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Abstract: This contribution presents a wavelet-based algorithm to detect patterns in images. A two-
dimensional extension of the DST-II is introduced to construct adapted wavelets using the equation
of the tensor product corresponding to the diagonal coefficients in the 2D discrete wavelet transform.
A 1D filter was then estimated that meets finite energy conditions, vanished moments, orthogonality,
and four new detection conditions. These allow, when performing the 2D transform, for the filter
to detect the pattern by taking the diagonal coefficients with values of the normalized similarity
measure, defined by Guido, as greater than 0.7, and « = 0.1. The positions of these coefficients
are used to estimate the position of the pattern in the original image. This strategy has been used
successfully to detect artificial patterns and localize mass-like abnormalities in digital mammography
images. In the case of the latter, high sensitivity and positive predictive value in detection were
achieved but not high specificity or negative predictive value, contrary to what occurred in the 1D
strategy. This means that the proposed detection algorithm presents a high number of false negatives,
which can be explained by the complexity of detection in these types of images.

Keywords: 2D wavelet filter design; pattern adapted wavelet; discrete shapelet transform II;
mammography pattern detection

1. Introduction

Breast cancer is a highly prevalent disease in the female population worldwide.
In Cuba, it ranks second in incidence and mortality (National Directorate of Medical
Records and Health Statistics, 2020). The analysis of X-ray images of the breast, known
as mammography, is the most popular and widely used breast cancer screening modality
because the tumor can be detected before it can be physically felt [1]. Analyzing and
interpreting mammograms requires practice, experience, and training because these images
are inherently noisy and have poor contrast and lower sensitivity dense breast tissues [2]
due to the low radiation doses used and shorter exposure time necessary for the safety of
human health. To ensure consistent and accurate mammograms diagnosis, some radiol-
ogists use intelligent automated systems, but others still do it with the naked eye. There
are a large number of different types of mammography abnormality. Some types of breast
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cancer are often associated with asymmetry between the right and left breasts [3-5], serving
as early indications of the disease. In [3], a computer system solely based on computer
vision and morphological features is developed for asymmetry detection in mammography
images. This approach aims to support advances in Artificial Intelligence (Al) to comple-
ment existing methods for early breast cancer detection. The authors in this paper focused
on morphological analysis and breast skin segmentation, which can serve as essential
building blocks that could enhance current Al models. They have utilized dynamic time
warping (DTW) for shape analysis and the growing seed region (GRS) method for breast
skin segmentation. In [6], skin segmentation is also addressed using multi-class partition,
which allows us to achieve a more refined delineation of skin regions. The segmentation
could also be dealt with the new active contour model based on the level set method and
Kullback-Leibler divergence presented in [7]. However, the most common breast abnor-
malities that may indicate breast cancer are masses and calcifications. Breast abnormalities
are defined with a wide range of features and may be easily missed or misinterpreted by
radiologists while reading large amounts of mammographic images provided in screening
programs [8]. It is generally accepted that mass detection is a more challenging problem
than the detection of micro-calcifications, not only due to the large variation in size and
shape in which masses can appear in a mammogram but also because masses often exhibit
poor image contrast (see [9,10] and references therein).

Mammogram features extraction is widely studied from the perspective of pattern
recognition analysis to detect the best features that could represent a mammogram. The fea-
tures of a digital image could be extracted directly from the spatial data or using a different
space via special data transform, such as the Fourier transform or wavelets transform,
which could be helpful in separating special data that contain specific scale-dependent
characteristics, as is done in [11]. In this paper, an effective supervised classifier for mammo-
grams is proposed using the discrete wavelet transform decomposition. The Daubechies-4,
Daubechies-8, and Daubechies-16 wavelets are used in a four-level decomposition process.
In each level of decomposition, a percentage of the low-frequency coefficients is used to
represent the corresponding mammogram (i.e., feature vector). The classification is done
by measuring the Euclidean distance between class prototype and the desired mammo-
gram coefficient vector. The achieved numerical results indicate the effectiveness of the
classifier in solving three basic problems in mammogram diagnosis: (i) classification of
cancerous versus cancerous-free patterns; (ii) classification of abnormality indicator (i.e., mi-
crocalcifications, circumscribed masses, spiculated lesions, ill-defined lesions, and normal
tissues); (iii) classification of the risk level of cancerous cells (i.e., benign versus malignant).
The MIAS database is used. Daubechies-8 is the most successful choice of wavelet. A
review of published techniques related to the detection and segmentation of mammogra-
phy masses of any shape, margin, and size is presented in [9]. Detection is defined as the
identification of potential lesions within all the parenchymal background. Usually, these
methods generate a marker/prompt at a suspicious region in a mammogram. In contrast,
segmentation is defined as a method able to detect the precise outline of the potential
lesion. The quantitative performance of seven mass detection methods were compared:
(i) based on a detection of concentric layers; (ii) based on a Laplacian edge detector approach;
(iii) based on threshold; (iv) based on Iris filter; (v) based on a classifier approach; (vi) based
on a Difference of Gaussian’s; and (vii) based on a pattern matching approach, which starts
by defining a template—in our case, a tumor-like template. The definition of the template
is based on the approach of [12], who defined the tumor by three characteristics: brightness
contrast, uniform density, and circular shape. They are compared using two different
mammography databases: a public digitized database (MIAS) and a local full-field digital
database (Trueta). The obtained results show a dependence on the breast density and on
the lesion size and shape. The analysis of the FROC curves shows that algorithms based on
the Laplacian, the Iris filter, the pattern matching, and the gradient analysis provide the
best results, obtaining a sensitivity better than 0.8. However, the number for false positive
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per image is more than five at that sensitivity. None of the investigated approaches provide
the overall best detection performance.

The authors in [10] proposed a simple algorithm for mass enhancement and detection
in mammographic images using wavelet processing and an adaptive threshold technique.
The algorithm includes preprocessing, wavelet-based denoising, enhancement, and finally
mass segmentation using adaptive thresholding. Thus, comparisons of the obtained results
for mass detection have been carried out with ground truth provided by MIAS and DDSM
databases, using the standard Jaccard similarity measure. The true positive fraction of 90.9
and 91% was achieved at the rate of a 2.35 and 2.1 average of false positive per image (FP/I)
among 45 and 85 mammograms for MIAS and DDSM databases, respectively, with the
proposed method.

Our goal in this contribution is to use custom-built wavelet bases to detect mass-like
abnormalities (mass-like pattern) in mammograms. The signal representation and analysis
using basis functions such as wavelets has been a booming research topic for more than
20 years due to their attractive properties for various purposes [13-15]. Pattern recognition
and detection belong to this field. Success in detecting patterns in a signal depends,
to a great extent, on the wavelet basis used for the transform. The more the wavelet
resembles the pattern at a certain position of the signal, the greater the value of the transform
coefficient, and vice versa [16]. If the pattern to be detected is very different from the
wavelet, then the detection will be less accurate.

It is possible that a suitable wavelet cannot be found among the known options for
certain applications. Although there are various types of wavelets in the literature, there
is no universal rule that determines which wavelet is most suitable for each application.
Instead, the researcher is expected to try different wavelets, more or less arbitrarily, in order
to find the right one [17]. So, it is natural to try to build a new wavelet that is suited to the
problem. This requires efficient numerical algorithms where the wavelet is as similar as
possible to the pattern given a priori and allows for an accurate detection of said pattern
in a signal. This approach is called adapted wavelet, matched wavelet, or data-driven
wavelet [18-21].

Taking a close approach to the Daubechies discrete wavelet transform (DWT), Rodrigo
Capobianco Guido et al. [22-24] present three versions of the so-called siscrete Shapelet
transform (DST), a transform created not only to determine the support in time with the
frequencies of a signal but also to detect a pattern in it. The DST is built to detect this
pattern regardless of its amplitude and presents the same time complexity as any DWT
when decomposing a signal for the same support size. The DST is capable of adjusting to a
predefined pattern but not to a set of patterns like a machine learning algorithm would.

The DST-I [23] uses Daubechies’ original approach to build wavelets, but from the
time domain, imposing constraints on the high-pass filter coefficients such as orthogonality,
unit energy, and a certain number of vanished moments. To adjust the wavelet to fit the
desired pattern, a constraint based on the fractal dimension of the pattern is added. Then,
the system of nonlinear equations (NLES) formed by these restrictions is solved. Despite the
success achieved by the adapted wavelet following this algorithm in the pattern detection
of the complex visual system of a fly, its computational cost was relatively high [23].

The DST-II [22] arises as a modification to the DST-I, which decreases its computational
cost, favors the solution of the NLES, and facilitates a simplified interpretation of the
transformed signal. This replaces the fractality constraint in detecting the pattern with two
detection constraints based on the correlation between the pattern and the wavelet filter,
which were defined in such a way that the scalar products involved in the calculation of
the DST-II, according to the algorithm of Mallat, capture the target pattern. The inclusion
of these two restrictions allows the NLES to be squared.

On the other hand, the design of wavelets to detect specific patterns defined a priori
is also interesting for the 2D case. Chapa and Rao [25] developed a technique to derive a
band-limited orthonormal wavelet from the spectrum of the desired signal so that the root
mean square error between its spectra would be minimal. The work of Fung and Shi [26]
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used correlation for edge detection, building in the frequency domain a bank of multiple
wavelets at different scales that are optimal for ramp and pulse edges.

Kumar et al. [27] propose the extraction of regions with text from an image using
adapted wavelet filters and texture features in the image. Unlike other methods, this one
does not require a priori information about the font, geometric transformation, distortion
or, texture of the background. The results for various images verify that the proposal is
robust, versatile, and effective for extracting text from images.

Mesa [28] uses the lifting scheme to fit 2D wavelets in the three possible directions of a
separable approach. Experiments were carried out with an artificial pattern. The author
mentions that the diagonal lifting is the most complicated one to formalize mathematically,
and its estimation is more cumbersome than the one carried out in the horizontal and
vertical directions.

Del Marco and Again [29] take advantage of the transient capture capability and
directional filtering of wavelets to improve the quality of an image. To do this, they
estimate wavelets to optimize the Michelson contrast measure in the spatial domain. Thus,
they are able to detect objects in infrared video streams with fewer false alarms than
the standard detection approaches. Pragada and Sivaswamy [30] design image-adapted
wavelet bases for denoising. They carried out the experiments in natural, satellite, and
medical images, obtaining an improvement in the images with respect to other classical
wavelets. Gupta and Joshi [31] estimate fitted wavelets to images that are not separable
from two channels in the statistical sense. The filter bank is estimated by minimizing the
root mean square error. The experiments showed that non-separable matched wavelets
provided better coding gain compared to classical wavelets.

Isnanto et al. [32] build wavelets adapted to images of the human iris (called irislet).
For this, they use the circular Hough transformation, the conversion to polar coordinates,
the determination of the profile of the images of 1D lines, the discrete Daubechies transform,
and the method of least squares. The results showed that the irislet had a high recognition
rate. Ansari et al. [33] proposed a design that uses a convolutional neural network to design
a two-channel non-separable wavelet that fits a given image. The network loss function
is the total squared error between the input image and the reconstructed image, leading
to a perfect reconstruction at the end of the training. Ansari and Gupta [34] used the
lifting scheme to obtain separable wavelets adapted to compressed images. This wavelet
provides better reconstruction results compared to other classical wavelets. The detec-
tion and reconstruction time were significantly reduced without causing degradation of
reconstruction quality.

Recoskie [35] proposes a new filter learning method that considers the 2D TWD as a
modified convolutional neural network, which is trained from the data via gradient descent.
The learned wavelets are capable of capturing the structure of the training data (which
were examples of classical wavelets) without relying on the DFT. According to this author,
his model requires relatively few parameters compared to traditional networks.

In the particular case of digital mammography images, breast lesions have specific
shape characteristics, associated with the probability that they are malignant [1]. Therefore,
wavelet prototypes have been built to recognize these lesions, in particular, microcalcifica-
tions [36].

As a result of the conceptual theoretical analysis of the research topic, an extension
to 2D of the DST and its variants was not found, which would allow for the detection of
patterns in images. For this reason, this research aims to numerically and computationally
validate a strategy for obtaining filters for the construction of wavelets adapted to two-
dimensional patterns in digital images.

In this research, the 1D strategy proposed in [37] is extended to estimate 2D separable
adapted wavelets, as well as a pattern detection algorithm based on the DST-II coefficients.
A novel strategy based on the tensor product of one-dimensional vectors was proposed to
perform a 2D DWT but with four new detection conditions to locate the 2D pattern. This
was used to detect artificial patterns and mass-like abnormalities in digital mammography
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images. The similarity measure S proposed in [22] was used as the detection algorithm,
which is applied to the wavelet coefficients of the DST-II. The work is organized as follows:
In Section 2, we present some elements of the discrete wavelet theory and a novel algo-
rithm to obtain two-dimensional pattern-adapted wavelets based on the two-dimensional
extension of the DST-II. The principles of the pattern detection algorithm are also explained.
In Section 3, the performance of the proposed algorithm is shown through numerical
experimentation, taking as examples an artificial image and a mammography image. Some
remarks are presented in Section 4.

2. Materials and Methods

This section presents a couple of results of the discrete wavelet theory [38—40] and the
numerical strategy used to estimate 2D pattern-adapted wavelets based on the two-
dimensional extension of the DST-II. The numerical algorithms to estimate the wavelets, as
well as their application in an artificial pattern and the detection algorithm based on the
normalized similarity measure S, are also presented here.

2.1. Discrete Wavelet Theory

The space (2(Zy, x Zy, ) is defined as an extension of the vector space ¢>(Zy ), where
the elements of Zy are considered complex vectors with N components (see [38]):

EZ(ZN1 X Zn,) = {z=[z(n1,n2)] 1 z(ny,np) € C, 0 <y <Ny—1,0<np <N, —1},

and the vector space has dimension Nj - Np, where addition and multiplication by a complex
scalar are similar to the 1D case. The complex inner product on (2(Zy, X Zy;,) is

Np—1N;—1
(zwy =Y Y z(ny,m) wn,ny), Vz,w € C(ZN, % Zn,)-
1’11:0 1’!2:0

The rotation operator is also useful in 2D cases.

Definition 1. Let z € (*(Zy x Zn,), extended by periodicity, and ky,ky € Z. The rotation
operator on (?(Zy, X Zn,) is defined by

RklrkZ :gz(ZNl x ZNZ) — EZ(ZN1 X ZN2)
z = Ry k2
(Rp, kp2) (n1,m2) = z(n1 — ki, n2 — k).

Theorem 1. Let My, My € Z,Ny = 2M;, Ny = 2Mj. Let {Ryv1}12'U {Roginn } 1y 'be a
first-stage wavelet basis for (> (Zy, ) and let {RZkvz},I(\]:zal U {RZkuz},Z(\jzzo_l be a first-stage wavelet
basis for (%(Zn;, ). If we define

wo(ny, ny) = v1(ny) - va(na), 1)
wi(n1,n2) = uy(n1) - va(n2), 2)
wy(ny,np) = v1(nq) - ux(n2), 3)
ws(ny,na) = ug(ng) - up(ny), 4)

then,

3 k2 EZMZ
LJO{RZkl,Zkzwi}kleZMl
=

is an orthonormal basis for 02 (ZN1 X ZNZ), where vy, Uy, and vy, uy are called generators of the
wavelet basis for (*>(Zy,) and (2(Zy,), respectively. The proof of the theorem can be consulted
in [41].
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2.2. Strategy for Building 2D-Adapted Wavelets

We propose a strategy based on the tensor product of one-dimensional vectors to
execute a 2D DWT (Theorem 1) but with a different approach regarding the detection
conditions. In Equation (4), it is observed that the diagonal detail coefficients of the 2D
DWT depend on two factors: the image that is decomposed and the one-dimensional
high-pass filter # used in the decomposition. Then, with the aim to obtain a 1D filter
that when used in the 2D discrete wavelet transform should be capable of detecting the
considered pattern in the diagonal detail coefficients of the 2D DWT, we include four
correlation conditions between the filter coefficients g (1D) and (i) the samples of the 2D
pattern in a specific position, (ii) the samples of the 2D pattern in the contiguous position
in the horizontal direction, (iii) the samples of the 2D pattern in the contiguous position in
the vertical direction, and (iv) the samples of the 2D pattern in the contiguous position in
the diagonal direction.

Therefore, the NLES of the DST-II was modified by substituting two conditions of
vanished moments and the two detection conditions with four detection conditions to
locate the 2D pattern. This is a novel proposal since, to the best of the author’s knowledge,
a 2D-adapted wavelet has not been proposed to detect patterns from the DST-IL.

System of Nonlinear Equations for the Proposed 2D Extension

Let the 2D pattern be m|-, -] of 11 rows and n, columns. Since these quantities must be
even to have a perfect reconstruction, as in the DST-II, dimensions N; and N, are chosen
by taking the even number immediately below the original dimensions. Thus, the 1D filter
q has support size N = max{N;, N2}, N > 8, and is necessarily even.

The NLES F(q0,41,- - ,qn—1) = 0 of N equations and N unknowns, whose solution
is the high-pass filter of the 2D-adapted wavelet, is the following:

¢ Unit energy to ensure that the shapelet conserves the energy of the signal:

N-1
( X lﬁ) ~1=0;
k=0

N N-1
* 5 4 vanished moments for an adequate regularity of the shapelet: 2 g -k =0,
k=0
N
whereb =0,1,- - 55
N N-1
o 5 1 orthogonality conditions: Z gk - Gk+21 = 0g 1, where ¢ is the Dirac delta and
k=0
leZ
¢  Four conditions for pattern detection:
N] Ny Nl N
Y ) qi-qpmi;=0, )} qi-q;-mijq1=0,
i=1j=1 i=1j=1
N1 N N1 Np
Yo qiqpmio; =0, Y ) qi-q;-mi1j1=0.
i=1j=1 i=1j=1

The NLES is solved numerically using the strategy in [37], where an initial approxima-
tion obtained by the continuation method is used to start the Newton iterative algorithm.
Then, the perfect reconstruction filter bank is obtained as in the 1D case.

pe= (D" qne1; Be=pnav =D pe k=01 N-1L

2.3. Detection of the 2D Pattern with the Proposed Strategy

The signal f[-, -] is decomposed, obtaining DST-II 2D( f[-, -]) using the algorithm based
on tensor product. The detection is based on the normalized similarity measure S, which
emphasizes the presence of zeros in the shapelet coefficients. In particular, we will only
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apply this measure on the diagonal detail coefficients of a 2D DST-II since the 2D shapelet is
designed to detect the pattern in these coefficients.

Let the image f|-, -] of dimension L; x L, be analyzed with the 2D DWT and the
corresponding matrix of diagonal coefficients cD of dimension M; x M. Let a pixel be
at position (i,j) of ¢cD. Let the normalized similarity measure be S = e~ (IDSTI(FLND®,
0 <a<1[22]. 1f S(a = 0.1)[cD;;] > 0.7, then the 2D pattern occurs inside a rectangle
whose upper right corner has the following coordinates:

= (2'M2*N2+L2) mod (Lz),
y = (2-M1—N1+L1) mod (Ll),
with a width of N pixels and a length of Nj pixels. If there are no coefficients that meet

this condition, then the pattern is not found in the image.
Figure 1 depicts a flowchart of the strategy designed in this section.

-

Based on the 2D extension of
N the DST-Il using the tensorial
product (Theorem 1)

To build the 2D adapted
wavelet basis

(wo, wy, wa,ws) I

) To construct the one
dimensional wavelet basis

u(ny), uz(ny)

using the relations with filter
A J

I

e N
To compute the 1D filter

Adapted wavelet basis to detect SOLVE a Non Linear Equations

pattern in Images System (NLES) with four new
correlations conditions

J
fl.,.]
Image of dimension L; X L,

[

(artificial and mammography) L

Detection of the 2D pattern

|

To apply the normalized
’ similarity measure S over the

diagonal coefficients
<047

{ the 2D pattern occurs inside } { the 2D pattern is not found in }

Decomposition of f[.,.]
by the 2D-DST-II (adpated)

arectangle the image

Figure 1. Strategy to estimate a 2D pattern-adapted wavelet based on the two-dimensional extension
of the DST-II and its use in detecting patterns in images.

3. Results

In this section, we use the proposed algorithm to build a 2D pattern-adapted wavelet
(shapelet) to detect patterns in an artificial image and a mammography image. To determine
the best detection results, the values of the S measure of the 2D DWT coefficients with the
estimated shapelet are used. The proposed strategy is an initial attempt (hence its novelty)
and still has issues to be addressed from the mathematical and computational point of
view. After these adjustments, it will be necessary to assess whether its use is relevant
in this context with respect to other techniques such as automatic learning, which have
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demonstrated their effectiveness in the detection of mammographic lesions. The future
improvements could be focused on using other stable numerical algorithms to solve high-
dimensional systems, given the characteristics of these mammography images; specifying
the optimization model for the identification of mass-like anomalies in mammography;
analyzing and exploring the effects of the proposed strategy on other types of abnormalities
such as microcalcifications; and comparing the effectiveness of detection using DST-II as
a feature vector in automatic and deep learning models. This is the parallelization of the
strategy for efficient GPU computation, which would allow us to split the problem into
smaller ones and perhaps find a way to compose the detection in a patch analysis style.
An important task to be done is to validate the assisted diagnosis system from a clinical
point of view through physician consultation and piloting.

3.1. Application of the 2D Strategy for Artificial Images

In a first experiment, an artificial image of 63 x 41 dimension was considered, which
you can see on the far left of Figures 2 and 3. In this image, the letters that make up the
words are considered to be independent 2D patterns. In the images, the axis represents the
pixel position in horizontal and vertical directions. The last graphic refers to the values of
measure S for diagonal coefficients of DST-II, where the x-axis is the coefficient position
and the y-axis is the value of its measure S. Figure 2 shows the results of the detection
when considering the pattern defined by the letter c. The highest value of the S measure in
the matrix of diagonal coefficients cD was reached in position (17,14), which corresponds
to a rectangle whose upper left corner has coordinates (20, 25) with respect to the analyzed
image. In Figure 3, it can be seen that the strategy was successful in detecting three
occurrences of the letter g, although it did not locate the three remaining occurrences.

0.7 4

0.6 1

0.54

0.4 4

0.31

0.2

0.1+

0.0 4

0 2 4 6 8

Figure 2. Locating the pattern of the letter c in an image. From left to right: the original image,
the pattern to be detected, the region given by the algorithm based on shapelets, and the measure S of
the diagonal coefficients of detail. Position of the maximum value for the measure S of the diagonal
coefficients = 371, Rect(xy = (20, 25), width = 8, height = 9, angle = 0).

0.6 1

0.51

0.4+

0.34

0.2

0.14

0.0 4

o
N
=3
S
IS
354
S
o
=3
S

0 2 4 6 8

Figure 3. Locating the pattern of the letter a4 in an image. From left to right: the original image,
the pattern to be detected, the region given by the algorithm based on shapelets, and the measure S of the
diagonal coefficients of detail. Maxima of the measure S of the diagonal coefficients = {143, 375, 606},
Rect(xy = (26, 3), width = 8, height = 9), Rect(xy = (28, 25), width = 8, height = 9), Rect(xy = (28, 47),
width = 8, height = 9).

3.2. Detection of 2D Mass-like Patterns in Digital Mammography Images

Breast cancer remains one of the most commonly detected cancers in the world popu-
lation. In Cuba, it ranks second in incidence and mortality [42]. X-ray imaging of the breast,
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known as mammography, is the most popular and widely used breast cancer screening
modality because the tumor can be detected before it can be physically felt [1]. Mam-
mograms are inherently noisy, have poor contrast, and are less sensitive to dense breast
tissues [2] due to the low radiation doses used and shorter exposure times necessary for
the safety of human health. Analysis and interpretation of mammograms require practice,
experience, and training. Radiologists may miss certain abnormalities on mammograms
due to the subtlety of the suspicious lesions, or because these are masked in the breast
parenchyma [43]. That is why radiologists have used computer-aided analysis (CAD) to
improve the detection of subtle signs and provide a consistent and accurate diagnosis
from mammograms. There are various mammographic lesions; in particular, a mass is a
voluminous lesion that occupies a space with different shapes and has a denser appearance
in the center while it is relatively thin towards the edges [44]. A mass can be classified
according to its shape, its density (number of fat cells present along with the density of
suspicious cells), and its margin (characteristics of its border) [44]. In this section, the 2D
strategy proposed to detect mammography masses using adapted wavelets will be applied.

3.2.1. Design of the Simulations Using the Proposed 2D Strategy

As an initial step, the relevance of applying the proposed 2D strategy to detect a
mass-type pattern in digital mammography images was verified. Figure 4 shows results
where the detection was successful.

0.8 1

0.6 1

0.4+

0.2 4

) | o004
0 100 0 15 20 0 100 0 5,000 10,000

Figure 4. Locating a mass-like abnormality pattern on a digital mammogram. From left to right:
the original image, the pattern to be detected, the region given by the algorithm based on shapelets,
and the measure S of the diagonal coefficients of detail.

Thus, it was decided to extend the experimentation to six mass-type patterns in
118 mammography images from the INbreast 1.0 [45] database (Figure 5). Due to the limita-
tion of the 1D strategy that requires a shapelet filter with sizes smaller than 26 samples [37,46],
the dimension of the images was reduced using the Haar-based DWT to reach
160 x 108 resolution. Next, five different patterns of mass-like abnormalities were inten-
tionally extracted, considering aspects such as the position of the mass, that the lesion was
not in the pectoralis or near the edge of the breast, and that there was no local co-occurrence
of abnormalities such as calcification within the mass, among other abnormalities. Im-
ages coded as 20588072, 20588334, 22580192, 50994354, 53580858, and 21598072 from the
INbreast dataset were selected (Figure 6). The results of pattern detection in the first five
images can be seen in Figures 7, 8, 9, 10, and 11, respectively. A flowchart of the simulations
setup for the experiments over the proposed DST-II 2D for mass-like pattern detection is
depicted in Figure 5.
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Figure 5. Flowchart of the simulations setup for the experiments over the proposed DST-II 2D for
mass-like pattern detection.
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Figure 6. Patterns of mass-like anomaly from the INbreast mammography database to estimate 2D
shapelets: (a) 20588072; (b) 20588334; (c) 22580192; (d) 50994354; (e) 53580858; (f) 21598072.
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Figure 7. Successful pattern detection in image 20588072. From left to right and top to bottom: the
original image, the pattern to be detected, the region given by the algorithm based on shapelets, and
the measure S of the diagonal detail coefficients.
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Figure 8. Successful pattern detection in image 20588334. From left to right and top to bottom: the
original image, the pattern to be detected, the region given by the algorithm based on shapelets, and
the measure S of the diagonal detail coefficients.
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Figure 9. Successful pattern detection in image 22580192. From left to right and top to bottom: the
original image, the pattern to be detected, the region given by the algorithm based on shapelets, and

the measure S of the diagonal detail coefficients.

0 0

0.6

0.4

0.2

0.0

70 T T T T T
130 135 140 145 150 155 0 2000 4000 6000 8000

Figure 10. Successful pattern detection in image 50994354. From left to right and top to bottom: the
original image, the pattern to be detected, the region given by the algorithm based on shapelets, and

the measure S of the diagonal detail coefficients.
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Figure 11. Successful pattern detection in image 53580858. From left to right and top to bottom: the
original image, the pattern to be detected, the region given by the algorithm based on shapelets, and
the measure S of the diagonal detail coefficients.

Since such mass-like patterns only occur once in the corresponding images, a test
set including all INbreast images, where each of the five mass patterns were separately
inserted, was constructed, merging the original image with the pattern image using the
sum of images within a symmetric and logarithmic model for image processing (S-LIP)
proposed by [47], already used in two of this papers author’s own research [17,48]. This
fusion was performed around the centroid of the original mammography image, which
was estimated with the function skimage .measure.regionprops of the Python library
Scikit-image [49]. To detect the mass-like pattern, the algorithm described in Section 2.3
was used. Since it can happen that several rectangles are obtained where the pattern to be
detected is estimated to be located, the rectangle with the highest value of the measure S
was taken. To measure the level of agreement between the actual location of the inserted
mass-like pattern and the estimated location, the Intersection over Union (IoU) measure
was used.

The IoU metric in object detection evaluates the degree of overlap between the region
where a mass is actually located in an image and the prediction of such a region given by
a certain algorithm [50]. It is defined as the intersection area of both regions divided by
their union area, and ranges from 0 to 1, where 0 indicates no overlap and 1 means perfect
overlap. In this contribution, it is considered that the detection of the mass-like pattern is
achieved for an IoU > 0.30.

In addition to the estimated shapelets for each pattern, another 61 classic wavelets, such
as Daubechies 1-32, Symlets 2-19, and Coiflet 2-12, were used in the detection, available in
their 2D version in PyWavelets [51]. Thus, the confusion matrix and the ROC curve of the
detection were computed using the R language [52].

3.2.2. Results of 2D Detection

Using the estimated shapelet and the 61 classical wavelets, 175,584 runs were performed,
resulting in detecting six embedded mass-like patterns in 118 images from INbreast.

When using shapelets and classical wavelets for detection, the average IoU mean was
reported as 0 with a median of 0, indicating many cases with little to no overlap between
detected and actual patterns

When shapelets were used to detect the masses in images that actually had such
anomalies inserted (472 images), 431 zeros of the IoU measure were obtained, with a mean
of 0.01 (SD = 0.08) and a maximum value of 0.92. If the images did not contain the mass-
like pattern (2360), this measure reached 2181 zeros, a mean of 0.01 (SD = 0.07), and a
maximum value of 0.92.

Figure 12 shows that when using the estimated shapelets for each pattern, a very high
sensitivity of 0.96 (i.e., most of the inserted mass-like patterns were detected correctly) and
a low specificity of 0.04 (i.e., if the anomaly was not in the signal, it is not detected by the
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algorithm) were reached. In addition, a high positive predictive value of 0.83 (i.e., knowing
that the algorithm detected the anomaly, what is the probability that it actually occurs in
the signal) and a low negative predictive value of 0.16 (i.e., knowing that if the algorithm
did not detect the anomaly, what is the probability that it really is not there) were obtained.
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Figure 12. Confusion matrix on the effectivity for detecting 2D patterns using the correspond-
ing shapelets.

Figure 13 shows, from top to bottom, the best and worst detection results according to
the IoU measure. From left to right, the mammography image with the mass-like pattern
inserted (in a red rectangle) by fusion of the S-LIP model; the image of the mass to be
detected; and the detection results (red rectangles) according to the measurement S on the
diagonal detail coefficients of the DST-II 2 are shown. The detection with the highest value
of the said measurement is colored yellow. The last column of the graph shows the values
of the measure S for the diagonal coefficients.

Figure 13a,b show the most accurate detection results. It can be noted that there are
several predictions of the pattern detection with value of S > 0.7, and very accurate pattern
detection was reached (IoU = 0.92 and 0.64, respectively), with a high value of the measure
(S =0.73 and 0.75, respectively). Many of the predictions are located within the breast and
near the position where the mass-like abnormality pattern was inserted. However, some
are at the edge of the breast, near the pectoral, or entirely outside the breast.

On the other hand, Figure 13c,d shows the least-accurate results in pattern detection.
A dispersion of the predictions can be noticed, and even the most accurate does not detect
the anomaly, as expected, since it was not inserted into the image. Note that in these cases,
despite the fact that high values of the S measure are obtained, similar to those obtained in
the most precise detection, the IoU metric reached low values.
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Figure 13. Best (a,b) and worst (c,d) results, according to the measure IoU, of 2D detection (in yellow)
using the estimated shapelet for each pattern inserted in the image. From left to right: the original
image, the pattern to be detected, the region given by the algorithm based on shapelets, and the
measure S of the diagonal coefficients of detail. (a) Detection of the pattern pat21598072 inserted
in the image 20587466, IoU = 0.92, S = 0.73. (b) Detection of the pattern pat22580192 inserted in
the image 50996228, IoU = 0.64, S = 0.75. (c¢) Detection of the pattern pat21598072 inserted in the
image 22670832, IoU = 0.116, S = 0.73. (d) Detection of the pattern pat21598072 inserted in the image
22579916, IoU = 0.012, S = 0.74.
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When comparing the detection of these 2D patterns using classical wavelets instead
of shapelets, high precision was not obtained. Figure 14 shows that very high sensitivity
(0.99) and very low specificity (0.006) were reached. On the other hand, a high positive
predictive value (0.83) and a low negative predictive value (0.18) were obtained. Table 1
shows a summary of the measures obtained from the confusion matrix when detecting 2D
shapes using shapelets and classical wavelets.
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Figure 14. Confusion matrix on the effectivity of detecting 2D patterns using classical wavelets.

Table 1. Comparative table of the results obtained when using shapelets and classical wavelets to
detect the pattern in images. See Figures 12 and 14, respectively.

Sensibility  Specificity Precision Recall PPV NPV
Shapelets 0.96 0.04 0.83 0.96 083 0.162
Classical Wavelets 0.99 0.006 0.83 0.99 0.83 0.18

The proposed strategy to detect specific 2D patterns showed effectiveness in artificial
patterns and, in some cases, in patterns of mass-like abnormalities in digital mammography.
When performing the simulation on this type of images, a high sensitivity and positive
predictive value in detection was achieved, but not a high specificity or negative predictive
value, contrary to what occurred in the 1D strategy. This means that the proposed algorithm
presents a high number of false negatives, which can be explained by the high self-similarity
of the regions in the breast tissue, the slow intensity variations of the pixels in these images,
and the presence of fuzzy edges, aspects pointed out by authors such as [1], as well as the
modification of the resolution made in order to apply the proposed 2D strategy. Sensitivity
and specificity are inversely related; as sensitivity increases, specificity tends to decrease,
and vice versa. When a test’s sensitivity is high, only few cancers are likely to be missed.
Specificity is the proportion of healthy women who are correctly identified as not having
breast cancer. A test with low specificity is more likely to produce a high number of false
positives and may incorrectly identify disease or illness in individuals when it is not present.
Understanding how sensitivity and specificity impact test results and test interpretation
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can help to inform clinical decision-making. If the radiologist is knowledgeable about the
sensitivity and specificity values of the algorithm, he or she can request an opinion from
more experienced people to analyze false positives, or he or she can guide other tests for
this subset of the analyzed population.

Another aspect to consider is the “stiffness” of the detection conditions of the proposed
2D extension, which was based on the DST-II detection constraints for 1D. The detection
conditions are stiff in the sense that these conditions seek a perfect match between the
shapelet filter and the pattern to be detected. This fact struggles to manifest in the case of
mammographic images, given the high self-similarity of the regions in the breast tissue,
the slow variations of pixel intensity in these images, and the presence of fuzzy edges.
This opens the door for further research where fuzzy constraints or a probabilistic and
Bayesian approach can be used to model such correspondence. Also, it is know that the
detection with DST-II is sensitive to noise in 1D signals, so it is recommend to apply some
denoising method before the detection. It is necessary to undertake further research on
this issue, considering the different noise types present in mammographic images, such as
Poisson noise.

4. Conclusions

A novel strategy was proposed to design a 2D-adapted wavelet that allows for the
locating of a pattern within a digital image. The proposed strategy consisted of using the
equation of the diagonal coefficients (which depend only on the high pass filter) correspond-
ing to the tensor product to build 2D wavelet bases. A 1D filter was then estimated such
that conditions of finite energy, vanished moments, orthogonality, and four new detection
conditions are met. These ensure that when performing 2D DWT, the filter detects the
pattern by taking the diagonal coefficients with values of the measure S(« = 0.1) > 0.7.
The positions of these coefficients are used to estimate the position of the pattern in the
original image. To find the aforementioned filter, the already-validated 1D strategy is used.
The 2D strategy requires that in order to guarantee the convergence of the numerical itera-
tion, the filters do not have a support size greater than 26 samples. For pattern sizes larger
than 26 samples, convergence is not achieved with any of the numerical algorithms used
using the convergence criterion considered. This is in agreement with the experimental (not
theoretical) results of Murugesan [53]. This limit on the pattern size to achieve convergence
of the numerical methods would surely change if better hardware or a parallel computing
scheme were used, which will be considered in future research. This is happening because,
as the size of the system increases, the convergence of the numerical method may become
more difficult or require more iterations to reach an accurate solution. High-dimensional
systems of non-linear equations can have multiple solutions, which makes the convergence
of the numerical method more difficult. The computational complexity increases with the
number of variables in the system, which can lead to numerical stability problems and
rounding errors. On the other hand, the detection conditions of the proposed 2D extension
are stiff in the sense that these conditions seek a perfect match between the shapelet filter
and the pattern to be detected. This fact is difficult to occur in the case of mammographic
images, given the high self-similarity of the regions in the breast tissue, the slow variations
of pixel intensity in these images and the presence of fuzzy edges. This opens the door for
further research, where fuzzy constraints can be used to model such correspondence or a
probabilistic and Bayesian approach.

The presented results show that the proposal allows for the identification of regions of
the image between which the pattern is found, which would help specialists, after effective
validation, to focus their gaze on those regions instead of looking at the whole image,
with the consequent visual fatigue and time delay that this causes. The results would
need to be refined and evaluated on a larger number of digital mammography images
annotated by medical specialists. This would allow for the proposal to be used in the
medium to long term as a feature vector for training machine learning models in lesion
classification and malignancy, given the importance of early diagnosis of the disease.
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Practical benefits can be found in other less-complex domains with respect to the nature
of the image, such as the detection of characters in documents or small dimensional
patterns such as microcalcifications in digital mammograms. This work has shown the
possibility of using DST-II to localize shapes and masses in digital mammograms. There
have been experiments that support our starting hypothesis. However, we have not
performed systematic experimentation to determine the best threshold and the best alpha
value associated with the normalized similarity measure. The use of statistical learning
techniques to determine such parameters could help to improve the specificity values. High
sensitivity and positive predictive value in detection were achieved but not high specificity
or negative predictive value, contrary to what occurred in the 1D strategy. This means
that the proposed detection algorithm presents a high number of false negatives, which
can be explained by the complexity of detection in this type of images. The following
future improvements could be focused on: using other stable numerical algorithms to
solve high-dimensional systems, given the characteristics of these mammography images;
and specifying the optimization model for the identification of mass-like anomalies in
mammography, among others. This research did not evaluate whether the 2D extension
of DST-II was effective for certain types of mass-like patterns such as stellate or lobulated
tumours; rather, it tested, at an exploratory level, whether the technique was useful for
localizing, with some accuracy, this type of abnormality. This will be the subject of further
research. The results of the exploratory study presented here show that there is room for
improvement in the technique, which will be resolved in the near future and will enable it
to be validated as a possible component of a CAD for localizing different types of masses.

Finally, the proposed is characterized by interpretability and explainability [54]. Specif-
ically, it illustrates simulatability, indicating its susceptibility to simulation or cognitive
scrutiny by a human observer. Moreover, the approach demonstrates decomposability,
wherein each constituent aspect is elucidated in isolation, thereby augmenting comprehensi-
bility. Additionally, it exhibits algorithmic transparency, enabling the user to apprehend the
procedural sequence employed by the methodology in transforming input data into output.
This attribute assumes heightened significance in the health domain, where confidence in
the behavior of intelligent systems is of utmost importance.
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