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Abstract— Acoustic emission events (clicks) produced by the
knee during movement have a variety of causes but can be
classified as physiologic or pathologic. In this paper, we present a
pilot study investigating detection and classification of physiologic
and pathologic clicks in knee acoustic emissions from 4 subjects
with juvenile idiopathic arthritis (JIA) and 4 control subjects.
First, the signals are filtered and spectral noise suppression is
applied. Then, the clicks are located using the Teager energy
operator and are extracted from the main signals. Several time
and frequency domain features are extracted from each click.
Using a random forest classifier, the clicks are categorized as
“physiologic” or “pathologic”. In our dataset, we found an
accuracy, sensitivity and precision of 94.3%, 93.3% and 96.6%,
respectively, in correctly attributing these clicks to their respective
classes. Similarly, the area under the receiver operating
characteristics (ROC) curve is calculated as 0.98. The proposed
click detection and classification pipeline may be used as an
objective guide for knee health assessment in future work.
Keywords—Wearable Technologies, knee joint health, acoustics.

I.

INTRODUCTION

Juvenile idiopathic arthritis (JIA) is the most common
rheumatic condition of childhood, affecting more than 200,000
children in the United States [1]. The origin and pathogenesis
of JIA are still largely unknown. Joints affected with JIA
undergo painful and progressive joint destruction. Early
detection and appropriate treatment of JIA are crucial for
preventing these long-term consequences. One of the most
commonly affected joints in JIA is the knee joint [2, 3];
however, there is not a quantitative scheme for assessing the
disease state in affected knees conveniently and accurately.
In previous work [4], we discussed the compelling need for
an unobtrusive, quantitative and affordable joint-health
assessment method. We leveraged the use of the sounds that
joints make during movement to propose a biomarker of
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Fig.1: (a) Time domain signal and corresponding spectrogram of a recording
taken from a control subject with physiological clicks. (b) Time domain signal
and corresponding spectrogram of a recording taken from a subject with JIA

underlying joint health. These sounds can be measured on the
surface of the skin and in the case of the knee likely originate
from friction between articulating surfaces [5]. These signals
are referred to as “vibroarthographic” signals in literature.
Since Blodgett pioneered the use of these signals in 1902, many
advances have been made in this field [6-8]. The development
and application of piezoelectric accelerometers to joint sounds
greatly advanced the field of vibroarthography [9, 10].
Previously, we developed a hardware setup and signal
analysis algorithm to assess knee-joint health [4]. The proposed
algorithm was validated with the measurements taken from 4
control subjects with no history of knee injury or pathology and
4 subjects diagnosed with JIA with affected knees. Several time
and frequency domain features were extracted from the acoustic
emission signals and fed into a soft classifier which is based on
gradient boosting trees. Using leave-one-subject-out crossvalidation (LOSO-CV), each subject was given a “knee audio
score” ranging from 0 to 1, with 0 being a healthy knee and 1
being an involved joint. Although the cross-validated accuracy
of the signal frames was high (92.3%), there remained an
important observation and a potential drawback for the
proposed algorithm. There were clicks that occurred in the

For information on obtaining reprints of this article, please send e-mail to: reprints@ieee.org
Copyright @ 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications standards/publications/rights/index.html for more information.

1

Fig.2: Detection and classification pipeline. Knee acoustic emissions are filtered, and spectral noise suppression is applied. Using the Teager energy operator,
change points (in our case "clicks") are detected. Using these click locations, 100ms long click segments are extracted from the signals. Clicks are windowed,
and time and frequency domain features are extracted from each window. Using the random forest classifier and LOSO-CV, the clicks are categorized as
“physiologic” or “pathologic”.

healthy controls’ joint sounds (Fig. 1(a)) that appeared to
resemble the clicks seen in the joint sounds of patients with JIA
(Fig. 1(b)). The previously proposed algorithm did not focus on
distinguishing the source of these clicks or classifying the clicks
as physiologic versus pathologic. These physiologic clicks may
arise from bursting of bubbles in the synovial fluid, ligament
snapping, or physiologic synovium catching. [11]. Although
these physiologic clicks are generally not associated with joint
or synovium pathology, they still differ from the silent baseline
knee recordings in terms of their time and frequency domain
characteristics. Therefore, to prevent any false positives during
the analysis of joint sound recordings, these physiologic clicks
should be detected precisely and be distinguished from the
pathologic clicks.
We hypothesize that these physiologic and pathologic clicks
have different characteristics and could be differentiated with an
automated system allowing for more precise classification of
knee health status. This paper presents a novel algorithm to
distinguish between these pathologic clicks and physiologic
clicks. First, the desired clicks are located and extracted from
the band-pass filtered signals using a detection pipeline (Fig.2).
These clicks are then classified as “physiologic” or
“pathologic” using a random forest classification algorithm.
II.

METHODS

A. Human Subject Protocol
This study was conducted under a protocol approved by the
Georgia Institute of Technology and Emory University
Institutional Review Boards. Knee acoustic emissions from 4
control subjects and 4 subjects with JIA were acquired as
described in [4]. The recorded signals were analyzed using
Matlab (MathWorks, Natick, MA) and Python (Python
Software Foundation, Beaverton, OR). In this paper, the
recordings from the control subjects are compared against the
recordings taken from patients with JIA prior to starting
treatment. Post-treatment data is not included as the true nature
of the clicks (pathologic vs. physiologic) could not be certainly
known at this point.
B. Pre-processing and Acoustic Noise Suppression
The signals are pre-processed using a digital finite impulse
response (FIR) band-pass filter with a 250Hz-20kHz bandwidth

to reduce interface noise. Sound artifacts at the beginning and
end of the recordings are removed manually (Fig.3(a)). After
this preprocessing step, the spectral noise suppression
algorithm developed by Ephraim and Malah [12] is employed
to reduce the background noise. Each recording is segmented
with Hanning windows and the corresponding short time
Fourier transform (STFT) is computed to calculate the signal
spectral power. Assuming that the noise is stationary, the power
spectrum of the noise is computed using the small silent
portions of the recordings where no clicks are present. For each
frame, a posteriori (ratio of the noisy speech spectrum and the
noise spectrum) and a priori (ratio of the clean speech spectrum
and the noise spectrum) signal-to-noise ratio (SNR) values are
calculated using the decision-directed approach described in
[12]. The signal gain is updated after each frame and this gain
vector is used to clean the actual STFT. Finally, the noisereduced signal is reconstructed using inverse STFT and
overlap-add methods (Fig.3(b)).
C. Teager Energy Operator
The Teager energy operator is a non-linear operator derived
from the energy of a simple oscillator using the physics of
motion. It represents the running estimate of the signal energy
by operating on three sequential samples of the signal at a given
time point [13]. In the discrete-time case, it is defined as:
Ψ !" # =$ #

%
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This operator is generally used to detect instantaneous changes
in signals such as discontinuities, changes in signal amplitude
and/or changes in frequency. Additionally, it suppresses the
background activity and discards soft changes [14]. Knee
acoustic emissions usually have high energy and short duration
[4, 8], therefore, the Teager operator appears to be well-suited
for detecting the instantaneous changes in these signals:
specifically, the “clicks” in the recordings.
D. Click Detection
After computing the Teager energy operator, the locations
of these change points are stored for each recording using a
simple peak detection algorithm. First, the envelope of the
Teager operator is generated, then the peaks which are greater
than 20% of the range of the signal value are selected as the
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Fig.3: (a) The signals are filtered using a 250Hz-20kHz band-pass filter. (b) Spectral noise suppression is applied for background noise. (c) Using the Teager energy
operator, change point locations are detected. Using this information, 100ms long click segments are clipped from the band-pass filtered signals.

potential click locations. This threshold is selected heuristically
to include as many clicks as possible while ignoring small
fluctuations in the signal. Using these clicks locations, the
portions within click location ± 50ms are extracted from the
main signals for each detected click. This 100ms windowlength is selected to include the main click and its smaller,
subsequent clicks (Fig.3(c)). A total of 53 clicks (30 from the
involved knee recordings and 23 from the control recordings)
are stored in matrix Y for further processing and classification.
E. Feature Extraction
Each 100ms-long click in matrix Y is segmented into 10ms
windows using 50% overlap to increase the number of instances
for the classification algorithm. This resulted in 954 frames in
total (18 frames from each click), and time and frequency
domain features are extracted from each frame. The wide
bandwidth (250Hz to 20kHz) of the joint sounds causes these
signals to have distinctive spectral features, whereas the spikelike appearances in the time domain result in unique time
domain features. Thus, 8 total features are extracted: 3 in the
time domain and 5 in the frequency domain. In the time domain,
the zero crossing rate, energy, and energy entropy are
calculated. In the spectral domain, the spectral flux, spectral
spread, spectral entropy, spectral roll-off, and spectral centroid
are calculated. The performance of these features and the
importance of having a diverse feature set in knee acoustic
emission analysis were previously discussed in [4]. These
features are stored under the 954x8 matrix X.
F. t-Distributed Stochastic Neighbor Embedding (t-SNE)
To visualize the ability of our feature set to distinguish
between the physiologic and pathologic clicks, dimensionality
reduction using t-distributed stochastic neighbor embedding (tSNE) is applied. This dimensionality reduction approach
attempts to maintain the distances between points, which are
defined based on their probabilities of being neighboring
points, during mapping from high dimensional space to low
dimensional space. Let xi be a point in high dimensional space;
so the conditional probability that xi chooses xj as its neighbor
is pi|j. Similary, this probabilty can be defined as qi|j in low
dimensional space. So t-SNE tries to minimize the mismatch
between pi|j and qi|j , and tries to find the best low-dimensional
representation for the current data. [15].

In the current problem, each feature represents one
dimension. Using t-SNE, the 8 dimensional data (with each
dimension corresponding to one of the 8 features) is mapped
onto 2 dimesional space for better visualization. After
dimensionality reduction, a scatter plot with two axes, where
each point is respresenting a 10ms signal frame, is constructed.
Two colors are used to categorically label the data points pathologic clicks in red and physiologic clicks in green.
G. Random Forest Classification
As previously explained, the clicks clipped from the filtered
signals are windowed and 8 features are extracted from each
frame. These features are stored in matrix X. The pathologic
signals and physiologic signals are given the labels 1 and 0,
respectively, and these labels are stored in 53x1 vector w.
Random forest classification with 100 estimators and maximum
depth value of 7 is employed to classify 954 frames from 53
physiologic or pathologic clicks. We chose random forest
classifier, since it can achieve high accuracy values without
causing any overfitting. Random forests are sets of trees with
the same distribution where each tree depends on the values of
an independently sampled random vector [16]. After several
trees are generated, each tree casts a unit vote for the most
popular class in the input data – in our case for “physiologic”
and “pathologic” classes.

Fig.4: (a) t-SNE graph for the physiologic and pathologic clicks. (b) The
ROC curve for the proposed model. The AUC is calculated to be 0.98.

The performance assessment is performed using leave-one
subject-out cross validation (LOSO-CV). In each fold, all click
frames from one subject are left out, and the model is trained
on the remaining click frames from 7 subjects. Then the model
is tested on the click frames of the subject being left out. This
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procedure is completed for all 8 subjects and the predicted
classes of the frames are stored in 53x18 matrix Z, where 53 is
the number of clicks and 18 is the number of frames belonging
to each click. These frame scores are then averaged to get the
final score of each click and stored in 53x1 vector h. The clicks
are classified as “pathologic” if the calculated score is greater
than 0.5, an as “physiologic” if less than 0.5. Finally using the
predicted scores in vector h and the actual classes in vector w,
the performance metrics (accuracy, sensitivity and precision)
are calculated and the corresponding receiver operating
characteristics (ROC) curve is plotted.
III.

IV.

In this paper, we presented a new algorithm for detecting
and classifying physiologic and pathologic clicks from the
knees of subjects with JIA and healthy control subjects. An
automated algorithm such as the one presented in this paper can
potentially be used to assist clinical decision making and
provide knee-health tracking in wearable systems for homemonitoring. In future studies, we will validate our findings with
larger datasets and attempt not only supervised learning
algorithms, but also unsupervised ones to ensure the
generalizability of our approach.

RESULTS AND DISCUSSION

A. t-Distributed Stochastic Neighbor Embedding (t-SNE)
The data from 4 subjects with JIA and 4 control subjects is
visualized as described in Section II-F. In Fig.4(a) the
corresponding t-SNE graph for the physiologic (green dots) and
pathologic (red dots) clicks is presented. The frames from these
two click types construct separate clusters in two dimensional
space based on their time and spectral domain features. This
seperation supports the ability of our feature set to distinguish
between these two groups, and supports our hypothesis about
these physiologic and pathologic clicks having different
characteristics. Physiologic clicks may be caused by cavitation
in the synovial fluid, ligaments snapping, etc. [11]. The causes
of clicks in JIA are yet unknown, but are most likely attributed
to the chronic inflammatory state of the synovium and cartilage
degradation [17-19]. Since these clicks have different origins,
it is reasonable that there would be differences in their time and
frequency information.
B. Random Forest Classification
As explained in Section II-G, 53 physiologic and pathologic
click frames are classified using random forest classifier and the
model is validated using LOSO-CV. This led to cross validated
accuracy, sensitivity and precision of 94.3%, 93.3% and 96.6%,
respectively. Similarly, the ROC curve is plotted (Fig.4(b)), and
the corresponding area under curve (AUC) is calculated to be
0.98. In biomedical applications, along with high accuracy, a
high sensitivity value is preferred in the design of a screening
test/technology, since this metric corresponds to the “detection
rate” of the algorithm. In this study, we obtained a detection
rate of 93.3%, which shows that this approach can detect and
interpret the changes in joint sound signals. Thus, this algorithm
could potentially be used to track and evaluate the knee health
status of both healthy and diseased knees. In the future, this
click-scoring pipeline could be extended beyond JIA to assist
in rehabilitation and recovery following musculoskeletal
injuries. Additionally, this signal differentiating capability
could be utilized in remote monitoring or telemedicine
frameworks. By using miniature sensors embedded in a
wearable system, the joints could be continuously monitored
and joint status changes or disease exacerbations could be
detected or maybe even predicted. This early detection would
improve patients’ quality of life and reduce surgeries and
healthcare costs.

CONCLUSION
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