction of the lung parenchyma was performed by a Gaussian
filter and the segmentation was completed with a cluster algorithm.

Another paper has proposed a hybrid system which makes use of the follow-
ing techniques [14]: morphological operation, dot-enhancement filter based on
the Hessian matrix, fuzzy-connectedness segmentation, local-density maximum
algorithm, geodesic-distance map, and regression tree classification. First, all the
potential nodules are generated to classify them among three types: peripheral,
those attached to the chest wall, or those on the mediastinum. Finally, by means
of a tree structure, the nodules are detected and classified according to their
location, size, and shape.

By contrast, [12] employs discriminative random fields (DRF) to segment 3D
volumes of lung nodules in computed tomographies using only one seed point
per nodule. First, various features are calculated, such as the estimated radius
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and approximate segmentation, making use of morphological filtering. Next, a
supervised training of the DRF model is conducted to achieve a more accurate
general segmentation.

Other less conventional methods as [23], have used the vanilla optical flow
method to process the computed tomography slices. To do this, they created an
image frame sequence with timeline-ordered CT slices and thereby achieve lung
nodule segmentation by computing the detected changes between frames.

In the case of CNN-based segmentation, an interesting proposal has been
published in [4], which makes use of a fully CNN (FCN). Nodule detection is
then carried out through binary thresholding within the lung area; next, the
approximate nodule segmentation is done through the level set method. Finally,
nodule segmentation is obtained based on the coordinate system transformation.

Another CNN proposal [2] uses a dual-branch residual network (DB-ResNet),
which simultaneously captures intensity features from multiple views and scales
of different nodules in CT images and consequently performs image segmen-
tation. Additionally, they propose a central intensity pooling layer (CIP), to
extract the intensity features of the central voxel of the block, and subsequently
with CNN obtain the convolutional features of the central voxel. Regarding lung-
nodule detection, other papers as [11] have tackled the problem of voxel-to-voxel
segmentation by means of a multi-view CNN, by which it is possible to determine
if a voxel corresponds to a nodule.

3 Convolutional Neural Networks

The CNNs arose from the study of the human eye’s visual cortex, and have been
used for image recognition since 1980. CNNs are not limited to computer-vision
tasks; rather, they are also used in other endeavors, such as voice recognition
and natural language processing [8].

A CNN is a supervised learning model that has the ability to identify objects,
since it can extract features from their inputs, especially from images. To do
this, a CNN is comprised of several specialized hidden layers that have certain
hierarchy. This hierarchy is represented by different levels of abstraction, by
which the composition of simple or lower-level features allow for the learning
about complex or higher-level features. This means that the first layers can detect
geometric primitives, and as we go deeper through the layers, they become more
and more specialized, so that deeper layers are able to recognize more complex
shapes [3].

Figure 1 illustrates the main operations involved in a CNN’s processing. For
example, Fig. 1a shows the convolution layer, while Fig. 1c depicts the pooling
operation.

3.1 U-Net Architecture

The U-Net architecture was initially designed to segment neural structures into
sets of images obtained by electronic microscope. However, this architecture can
also be used to classify and segment biomedical images [19].
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Fig. 1. Basic CNN operations: a) Convolution operation: cross product between a ker-
nel and the image [6]. b) Activation function: it provides non-linearity to the network.
c) Pooling operation: it reduces image size while preserving its main features [22]

The U-Net architecture (see Fig. 2), consists of two stages: contraction and
expansion. The first stage is a standard CNN, which consists of the repeated
application of convolutions with 3×3 filters without padding, which reduces the
image’s dimensions. Following this, a rectified linear unit layer (ReLU) and a 2×2
max-pooling layer with a stride of 2 is used to reduce the image’s dimensions by
half, while with each reduction the filter number is doubled, which is to say, one
obtains double the feature maps. This stage is mainly used for automated feature
extraction from the input images, which allows to improve the segmentation task.

In each step of the expansion stage, a transposed convolution of the feature
map and a concatenation with the corresponding feature map cropped from its
contraction counterpart are performed. Two convolutions with 3 × 3 filters and
a ReLU layer are then added. Cropping the feature map is necessary, given that
in each convolution the image’s dimensions are reduced. A convolution with a
1×1×n filter is used on the last layer to map each 64-component feature vector to
the desired total number of classes n [19]. This stage combines both the features
obtained from the first stage and the output of the transposed convolution layer
to obtain accurate segmentations, although there is a loss of information due to
cropping operation which adjusts the dimensions of the output.

The U-Net network is also called a fully convolutional network, since it only
uses convolutional layers to perform image segmentation [13]. In other words,
it has no fully connected layers, which reduces the number of weights to be
estimated [9]. Additionally, this architecture does not require a large number of
labeled images for training and it can obtain very accurate segmentations. These
characteristics are particularly useful when working with biomedical images since
a usual setting is that there are few labeled examples [19].

3.2 U-Net for Nodule Segmentation

In this work, a modified U-Net architecture was proposed to train the network
with the LIDC-IDRI public database, as it is shown in Fig. 3. Unlike the original
architecture, the input and output images preserve the same size, that is, a
resolution of 128 × 128 pixels is used. This is because both the convolution
and the transposed-convolution are carried out with zero padding, which avoids
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Fig. 2. U-Net deep neural network architecture [19]

that image dimensions have to be reduced in each convolution operation. As a
consequence, the concatenation in the second stage (transposed-convolution) is
performed without cropping. The number of initial filters is 32 and each time
it is doubled (64, 128, and so on), while the image dimensions are reduced by
half due to max-pooling layer. In the network’s final layer, the segmentation
is performed for two classes; in other words, it decides if a pixel belongs to a
nodule or not. With our modified U-Net network, there is no information loss
in the second stage. Also, the concatenation of the first-stage features and the
transposed convolution layer output is direct, thus covering the entire input
image.

Fig. 3. Modified U-Net deep neural network architecture
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Having both the segmentation performed by specialists and that performed
by the CNN, the used evaluation criterion is the Dice Similarity Coefficient
(DSC), which is given by the following equation [10]:

DSC =
2 |X ∩ Y |
|X| + |Y | (1)

where X is the segmented area by specialists and Y is the segmented area by
U-Net. In other words, the DSC is used to measure the overlap between the two
regions, which in this case are the nodule-segmentation results. When the DSC
equals 1, it is because the segmented regions overlap completely, whereas if the
DSC equals 0, there is no overlap between the segmented regions.

4 Results and Discussion

In this section, both the image set and the hardware and software used during
implementation are described. Following is an analysis of our results, as well as
a comparison with existing results in the literature.

The used image set was obtained from the public database LIDC-IDRI [5].
This database consists of 244,617 images from 1308 studies carried out on 1010
patients. The nodules were identified by as many as four specialists. The selected
nodule images were those that were indicated by the four specialists, while the
nodules identified by three or fewer specialists were ruled out. In total, there
were 900 identified nodules with a diameter of greater than 3 mm.

Additionally, there is information for each study on the patient and on the
nodules’ properties, such as difficulty of detection, internal structure, calcifica-
tion, sphericity, margin, degree of lobulation, extension of spiculation, texture,
and an evaluation of the probability of malignancy.

To carry out the CNN training, the set of available nodules was divided into
training (68%), validation (12%), and test (20%) subsets. The first two subsets
were used to obtain the network’s best hyperparameters, which turn out to be
a learning rate of 0.0005, an initial filter number equal to 32, a batch size of 32,
and a filter size of 3. Subsequently, using these hyperparameters, the network
is retrained with different sizes of the training subset, in order to measure and
compare the performance of the network using the corresponding test subset.

The experiments were conducted on a computer with an Intel(R) Xeon(R)
CPU E5-2630 processor, which has 32 processing threads and runs the Ubuntu
operating system with 16 GB of RAM memory. In terms of software, the Python
programming language was used, along with the TensorFlow library.

Having conducted the corresponding experiments, the results analysis and
discussion follow. As we have mentioned, different test-set sizes were used with
the goal of making comparisons with other methods. For example, a size of 493
nodules was considered in [25]; also a size of 393 nodules was used in [24]; as well
a size of 128 nodules was proposed in [16]. For the purposes of comparing the
results with those reported in [16], sizes of 246 and 196 nodules were considered,
that is, half of the aforementioned sizes. Table 1 shows the results obtained for
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each proposed test-set size, where classification accuracy and DSC coefficient are
used as measures of convolutional network performance. Here it can be observed
that as the test set decreases the classification accuracy and the DSC coefficient
increases. This is expected behavior since the convolutional network learns to
discriminate better with more information as the training set increases.

Table 1. Comparison of the performance of the U-Net architecture with different test-
set sizes

Test size [Nod] Accuracy [%] DSC [%]

493 99.72 84.27

393 99.75 85.62

246 99.76 87.46

196 99.78 88.10

Table 2 presents the performance results of our U-Net proposal compared
with other methods [16,18,24,25,27], which also deal with this problem of seg-
mentation using the same database. Observe that the main performance measure
for the comparison was DSC, although the test size and the classification accu-
racy are also included as complementary information. Note that in row 7, col-
umn 4 of Table 2, our U-Net proposal reached an average DSC of 88.10% in the
test set, which indicates a high degree of similarity between the segmentations
obtained by our proposal and those proposed by specialists.

Table 2. Comparison between our proposal (last line) and some other proposal on the
state of the art, using the LIDC-IDRI database. The symbol ‘–’ indicates that there is
no available information about the accuracy measure or test size in the corresponding
articles

Method Test size [Nod] Accuracy [%] DSC [%]

PN-SAMP [27] – 97.58 74.05

MV-CNN [24] 393 – 77.67

CF-CNN [25] 493 – 82.15

DLGC [16] 128 – 83.00

Fuzzy C-mean [18] – 98.95 84.00

U-Net 196 99.78 88.10

Comparing the results in Tables 1 and 2, it is observed that the U-Net results
are better, in terms of DSC, for all the test set sizes (493, 393, 128) used. That
is, the DSC obtained with the U-Net is higher than the publications listed in
Table 2, including the article using a small test set (128) compared to the smallest
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U-Net set (196). To shed further light on the virtues of our proposal, which
allow to improve the original U-Net architecture and related literature results
(Table 2), some of the best visual results of the nodule segmentation on the
test set are shown below in Fig. 4. For greater clarity, the images are shown
in pairs (vertical orientation); the first image is the segmentation performed by
the specialists (in green), and the second is the segmentation obtained by the
CNN (in red). These segmentation results individually reach over 97% DSC due
to the nodules’ smooth shape, which is most often circular or oval. It is worth
highlighting that the nodule’s size also exercises a strong influence, given that
the majority of these nodules have a diameter of greater than 4 mm, which aids
in their identification.

Fig. 4. Regularly shaped nodules segmented by experts in green (above) and nodules
segmented by our U-Net proposal in red (below) (Color figure online)

Due to the great variety in lung nodules’ shape and size, not all of them can
be segmented correctly. For example, Fig. 5 shows some nodules, individually
obtaining a DSC of less than 70%, that turned out to be difficult to segment
under our proposal, since they did not have a smooth or regular shape. At times,
nodules are spiculated or have a diameter close to 3 mm. These factors make their
identification highly difficult.

Fig. 5. Irregularly shaped (spiculated) nodules segmented by experts in green (above)
and nodules segmented by our U-Net proposal in red (below) (Color figure online)
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5 Conclusions

The impact of a modified U-Net deep architecture on the performance of lung-
nodule segmentation was presented in this work. The experimental results have
shown that the proposed U-Net modification obtains the highest DSC perfor-
mance (88.10%) for the analyzed dataset, which outperforms other proposals on
the state of the art. In spite of the fact that it has problems with performing
nodule segmentation on irregular or spiculated shapes, the results are highly
competitive.

As future work, several hybrid approaches could be explored with the aim
to improve the DSC coefficient and consequently making efficiently progress on
lung-nodule detection. For example, a hybrid approach composed of a U-Net-
CNN and an adaptive morphological filter could be proposed. Additionally, this
proposal should be scaled to distributed computing procedures, thus improving
training times and, as a consequence, timely decision-making as well.
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