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Abstract

Background: In this study, three detecting approaches have been proposed and evaluated for
online detection of balance situations during quiet standing. The applied methods were based on
electromyography of the gastrocnemius muscles adopting the hidden Markov models.

Methods: The levels of postural stability during quiet standing were regarded as the hidden states of

*Correspondence to
Hamid Reza Kobravi:
Research Center of Biomedical
Engineering, Islamic Azad
University, Mashhad, Iran, Tel:
0098-915317-3567, E-mail:
hkobravi@mshdiau.ac.ir

the Markov models while the zones in which the center of pressure lies within determines the level

of stability. The Markov models were trained by using the well-known Baum-Welch algorithm. The
performance of a single hidden Markov model, the multiple hidden Markov model, and the multiple
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hidden Markov model alongside an adaptive neuro-fuzzy inference system (ANFIS), were compared

as three different detecting methods.

Results: The obtained results show the better and more promising performance of the method
designed based on a combination of the hidden Markov models and optimized neuro-fuzzy system.
Conclusion: According to the results, using the combined detecting method yielded promising results.
Keywords: Quiet Standing; Hidden Markov Model; Electromyography; Dynamic Balance.
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Introduction

Balance during upright standing describes the dynamics
of body posture to prevent falling.! Furthermore, balance
preservation during upright standing means keeping
the center of pressure (CoP) within a specific zone
Therefore, the quantitative assessment of the quality
of standing balance based on CoP signals analysis has
been addressed by some researchers.** Adopting such
approaches can pave the way for objective evaluation of
standing balance. Nevertheless, a real-time detection of
the stability level has not been addressed profoundly in
the literature. Implementing an efficient rehabilitation
system or self-care system implies exploiting a real-
time detecting method for monitoring the postural
stability during unsupported standing. Even though
the information content of the CoP signal is enough
for analyzing the situation of stability during quiet
standing, online measurement of the CoP requires large
size devices or numerous insole shoe sensors. Therefore,
using other biomedical signals and substituting them for
CoP signals, can be an attractive research issue. Unless
the net moment generated by the ankle muscles does
not suffice for prevailing the gravity force, the excursion
of CoP in anteroposterior (A/P) direction is controlled
by ankle-strategy.” Since the ankle plantar-flexors/
dorsiflexion muscles control the net ankle moment,?
adopting the electromyography of the ankle muscles
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might be an eligible surrogate for the CoP processing.
The electromyogram (EMG) signals can bear useful
information related to the situation of upright stance.
The surface EMG can be used for answering the questions
related to the human standing control.® Thus, during
recent years, many researchers have sought to discover
the dynamical relation between the EMG signals and
the situation of balance.®” Some researchers analyzed
the EMG-activity and swaying data concurrently.®"
Combining force plate measurements and surface EMG
recorded during quiet and perturbed standing have
been addressed.® Along this aim, the average EMG-COP
time shift was estimated.® Another study aimed to assess
the neuromuscular control of the ankle joint and the
postural stability through analyzing the ankle EMG and
CoP signals.® In the mentioned study, the relationship
between activity onset of the tibialis anterior and soleus
muscles with COP onset latency, during translating in
an anterior or posterior direction, was examined.” The
possible correlation between lower-limb muscles and
postural stability has also been investigated based on
analyzing the simultaneous recorded COP and EMG
signals.!® Moreover, the effects of surface stability and
sway frequency on the muscle activation of the lower
limb have been studied by some researchers.!! And
the correlation between optic flow and muscle activity
has been assessed in the other studies.'” Alongside the
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aforementioned research, in some reported studies, the
electromyography was used for scrutinizing the role
of muscle activation and co-activation dynamics, the
contribution of different muscles on maintaining balance
during the upright standing, and the postural control
system” !¢, Also, it has been shown that incorporating
the electromyography of lower-limb muscles could
boost the accuracy and reliability of closed-loop system
identification being used to elucidate the contribution
of underlying systems involved in standing balance.”
Electromyography along with electroencephalography
(EEG) was also used for assessing the proprioception.'®
Furthermore, electromyography has been used for
examining the effect of postural sway, the difficulty of
the postural control tasks, paralysis, augmented visual
feedback of the CoP, balance exercises, muscle fatigue,
and wearing the prosthesis during standing on muscle
activation dynamics.'®'*2*

Despite valuable studies done, using electromyography
for the real-time detection of stability level during
unsupported standing has not been addressed profoundly.
Therefore, in the current research, a hidden Markov
model-based detecting solution has been proposed
and evaluated for online determination of standing
balance situation based on electromyography of ankle
gastrocnemius muscles.

Materials and Methods

Data Collection

Participants

Five individuals aged 22-29 years participated in this
research. The four healthy participants suffered from
no balance disorders and one participant suffered from
balance problems because of a stroke. Since the parameters
of models describing the CoP stability zones were related
to foot length, their foot lengths were measured before
data collection. Table 1 shows the subjects’ specifications.

Recording Protocol and Experimental Setup

According to the aim of the study, the ankle muscle EMG
signals emerged during swaying, had to be recorded.
Because these signals could bear information related
to the posture control process performed during quiet
standing. During the recording process, the subjects were
asked to stand on a force plate (Kistler, 9286B) and start to
sway voluntarily in the anterior-posterior plane ten times.
In this way, adequate EMG data necessary for processing,

Table 1. Subjects Specifications

Foot Length Age Patient
28.6 cm 25 E.S
23.8.cm 29 E.S
24.3 cm 25 H.R
23.7 cm 24 M.R

could be gathered. The participant took a short rest
between two consecutive trials to prevent the occurrence
of muscle fatigue. During performing each trial, the
CoP signals were recorded through the force plate. The
sampling frequency was 100 Hz. Moreover, the frequency
bandwidth of the surface EMG signal lies between 0 to
400 Hz.” Therefore, according to the Nyquist’s theorem,
the sampling frequency must be at least twice the highest
frequency component of the signal. Thus, the EMG signal
of gastrocnemius muscles was recorded simultaneously
with a 1000 Hz sampling frequency. The surface Ag/AgCl
electrodes were used for EMG recording. Figure 1 shows
the experimental setup.

The raw EMG data were filtered by 10" order
Butterworth band-pass filter with 10-500 Hz cut-off
frequencies. Then the envelope of the filtered signal was
extracted using a 10" order Butterworth low-pass filter
with 0-5 Hz cut-off frequencies. The extracted envelope
was considered as the muscle activation pattern.

Proposed Detecting Solution

The main underlying idea of this study is using the HMM
for determining the quality of balance during upright
standing by analyzing the GA EMG signals, while the level
of balance quality is determined according to the zone in
which the CoP signals lie within. Therefore, the features
extracted from the muscle activation pattern accounted
for the observation vector, and levels of balance quality
were considered as the hidden states. A sliding window
with a length of 2 ms was selected and applied. At first,
the time sliding window is moved forward in time in an
offline manner. If the CoP time samples lying within the
time window show that the CoP signals lie within the
high preference zone (HPZ),? that time window is labeled
“HPZ window”. Also, if the data lying within the time

EMG
Electrodes

Force Plate

Figure 1. The Experimental Setup.
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window show that the CoP time samples lie within the low
preference zone (LPZ),” that time window is labeled “LPZ
window”. At last, if the CoP time samples lying within
the time window show that the CoP signals lie within
the unstable zone (UZ),? that time window is labeled
“UZ window”. The label of each window (“HPZ”, “LPZ”,
“UZ”) is considered as a hidden state. In this manner, the
envisioned HMM has three hidden states. Furthermore,
the extracted features from each corresponding time
window of muscle activation pattern are the observations
used for training and testing the designed HMM. In
this manner, the continuous data was converted to a
discrete sequence of observations. After considering
the events as hidden states and observations, the HMM
can be designed.® Figure 2 describes the structure of the
designed HMM.

The feature selection was carried out based on the
k-nearest neighbors (KNN) algorithm. The designed
HMM was used under two different structures after
training by using the Baum-Welch algorithm. The details
of the proposed detecting method will be explained.

Feature Selection Method

Asmentioned previously, the features extracted from each
time window of the muscle activation pattern accounted
for the observation vector. Thus, 22 time and frequency
features were initially extracted®. Then, the most
appropriate features were selected based on analyzing the
receiver operating characteristic curve (ROC) obtained
through performing the KNN algorithm. In other words,
the features on which the KNN are performed and yield
maximum ROC, were selected.

Applied Detecting Structures Based on HMM

Single HMM-Based Structure

Figure 3 shows the block diagram of the single HMM-
based structure. Using this method, a single HMM is
trained for detecting three different levels of balance
quality.

Multi HMM-Based Structure

Figure 4 shows the block diagram of the Multi HMM-
based structure. In this method, three separate Markov
models were used for detecting each distinct level of

Observation Observation Observation

(HP2) (LP2) &z

Figure 2. The Structure of the Proposed Markov Model.

balance quality during standing. In other words, each
HMM was trained in a manner that could detect a specific
level. During the online detection process, the maximum
likelihood state (level of balance quality) was regarded as
the detected level of balance quality. It is expected that
the interference of learning is prevented by using this
approach. Since interference of learning might degrade
the performance of HMM, it is expected that using multi-
HMM improves performance.

Multi-HMM Alongside an ANFIS

Asexplained previously, it is expected that the interference
of learning is prevented through using this multi-
HMM-based structure. Nevertheless, detecting based on
probabilistic parameters (transition probabilities) could
undermine the detection accuracy. Thus, utilizing an
intelligent fusion mechanism alongside three Markov
models may boost the detecting accuracy. Therefore, the
above combination was the other structure used in this
study. Figure 5 shows this structure. In this approach, the
maximum transition probabilities of each HMM account
for the input vector of an adaptive neuro-fuzzy inference
system (ANFIS) while ANFIS output determines the level
of balance quality. The adopted ANFIS was designed
based on Takagi-Sugeno fuzzy system with 8 rules.
The number of the inputs and the input membership
functions was 3, while the membership functions were
Gaussian functions. The ANFIS was trained using
Levenberg-Marquardt algorithm.

Training the HMM Using Baum -Welch Algorithm

In this research, the designed Markov models were
trained using the well-known Baum-Welch algorithm.
In the used HMM, the initial probability functions were
a combination of some Gaussian functions. The number
of Gaussian probability functions starts from one and
gradually increases until the output reaches its maximum
value. The Baum-Welch algorithm is performed
iteratively. Figure 5 describes the Baum-Welch algorithm
briefly.* Figure 6, “§ (i.j)” shows the probability of going
to state “Sj” at time t+1 and observing the “OH 1”, while
the state at time “¢” is “Sj”. Also, the “O=OI.OZ....OT” is
the observation. In addition, the “B, | (j)” is a probability
of the observation of O, 0, ,...0, a, is transition

t+1 420"
probability and 7, is initial state distribution.

Results

Result of Feature Selection

As explained previously, feature selection was done
based on analyzing the ROC curve obtained through
performing the KNN algorithm. After analyzing the ROC
the selected features were as follows®::

Simple Square Integral and Variance
Simple square integral (SSI) is a summation of square

@ journals.sbmu.ac.ir/Neuroscience

Int Clin Neurosci J. Vol 9, 2022 [ 3


http://journals.sbmu.ac.ir/Neuroscience

Abdolhossein Harisi and Kobravi

Balance Quality

A\

Time Window of Muscle Activation Pattern|

Extracting the
Selected Features

(The observation vector)

Level-1
Extracting the
Selected Features HMM =>4 [cvel-2
(The observation vector)
Level-3

Figure 3. The Block Diagram Describing the Single HMM Based Detecting Structure. The features are extracted from the EMG signals lie within 2 ms sliding window.
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Figure 4. The block diagram describing the multi-HMM based detecting structure. The features are extracted from the EMG signals lie within 2 ms sliding window.
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Figure 5. The Block Diagram Describing the Detecting Method Based on Combining Three Hidden Markov Models and an ANFIS as a Fusion Mechanism.

The features are extracted from the EMG signals lie within 2 ms sliding window.

values of the EMG sample values. Also, the average of the
calculated SSI is known as the other feature called variance
(V). The aforementioned features can be calculated as
follows®!:

s&:ixf

i ey
4 =(L§X2 )%

Vs @

Where Xi is ith time sample of EMG signal, and N is the
number of EMG samples.

Waveform Length and Average Amplitude Change
Waveform length (WL) is a measure of the complexity
of a signal. It is defined as the cumulative summation of
signal difference values between pairs of subsequent EMG
signal sample values computed over the time segment.
Also, the average of the calculated differences is known
as the other feature called average amplitude change. The
aforementioned features can be calculated as follows®":

N-1
WL = Z‘Xm _Xi

i=1

3)
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Algorithm 1: The Baum-Welch algerithm

Initialization: 68, {0,..}
Looping:
forl=1,...1,, do
1. Forward-Backward calculations:
a, (1) = mbi(0,). B-(1) = 1,
i) = [Z}.;fxa-i(})ﬂji]bj(or)rﬁg(i) =T b (0e1) Been ()
farl=i=K.1=t=T-1

2. E-step:

Fe(iagb(0pr1 0P+ 1 )
it Il aeliday by (0 Be(f0)

@ (D)8 (E)
T @B

reli) = &) =
forlsi=K.1<sjsK.1=st=T-1

3. M-step:

= () Q. = () s = Tl vikd)

om0 T BN T sk RS T T EE k)

frl=i=sK.1=j=K.1=k=Kl=d=D
end

Result: {8,}m4

Figure 6. A Brief Description of the Baum-Welch Algorithm.

1 N-1
AAC=—)> |X.  —-X
C N 12:1:‘ i+1 i

(4)
Where Xi is ith time sample of EMG signal, and N is the
number of EMG samples.

Difference Absolute Standard Deviation Value

Difference absolute standard deviation value (DASDV)
is the root mean square value of signal difference values
between pairs of subsequent EMG signal sample values.
It is defined as follows™:

N-1
DASDV = /iZ( X, - X))
N i=l (5)

Where Xi is ith time sample of EMG signal, and N is the
number of EMG samples.

The 1", 2 and 3 Spectral Moments

Spectral moments are the features computed using the
signal power spectrum. The 2 (SM2) and 3™ (SM3)
spectral moments are calculated as follows®:

M
SM1 =) Pf;
j=1

M
SM2 =Y P’ (©)

=

M
SM3=>"Pf’
j=1
Where P is the value of the EMG power spectrum at the
frequency bin j (f), and M is the length of the frequency
bin.

Absolute Value of the 4" and 5" Temporal Moments

The temporal moment is a statistical measure that is
computed based on an averaging approach. The 4™ and
5" moments of EMG signal are calculated as follows®":

13,
TM4=|—>'X;
VoK
1 N
TM5=|—> X
N =
(7)

Where Xi is ith time sample of EMG signal, and N is the
number of EMG samples.

The Results of Detecting Approaches

As explained previously, the most appropriate features
were selected according to the ROC. Since this curve
(ROC) shows the true positive (TP) rate versus the false
negative (FN) rate, the values of accuracy and sensitivity
measures were computed and analyzed as the quantitative
evaluating measures. The reason is that accuracy is
a measure for an overall assessment of the detecting
approach (%) and the sensitivity measure is
a function of TP. Meanwhile, the TP is the determinant
of not only the nominator but also the denominator of
sensitivity measure (%). Table 2 shows the achieved
results. The mean and standard deviation (SD) values of
accuracy and sensitivity were computed. In this study,
the 10-fold cross-validation method was also used for the
quantitative assessment of the detecting solutions.

As mentioned previously, using the single HMM-
based method, a single HMM is trained for detecting
three different levels of balance quality while each level
of balance is determined according to the zone in which
the CoP lies within (HPZ, LPZ, and UZ). Clearly, the
related achieved results are not acceptable (Table 2). Such
unacceptable results can be attributed to the existence of
interference of learning.

It was expected that the multi-HMM-based method
could eliminate the effect of interference of learning. In
this method, three separate single Markov models are
trained for detecting three different levels of balance
quality. Each level of balance is determined according to
the zone in which the CoP lies within (HPZ, LPZ, and
UZ). Each Markov model was trained using the Baum-
Welch algorithm, separately. The computed measures

Table 2. The Mean and SD Values of Computed Accuracy and Sensitivity
Measures, While Single HMM, Multi-HMM, and Multi-HMM Along With an
ANFIS Based Fusion Mechanism Adopted for Detecting the Level of Balance
Quality

HMM based Accuracy Sensitivity
Detecting Approach (Mean =SD) (Mean =SD)

Single HMM 43.90+8.99% 14.31%+31.25

Multi-HMM 78.75+0.67% 0.87%+81.05

Multi-HMM & ANFIS 87.81+0.88% 0.78%+98.20

SD, standard deviation.
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increased significantly compared with the case in which
a single HMM was adopted (Table 2). Such improvement
may ensure eliminating the effect of interference of
learning. Furthermore, increasing the accuracy and
sensitivity measures means that not only the true positive
and true negative values increased but also false positive
and false negative values decreased. It shows that the
number of times that the CoP signal entered a specific
zone and was detected correctly, increased significantly.
It is an intriguing improvement. Because boosting the
number of correctly detected zones which the CoP
signal entered within, is vital for the design of efficient
rehabilitation systems or accurate self-care systems based
on online quantifying the level of balance quality.

In this study, improving the performance of the
probabilistic model was the underlying idea of
incorporating the ANFIS based on fusion mechanism.
As explained previously, the maximum transition
probabilities of each HMM were the ANFIS inputs, while
ANFIS output determined the level of balance quality.
Each level of balance was determined according to the
zone in which the CoP lies within (HPZ, LPZ, and UZ).
The used ANFIS is a type of artificial neural network
implemented based on the structure of a Takagi-Sugeno
fuzzy inference system. Each Markov model was trained
using the Baum-Welch algorithm, separately. The
ANFIS was also trained using Levenberg-Marquardt
algorithm. According to Table 2, adopting the above
combination could boost two quantitative evaluation
measures compared with the multi-HMM-based
detecting method. Such acceptable results confirm the
effective role of incorporating ANFIS. In addition, such
improvement certifies that utilizing an inference-based
fusion mechanism could pave the way for coping with the
inaccuracies induced owing to the probabilistic identity
of HMM.

Discussion

Detecting the level of stability during unsupported
standing based on electromyography of ankle plantar
flexor muscles (gastrocnemius muscles) was the main
underlying idea of this research. Even though the CoP
signal alone can determine the situation of stability
during quiet standing, online measurement of the CoP
signals implies using either the large size instruments
(force plate) or plenty of insole shoe sensors (force sensing
resistors or strain gages). None of them are feasible and
affordable for implementing portable systems such as
self-care systems. Therefore, in the current research,
electromyography was used for determining the level of
stability based on unveiling the information content of
the CoP data. In addition, the HMM was used because
this model can unveil the hidden states through analyzing
the observation. In the proposed approach, a single
HMM, a multi-HMM, and combining a multi-HMM

and ANFIS were utilized for implementing the detecting
solution. Furthermore, the zones (HPZ, LPZ, and UZ)
in which the CoP lies within, determined the level of
stability and were regarded as the hidden states. Using
the single HMM yielded low accuracy (43.9+8.99) and
low sensitivity (31.25+14.31). Such low values confirm
the unacceptable high value of FP. This issue could
undermine the applicability of the detection method
for online processing of balance situation. Adopting the
multi-HMM could boost the performance (Accuracy:
78.75+0.66%, Sensitivity: 81.05+0.78%). It elucidates
that the inference of learning may undermine the
performance seriously. It can be justifiable, because the
ankle muscle activation pattern alters according to tilt
angle along whole body tilts and this directly changes the
CoP position. In other words, the ankle muscle activation
pattern alters significantly according to the zone which
the CoP lies in. Therefore, a single HMM must learn fully
different dynamics for detecting the level of balance, and
this could give rise to an inference of learning during
HMM training. However, the accuracy value is not yet
acceptable because it is less than 80%. While, using the
multi-HMM and ANFIS yielded the best performance
which was acceptable (Accuracy: 87.81+0.88%,
Sensitivity: 98.20 +0.78%). It means that not only accuracy
but also sensitivity has increased. This could prove that
incorporating the ANFIS based fusion method could lead
to decreased FP and increased TP. Such improvements
could be promising in terms of applicability of the
method for acceptable online monitoring of balance
situation. This could be attributed to the role of ANFIS
to cope with unpredicted signal dynamics which could
not be described using probabilistic models. Because the
ANFIS works based on an inference-based approach, it
could be able to detect more accurately in the condition
that the signal dynamics deviate from the signal dynamics
observed during the training process. Such dynamical
deviation during a complex biological process such as
balance preservation is inevitable. Therefore, boosting
the accuracy due to using an inference-based fusion
method, could be justifiable. In addition, according to
the values of evaluated measures, the computed standard
deviations (0.88 and 0.78) were less than one-tenth of
the mean values (87.81 and 98.20). This shows that the
detecting performance was not dependent on individuals.
Even though more individuals have to be analyzed, this
could prove that the proposed detecting method is partly
generalizable.

Opverall, utilizing the multi-HMM could improve the
performance. Nevertheless, the probabilistic identity of
HMM might undermine the detection accuracy because
adopting the probabilistic mechanism could entail
imprecisions. According to the results, incorporating an
optimized ANFIS as a fusion mechanism accompanying
multi-HMM improved the detecting performance.
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The inference-based approach of the ANFIS system
could compensate for the impediments ensuing from
the probabilistic identity of hidden Markov models.
Nevertheless, in future works, the proposed method has to
be assessed under the condition that external disturbances
are exerted. In addition, this study was designed based
on electromyography of the gastrocnemius muscles
because the gastrocnemius muscles have a key role in
annihilating the gravity force vector in the sagittal plane.
The effectiveness of the electromyography of the other
ankle muscles along with the gastrocnemius muscles can
be evaluated as future research work. Overall, this study
can expand research on postural stability analysis based
on electromyography.

Conclusion

In the present research, an HMM-based detecting solution
was proposed for detecting the situation of stability during
quiet standing. The proposed method was designed based
on the electromyography of the gastrocnemius muscles.
The level of stability was determined according to the
zone in which the CoP signal was fluctuating. Three
levels of stability were envisioned corresponding to three
zones in which the CoP signal could enter. Three levels
of stability accounted for the hidden states of HMM,
while the features were extracted from the gastrocnemius
muscle activation pattern. A single HMM, a multi-
HMM, and a multi-HMM accompanied by an ANFIS
were adopted and compared for detecting the situation of
stability. According to the results, using the combinational
detecting method yielded promising results.
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