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The goal of this study is to estimate micro-architectural parameters of cortical porosity such as pore diameter (¢),
pore density (p) and porosity (V) of cortical bone from ultrasound frequency dependent attenuation using an
artificial neural network (ANN). First, heterogeneous structures with controlled pore diameters and pore den-
sities (mono-disperse) were generated, to mimic simplified structure of cortical bone. Then, more realistic
structures were obtained from high resolution CT scans of human cortical bone. 2-D finite-difference time-
domain simulations were conducted to calculate the frequency-dependent attenuation in the 1-8 MHz range. An
ANN was then trained with the ultrasonic attenuation at different frequencies as the input feature vectors while
the output was set as the micro-architectural parameters (pore diameter, pore density and porosity). The ANN is
composed of three fully connected dense layers with 24, 12 and 6 neurons, connected to the output layer. The
dataset was trained over 6000 epochs with a batch size of 16. The trained ANN exhibits the ability to predict the
micro-architectural parameters with high accuracy and low losses. ANN approaches could potentially be used as
a tool to help inform physics-based modelling of ultrasound propagation in complex media such as cortical bone.
This will lead to the solution of inverse-problems to retrieve bone micro-architectural parameters from ultra-

sound measurements for the non-invasive diagnosis and monitoring osteoporosis.

1. Introduction

Osteoporosis is the most common metabolic bone disorder. It affects
both cortical and trabecular bone. It is characterized by low bone mass,
tissue degradation, deteriorated macroscopic mechanical properties and
altered micro-architecture [1-4]. Loss in bone mass leads to frequent
fracturing, higher mortality and reduction in life expectancy by 1.8
years [5-7]. For these reasons, early diagnosis and monitoring of oste-
oporosis is crucial. Several imaging modalities provide
semi-quantitative to qualitative analysis of the bone. DXA (Dual X-Ray
Absorptiometry) correlates well bone mineral density (BMD). High
resolution peripheral quantitative computed tomography (HR-pQCT)
and magnetic resonance imaging (MRI) based techniques are also used
for the characterization of bone. However all these methods have
shortcomings. MRI lacks resolution [8], and CT based methods are
associated with radiation doses making it unsuitable for frequent use,
screening and monitoring [9-11]. MRI and CT are also associated with
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high costs and low portability. DXA is less ionizing but BMD measured
with DXA insufficiently correlates with fracture risk [12]. DXA assess-
ments suffer from high variability from person to person [13].
Traditional ultrasound imaging is based on the concept of echolo-
cation. However, in highly heterogeneous media such as bone or the
lung, traditional imaging methods fail. This is due to the high hetero-
geneity and large impedance changes within the propagating media. The
presence of fluid-filled pores introduces multiple scattering and aber-
rations, making bone elusive to ultrasound imaging for osteoporosis and
osteopenia diagnosis [14-16]. Quantitative ultrasound (QUS) tech-
niques are better suited for such applications. The backscattered signals
from propagation in such complex media can be characterized using
quantitative methods [17-34]. As the ultrasonic wave travels through a
complex heterogeneous medium, its propagation is affected by the
micro- and macroscopic changes. Correlating changes in trabecular
micro-architecture to ultrasonic parameters such as frequency depen-
dent attenuation, phase velocity or backscattering coefficient [35-38]
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have provided insights into quantifying microstructural parameters.
QUS can also be used to extract macroscopic changes such as elasticity
by measuring the axial speed of sound, which is recognized to be a
significant parameter in overall bone quality [39-44]. The fact that ul-
trasound is a mechanical wave makes it sensitive to macro-mechanical
changes of bone [45,46]. A multitude of research studies have been
performed to investigate the dependence of ultrasonic parameters on the
micro-architectural properties of trabecular bone but not enough on the
cortical bone. Analysis of parameters such as frequency dependent
attenuation, wave velocity, backscatter coefficient and diffusion con-
stant has shown promise [18,26,28,47-49]. Various QUS methods have
been developed to study cortical bone thickness and the wave speed,
which can then be associated to its macro-mechanical properties [39,
50-56]. Zheng et al. applied a spectral ratio method to estimate the
broadband ultrasound attenuation (BUA) in cortical bone [57]. Similar
work was done by Xia et al., wherein they calculated the normalized
BUA (nBUA) to characterize cortical bone [58]. Guided waves incor-
porating the lamb wave theory and dispersion curves have also been
adopted to characterize cortical bone [59-64]. Recent work by Youse-
fian et al. [65-67] showed that a phenomenological power law model of
the frequency dependent attenuation could potentially be used to
characterize the micro-architectural properties of complex porous
structures, giving access to pore diameter (@), pore density (p) and
porosity (v). There is a number of ultrasonic parameters, including
phase velocity, backscattering coefficient, diffusion constant etc. that
are associated with the micro-structural change in random media.
However, previous studies by the authors [65,67] and other groups
show the sensitivity of attenuation to micro-structural changes in
cortical bone in the MHz, mainly because among all the other US pa-
rameters, attenuation is associated with scattering. With osteoporosis,
porosity parameters, including pore size and density, change [2-4],
which affects ultrasonic scattering. Because of this, we limited our study
to attenuation to predict micro-structural properties.

Data-driven predictions combined with machine learning enable us
to generate prediction outcomes and is currently being extensively used
for clinical applications [68-71]. Clinical level classification accuracies
of skin cancer and breast cancer are now achievable using Convolutional
Neural Networks (CNN) [72]. Neural networks have the ability to
identify patterns and relationships from complex data sets [73,74]. In
supervised learning, a labelled training data set is used to map the input
to the output. Here, we propose to use neural networks to map ultrasonic
data (the frequency-dependent attenuation) to microstructural features
of cortical bone (pore diameter, pore density and porosity).

The purpose of this paper is not only to attempt to develop a potential
inverse problem solving method using machine learning, but also to use
machine learning to explore the dependence of ultrasonic attenuation to
these micro-architectural properties. We envision that neural networks
will inform physics-based modelling efforts by putting the spotlight on
the specific features that are the most relevant to the relationship be-
tween ultrasound parameters and microstructural parameters. We could
then potentially draw on information obtained from machine learning to
refine models of ultrasound propagation in cortical bone.

In this study, finite difference time domain (FDTD) simulations were
conducted to calculate the frequency dependent attenuation
(1 MHz-8MHz) in 2-D geometries resembling simplified cortical bone
structures (mono-disperse). Pore diameter and pore densities were
modified to obtain attenuation data for a wide range of micro-structural
features. In addition, realistic cortical bone structures (poly-disperse)
were obtained from high resolution CT scans of human cortical bone and
using image processing techniques, from which micro-architectural
parameters were extracted. Frequency-dependent attenuation values
were mapped to the corresponding micro-architectural parameters and
used as the data set. An artificial neural network (ANN) was then trained
over the simulated data set to predict micro-architectural parameters. In
section II, we discuss the data collection methodology for both mono and
poly-disperse cases. Section III presents how the ANN model was
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formulated followed by the results and conclusion in. sections IV and V
2. Data collection and methodology
2.1. FDTD simulation

All simulations of ultrasound propagation through structures
mimicking cortical bone were carried out using SimSonic, an open
source simulation software based on FDTD numerical methods [39,75].
The simulated media were solid slabs with fluid filled pores resembling
bone tissue (marrow inside cortical bone). The solid phase was given the
properties of pure bone whereas the fluid filled pores were given
properties of water. Absorption coefficients were attributed to both the
solid and fluid phases. For the cortical bone matrix, the absorption co-
efficient was set to 10 dB/cm/MHz which is arbitrary. This was chosen
because to the best of our knowledge there hasn’t been any research on
the absorption coefficient in the tibia cortical bone. Attenuation from
both scattering and absorption (visco-elasticity) was therefore accoun-
ted for [76]. The material properties of the solid and fluid phases are
summarized in Table 1. Simulations were carried out in the structures in
the 1-8 MHz range with 1 MHz frequency intervals. The transmitted
wave was a Gaussian ultrasonic pulse with a —6 dB, 20% bandwidth.
Shown in Fig. 1 is an example of the transmitted signal in the time and
frequency domains for a 1, 5 and 8 MHz pulse.

With a highest simulated frequency of 8 MHz, the smallest wave-
length is equal to 500 pm. All simulations were carried out in 2-D with a
grid step size of Ax =Ay =10 pm (50 points per wavelength at 8 MHz).
Perfectly Matching Layer (PML) boundary conditions were applied at
both ends of the simulation domain in the direction of wave propagation
to minimize the effect of boundary reflections. Symmetry boundary
conditions were applied in the direction perpendicular to wave propa-
gation to simulate a plane wave and to eliminate effects of diffraction. In
order to satisfy the CFL (Courant-Friedrich Levy) condition, the CFL
number was set to 0.99 [77] and the sampling time step At was chosen as

Ax
Ar=0.99——"— (€]

Where cpqy is the maximum speed of sound in the simulation domain
and d is the dimension of the space (d = 2 for 2D). On average each set of
2D simulation for the given grid step at each frequency takes between 2
and 3 min. Lower frequencies simulations take more time because of the
greater PML thickness surrounding the structure.

2.2. Mono-disperse geometry

Simple mono-disperse structures resembling cortical bone were
generated using a Monte Carlo method for each combination of ¢ and p.
For each pore with the given diameter, the center coordinates (X,Y,) are
chosen randomly with a uniform distribution between the boundaries of
the structure X.€[X},X,] and Y.€[Y},Y,] such that P(X.) = 1/(X,-X)) and
P(Y.) =1/(Yy-YD. Applying a constraint to make sure that there will not
be any overlap between the boundaries of neighboring pores, pores are
distributed in the solid bone matrix until the required pore density is
reached.

The ¢ and p ranged from 20 to 120 pm (discrete steps of 10 pm) and
3-16 pores/mm2 3,5,6, 7, 8,10, 12, 14, 15, 16) respectively. The
porosity was derived from pore diameter and pore density based on

Table 1
Material properties for FDTD simulations [39].
Solid Properties Values  Fluid properties Value
Wave Speed Cp, (mm/ps) 4 Wave Speed C,, (mm/ps) 1.54
Density pp, (g/ml) 1.85 Density py, (g/ml) 1.00
Absorption coefficient o, (dB/ 10 Absorption coefficient a, (dB/ 0.1
cm/MHz) cm/MHz)
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Fig. 1. Signal in time and frequency domain.
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From Equation (2), it can be determined that the porosity ranged
from 0.001 to 0.18 (zero being no fluid and one fluid only). The
generated structures had a dimension of 10 mm by 10 mm (1000 pixels
by 1000 pixels). Shown in Fig. 2 are examples of two mono-disperse
structures generated for FDTD simulations. 110 unique combinations
of pore diameter and pore density were generated and FDTD simulations
were carried out. For each combination, three different realisations were
generated to form 330 simulations in total (3 (realisations) x 110
(cases)).

2.3. Poly-disperse structures

The structure presented in the previous section is a simplified rep-
resentation of bone micro-architecture. In order to obtain more realistic
cortical bone simulation domains, 2-D images were obtained from high
resolution CT scans of a human cortical bone. 3-D CT scans of resolution
6.5 pm were obtained, as described in Refs. [78,79] and 2-D planar cross

A

10 mml

10 mm

sections were randomly taken for FDTD simulations. The CT scans were
normalized and binarized based on a threshold which demarcated the
bone matrix and the fluid filled pores. Due to high spatial resolution and
contrast of SR xCT images, a wide range of threshold levels would have
resulted in the same binarized image and segmentation was straight-
forward and a global threshold was used for all specimen [80].

The porosity of the images was obtained by dividing the number of
pixels associated with the liquid phase to the total number of pixels in
the cross-section. To measure the average pore diameter and pore den-
sity, every single closed surface within the segmented bone cross-section
was labelled. The number of labels indicated the total number of pores,
and the ratio between pore number and the entire bone area provided
the pore density in pores/mm2. To estimate the mean pore diameter,
pores were assumed to have a circular shape. The area of each pore was
equated to the area of a circle and diameter of each pore was calculated.
By measuring the area of each pore and averaging the calculated di-
ameters, the mean pore diameter and its standard deviation were ob-
tained. FDTD simulations were carried out on 964 cross sectional
structures with the ¢, p, v and standard deviation (SD) of the pore
diameter ranging from 27 to 115 pm, 9-22 pores/mm?, 0.01-0.2 and
16-82 pm respectively. Shown in Fig. 3 are examples of poly-disperse

Fig. 2. Mono-disperse bone schematic geometry, A: ¢ =50 pm, p =3 pores/mm2, B: ¢ =120 pm, p =16 pores/mm2.
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structures obtained from CT scans after image processing.

2.4. Attenuation measurement: time-distance matrix approach (TDMA)

Plane waves were transmitted through the structures (mono and
poly-disperse) using FDTD simulations. Receivers were placed at 30
consecutive longitudinal positions along the structure in the direction of
wave propagation, separated by the same distance, (0.3 mm for mono-
disperse and 0.09 mm for poly-disperse). The emitter and receiver size
was the same as the simulation domain size (10 mm for mono-disperse
and 3.7 mm for poly-disperse) hence covering the whole height of the
slab. Time domain signals were recorded by each receiver in a time-
distance matrix s(t, x), which was then converted into the frequency
domain S(f,x). The received time signals for the 100 ym ¢, and 7 pore/
mm? p are shown in Fig. 4.

In the time domain, the wave amplitude was assumed to have an
exponential decay (Shown in Fig. 4) over time. Doing a fast Fourier
transform (FFT) of all the time signals allowed us to obtain the frequency
domain data. The attenuation-dependent frequency was then calculated
based on Equation (3) [47].

IS(f, x)| = e 3
Hence, for each frequency, if In|S(f, x)| was plotted versus x, the absolute
value for the slope of the linear fit to the data represents the attenuation
coefficient, a(f).Using a frequency sweep from 1 to 8 MHz, the attenu-
ation coefficient a(f) was calculated, details of which can be found in the
work by Yousefian et al. [65]. Shown in Figs. 5 and 6 are frequency
dependent attenuation plots for the mono-disperse and poly-disperse
cases.

It can be clearly seen that with an increase in pore diameter, the
attenuation at a given frequency increases. This is attributed to addi-
tional losses in the ultrasonic wave due to stronger scattering. Similarly,
with an increase in pore density, the attenuation increases, due to an
increased number of scatterers, accentuating the attenuation.

3. Neural network model

Data from FDTD simulations was used to train an ANN. The ANN
model built for supervised training consisted of five fully connected
layers, as shown in Fig. 7. It should be noted that Fig. 7 is not an accurate
representation of the number of neurons in each layer, but rather is a
pictorial representation of how the neurons in each layer are connected.
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Fig. 3. Poly-disperse bone
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In supervised learning, a labelled set of data is used to map the input
data to the desired output. In a regression problem, the output is not a
classification but discrete output values, which are mapped to the input
feature vector. The ANN was trained based on backpropagation, with
the input layer having 8 neurons and the output layer having 3 or 4
neurons depending on whether standard deviation of the pores (in the
poly-disperse structures) has been considered as an output or not. The
number of neurons in the hidden layers have been set as 24, 12 and 6.
We deliberately kept the number of neurons low in this problem state-
ment to avoid over-fitting. The a(f) at frequencies 1-8 MHz was used as
the input feature vector X, whereas the output layer Y gave the predicted
¢, p and v. Hence, X is an 8-dimensional space where as Y is a 3 or 4-
dimensional space (for mono- and poly-disperse structures respec-
tively). All the ANN modelling was done in the Python API of
TensorFlow.

Once all the data was acquired, the total data set was split into
training and test data (test size = 0.2). The training data (Both X and Y)
was scaled using the StandardScaler transformation in Python. While
training and compiling the ANN model, we used the Adam optimizer.
Furthermore, the training data was then split into training and valida-
tion sets (cross validation size =0.2) and the validation loss (mean
squared error) was monitored for convergence or fine-tuning of the
hyper-parameters. The batch size while training was set to 16 samples
and the ANN was trained over 6000 epochs. The validation loss was
calculated based on the equation shown below

1 2
Loss ==Y (Y=Y,
0ss =~ ( )

i=1

4

Where Y; is the actual output, 171 is the prediction from the model and n
is the total number of data sets over which the loss is being calculated.
The performance of the ANN model was evaluated based on the vali-
dation loss.

For this study, we built three separate ANNs. The first ANN only took
into account the mono-disperse structures. The second ANN only
considered the poly-disperse structures. Finally, a unified ANN model
was trained using all mono and poly-disperse cases. For the mono-
disperse case, the output parameters were set as pore diameter, pore
density and porosity. We acquired 330 (110 x 3 (realisations)) sets of
data. For a given realisation, 110 sets were acquired by varying the ¢
and p in ranges of 20-120 pm (11 discrete steps) and 3-16 (10 discrete
steps) pores/mm? respectively. Synthetic data was then generated from
these 110 sets of data using spline interpolation. 110 sets of data were
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interpolated to 1130 sets of data with steps in pore diameter and pore
density set to 2pm and 0.23 pores/mm? This was considered a
reasonable assumption since at a given frequency, the attenuation
increased monotonously with an increase in pore diameter and pore
density as shown in Fig. 8.

Fig. 8 depicts the trend in attenuation at a central frequency of
8 MHz. For a fixed ¢, the attenuation increases with increasing p.
Similarly, for a fixed p, the attenuation increases with increasing ¢. The
reason for this interpolation to generate synthetic data was to have
enough data sets for training. For the poly-disperse cases, enough data
sets were readily available via the CT slices and no such interpolation
was conducted. The output variables were set as ¢, p, v and SD. For the
third unified neural network, which combines both the data sets, the
output vector had four variables (¢, p, v and SD). Shown in Table 2 are
the details of all the neural networks. The difference in the number of
trainable parameters arises from the difference in output variables.

4. Results

The convergence of the ANN for the mono-disperse model over 6000
epochs is shown in Fig. 9. Even though the training losses are 0.07, the
validation loss was determined to be 0.13. Shown in Fig. 9 are the results
obtained from the ANN on the mono-disperse structures, comparing the
estimated values of pore density, pore diameter and porosity to the true
values.

The x-axis depicts the true values whereas the y-axis depicts the
values predicted by the ANN post training. The normalized root mean
square deviation (NRMSD) for the test data was calculated based on
equations (5) and (6).

211\, (ypredirted -y ) ?

RMSD =
N

(5)

NRMSD = M (6)
y
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Where, y is the true value, N is the total number of readings and y is the
mean of the actual values. NRMSD was found to be 0.06, 0.18 and 0.065
and R? were found to be 0.98, 0.81 and 0.99 for pore diameter, pore
density and porosity respectively.

Shown in Fig. 10 are the results obtained using the ANN on the poly-
disperse structures. Normalized root mean square deviation (NRMSD)

for the test data was found to be 0.069, 0.071, 0.043 and 0.055 for
porosity, pore diameter, pore density and standard deviation respec-
tively. For the poly-disperse case, the porosity (R?=0.99) and the pore
density (R?=0.94) are both predicted accurately and independent of
each other.

Fig. 11 shows the results obtained from an ANN with input data as
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Table 2
Details of three ANN Models.
DNN Model  Dimension of Input Output Trainable Total
Feature Vector variables Parameters data sets
Mono- 8 3 615 3390
Disperse
Poly- 8 4 622 964
Disperse
Combined 8 4 622 1294

the data obtained from both mono-disperse and poly-disperse simula-
tions. The loss and validation loss for the combined ANN was 0.05 and
0.15 respectively. The results showcased in Fig. 11 exhibit high accuracy
in predicting porosity, pore diameter and SD with R? values of 0.97, 0.94
and 0.98 respectively. NRMSD for the test data was found to be 0.09,
0.10, 0.21 and 0.11 for v, ¢, p and SD respectively.

5. Discussion

One of the limitations of the present study is the need to interpolate
the data set for the monodisperse structures. Because the Monte Carlo
method necessary to create the monodisperse structures is computa-
tionally heavy, no more than 110 simulations could be conducted. This
data set was not large enough to allow the training of the neural
network. However, the relationship between frequency-dependent
attenuation on one hand, and pore diameter and pore density on the
other hand, is monotonous (Fig. 8), so this interpolation can be assumed
reliable. Using more than 1130 data sets did not improve the accuracy of
the results significantly, but increased computation times significantly.
This is why an interpolation to 1130 was chosen.

A validation loss of 0.13 was found. The number of neurons chosen
for the ANN was based on two major factors: computational time and
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overfitting. By increasing the number of neurons, the validation loss is
bound to get lower; however, over-fitting might occur if too many
neurons are used in the hidden layer. Also, given the relative simplicity
of the problem, large number of neurons were unnecessary.

It can clearly be seen that for prediction of p, the ANN does not
perform as well as it does for the other two parameters. At low pore
diameter, with change in pore density, the frequency dependent atten-
uation does not change much. It is hypothesized that at low pore
diameter, scattering is weaker and attenuation is dominated by ab-
sorption. However, at higher pore diameters, the attenuation changes
more significantly with changes in pore density. In this stronger scat-
tering regime, the porosity affects attenuation more significantly. This is
illustrated in Fig. 12. It is interesting to note that pore density is the
controlled variable along with pore diameter. The porosity is obtained
from equation (2) and is derived from pore diameter and pore density.
The ANN is capable of predicting porosity with high accuracies, however
it is not as accurate with pore density. This could be attributed to the fact
that porosity has a dependence of ¢ and hence the determining factor
for porosity becomes the pore diameter and the effect of pore density is
reduced.

The fact that the ANN predicts the SD (the standard deviation of the
pore diameter distribution obtained from image processing of CT scans)
shows its potential to be sensitive to the kind of pore distribution that
exist in real cortical bone. Indeed, for the poly-disperse case, porosity is
not derived from pore diameter and pore density and is obtained from
image processing as detailed in section II.

One can clearly see in Fig. 11, the pore density predictions are less
accurate in the low range of p values between 3 and 9 pores/mm? which
mostly correspond to the mono-disperse case; however, for mid-range
and higher pore densities, the ANN is sensitive and can predict p more
accurately. Note here that for true SD values of zero (mono-disperse),
the ANN predicts SD values between 0 and 3 pm. This demonstrates that
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Fig. 9. ANN Results for Mono-Disperse data only.
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the ANN has the potential to identify the type of distribution and even
predict the standard deviation of the distribution of scatterers in the
cortical bone with high fidelity.

It should be noted that the purpose of our study was mainly to
determine the independent effect of the parameters of the cortical
microstructure on ultrasonic attenuation. Controlling pore diameter and
pore density independently would have been difficult to do experi-
mentally, where changing one parameter while keeping the other one
constant (as we did for the mono-disperse case) would have been
impossible. Moreover, having access to large enough numbers of bone
samples to train the ANN could be challenging, and out of scope of this
proof of concept.

A limitation of the ANN model was its lower R? values and higher
NRMSD for predicting pore density. From the unified ANN, it can be said
that the ANN is sensitive to the range of pore diameter. At lower pore
diameters, the attenuation may not be sensitive enough to pore density,
which can be seen in Fig. 12. However these are for only mono-disperse
cases. On the other hand, for the poly-disperse case, the data is more
spread out and the additional training parameter SD allows for better
discrimination between pore densities with higher accuracies.

The current state of the art in predicting the micro-architectural
parameters of bone using ultrasound involves simple phenomenolog-
ical observations of correlations between ultrasound parameters and
bone microstructure, as well as more advanced physics-based modelling
approaches. In trabecular bone, several studies have compared ultra-
sonic predictions to trabecular microstructural parameters obtained
from high resolution micro-CT. Relatively high correlations have been
observed between porosity, trabecular thickness, frequency dependent
attenuation and speed of sound [81,82]. In cortical bone, Laugier et al.
used a guided wave approach to predict cortical thickness (R% = 0.89,
p< 10~>) and porosity R2= 0.63,p< 107> [83,84]. Similar work done

by Schneider et al. [85] has further confirmed guided wave parameters
to be correlated with porosity and thickness. In terms of physics-based
modelling of ultrasound propagation, Yousefian et al. [67] have
demonstrated the potential of scattering models to predict cortical
porosity from ultrasound data, and Karbalaeisadegh et al. have
demonstrated that average pore diameter and porosity were associated
to the diffusivity of ultrasound [86]. Based on these models and obser-
vations, various approaches have been attempted to solve the inverse
problem. Some inverse problems were based on the Biot model in
trabecular bone [87-89]. Several inverse solutions have also been pro-
posed to predict backscatter coefficient, nBUA, cortical bone thickness,
elastic velocities, and cortical porosity [29,90-93]. Although these ap-
proaches are highly interesting, the solutions to these inverse problems
are unfortunately often not unique. Exploring data-driven inverse
problems using machine learning such as the one proposed here is
therefore highly relevant, as it holds potential for the non-invasive,
quantitative assessment of bone using ultrasound. A pilot study was
recently conducted by Vogl et al. [94], in which low frequency ultra-
sound data was used to train a support vector machine, with velocity of
guided waves in the tibia at different frequencies at an input. This study
showed a good agreement between the predictions of the model and
DXA values at the lumbar spine. The frequencies used in this pilot study
suggest that the algorithm was mostly sensitive to tibial cortical thick-
ness. However, to our knowledge, no previous effort was conducted to
leverage an ANN to predict the micro-architectural parameters of
cortical porosity. In the present study, we also chose a mixed approach,
that combine physics-based insights (the knowledge that frequency
dependent attenuation is related to cortical porosity) and data driven
insights. We therefore propose to characterize cortical porosity in terms
of averaged statistical properties. This ANN method has shown the
ability to predict a variety of parameters such as pore diameter
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(R2=0.94), pore density (R2:0.62), porosity (R2=0.98) and pore
distribution (R%2=0.98). Applications of machine learning to bone
characterization are still at an early stage, but they hold tremendous
promise, and the diversity of potential future approaches is high.

6. Conclusion and future work

An ANN was trained on FDTD simulated data of ultrasound propa-
gation in cortical bone mimicking structures with controlled porosity,
pore diameter and pore density. An ANN was trained for mono-disperse
(created using a Monte Carlo approach) and poly-disperse (obtained

from human femur CT scans) structures. The two structures were then
combined and a unified ANN was established. The trained model, taking
the ultrasonic attenuation data as the input feature vector, predicted the
micro-architectural properties. The agreement between the predicted
values and true values ranges from good to excellent. The ANN consis-
tently predicted porosity and pore diameter with R? values greater than
0.9 and slopes of magnitude 1. The ANN showed potential in solving the
inverse-problem by accurately predicting the porosity, pore diameter
and standard deviation (SD). The lack of sensitivity towards p does
indicate that, in the near future, one could shift towards only looking at
porosity and pore diameter in the ANN model for predicting the onset of
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osteoporosis and characterizing the cortical bone. The unified ANN, was
able to differentiate between the mono-disperse and poly-disperse cases,
exhibiting its ability to predict the type of pore distribution in the micro-
architecture. Many studies suggest significant correlations between ul-
trasound parameters and bone parameters. It is now necessary to
develop inverse problems in order to retrieve these bone parameters
from ultrasound measurements. However, phenomenological models
and relationships based on observation are sub-optimal for the devel-
opment of solutions to inverse problems. It will therefore be necessary to
develop physics-based models. We propose to use data driven pre-
dictions to inform the development of these physics-based models, due
to their ability to point out the relevant parameters that need to be
focused on.

In the near future, the ANN can be trained with the ultrasonic
attenuation data to predict more traditional micro-structural parameters
such as bone mineral density (BMD) and bone volume/Total Volume
(BV/TV). This in combination with porosity, pore diameter and pore
density could help us establish a holistic prediction model for the
cortical bone.
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