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Abstract

In this paper, we investigate the effects of increasing mechanical stress on the knee joints by
recording knee acoustical emissions and analyze them using an unsupervised graph mining
algorithm. We placed miniature contact microphones on four different locations: on the lateral and
medial sides of the patella and superficial to the lateral and medial meniscus. We extracted audio
features in both time and frequency domains from the acoustical signals and calculated the graph
community factor (GCF): an index of heterogeneity (variation) in the sounds due to different
loading conditions enforced on the knee. To determine the GCF, a k-Nearest Neighbor graph was
constructed and an Infomap community detection algorithm was used to extract all potential
clusters within the graph — the number of detected communities were then quantified with GCF.
Measurements from twelve healthy subjects showed that the GCF increased monotonically and
significantly with vertical loading forces (mean GCF for no load = 30 and mean GCF for
maximum load [body weight] = 39). This suggests that the increased complexity of the emitted
sounds is related to the increased forces on the joint. In addition, microphones placed on the
medial side of the patella and superficial to the lateral meniscus produced the most variation in the
joint sounds. This information can be used to determine the optimal location for the microphones
to obtain acoustical emissions with greatest sensitivity to loading. In future work, joint loading
quantification based on acoustical emissions and derived GCF can be used for assessing
cumulative knee usage and loading during activities, for example for patients rehabilitating knee
injuries.
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[. Introduction

Wearable knee health sensing technologies can benefit patients, athletes, and warfighters in
myriad applications, ranging from knee injury rehabilitation assistance to quantifying
cumulative knee usage and loading during normal activities. Existing technologies for
monitoring knee health are mainly confined to clinical or laboratory settings only, consisting
of approaches such as medical imaging [1] (i.e., magnetic resonance imaging [MRI] or
ultrasound), motion capture and equipment for quantifying kinematics [2], and other
expensive and bulky instrumentation requiring a trained clinician or operator. While these
technologies provide great value in facilitating one-time assessments like those needed for
acute injury diagnosis [3], they are not well-suited for continuous monitoring needs. For
example, an athlete rehabilitating a knee injury cannot feasibly receive an MRI every week
just to assess their progress. An MRI is time intensive, confined to a clinical setting, difficult
to schedule, and its high cost is prohibitive — particularly for underserved population. There
is a compelling need to enable continuous knee health sensing using inexpensive
technologies that still provide in-depth information regarding knee physiology or function,
and that can potentially be used ubiquitously.

Recent work has shown that robust and repeatable measurements of knee electrical
bioimpedance (EBI) and acoustical emissions can be obtained using inexpensive and
wearable sensors [4-6]. Hersek, et al. demonstrated high resolution EBI measurements from
the knee with a combination of a custom discrete analog circuit and algorithms for self-
calibration and automatic body position determination [4]. These EBI measures were shown
to be significantly different for subjects following acute knee injury, since local fluid
accumulation (edema) reduced the overall resistance of the knee and damage to cell
membranes from the injury reduced the capacitive component of the impedance. Teague, et
al. demonstrated, for the first time, wearable measurements of knee acoustical emissions [5].
The measurements were found to be consistent for healthy subjects in terms of the
characteristics of the knee sounds in the context of joint angle during unloaded flexion/
extension exercises. Toreyin, ef al. established the consistency in the measurements of
wearable knee acoustical emissions during complex motions even in the presence of loud
background noise [6]. The researchers were successful in extracting joint sound features in
loud environments and demonstrated the consistency of these features in ambulatory
subjects performing everyday activities such as walking and sit-to-stand.

The ability to measure such parameters of the knee with wearable technologies introduces
the possibility of quantifying aspects of knee health and use that were previously infeasible.
One such aspect that is of interest clinically and scientifically is the quantification of vertical
loading forces experienced by the knee throughout daily living activities and exercises. Prior
work in estimating knee loading forces has used instrumented knee implants to quantify
loading /n vivo [7], or biomechanical modeling techniques to estimate loading profiles [8].
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However, estimation of vertical loading forces in the knee using wearable, non-invasive
sensing has never been previously demonstrated.

In this work, we investigate whether the characteristics of acoustical emissions from the
joint change in a quantifiable and monotonic manner in response to increased biomechanical
stress on the joint during a standard movement. We predict that as the internal stress on the
knee increases, additional interactions between the articulating surfaces may occur and
cause a more complex acoustic profile. Fig. 1 provides an illustration of our hypothesis and
Fig. 2 shows the measurement setup used for assessing loading effects, based on a vertical
leg press with varying weight and the measurement of acoustical emissions from the knee.

We leveraged graph mining algorithms [9] to quantify this complexity, and evaluated our
approach in a study of able-bodied subjects. To the best of our knowledge, this is the first-
time the effects of joint loading forces on acoustical emissions is quantified. We expect that
this work will form a foundation for future efforts aimed at quantifying loading based on
wearable measurements of joint acoustical emissions throughout activities of daily living
and in a broader range of movements and exercises.

Il. Methodology

A. Human Subjects Study and Measurement Protocol

Twelve healthy subjects with no prior injuries were recruited for the study which was
approved by the Georgia Institute of Technology Institutional Review Board (IRB). Subject
demographics are described in Table 1.

For each subject, four miniature (7.9 x 5.5 x 4.1 mm) contact microphones (BU-23173-000,
Knowles Electronics LLC., USA) were attached to the medial and lateral sides of the patella
and superficial to the lateral and medial meniscus using Kinesio Tex tape (see Fig. 3(a)). 4
microphones were used to capture a broad range of the acoustical emissions. The anatomic
positions were selected because of their ease of use as prominent landmarks for repeated
placement of the microphones between subjects. The biomechanics of the joint was also
considered in choosing these placement locations. The patella experiences significant
frictional forces from the movement of the quadriceps tendon during flexion extension and is
directly superior to the articulating surfaces of the femur and tibia. The menisci are a pair of
crescent-shaped, fibrocartilaginous pads that provide structural integrity to the knee when it
undergoes torsion and tension, and can disperse the load and relieve friction over the
articular surfaces of the femur and tibia in the knee. As we increase the compressive forces
to these locations with external loading, we expect to see a change in the emitted sounds by
the complex interaction between these surfaces. The contact microphone, which are
piezoelectric sensors with broad bandwidth (>20 kHz) and low output noise (7 /A/rms “A”
weighted), were selected as they provide high quality acoustical pick-up from the body
while maintaining a small footprint amenable for wearable use. The subjects were then
asked to perform ten repetitions of vertical leg press with different loading conditions.
Vertical leg press was selected as the exercise for this study since it allows for vertical
loading at the knee joint to be varied in a controlled manner up to a sufficiently large load
(i.e. body weight) to notice effects on the acoustical emissions. There was a total of four
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loading conditions, starting with zero load (no weights), and increasing by a third of the
subject’s body weight up to the full weight of the subject. The audio signals from each
microphone were pre-amplified using a custom analog front-end consisting of a voltage
regulator, setting a 3V supply used for powering the microphones and amplifiers, a low
noise amplifier with a voltage gain of 100, and 180 kHz bandwidth, and a bandpass filter
(bandwidth: 16 Hz—20 kHz, Butterworth). The amplified signals were then sampled at 50
kHz (16bits/sample) using NI USB-6225 data acquisition hardware (NI, Austin, TX, USA).
All signals were recorded on a laptop using LabVIEW System Design Software (NI, Austin,
TX, USA) and were processed using MATLAB (The Mathworks, Naticks, MA, USA) and
RStudio (RStudio, Boston, MA, USA).

B. Joint Sound Pre-Processing and Feature Extraction

The overall signal processing and feature extraction steps are illustrated in Fig. 3(b). The
acoustical signals were acquired during ten repetitions of vertical leg press cycles on the
dominant leg of the subject. The signals were digitally filtered using a Kaiser-window finite
impulse response bandpass filter with a bandwidth of 400 Hz — 20 kHz to remove the low-
frequency interface noise between the tape, the skin and the microphone. The filtered signals
were standardized with zero mean and unity variance to balance out any variations in the
signal amplitude among sensors that could result from differences in contact pressure against
the skin.

The normalized signals were then divided into segments (windows) with a duration of 200
ms and 90% overlap between successive segments. This segment duration and the overlap
allowed multiple joint sound signatures to be present within a given frame. The features
derived from each segment are summarized in Table 2 and many of them are described in
detail in Giannakopoulos, et a/. [10]. The features were selected empirically, and are
commonly used in other audio signal processing applications. For example, the mel-
frequency cepstrum coefficient (MFCC) [11] is prevalent in speech recognition analysis, for
discriminating speech, music, and background noise [12].

For each windowed segment of each microphone, a total of 64 features were extracted and
stored in a vector. For each loading condition, we vertically concatenated the features
extracted from the windowed segments of all four microphones into one single matrix.
Based on the common statistical learning rules found in [13] and [14], the number of
features acquired for our dataset is a reasonable value.

C. Repeatability Testing

To test the repeatability of the measurements of placing the sensors and loading the joint, we
have analyzed the acoustical emissions from five subjects over three different trials from
different days using t-Stochastic Neighbor Embedding (t-SNE). This technique, t-SNE,
reduces dimensionality by constructing a probability distribution over the points in the high-
dimensional feature space and a similar probability distribution over the points in the low-
dimensional map while minimizing Kullback-Leibler divergence between the two
distributions with respect to the locations of the points in the feature space [15]. This
minimization ensures that the mappings maintain the relations between each data point in

IEEE Trans Neural Syst Rehabil Eng. Author manuscript; available in PMC 2019 March 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Jeong et al. Page 5

the high dimensional space in the newly calculated low dimensional space. Each data point
represents a 200 ms frame of the acoustical signals acquired while the subject performed one
leg press. For visual representation, 64 feature set (64 dimensions) is reduced to two
dimensions as shown in Fig. 5. Note the labels on the axis do not have any physical
meaning, and instead describe the two calculated axes from the t-SNE dimension reduction.
For each loading conditions, the plot showed little to no separation within the clusters of
data points for three different trials. This indicates that the signals can be consistently
measured from one day to the next.

D. Proof-Of-Concept Study of Loading Effects During Walking

We considered an alternative exercise using an AlterG (AlterG, Inc., Fermont CA., USA), an
anti-gravity treadmill that assists patients with fast recovery [16]. lllustrations for the
measurement setup and the exercise movement are depicted in Fig. 9(a) and 9(b). The
microphone placements were the same as the locations for the vertical leg press. Testing was
performed on the AlterG treadmill because of its ability to alter the body weight (or load) on
the knee joints while walking. This exercise provides a more real-world context to the nature
of joint acoustical emissions during an everyday activity. The AlterG assessments further
tested our proposed concept that an increased load on the joint leads to an increasingly
complex acoustical emission. In the case of the AlterG device, we were able to decrease the
load on the joint and thus test our hypothesis on joint loading conditions that were less than
body weight during walking. Given that this exercise, and thus the movement/loads of the
joint, are different between walking and performing leg presses, no cross comparisons across
exercise are performed.

As a proof-of-concept, we recruited three subjects, under an IRB approved protocol, to
perform 20 seconds of walking on the treadmill with two different weight conditions: 20%
of the body weight (minimum), and 100% of the body weight (maximum). The swing phase
was kept constant at a speed of 2.0mph. During the stance phase, the knee joint is relatively
static and thus had relatively no acoustical emissions resulting from movement of the joint.
Instead, it only depicts the noise caused by the foot hitting the ground which overpowers any
knee joint sounds we hoped to record. As such, this period was omitted from the analysis.
Same signal processing and feature extraction methods were used to extract the signals.

lll. Graph Mining Algorithm

Our hypothesis is that increasing the vertical loading forces on the knee would increase
heterogeneity among acoustical signals captured by the microphones. To investigate this
matter, we utilized the concept in graph theory of quantifying heterogeneity by locating, and
computing the number of, communities within the graph. We considered the combined
features from microphones for a single loading condition as a data matrix X.

Our idea is that more loads should increase the number of sound sources in the knee and this
would increase the heterogeneity within the captured signals by different microphones.
Accordingly, the distribution of X should be modeled. Although this can be done using some
statistical models such as Gaussian or student t-distributions [17], these techniques require
strong assumptions about the high-dimensional shape of the data (e.g., ellipsoid versus
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convex) and model parameters (e.g. mean and standard deviation) which can cause many
problems, such as unreliable bandwidth estimation for applied kernel density function.

To overcome these challenges, we reconstructed a k-Nearest Neighbor graph (AAVN) from
graph theory which previously has been successfully used by researchers to model and
cluster high dimensional bioinformatics data [18, 19]. Our idea is that the constructed graph
from a knee which experienced smaller loads should be less heterogeneous than the one that
experiences higher loads. This heterogeneity can be modeled with the number of complex
communities in the related graph: a greater number of graph “communities” should be
needed to describe sounds emitted from a knee which is loaded with higher forces.

In this work, we define a AV graph for each dataset X. Let KG = {V/ E}indicate the ANV
graph corresponding to Xwhere V= {vy, v, ..., vy} is the set of verticesand EC V x V
represents the set of edges among v;. In this graph, each vertex vo;indicates one row
(acoustical window) in .X. To model the local neighbor of each window x;in .X; the
corresponding vertex v;is connected to its A nearest neighbors using Euclidean distance.
Fig. 4 illustrates how each windowed segment will be grouped and differentiated into
separate clusters. In this work, Awas chosen to be 10 empirically. Other values were also
investigated (e.g. 5-15) and similar results were obtained.

If we only consider the Euclidean distance values [20] to assign related weights of edges
between v;with its nearest neighbors, noisy data points would engender many problems. If
there are some v, s expanding the dispersed zones between two different communities, we
may not distinguish these two communities and merge them as one single community
incorrectly. Hence, weights are reassigned to each graph edge using dice similarity [21],
such that we incorporate the properties of each point’s neighborhood rather than relying on
Euclidean distance alone in attributing points to clusters or communities. The dice similarity
of v;and v;means twice the number of common neighbors divided by the sum of the
degrees of v;and v Assuming v,;and vyindicate two connected vertices within the KNN
graph, the assigned weight for the edge between these two vertices is defined as,

w“:2 * [{A4; N BJ}|
ST

where Ajand B;denotes the set of the neighbors of v;and v, respectively. Also, the degree
of v;and vjare represented as Djand Dj, respectively and finally, the notation [*| is the
number of elements in a set. Fig. 4(b) shows how the calculated weight will allow two
edges, v;jand v, from different clusters not to be merged.

Once the weighted AN/ graph is extracted, a community detection algorithm is applied to
extract all the potential communities (clusters) within the ANV graph [22]. There are several
community detection algorithms studied in graph theory that could be applied [23]. In this
work, the Infomap community detection algorithm [24] is employed to quantify the
communities of the AN graph, since Infomap has been applied successfully in various areas
of graph mining in different fields such as bioinformatics [25].
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Infomap uses the probability flow of random walks on the network as a proxy for
information flows and clusters the graph into multiple communities [26]. The algorithm
searches for a partitioning of the kAN graph to minimize the expected description length of
a random walk, and seeks to compress the description of information flow visited by a
random walker on the network. Using Huffman code [27], all v; visited by a walker are
recorded and coded. The walker takes a reasonable amount of time within the same
community which results in longer walking process. The computational complexity of this
algorithm is approximately O(|E|). For more detail, the reader is referred to [24]. In this
work, the number of detected communities is shown with “GCF” (Graph Community
Factor) which represents the heterogeneity of extracted A/ graph from the data matrix X.

One important note is that discovering of the potential communities in the ANN graph is
tantamount to finding the number of clusters (dense areas) in a high dimensional dataset X.
Applying regular clustering methodologies such as K-means and Gaussian Mixture Models
are not possible in this problem, as these methods require the knowledge of the number of
clusters (dense populations of acoustical windows) within the data matrix. We also note that
applying a kernel-based density clustering algorithm [28] (as it automatically estimates the
number of dense areas in data) on a 64-dimensional dataset X to find the clusters is
challenging and not practical. The difficulty is that the curse of dimensionality causes the
density detection in high dimension (in this problem 64) to be very time consuming and
statistically not robust.

IV. Results and Discussion

A. Changes in the Gcf With Loading for All Microphones

We evaluated the use of the graph mining algorithm to quantify the changes of acoustical
emissions from the knee joints with respect to different vertical loading forces on twelve
subjects. Four contact microphones were used to collect the joint sounds from various
locations on the knee (medial and lateral of patella and meniscus). Fig. 6 illustrates the
increasing trend of heterogeneity and the calculated GCF value with respect to different
loading conditions for one representative subject. The knee graph is constructed from the
individual loading data matrix where each data point (vertex in the graph) represents all the
time and frequency domain features for one windowed frame of the acoustical emissions and
different colors characterize different communities. The graph on the far left of Fig. 6
represents densely clustered nodes that are more homogeneous and close to one another in
high dimensional space. As the loading conditions increase, the set of nodes in the graph
become heterogeneous and geometrically more dispersed in space indicating a more variable
feature set. The mean GCF values for no loading, one-third body weight (BW), two-thirds
BW, and BW were 26, 34, 38, 40, respectively.

Fig. 7 provides a boxplot of the GCF values calculated for all subjects for each loading
condition. The mean values for no load, one-third BW, two-thirds BW, and BW were 30, 32,
36, and 39. Since the sample size is not large, the non-parametric paired Kolmogorov-
Smirnov test [29] was used to calculated the p-value (p<0.01). For twelve subjects, we
demonstrated the increase in GCF of the acoustic emissions from the joints with respect to
the increasing load level on the knee.
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B. Changes in Gcf Across Microphone Locations

We also evaluated the characteristics of the acoustical signals across four different
microphone locations to determine which locations had the most heterogeneity. Each
microphone data matrix consists of all the segments and the features for the four loading
conditions. Fig. 8 shows the boxplot of average GCF value for all subjects with respect to
the microphone locations (numbers). Microphones 1,2,3, and 4 have mean GCF values of
26.4, 32.6, 33.5, and 23.8 respectively. We used the same non-parametric paired
Kolmogorov-Smirnov test to calculate the p-value (p<0.01). Referring to Fig. 3(a), the
results showed that locations 2 and 3 (medial side of the patella and superficial to the lateral
meniscus, respectively) seem to show higher variation than the microphones placed on 1 and
4 (lateral side of the patella and superficial to the medial meniscus, respectively). The
underlying anatomical sources of this variation are hypothesized as follows: microphone 1 is
located on the superior lateral aspect of the knee which is principally superficial to the
femur, quadriceps tendons, muscle, and fat. Microphone 3 placement includes the tibia
collateral ligament, muscles, and the semi-membranous bursae, a jelly filled sacs in between
ligament and bone, along with the previously mentioned lateral meniscus and associated
connective tissue. In addition, the fibula connects to the tibia on this side of the leg, which
could cause considerable differences from the sounds produced on the opposite side. The
fibular collateral ligaments are located on the lateral side, close to microphone 3, which
could contribute to more heterogeneity in that location since it is another source of tension
on the joint when load is applied. Locations 1 to 4 (lower heterogeneity) and locations 2 to 3
(higher heterogeneity) makes an “X’ through the knee. There are several anatomical
structures that follow a similar course through the region, and as such may be particularly
potent contributors to the variations and heterogeneity seen. These structures include the two
proximal heads of the gastrocnemius, the popliteus muscle/ligaments, and the anterior
cruciate ligament (ACL) and posterior cruciate ligament (PCL).

C. Changes in Gcf During Walking With Loading

Using the graph mining technique from the acoustical signal obtained from three subjects,
we found that the average GCF value increased from 26 to 33 as the body weight changed
from 20% (minimum) to 100% (maximum), respectively (see Fig. 9(c)). This showed that
changing the loading on the knee while walking has an impact on the knee joint acoustical
emissions.

V. Conclusion and Future Work

This paper established a method of using a graph mining algorithm to quantify the impact
that mechanical loading of the knee has on the joint sounds produced. We demonstrated that
with increasing loading conditions, the acoustical emissions became more heterogeneous.
Furthermore, we observed that there were more variations in microphone placement at the
medial side of the patella and the lateral side of the meniscus.

Future work will include investigating the causes for the variation in signals due to
microphone placement and which locations would provide the best signal quality. This will
include a cadaveric dissection with microphones placed on the aforementioned anatomical
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structures. On the skin, microphones will continue to be placed on different parts of the
knees superficially to find the optimal locations for maximizing signal quality. In addition,
more subjects will be recruited for investigating how different loading and joint angle speed
on different rehabilitation exercises can impact the acoustical emissions using the AlterG
and their importance in the rehabilitation process. Longitudinal measurements of cumulative
joint loading forces in athletes or patients rehabilitating knee injuries may provide a means
of assessing knee use during normal activities or exercises, which can then be provided to
the user as feedback.
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Fig. 1.
Ilustration of the effects of vertical loading forces on the acoustic emissions resulting from

increased biomechanical stress on the internal surfaces in the knee.
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mass

Fig. 2.
Illustration of the measurement setup, with the subject performing vertical leg press at

varying weights up to the body weight, and the measurements of acoustical emission
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Fig. 3.

Se%]sor placement and overview of the method of how the signals acquired are analyzed. (a)
Four contact microphones are placed on the medial and lateral sides of the patella and
superficially to the medial and lateral meniscus (b) The signal analysis workflow for knee
joint sounds. The signals from the dominant knee of the subjects are filtered and
standardized (to zero mean and unity variance) and windowed (frame length of 200 ms with
90% overlap). The features are extracted for all four mics and vertically concatenated where
columns represent the features and rows represent all the windowed segments. The rows
represent all the windows in microphone 1 to microphone 4 and the columns represent the
64 features. A k-Nearest Neighbor graph (kNN graph) is constructed from the matrix formed
using data from the dominant knee and calculates the graph community factor (GCF) using
the graph community detection algorithm.
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Fig. 4.
An example illustration of the clustering of the node (degree of 4). (a) General depiction of

the dataset (b) Example graph where v;and v;represents vertex in the nodes and w;
represents the weight of an edge between the two nodes.
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Fig. 5.
A visual representation of the audio signal frames for three different trials on one subject for

one of the loading conditions (two loads) using t-Stochastic Neighbor Embedding (t-SNE).
The clusters from the three different trials heavily overlap indicating that the measurements
are repeatable.
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GCF =26 GCF =34 GCF=38 GCF=40
Fig. 6.

Graphs created based on the sound features for all windows of the recording, and calculating
the GCF score. Example graph from one subject are shown with the associated loading
condition and GCF. Different colors correspond to different groups of clusters, implying that
higher GCF value represents more variation of colors in the graph.
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Fig. 7.

Boxplot showing GCF increases with loading for subject (n=12), indicating more
heterogeneity for all acoustical signatures. The asterisk (*) represents the p-value less than
0.01 which is calculated using a non-parametric paired Kolmogorov-Smirnov test.
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Fig. 8.
Boxplot showing GCF for different microphones (locations on the knee). The data matrix

consists of all loading conditions per microphone for each subject. The asterisk (*) indicates
the p-value less than 0.01 which is calculated using a non-parametric paired Kolmogorov-
Smirnov test.
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Fig. 9.
Alternative exercise that can measure joint sounds with different loads. (a) AlterG device

allows the user to reduce their body weight by a designated percentage down to 20 percent.
(b) Hlustration of the activity and measurements of acoustical emissions from the joint with
contact microphones with respect to the angle of the dominant knee. (c) Graphs created
based on the sound features for all windows of the recording, and calculating the GCF score.
Example graph from one subject is shown with different percentage of the body weight.
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Demographic Data for Study Participants

Male Female

Number of Subjects 9 3

Age (mean t o, inyears) 243+19 253+21
Height (mean + o, incm) 175.1+35 155+2.7
Weight (mean £ o, inkg) 74399 50772
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Feature Name Equation

General Description and Significance

Energy
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'%/:x(t)e_i%ftdt

Total signal energy

- Short term energy is expected to
exhibit high variation over
successive speech frame

Rate of sign changes:

- Exhibit higher values in the case of
noisy signals (i.e. noisier if there is
higher loading forced on the knee
joints)

Measure of abrupt changes in the energy
level:

- Low value in abrupt energy
changes (i.e. low peaks if there are
higher loads affecting the joints)

Center of gravity of spectrum/ second
central moment of spectrum:

- Higher values correspond to
brighter sounds (i.e. brighter
sounds if higher loads are endured
on the joints)

Like entropy but in frequency domain:

- Higher value in sounds for more
loads on the joints

Measure of spectral change between two
successive frames:

- Lower value if the signals are more
consistent (i.e. lower the values
will be as more loads affect the
joint sounds)

Frequency below which 90% of the signal
energy (magnitude) is concentrated:

- Higher value for wider spectrum
(i.e. higher in joint sounds with
more loads are enforced)

Coefficients that make up a representation
of the short-term power spectrum of a
sound, based on a linear cosine transform
of a log power spectrum on a nonlinear mel
scale of frequency:

- First 13 MFCCs carry enough
discriminative information to
compare joint sounds with
different loading conditions

Power of the signal in 29 distinct frequency
bands, between 30 logarithmically spaced
frequencies in the range of IkHz-15kHz:

- Higher frequency band powers will
exhibit high values at frames
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Feature Name

Equation General Description and Significance

where joint sounds are most
abrupt, (i.e. joints affected by more
loads will have higher values)
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