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a b s t r a c t
This article applies advanced signal processing and computational methods to study the subtle ﬂuctuations in knee joint vibroarthrographic (VAG) signals. Two new features are extracted to characterize the
ﬂuctuations of VAG signals. The fractal scaling index parameter is computed using the detrended ﬂuctuation analysis algorithm to describe the ﬂuctuations associated with intrinsic correlations in the VAG
signal. The averaged envelope amplitude feature measures the difference between the upper and lower
envelopes averaged over an entire VAG signal. Statistical analysis with the Kolmogorov–Smirnov test
indicates that both of the fractal scaling index (p = 0.0001) and averaged envelope amplitude (p = 0.0001)
features are signiﬁcantly different between the normal and pathological signal groups. The bivariate
Gaussian kernels are utilized for modeling the densities of normal and pathological signals in the twodimensional feature space. Based on the feature densities estimated, the Bayesian decision rule makes
better signal classiﬁcations than the least-squares support vector machine, with the overall classiﬁcation accuracy of 88% and the area of 0.957 under the receiver operating characteristic (ROC) curve. Such
VAG signal classiﬁcation results are better than those reported in the state-of-the-art literature. The ﬂuctuation features of VAG signals developed in the present study can provide useful information on the
pathological conditions of degenerative knee joints. Classiﬁcation results demonstrate the effectiveness
of the kernel feature density modeling method for computer-aided VAG signal analysis.
© 2014 IPEM. Published by Elsevier Ltd. All rights reserved.

1. Introduction
The knee joint is an intricate synovial joint that connects the
thigh and shank of the human body [1,2]. In daily activities such
as normal walking or running, the knee can tolerate moderate
stress without signiﬁcant injury. But the knee lacks support to
withstand undue rotational forces and other types of physical
trauma [3,4]. Knee degenerative arthritis is a type of mechanical
abnormality due to articular cartilage deterioration, which could
be caused by overloaded knee motion or accidental trauma to
the knee. At present, arthroscopy and medical imaging are most
commonly used in the diagnostic procedure of knee joint arthritis and other disorders. The arthroscopic examinations are most
frequently used to inspect the inﬂammation, tears of meniscus,
chondromalacia (wearing or injury of cartilage cushion), and anterior cruciate ligament tears [2]. In a knee arthroscopic examination,
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an orthopaedic surgeon makes a small incision in the patient’s
skin and then inserts pencil-sized instruments that contain a small
lens and lighting system to magnify and illuminate the interior
structures of the joint. It may increase the surgical success rate
due to less trauma to the connective tissue, and could also save
recovery time. But it is still a semi-invasive surgical procedure
that cannot be frequently applied in the routine examinations,
because the same incision that undergos repeated surgical invasions is susceptible to bacterial infection. Computer tomography
and traditional X-rays scanning approaches use ionizing radiation
to detect the bone conditions. The soft tissues and articular cartilage are usually blurred in the X-ray images because their density
is relatively lower than that of bones. Magnetic resonance imaging may distinguish the articular cartilage and synovial ﬂuid in the
knee joint by adjusting the image contrast resolution [5]. Medical
imaging techniques can display anatomical morphology of the knee
joint, but the imaging protocol cannot support functional detection
of the knee joint conditions during leg movements, because the
subject has to lay down throughout the imaging scanning procedure.
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Fig. 1. Illustration of vibration arthrometry procedures to record and analyze the knee joint vibroarthrographic (VAG) signals.

Vibration arthrometry is an alternative noninvasive technology
to detect the knee joint pathology [6–9]. The vibration arthrometry records the knee joint vibroarthrographic (VAG) signal by using
accelerometers or electro-stethoscope sensors on the knee [10–13].
Fig. 1 shows the vibration arthrometry work ﬂow which commonly
contains the procedures of signal conditioning, signal display, signal processing, feature extraction, and patter classiﬁcation. The
VAG signals of patients with knee joint disorders usually exhibit
different characteristics from those of healthy adults. For healthy
adults, their articular surfaces in the knee are smooth and slippery
without any cartilage friction or collision during knee ﬂexion or
extension motions [1]. However, the vibrations generated due to
friction between the degenerative articular cartilages are expected
to present anomalous patterns in the amplitude and frequency
scales [3,15,14]. Computer-assisted analysis of knee joint VAG signals is very useful for feature representation in the time-frequency
scale [15,16]. Based on the distinct features extracted [13,17–19],
computational algorithms can effectively help screening and monitoring of articular cartilage disorders at an early stage, so that
the frequency of arthroscopic examinations could be dwindled
[10,20–22]. The recent experiments of Tanaka and Hoshiyama
also demonstrated that the VAG signals are useful for identiﬁcation of functional knee joint pathology when the patients perform
standing-up and sitting-down movements [14].
The major contributions of the present study are summarized
as follows. First, two distinct features were extracted to characterize the ﬂuctuation dynamics of the knee joint VAG signals. The
detrended ﬂuctuation analysis (DFA) method was applied to compute the statistical self-afﬁnity properties of the signals over the
time scale. The normal VAG signal is supposed to be with less selfafﬁnity because a healthy knee commonly produces little articular
surface friction in the course of knee ﬂexion and extension motions.
On the other hand, the pathological VAG signal should contain
more correlated components generated by the complex physiological process due to knee pathology. It is hypothesized that the
normal and pathological VAG signals possess signiﬁcantly different
self-afﬁnity properties in terms of fractal scaling index. The averaged envelope amplitude was calculated to measure the degree of
temporal signal varying on average. It is hypothesized that the averaged envelope amplitude parameter of the VAG signal associated
with pathological conditions should be larger than that of the signal
recorded from a healthy adult. Second, the kernel density modeling
method was employed to estimate the distributions of the signal
patterns in the bivariate feature space. Finally, the maximal posterior probability decision criterion and the support vector machine

were used to perform the binary classiﬁcations for the VAG signals
of healthy subjects and patients with knee joint disorders.
2. Materials and methods
2.1. Dataset preparation
The data set used in our experiments was provided by Rangayyan’s research group at University of Calgary. The knee joint
VAG signals were recorded from 75 subjects, who were categorized into the normal and pathological groups [10]. The normal
group contained 47 healthy adults, whose knees were conﬁrmed by
physical examinations and medical historical records. The pathological group included 28 patients with knee joint disorders, who
had the symptoms of patellar and tibial chondromalacia, cruciate
ligament injury, or tears of meniscus. The pathological condition
of the knee joint was conﬁrmed in the independent arthroscopic
examination for each patient. The subjects provide their written
informed consent to participate in the data acquisition experiments. The experiment protocol and subject consent documents
were approved by the Conjoint Health Research Ethics Board of
the University of Calgary. The signal processing and data analysis
methodology documents were reviewed by the Ethics Committee
of Xiamen University.
According to the data acquisition protocol [10], each subject was
requested to sit on a rigid chair and voluntarily swing one shank
over the angle range from 135◦ (approximately full ﬂexion) to 0◦
(full extension), and then back to 135◦ in 4 s. The knee joint VAG
time series was recorded with a miniature accelerometer attached
at the middle-patella position using two-sided adhesive tape. The
raw signals were digitized with the sampling rate of 2 kHz and
the sample resolution of 12 bit, which allowed to detect the highfrequency physiological click events when the subject performed
the knee extension and ﬂexion motions. The artifact of baseline
wander was removed by a 20th-order cascade moving average ﬁlter
[23].
2.2. Extraction of signal ﬂuctuation features
2.2.1. Fractal scaling index
Fractal scaling index (denoted as ˛) is a type of parameter
that describes the subtle ﬂuctuations associated with the intrinsic correlations of signal dynamics. The fractal scaling index can be
computed with the detrended ﬂuctuation analysis (DFA) algorithm,
which is commonly used to study the statistical self-afﬁnity of the
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signal tested [24,25]. The DFA algorithm is very useful for detecting
the nonstationary time series with long-range correlations [26].
For an N-length VAG signal s(n) with the mean value of s, the

i

− s]. Then,
integrated time series y(i) is deﬁned by y(i) =
n=1 [s(n)
the integrated time series y(i) is divided into several segment windows of equal size k, with a least-squares line called the local linear
trend to ﬁt the window samples [27] The local detrended ﬂuctuation is then computed by subtracting the local linear trend yk (i)
from the integrated time series y(i) in each segment window. The
averaged ﬂuctuation F(k) is derived from the root-mean-square of
the local detrended ﬂuctuations as


F(k) =

N
1

N

1/2
[y(i) − yk (i)]

2
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suited for the feature density estimations of the normal and pathological VAG signal groups.
With the features of fractal scaling index and averaged envelope
amplitude, the VAG signal can be represented with a feature vector
x = [x˛ , xı ]T . Let ω be the class label of a VAG signal group, with ωN
and ωP denoting the normal and pathological groups, respectively.
The class-conditional probability density can be estimated with the
kernel functions based on the M signal instances in a particular
group [30,31], i.e.,
1
g(xm |ω ).
M
M

p(x |ω ) =

(2)

m=1

.

(1)

i=1

The averaged ﬂuctuation computation is repeated over all time
scales for each VAG signal that contains 8000 samples in length,
with the window sizes in the range [4, 8, 16, 31, 63, 125, 250,
500, 1000, 2000, 4000, 8000]. In practice, the function relating
the averaged ﬂuctuation F(k) to the window size k is commonly
represented on a double logarithm graph [25]. The fractal scaling index, ˛, is computed as the slope of the linear relationship
between log F(k) and log k, which is also known as a power law
F(k) ∼ k˛ . The integrated and detrended time series with persistent
long-range power-law correlations possess a fractal scaling index
value 0.5 < ˛ < 1. On the other hand, a result of 0 < ˛ < 0.5 indicates
an anti-correlated property of the time series [28].
2.2.2. Averaged envelope amplitude
The ﬂuctuations in a rapidly shifting signal can also be described
by the envelope parameter. The envelope sketches the appearance
of the signal in the time domain, that is, the envelope represents
the boundary of the signal samples in amplitude.
For the VAG signal associated with pathological conditions, the
time series commonly vary with large amplitudes due to friction on
the degenerative articular surfaces in the knee joint. In the present
study, each VAG signal was ﬁrst split into the equal-length segments with the time slots of 0.01 s (window length of 20 samples).
The local extremes (the largest positive peak and the lowest negative peak) were then estimated in each time slot. Next, the upper
and lower envelopes were outlined with the linear interpolations
between the successive local extremes. The envelope amplitude
was used to measure the boundary between the upper and lower
envelopes of each VAG signal, and we computed the averaged envelope amplitude, denoted as ı, to characterize the degree of signal
ﬂuctuations on average.
2.2.3. Statistical test
In the present study, two-sample Kolmogorov–Smirnov (K–S)
test [29] was applied to test for statistical signiﬁcance of the
extracted features between the normal and pathological signal
groups. The two-sample K–S test is a type of nonparametric
approach that makes no assumptions about the underlying distribution of the data being compared. The level of statistical
signiﬁcance was set to be p ≤ 0.01.
2.3. Kernel density modeling in feature space
The VAG signal of a patient with knee joint disorders sometimes exhibits the complex morphological patterns generated by
the physiological process associated with pathological conditions.
It is therefore quite difﬁcult to estimate the feature densities using
some standard distribution models. The kernel density modeling
method is able to establish the unimodal or multimodal density
functions in multivariate feature space [30], which makes it very

In the present study, we used the bivariate Gaussian window to
construct the kernel function as
g(x |ω ) =

1

1/2


2





−1
1
T
exp − (x − m )
(x − m ) ,
2

(3)

T

m
, in accordance
the center of which locates at m = m
˛ , ı
with the feature vector of the m-th VAG signal associated with
the group ω. The spread width of the Gaussian kernel is determinedby the symmetric
 and positive deﬁnite covariance matrix
 ˛ ı
˛2
˙=
, in which  = 0.32 denotes the correlation
 ˛ ı
ı2

coefﬁcient between the fractal scaling index and averaged envelope amplitude,  = 0.08 represents the scaling factor that controls
the spread area of the Gaussian kernel in the two-dimensional
feature space, and  ˛ = 0.11 and  ı = 0.19 are the standard deviations of x˛ and xı , respectively. The covariance matrix ˙ =

0.0009 0.0005
was set to be the same for both of the normal
0.0005 0.0028
and pathological VAG signal groups.
2.4. Signal classiﬁcation
2.4.1. Bayesian decision rule
Given a VAG signal, the posterior probability P( ω| x) presents
the possibility of the signal belonging to the group ω, conditioned
on the observation of feature vector x. The posterior probability
P( ω| x) can be computed from p(x |ω ) by Bayes’ formula [32]:
P( ω| x) =

p( x| ω)P(ω)
,
p(x)

(4)

where the prior probability P(ω) indicates the possible occurrence
of a VAG signal group. The evidence factor p(x) is the sum of
the product between the class-conditional probability density and
prior probability for the normal and pathological signal groups, i.e.,
p(x) = p( x| ωN )P(ωN ) + p( x| ωP )P(ωP ).

(5)

In this case, the posterior probability P (ω |x ) can also be expressed
as:
P( ω| x) =

p( x| ω)P(ω)
.
p( x| ωN )P(ωN ) + p( x| ωP )P(ωP )

(6)

The Baysian decision is then made as arg maxP( ω| x), by assignω

ing the class label ω to the signal x with respect to the maximum
posterior probability P (ω |x ) between the normal and pathological
groups.
2.4.2. Least-squares support vector machine
In addition to the Bayesian decision rule, the least-squares support vector machine (LS-SVM) was also employed to perform the
signal classiﬁcations. The support vector machine (SVM) proposed
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Fig. 2. Examples of knee joint vibroarthrographic (VAG) signals recorded from (a)
a healthy female subject of 32 years old, and (b) a male patient of 35 years old
suffering from tear of lateral meniscus. The amplitude range of the normal VAG
signal is relatively small except for those samples associated with the physiological
click events. A number of large oscillations occur in the pathological VAG signal due
to the tear of lateral meniscus.

by Cortes and Vapnik is a supervised learning paradigm that follows the structural risk minimization principle [33]. Nonlinear
inner-product kernels enable the SVM to perform nonlinear classiﬁcations by mapping the inputs into high-dimensional spaces.
By tuning the model parameters during the training process, the
SVM selects some informative patterns as the support vectors to
construct a hyperplane as the decision surface that maximizes the
margin of separation between different classes [34]. The LS-SVM
is a modiﬁcation version of the classical SVM, with an improvement of moderate complexity. The optimization of the LS-SVM is
obtained by the minimization of a regularized least-squares cost
function with equality constraints under the Karush–Kuhn–Tucker
condition [35], which is different from the learning of the classical SVM with a constrained quadratic programming solution [34].
The methodology details of the classical SVM and the LS-SVM have
been well described in the literature [33–35]. In the present study,
the LS-SVM works with the polynomial kernels given by ϕ(xj , xl ) =
d

(xTj xl + t) , where d denotes the degree of the polynomial, and t is
the intercept. The reason to choose the polynomial kernels for the
LS-SVM was that the other types of nonlinear inner-product kernels would bring several isolated decision islands with one signal
each, which makes some difﬁculties of pathological inference in
the feature space. In our experiments, the optimal degree d = 3 and
intercept t = 1 parameters of the polynomial kernels were set to
help the LS-SVM produce the highest accuracy in the VAG signal
classiﬁcation task.
3. Results and discussion
A pair examples of knee joint VAG signals recorded from a
healthy subject (female, aged 32 years) and a patient (male, aged 35
years) with lateral meniscal tear are illustrated in Fig. 2. The healthy
subject exercises more than 3 times per week, which is regarded
with a high activity level. Besides two physiological clicks observed
from 3.39–3.42 s in Fig. 2(a), her VAG signal presents very slight
morphological variations from 2.28–2.52 s, but the knee joint is still
under the healthy condition, as tested in the physical examinations
with medical imaging modality. For the age-matched patient with
lateral meniscal tear who only exercises once per week or less, the
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Fig. 3. Plots of log10 F(k) versus log10 k for the normal (32-year-old female subject)
and pathological (35-year-old male subject with lateral meniscal tear) knee joint
VAG signals shown in Fig. 2. The squares and diamonds indicate the averaged ﬂuctuation computed from the integrated time series in different time scales for the
healthy female subject and the patient with lateral meniscal tear, respectively.

corresponding VAG signal exhibits larger ﬂuctuations in comparison with the normal signal, especially in the duration of 1.53–2.72 s
as displayed in Fig. 2(b).
Fig. 3 plots the averaged ﬂuctuation F(k) with respect to the
scaling window size k, both of which are expressed in the common logarithm (base 10) sense, for the normal and pathological
VAG signals depicted in Fig. 2. It is noted that, for the long-range
time scales (250 ≤ k ≤ 8000), both of the integrated and detrended
time series computed from the normal and pathological VAG signals show the anti-correlation properties (˛ ≈ 0.1). However, for
the short-range time scales (4 ≤ k ≤ 125), the integrated time series
F(k) of the normal VAG signal is closer to Brown noise (the integration of white noise [25]), and F(k) associated with the pathological
signal presents power-law correlations (i.e., 1/f noise). It is intuitively observed that the window size k is better to be lower than
the crossover value of 250 for the fractal analysis of VAG signals, because the slope of log10 F(k) to log10 k is not much different
between the normal and pathological signals when log10 k is larger
than 2.5. In the present work, we computed the fractal scaling index
(˛) for the total 75 VAG signals over all time scales. The normal signal group tend to possess an averaged fractal scaling index of 0.533
(standard deviation, SD: 0.096), the bar graph of which is shown in
Fig. 5. On the other hand, the pathological signal group possesses a
signiﬁcantly different (p = 0.0001) distribution of the fractal scaling
index feature (mean ± SD: 0.635 ± 0.092).
In addition to fractal scaling index, the averaged envelope amplitude feature also manifests the ﬂuctuation characteristics of the
VAG signals. For the normal and pathological VAG signals shown
in Fig. 2, the upper (blue line) and lower (red line) envelopes of the
VAG signal segments are outlined in Fig. 4. The signal ﬂuctuations
are measured in terms of the difference between the upper and
lower envelopes (i.e., the envelope amplitude). It can be observed
that the pathological signal segment zoomed-in from 1.4–2.4 sec
exhibits apparently higher degree of ﬂuctuations than the normal signal segment of equal-length (zoomed-in from 1–2 s). The
averaged envelope amplitude feature indicates the general ﬂuctuation degree of a VAG signal. The results shows that the averaged
envelope amplitude of the pathological signals (0.434 ± 0.154) is
signiﬁcantly increased (p = 0.0001), in comparison with that of the
normal signals (0.267 ± 0.179).
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Fig. 4. Illustrations of the upper and lower envelopes estimated from the knee joint
vibroarthrographic signals shown in Fig. 2.

Fig. 5 provides the bar graphics of the fractal scaling index and
averaged envelope amplitude results for the normal and pathological groups. It is noted that the difference of averaged envelope
amplitude is somewhat larger than the fractal scaling index difference, between the normal and pathological signal groups.
The feature distributions of the normal and pathological signal groups are visible in Fig. 6. Both of the two VAG signal groups
possess multimodal densities in the bivariate feature space. Majority of the normal signals aggregate in the area with the fractal
scaling index lower than 0.65 and the averaged envelope amplitude
lower than 0.3. On the other hand, the pathological signals converge
with two large clusters in the top right corner. Instead of just plotting the scatters in the feature space, the kernel density modeling
method can describe the aggregation or divergence conditions of
signal patterns with their estimated densities. The contours shown
in Fig. 6 indicate the visible transition of signal patterns from the
healthy group to the pathological group.
Fig. 7 plots the scatter patterns of the normal signals (marked as
circles) and pathological signals (marked as triangles). There are a
few pathological signal patterns mingled with the pattern clusters
of normal signals, which makes some difﬁculties for a linear discrimination. The LS-SVM with polynomial kernels and the Bayesian
decision rule provides two different nonlinear discriminant boundaries. The decision boundary of the LS-SVM is a smooth parabola

Fig. 6. Distributions of the bivariate features for the normal and abnormal knee joint
vibroarthrographic signals. The distribution of the normal signals is shown with the
cold color map (blue representing the highest density), whereas the distribution
of the abnormal signals is illustrated with the hot color map (red representing the
highest density). (For interpretation of the references to color in this ﬁgure legend,
the reader is referred to the web version of this article.)

that can successfully distinguish 62 (44 normal and 18 pathological)
signals, with an overall accurate rate of 82.67% for the VAG signal
classiﬁcation. The Bayesian decision rule, on the other hand, better
separates the bulge signal scatters. Table 1 lists the classiﬁcation
performance results in our experiments. The overall accurate rate
of the Bayesian decision rule reaches 88% which is slightly higher
than that of the LS-SVM. According to Table 1, the Bayesian decision rule produces a sensitivity (SEN) of 71.43%, speciﬁcity (SPE) of
97.87%, and positive precision rate (PPR) of 95.24%, which are consistently better than those obtained by the LS-SVM (SEN: 64.29%,
SPE: 93.62%, PPR: 85.71%), and the results of the k-nearest neighbor
classiﬁer (k = 5) with input features of FF and VMS (OCA: 80%, SEN:
71.43%, SPE: 85.11%) [38]. The better results of the Bayesian decision rule owing to correct classiﬁcations of 4 more (2 normal and 2
pathological) signals among the bulge scatters shown in Fig. 7.
The Bayesian decision rule also provides a larger area value
Az of 0.957 under the receiver operating characteristic curve
than the LS-SVM (Az : 0.867). Table 2 summarizes the diagnostic
results reported in the previous related studies [13,17,36,22,21,37].
The new ﬂuctuation features (fractal scaling index and averaged

1

1

Averaged envelope amplitude

Fractal scaling index

(a)
0. 8

0. 6

0. 4

0. 2

0

Normal

Pathological

(b)
0. 8

0. 6

0. 4

0. 2

0

Normal

Pathological

Fig. 5. Bar graphs of the fractal scaling index (normal group: 0.533 ± 0.096, pathological group: 0.635 ± 0.092) and averaged envelope amplitude (normal group: 0.267 ± 0.179,
pathological group: 0.434 ± 0.154) computed from the vibroarthrographic signals.
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Table 1
The diagnostic performance of the least-squares support vector machine (LS-SVM) and the Bayesian decision rule (BDR) for classiﬁcation of knee joint vibroarthrographic
signals.

LS-SVM
BDR

AP

AN

TP

FP

TN

28
28

47
47

18
20

3
1

44
46

FN
10
8

SEN(%)

SPE(%)

PPR(%)

OCA(%)

Az

64.29
71.43

93.62
97.87

85.71
95.24

82.67
88

0.867
0.957

The signal classiﬁcations were evaluated by the diagnostic parameters of AP (actual positive), AN (actual negative), TP (true positive), FN (false negative), TN (true negative), FP (false positive), sensitivity: SEN = TP/(TP + FN), speciﬁcity: SPE = TN/(TN + FP), positive precision rate: PPR = TP/(TP + FP), overall classiﬁcation accuracy: OCA =
(TP + TN)/(TP + FN + TN + FP), and Az (area under the receiver operating characteristic curve).

(Az : 0.95, with the form factor, skewness, kurtosis, entropy features)
[36], and of the dynamic weighted classiﬁer fusion system (Az :
0.9515, with number of wavelet matching pursuit decomposition
and turns count with the ﬁxed threshold features [37]).
The fractal scaling index parameter measures the inherent selfsimilarity property of VAG signals. Our experimental results show
that the pathological signals usually contain more components
with long-range power-law correlations than the normal signals.
The averaged envelope amplitude parameter describes the level
of signal oscillations in amplitude. The results indicate that a
pathological VAG signal is more likely to possess a larger value
of averaged envelope amplitude. These new parameters can help
effective screening of VAG signals in clinical practice. In addition,
the VAG time series with the envelop boundaries attached (see
Fig. 4) can provide a better visual representation of signal ﬂuctuations for fast point-of-care diagnostics.

0.8
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Bayesian decision
LS−SVM decision
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0.3
0.2
0.1
0
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0.4
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Fractal scaling index

0.8

1

Fig. 7. Decision boundaries provided by the least-squares support vector machine
(LS-SVM) with polynomial kernels and the Bayesian decision rule.

envelope amplitude) developed in the present study are able to
help the Bayesian decision rule achieve better classiﬁcation performance than the maximal posterior probability decision criterion
(accuracy: 86.67%, Az : 0.9096, with FF and VMS features) [22], and
the multiple classiﬁer system based on the recurrent neural network (accuracy: 80.9%, Az : 0.9484, with form factor, skewness,
kurtosis, entropy, turns count, and variance of mean-square values
features) [21]. The diagnostic results of the Bayesian decision rule
are also comparable with the results of the radial basis function
network (highest Az : 0.961, with form factor, difference between
the Kullback-Leibler distance, turns count, fractal dimensions, and
skewness features [19]), of the strict 2-surface proximal classiﬁer
Table 2
The diagnostic results of different classiﬁcation methods with the knee
joint vibroarthrographic signal features developed in the previous studies
[13,17–19,21,22,36,37].
Features

Methods

Az

FF, S, K, H
FF, S, K, H

Radial basis function network
Strict 2-surface proximal
classiﬁer
Radial basis function network
Radial basis function network
Radial basis function network
Maximal posterior probability
decision criterion
Multiple classiﬁer system
Dynamic weighted classiﬁer
fusion system

0.82
0.95

TC, VMS
dKLD, K, H, , 
FF, dKLD, TC, FD, S
FF, VMS
FF, S, K, H, TC, VMS
Natom, TCFT

0.9174
0.8322
0.961
0.9096

4. Conclusion
Distinct features of VAG signals developed with signal
processing techniques are useful for analysis of knee joint osteoarthropathy, chondromalacia, and tears of meniscus [14,37,39].
Computational methods can effectively represent features in highdimensional space for a better classiﬁcation of VAG signals. The
present study extracted two new features, i.e., the fractal scaling
index and averaged envelope amplitude, which can be used to
characterize the ﬂuctuation degree of VAG signals. The kernel density modeling method can evidently represent the distributions of
the normal and pathological signal groups in the bivariate feature
space. The Bayesian decision rule utilized the feature density information to distinguish the pathological VAG signals from the normal
signals, with high diagnostic accuracy. The encouraging experiment
results demonstrated the effectiveness of the computational methods for classiﬁcation of VAG signals. Future work could focus on the
development of novel mathematical models and algorithms [40],
for assessment of articular cartilage degeneration and diagnosis of
particular knee joint disorders such as chondromalacia and tears of
meniscus.
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