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A comprehensive study of a similarity criterion in cardiac
computerized tomography images enhancement
Estudio de un criterio de similaridad en la mejora de imágenes cardiacas de tomografía
computarizada
Authors: Double-blind review
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ABSTRACT: This research focuses on the study of a particular filter based on a similarity criterion that
has been applied to improve the information contained in images acquired using different cardiac imaging
modalities. The primary attention of this study is to examine which component of the similarity criterion
generates more relevant information useful to increase the medical image quality. In this sense, four case
studies are established, first a complete formulation of the similarity criterion is considered, and then three
additional cases, representing each component of the criterion; such cases are referred to as full, main,
residual1, and residual2, respectively. A score function is used for quantifying and then assessing the impact
of each component of the similarity criterion. Such measure is a relation between some full–reference and
blind–reference image enhancement measures. A computer generated phantom and a representative clinical
dataset (1270 three–dimensional images from 126 patients) are used in a thorough evaluation of the similarity
criterion. In general terms of performance of the image enhancement technique, the results of the study
reveal that the component residual1 outperforms than the other two components of similarity criterion or its
complete formulation.

RESUMEN: Este trabajo se focaliza en el estudio de un filtro particular basado en un criterio de similaridad
que se ha aplicado para realzar la información contenida en las imágenes adquiridas bajo diferentes modalidades
de imagenología cardiaca. La atención principal de este estudio es examinar qué componente del criterio de
similaridad genera información más relevante, útil para para aumentar la calidad de la imagen médica. En este
sentido, se establecen cuatro estudios de caso, primero se considera una formulación completa del criterio de
similaridad, y luego tres casos adicionales relacionados cada uno con cada componente del criterio, dichos casos
se denominan full, main, residual1, y residual2, respectivamente. Para el estudio, se considera la utilización
de una función de puntuación para cuantificar y posteriormente evaluar el impacto de cada componente del
criterio de similaridad. Dicha medida es una relación entre algunas medidas de mejora de imagen de referencia
completa y otras de referencia ciega. Un phanthom generado por computadora y un conjunto de datos clínicos
representativos, 1270 imágenes tridimensionales de 126 pacientes, se utilizan en una evaluación exhaustiva
del criterio de similaridad. En términos generales de rendimiento de la técnica de mejora de la imagen, los
resultados del estudio revelan que la componente residual1 supera a las otras dos componentes del criterio o a
su formulación completa.

1. Introduction

Image–processing systems require computational pro-
cedures that allow enhancing the relevant information
of the digital scene while attenuating the unwanted
information [1]. These procedures also demand large
repositories of information because the enhanced scene
is obtained by means a transformation of the original
image [2]. The processed image is at least the same size
of the original [3]. Image enhancement techniques [4],
mainly focus on enhancing the edges present in the
images, while the information inside and outside the
objects is homogenized [5].

Since its introduction in the clinical context as a medi-
cal imaging modality, the computed tomography (CT)
has beneficially impacted on description of complex
diseases [6]. Multislice computerized tomography con-
stitutes the most important technological advance of
the CT with electrocardiogram gating [7, 8]. This tech-
nology allows obtaining information about the dynam-
ical morpho–physiopathology of organs including the
heart [9].

In the clinical context, the clinicians explore the im-
ages following the traditional method, these images are
previously processed using a technique of enhancement
developed for improving the image appearance and its
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visual quality. Nevertheless, the diagnosis generated
by each clinician after exploration may be different due
to variability between individual interpretations. This
is a critical clinical aspect affecting results since there
is an increase in the subjectivity of the diagnosis.. A
decrease in variability can be achieved by applying ro-
bust image quality enhancement methods that do not
give a wide freedom of visual interpretation.

1.1 Related work
A generalized unsharp masking algorithm is proposed
to improve the contrast and sharpness of the im-
ages [10]. The algorithm simultaneously enhances con-
trast and sharpness, it considers an edge-preserving
filter in order to reduce the halo effect, and it uses
the log–ratio and tangent operations for optimizing
the out–of–range problem. The experimental results
show that the contrast and sharpness of the images
improve significantly with respect to results previously
reported.

The Type II fuzzy set theory has been used for en-
hancing the contrast of medical images [11]. The au-
thor proposes a new membership function based on
Hamacher T Co norm in order to establish the fuzzi-
ness. The proposed uncertainty in the membership
function of fuzzy set applied to original image cor-
responds to the enhanced image. This enhancement
scheme exploits a lot of uncertainties of the medical
images through the fuzziness in the membership func-
tion. The results show that the Type II fuzzy set may
be a good tool for medical image analysis.

An improved version of the single–scale Retinex algo-
rithm is developed in order to enhance the low contrast
of CT medical images [12]. This version incorporated a
scheme for tuning the standard single–scale Retinex in
order to improve its enhancement ability. The synthet-
ically and naturally degraded low–contrast CT images
are used to test the algorithm. Two quality evalua-
tion metrics (SSIM and UIQI) are considered for ver-
ifying the performance of the technique. A contrast
improvement and an increasing in the visual quality of
the processed images are obtained.

An optimum wavelet based masking algorithm is pro-
posed to improve the contrast of medical images [13].
The scale value of the masking algorithm is dynami-
cally selected using the enhanced cuckoo search proce-
dure which considers the adaptive crossover and mu-
tation genetic operators in order to adjust, automat-
ically, the ratio of nest rebuilding. Brain Web and
MIAS database images are used for validating quanti-
tatively this contrast enhancement approach. The ob-
tained results are improved results as compared with
other reported literature.

The divide–and–conquer strategy is used in order to
decompose the original image into four subspaces. The
representation for each subspace is then enhanced in-
dividually using the technique of gradient distribution
specification. The enhanced image is finally obtained
by reconstruction of the four subspace by means the
weighted fusion. The results revealed the favorability
of the adopted enhancement scheme [14].

Genetic algorithms have been used to design a enhance-
ment method for medical images [15]. The method is
applied to gray level images whose frequency distri-
bution is nearly bimodal. The two underlying sub-
distributions are strengthened by means of the evo-
lution of the fitness function. The robustness of the
method is shown in terms of image quality.

1.2 Purpose
This work focuses on the study of a particular im-
age enhancement technique based on a similarity crite-
rion [16], which has been applied to the enhancement
of information contained in images acquired using dif-
ferent cardiac imaging modalities [17–22].

The works that previously reported the use of the
similarity–based enhancement technique [17–22] focus
on showing the technique as a skillful tool for improving
the information associated with medical images. Thus
far, no research has been reported about an exhaustive
analysis of the similarity criterion. A comprehensive
study focuses on three main directions:

1. To analyze the filter behavior in minimizing the
impact of noise and artifacts of cardiac computed
tomography images using the computer generated
phantom as a dataset.

2. To optimize the filter configuration in terms of the
neighborhood shape required for its application.

3. To determine whether the complete filter formula-
tion used so far corresponds to the best formula-
tion against the new formulations defined by each
component of the filter separately.

In this sense, the main contribution of this paper is
a comprehensive analysis of the similarity–based en-
hancement technique that allows us to deepen in the
knowledge about how this approach improving the
medical images. This analysis will allow us to deter-
mine which component of the criterion has the greater
impact on image enhancement and, additionally, will
explain which the neighborhood space where such com-
ponents will be optimally computed.

The paper is organized as follows. Section 2 provides
the proposed methodology, the criterion components
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and the neighborhood space to be analyzed, and our
proposed procedure for analyzing the similarity–based
image enhancement technique. The results are pre-
sented in Section 3. After, in Section 4, we present the
qualitative and quantitative discussion of the results.
Finally, we conclude this paper in Section 5.

2. Methods

The process in which the fulfillment of the proposed
purpose is structured considers three key stages of de-
velopment, these being the definition of the similar-
ity criterion components, the neighborhood space con-
struction, and the image enhancement technique as-
sessment.

2.1 Similarity–based image enhancement tech-
nique

The similarity enhancement is based on merging of two
preprocessed versions of an original image according to
a similarity criterion. In the number of studies refer-
enced above [17–22], one of the preprocessed images
provides an evenly illuminated image that highlights
the darkest areas of the original image, while the other
preprocessed image corresponds with a smoothed ver-
sion of the original. In all cases, one image is a high
pass filtered image (IHPF) and the second is a low pass
filtered image (ILPF).

The first application of this filter is focused on exploit-
ing the functional relationship between the original
bi–dimensional X–ray cardiac image and its smoothed
version [17]. After, the filter is applied to slices of
the CT cardiac images in order to measure the dif-
ference between the gray–level values of the mathe-
matical morphology filtered image and the Gaussian
smoothed image aiming at performing the smoothing
and enhancement of left ventricular cardiac cavity in-
formation [18, 19]. Finally, [20], [21] and [22] proposed
an extended version of the similarity enhancement fil-
ter in which the smoothing and morphological filters
are applied in (three–dimensional) 3–D space as well
as the similarity criterion.

The similarity criterion, equation (1), corresponds to
an unweighted sum of squares of the differences of the
intensities of certain image elements (pixels or vox-
els, for 2–D or 3–D images, respectively) in the IHPF

and ILPF. This merging process is performed in a
well–defined cross–shaped neighborhood. The result
of merging the IHPF and ILPF images based on equa-
tion (1) corresponds to an image (ISEF) with enhanced
edges and smoothed uniform regions, which is consid-

ered a precise edge map.

ISEF =

n∑
i=1

[
(a0 − ai)

2 + (a0 − bi)
2 + (b0 − ai)

2
]

(1)

in which the variables a0 and b0 represent image el-
ements (in this work they are voxels) a0 corresponds
with a voxel of the IHPF image meanwhile b0 is a voxel
of the ILPF image. These voxels are the central el-
ements of the cross–shaped neighborhoods located in
the images to be merged, both neighborhoods are in
correspondence in both images, and their location also
defines the current voxel in the ISEF to be generated
by means the merging process. n is the number of
neighbors voxels that in the cross shaped neighborhood
varies from 1 to 6. The n–neighbors of a0 and b0 are
denoted, respectively, ai and bi with i = 1, . . . , n.

In general, if the similarity criterion is considered the
kernel of a medical imaging enhancement filter, which
aims to establish how similar the input images are,
considering a local analysis on a neighborhood that
takes into account all direct neighbors to the current
pixel/voxel, and whereas the similarity enhancement
normally has been used as a preprocessing step for im-
age segmentation based on clustering techniques, the
underlying interest of this research is to analyze the
impact of each component of the similarity criterion
on the medical image enhancement.

In order to examine which component of the criterion
has the greater impact on image enhancement, it is
very important to define the criterion components to
be analyzed and the neighborhood space where such
components will be computed.

2.2 The similarity criterion components
The similarity criterion has three components:

1. The first component is an unweighted sum of the
squares of the finite difference between the central
voxel of the high pass filtered image (a0) and each
of their neighbors (ai, ∀i = 1, . . . , n), therefore this
component will generate images of high frequency.

2. The second component involves the finite differ-
ence between the central voxel of the high pass
filtered image (a0) and the neighbors (bi, ∀i =
1, . . . , n) of the central voxel of the low pass fil-
tered image (b0). It is computed as the unweighted
sum of the squares of the differences. In this case,
both low– and high–frequency image components
are preserved.

3. The final component is obtained by calculating the
finite differences between the central voxel of the
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low–pass filtered image (b0) and the neighbors (ai,
∀i = 1, . . . , n) of the central voxel of the high–pass
filtered image (a0). It is also finally calculated as
the unweighted sum of the squares of the differ-
ence.

Four study cases are established. As the similarity cri-
terion is formulated, according to equation (1), to give
greater relevance to the high frequency image (IHPF),
the first component (case 1) is now considered the main
component of the criterion (hereinafter referred to as
the main component and it is labeled with superscript
m). Cases 2 and 3 are aimed at merging the informa-
tion of the high and low frequency images; we consider
that these components are associated to portion of in-
formation not explained by the complete formulation
of the similarity criterion. These two components are
examined as residual components (hereinafter referred
to as residual1 and residual2, and they are labeled
with superscripts r1 and r2, respectively). Case 4 cor-
responds with the complete formulation of the similar-
ity criterion (hereinafter referred to as full and it is
labeled with superscript f). Table 1 summarizes the
case studies.

Table 1 Case studies.

Case Similarity criterion

1 ImSEF =

n∑
i=1

[
(a0 − ai)

2
]

2 Ir
1

SEF =

n∑
i=1

[
(a0 − bi)

2
]

3 Ir
2

SEF =

n∑
i=1

[
(b0 − ai)

2
]

4 IfSEF =

n∑
i=1

[
(a0 − ai)

2 + (a0 − bi)
2 + (b0 − ai)

2
]

2.3 The filter neighborhood space
According to the definition of the similarity criterion
(section 2.1), if a0 and b0 are the central voxels of the
cross shaped neighborhoods in IHPF and ILPF, respec-
tively, the number of neighbors to these central voxels
vary from 1 to 6. These n–neighbors of voxels are de-
noted, respectively, ai and bi with i = 1, . . . , n.
Table 2 shows the six possible configurations that the
cross–shaped neighborhood can take, if n varies be-
tween 1 and 6. For n = 6, in Table 2, the figures
correspond with a full cross shaped neighborhood. For
this configuration, in the IHPF image, a0 represents
the gray level information of the voxel at position
(i, j, k) whereas a1, a2, a3, a4, a5 and a6 represent the
gray level values of the voxels (i, j + 1, k), (i, j, k + 1),
(i, j− 1, k), (i, j, k− 1), (i+1, j, k), (i− 1, j, k), respec-
tively. Likewise, voxels in the ILPF image are denoted

with b and their respective sub–indexes represent the
same position in the neighborhood. The neighborhood
space required for analyzing our similarity enhance-
ment filter is then constructed with the configurations
shown in Table 2.

Table 2 Neighborhood space.

Number of neighbors Neighborhood
IHPF ILPF

n = 1

n = 2

n = 3

n = 4

n = 5

n = 6

2.4 Score function for image assessment
In this work, a score function previously reported [23]
is considered for obtaining a metric that allows rating
the effectiveness of each study case. This score func-
tion was designed taking into account two kinds of im-
age enhancement measures, namely full–reference and
blind–reference. The score function is constructed con-
sidering the merging of the full–-reference and blind–
-reference image enhancement measures. These mea-
sures are normalized between zero and one, and then,
they are weighted and added in order to obtain to ob-
tain an overall value that is then averaged to obtain the
value of the score. The mean, standard deviation, en-
tropy, mean squared error, mean absolute error, peak
signal-–to-–noise ratio, measure of enhancement, mea-
sure of enhancement by entropy, Michelson law mea-
sure of enhancement, Michelson law measure of en-
hancement by entropy, second–-derivative-–like mea-
sure of enhancement, structural similarity, are consid-
ered by the score function; the detailed development of
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the metric can be found at [23].

3. Results

3.1 Experiment with synthetic images
3.1.1 Objective of the experiment

The objective is to qualify by means of visual inspec-
tion, the medical image improvement for the four case
studies applied to each of six configurations of the cross
shaped neighborhood.

3.1.2 Basis

This experiment builds upon a previous work reported
in [24] which main objective was to develop an enhance-
ment scheme useful as an image processing procedure
for attenuating artifacts in MSCT sequences and im-
proving heart cavities segmentation. A methodology
useful for evaluating the intra–subject variability of
the complete approach was considered. The segmented
shapes obtained from enhanced images are compared
with respect to manual segmentations performed by a
cardiologist.

IHPF was generated using a scheme based on a mor-
phological filter applied to a smoothed version of the
original image obtained by means a combination of
a Gaussian filter and a multi–scale Gaussian filter.
Meanwhile, ILPF corresponded with a smoothed im-
age achieved by using an average filter. A volume of
the sequence analyzed (volume in diastole phase) was
used in order to set the morphological filter parame-
ters as follows. The segmentation process was applied
by varying each parameter value. For each set of pa-
rameters, a comparison between the resulting volume
and the ground truth volume traced by the cardiolo-
gist was obtained. This comparison was performed us-
ing the Dice score and both volume and surface errors.
The optimal parameters obtained using this procedure,
allow us to achieve a Dice score of 95.36%.

3.1.3 Dataset

The dataset is constructed in order to simulate the
endocardium and the left ventricle wall by means an
internal cone and an external cone, respectively. In
three–dimensional space, the computer generated car-
diac phantom is shown as two truncated cones, inner
and outer. The synthetic image size is 256× 256× 50,
and it is quantized signed to 12–bit. The dimension
of the axial plane is set to 256 × 256 because in this
two–dimensional region the left ventricle in a normal
CT cardiac scan is located. Moreover, 50 CT slices are
considered because that amount represents 20% of a

cardiac scan, which is the region size normally scanned
for the left ventricle. Fig1 shows the synthetic image.
The axial view at slice 25 is shown in Fig1.a meanwhile
Fig1.b shows the coronals views at planes 141 and 182
respectively.

(a) (b)

Figure 1 Synthetic data. (a) Axial view. (b) Coronals
views.

The image is corrupted with noise using the algorithm
proposed in [25]. Theoretically, the noise in CT is di-
rectly related to the number of detected X–ray pho-
tons. These photons could be modeled using a Pois-
son distribution [26]. Additionally, we incorporate the
main artifacts in heart images such as stair–step and
streaks. Stair–step is the artifact caused by wrong se-
lection of the trigger phase or overlapping of recon-
structed sections while the streaks are formed when
hardened beams pass through heterogeneous regions
containing bone structures or contrast media [27].
The dataset constructed with the characteristics indi-
cated above is preprocessed separately with the filters
described in the section 3.1.2 for obtaining the images
IHPF and ILPF required by the similarity enhancement
technique in this experiment.

3.1.4 Description of the experiment

The idea is to process the images IHPF and ILPF for
each of the study cases described in Table 1, and each
case is applied considering each of the configurations
the cross shaped neighborhoods in IHPF and ILPF de-
scribed in Table 2. The twenty–four images, thus ob-
tained, are then visually inspected in order to assess the
improvement obtained by each combination of cases–
neighborhood space.

3.1.5 Results

Fig2 shows the twenty–four images generated from the
each combination of cases-neighborhood space. Fig2
can be explored as a matrix with the following char-
acteristics, each column represents each case main,
residual1, residual2 or full, while each row repre-
sents a neighborhood space. The first row represents
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the neighborhood space for n = 1, the other rows for
n = 2, 3, 4, 5, 6. Through the visual inspection of im-
ages in Fig2, it has been demonstrated the effectiveness
of the similarity enhancement filter in improving the
quality of images corrupted with noise and artifacts.
The improvement is specifically obtained for cases 2–4
(residual1, residual2 and full) which correspond to
the images shown in columns 2, 3 and 4 of the Fig2. In
column 1 of the Fig2, the results associated with case 1
(main) can be observed, in this case, the filter behaves
as an edge detector

3.2 Experiment with real images
3.2.1 Objective of the experiment

The objective is to quantify the score function for each
case of the similarity criterion (Table 1) and for each
element of the neighborhood space (Table 2).

3.2.2 Basis

Two strategies of the similarity enhancement are imple-
mented using clinical data. The first strategy considers
that the MSCT sequences are processed using the fil-
ters, high–pass and low–pass, used in the previous ex-
periment [24]. This strategy is referred to hereinafter
as S1.

The second strategy (hereinafter referred to as S2) con-
siders that IHPF is obtained using an edge detector
based on gradient magnitude [28] and the original vol-
ume is considered as ILPF.

3.2.3 Dataset

We consider two clinical dataset. A first dataset used in
this study was obtained as sequences 4–D (3–D + time)
of cardiac images acquired with a scanner (LightSpeed
VCT General Electric Medical System). Each database
consists of 20 volumes representing anatomical infor-
mation for a complete cardiac cycle for a patient. The
spatial resolution of each volume is (512 × 512 × 326)
voxels. In all volumes, the slices have isotropic reso-
lution voxels with a pixels size of 0.488 mm and the
slice thickness is the 0.625 mm. Each volume voxel is
quantized to 12 bits.

The second dataset corresponds with 4–D cardiac
images sequences acquired using a MSCT scanner
(Philips Brilliance 64 Host–10236). Each sequence con-
sists of 10 volumes describing the heart anatomical in-
formation for a complete cardiac cycle. The resolution
of each volume is (512× 512× 324) voxels. The spac-
ing between pixels in each slice is 0.429688 mm and
the slice thickness is 0.400024 mm. The image volume
is quantized to 12 bits per voxel. Therefore, a total of

1270 3–D MSCT images from 126 patients is used in
the experiment. Fig3 shows a MSCT image.

3.2.4 Description of the experiment

For each strategy (S1 and S2), the images IHPF and
ILPF are processed for each of the case studies and for
each of the configurations of the cross–shaped neigh-
borhoods. Forty eight images for each analyzed patient
are thus obtained. The score function is quantified for
each processed image.

3.2.5 Results

Tables 3–4 present the average values (mean ± stan-
dard deviation) for the score function for all cases and
for all neighborhoods. The score function is calculated
after enhancing of 126 clinical databases. The values in
these tables are for both enhancement strategies. Over-
all, it can be observed that the improvement obtained
by S1 strategy is of a better quality than those ob-
tained by the S2 strategy. This assertion is supported
by the fact that the average score (Table 3) is higher
for the S1 strategy than the score for the S2 strategy
(Table 4) for all cases and for all neighborhoods.

Table 3 Results of analysis of the similarity criterion for
S1 strategy.

S1

n m r
1

r
2

f

1 23.42 ± 2.66 47.42 ± 5.93 46.18 ± 6.70 46.41 ± 5.64

2 20.78 ± 2.99 48.71 ± 5.19 47.44 ± 6.15 47.67 ± 5.17

3 18.99 ± 2.38 49.56 ± 5.68 48.27 ± 6.51 48.50 ± 5.48

4 12.85 ± 2.42 52.34 ± 3.97 50.97 ± 4.48 51.22 ± 3.77

5 14.60 ± 3.01 51.57 ± 5.34 50.22 ± 5.51 50.46 ± 4.63

6 15.66 ± 2.41 51.10 ± 5.94 49.76 ± 5.96 50.03 ± 5.01

Table 4 Results of analysis of the similarity criterion for
S2 strategy.

S2

n m r
1

r
2

f

1 17.32 ± 9.74 43.71 ± 8.77 41.97 ± 9.13 42.69 ± 8.29

2 15.13 ± 7.27 44.93 ± 8.19 43.11 ± 9.19 43.85 ± 9.12

3 13.67 ± 7.43 45.68 ± 8.68 43.87 ± 9.98 44.62 ± 9.93

4 9.11 ± 2.11 48.24 ± 6.21 47.03 ± 9.33 47.12 ± 9.28

5 10.45 ± 5.19 47.53 ± 7.35 45.64 ± 9.54 46.43 ± 9.47

6 11.06 ± 5.97 47.09 ± 7.94 45.22 ± 9.96 46.03 ± 9.91

For S1 strategy from Table 3, the minimum of the
average of the score function of the three last cases
is obtained using a neighborhood of n = 1 neighbor.
These minimums are 47.42%, 46.18% and 46.41% for
the components residual1, residual2 and full, respec-
tively. The minimum for main component (case 1) is
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Figure 2 Results of the enhancement in the synthetic image. Each row corresponds to a neighborhood space. Each
image in each row is associated with each case, namely, main, residual1, residual2 or full, respectively.
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(a) (b)

Figure 3 Cardiac image. (a) Axial view. (b) Coronal view.

reached considering n = 4 neighbors and it is 12.85%.
The maximum computed using n = 4 neighbors for the
score function associated with components residual1,
residual2 and full are 52.34%, 50.97% and 51.22%, re-
spectively. The component main reached its maximum
of 23.42% considering n = 1 neighbor.

Respecting S2 strategy (Table 4), the maximum and
minimum of the average of the score function are ob-
tained for the components residual1 (case 2) and main
(case 1), respectively. Both values are attained using
a cross shaped neighborhood of n = 4 neighbors, and
they are 48.24% and 9.11%, respectively. For compo-
nent residual1 (case 2) the minimum is 43.71% and
it is computed for n = 1 neighbor. Concurrently, the
maximum value computed for case 1 is 17.32% and it
is also attained with n = 1 neighbor. Moreover, the
score function reached the maximum for components
residual2 (case 3) and full (case 4) is 47.12% and
47.03%, respectively. These values are computed con-
sidering a cross shaped neighborhood of n = 4 neigh-
bors. Meanwhile, the minimum average for both cases
(residual2 and full) is 41.97% and 42.69%, respec-
tively, and they are attained with n = 1 neighbor.

Fig4 shows the results obtained after performing the
experiment associated with the analysis of the simi-
larity criterion components for S1 strategy. In this
figure, we can observe a slice of a 3–D MSCT image
in each case and for the configuration of the neighbor-
hood space with n = 4. Each image is associated with
each case (main, residual1, residual2 or full).

Fig5 shows the results obtained after performing the
experiment associated with S2 strategy. Each image is
associated with each case (main, residual1, residual2
or full). The neighborhood space used is n = 4.

3.3 Technical implementation and run–time
A desktop with an Intel® Core™ i5–2400 CPU
(@ 3.10 GHz 3.40 GHz), 16 GB memory and Linux
operating system with kernel version 4.10.0-38-generic

(x86_64), is used for performing the experiments.
The method is codified using C++ and Visualization
ToolKit (VTK) [29]. A total of 500 lines of C++ code
was written.

For the study cases 1,2 and 3 a minimum of 1.23 s for
configuration n = 1 of the cross shaped neighborhood
is required, while a maximum of 7.38 s for configura-
tion n = 6. Meanwhile, the study case 4 requires for
running at minimum 3.69 s when the configuration of
the cross shaped neighborhood with n = 1 is consid-
ered, while a maximum of 22.16.86 s is required for
configuration n = 6. For its part, the run–time of the
procedure used for computing the score function values
is 84.85 s. The run–time is 31.42 s for computing the
MSSIM.

These run–times are quantified for the dataset whose
volumes are larger, 512× 512× 326 voxels.

4. Discussion
The analysis of the results obtained from synthetic
data by visual inspection is based on the hypothesis
that an image with sharp or enhanced edges is usu-
ally more pleasing subjectively than the original image.
When the images enhanced are displayed on a high–
resolution monitor, some qualitative criteria such as a
general quality, sharpness, contrast, and noisiness can
be evaluated. Each component of the similarity crite-
rion is analyzed according to these qualitative criteria.
Two remarks are appropriate for experiment with syn-
thetic images (section 3.1).

First, the component main behaves as an edge detec-
tor operator since this component does not improve
the subtle details present in uniform regions of the im-
age. Thus, the component main derives the spatial
structure of the image when the high frequency details
are emphasized. Second, the components residual1,
residual2 and full allow enhancing all information in
the original image. The image contrast is high, the
objects edges are sharp and there is no noisy appear-
ance. From the Fig2, it is verified that the enhance-
ment achieved using the component full generates the
wider edges.

Meanwhile, when visually inspecting the results ob-
tained from medical data, we observed that the compo-
nents of our similarity–based image enhancement tech-
nique allow us to emphasize, to sharp, and to smooth
medical image features, which facilitates the develop-
ment of a solution to the problem of the medical image
segmentation. The images of the first column of the
Fig5 show the utility of the component main to de-
tect the edges of the anatomical structures located in
a computed tomography slice of the thorax for both
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Figure 4 Results of enhancing the real images using S1 strategy. Each image is associated with each case (main,
residual1, residual2 or full) computed using n = 4 as neighborhood space configuration.

Figure 5 Results of enhancing the real images using S2 strategy. Each image is associated with each case (main,
residual1, residual2 or full) computed using n = 4 as neighborhood space configuration.

proposed strategies, S1 and S2. The remaining images
of the Fig5 show how the other components enhance
the MSCT slice.
Comparing the values of the Tables 3–4, we observe
that the score function, for both strategies S1 and S2,
is higher if a neighborhood of n = 4 is considered when
the component residual1 is used. In fact, the score
function for S1 is better than score function for S2.
Additionally, it can be seen that the minimal score
in both S1 and S2 strategies is yielded for component
main considering n = 4 as neighborhood size.
Reopening the issue of visual inspection, the local
structures information (edges) of the original image is
very well preserved in the processed image with mini-
mal score function (images of first column of Fig2, and
first images on Fig4–5). In fact, the component main
of the criterion can be thought of as an edge detec-
tor operator. The score function associated to image
processed with the component main in S2 strategy is
significantly lower than the obtained with S1 strategy
and the dispersion associated with this minimum aver-
age value is also low and it is 2.11%. This is because
the main in S2 is linked to a IHPF generated using an
edge detector.
Although the best result was achieved with a neigh-
borhood configuration of n = 4 neighbors, and it cor-
responds to a cross-shaped neighborhood, which con-
siders only two of the direct neighbors located in the

axial plane, it is possible to think that the inclusion of
all the direct neighbors of cross-shaped neighborhood
in the current axial plane, plus the direct neighbors of
the anterior and posterior axial planes, that is, a config-
uration of the neighborhood of n = 6 neighbors would
generate the best solution. This is indicative, that en-
hancing the information associated with a voxel in the
cardiac images of MSCT depends, to a greater extent,
on the information of the neighboring voxel located in
the MSCT slices before and after the slice to which the
voxel belongs.
This means, the information of the cardiac structure
in the slices after and before of the slice where the
image element under study is located, contains more
relevant information to define the voxel enhanced that
the information associated with neighbor voxels in the
current CT slice.
As shown, the component of the similarity enhance-
ment technique that most positively impacts the image
quality is residual1„ however the enhancement also de-
pends on the types of high–pass and low–pass filters
chosen to merge by means of the similarity criterion,
therefore it would be necessary to study which com-
bination of ILPF and IHPF performs the enhancement
with a high degree of reproducibility.
On the other hand, the results of the comprehensive
analysis of the similarity–based enhancement technique
can be useful in various scenarios such as:
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Academic–didactic: Promoting, deepening and poten-
tiating the study of medical image enhancement tech-
niques. We found that the methodology proposed
could be used to assess the ability of improvement of
image enhancement filters and as an educational tool
in image processing courses.

Research: Design and development of robust, auto-
matic and efficient image preprocessing methods. The
use of robust and efficient techniques for enhancing of
associated information of the cavities and great vessels
of the heart is an essential step for applying computa-
tional techniques that allow the three-dimensional vol-
umetric visualizations of these anatomical structures,
or for segmenting such structures as a necessary step
for the quantification of parameters associated with the
cardiovascular function.

Clinical: Supporting the planning of therapeutic and
surgical processes associated, in general, with cardiac
pathologies. World Health Organization states that
heart diseases are the leading causes of human death
worldwide [30]. And as the quantitative analysis of
cardiovascular function plays an important role in the
diagnosis of such a disease, the precise description of
morphopathology of the cardiovascular structures has
a specific impact on the disease assessment.

Further investigations should be undertaken to incor-
porate the residual1 component of the similarity-based
image enhancement technique to computational ap-
proaches useful in the clinical routine. For example:
1) The application and validation of this technique as
preprocessing step in the cardiac anatomical structures
segmentation schemes from MSCT images. 2) The val-
idation stage could also include a comparison of esti-
mated cardiac function descriptors with respect to re-
sults obtained using other imaging modalities. 3) The
application and validation of this enhancement tech-
nique can be implemented in other medical imaging
modalities.

The present work is aimed at studying the capabilities
of the filter based on a similarity criterion as a future
work, this research can be extended to be performed an
exhaustive comparison of the behavior of this filter, in-
corporating the conclusions obtained here, with respect
to other filters that have reported good performance in
cardiac CT imaging enhancement.

5. Conclusions
In this study, the impact of each component of a sim-
ilarity criterion on the image enhancement has been
analyzed. Through quantitative and qualitative eval-
uations of medical and synthetic dataset, it is demon-
strated that robust and accurate automatic enhance-

ment can be achieved. A score function for evaluating
the performance of medical image enhancement is used.
It is a hybrid of other quality measures proposed in lit-
erature, which appears to be the score the best suited
to the general problem. A high value of this score func-
tion is associated with an effective enhancement.

The component residual1 has been observed to yield
better results than the other two components of sim-
ilarity criterion (main and residual2) or its complete
formulation (full) in terms of image enhancement tech-
nique performance. The preceding applies to both
checking strategies (S1 and S2). The use of the compo-
nent residual1 reduces the execution time of the com-
plete formulation and can effectively enhance the med-
ical image.

A technique to detect edges from medical images is also
derived and discussed in this research. Such method is
based on the component main of the similarity cri-
terion. Upon this component, we applied the two
strategies proposed to detect the edge of the anatom-
ical structures in MSCT images. Both strategies are
perfectly useful to detect medical image edges, but S2
strategy shows the minimal value of score function.

For the medical image enhancement issue, the use of
component residual1 shows a noticeable better behav-
ior than any of the two components or the complete
formulation of the similarity criterion.
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