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ABSTRACT Bone fractures are caused by diseases or accidents and are a widespread problem throughout
the globe. Worldwide, 1.6 millions of hip fractures occur every year and are expected to rise to 6.3
millions in 2050. The current gold standard to assess fracture risk is the Dual-energy X-ray Absorptiometry
(DXA), which provides a projected image of the bone from which areal bone mineral density is extracted.
Ultrasound techniques have been proposed as non invasive alternatives. Recently, estimates of cortical
thickness and porosity, obtained by Bi-Directional Axial Transmission (BDAT) in a pilot clinical study, have
been shown to be associated with non-traumatic fractures in post menopausal women. Cortical parameters
were derived from the comparison between experimental and theoretical guided modes. This model-based
inverse approach failed for the patients associated with poor guided mode information. Moreover, even
if the fracture discrimination ability was found similar to DXA, it remained moderate. The goal of this
paper is to explore if these two limitations could be overcome by using automatic classification tools,
independent of any waveguide model. To this end, a dynamic machine learning approach based on a Support
Vector Machine (SVM) has been used to classify ultrasonic guided wave spectrum images measured by
BDAT on post menopausal women with or without non-traumatic fractures. This approach has then been
improved using parameters tuned by Bat Algorithm Optimization (BOA). The applied methodology focused
on the extraction of texture features through a gray level co-occurrence matrix, structural comparison and
histograms. The results accuracy was assessed using a confusion matrix. The effectiveness of the learning
approach reached an accuracy of 92.31%.

INDEX TERMS Cortical bone, osteoporosis, fracture discrimination, quantitative ultrasound, guided waves,
support vector machine, bat algorithm, guided wave spectrum image.

The associate editor coordinating the review of this manuscript and

approving it for publication was Paolo Napoletano .

I. INTRODUCTION
Bone fractures are a widespread problem around the world,
1.6 millions of hip fractures occur every year worldwide and
are expected to rise to 6.3 millions in 2050 [1]. In addition,
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1 in 3 women and 1 in 5 men over 50 years old are expected
to suffer an osteoporotic fracture [2]. In the case of Latin
America, the projections from 1990 to 2050 suggest that the
number of hip fractures for both men and women between
50-64 years old is expected to increase up to 400%; while
for the elderly over 65 year old, this number is expected to
increase to 700% [3].

The current gold standard to assess fracture risk is the
Dual-energy X-ray Absorptiometry (DXA), providing areal
Bone Mineral Density (aBMD in g.cm−2) as well as its
normalized and adimensional counterpart T-score [4]. Indeed,
osteoporosis in adults is diagnosed based on a T-score, equal
to or below −2.5. However, most individuals who sustain
fragility fractures are above this arbitrary cutoff [5], [6]. Due
to its projective nature, this technique provides little informa-
tion about the composition and the 3D-geometric properties
determining bone strength. The context of this work is the
development of novel medical devices aiming to comple-
ment the current gold standard for bone status assessment,
i.e., DXA.

Several alternative X-Rays techniques provide 3D images,
from which it is possible to extract material and geometri-
cal properties such as Cortical Thickness (Ct.Th) and vol-
umetric Bone Mineral Density (vBMD in g.cm−3). Those
parameters can be directly measured at the main fracture
sites (hip and spine), using Quantitative Computed Tomog-
raphy (QCT) [7], while peripheral-QCT (pQCT) [8] and
High-Resolution pQCT (HR-pQCT) [9] are restricted to
peripheral sites (forearm and tibia). HR-pQCT provides a
spatial resolution, about 50mum, better than QCT and pQCT
resolutions, about a millimeter, but its large volume and
cost limit a wide use. Image processing techniques, like
StrAx1.0 software for QCT, propose to obtain cortical poros-
ity (Ct.Po) estimates from gray level of both central QCT [7]
and HR-pQCT [10]. Similarly, bone porosity index derived
from Magnetic resonance imaging (MRI) has been found
correlated to mechanical stiffness [11].

Ultrasound techniques, sensitive to both geometrical and
elastic properties of bone, have been proposed as non
invasive, affordable and portable alternatives [12]. They
can be divided among three main approaches. A first
approach is based on the measurement of heuristic param-
eters, such as Broadband Ultrasonic Attenuation (BUA in
dB.MHz−1.cm−1), [13] velocities (in m.s−1) of the First
Arriving Signal [14]–[16] or of the Fundamental Flexural
Guided Wave [17]. A second approach proposes to provide
aBMD surrogates, combining different ultrasonic parameters
and eventually additional clinical data, at the hip and spine
[18] as well as forearm and lower leg [19]. Finally, a third
approach, based on inverse problem schemes, aims to provide
intrinsic bone properties potentially conveying information
beyond aBMD [20].

A first difficulty of inverse problems is the number of
parameters or unknowns to be estimated. For example,
in the case of a 2D transverse isotropic free plate waveguide,
the number of parameters was reduced from 6, i.e., Ct.Th,

the mass density and 4 stiffness coefficients Cij, to 5, i.e.,
Ct.Th and 4 parameters being a shear velocity and 3 stiffness
ratios [21]. Later, the number of parameter was reduced to 2,
Ct.Th and Ct.Po, using a homogenization model providing
the Cij in function of porosity, assuming a universal bone
matrix [22]. Different inverse problem approaches have been
explored, based on for example gradient method [21], genetic
algorithm [23] or the projection of the theoretical modes onto
the singular vectors basis [24], the latter allowing to avoid the
labeling step of the experimental modes. Theses approaches
are usually efficient if the number of measurable modes is
not too large, i.e., if the wavelengths are larger than the
cortical thickness ranging typically from 1 to 5 mm. At high
ultrasonic frequencies (more than 3 MHz), wavelengths are
smaller than the cortical thickness and ray path model is more
adapted [25]. Despite viscoelastic absorption, this point of
view has been recently proposed using a ray-tracing tech-
nique in two imaging planes (along and perpendicular to the
bone axis) [26] and in multifocus pulse-echo [27].
Recently, estimates of Ct.Th and Ct.Po, derived from

guided wave spectrummeasured by bi-directional axial trans-
mission (BDAT), have been tested in a pilot clinical study
[28]. In this, study, Ct.Po discrimination between fractured
and non-fractured patients, was found similar to DXA, with
an AUC, Area Under the Receiver Operator Characteris-
tic (ROC) Curve, equal to 71%, after adjustement performed
according to age, Body Mass Index (BMI) and cortisone
treatment. Indeed, the success of an inverse problem, i.e.,
its ability to deliver a robust and non ambiguous solution,
depends on the measurement quality and the ability of the
model to represent realistic cortical bone layer. In particular,
some BDAT measurement failures have been associated with
large soft tissue thickness [28] or irregular inner interface
[29]. Thus, the objective of this study is to explore if those two
limitations of the BDAT approach, moderate failure rate and
fracture discrimination similar to DXA, could be overcome
by automatic classification tools.
Accurate processing of medical images is indeed crucial

for everyday detection or classification of diseases. This area
is in constant development especially due to the improvement
in recognition techniques. For example, the Support Vector
Machine (SVM) approach, widely used in image classifica-
tion, was first presented by Cortes and Vapnik in 1995 [30].
An other typical case is the exponential development and
use of deep learning for Magnetic Resonance Imaging (MRI)
image processing since 2009 [31]. Deep learning has been
applied to image acquisition and segmentation as well as
diagnosis and prognosis [31], thus evidencing that it is possi-
ble to get high accuracy in classification of medical images.
For example, Convolutional Neural Networks (CNN) were
used for the diagnosis of brain tumors with a two-phase
model, achieving an accuracy of 99.55% from a database
of 349 MRI images [32]. Likewise, Gray Level Concurrency
Matrix (GLCM) features was used in analysis of cancer cells
using laser pico-projections images [33] or in detection of
bone fractures in X-ray images [34]. Similarly, deep learning
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with CNN [35], application of K-Nearest Neighbors algo-
rithm (KNN) to decision trees [36] have been applied for the
analysis of X-ray image in order to detect and characterize
bone fractures. Similar approaches have also been tested in
ultrasonic echography. For example, automatic classification
of pediatric pneumonia, based on pattern recognition in ultra-
sonic images of lungs, has been proposed in 2018 through a
neural network, identifying pneumoniawith a 90.9% sensitiv-
ity and 100% specificity [37]. Analogous developments have
recently been proposed for automatic bone surface segmenta-
tion in ultrasonic echographic images [38]–[40]. These image
processing systems play an important role for the automatic
detection and are expected to support professionals in making
diagnosis.

Machine learning techniques have recently been applied
in the context of ultrasound characterization of bone. Using a
SVM, ex vivo rabbit bones with different levels of deminer-
alization, were classified using a velocity extracted from the
acoustic pressure, with an accuracy greater than 80% [41].
Similarly, using low frequency (3kHz) flexural guided waves
and a SVM on 41 patients, a distinction was made between
healthy and osteoporotic patients with an accuracy of 56%
for the spine, 83% for the radius, and 71% for the hip [42].
In a recent simulation study, an artificial neural network
has been proposed to estimate micro-architectural properties
of cortical bone using ultrasonic attenuation [43]. Likewise,
a CNN has been tested to estimate CT.Th and bulk veloci-
ties using simulated ultrasonic guided waves [44]. In addi-
tion, similar machine learning-based approaches have also
been recently introduced in non destructive testing in case
of guided wave damage detection [45] or localization and
characterization [46].

Thus in this paper, automatic classification tools have been
tested on the same clinical data set of guided wave spec-
trum images obtained by BDAT in a previous cross-sectional
study [28]. To achieve our aim, we build a dynamic SVM
model that allows us to classify non-fractured patients and
patients who suffered non-traumatic fractures. This model
uses a self-adaptive approach in order to find the best param-
eter values of the SVM, given by the Bat Algorithm Opti-
mization (BOA) metaheuristic [47]. The document presented
is organized as follows. Section II presents the instrumen-
tation and data. Sections III and IV explain in detail the
methodology used to address this work. Finally, classifica-
tion results and the discussion of this study are presented in
Sections V and VI, respectively.

II. INSTRUMENTATION AND DATA
Ultrasonic measurements were carried out with a 1-MHz
BDAT prototype (Azalée, Paris, France), adapted to fore-
arm measurement. The experimental setup and device, with
the probe placed at the one-third distal radius, are shown
on Figure 1. The probe was specifically designed to mea-
sure the propagation of guided waves in two directions in
order to correct the biases induced by the inclination angle
between the probe and the bone, due to the overlaying soft

FIGURE 1. General purpose of the paper: Guided wave spectrum images
obtained in [28] in 201 post menopausal women with (F) or without (NF)
non-traumatic fractures are analysed with Support Vector Machine (SVM)
with parameters tuned using the Bat Algorithm Optimization (BOA).
A second dataset of 250 patients, including the 49 failure cases of the
inverse problem approach, is also tested.

tissues [48]. In the following, direction 1 corresponds to the
distal wave propagation direction, i.e., from elbow to wrist,
while the opposite proximal direction is denoted direction 2.
For both directions, guided wave spectrum images were
obtained using a specific signal processing, applied to the
multiple transmitter - multiple receiver probe, the so-called
SVD-based method, where the acronym SVD stands for
Singular Value Decomposition [49]. Guided wave spectrum
images, denoted by Norm(f, k), expressed in the frequency
f - wavenumber k domain, can be interpreted as enhanced
spatio-temporal Fourier transforms. Each pixel (f, k) of the
Norm function is defined by the norm of a normalized atten-
uated plane wave projected onto the basis of the receiver
singular vectors [50]. The pixel value reflects in a 0− 1 scale
the presence rate of the tested plane wave in the measured
signals. This procedure generated the guided wave spectrum
images to be classified in this work. It can be noted that
this approach was then extended to an inverse procedure
providing estimates of two cortical parameters: Ct.Th and
Ct.Po [29]. Inverse problem results obtained in [28] will be
used as a baseline in the following.

A dedicated human-machine interface (BleuSolid, Pom-
pone, France) was developed to show guided wave spectrum
in quasi-real time. This interface was meant to guide the
operator in finding a correct probe position with respect to
the main bone axis. A complete measurement consisted of
multiple series of 20 acquisitions of two guided wave spec-
trum images, one per direction. Each series corresponded to
a probe repositioning. Two typical examples of guided wave
spectrum images are shown in Figure 1 corresponding to
failure or success cases of the inverse procedure providing
estimates of Ct.Th and Ct.Po [28]. It can be observed that the
first image is associated with ‘‘blurred’’ modes, while in the
second one, modes appear clearer and are in agreement with
the modes of the optimal guided wave model, shown with
lines in Figure 1.
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The guided wave spectrum images were obtained
on 301 postmenopausal patients recruited in the rheuma-
tology department of the Cochin hospital (Paris, France).
This cross-sectional study has been approved by the ethical
committee Ile de France III. A written informed consent was
provided by the patients. The procedure of the study was in
accordance with the Declaration of Helsinki. Exclusion crite-
ria were: missing data (n= 7), patient suffering from a cancer
(n = 1), two hip replacement (no femoral DXA possible, n
= 9), BMI < 15 (n = 1), a history of traumatic fractures (n
= 33). Thus, a total of 51 patients out of 301 were excluded.
In addition, 49 patients were associated with failure of the
ultrasonic inverse problem. Finally, a total of 201 patients
constituted the initially studied data set, denoted dataset 1 in
the following.

Two groups were considered, a control group with patients
without fracture (NF, n = 109) and a fractured group of
patients with any non-traumatic fracture (F, n= 92). Fracture
sites were hip, wrist, spine, humerus, tibia, ankle, and rib.
Details about the types and number of non-traumatic fractures
can be found in [28]. As the number of repositioning varied
from 1 to 6, it was decided to take, in a paired way, 20 random
images, 10 per direction, for each patient. Thus, with a final
data set of 201 patients, a total of 201 × 40 = 8,040 images
was formed, i.e., 4,020 per direction.

One of the main advantages of the machine learning
approach is the possibility to analyse all guided wave spec-
trum images, even in case of inverse problem failure. Thus,
a second set, denoted dataset 2, of 250 patients (10,000
images) was also considered, corresponding to the 201 previ-
ous patients plus the 49 failure cases. The number of patients
in each group are respectively equal to 137 (NF) and 113 (F).
For both datasets, i.e., 201 and 250 patients, results obtained
with the machine learning approach will be compared to
discrimination results obtained with the current gold standard
DXA.

III. EXTRACTION OF THE FEATURE VECTOR
To achieve the classification of images between patients with
or without non-traumatic fractures, four steps were followed:
(1) Pre-processing step, (2) extraction of 8 features of the
Structural SIMilarity index (SSIM) and the Mean Square
Error (MSE), (3) extraction of 24 features of the Gray Level
Concurrency Matrix (GLCM) and finally (4) generation of a
vector with 32 features based on the results of the previous
steps. The feature vector will be denoted A in the following.
The extraction process of each feature will be explained in
detail further in this section.

A. PRE-PROCESSING STEP
The aim of the pre-processing step is twofold: denoising and
merging two guided wave spectrum images, associated with
the two directions of the bi-directional measurement. The
dimensions of each image are Nf ( = 100) × Nk ( = 75)
pixels, later denoted by m × n. As the pixel value ranges
from 0 to 1, the denoising step is achieved by setting to zero all

FIGURE 2. Illustration of the pre-processing step: the two guided wave
spectrum images, associated with the two directions of the bi-directional
measurement, are denoised and merged into a pre-processed image.

pixels lower than a threshold equal to 0.4. It should be noted
that this threshold was selected through a sampling phase.
As the two directions are not equivalent, the denoising step
was sequentially applied to each direction as illustrated in
Figure 2. Indeed, the wave propagation in the elbow-wrist
direction (direction 1) is associated with longer and clearer
modes in the guided wave spectrum image due to the fact
that the cortical bone layer is thinner close to the bone
extremities [51]. That is why, the denoising step is firstly
applied to the guided wave spectrum image associated with
direction 2. The resulting denoised image is then merged with
the direction 1 image, by calculating the per-element bit-wise
conjunction as: if one of the two pixels is zero then the result-
ing pixel is zero, otherwise the resulting pixel corresponds to
the mean. Finally, a second denoising is applied to the image
containing information from both directions.

B. REGIONS OF INTEREST
The extraction of the feature vectorA is based on the analysis
of three regions of interest (ROI) of the guided wave spectrum
image as illustrated on Figure III-B. The ROIs are separated
by two linear functions, denoted LF1 and LF2 to whose
equations are given by k = 2π f /v, with k the wavenumber
(rad. mm−1), f the frequency (MHz) and v the phase velocity,
equal to 1.9 and 4 mm.µ s−1 for LF1 and LF2 respectively.
The first ROI corresponds to the part of the image above LF1
while ROI3 corresponds to the part below LF2. Finally ROI2
corresponds to the part between the two linear functions.
In step (2), SSIM and MSE, the comparaison of ROI1 and
ROI3 to LF1 and LF2 leads to 8 features, while 24 features
are extracted in step (3) GLCM, 8 in each ROI. Note that
no information is taken into account for phase velocities
lower than 1.4 mm.µ s−1, i.e., the zone above the dotted
line. It can be observed that similar linear patterns appear
in measured spectrum as shown in Figure III-B, associated
respectively with the A0 mode and the longitudinal bulk wave
velocity [52].
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FIGURE 3. Example of pre-processed image with summary of the regions
of interest (ROI) and reference lines used in the feature extraction
process.

C. SSIM AND MSE
The second step, corresponding to the SSIM andMSE feature
extraction, is based on the comparisons of ROI1 and 3 with
reference images, associated with the two linear functions
LF1 and 2. To do this, a Canny filter is applied to the
pre-processed guided wave spectrum image, obtained from
step (1), and later divided into ROI1 and 3. The idea behind
the Canny filter is to obtain structural information about the
image, in particular the mode positions, as this algorithm is
designed to detect the edges providing the contour of the
modes. Figure 4 shows how each ROI is contrasted with each
linear function, leading to the four comparisons mentioned
above: ROI1 compared with LF1 and LF2 as well as ROI3
compared with LF1 and LF2. From each comparison, two
measurements, MSE and the SSIM are obtained, thus a total
of 8 features is obtained from this process.

The first measurement, i.e., MSE, represents the difference
in pixel intensities of an image

MSE =
1
mn

m∑
i=1

n∑
j=1

(Iij − Kij)2, (1)

with ij the pixel position,m and n the image dimensions and I
and K the two compared images, i.e., I being ROI1 or 3, and
K being the LF 1 or 2 image.

FIGURE 4. Image processing for extraction of SSIM and MSE features.

The second measurement, i.e., SSIM, represents the
changes in the structural information allowing to determine
the similarity between two images [53]

SSIM (I ,K ) =
(2µIµK + c1)(2σIK + c2)

(µ2
I + µ

2
K + c1)(σ

2
I + σ

2
K + c2)

, (2)

with µ corresponding to means, σ to variances and co-
variances, while c are variables to stabilize the division with
weak denominator. The parameters c1 and c2 were calculated
as (K1L)2 and (K2L)2, where L corresponds to the dynamic
range of pixels, i.e., 255 in the case of grayscale images,
and with K1 and K2 being constants small compared to 1.
Following [53], the values of K1 and K2 were chosen equal to
0.01 and 0.03, respectively.

D. GLCM
The second stage of features extraction corresponds to
GLCM. For each ROI, 8 features are calculated, from which
the two first are linked with graphic information while the
other six are associated with relationships between pixels.
The first two measures, mean and standard deviation, are
generated from a histogram of the pixel gray level value. The
other six measures are extracted from the Gray Level Concur-
rency Matrix: energy, dissimilarity, contrast, homogeneity,
correlation and angular second moment.

The Angular Second Moment (ASM) corresponds to the
sum of the square elements Pij of the image. The energy,
also known as uniformity, corresponds to the square root of
ASM. The correlation corresponds to a measure of relation-
ship or dependence between a pixel and its neighbor in the
whole image. Dissimilarity is a measure of local variation of
intensity defined as the average absolute difference between
pairs of neighboring pixels. The contrast, also called inertia,
illustrates the difference in intensity between a pixel and
its neighbor over the entire image. Finally, the homogeneity
represents the proximity of the distribution of elements in
the GLCM with its diagonal. These features are defined in
equations 3 to 8 as in [54].

ASM =
m∑
i=1

n∑
j=1

P2ij (3)
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Energy =
√
ASM (4)

Correlation =
m∑
i=1

n∑
j=1

P2ij

[
(i− µi)(j− µj)

σiσj

]
(5)

Dissimilarity =
m∑
i=1

n∑
j=1

Pij|i− j| (6)

Contrast =
m∑
i=1

n∑
j=1

Pij(i− j)2 (7)

Homogeneity =
m∑
i=1

n∑
j=1

[
Pij

1+ (i− j)2

]
(8)

This extraction process, i.e., step (3), is repeated for each
ROI, which results in a total of 24 values, and together
with those 8 mentioned in step (2), generate the vector A
of 32 features.

IV. CLASSIFICATION
Classification is performed using the vector A of 32 features,
using 80% of the samples as training and 20% as tests. The
classification is done 20 times. The number of classification
repetitions (i.e., 20) was selected equal to the number of
acquisitions per patients. From this, the training process of
the classifier is performed where a support vector machine
with a radial base function was selected as:

K (A,A′) = exp
(
−γ ||A− A′||2

)
(9)

with the difference between two feature vectors ||A - A’|| rep-
resenting the Euclidean distance. The SVM has two parame-
ters that can be adjusted, γ andC gathered into a single vector
denoted x̄ in Algorithm 1. The first parameter γ allows to
control the curvature of the radial function, given by Eq. (9),
while the second parameter C is used to control the error.
Because the parameters must be adjusted for each problem,
it was decided to opt for the automatic adjustment of these
through a bio-inspired technique, in this case BOA. This
algorithm was created by X.-S. Yang and the pseudo-code is
depicted in Algorithm 1 [47]. In this case, the objective of the
algorithm is to optimize (maximize) the accuracy achieved
by the SVM which is represented in the pseudo-code by the
function f (x̄).
Following Algorithm 1, each iteration or bat generation is

associated with an SVM classifier. This classifier is built in
the main loop statement that run while a stop criteria is not
met. During this procedure, a model is validated by using
a repeated cross-validation procedure which requires two
phases for iteration. Each iteration uses five folds: four folds
was applied in the training phase (80% of the image dataset),
and one fold was employed in the testing phase (20% of the
image dataset).

Bat optimizer tunes the SVM input parameters (C and γ ).
This method is able to to maximize the accuracy of the
machine learning algorithm during the learning phase, iter-
atively. BOA provides agents or individuals (bats) capable of
finding the sensitivity and specificity values and pass them to

Algorithm 1 Bat Algorithm Optimization
Data: Population size popSize, minimum frequency fmin,

maximum frequency fmax , and maximum number of
iterations T .

Result: The best solution x̂: a vector set with optimized γ and
C values.

// Objective function.
// d is dimension of the problem.

1 f (x̄), x̄ = (x1, x2, . . . , xn)d ;
// Initialize: velocity, position, pulse

rate, and loudness.
2 for bat i, (∀i = 1, . . . , popSize) do
3 for dimension j, (∀j = 1, . . . , d) do
4 vji ← Random[0, 1];
5 xji ← Random[0, 1];
6 end
7 ri ← Random[0, 1];
8 Ai ← Random[0, 1];
9 end
// Produce T-generations of popSize bats.

10 while t < T do
// Generate new solutions by adjusting

frequency, and updating velocities
and locations/solutions:

11 for bat i, (∀i = 1, . . . , popSize) do
12 β ← Random[0, 1];
13 fi ← fmin + (fmax − fmin)β;
14 for variable j, (∀j = 1, . . . , d) do
15 vji ← vji + [x̂j − xji ]fi;
16 xji ← vji + x

j
i ;

17 end
18 end

// Randomly generate a local solution,
xnew around the best solution.

19 if Random[0, 1] > ri then
20 for variable j, (∀j = 1, . . . , d) do
21 xjnew ← xjold + εĀ

t ;
22 end

// Loudness average Ā governs the
intensification process according
to the echolocation phenom. This
value is iteratively computed
during the run (t-th generation).
To control xjnew takes bounded
values, a ad-hoc constant ε is
randomly generated in [−1, 1].

23 end
// Evaluate the new solution f (xnew)

24 if Random[0, 1] < Ai and f (xnew) > f (xi) then
// Accept the new solution.
// Increase ri.

25 ri ← r0i [1− e
(−γ t)];

// Reduce Ai.
26 Ai ← αAi;
27 end
28 end

the SVM. Next, the SVM classifies the image and returns its
accuracy. BOA takes this value as fitness (profit) and it checks
if the new value is better than the best old value, then they
are exchanged. Otherwise, values remain. Finally, the last
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FIGURE 5. Training and adjustment of γ and C parameter values for SVM with Bat Algorithm
Optimization.

iteration gives the best accuracy. After the complete execution
of the metaheuristic, a trained model with the best adjustment
for γ and C is obtained.
The complete process is shown graphically in Figure 5.

The range of possible values were chosen equal to [0.03− 4]
and [4 − 10] for γ and C , respectively. The lower and
upper limits were determined following the standard SVM
scikit-learn1 implementation, and are considered as the SVM
default parameters. Results are analyzed in terms of accuracy
and confusion matrix, in order to quantify false positives and
false negatives due to their importance in a clinical context.
Finally, we provide a statistical test for the comparison of
the models with and without parameter tuning, in order to
check if the parameter tuning is associated with a significant
improvement.

For the pre-processing phase, the learning phase, and
the classifying phase, Python v3.73 is used. Computational
experiments were run on an Intel Core i3 1.9GHz machine
with 4GB RAM and an NVIDIA GeForce 820M integrated
card. Default configuration of the Anaconda Distribution is
used. Referring to the libraries: we import OpenCV as main
tool to implement the pre-processing phase of the images;
Matplotlib was used for the data visual representation; for
array manipulation we include Numpy library; finally, for
mathematical operations Math library was used. For the fea-
ture extraction phase, skimage and scipy were used. At the
end, the SVM standard model with the Cross-Validation and
metrics were retrieve from the scikit-learn library.2

The ability of the different features to discriminate between
the fractured and the non fractured groups, was also anal-
ysed using a reference method: the binomial logistic regres-
sion. Odds Ratios (ORs) were expressed as increases in the
estimated fracture risk per one standard deviation decrease.
To estimate the sensitivity and specificity of the different
parameters for the fracture discrimination, the ROC curves
were calculated and the AUCwere determined. Adjusted ORs
and AUCs were computed with age, BMI and cortisone as

1https://scikit-learn.org/stable/
2For further detail in the proposed approach and its replicability, we done

available in https://github.com/Rainvert/Clasificacion-de-Imagenes-BDAT-
Fracturas

covariates. OR and AUCs were calculated using averaged
(over the 20 images) feature values, i.e., 32 averaged features
per patients.

V. RESULTS
A. LOGISTIC REGRESSION
Results of the binomial logistic regression analysis are given
in Table 1 for the first dataset (201 patients) and Table 2
for the second dataset (250 patients). Only significant and
marginal results, i.e., associated with p-value lower than
0.05 and 0.10 respectively, are reported. For the first dataset,
unadjusted AUC values range from 0.58 to 0.63 while unad-
justed OR range from 1.3 to 1.5, similar to Ct.Th or Ct.Po
(AUC = 0.62, OR = 1.5) and lower than aBMD neck (AUC
= 0.65, OR= 1.9). When adjusted, AUC and OR values were
equal to 0.71 and about 1.4 respectively for both automatic
features and Ct.Po, similar to aBMD neck values (AUC =
0.72, OR = 1.5). For the second dataset including failure
cases of the inverse problem, unadjusted AUC values range
from 0.57 to 0.60 while unadjusted OR range from 1.3 to
1.5 lower than aBMD neck (AUC = 0.68, OR = 2). When
adjusted, AUC and OR values were equal to 0.75 and about
1.4 respectively, lower than aBMD neck values (AUC= 0.76,
OR = 1.6).

B. SVM
The main objective of this study is to obtain a classifier based
on a SVM that presents the best accuracy metric. Because
SVM requires parameters for its classification, it is sought
to obtain the best result by making an automatic selection
of parameters. This is done through the application of a
population metaheuristic, such as the BOA. From this pro-
cess, the following results shown in Table 3 were obtained
in 20 generations of 10 bats; the data are summarized every
five generations. Furthermore, it indicates the minimum and
maximum accuracy reached in each generation, throughout
the process.

According to the computed results, one can observe that
a high accuracy is already obtained in the first generation
and this value remains equal or improves over the iterations.
The algorithm quickly, in a reduced number of generations,
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TABLE 1. Dataset 1 (201 patients): Odds ratios (OR) and areas under the ROC curve. AUC and OR are adjusted for age, BMI and cortisone. *p-value < 0.05.
**p-value < 0.01. ***p-value < 0.001.

TABLE 2. Dataset 2 (250 patients): Odds ratios (OR) and areas under the ROC curve. AUC and OR are adjusted for age, BMI and cortisone. *p-value < 0.05.
**p-value < 0.01. ***p-value < 0.001.

managed to converge to an acceptable adjustment of parame-
ters. Each accuracy obtained corresponds to an average of the
training validated with 5 folds and 2 iterations of repeated

cross-validation. The automatic classification was also car-
ried out using default parameters, i.e., γ and C equal to
0.031 and 1.0, respectively. Results obtained with the two
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TABLE 3. Adjustment of SVM parameters with bat algorithm. ACC:
Accuracy.

TABLE 4. Comparison of accuracy (ACC) provided by the unadjusted and
BOA adjusted SVM models.

TABLE 5. Adjusted SVM average confusion matrix (SVM + BOA). F:
Fractured - NF: Non Fractured.

methods, default and tuned parameters, are shown in Table 4.
For both datasets, it can be observed that the accuracy greatly
increased when the parameters γ and C were adjusted, from
about 72-74% to about 91-92%.

In order to test if the adjustment of the γ and C
parameters provided a significant improvement in com-
parison with the unadjusted case (Table 4), two statis-
tical tests were applied to the distributions containing
the 20 execution results [55]. The normality was assessed
using a Kolmogorov-Smirnov-Lilliefors test leading to the
use of the non-parametric test, Wilcoxon-Mann-Whitney. For
both datasets, the BOA provided a significantly better accu-
racy, with a p value lower than 10−10.
The training of an SVM model with adjusted γ and C

parameters provided average accuracy of 92.31% (dataset 1)
and 91.85% (dataset 2). The corresponding confusion matri-
ces are shown in Table 5. Measures derived from the confu-
sion matrix, i.e., precision, recall, F1-Score and specificity,
are given in Table 6, with values ranging from 0.89 to 0.95.

TABLE 6. Measures from confusion matrix: Measure correspond to
non-fractured class as positive (SVM + BOA).

As mentioned earlier, 20% of the data was used for
testing, which corresponds to 804 and 1000 images for
datasets 1 and 2 respectively. If the conversion is made
per patient this equates to 40 and 50 patients, since each
one has 20 images. Based on this, we compare how many
of the 20 samples were correctly predicted by the model,
obtaining with a percentage of certainty or closeness to
the known diagnosis of the patient. This percentage ranges
from 70 to 100%with amean of 91% and a standard deviation
of 3%. Moreover, one of the main advantage of the approach
described in this paper is that all images could be used con-
trary to the inverse approach where the failure rate is about
20% on the same data set [28].

For the results exposed in this study, the pre-processing
phase and the loading of all post-processed images take
4:52 minutes and 2:46 minutes, respectively. In the training
process every generation of the 20 bats takes on average
6:35 minutes with a starting generation of 11:28 minutes,
1 Bat alone takes an average of 40.26 seconds. Finally, the
complete stage of training and tuning of parameters takes a
total of 1:55:12 hours for dataset 1.

VI. DISCUSSION
The context of this work is the development of novel medical
device aiming to complement the current gold standard for
bone status assessment, i.e., DXA. Even if DXA remains the
current gold standard, it is limited by the difficulty to set a
threshold in the aBMDdistribution for osteoporosis diagnosis
[5]. However, to this day, no alternative technique, with a
fracture prediction ability significantly superior to DXA, has
emerged.

The aim of this paper was to propose a new paradigm,
exploring automatic classification tools, without the need of
any underlying physical model. SVM approach was applied
on ultrasonic guided wave spectrum images, obtained from a
previous cross sectional study. In this previous study, inverse
problem approach was tested and cortical porosity was found
as discriminant as femoral aBMD after adjustment on age,
BMI and cortisone intake. In this paper, 32 features have
been extracted for each guided wave spectrum image. Some
of these parameters showed AUC about 70 - 75%, similar to
aBMD and Ct.Po (Tables 1 and 2). On the one hand, logistic
regression associated with odd ratios and ROC curve, is of
current use by clinicians. Its principle is based on weighted
least squares algorithm allowing to fit the data with a linear
regression, which may limit the performance if this assump-
tion is not verified, or in case of large number of variables or if
the variables are highly correlated. On the other hand, SVM
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principle is based on a separation boundary, or hyperplane,
in a multiple dimension space. These two methods have been
often compared [56], [57], the advantages of tuned SVM
depending on the complexity of the data. Even if accuracy,
provided by SVM, and AUC, provided by logistic regression,
are somehow similar, they correspond to different concepts
[58], [59]. Logistic regression was used here as a reference
method in a clinical context.

Using all 32 features without optimization, no signifi-
cant improvement was observed, i.e., accuracy remained
about 70 - 75% (Table 4). One of the main results of this
paper is that, using BOA the accuracy significantly improved
to about 90%, in this case larger than the aBMD accuracy
(Table 4). Moreover, when regrouping images per patient,
all patients are correctly classified. This result has to be
mitigated by the fact that only 20% of the database was used
as input data for the testing phase, even it has been randomly
tested 20 times.

Moreover, the interest of the pre-processing step can be
quantified in the following way: during the sampling phase,
we tested the same environment without the pre-processing
and obtain for the dataset 1 an accuracy of 86.84% lower
than the accuracy of 92.31% obtained with the application
of the pre-processing process. This result suggests that the
pre-processing step and in particular the mask application
effectively allows to retain the guided wave information,
while removing the noise.

Indeed, these results have to be confirmed using other
databases of guided wave spectrum images potentially
obtained in different hospitals. Surely, a deeper analysis of
the physical meaning and significance of the 32 features will
be needed. In this paper, it can already be observed that
the three ROIs present different behavior: ROI1 is discrim-
inant without adjustment whereas ROI3 is discriminant after
adjustment while ROI2 is almost never discriminant. These
ROIs have been chosen considering physical arguments about
guided waves: ROI1 is associated with A0 mode, guided
mode of lowest phase velocity while ROI3 is associated
with the modes of highest phase velocities and high disper-
sion branches corresponding to multiple paths between the
two cortical layer boundaries [52]. This domain has been
shown to be the less affected by the surrounded soft tissue
corresponding to velocities close to the water, i.e., close
to 1.5 mm.µ s−1. The fact that ROI3 parameters are discrim-
inant after age, BMI and cortisone adjustment could be of
significant clinical interest if confirmed with other studies.
It suggests that non-traumatic fractures may be linked with
irregularities of the internal cortical boundaries, associated
with trabecularisation and impaired bone remodeling [60].

Regarding future work, it is worth noting that more calcu-
lated features related to GLCM could be included, as well as
different ROIs. Also, the number of generations and agents
in the execution of metaheuristics will be increased for the
adjustment of γ and C parameters. Also, as future work
we will explore the automatic classification with different
hybrid techniques [61]–[63] and the significance and physical

interpretation of each feature. Finally, special attention will
be given to achieving a reduction of false positives and false
negatives generated by the model, looking forward to reduc-
ing the possibility of a misdiagnosis.

VII. CONCLUSION
In this work, a model was presented for the classifica-
tion of patients with non-traumatic fractures and without
non-traumatic fractures from guided wave spectrum images
obtained with a Bi-Directional Axial Transmission (BDAT)
device and a dynamic machine learning approach. This
model consists of a Support Vector Machine (SVM), with
parameter adjustment using a bio-inspired algorithm, which
corresponds to Bat Algorithm Optimization (BOA). This
exploratory study opens perspective towards a robust ultra-
sonic DXA alternative using automatic classification of
guided wave spectrum images obtained with a BDAT device.
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