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Online Muscle Fatigue Estimation by Spectrum
Tracking of the Maximal Contractions with sEMG
Kaan Gokcesu, Mert Ergeneci, Erhan Ertan, Hakan Gokcesu, Ahmad Zafar Khan

Abstract—The estimation of muscle fatigue and its analysis
have seen a wide increase in its popularity because of its
applicability to various applications. The most widely accepted
and popular approach to monitor the local muscle fatigue is
through the sEMG technology. The non-invasive nature, by
itself, of this technology has been especially appealing to many
fields, the most prominent ones of which are ergonomics and
biomechanics. There are several approaches in literature to detect
muscular exhaustion with the sEMG data. The most widely
used techniques include the frequency-domain approaches and
time-domain approaches. However, these techniques have certain
limitations and may provide poor performance, especially under
adversarial, corrupt data or even low SNR scenarios where the
additive white Gaussian noise (AWGN) power is high. To this end,
we propose a novel algorithm to track the muscle fatigue from the
sEMG signal. Our approach consists of three successive stages,
which are the detection of the maximal contractions, the tracking
of their spectra, estimation of the fatigue. Through several
experiments, we have validated our algorithms and illustrated
better performance against the conventional methods.

blood samples can be taken with a specific interval during
the time the task is performed. However, because of this
procedure, it is not possible to track muscle fatigue in real
time and generally with these tests one can detect the global
not local fatigue of an individual.
On the other hand, the monitoring of the muscle fatigue in
real time during a physical activity is possible by measuring
the muscle activation potentials through the use of surface
electromyography (sEMG) signals. The physiological changes
that the muscles go through during fatigue are also reflected
on the sEMG signals [17]. Hence, the sEMG signal is a
paramount tool in the analysis of the muscle fatigue. Although,
there are certain limitations in the application of the sEMG
method to muscles below the skin and there can be some
crosstalk of the sEMG signals from neighboring muscles, it
is a widely used tool in detection of the local muscle fatigue
due to its following advantages:
•

I. I NTRODUCTION
Muscle fatigue, i.e., local muscle fatigue or neuromuscular
fatigue, has various causes and can manifest itself in different
forms or shapes. It occurs when the muscle lacks in oxygen,
nutrition and undergoes a metabolic and structural change,
and when the nervous system of the human anatomy loses
its efficiency [1]–[3]. The detection and the tracking of the
muscle fatigue has gained significant attention especially in
the sports science and rehabilitation applications. These applications include the prevention of injury, the strength analysis,
endurance development and performance monitoring [4]–[12].
The most straightforward way of monitoring muscle fatigue
is to monitor the time when a subject is unable to perform
a certain predetermined physically exhaustive task [13]–[16].
However, such a method is able to detect only the existence
and not the extend of the muscle fatigue after a predetermined
event. It provides no insight into the underlying process.
Moreover, it is useless in the detection of the fatigue of a
specific muscle when the task at hand requires the use of
multiple muscles at the same time (since the observation will
only be an aggregate result of all the muscles). Another method
is to use lactate tests to measure the muscle fatigue, where
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•
•
•
•

non-invasiveness,
local applicability,
real-time monitoring,
monitoring a particular muscle and
correlation with physiological changes in fatiguing.

There are several methods to track the muscle fatigue
that make use of the sEMG technology. These methods are
frequency-domain approaches and time-domain approaches.
When the muscle is fatigued, a shift is encountered in the
frequency spectrum of the sEMG signal, which made the
frequency-domain (spectral) approaches widely popular. The
power spectral density (PSD) of the sEMG signal (i.e., power
distribution of the sEMG signal across its frequency spectrum)
has a nonrandom component. The PSD of the sEMG signal is
dominant in the frequency band of 30-150 Hz. After 200 Hz,
the power of the sEMG signal diminishes and just the AWGN
remains. When the muscles start to get exhausted, the lactate
and other ions such as H + , Ca+2 , N a+ , and P −3 start to
accumulate, which lessens the conductivity in the motor units
of the muscle [18]–[20]. Thus, the number of impulses passing
through the motor units during a specific interval decreases.
Hence, when the muscle is fatigued, the PSD tends to shift to
the lower frequencies.
Because of this important behavior in the PSD of the
sEMG signal, methods such as mean frequency and median
frequency analysis has gained increasing popularity since they
can straightforwardly track the shift in the spectra (caused
by local fatigue). Furthermore, one of the time-domain approaches, the zero crossing rate, is able to model the spectral
shift as well, which is the reason it has also seen a wide
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use. These three methods are the most prominent of the stateof-the-art [21]–[26]. However, these methods can be greatly
affected by the amount of contractions, the AWGN power and
motion artifacts. Hence, fatigue tracking with them may give
misleading results under adversarial/noisy settings [27]–[29].
In this paper, we detail this problem of satisfactorily tracking the muscle fatigue over time. To this end, in order to
overcome this obstacle, we propose a novel three-staged algorithm. Our algorithm first detects the maximal contractions in
the sEMG signal, which contains the most reliable information
about the muscle fatigue. After that, we track the spectra
of the maximal contractions and decrease the effect of the
AWGN. Lastly, we estimate and track the fatigue from these
spectra. As we will show in the experiments, our algorithm
can more accurately track the fatigue from the sEMG signal
in comparison to the state-of-the-art.
The organization of the paper is organized as follows.
In Section II, we first provide some necessary preliminaries
about our problem. In Section III, we explain the contraction
detection algorithm. In Section IV, the spectrum tracking
approach is given with its benefits. In Section V, we detail
our fatigue metric and how it is tracked. Next, in Section
VI, the experiments are demonstrated, where we first validate
algorithm by comparing it with the peak torque levels of the
subjects. Then, we compare our algorithm with the stateof-the-art techniques to show that our algorithm can more
accurately track the muscle fatigue. Finally, some concluding
remarks are given in Section VII.
II. P RELIMINARIES
In this paper, we are dealing with the problem of tracking
the muscle fatigue. The tracking of the fatigue is done through
the muscle activation potentials, which are extracted from the
output of an sEMG sensor. In this section, we are providing
some preliminaries that are required for our problem. In the
first subsection, we first formally define the sEMG signal
model. Then, in the second subsection, we are providing some
details about the Spectrogram approach and the Short Time
Fourier Transform (STFT). Finally, in the last subsection, we
provide some details about the metric for fatigue tracking.
A. sEMG Signal
We formally define our problem by first modeling the sEMG
signal. An observed sEMG signal can be mathematically
modeled as the following:
x(t) = y(t) + v(t),

(1)

where y(t) is the Muscle Activation Potential (MAP) and v(t)
is the Additive White Gaussian Noise (AWGN). Our aim is to
track the fatigue of the muscle using the received signal x(t).
We estimate the fatigue level of a muscle using its muscle
activation potential y(t). However, there is no guarantee that
the muscle signals will be present at each observation (there
may be times when the muscle is not in contraction). Hence,
if there is no contraction at time t, then the observation will

simply be given by x(t) = v(t). Hence, we can summarize
the model to a more concise form as
y(t) = ct s(t) + v(t),

(2)

where s(t) is the muscle contraction signal, y(t) = ct s(t) and
ct is 1 if there is a contraction and 0 otherwise.
Thus, we need to first find the observations that contain a
contraction (i.e., we first need to estimate ct ). For this reason,
our algorithm starts with a contraction detection method,
which will be explained in detail in Section III. Our contraction
detection algorithm uses the spectral behavior of the sEMG
signal (i.e., changes in the frequency spectrum of the sEMG
signal) to detect the contraction samples. To that end, we need
to inspect the spectral behavior of the signal, which is done
through the method of Spectrogram or STFT. Thus, in the next
subsection, we explain this method in more detail.
B. Short Time Fourier Transform
To inspect the spectral behavior of the sEMG signals, we
need to implement a frequency domain analysis. To extract
the spectral components of the signal at hand, we use the
conventional technique of Discrete Fourier Transform (DFT).
The DFT of a signal x(n) of length N (i.e., we have x(n) for
n ∈ {0, 1, . . . , N − 1}) is given by


N
−1
X
2πkn
.
(3)
X(k) =
x(n) exp −j
N
n=0
To extract the temporal changes in the DFT, we utilize the
Short Term Fourier Transform (STFT), which is a technique
that includes taking the Fourier Transform of the signal with a
sliding window. To avoid losing any temporal behavior, we use
a sliding window with an overlap of N − 1, i.e., the window
slides only one sample in each successive transforms.
Let X(t, k) be the k th component of the Fourier transform
of the signal whose window ends in the tth sample. Thus,


N
−1
X
2πkn
x(n − N + 1 + t) exp −j
X(t, k) =
. (4)
N
n=0
The calculation of this transform with each incoming sample
is very cumbersome. Therefore, next, we show how this can
be calculated sequentially.
Remark 1. The components of the STFT transform are
sequentially calculable as
X(t, k) = (X(t − 1, k) − x(t − N ) + x(t)) ej

2πk
N

,

(5)

where N is the window length.
Proof. From (4), we have
X(t, k)
=

N
−2
X

x(n − N + 1 + t)e−j

(6)
2πkn
N

+ x(t)e−j

2πk(N −1)
N

,

(7)

n=0

= (X(t − 1, k) − x(t − N ) + x(t)) ej
which concludes the proof.

2πk
N

,

(8)
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Hence, with STFT, we can sequentially quantify the temporal changes in the spectrum of the sEMG signal in an
online manner. These spectra will be directly used in the
contraction detection and the fatigue tracking as well. After
some processing on these spectra, we will acquire a metric to
quantify the muscle fatigue. In the next subsection, we explain
what kind of conditions this metric needs to satisfy.
C. Muscle Fatigue
The muscle activation potential has a direct relationship to
the current muscle fatigue f (t). Our goal is to produce an
estimate fˆ(t) from the observed spectra X(t, ·).
Quantification of the muscle fatigue is not a trivial problem.
Therefore, the main interest is generally on the change in
fatigue over time. Therefore, we need a metric that can
satisfactorily model this change. The proportions between the
changes in the muscle fatigue needs to be preserved as much
as possible, so that we can determine how much the muscle is
fatigued over time from our metric. Hence, any affine model
of fˆ(t) will provide us with the same information.
III. C ONTRACTION D ETECTION
To correctly detect the EMG data frames with muscle contraction, we need to use some means of unsupervised learning
procedure, since, in most prominent EMG applications, the
muscle contraction times are not necessarily provided.
To decide whether an incoming data is part of a contraction
or not we will compare some metric against a threshold τt .
Let such metric at time t for sample x(t) be mt . Thus,
(
1, mt ≥ τt (active)
ct =
.
(9)
0, mt < τt (inactive)
Hence, we will use the widely used thresholding technique
(i.e., a linear separation on a one dimensional plane) for our
detection/classification purposes [30]–[32].
A. Metric Design
The first part of the contraction detection algorithm includes
the selection of the metric to be used for this classification, i.e.,
mt . We will extract this metric from the STFT values X(t, k).
For that, we first take the Power Spectra of X(t, ·). Since the
EMG signal x(t) is real, its DFT for an arbitrary window
is conjugate symmetric. Hence, we only need the frequency
components up to K, where K corresponds to the Nyquist
frequency (K = bN/2c). Hence, we take the power spectra as
2

P (t, k) = kX(t, k)k ,

(10)

for k ∈ {0, 1, . . . , K}.
The most straightforward metric is the total power in this
spectra, which is given by
T P (t) =

K
X

P (t, k).

(11)

k=0

However, certain interference on the signal, especially the
power line interference (PLI), can arbitrarily change the power

spectra and adversely affect the total power. Moreover, certain
interference caused by motion or impact artifacts can also
have the same adverse effect. Therefore, using the total power
may give erroneous understanding about the amount of EMG
signal we are observing in the data. Fortunately, these kinds of
interferences generally have a sinusoidal behavior (especially
PLI). Henceforth, it is most suitable to choose a metric which
is robust against the excessive/arbitrary increase in tight bands.
Thus, we use the mean log power of the spectra as
K

M LP (t) =

1 X
log(P (t, k)).
K +1

(12)

k=0

As can be seen, this metric is highly robust against certain frequency spikes and is prone to provide higher values for greater
power across greater frequency bands. Since the logarithm
reduces the multiplicative effects to additive, any arbitrary
additive component will have minimal effect on this metric.
This metric equals to the logarithm of the geometric mean of
the power spectra as can be seen from (12). One aspect of
this metric is its instability against very low components on
the power spectra. Thus, a suitable smoothing parameter is
useful such that MLP is given by
K

1 X
log(P (t, k) + ).
K +1

M LP (t) =

(13)

k=0

We set  = 1 to get nonzero metrics, which gives
K

1 X
log(P (t, k) + 1).
K +1

M LP (t) =

(14)

k=0

Hence, for our metric mt in (9), we use M LP (t), i.e.,
mt = M LP (t).

(15)

B. Threshold Selection
After our metric design, we need an appropriate threshold,
which we will use to compare our metric against and decide
on the contraction samples. However, without the metric’s
distribution among the samples belonging to a contraction or
noise, the selection of a static threshold in not trivial. To this
end, we adopt a dynamic threshold selection, where we decide
on an appropriate threshold in an adaptive manner.
To this end, we utilize a follow-the-leader based approach,
where we decide on a best suitable threshold given all of the
past data. However, the definition of a good threshold is not
straightforward. Since the learning needs to be unsupervised,
we need a clear definition for what makes a threshold good.
Note that, the fatigue information is most present during
the maximal contractions. Given that our aim is to detect
samples belonging to the maximal contraction phases, we need
a sufficiently large threshold, which can cover most maximal
contractions and disregard the rest. Since we are interested in
a high enough threshold, the most straightforward way is to
get the maximum observed metric up to present and add an
appropriate decrease to that. So that
τt = max{m1 , m2 , . . . , mt } − θ,

(16)
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where θ is an appropriately chosen offset. However, the selection of this offset is nontrivial. Moreover, such an approach
is prone to error in the existence of anomalies, adversarial or
even noisy data.
To this end, instead of the max operation and a threshold θ,
we adopt the following approach, which gives a threshold that
is sufficiently high. The threshold is calculated as follows:
!
t
1
1X
τt =
log
exp(Kmt0 ) ,
(17)
K
t 0

Note that the spectral modeling in (22) is only done for the
maximal contraction, i.e., when ct = 1. Hence, the recursive
update model in Y (t, k) is actually given by
(
(1 − λt )Y (t − 1, k) + λt X(t, k) , if ct = 1
,
Y (t, k) =
Y (t − 1, k)
, if ct = 0
(23)

for some parameter K ≥ 0. When this parameter approaches
zero, τtPapproaches the mean of mt up to time t, i.e.,
t
τt → 1t t0 =1 mt0 when K → 0. On the other hand, when
this parameter approaches infinity, τt approaches the max
of mt up to time t, i.e., τt → max{m1 , m2 , . . . , mt } when
K → ∞. We use K = 1 for a sufficient balance between
these extreme. This threshold calculation is similar in spirit
to soft-max approach. While calculating this threshold from
scratch is cumbersome, it is actually sequentially calculable
as we show next.

for k ∈ {0, 1, . . . , K}.
For efficient and adaptive tracking of the spectra, we utilize
the log-window and set the learning rate as λt = 1/log2 (t+1).
Note that, the log-window is stable enough to provide a near
constant value and thus is suitable for adaptive update. Furthermore, one aspect of this modeling is its capability to decrease
the noise in the system. Since the maximal contraction spectra
can also contain some noise in them (especially AWGN noise),
our approach is able to decrease it as we show in the next
remark.

t =1

Remark 2. The threshold τt can be calculated sequentially
as



1
1
(18)
exp(τt−1 ) + exp(mt ) ,
τt = log
1−
t
t

or in a more compact form, we can represent (23) as
Y (t, k) = Y (t − 1, k) + ct λt (X(t, k) − Y (t, k)),

(24)

Remark 3. Let w(t) and v(t) = (1 − α)w(t − 1) + αw(t).
Let w(t) be independent of each other and have the common
variance σ 2 . Then, the variance of v(t) is upper-bounded as
var(v(t)) ≤ ασ 2 ,

(25)

where 0 ≤ α ≤ 1.

where mt is the metric at time t.

Proof. Note that v(t) can be written as

Proof. From (17), we have
!

t−1
1
1X
exp(mt0 ) + exp(mt ) ,
τt = log
t 0
t

 t =1
t−1
1
exp(τt−1 ) + exp(mt ) ,
= log
t
t



1
1
= log
1−
exp(τt−1 ) + exp(mt ) ,
t
t

(19)

v(t) =

t
X

0

α(1 − α)t−t w(t0 ).

(26)

t0 =1

(20)

Since w(t) are independent, the variance of v(t) is given by
var(v(t)) =

(21)

which concludes our proof.

=

t
X
t0 =1
t
X

0

var(α(1 − α)t−t w(t0 )),
0

α2 (1 − α)2t−2t σ 2 ,

(27)
(28)

t0 =1

IV. S PECTRUM T RACKING
After detecting the frames with maximal contractions (i.e.,
ct = 1), we use a Q-learning type approach to track their spectral behavior. Instead of directly using the observed X(t, k)
to represent the spectral behavior of the contractions, we start
from an all zero Y (t, k) and update it according to a learning
rate λt as
Y (t, k) = (1 − λt )Y (t − 1, k) + λt X(t, k),

(22)

for k ∈ {0, 1, . . . , K}.
This approach can also be thought as modeling a dynamic
ARMA process, where the autoregressive component comes
from Y (t − 1, k) and the moving average component comes
from X(t, k) (which is the instantaneous spectrum at time t).
Similarly, this model is equivalent to using Online Gradient
Descent (OGD) under Mean Square Error (MSE) estimation,
where λt corresponds to the learning rate [33], [34]. Moreover,
it is also similar in spirit to exponential smoothing approach
as well, where λt constitutes the smoothing parameter at time
t.

1 − (1 − α)2t 2
σ ,
1 − (1 − α)2
≤ασ 2 ,
=α2

(29)
(30)

since 0 ≤ α ≤ 1.
From Remark 3, we can see that the noise in the spectra
X(t, n) will decrease from its initial value by a factor of the
learning rate. Since the learning rate λt = 1/log2 (t + 1)
asymptotically converges to zero, the noise will diminish
completely in infinity.
V. FATIGUE T RACKING
To detect the fatigue using the spectral behavior Y (t, ·), we
use the soft-max based approach and use the following metric
K
X

f (t) =

2

exp (θ kY (t, k)k )k

k=0
K
X
k0 =0

,
2

exp (θ kY (t, k 0 )k )

(31)
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where the parameter θ is greater than 0. This metric gives
much more weight to the frequency bins with more power,
thus, approximates the peak value (or mode) of the spectra.
Remark 4. One important aspect of this soft-max operation
is that it is indifferent to any arbitrary offsets on the power
spectra (which can be caused by the AWGN noise power.)
Let us increase the AWGN noise power in the spectra by an
amount of γ 2 . Then, in expectation, the power spectra would
be
2

Ye (k, t)

2

= kY (k, t)k + γ 2 .

Then, the equation in (31) becomes
2
PK
e
k=0 exp (θ Y (t, k) )k
fe(t) = P
2 ,
K
0
e
k0 =0 exp (θ Y (t, k ) )
PK
2
exp (θ(kY (t, k)k + γ 2 ))k
= Pk=0
,
K
0 2
2
k0 =0 exp (θ(kY (t, k )k + γ ))
PK
2
exp (θ kY (t, k)k )k
= Pk=0
,
K
0 2
k0 =0 exp (θ kY (t, k )k )
=f (t).

(32)

(33)

(34)
(35)
(36)

Thus, our metric is robust against the noise power.
To avoid the problem of excessive weighting in the presence
of arbitrary, adversarial frequency components, we need to
carefully select the parameter θ. Let θ be such that
2

θ kY (t, k)k << 1

(37)

We take the derivative and set it to zero since the objective
function is convex. Hence, let
arg max λ(1 − λ)L−1 = λ∗ .

(43)

λ

Then, since the derivative of log(x) is 1/x, we have
L−1
1
=
,
(44)
λ∗ 1 − λ∗
1
λ∗ = .
(45)
L
Hence, the weight of the newest sample is 1/L, and the weight
of the oldest sample in the L-length window is given by

L−1
1
1
λ∗ (1 − λ∗ )L−1 =
1−
,
(46)
L
L

−1
e−1
1
≥
,
(47)
1−
L
L
1
(48)
≥ ,
eL
which concludes the proof.
Remark 6. This approach will put more emphasis on the fatigue metrics of contractions with larger power. The Taylor Se2
2
ries expansion of exp(θ kY (t, k)k ) according to θ kY (t, k)k
around 0 is
1
2
2
4
exp(θ kY (t, k)k ) = 1 + θ kY (t, k)k + θ2 kY (t, k)k + . . .
2
(49)
From (49), we have

Thus, the weights are

2

2

1 ≤ exp(θ kY (t, k)k ) << e,

(38)

and excessive weighting does not occur.
Additionally, we put f (t) through a first order exponential
smoothing, similar to in Section IV as
st = (1 − λ)st−1 + λft ,

(39)

2

1
.
(41)
eL
Since the coefficient of f (t) is λ = 1/L, the smoothing also
approximates the uniform weighting (or averaging) over a
window of length L (or 1/λ).
Proof.
max λ(1 − λ)L−1 = max (log(λ) + (L − 1) log(1 − λ))
(42)

2

(51)

Hence, we can say that
2

2

exp(θ kY (t, k)k ) ≈ 1 + θ kY (t, k)k .

(52)

Therefore,
PK

f (t) ≈ Pk=0
K
≈

2

(1 + θ kY (t, k)k )k

0 2
k0 =0 (1 + θ kY (t, k )k )
PK
2
k=0 (1 + θ kY (t, k)k )k

K +1

,

(53)

,

(54)

2

since θ kY (t, k)k << 1. Thus, from (54), we have

and the coefficient of f (t − L + 1) is
λ(1 − λ)L−1 ≥

(50)

exp(θ kY (t, k)k ) << 1 + (e − 1)θ kY (t, k)k .

where 0 ≤ λ ≤ 1 is the smoothing parameter.
Remark 5. Let us take a sliding window of length L. Then,
with the first order exponential smoothing, the coefficient of
f (t) in s(t) will be λ (i.e., the newest sample in our window).
The coefficient of f (t − L + 1) will be λ(1 − λ)L−1 . The
parameter λ that maximizes this coefficient is
1
arg max λ(1 − λ)L−1 = ,
(40)
L
λ

2

exp(θ kY (t, k)k ) ≥ 1 + θ kY (t, k)k .
P∞ 1
From (37) and n=2 n!
= e − 2, we also have

K

f (t) ≈

K
θ X
2
+
kY (t, k)k k,
2
K +1

(55)

θP ∗ (t) ∗
K
+
m (t),
2
K +1

(56)

k=0

≈

where P ∗ (t) is the total power and m∗ (t) is the mean
frequency of the spectrum at time t. From (39), we have
t

0

K X θλ(1 − λ)t−t ∗
s(t) ≈
+
P (t)m∗ (t).
2
K +1
0
t =0

(57)
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Subject No

Age

Gender

Height (cm)

Weight (kg)

1

24

Male

167

72

2

24

Male

173

72

3

20

Female

167

61

4

25

Male

189

66

5

25

Male

178

68

6

24

Female

169

67

7

26

Female

165

58

8

24

Male

175

78

9

28

Male

168

70

10

24

Female

181

60

Figure 1: The active sEMG sensor.

Table I: Gender, age, height, weight information of the subjects

Thus, if we only look at the relevant temporally dynamic
(changing) affine model of the series s(t), we have

1) sEMG Sensor: Our sEMG sensor design is based on the
dry-active sEMG sensor architecture.
• We use disc shaped electrodes to acquire the muscle
signal from their skin contact. These electrodes have
copper core and they are gold plated to increase the
conductivity and durability.
• We manufacture the electrodes in accordance with the
SENIAM standards [35], where they have a diameter of
10 mm and an inner electrode distance of 20 mm.
• The electrodes are connected to an industry level instrumentation amplifier to acquire their voltage difference.
• After that, the output of the instrumentation amplifier
is passed through a quasi high-pass filter and a gain
amplifier to have a total gain of 500.
• After that, we put the signal through a band-pass filter
with a passband of 20 − 450 Hz.
• We cover our sEMG sensor with epoxy to seal them. This
provides water resistance and further robustness.
2) Data Acquisition Unit: To collect data from this sensor
we need an additional data acquisition unit.
• We send the output of the sEMG sensor to the data
acquisition unit through textile based litz wire cables,
which provide increased flexibility and high stretchability.
• In the data acquisition unit the signal is sampled using
an ADC with 12-bit resolution every 1 milliseconds.
• The collected samples are sent with WiFi to MATLAB.
3) Data Collection: Using our sensor, we collect sEMG
data from 10 healthy subjects with varying physiques (i.e. age,
gender, height (cm) and weight (kg)), which are summarized
in Table I. During the experiments, subjects realized isometric
contractions of 7 sets, where each set required them to
complete 10 push and 10 pull exercises using an isokinetic
dynamometer.

t
X

0

(1 − λ)t−t P ∗ (t)m∗ (t),

(58)

t0 =0

which gives exponentially decreasing weights to the values
further in the past. Hence, we approximately track P ∗ (t)m∗ (t)
and our metric will be more biased towards the mean frequency of the contractions closer to the maximal contraction.

VI. E XPERIMENTS
In this section, we collect sEMG sensor data from ten
subjects and process the acquired sEMG signals to track the
muscle fatigue levels. In the first subsection, we detail the
experiment setup. First, the hardware used in our experiments
is explained. Then, the physical activity done by the subjects
are detailed. After the collection of the sEMG data, in the
second subsection, we first validate the performance of our
algorithm, where we compare the output of our algorithm
against the peak torque level collected during the experiments.
Once we have validated our algorithm, we move on to compare
it against the state-of-the-art fatigue tracking algorithms in the
third subsection, where we compare the outputs of our algorithm against the methods: the Mean Frequency, the Median
Frequency and the Zero Crossing Rate.
A. Experiment Setup
In our experiments, we collect sEMG data from our subjects
with an active sEMG sensor, which is shown in Figure 1. The
collected sEMG data is required to analyze, estimate and track
our subjects local muscle fatigue levels.

7

Torque Levels vs Our Estimation

45

Torque Levels vs Best Linear Fit

45
Torque Levels
Our Method

Torque Levels
Best Linear Fit

40

40

Torque Level

Torque Level

35
35

30

30

25
25

20

20

15
0

2

4

6

8

10

12

0

2

4

104

Samples

6

8

(a)

10

12
104

Samples

(b)

Figure 2: (a) Comparison of the torque levels and the least squares fit of our algorithm for Subject 1. (b) Comparison of the
torque levels and the best linear least squares fit for Subject 1.

B. Validation
To validate our algorithms, we collect peak torque levels
from our subjects during their exercises. We then interpolate
the collected torque levels to the whole experiment duration.
Quantification of the muscle fatigue is non-trivial. Therefore, we are mainly interested in the relative changes of muscle
fatigue over time. Hence, we need a metric that can model
these changes and preserve relative proportions between these
changes as much as possible. With this metric, we can determine how much the muscle is fatigued over time. To that end,
we are using a least-squares fitting based approach to compare
our estimations with the actual indicator of fatigue levels,
which is the peak torque levels in the maximal contractions.
1) The Least Squares Fitting: Let g(t) be an estimation of
the fatigue at time t and let h(t) be an actual indicator of
the fatigue level at time t. To compare whether or not these
estimations are a good indicator for the fatigue, we need to
look at them from a common perspective. We assume that h(t)
is an affine function of the actual muscle fatigue f (t). Thus,
h(t) =ah f (t) + bh .

(59)

Since we have no knowledge of the parameters ah , bh . We
try to model h(t) itself instead of f (t). Hence, we choose
parameters a∗ and b∗ such that
(a∗ , b∗ ) = arg max
(a,b)

T
X
(h(t) − ag(t) − b)2 ,

(60)

t=1

where T is the time horizon. Then, we have the estimation of
the indicator h(t), which is given by
∗

∗

h̃(t) = a g(t) + b .

(61)

2) Comparison Against the Best Linear Fit: In sEMG analysis, linear models are widely used to estimate fatigue levels.
For example, after extracting the mean or median frequency

from the collected data, a linear fitting is done to model the
behavior of the cumulative change in fatigue. However, such
approaches are not usable for sufficient modeling and tracking
of changes in the fatigue levels during short time periods.
Because of their low modeling power, linear models can be
insufficient. To observe this, we have fitted a linear function
to the torque levels. This linear function is the best linear fit
with the best bias and rate. Since this linear fit has problems
modeling the changes in the torque level, linear modeling
done on any arbitrary metric to model the fatigue will have
insufficient modeling capabilities. In Figure 2a, 2b, we can see
that while our method is able to track the changes in the torque
levels, a linear model is not able to track them satisfactorily.
C. Comparisons
We compare our algorithm against the conventional techniques the mean frequency, the median frequency and the zero
crossing rate. All of the algorithms use the same contraction
detection algorithm, because otherwise these algorithms have
very poor performance.
1) Mean Frequency: The mean frequency, i.e., M Nt , at
time t is calculated from the mean of the frequency according
to the probability mass function (which constitutes a probability simplex) created from the power spectral density of the
spectrum X(t, ·). Let
2

kX(t, k)k
,
P (t, k) = PK
0 2
k0 =0 kX(t, k )k

(62)

where
P (t, ·) is the power spectral density. Hence,
PK
k=0 P (t, k) = 1, and P (t, ·) is a probability simplex. With
P (t, ·), we can calculate M Nt as
M Nt =

K
X
k=0

kP (t, k),

(63)

8

Comparison of the Fatigue Estimations

45

40

Torque Level

To observe the smooth changes in the median frequency, we
again use exponential smoothing as


C(t, k ∗ ) − 0.5
M Dt = (1 − λ)M Dt−1 + λ k ∗ −
C(t, k ∗ ) − C(t, k ∗ − 1)
(69)

Torque Levels
Our Algorithm
Mean Frequency
Median Frequency
Zero Crossing Rate

35

30

25

20
0

2

4

6

8

10

12
104

Samples

Figure 3: The Comparison of the Fatigue Estimations.
which gives the average of the random variable whose probability mass function corresponds to the PSD, P (t, ·), of X(t, ·).
We use exponential smoothing on the mean frequency as
M Nt = (1 − λ)M Nt−1 + λ

K
X

kP (t, k).

(64)

k=0

2) Median Frequency: In order to estimate the median
frequency at time t, M Dt , we calculate the cumulative sum
C(t, k) of P (t, k) as
C(t, k) =

k
X

P (t, k 0 ),

(65)

k0 =0

for k ∈ {0, 1, 2, . . . , K}. Let k ∗ be the index of the first
component in C(t, ·) that is greater than 0.5, i.e.,
1
C(t, k ∗ − 1) ≤ < C(t, k ∗ ).
(66)
2
Then, M Dt is given by
0.5 − C(t, k ∗ − 1)
,
C(t, k ∗ ) − C(t, k ∗ − 1)
C(t, k ∗ ) − 0.5
=k ∗ −
C(t, k ∗ ) − C(t, k ∗ − 1)

M Dt =k ∗ − 1 +

(67)
(68)

3) Zero Crossing Rate: The zero crossing rate of x(t) is
calculated as the proportion of the number of times the signal
crosses zero to the total number of times. Let
1 − sign(x(t)x(t − 1))
,
(70)
d(t) =
2
where sign(·) is 1 if the argument is greater than or equal
to zero and −1 otherwise. Hence, d(t) in (70) gives whether
or not a zero crossing event occurred. To observe the smooth
changes in the zero crossing rate, we use exponential smoothing. Hence, the zero crossing rate, ZC(t) is given by
ZC(t) =(1 − λ)ZC(t − 1) + λd(t),
(71)
(1 − sign(x(t)x(t − 1)))
,
=(1 − λ)ZC(t − 1) + λ
2
(72)
from (70).
For all of the algorithms and our method the smoothing
parameter is set as λ = 1/30000 to approximately average
half minute time windows. As can be seen in Figure 3,
thanks to the exponential smoothing all of the algorithms can
more or less track the changes in fatigue levels. However,
the best affine fit extracted from the mean frequency, the
median frequency and the zero crossing rate still show some
deviations from the torque levels. Our model on the other
hand has substantially better similarity with the torque levels.
In Table II, we have listed the Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), Mean Absolute Percentage
Error (MAPE) and Root Mean Square Percentage Error of all
of the algorithms. As can be seen the MAE and MSE of our
method are substantially better than the others. While the mean
frequency is the best after our technique, the zero crossing
rate has the lowest modeling capabilities. For the percentage
errors, while our method has on average approximately 3%
error, the mean frequency has ≈ 7%, the median frequency
has ≈ 7.5% and the zero crossing rate has ≈ 10.5% error.
Thus, our algorithm has better overall performance because of
its superior modeling capabilities.

Methods

Our Method

Mean Frequency

Median Frequency

Zero Crossing Rate

Mean Absolute Error

0.66716

2.006

2.1902

3.0226

Root Mean Square Error

0.86621

2.2954

2.6722

3.5098

Mean Absolute Percentage Error

2.4948 %

6.6839 %

7.0506 %

9.8585 %

Root Mean Square Percentage Error

3.3901 %

7.4025 %

8.1247 %

11.123 %

Table II: Average Errors of the Fatigue Estimations for all subjects
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VII. C ONCLUSION
In this paper, we introduced a three-staged algorithm, where
we first detected the maximal contractions in the sEMG signal.
For muscle fatigue, these are the most informative and reliable
parts of the signal. Then, we tracked the spectra of the maximal
contractions, which decreased the effect of the AWGN. Finally,
the fatigue was estimated and tracked from these spectra.
Because of its superior modeling capabilities, our algorithm
was able to more accurately track the fatigue from the sEMG
signal in comparison to the best linear fit and the conventional
techniques used with our contraction detection.
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