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Abstract—Osteoporosis is a common disease characterized by
low bone mass and deterioration of micro-architectural bone tissue,
which provokes an increased risk of fracture. This work treats the
texture characterization of trabecular bone radiographs. The aim was
to analyze according to clinical research a group of 174 subjects: 87
osteoporotic patients (OP) with various bone fracture types and 87
control cases (CC). To characterize osteoporosis, Fractal and
MultiFractal (MF) methods were applied to images for features
(attributes) extraction. In order to improve the results, a new method
of MF spectrum based on the g-stucture function calculation was
proposed and a combination of Fractal and MF attributes was used.
The Support Vector Machines (SVM) was applied as a classifier to
distinguish between OP patients and CC subjects. The features fusion
(fractal and MF) allowed a good discrimination between the two
groups with an accuracy rate of 96.22%.

Keywords—Fractal, micro-architecture analysis, multifractal,
SVM, osteoporosis.

1. INTRODUCTION

STEOPOROSIS is a silent disease characterized by low

bone mass and deterioration of micro-architectural bones,
which results in a heterogeneous trabecular bone structure.
Any person may have osteoporosis, but it is more frequent in
postmenopausal women (50% of women will break a bone due
to osteoporosis compared to 25% of men older than 50) [1].
This disease increases the fracture risk since trabecular bones
become thin and brittle. The bones of the hip, wrist and
vertebral column are the most likely to suffer from fractures
due to osteoporosis [2].

Bone Mineral Density (BMD) is an important factor to
determine bone fragility [3]. Several works [4], [5], proved
that a change of bone characteristic is related not only to BMD
but also to the bone micro-architecture structure. An indicator
of the bone micro-architecture could allow a better prevention
of osteoporosis.

Several studies used the fractal analysis for the
discrimination between healthy and osteoporotic groups and
they proved that this was a discriminative measure. Authors of
[6]-[8] were interested in micro-architecture bone analysis
based on Fractal Dimension (FD) which measures the
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irregularity of an object. For example, Benhamou et al. [8]
applied fractal tools on radiographs of calcaneus for
discrimination between healthy and OP groups. Also,
Khosrovi et al. [9] applied fractal tools on radiographs of the
wrist in osteoporosis diagnosis. In addition, some studies used
fractal approaches, such as the fractional Brownian motion
[6]-[8] to discriminate between OP patients and healthy ones.
A simple FD can be considered as a measure of the degree of
complexity of an object. Natural objects or biological ones, as
radiographs bone images, are not simple fractals which can be
described with a simple FD [10], [11]. Hence, there is a need
to use MF analysis, which is an extension of the classical
fractal analysis to describe more complex structured objects at
different scales [12].

In this study, we are interested in the diagnosis of
osteoporosis using Fractal and MF methods. These techniques
are applied on radiographs images to extract features (Fractal
and MF attributes). The Differential Box Computing (DBC)
method was used to estimate the FD. Moreover, a new MF
spectrum based on the g-structure functions was proposed and
it is used to extract the MF attributes, i.e. the minimum
singularity coefficient (o), the maximum singularity
coefficient (0,.) and the area under spectrum (AUS). The
SVM was used as classifiers to distinguish between OP
patients and CC subjects. This paper is organized as follows:
sections 2 and 3 details respectively, the DBC method used to
calculate the FD and the MF spectrum calculation based on
the g-structure functions are detailed. Sections 4 and 5 include
the used database and the proposed methodology. The results
are illustrated in section 6. Finally, in section 7 and 8§, a
discussion and some perspectives conclude this paper.

II. FRACTAL ANALYSIS: DIFFERENTIAL BOX-COUNTING
METHOD (DBC)

The main advantage of the DBC is the use of grayscale
images. It considers an image as a three-dimensional object,
where (X, Y) are the coordinates of its pixel and z is its gray
level [13]. The space (X, Y, z) is divided into cubes of size
(e xe&xe). For each window f(i, j) of size (& x ¢ ) of the plane
(X, ¥), the number, L of the box containing the maximum gray
level and the number, k of the box with the minimum gray
level are determined, according to (1):

n=L-k+1 (1)

where r=¢/M for an image, sized (M xM ) and n_is the

number of boxes sized (&x & x¢&) required to contain the
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portion of the surface in the corresponding window f (& x &),
with ge[2,M/2]. The FD is obtained using (2) an N is the

sum of n_ in all windows: y _ 3G (i, j) are the

coordinates of a window f. The FD is given by:

log(N (5))

FD =lim| =< )
&0 log (j
&

[II. THE MF ANALYSIS BASED ON THE Q-STRUCTURE
FuncTioN
The spectrum calculation is based on the g-structure
functions [14] as a partition function. The g-structure function
is used to study the grayscale variation along a set of pixels
included in the image for different scales €. It allows the
regularity analysis of an object [14].
The discrete g-structure function Sq is defined as [14]:

1

Sq(s)—[sxzf(t+g)f(t)q\Jq, q#0 ®)

t

, =0 4)

SO($)=£><%“ (t+e)- (1)

where t is the position of a pixel from the image, f (t) is the
gray level of the pixel t, g is a moment, and ¢ is the scale.
The multi-scale function 7y associated to rugosity exponents

of the function f at different scales g:LN is defined by the
2

function 7z, (q):qeR—r, (q) with:

log(S
o (a) = g g2 q#0 )
log e
7,(q) =0, q=0 (©)
and
7(q) =limz, (q) ™

7(q) presents the global characterization of singularity of the
function f. In addition, we can characterize the local measure
by:

dr(q)

a(q) = ”

®)

a(q) is called the local regularity coefficient and it will be
used as MF attributes to study radiographs images. The MF

spectrum f ~ is defined by:

geR ©

f'(a(a)) =a(a)xa-7(a),

IV.  MATERIAL

Our database is composed of 174 trabecular bone
radiograph images of postmenopausal women. These images
are sized (400x400) pixels with 100 pm resolution and
obtained on calcaneus (bone of the heel) with a numeric
prototype of X-ray [15]. There were 87 controls (CC) and 87
patients with osteoporotic fractures (OP). Among the OP
subjects, there were 21 patients with hip fracture (HF), 22 with
vertebral fracture (VF), 23 with wrist fracture (WF) and 21
with other fracture (OF). Since age and number of fractures
have an influence on bone density and on trabecular bone
texture, the fracture cases (71.3 + 10.5 years) were age-
matched with the CC cases (70.1 £10.2 years). Moreover, the
number of fractures for each patient is known.

V. METHODOLOGY

In order to discriminate between OP patients and CC cases,
the DBC method and the new MF spectrum were applied on
the trabecular bone radiograph images: the CC group and the
OP group with various fracture types. For classification, the
used features were the FD obtained from the DBC method and
three attributes deduced from the MF spectrum based on the g-
structure functions. These are the minimum singularity
coefficient (0u,,), the maximum singularity coefficient (Oimax)
and the area under the spectrum noted ‘AUS’.

Finally, to evaluate and compare the effectiveness of the
different attributes, we used the SVM. It is one of the most
popular supervised classifiers in machine learning and pattern
recognition.

(W]
Fig. 1 Trabecular bone radiographs image, (a) control patient (b) OP

The SVM classification was achieved by constructing a
hyperplane that optimally discriminated the data into two
classes [16]. For real data like medical images, the non-linear
classification is very useful. For this reason, we choose the
SVM classifier and based on the kernel functions, the non-
linear classification can be used. The SVM classifier [17], [18]
was trained using a training set that contained bone radiograph
images from the CC group and the OP patients. The
performance of the classifier was checked using the RBF
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kernel. There was no overlap between the images used for
training and testing.

Fig. 1 presents two radiographs images from our database;
Fig. 1 (a) image of control patient, Fig. 1 (b) image of an OP.
As it is shown, that is very difficult to discriminate between
the two images.

Fig. 2 shows an example of a MF spectrum based on the g-
structure function. The MF attributes deduced from it are: Oy
=12.81, tpax = 19.52 and AUS=59.79.

VI. RESULTS

The Fractal and MF measures were applied on the
trabecular bone radiograph images: the CC group and the OP
one with various fracture types: HF, VF, WF and OF. The
SVM with the RBF kernel was used as a classifier to
distinguish between two populations and the effect of the
different attributes was estimated based on the accuracy rate
defined by (10).

MF spectrum based on the g-structure functions

10 T T

9,

f(alpha)
(6]

0
12 13 14 15

1
16 17 18 19 20

alpha(q)

Fig. 2 The MF spectrum based on the g-structure functions

TP+TN

Accuracy = ——
Y TP+FP+TN+FN

(10)
where: True Positive (TP) is the number of osteoporotic
people correctly identified. False Positive (FP) is the number
of healthy people incorrectly identified. True Negative (TN) is
the number of healthy people correctly identified. False
Negative (FN) is the number of osteoporotic people
incorrectly identified.

In order to distinguish between the two groups, we firstly
used each FD and MF attribute (pin, Omax Or AUS), then we
used these features combined. The number of fracture of each
patient is known and used for the classification.

A. Results Obtained by Each Method

Table I shows the classification rate found for different
classifications performed with each attribute separately.

The results show that the DBC method discriminates all OP
people with different types of fractures from healthy ones with
an accuracy rate of 42.16% and also allows the classification
of the two groups with the MF attributes with better scores. In
fact, we obtained a classification rate of 78.31%, 79.51%, and
80.72%, respectively for using the o, the amin and the
AUS. In addition, results of the discrimination between the CC
group and the different fracture groups with the MF attributes
(Omaxs Omin and  AUS) show better classification rates,
especially for Hip fractures where we obtained a classification
rate of 93.79%, 93.56% and 84.56% respectively for using the
Omax, the op, and the AUS. For the other fracture types,

acceptable scores were achieved.

TABLEI
ACCURACY RATE OF SEVERAL CLASSIFICATIONS USING EACH ATTRIBUTE
FD Olmin Olax AUS
HF vs. CC 90.56%  93.79%  93.56% 84.56%
VF vs. CC 90.56% 90.56% 90.56% 83.189%
WF vs. CC 90.56% 90.56% 90.56% 73.58%
OF vs. CC 96.22% 90.56% 90.56% 83.18%
Total OP vs. CC ~ 42.16%  79.51%  78.31% 80.72%

B. Results with Combined Attributes

Table II shows the classification rates found for different
classifications performed using the combination of the FD and
the MF attributes.

TABLEII
ACCURACY RATE OF SEVERAL CLASSIFICATIONS USING THE COMBINATION
OF THE DIFFERENT ATTRIBUTES

FD and oupin FD and oipax FD and AUS
HF vs. CC 96.22% 96.22% 94.76%
VF vs. CC 94.33% 94.33% 87.53%
WE vs. CC 94.33% 94.33% 79.24%
OF vs. CC 94.33% 94.33% 91.53%
Total OP vs. CC 60.84% 57.83% 59.03%

Table II shows the classification rate of the discrimination
between CC and the OP groups with various fracture types:
HF, VF, and WF and OF using the combination of the FD
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with each MF attribute. The results in Table II show an
improvement of the accuracy rate for different performed
classifications. We have specially obtained excellent
classification rates of 96.22%, 96.22%, and 94.76% for the
discrimination between the CC group and the Hip fracture
group respectively for the combination of (FD and oyy,), (FD
and om.x) and (FD and AUS). Also, the features fusion
enhanced results for the different fracture types (VF, WF and
OF) with good scores.

VIL

This paper proposes the application of FD estimated by the
DBC method and the MF spectrum based on the g-structure
functions. These techniques were used to analyze trabecular
bone radiograph images and discriminate between a healthy
group and an osteoporotic one. The advantage of the DBC
method is that it can be applied on grayscale images and it
allows the irregularity description of an object. The MF
spectrum based on the g-structure function is able to evaluate
the local and global regularity, which can be very helpful for
the micro-architecture analysis and precisely for radiograph
images analysis. The originality of this work is the
combination of fractal and MF attributes for the diagnosis of
osteoporosis.

In Table I, the results show that the MF attributes present
better classification rates than those found with the DBC for
all types of fractures. We can conclude that the MF attributes
are more discriminate than the FD. Since the MF spectrum is
able to describe both the local and global irregularities of an
image, it shows better classification rates. The results in Table
IT show pertinent classification rates for the discrimination
between the CC group and the Hip fracture group. This result
may be related to the fact that people affected by this type of
fracture are very likely to have osteoporosis. This score was
not found with other types of fractures (vertebral, wrist) which
are probably present in osteopenic patients. Compared with
the results found in [7], for the same database of images, the
combination of the FD calculated with the DBC method and
the MF attributes deduced from the MF spectrum is able to
better characterize trabecular bone images without any pre-
treatment. In fact, the fusion of FD and MF attributes
improved the classification score of hip fractures from 85% to
96.22% with using (FD and oy.). Also, our approach
discriminated all the other fracture types (VF, WF and OF)
with good rates which could not be reached in [7].

DiscussioNn

VIIIL

In this study, a new approach of MF spectrum calculation
based on the g-structure function was proposed. It is combined
with the DBC method and applied on trabecular bone
radiograph images.

The aim of this work was to analyse the micro-architecture
bone in order to discriminate between patients with
osteoporosis with various fracture types and controls. The
obtained results show various successful and improved score
classifications compared to [7], [19]. The combination of

CONCLUSION

fractal and MF attributes presents a good tool to describe and
evaluate the non-uniform distribution phenomenon.

To complete this study, we propose to use a larger database.
Also, we put forward to apply this approach on another
trabecular bone database image with osteopenic patients in
order to improve osteoporosis prevention.
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