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a b s t r a c t
Parameters useful for the diagnosis of pathological processes leading to the deterioration of the articular
cartilage surfaces of knee joints, such as osteoarthritis, may be derived from vibroarthrographic (VAG)
signals. In the present work, we explore fractal analysis to parameterize the temporal and spectral variability of normal and abnormal VAG signals. The power spectrum analysis method was used with the 1/f
model to derive estimates of the fractal dimension (FD). Classiﬁcation accuracy of up to 0.74 was obtained
with a single FD parameter, in terms of the area under the receiver operating characteristic curve (Az ),
with a database of 89 VAG signals. Combinations of the features derived in the present work with other
features we have reported upon recently, when used with several neural networks with radial basis functions, resulted in Az values in the range [0.92, 0.96], with an exceptional case of perfect classiﬁcation with
Az = 1.0. The proposed methods could help in the detection and monitoring of knee-joint pathology.
© 2012 Elsevier Ltd. All rights reserved.

1. Introduction
1.1. Fractals and the 1/f model
One of the several deﬁnitions of fractals is based on geometric structures that have self-similarity at different scales of length
[1–3]. Fractals lack any single scale of length, and have a noninteger (fractional) dimension, referred to as the fractal dimension
(FD). Fractal geometry has been used to represent and synthesize
several natural forms such as leaves, trees, mountains, clouds, and
lunar craters. Fractal models are created iteratively, which makes
them suitable for computer algorithms to simulate natural scenery.
Wiener’s geometric model of physical Brownian motion has been
used as the basis for several algorithms to generate fractal images.
In this model, the unpredictable variation of a quantity, V, over time,
t, is viewed as a noise process, V(t). The power spectral density
(PSD), PV (f), is used to estimate the power of ﬂuctuations at a given
frequency, f, and also of the variations over a time scale of the order
of 1/f.
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Any varying quantity, V(t), with the best ﬁtting line to its PSD,
PV (f), varying as 1/fˇ on a log–log scale, is referred to as 1/f noise;
this is known as the inverse power law or the 1/f model. According
to Voss [3], most natural phenomena under this model have ˇ in the
range of [0.5, 1.5]. The PSD of a noise process represented by Brownian motion or random walk varies as 1/f2 ; the power decreases
quadratically with frequency. The trace of such a signal is a fractal
curve. A direct relationship exists between the FD of the signal and
the slope, ˇ, of the best ﬁtting line to its PSD on a log–log scale [3].
The fractional Brownian motion (fBm) model of Mandelbrot [1]
has formed the basis of several mathematical models for computer
generation of natural fractal scenery. Models based on fBm have
been extended to two dimensions for the synthesis of Brownian
surfaces and three dimensions to generate Brownian clouds [2].
Fig. 1 shows examples of signals, VH (t), generated as functions
of an arbitrary time variable, t, based on the fBm model. The scaling
of the traces is characterized by the scaling parameter H, known
as the Hurst coefﬁcient, in the range 0 ≤ H ≤ 1. A high value of H
close to 1 results in a relatively smooth signal. A low value of H
produces a rougher trace. The variable H relates the changes in V,
V = V(t2 ) − V(t1 ), to differences in the time variable, t = t2 − t1 , by
the scaling law [3]
V ∝ (t)H .

(1)

Self-similar patterns repeat themselves under magniﬁcation.
However, fBm traces repeat statistically only when t and V are magniﬁed by different amounts. If t is magniﬁed by a factor r as rt, the
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Fig. 1. Examples of signals generated based on the fBm model for different values of
H and FD. Top to bottom: H = 0.9, 0.6, 0.4, 0.1; model FD = 1.1, 1.4, 1.6, 1.9; estimated
FD = 1.104, 1.404, 1.604, 1.903.

value of V is magniﬁed by the factor rH and becomes rH V. Nonuniform scaling of this nature is known as self-afﬁnity [1]. The zero-set
of an fBm signal is the intersection of the signal with the horizontal
axis. The zero-set is a set of disconnected points with a topological
dimension of zero and fractal dimension, D0 , given by [3]
D0 = 1 − H.

(2)

The zero-set of a self-afﬁne signal is self-similar; different estimates
of D0 will yield the same result. The FD of the signal is related to D0
as
FD = D0 + 1,

(3)

and to the scaling parameter, H, as
FD = 2 − H.

(4)

1.2. Fractal behavior of physiological signals
Fractal properties have been observed in several physiological structures and processes. Several anatomical structures have
fractal-like appearance: the coronary arteries, venous branching
patterns, bronchial trees, certain muscle-ﬁber bundles, and the HisPurkinje network in the ventricles [4]. The branching pattern of the
His-Purkinje network of conduction pathways provides an efﬁcient
way to distribute the depolarization stimulus to the ventricles. The
electrogenesis of the QRS complex in the electrocardiogram (ECG)
has been modeled by using a fractal-like conduction system. The
normal QRS complex has been shown to follow an inverse-powerlaw distribution of frequency content in the log–log scale [5]; this
property has been noted as being consistent with depolarization of
the myocardium by a self-similar branching network [4]. Studies
of such branching networks used to depolarize a network of cells
via computer modeling have shown that, after 10 generations of
branching, it is possible to simulate realistic QRS complexes [6].
The frequency content of QRS complexes has been shown to be
affected by changes in the geometry of the branching network.
Goldberger et al. [5,7] showed that the rhythm of a healthy heart
beat is not highly regular, but is, instead, a temporal fractal with a
high degree of variability in the heart rate. The PSD of a time-series
representation of the heart rate follows the inverse power law. It
has been shown that, in the case of time series of heart rate, the
loss of physiological complexity can lead to greater regularity. The
phenomena associated with fractals, self-similar scaling, 1/f noise,
and inverse-power-law distributions offer interesting models as

well as useful methods to characterize physiological processes and
biomedical signals [7].
Li et al. [8] applied a method of fractal and wavelet-based spectral analysis to analyze electroencephalographic (EEG) signals of
rats. It was hypothesized that variations in FD-related parameters, such as the Hurst and spectral exponents, can be used to
describe the dynamic characteristics of the brain in different states,
in particular before seizures. They found that the method revealed
characteristic signs of an approaching seizure, including the emergence of long-range correlation and decrease in the FD value. Liang
et al. [9] applied the Hurst exponent, extracted from EEG recordings,
as a measure of the effects of anesthesia on brain activity. The maximal overlap discrete wavelet transform was used to suppress the
effects of artifacts in the EEG and the scaling properties of the data
in designated frequency bands were calculated prior to estimation
of the Hurst exponent. It was observed that the Hurst exponent
(especially in low-frequency bands) decreased when anesthesia
deepened and that it is a useful measure for estimating the depth
of anesthesia.
Shah et al. [10] studied acceleration signals obtained from ﬁnger
joints of patients with calcium pyrophosphate deposition disease,
rheumatoid arthritis, or spondyloarthropathy of the ﬁnger joint.
The ruler method was used to estimate FD. The results showed that
there were signiﬁcant differences between the FD values of acceleration signals from patients in the three categories. Speciﬁcally, the
FD values of acceleration signals from the patients with calcium
pyrophosphate deposition disease (1.709 ± 0.097) were higher
than those of patients with rheumatoid arthritis (1.6 ± 0.069) or
spondyloarthropathy (1.569 ± 0.081).
As indicated by the brief review given above, there is increasing
interest in nonlinear dynamical analysis of biomedical signals using
several recently developed methods related to fractals, chaos, and
nonlinear modeling. See Stam [11] for a detailed review of nonlinear dynamical analysis of EEG and other signals. The recently
developed methods of nonlinear dynamical analysis are expected
to make it possible to study self-organization, pattern formation,
and attractors of trajectories in the state space of nonlinear and
complex systems that may not be captured by traditional linear
methods.
1.3. Vibroarthrography of the knee joint
Several abnormal conditions that affect the knee joint are
expected to cause variations in the vibroarthrographic (VAG) signal,
which represents the sound or vibration emitted from the joint during ﬂexion and/or extension [12–23]. Digital signal processing and
pattern classiﬁcation techniques have been used to analyze VAG
signals and derive features that could be related to the roughness,
softening, breakdown, or the state of lubrication of the articular cartilage surfaces. Such methods are expected to assist in noninvasive
detection and diagnosis of knee-joint pathology [21–23]. Screening for knee-joint pathology using VAG signals could reduce the
need for diagnostic arthroscopy. Such methods could also ﬁnd use
in monitoring the functional integrity or deterioration in natural
as well as artiﬁcial (prosthetic) joints [18]. Detailed reviews of the
literature on VAG signals and related topics are provided in two of
our recent publications [21,24].
Imaging techniques such as computed tomography and magnetic resonance imaging have limited application in the diagnosis
of knee-joint pathology, especially in repeated investigation or
continued monitoring. Orthopedic specialists and surgeons are
interested in methods for noninvasive screening of patients prior to
the recommendation of procedures such as arthroscopy. To address
this need, we are developing screening methods and systems for
use in the clinic of a physician or an orthopedic specialist [21–23].
For this purpose, in the present paper, we explore the applicability
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2. Materials
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of fractal analysis via power spectral analysis (PSA) with the 1/f
model [3] to classify VAG signals as normal or abnormal, that is,
to perform screening [25]. Fractal analysis can assist in identifying
nonspeciﬁc complexity of patterns in signals with a different
approach as compared to well-known signal processing methods
that have been applied to VAG and other biomedical signals in
the past. Representing the nature of a power spectrum with only
one feature or measure is an attractive proposition that leads to
substantial reduction in the dimensionality of the feature space.
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To evaluate the performance of the PSA method, it is desirable to
have a set of fBm signals with known FD. Two types of methods are
available to generate fBm signals: approximation by spatial methods and approximation by spectral synthesis. The most reliable
method is spectral synthesis by means of inverse Fourier ﬁltering [26]. If ak is the kth complex coefﬁcient of the discrete Fourier
transform (DFT), to obtain P(f) ∝ 1/fˇ , the condition is
kˇ

,

(5)

where k denotes the frequency index corresponding to f. By randomly selecting coefﬁcients that satisfy the stated condition and
then taking their inverse DFT, we can obtain the corresponding
signal in the time domain. In the present work, a direct implementation of the algorithm given by Saupe [26] was used to generate
110 synthetic signals, 10 for each value of H, with 0 ≤ H ≤ 1 in intervals of 0.1. Fig. 1 shows four examples of the synthesized signals
for H = 0.9, 0.6, 0.4, and 0.1; the corresponding model FD values are
= 1.1, 1.4, 1.6, and 1.9. It is evident from the illustration that the
variability and complexity of the signals increase as H decreases
(or as FD increases).
2.2. Acquisition of knee-joint VAG signals
The database used in the present study consists of 89 signals, with 51 from normal volunteers (22 male, 29 female, age
28 ± 9.5 years) and 38 from subjects with knee-joint pathology (20
male, 28 female, age 35 ± 13.8 years). The normals were established by clinical examination and history. The abnormal signals
were collected from symptomatic patients scheduled to undergo
arthroscopy independent of the VAG studies. Informed consent
was obtained from each subject. The experimental protocol was
approved by the Conjoint Health Research Ethics Board of the University of Calgary.
Each subject sat on a rigid table in a relaxed position with the leg
being tested freely suspended in air. The VAG signal was recorded
by an accelerometer (model 3115a, Dytran, Chatsworth, CA), placed
at the mid-patella position of the knee, as the subject swung the
leg over an approximate angle range of 135◦ (approximately full
ﬂexion) to 0◦ (full extension) and back to 135◦ in 4 s [16]. The ﬁrst
half (approximately) of each VAG signal corresponds to extension
and the second half to ﬂexion of the leg.
The VAG signals were preﬁltered (10 Hz to 1 kHz) and digitized
at the sampling rate of 2 kHz. For the present study, each signal
was normalized to the amplitude range [0, 1] and resampled to the
length of 8192 samples by linear interpolation.
The abnormal cases in the database include chondromalacia of
different grades at the patella, meniscal tear, tibial chondromalacia, and anterior cruciate ligament injuries, as conﬁrmed during
arthroscopic examination. The dataset available is not adequate to
permit classiﬁcation of the signals into various types or stages of
pathology. The present study is aimed at screening only, that is,
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Fig. 2. Example of a normal VAG signal.

classiﬁcation of the signals and the corresponding knee joints as
normal or abnormal.
The present study uses the same dataset as that used in a few
recent studies [20–23]. Figs. 2 and 3 show examples of normal and
abnormal VAG signals.
3. Methods
3.1. FD via power spectral analysis
The best method available to estimate the FD of a self-afﬁne signal is PSA. As explained in Section 1.1, an fBm signal has a PSD that
follows the 1/fˇ model. A high value of ˇ indicates a rapid decrease
in the high-frequency content of the signal. A self-afﬁne fBm function in an E-dimensional Euclidean space has its PSD PV (f) ∝ 1/fˇ ,
with [3]
FD = E + 1 − H,

(6)

where
H=

ˇ−1
.
2

(7)
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Fig. 3. Example of an abnormal VAG signal.
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The FD, in terms of the spectral component, ˇ, for a 1D signal with
E = 1, is
FD =

5−ˇ
.
2

(8)

In the present work, to estimate ˇ, a Hanning window was ﬁrst
applied to the given VAG signal; then, the DFT of the windowed
signal was calculated, and the squared magnitude of the result was
used to obtain the PSD of the signal. The slope of the best ﬁtting
line to the log–log plot of PSD was then determined.
When applying the PSA method, it is important to specify an
appropriate frequency range to obtain the linear ﬁt. Low-frequency
details related to any slow drift present in the signal as well as
high-frequency content dominated by noise or artifacts in the signal
should be disregarded in order to obtain accurate estimates of ˇ and
FD. When applying the PSA method to the fBm synthesized signals,
PSD components spanning 1% of the total frequency range were
removed at both the low and high ends of the positive frequency
axis. For VAG signals, the frequency range to obtain the linear ﬁt was
varied between [10, 300] Hz and [10, 380] Hz to study the effect of
the frequency range used on classiﬁcation accuracy. This was based
upon experimentation and analysis of the band of frequencies over
which appreciable differences were observed between normal and
abnormal VAG signals. (The VAG signals had been preﬁltered to the
range 10 Hz to 1 kHz at the time of data acquisition. Therefore, there
is no useful information below 10 Hz.)

Fig. 4. PSD of the normal VAG signal in Fig. 2 with the straight-line ﬁt to the range
[10, 300] Hz. FD = 1.801.

criterion used to select the best RBF network among those evaluated was the area under the ROC curve. The leave-one-out (LOO)
procedure was used in training and testing each classiﬁer. ROC
curves based on the discriminant values derived from the classiﬁers
were obtained using ROCKIT.

3.2. Analysis of segments of VAG signals
4. Results
It is known that the VAG signal is nonstationary, and that it
is appropriate to analyze segments of ﬁxed or adaptive duration
[14,16,21–23], or apply nonstationary signal processing techniques
such as wavelets [20] and time-frequency distributions [17]. However, such methods increase the computational load. Furthermore,
it is difﬁcult, in practice, to associate parts of the knee joint affected
by pathology to segments of VAG signals. The use of VAG signal
segments of limited duration may lead to inaccuracies in the estimation of the PSD in low-frequency ranges. On the other hand, it
has been observed that parts of VAG signals during certain portions of the swing cycle, especially extension, can provide features
with higher discriminant capability than other parts [14,21–23]. To
facilitate separate analysis of parts of VAG signals during extension
and ﬂexion and to derive multiple features, the PSA method was
applied not only to get a parameter for the full VAG signal in each
case (FD), but also to the ﬁrst and second halves of the normalized
duration (FD1h and FD2h, corresponding to extension and ﬂexion),
as well as to four segments with each spanning one quarter of the
total duration (FD1q, FD2q, FD3q, and FD4q).

4.1. Results with synthesized fBm signals
The estimated FD values for the four synthesized signals shown
in Fig. 1 are given in the caption of the ﬁgure. The root-meansquared (RMS) error between the known and estimated values of FD
for the 110 synthesized signals was computed to be 0.0198, which
indicates accurate estimation of the FD by the PSA method. The PSA
method performed well with the synthesized signals for FD in the
range of [1.1, 1.8], but overestimated FD values in the range [1.9,
2.0].
Estimates of FD were also obtained for the synthesized fBm signals using the well-known and popular box counting and ruler
methods; the two methods led to slightly poorer results, with
higher RMS errors of 0.1387 and 0.2243, respectively. The results
indicate that the PSA method is the best suited method for the
estimation of FD of fBm and self-afﬁne signals, among the three
methods studied.
4.2. Results with FD of VAG signals

3.3. Feature analysis, selection, and pattern classiﬁcation
The capability of each feature to discriminate between benign
masses and malignant tumors was assessed by analyzing the area
(Az ) under the receiver operating characteristic (ROC) curve [27,28]
obtained using ROCKIT [29]. Features were also analyzed based on
their p-values via the t-test [30]. Feature selection [31–33] was performed using the sequential forward selection (SFS) and sequential
backward selection (SBS) methods incorporating logistic regression
in the performance evaluation step.
Classiﬁcation using the selected sets of features was performed
with Fisher linear discriminant analysis (FLDA) [31] or using neural
networks with radial basis functions (RBFs) [34]. The details of the
RBF methodology used are provided in one of our previous publications [21]. With each set of features, the architecture of the RBFs
was varied by using 1–40 neurons in a hidden layer and using values
of the spread parameter from 1 to 8, in steps of 1. The performance

Figs. 4 and 5 show the PSDs and the linear ﬁts derived to estimate
the FD of the normal and abnormal VAG signals shown in Figs. 2
and 3, respectively. The estimated FD values for the two signals are
given in the captions of Figs. 4 and 5. The average and standard deviation values of FD for the 51 normal signals were 1.8061 ± 0.2398;
those for the 38 abnormal VAG signals were 1.6695 ± 0.2226 (using
the frequency range [10, 300] Hz). The discriminant capability of the
FD values was assessed in terms of the area (Az ) under the ROC curve
by using ROCKIT [29]. The FD values obtained by the PSA method
applied to the full VAG signals led to Az = 0.6872.
The values of FD estimated for the ﬁrst half (extension) and second half (ﬂexion) of each signal led to poorer Az values of 0.6133
and 0.5916, respectively. With the FD values derived using quarter portions of the VAG signals, the four parts, in order, led to
Az = 0.6546, 0.7394, 0.5959, and 0.7023 (using the frequency range
[10, 380] Hz). The various Az values obtained are listed in Table 1 for
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various FD parameters and limitations of the SFS and SBS methods
in selecting optimal sets of features.
4.3. Analysis of combination with other features
In our previous studies [21–23] with the same dataset of VAG
signals as in the present study, we had derived the following features:

Fig. 5. PSD of the abnormal VAG signal in Fig. 3 with the straight-line ﬁt to the range
[10, 300] Hz. FD = 1.319.

Table 1
Area under the ROC curve for various features and combinations thereof (obtained
using ROCKIT) and p-values indicating the statistical signiﬁcance of the differences
in the individual features between the normal and abnormal categories (obtained
via the t-test). FD: fractal dimension of the complete duration of a VAG signal. FD1h
and FD2h: FD of the ﬁrst and second halves of a VAG signal. FD1q, FD2q, FD3q, and
FD4q: FD of the ﬁrst, second, third, and fourth quarters of a VAG signal. The two sets
of features listed were selected by SFS and SBS; classiﬁcation was performed using
FLDA and the LOO method.
Features

Az

p-Value

FD
FD1h
FD2h
FD1q
FD2q
FD3q
FD4q
{FD2q, FD4q, FD1q, FD1h, FD2h}
{FD2q, FD, FD4q, FD1q, FD1h}

0.6872
0.6133
0.5916
0.6546
0.7394
0.5959
0.7023
0.7394
0.7510

0.0075
0.0850
0.0573
0.0222
0.0001
0.0813
0.0003
–
–

easy comparison. Table 1 also provides the p-values indicating the
statistical signiﬁcance of the differences in the features between
the normal and abnormal categories (obtained via the t-test). It is
evident from the p-values that the differences between the values
of FD, FD2q, and FD4q are statistically highly signiﬁcant (p < 0.01),
whereas the differences in the FD1q values for the normal and
abnormal categories are statistically signiﬁcant (0.01 < p < 0.05).
Thus, the usefulness of some of the FD-based parameters in discriminating between normal and abnormal VAG signals is established.
The seven FD values obtained were analyzed using the SFS and
SBS procedures. The SFS procedure selected the set of features
{FD2q, FD4q, FD1q, FD1h, FD2h}, in order, whereas the SBS procedure selected the set {FD2q, FD, FD4q, FD1q, FD1h}, in order, which
provided Az = 0.7394 and 0.7510, respectively, with the FLDA and
LOO procedures. The result provided by the combination of features
selected by SBS is only marginally better than that provided by FD2q
on its own; however, combinations of features may be expected
to provide more robustness and better generalization capabilities
than individual features. The best results obtained with RBFs are
as follows: with an RBF having 6 nodes in the hidden layer and a
spread parameter of 3, the SFS features provided Az = 0.7436; the
SBS features provided Az = 0.7380 with an RBF having 5 nodes in
the hidden layer and a spread parameter of 1. The lack of improvement in classiﬁcation performance with the selected combinations
of features could be due to correlation being present between the

• the form factor (FF) for the full duration of each VAG signal as
well as its ﬁrst half (FF1) and second half (FF2) [21];
• the statistical parameters skewness (Sd ), kurtosis (Kd ), and
entropy (Hd ) estimated using the VAG signal samples directly
[21];
• the turns count for the full duration (TC), the ﬁrst half (TC1), and
the second half (TC2) of each signal [22];
• the variance of the mean-squared value (VMS) for the full duration, the ﬁrst half (VMS1), and the second half (VMS2) of each
signal [22]; and
• the difference between the Kullback–Leibler distances to the
normal and abnormal probability density functions or PDFs
(dKLD), mean (), standard deviation (), coefﬁcient of variation
(CV = /), skewness (S), kurtosis (K), and entropy (H), with VAG
signal PDFs estimated using Parzen windows [23].
The best classiﬁcation performance reported in our previous
studies, using RBFs, are as follows: Az = 0.82 with {FF1, FF2, Sd , Kd ,
Hd } [21]; Az = 0.9174 with {TC1, TC2} [22]; and Az = 0.8322 with
{dKLD, K, H, , } [23].
In the present study, the seven features derived via fractal
analysis (see Table 1) were tested further in combination with the
features derived in our previous studies, as listed above. The features Sd , Kd , and Hd were not used due to the availability of the
same features derived using Parzen PDFs (listed above as S, K, and
H). Thus, 23 features were available for each VAG signal. The features were processed with the SFS and SBS procedures. The set of
features selected by SFS is {FF1, dKLD, TC1, FD2q, FD1q, S}. The set
of features selected by SBS is {FF1, dKLD, TC1, VMS, FD2q, FF, FD4q,
TC2, , H, S, K, FD1h}. The results indicate that the features derived
from all of the methods used in our previous and present studies
can contribute in a complementary manner to the classiﬁcation of
VAG signals. The sets of features selected by SFS and SBS, when
processed with FLDA and the LOO method, resulted in good classiﬁcation performance with Az = 0.7087 and 0.7386, respectively;
however, due to the increased number of features, these results
are slightly worse than those obtained by using combinations of
the FD parameters derived in the present study.
Using the set of six features selected by SFS, RBF networks having a single neuron in the hidden layer and a spread parameter of 1,
2, 3, or 4 resulted in Az = 0.9610; a single neuron in the hidden layer
and a spread parameter of 6, 7, or 8 resulted in Az = 0.9210; two
neurons in the hidden layer and a spread parameter of 1, 2, 3, or
4 resulted in Az = 0.9470; and two neurons in the hidden layer and
a spread parameter of 6, 7, or 8 resulted in Az = 0.9210. An exceptional classiﬁcation result achieved was Az = 1.0 with an RBF using
a single neuron in the hidden layer and a spread parameter of 5.
The larger set of 13 features selected by SBS provided comparable
results (without the case of Az = 1.0).
The results with RBFs indicate that high performance in screening of VAG signals may be obtained by using selected combinations
of the features we have proposed in the present and previous works.
A small set of six selected features has resulted in nearly perfect
classiﬁcation with relatively simple RBF networks. However, given
the small size of the dataset used (89 signals), the possibility exists
that the RBF networks are trained to the speciﬁc characteristics of
the dataset (regardless of the LOO method of cross validation used),
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and that the classiﬁers may not generalize well to other datasets.
Notwithstanding these observations, the results obtained in the
present study are noteworthy and indicate the high potential of
screening for knee-joint abnormalities using VAG signals.

5. Discussion
The FD values for abnormal VAG signals were observed to be,
on the average, lower than those for normal signals (see Table 1).
This could be interpreted as follows. The presence of defects in
the articular surfaces of the knee joint due to loss or shedding of
cartilage leads to structured vibration components that disrupt or
replace the random, fBm-like signals associated with the normal
friction-free cartilage surfaces. Although the VAG signals of some
normal knees could possibly contain nonrandom components, such
as clicks and crepitus, they would be fewer and occur less often than
the grinding noise components found in abnormal knee joints. The
disruption of the fBm-like characteristics of normal VAG signals
by pathological conditions may be expected to result in lower FD
values for abnormal VAG signals via the PSA approach and the 1/f
model. The range of the FD values of the abnormal VAG signals in the
present study agrees with the ranges of FD of acceleration signals
obtained from ﬁnger joints of patients with calcium pyrophosphate
deposition disease, rheumatoid arthritis, or spondyloarthropathy
in the study of Shah et al. [10] (see Section 1.2).
The classiﬁcation performance of the features derived via fractal analysis, with the highest Az value 0.74 in ROC analysis,
is comparable to the performance provided by several features
obtained by linear prediction modeling, cepstral analysis, measures
of variability of power, turns count, probabilistic models, wavelets,
and time-frequency distributions [16,17,20–23]. Selected combinations of FD with some of the other features mentioned above
have led to better results with Az values in the range [0.92, 0.96]
and an exceptional case of perfect classiﬁcation (Az = 1.0) of the 89
VAG signals in the dataset used.
The present work has been limited to classiﬁcation of normal
versus abnormal VAG signals, that is, screening. It would be desirable to extend the classiﬁcation procedure to various subcategories
of knee-joint pathology before the methods become suitable for
clinical application.

6. Conclusion
The present work establishes the usefulness of fractal analysis
of VAG signals with the PSA method and the 1/f model. It would
be desirable to test the methods with a larger database and cross
validate their performance with multiple independent databases
including subcategories of knee-joint pathology. The various methods and features proposed in our works should ﬁnd use in early
detection and monitoring of knee-joint pathology.
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