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Abstract—Deep Neural Networks (DNNs) are among the best
methods of Artificial Intelligence, especially in computer vision,
where convolutional neural networks play an important role. There
are numerous architectures of DNNs, but for image processing, U-
Net offers great performance in digital processing tasks such as
segmentation of organs, tumors, and cells for supporting medical
diagnoses. In the present work, an assessment of U-Net models is
proposed, for the segmentation of computed tomography of the lung,
aiming at comparing networks with different parameters. In this
study, the models scored 96% Dice Similarity Coefficient on
average, corroborating the high accuracy of the U-Net for
segmentation of tomographic images.
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I. INTRODUCTION

In recent years, several works involving Artificial
Intelligence (AI) models in biomedical applications have been
successful in their proposal. According to [1] and [2], startups
such as Ubenwa use acoustic signal processing and machine
learning to optimize the diagnosis of asphyxia during birth
under low resources.

In other work, Bellemo et al. [3] conducted a study that
examines the potential of Al to diagnose diabetic retinopathy
in Zambia. Therefore, in view of the great impact and
complexity of Al it is divided into sub-areas of study based
on its methods, applications and architectures. One of such
areas is Deep Learning (DL) [4].

DL focuses on complex neural networks architectures
called DNNs (Deep Neural Networks). According to [5], DL
models have architectures with multiple hidden layers, giving
depth and complexity to the network. This complexity allows
the network to learn different features with various levels of
abstraction and generality.

There are several architectures of DNNS, characterized by
different method or application, which are used for example
for partitioning regions of interest in a set of images. This
image processing task is called segmentation and can be
applied in various fields such as engineering or medicine.
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According to Santos et al. [6], segmentation aids the
processing and analysis of medical images by splitting it, and
using its parts for correlation with normal anatomy or lesions.

Segmentation of biomedical images has a great
importance during a diagnosis, because locating tumors or
organs in a medical image is a laborious process, even more
so when applied to a large number of images that make up a
volume of the examined body [7]. Basically, in a manual
segmentation, the professional observes and partitions the
objects of analysis.

If the expert uses algorithms or software, then it is a
semiautomatic segmentation. For example, local adaptive
segmentation algorithms can provide accurate and robust
results. However, there is an influence on the quality of
segmentation according to the settings applied by each
practitioner [8], [9].

Since the manual or semiautomatic methodology is
repetitive, it becomes less productive and susceptible to
mistakes. Therefore, segmentation has been automated and
performed with different mathematical and computational
methods such as prototype pairing, geometric modeling,
algorithms, statistics, and neural networks [10]-[12].

In this sense, there are several architectures of DNNs for
image segmentation, including optimized for medical images
such as conventional X-rays, Computed Tomography (CT)
and Magnetic Resonance. Some of them are used in the works
of Yang et al. [13], Santos et al. [ 14] and Shusharina et al. [7].

Among the DNNss used for segmentation, U-Net [15] has
achieved prominence. The great performance of U-Net in
segmentation tasks is a result of its architecture based on
successive convolutions and deconvolutions, configuring
encoding and decoding sections.

Such a network was first implemented by Ronneberger et
al. [15] for biomedical segmentation of 2D images. It was later
refined to be applied to 3D images by Cicek et al. [16]. This
peculiarity of U-Net has made it one of the main networks
used in the segmentation of medical or biomedical images,
even requiring less data (images) to achieve good results [17].
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For example, Dong et al. [18] used U-Net for semantic
segmentation, highlighting the objects of interest. After
segmentation, the objects were classified according to their
degree of similarity as lung (left or right), heart, esophagus, or
vertebra. Christ et al. [19] applied two U-Net cascade
representations, with one of them, they intended exclusively
for segmentation and localization of the liver. The other
network was in charge of segmenting the tumor within a
delimiting region of the CT image.

Therefore, considering the impact that U-Net architecture
has on the segmentation of biomedical images, the current
work aims to study the performance of U-Net in the
segmentation of lung CTs. Analyzing a possible significant
influence of the number of levels on the network performance
through two architecture configurations. Some training
parameters, namely the number of epochs (iterations) and the
Batch Size (BS) were also investigated.

Thus, in the present study an evaluation of the
effectiveness of some U-Net models is proposed for
segmenting healthy lung CT scans. Besides the validation of
the networks, it is expected to consolidate one or more models
for possible applications in the biomedical area, according to
the works of Paiva et al. [20] and Sena et al. [21].

II. THEORETICAL BACKGROUND

Some work and descriptions about neural networks,
especially U-Net, in image segmentation will be discussed. In
this aspect, the work goes through some common literature
and reviews on the subject. From this, it was possible to
define the types of segmentations seen in the literature,
besides describing the U-Net from its particularities.

A. Image Segmentation

Semantic image segmentation is defined as a process that
aims to classify the pixels of an image with semantic labels.
In the case of instance segmentation, it is possible to partition
individual objects. The combination of both processes is
known as panoptic segmentation [22]. Thus, in the field of
computer vision, segmentation is defined as a step that
precedes the classification of objects of interest [23].

Chen et al. [24] reviewed several papers involving the
segmentation of cardiac images using DL. Using DNN:, it is
possible to highlight anatomical structures of interest, such as
ventricles, atria, and vessels. In this aspect, Gosh et al. [23]
proposes a study on the different techniques used in image
segmentation. The article brings a list of the different neural
network architectures used for segmentation as well as their
singularities.

In computer vision, the Convolutional Neural Network
(CNN) is one of the most widespread techniques for image
segmentation [25]. Its learning, in practical terms, occurs by
successive segmentations of the input images (forward pass)
and the retrofitting of the weights (backward pass) after the
calculation of the loss function [26], [27].

Wang et al. [28] investigated segmentation for
pathological analysis. Many machine learning algorithms,
such as CNNs, have been proposed to automatically segment

pathology images. According to the authors, CNNs, such as
Fully Convolutional Networks (FCNs), stand out for their
accuracy, computational efficiency, and generalizability.

In biomedical applications, the process of segmentation
occurs in the partition of an image into multiple segments,
simplifying a complex digital image. This procedure allows
removing uninteresting information from other objects or
artifacts, thus optimizing the image analysis [29].

In this work, the U-Net models propose a semantic
segmentation, since it is interested in segmenting the lungs in
tomographic images. Therefore, the models are not concerned
with partitioning the objects after their detection, not
differentiating the left lung from the right lung.

B. U-Net

The U-Net architecture was launched in 2015 [15] and has
been improved since 2016 [16]. Its prominence is its
effectiveness in segmenting biomedical images without the
need for a large number of images to achieve this feature [30].
Since it is a CNN, it is composed of convolution and pooling
layers, its particularity lies in the deconvolutions that
characterizes the FCN.

Unlike a conventional CNN focused on nominal
classification, the goal of the U-Net is to generate new images
properly segmented, keeping the dimensions of the input
image and the "masks", called Ground Truths (GTs) [26]. The
GTs represent the images segmented manually by the
professional, they are the ones that together with the input
images will feed the network for the beginning of the training.

The insertion of the input images starts the downsampling
step, described as the process of successive convolutions that
make the image contraction and encodes its information. This
process is also called encoder and corresponds to the typical
organization process of a CNN [15], [25].

The encoder stage ends at the level where the lower feature
map is. From this level on we have the survey layers, also
called decoder, which is composed of successive
deconvolutions that reduce the number of channels and
decode the information, expanding the image by unpooling
and highlighting the segmented objects [5]. Sha et al. [31]
present an application of U-Net, a semantic segmentation
CNN, modified for climate analysis.

The differential of the U-Net architecture is the skip-
connections, which are non-sequential neural connections
between the symmetric convolution and deconvolution layers.
Thus, obtaining an improvement in the updates of the weights
and avoiding the saturation gain as the network increases its
depth [15].

This particularity causes U-Net architectures to use
discrete details learned at the encoder stage to build the
segmented image at the decoder layers [30]. Such architecture
can be visualized in Fig. 1. Its design diagram represents one
of the networks tested in the present work, based on [31], with
5 levels. Fig. 2 represents the second U-Net architecture of the
work, with 7 levels.
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Fig. 1. Diagram of U-Net architecture "v1" with 5 levels. The architectures

have the conventional structure of a 2D U-Net with a rectified linear
activation function (ReLU).
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Fig. 2. Diagram of the "v2" U-Net architecture with 7 levels that features
two more encoder/decoder layer pairs than "v1". The architectures have the

conventional structure of a 2D U-Net with a rectified linear activation
function (ReLU).

III. METHODOLOGY

The methodology used in the work was divided into five
parts, aiming at reproducibility. The first and second parts
refer to the data used for training the neural network, the third
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and fourth parts to the architectures of the neural network and
its training. The fifth part is about the evaluation method,
followed by the metrics used for scoring, and finally the
statistical analysis used to verify a possible significant
difference between the models.

A. Dataset

The images used for training and validation of the
networks come from the Cancer Image Archive platform
(cancerimagingarchive.net). Three of the 60 thoracic CT
image sets from the 2017 AAPM Thoracic Auto-segmentation
Challenges [32]-{34] were used. Each set is a scan that
contains the entire region of a patient's chest, there was
concern that the sets chosen were from different patients,
aiming for a more generalist training.

Each thoracic volume image battery has manual contours
outlined according to the RTOG1106 guidelines. The contours
of each tone highlight some organs such as heart, lungs (left
and right), esophagus and vertebra. Each raw set of images of
the first, second and third patient have 161, 154 and 148
images, respectively.

B. Data Preprocessing

The sets of images obtained have a lot of information that
is not relevant to the network, i.e., because they are a full chest
scan, they have images without the presence of the lungs.
Therefore, in view of the large number of irrelevant images in
each set, it was necessary to remove such slices from the total
volume.

After this selection, we obtained 193 images of the first
plus second patient that were used for training and internal
validation. In addition, 71 images of the third patient were
separated for testing and network evaluation.

The second step in the grouping was to extract the GTs
from each volume, for which it was necessary to use the "3D
Slicer" software. This open source program is recommended
by the Cancer Image Archive to interpret the images in
DICOM (short for "Digital Imaging and Communications in
Medicine") format.

Since the objective of the work is to analyze only the
segmentation of the lungs. The other contours of the heart,
esophagus and vertebra were removed, thus obtaining only the
unified and binarized GTs of the lungs.

The images obtained have, by default, 512 x 512 pixels,
however, such dimension includes other elements that are not
important for the network, such as the table where the person
lies down to perform the exam. Therefore, it was necessary to
crop the images to remove such elements, resulting in new
images with varied dimensions and specified in Fig. 3.

After the cropping, the images were resized to the standard
format (512 x 512). It is worth mentioning that the images
were extracted in TIF (Tagged Image File) format, aiming for
greater compatibility with the Python language and libraries.
Besides this change, the resolution of the images was reduced
from 32 bits to 8 bits.

Subsequently, the images were imported and interpreted
as a list of matrices. Each element of the matrix, which
corresponds to the pixels, went through a normalization
process from the maximum and minimum pixel values. After
normalization, a list of pixel matrices ranging from 0 to 1 was
obtained from both the input images and the GTs.

E. Stefanato, V. Oliveira, C. Pinheiro, R. Barroso and A. Meneses,

“Segmentation of Lung Tomographic Images Using U-Net”,

Latin-American Journal of Computing (LAJC), vol. 10, no. 2, 2023.

/—| Training Set (1st patient + 2nd patient) li

\

Saved models v1
Saved models v2

g

Fig. 3. Samples of the input images and their respective GTs, taken from
the first, second and third patient sets with dimensions equal to (387 x 313),
(387 x 387) and (428 x 336), respectively. The training images feed the
models that after being saved are loaded with new test images.

C. Network Architecture

With the images properly formatted, the next step was to
build the U-Nets models. Taking into account the impact that
the number of levels can have on the final performance, two
network configurations were implemented (vl and v2),
respectively with 5 and 7 levels, see Fig. 1 and Fig. 2.

The convolution layers are two-dimensional, followed by
max-pooling layers. ReLU [35] is the activation function
inherent to the process. The dropout is used to avoid
overfitting, while the concatenation layers illustrate the skip-
connection action [26], [15].

Training a CNN for segmentation or classification can be
summarized as minimizing the loss function. To complement
this learning process, the Adam optimizer was used. After the
architecture design was finalized, training methods were
assigned to the network function.

D. Network Training

One of the techniques used to generalize the input data is
"Data Augmentation", which generates new images coming

from the input images from different perspectives. Data
Augmentation was used to generate input images and their
respective GTs horizontally inverted, doubling the amount of
images during training.

In view of the investigative study of BSs in the training
stage, the callbacks "ReduceLRonPlateaus" and
"EarlyStopping" from the Keras library were used. The
purpose of this is to establish a common iteration for all
models, allowing comparison of BSs.

The callbacks are used by DNN during training, and are a
compilation of functions for monitoring the internal states and
statistical results of the model [26], [36]. “EarlyStopping” is
responsible for terminating the DNN training if the model
does not show a decrease in the validation group error after a
specific number of epochs, such number is called "patience".

During the training process, if there is no decrease in error
for a "patience", "ReduceLRonPlateau" reduces the U-Net
learning rate. This method is used to avoid a local optima and
find the global optima.

To study the impact of BSs on network progress, the two
architectures were trained with three different BSs; 4, 8 and
16. The analysis of the number of epochs was done by
studying network performance according to loss.

“EarlyStopping” is a good way to establish the number of
epochs a network needs. Through a series of preliminary tests,
a number of epochs equal to 80 was empirically estimated for
all models. Then, 10 trainings were done for each BS, that is,
30 models of each version of the neural network (vl and v2),
totaling 60 trained models.

E. Evaluation

To evaluate the performance of networks, it is necessary
to have a number of models capable of covering various
training scenarios. Therefore each net configuration was
trained 10 times with random starts. This approach allows the
models to be analyzed with a high degree of generalization
and reproducibility.

This method consists of training the net with all training
samples, for internal validation of the network. One of the sets
(the testing set) is separated to test the model after training.
The segmented images from the test set are separated and
evaluated later.

In this sense, the set of two patients was divided into 80%
of the images for training and 20% for internal validation of
the network. The images from the third patient was used in the
testing stage, where the performance data was collected based
on the metrics established in the work.

Such a method is ideal for cases where there is little data,
because the model error was calculated for each sample,
obtaining a final average of the test volume and reducing the
computational cost.

F. Dice Similarity Coefficient

There are several metrics to evaluate and validate DNN
models. Generally, each metric can be applied in different
situations, but there are certain fields where its use best
matches the performance of the neural network, delivering
higher reliability.
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The Dice Similarity Coefficient (DSC) is a metric that
analyzes the similarity between two samples [37]. DSC is
commonly used in biomedical image analysis. It can be
defined as the ratio of twice the area of overlap between
segmentations and GTs by the total number of pixels [22].

The DSC is identical to the F1 Score [38] and has its
mathematical representation described in (1). Where [
represents the cardinality of sets A and B.

2|ANB|

DSC =
|Al+[B]

(M

In other words, the DSC is a measure that quantifies the
degree of similarity between the segmented image obtained by
the model and the reference image (GT) during the supervised
training or testing step. The DSC for each image can vary
between 0 (no overlap) and 1 (complete overlap).

G. Statistical Analysis

After the trainings, each model went through the testing
step with the third patient data. After segmentation, the DSC
of such a set was calculated. The scores were organized
according to the network version and BS, so the comparison
was made between BSs per model version.

To check for a possible statistically significant difference
between BSs, the Kruskall-Wallis test [39] was used on the 6
groups of data, see Table 1. The p-value shows whether or not
the null hypothesis shall be rejected for values above or below
5%. In this case, the null hypothesis is that there is no
statistically significant difference between the groups if the p-
value is less than the 0.05 threshold.

If there is statistically significant differences, Dunn's test
[40] shall be used. Dunn's test aims to find which pairs of
groups, within each version of the model, have a significant
difference.

IV. RESULTS AND DISCUSSIONS

As described in the methodology, 60 DNNs were trained
and the models were saved to receive the test images. Table 1
shows the scores of the v1 and v2 models with 10 runs for each
BS. The bottom of Table 1 displays the mean, standard
deviation, and the maximum and minimum value for each
column.

From the preview results, it can be seen that all models
obtained a performance above 90%, except for one of the v2
models with BS equal to 8. Such results reinforce the positive
deliberations about U-Net.

A. Statistical Analysis of The Models

From these data, the Kruskal-Wallis test was applied, and
the null hypothesis can be accepted, since the p-value was less
than 5% (p-value < 0.05). The boxplots in Fig. 4, 5 and 6 show
a trend towards higher DSCs for BSs equal to 16. This
observation also occurs in Dunn's test, as described later.

Using larger batches allows the training time to be
reduced. Dong et al. [18] used 35 thoracic CT sets to train the
network, for these cases, not taking advantage of parallel
processing can make training slow and error prone.

In [41]{43], the authors used different methods to
determine the training parameters, either through prior
knowledge or experimental testing. The choice of parameters
such as BS may be little debated, however, the statistical study
of these parameters allows training to be optimized with
greater reliability and reproducibility.

Kandel and Castelli [44] show a high correlation between
BS and learning rate. According to the authors, large BSs
perform better for large learning rates. Such a correlation can
be tested in future work by bringing a statistical study on such
parameters.
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TABLE L. DSC VALUES FROM THE TEST WITH MODELS V1 AND V2
Executions® Model v1 Model v2
Batch size 4 Batch size 8 Batch size 16 Batch size 4 Batch size 8 Batch size 16
0 0.951 0.957 0.918 0.952 0.959 0.963
1 0.960 0.958 0.955 0.955 0.957 0.964
2 0.960 0.957 0.969 0.958 0.956 0.965
3 0.950 0.960 0.975 0.953 0.950 0.964
4 0.960 0.937 0.975 0.959 0.864 0.969
5 0.950 0.958 0.954 0.959 0.957 0.957
6 0.952 0.958 0.963 0.965 0.958 0.958
7 0.956 0.957 0.971 0.959 0.962 0.961
8 0.958 0.960 0.965 0.956 0.952 0.962
9 0.962 0.963 0.976 0.957 0.955 0.947
Mean 0.956 0.956 0.962 0.957 0.947 0.961
Standard Deviation 0.004 0.007 0.017 0.017 0.017 0.017
Median 0.957 0.958 0.967 0.957 0.957 0.963
Maximum 0.962 0.963 0.976 0.965 0.962 0.969
Minimum 0.950 0.937 0918 0.952 0.864 0.947
2 Running the tests, each index represents a test and its score from the model with the third patient images.
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Fig. 5. Boxplot representing the distributions of model v1, it contains the
comparison between all batch sizes. The p-value is in the lower left corner.
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Fig. 6. Boxplot representing the distributions of model v2, it contains the
comparison between all batch sizes. The p-value is in the lower left corner.

Regarding separately, each model in Fig. 5 and 6, only v2
has a statistically significant difference between the BSs (p-
value = 0.026). The isolated results of vl also tend to be
different, but it is not conclusive (p-value = 0.076). Fig. 7
shows Dunn'’s test results for each model, highlighting BS 16,
the main group responsible for the statistical divergences (p-
value = 0.027).

The larger BS was favored with the increase of levels in
the v2 model. However, regardless of the model, it is observed
that the BS 16 is more likely to obtain better results and be
applied in future works.

B. Practical Segmentation Analysis

The comparison in Fig. 8a allows exemplifying the origin
of most of the losses in the metric, which is mostly located in
the lower regions of the tone, such location is highlighted in
red. This makes the stereology of the segmented lung volume
different from the real one dictated by the GTs, i.e., a loss of
white pixels in the segmented images.

The segmented lung volume, Fig. 8b (2), respects the
shape of the organ, even with the small differences. Analyzing
the volumes, one can see some irregularities on the surface of
the segmented lung, a characteristic not found in the real
volume, see Fig. 8b (1). In some biomedical applications, the
small amount of samples leads to low data volume. The
trained models were successful in segmenting the images,
even with the use of 2 of the original 60 data sets.

Model v2

Model v1

0.12

BS 4
BS 4

0.46

BS 8
BS 8

0.087 0.21 0.12  0.027

BS 16

BS 16

BS 4 BS8 BSI16 BS 4 BS8 BS16

Fig. 7. Heatmap containing the results of the paired Dunn test for models
v1 and v2. It shows which pairs have a statistically significant difference.
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Fig. 8. (a) comparative examples of segmentation done by the model (v2) with batch size equal to 16 and (b) lung volumes from the third patient, the upper
one (1) coming from the GTs and the lower one (2) from the segmentations of the model used in (a).

V. CONCLUSIONS
From the results, it was possible to establish some aspects

regarding the variability of U-Net. BS has a significant impact
for model v2. The vl model, despite not reaching statistical
criteria, showed similar behavior to the v2 model. Increasing
the levels slightly improved the results, raising hypotheses for
future work involving networks with different levels. This
perspective can be evaluated with other network parameters.

Although adding levels has achieved a performance gain

that is sensitive to statistical tests, there are other ways to
achieve considerable gains. New architectures, such as 3D U-
Net [16], U-Net++ [45], U-Net 3+ [46] and ELU-Net [47],
present a substantial gain through other non-trivial
modifications and could be applied in future work.

According to the analyses, BSs equal to 16 provided better

results while reducing training time due to parallel processing.
Thus, BSs equal to 16 are suitable for future biomedical
research, and can be increased as the number of images for
training increases.

However, it is hoped to investigate the BS in combination

with other parameters and features of the model, such as the
learning rate or network levels. In [44] the authors showed the
correlation between these parameters, but between different
learning optimizers.
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(2]
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