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ung diseases diagnosis, specifically the pres-

ence of lung tumors, is usually performed

with the support of radiological techniques.
Computed tomography is the most widely used imaging
technigue to confirm the presence of this disease. When
several researchers require identifying the morphology
of these tumors, they deal problems related to the poor
delimitation of the borders associated with the anatomi-
cal structures that compound the lung, Poisson noise, the
streak artifact and the non-homogeneity of gray levels
that define each object in the chest images. In this paper,
a methodology has been presented to identify in which
stage (staging) the mentioned tumors are. For this, first,
anisotropic diffusion filter and magnitude of the gradi-
ent filter are used in order to address the aforementioned
problems. Second, a smart operator and the level set algo-
rithm are used to segment lung tumors. Finally, consider-
ing these segmentations, a set of geometric descriptors
is obtained, and it allows staging of such tumors to be
precisely established, generating results that are in high
correspondence with the reference data, linked to the
analyzed tagged images.

Keywords: Computerized tomography, lung tumors,
segmentation, geometric descriptors.

| diagnostico de enfermedades del pulmén,

especificamente la presencia de tumores

pulmonares, suele efectuarse con el apoyo
de técnicas radiolégicas. La tomografia computarizada es
la técnica imagenoldgica mas utilizada para confirmar la
presencia de esta enfermedad. Cuando diversos investi-
gadores desean generar la morfologia de esos tumores
se enfrentan a problemas relativos a la pobre delimitacién
de las fronteras asociadas con las estructuras anatomicas
gue conforman el pulmon, el ruido poisoniano, el arte-
facto tipo escalera y la no-homogeneidad de los niveles
de gris que definen cada objeto en las imagenes de t6-
rax. En el presente articulo, se presenta una metodolo-
gia para identificar en cual estadio (estadificacion) se en-
cuentran los mencionados tumores. Para ello, en primer
lugar, los filtros de difusién anisotrépica con curvatura y
magnitud del gradiente son utilizados a fin de abordar los
mencionados problemas. En segundo lugar, un operador
inteligente y el algoritmo denominado conjuntos de nivel
son utilizados para segmentar los tumores pulmonares.
Finalmente, considerando estas segmentaciones se obtie-
ne un conjunto de descriptores geométricos que permite
establecer con precision la estadificacion de tales tumores,
generando resultados que estan en alta correspondencia
con los datos de referencia, vinculados con las imagenes
etiquetadas analizadas.

Palabras clave: Tomografia computarizada, tumores pul-
monares, segmentacion, descriptores geométricos.
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he diagnosis of lung diseases, specifically the

presence of lung tumors, is usually carried

out with the support of imaging techniques,
among which the computed tomography currently used
in the diagnosis, staging, prognosis and evaluation of
therapeutic results in lung cancer stands out. This is due
to the high spatial and / or contrast resolution typical of
this technique’.

When various researchers want to generate the morphol-
ogy of these tumors, they face problems such as: poor
delimitation of the borders associated with the anatomi-
cal lung structures, poison noise is characterized by being
dependent on the intensity of each voxel in the image, as
well as the voxel of higher intensity are at risk of being
more affected by noise?, ladder-type artifact, the possible
causes of this artifact are due to inadequate collimation
management and errors in reconstruction® and non-ho-
mogeneity of levels of gray that define each object in the
chest images*.

Lung cancer represents one of the leading causes of death
in the world. 85% of cases of this type of cancer corre-
spond to non-small cells and 15% to small cells. Hoyos et
al.®, presents a synthesis of the classification of the most
frequent epithelial lung tumors®.

In this classification, 6 major categories of pathologies are
presented. However, in general, all of them can be classi-
fied as lung tumors. Additionally, the seventh edition of the
system based on the descriptors Tumor-Nodules-Metastasis
(TNM system), for staging lung cancer was established on a
retrospective analysis of a large database (81,495 patients)
collected by the International Association for the Study of
Lung Cancer (IASLC) and analyzed by cancer research and
biostatistics (CRAB), a non-profit organization which goal
is to prevent and cure cancer®. In the TNM system, the de-
scriptor or stage T refers to the characteristics of the pri-
mary tumor, N to regional lymph node involvement and M
to intra and extra-thoracic metastases.

This retrospective analysis had its limitations, so the IASLC
proposed in 1999 a new international prospective data-
base for the study of the staging and prognostic factors
of lung cancer that ended in 2010 and which has served
to prepare the eighth edition of the TNM classification
of lung cancer. In this new database from 16 countries
94,708 patients with lung cancer were initially registered
and, after the exclusions made by the CRAB, only 77,156
patients were finally studied, of whom 70,967 had non-
small cell lung cancer (NSCLC) and 6,189 had small cell
lung cancer (CPCP)".

In this article, a methodology to identify the stage of these
tumors is presented. In this sense, first, anisotropic dif-
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fusion filter, based on curvature, and magnitude of the
gradient filter were used in order to address the afore-
mentioned problems. Secondly, the Hough transform and
the level sets algorithm are used to segment lung tumors
and, from them, geometric descriptors are obtained to es-
tablish the tumors staging.

Data Source

Table 1 shows the characteristics of the multislice com-
puted tomography (MSCT) databases (DB), considered in
this work, which are composed of chest images contain-
ing squamous cell lung tumors.

Additionally, we have the manual segmentations or
ground truth, carried out by a clinical expert, which will
serve as a reference to develop the tuning process of the
parameters that operationally control all the techniques
involved in the proposed strategy.

Table 1. Numerical characteristics of the computed tomog-
raphy images.

DB dimensions Voxel(s;s;tsi?l size Pa(t}i/eer;trsA)ge
DB1 | 512x512x129 0.977x0.977x3 81
DB2 | 512x512x104 0.977x0.977x3 78
DB3 | 512x512x136 0.977x0.977x3 87

Computational strategy proposed

Using figure 1, a schematic diagram is presented. In this fig-
ure, it is synthesized the computational algorithms that make
up the proposed methodology for staging lung tumors.

Figure 1. Block diagram of the computational
strategy proposed.
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Geometric
descriptors

Curvature-based anisotropic diffusion filter.

This type of filter is iterative, it has a solid mathematical
foundation and was developed by Alvarez et al®. In gen-
eral, the curvature anisotropic diffusion filter incorporates,
in a hybrid way, a parabolic nonlinear differential equa-
tion, level sets and elements of the diffusion models of
Witkin®, Koenderink' and Perona-Malik'".

Furthermore, anisotropic diffusion is characterized by per-
forming effectively against the noise problem that exhibits
medical images and, additionally, this filter has 3 param-
eters that control its operation. They are number of itera-
tions (iter), time base (t) and diffusion threshold (k)'2.

Gradient Magnitude Filter

The gradient magnitude filter generates a smoothed ver-
sion of the anisotropic diffusion image based on the cal-
culation of the magnitude of the three-dimensional gra-
dient of such image, using a given mathematical model
based on finite differences' .




Variational Algorithm

Algorithm Initialization

The generalized Hough transform (GHT) is an algorithm
for detecting the centroid of objects, with an arbitrary
shape, in an image considering the training and detection
stages. In training, a prototype is extracted from a previ-
ously selected image.

Figure 2 it is used to present an example of a prototype
in which certain geometric elements have been incorpo-
rated, which are identified below: a) (xc, yc): centroid of
the prototype. b) (x, y): arbitrarily chosen contour point. c)
r: radial distance between the centroid and the arbitrary
point. d) a: angle that r forms with the horizontal line (line
drawn in green). e) B: angle formed by the horizontal with
a line tangent to the arbitrary point (line drawn in blue). 6
represents the direction of the gradient*,

Figure 2. Representation of a prototype used to

describe GHT.
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On the other hand, in the detection stage, the parameters
of Table-R are considered to automatically identify the
centroid of the structure to be detected, in images other
than the one used during training.

In this article, GHT is used to obtain the coordinates of the
seed voxel required by the level sets (LS) to initiate tumor
segmentation.

Level sets technique (LS)

LS are iterative methods that allow controlling the evolu-
tion of snake-like active contour models for the segmen-
tation of objects present in an image, for example, the
tumors present in the DB described'™.

The aforementioned evolution is controlled by a differen-
tial equation that depends on 2 parameters: curvature (a)
and smoothness (B)*. From the seed voxel, an iso-sphere
evolves iteratively considering a and B parameters until
the iterations of the level set, reaches a value equal to
512, that is, the size of the horizontal image dimension
(see table 1).

Additionally, in this work, the geometric descriptors of the
segmented tumors coincide with their: perimeter (Pe), area
(Ar) and diameter (Di). They allow precisely establishing the
stage in which such tumors are classified, according to the
criteria established'®, which are presented using table 2.

Table 2. Ranges to determine the stage in which a lung tu-

mor is classified, considering the descriptors Di, Pe and Ar.

Stage | | Stagelll Stage lll | Stage IV

Diameter (cm) 5t07 11 to 21 21t042 | 21to42
Perimeter (px) 18to 25 | 2510 38 38t080 |80to 177
Area (px) 0to57 |[57to100| 100 to 352 1446

Dice Coefficient

The Dice coefficient is a metric to evaluate the corre-
spondence between the results of two procedures. In this
paper, the Ds let us compare the manual and automatic
segmentation of lung tumors. The expected values for the
Dice score (Ds) are real numbers between 0 and 1. The
main rule using Ds is: the performance of a particular pro-
cedure is better if its score is closer to 1.

Qualitative results

Figure 3 presents axial views showing the effect of ap-
plying both the filters and the GHT and LS to the original
images that make up the all DB described.

a) b) o) d)

Figure 3. Axial view of tumors in the image: a) Original.
b) Anisotropic diffusion. c) Magnitude of the gradient. d)
Segmented with LS.

In this figure, we can appreciate a good edges defini-
tion which was an important step for faciliting the tu-
mor segmentation process. In addition, figure 4 shows
an excellent 3D representation about the 3 segmentated
lung tumors.

a) b) 0

Figure 4. Three dimensional images about lung tumors in:
a) DB1. b) DB2. ¢) DB3.



www.revhipertension.com

Revista Latinoamericana de Hipertension. Vol. 15 - N° 3, 2020

Quantitative results

It is important to note that the parameters that control
the performance of the entire strategy were adjusted by
means of cross validation'®, considering the comparison
between ground truth and automatic segmentations
which was assessed using the Dice coefficient (Ds) as a
metric. In this sense, the optimal values reported in this
section correspond to the maximum value obtained for
the Ds, which was 0.9081.

Table 3 shows the results related to the tuning process
about the parameters that, in this research, control the
performance of the techniques that make up the meth-
odology proposed.

Table 3. Optimal parameters derived from the intonation
process of the proposed methodology.

Anisotropic diffussion Level set
Technique
iter t k a B
Parameter 3 0.0625 10 0.15 | 0.1

Table 4 shows the values of the geometric descriptors and
the stage established for segmented tumors.

Table 4. Staging of segmented tumors.

Pe (px) Ar(px) Di (cm) Stage
DB1 27.68 55.12 10.52 Il
DB2 54.90 123.86 14.97 I
DB3 24.07 44.41 6.73 |

According to the values obtained for the descriptors,
showed in the previous table, the patients present tu-
mors that go from the first to the third stage. This implies
the adoption of different therapeutic, clinical or surgical
protocols when planning, establishing or deciding on the
most appropriate procedure to improve the health of pa-
tients suffering from the consequences of having these
tumors lodged in their lungs.

n automatic methodology for the seg-
mentation and staging of lung tumors
has been presented. In it, the filter
bank was used to minimize the problems associated with
MSCT images.

Using the automatically generated segmentations, certain
geometric descriptors were calculated, accurately and ef-
ficiently, which are useful to establish the stage in which
each of the segmented tumors is.

The information derived from the aforementioned de-
scriptors is of vital importance to define the clinical or sur-
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