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Online Robust Fatigue Tracking Algorithms for
Wearable sEMG Systems in Noisy Environments
Mert Ergeneci, Kaan Gokcesu, Erhan Ertan, Hakan Gokcesu, Panagiotis Kosmas

Abstract—Muscle fatigue can be tracked through surface electromyography technology (sEMG). There are several approaches
in literature for detecting muscular exhaustion. Since the muscle
fatigue can be straightforwardly tracked by the spectral shift
of the EMG signal, the most widely used techniques generally
include the frequency domain approaches, i.e., spectral methods.
However, these techniques have certain limitations and may
provide poor performance, especially under low SNR scenarios
where the additive white Gaussian noise (AWGN) power is high.
This shortcoming is most apparent in the two most popular
techniques for tracking muscular fatigue: mean frequency tracking and median frequency tracking. In both mean and median
frequency techniques to track the spectral shift, a certain increase
in the AWGN power can give deceiving results since it can
disrupt the noise-free mean and median frequency. To this end,
we propose novel algorithms to track the spectral shift. These
methods are very robust against noise environments and they are
negligibly affected by the high noise or AWGN power. Through
several experiments, we validated our algorithms and illustrated
better performance against the conventional methods. Moreover,
in the experiments, we increased AWGN power up to 60 dB
gradually, and observed a maximum of 6 Hz and 2 Hz of overall
change in our proposed methods, while other methods showed
frequency change between 30 Hz and 90 Hz.

I. I NTRODUCTION
Muscle fatigue is the inability of the muscle to generate
the desired contraction and force, as a result of repetitive and
power-exhaustive tasks [1], [2]. The detection and tracking of
muscle fatigue has gained significant attention in the sports
science and rehabilitation applications. It can be used in
various scenarios, including but not limited to the prevention of
muscle injury, over-training and re-injury during rehabilitation;
the analysis of muscle strength and endurance development;
and the monitoring of the gradual athlete performance [3]–
[11].
Surface electromyography (sEMG), which is an electrodiagnostic, non-invasive medical technology used in evaluating
and recording the electrical activity produced by skeletal
muscles [12]. sEMG has been proven to be a substantial
technology to track the muscular fatigue since it can monitor
the muscle activation potentials. The effects of muscle fatigue
on the muscle activation potentials are significant, hence, the
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sEMG signal is a paramount tool in the analysis of the muscle
fatigue.
There are several methods to track the muscle fatigue
that make use of the sEMG technology. These methods are
generally divided into two main categories: frequency-domain
approaches and time-domain approaches. However, because
of the spectral shift encountered under muscular fatigue,
the frequency-domain (spectral) approaches has been widely
popular.
The power spectral density (PSD) of the sEMG signal
(which is the distribution of the power of the sEMG signal
across different frequency components) has a certain nonrandom waveform behavior. The PSD of the sEMG signal is dominant in the frequency band of 30-150 Hz. After approximately
200 Hz, the spectral power of the sEMG signal diminishes
and only the power of 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 [13]–[15].
Thus, the total number of impulses passing through the motor
units of the muscle during a specific time interval decreases.
Therefore, when the muscle is fatigued, the dominant part of
the PSD tends to shift to the lower frequency components.
In particular, methods such as mean frequency and median
frequency analysis of the PSD of the sEMG signal has gained
wide popularity since they can straightforwardly track the shift
in the spectra that is caused by the fatigue. These methods
are the most prominent of the frequency-based techniques of
the state of the art [16]–[21]. However, the results of such
metrics can be greatly affected by the AWGN power. Hence,
muscle fatigue tracking with such methods can give misleading
results, especially when the AWGN power is very high or is
prone to change [22], [23]. In this paper, we detail this problem
that is encountered by not just the mean and median frequency
but most of the EMG-based fatigue tracking metrics.
To this end, in order to overcome this obstacle, we propose
two new approaches, which are the discrete derivative analysis
(DDA), and the cumulative sigmoid analysis (CSA). These
methods can accurately calculate the shift in the PSD of the
sEMG signal in a very robust manner, regardless of the amount
or change in the AWGN power.
The remainder of the paper is organized as follows. In
Section II, we give the necessary preliminaries. In Section
III, we detail the spectral shift analysis methods in literature
by focusing on the mean and median frequency tracking. In
Section IV, we explain in detail our novel algorithms that
can track the shift in the spectra in a robust manner. Next,
in Section V, the experiments of the proposed methods are
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demonstrated, where we first validate our metrics’ ability to
model the muscular fatigue and then show that our algorithms
are much more robust against the noise power in the environment in comparison to the conventional techniques. Finally,
some concluding remarks are given in Section VI.
II. P RELIMINARIES
In this section, we first provide some necessary preliminaries for the problem that we are dealing with, which is the
tracking of the muscular fatigue through sEMG signal analysis.
First of all, we formally define what constitutes an sEMG
signal and provide its mathematical model in the subsequent
subsection.
A. sEMG Signal Model
An sEMG signal can be mathematically modeled as the
following:
y[n] = x[n] + v[n],

(1)

where y[n] is the observed sEMG output, x[n] is the muscle
activation potential and v[n] is the AWGN noise.
Generally, in the most prominent sEMG applications, the
frames of the sEMG data are processed. Since in real-time
systems, the processing of the whole stream is infeasible and
a single measurement (sample-by-sample) carries very little
information, the applications generally use a sliding window
[23]–[29].
To this end, let N be the frame length and L be the overlap
length (the two adjacent frames have in common a total of L
samples). We define the column vector y t as the frame at time
t which is
T

y t = [y[m + 1], y[m + 2], . . . , y[m + N ]] ,

(2)

where m = (t − 1)(N − L). The column vectors xt , v t are
similarly defined as the frames at time t of the clean EMG
signal and AWGN noise respectively. We also define the half
length Discrete Fourier Transforms (DFT) of these column
vectors as Y t , X t , V t respectively. Hence,
y t = xt + v t ,

(3)

Y t = X t + V t.

(4)

Note that if there is no contraction at time t, then the
observation frame is simply given by Y t = V t . Therefore,
we can write the model in a more concise form as

B. Contraction Detection
As can be seen, the muscle contraction signal st is present
inside y t only when there is a contraction, i.e., αt = 1.
Therefore, we need to first detect the contractions to track
the muscular fatigue. This is actually true for all the fatigue
tracking methods since when there are no contractions, the
observed signal is simply AWGN and provides no value to us.
If included in the analysis, the metrics extracted from the noise
frames can actually degrade the performance of the algorithms.
To detect the contraction frames, we use a modified version
of the contraction detection algorithm in [29], where we use
the power pt of the incoming observation frame y t , which is
pt = y Tt y t .

(7)

We train a threshold value τt , which we use to compare against
the power pt of the tth observation frame. If the power pt is
greater than the threshold τt , we detect a contraction (i.e.,
αt = 1) and label the frame as noise (i.e., αt = 0) otherwise,
i.e.,
(
1, pt > τt (active)
.
(8)
αt =
0, pt ≤ τt (inactive)
We update the threshold by taking the cumulative geometric
mean of the power of incoming frames pt . Hence, it is
sequentially calculated as
τt+1 = exp (log(τt ) − (log(τt ) − log(pt ))/t)

(9)

Similarly, other metrics can also be used instead of the
power of the incoming frames. The approach in [29] can be
modified in a variety of ways. As an example, instead of the
cumulative geometric mean, cumulative arithmetic mean can
also be used. However, note that, if there are a lot of active
frames in the measured EMG data, this mean can be undesirably high, which may cause the algorithm to misclassify
contraction frames as noise since some contractions may have
lower frame energies. Therefore, we need a substantially lower
threshold level. Since the noise frame energies are generally
similar and comparably lower to the active frames, we need a
threshold value nearer to the minimum received frame energy.
That is the reason we use geometric mean.
After correctly detecting the contraction frames, we can
process them in order to track the muscular fatigue. With the
contraction frames at hand, we need some way of quantifying
the fatigue level in the muscle. In the next subsection, we
explain the necessary qualities of a fatigue tracking metric.

y t = αt st + v t ,

(5)

C. Fatigue Metric

Y t = αt S t + V t ,

(6)

The muscle contraction signal st has a direct relationship to
the current muscular fatigue ft , such that the muscular fatigue
ft is a function of the muscle contraction signal st . Our main
goal is to produce an estimate fˆt from the noisy signal y t .
We first note that the definition of fatigue is actually very
vague and arbitrary. Generally, there is no universally agreed
on metric for muscular fatigue. Nonetheless, since the thing
of interest is mainly the change in the fatigue, a consistent
metric is sufficient for fatigue tracking purposes as long as
the change in its value corresponds to a similar behavior.

where S t is the muscle contraction signal, X t = αt S t and αt
is 1 if there is a contraction and 0 otherwise. We point out that
the detection of the contractions are very important for reliable
analysis of the sEMG signal since only from the frames where
αt = 1, we can infer something about the muscle activation
potentials (i.e., S t ) from the observed signal Y t . Hence, in the
next subsection, we provide an algorithm whose sole purpose
is the detection of these contraction frames.
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For this purpose, let F (·) be some metric that we believe
satisfactorily models the muscular fatigue, i.e., let
ft =F (st ),
fˆt =F (y t ).

(10)
(11)

Since we are mainly interested in the spectral analysis methods, we have
ft =F (S t ),
fˆt =F (Y t ).

(12)
(13)

As we can see from the equations there are two important
considerations that needs to be made. Obviously, the first is
that ft = F (S t ) can closely model the muscular fatigue as
we believe at least in the behavioral sense. Secondly, the
estimate fˆt is as close to the ft as possible. We deal with
the first consideration in the first part of the experiments
where we compare the waveforms against the well established
conventional fatigue tracking algorithms. We deal with the
second consideration in the second part of the experiments,
where we will show that our algorithms are much more robust
against the noise v t . In the next section, we first detail the most
popular conventional methods in the literature.
III. C ONVENTIONAL T ECHNIQUES : T RACKING THE
C ENTRAL T ENDENCY OF THE S PECTRA
In this section, we explain the conventional methods to track
the shift in the spectral behavior of the acquired contraction
frames. The change in the spectral behavior gives us the
change in the localized fatigue level. In Section IV, we propose
two methods related to tracking the shift of the spectrum
and compare them with four state of the art metrics in the
experiments, which we detail here. These methods are the
mean frequency, the median frequency, the band-limited mean
frequency and the band-limited median frequency. Thus, in the
following subsections we will explain in detail the mean and
median frequency and how they are affected by the AWGN
noise power. For the purposes of the succeeding sections, let
y t be the received tth frame, which contains contraction, i.e.,
αt = 1. Let Y t be the Discrete Time Fourier Transform (DFT)
of y t . Then the PSD of y t (i.e., P t ) is calculated as the square
of the magnitude of Y t of each frequency bin normalized to
a probability simplex, i.e.,
kY t [k]k

P t [k] = PK

,
2
k=0 kY t [k]k

A. Mean Frequency
th

The mean frequency, i.e., M Nt , of the t frame is calculated as the sum of the PSD values multiplied by their
frequency content. Hence, M Nt is calculated as follows

k=0

kP t [k],

(15)

(16)
(17)

Thus, the deviation from the true mean frequency will be
[
M
Nt − M Nt =

pv
kK/2 − M Nt k .
ps + pv

(18)

Hence, in high SNR, i.e., pv << ps , this is not an issue since
pv
ps +pv → 0. However, in low SNR scenarios, i.e., pv >> ps ,
v
→ 1.
the deviation can be substantial since psp+p
v
B. Band-limited Mean Frequency
The band-limited mean frequency, i.e., BM Nt , of the tth
frame is calculated as the sum of the PSD values of the
frequency components in the passband multiplied by their
frequency content. Hence, BM Nt is calculated as follows
Pk2

1
BM Nt = Pk=k
k2

kP t [k]

k=k1

P t [k]

,

(19)

where k1 and k2 are the limits of the passband. Hence, BM Nt
gives the average of the random variable whose probability
mass function (PMF) corresponds to the normalized version
of the PSD between the frequency bins k1 to k2 .
1) Effect of the AWGN Power: The effect is similar to the
case in Section III-A.
C. Median Frequency (MDF)
In order to estimate the median frequency of the tth window,
M Dt , we calculate the cumulative sum C t of P t as

(14)

where K is the frequency bin corresponding to half the
sampling rate, i.e., the Nyquist frequency, and the summation
of P t gives 1.

M Nt =

pv K
ps
,
M Nt +
ps + pv
ps + pv 2
pv
=M Nt +
(K/2 − M Nt ) .
ps + pv

d
M
Nt =

C t [k] =

2

K
X

which gives the average of the random variable whose probability mass function corresponds to the PSD, P t , of Y t .
1) Effect of the AWGN Power: Let ps be the power of the
sEMG signal and pv be the power of the AWGN noise. Since
AWGN noise is distributed among the frequency components
equally in expectation, the mean frequency of the noise power
will be given by K/2. Hence, the estimate of the mean
frequency is given by

k
X

P t [k 0 ],

(20)

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 ∗ ] > ,
2
1
∗
C t [k − 1] ≤ .
2

(21)
(22)

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 +

(23)
(24)
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1) Effect of the AWGN Power: Let again ps be the power of
the sEMG signal and pv be the power of the AWGN noise. In
v
high SNR cases, i.e., pv << ps , and psp+p
→ 0, the median
v
frequency will be biased towards the median frequency of
AWGN albeit slightly. Hence, it will not be an issue. However,
v
in low SNR scenarios, i.e., pv >> ps , and psp+p
→ 1,
v
the median frequency will be substantially tilted towards the
median frequency of AWGN, which is (K − 1)/2.
D. Band-limited Median Frequency (MDF)
Let again k1 and k2 be the limits of the passband. In order to
estimate the band-limited median frequency of the tth window,
denoted BM Dt , the band-limited cumulative sum BC t of the
P t is taken such that
Pk
P t [k 0 ]
0
,
(25)
BC t [k] = Pkk2=k1
0
k0 =k1 P t [k ]
for k ∈ {k1 , . . . , k2 }. Let again k ∗ be the index of the first
component in BC t that is greater than 0.5. Then, BM Dt is
BM Dt =k ∗ −

BC t [k ∗ ] − 0.5
BC t [k ∗ ] − BC t [k ∗ − 1]

(26)

1) Effect of the AWGN Power: The effect is similar to the
case in Section III-C.
IV. ROBUST M ETHODS : T RACKING THE S TOPBAND OF
THE S PECTRA
In this section, we explain our algorithms and the metrics
that we propose to track the muscular fatigue using the sEMG
data. We propose two algorithms, which are the Discrete
Derivative Analysis (DDA) and Cumulative Sigmoid Analysis
(CSA). We first explain in detail the DDA approach.
A. Discrete Derivative Analysis
In this method, we track the frequency index, where the
dominance of the PSD of the sEMG signal is finished. By
this way, the spectrum shift during muscular fatigue becomes
traceable no matter how much AWGN is present.
The expected PSD is given by the summation of the power
spectra of the muscle signal and the power spectra of the
AWGN noise. The AWGN noise is constant throughout the
spectra. When the discrete derivative is taken, the parts of the
spectra where the signal power is negligible will converge to
zero. Since the discrete derivative simulates the derivative of
the PSD, it will give near zero results in the region where there
is only AWGN. Moreover, we also rectify the derivative to
make it nonnegative and to move the minimum values beyond
the reach of the sEMG signal’s bandwidth.
The rectified discrete derivative series of the P t , i.e., D t ,
is estimated in order to track the amount of changes for each
discrete frequency index. To acquire the D t series, the P t is
subtracted from its one index shifted version and its magnitude
is taken as the following:
D t [k] = kP t [k] − P t [k − 1]k ,

(27)

where P t [k − 1] is the one index shifted version of P t . Thus,
D t gives the slope between each P t bin. After acquiring the

instant slope for the discrete frequency bins, we determine the
frequency index where the slope starts to get constant. That is
to say, the change in PSD begins to converge to approximately
zero.
To smooth out the D t , we utilize a median filter, where the
ct is given by
filtered derivative series D
ct [k] = median(D t [k − w], . . . , D t [k − w]),
D

(28)

where 2w + 1 is the window length of the median filter and
ct is zero-padded accordingly.
the signal D
Next, we find the index of the minimum of the absolute
ct with the following equation
discrete derivative series D
PK
ct [k])
k exp(−D
,
(29)
kD = Pk=0
K
c
k=0 exp(−D t [k])
ct . This
which gives greater weights to the smaller values of D
value kD not only approximates the end of the bandwidth of
the sEMG signal but is also able to track the muscular fatigue.
1) Effect of the AWGN Power: The power spectra is given
by the signal power and the noise power added together.
Since the AWGN noise power is equally distributed among
the frequency bins in expectation, we get rid of the AWGN
content in the rectified discrete derivative series. Hence, let
again the signal power be ps and noise power be pv . The
resulting kD parameter will be the same whatever the noise
power pv is, or whatever the SNR is. Hence, in both regions
v
when the SNR is high, i.e., pv << ps , psp+p
→ 0, and the
v
pv
SNR is low, i.e., pv >> ps , ps +pv → 1, we will approximately
get the same result from the DDA algorithm, which models
the end of the sEMG signal bandwidth.
B. Cumulative Sigmoid Analysis
This method builts upon the first method, where we first
ct , i.e., C t for
calculate the backwards cumulative sum of D
the tth window is calculated as the following:
ct [K], D
ct [K] + D
ct [K − 1], ...).
C t = (D
| {z } |
{z
}
1st index

(30)

2nd index

Hence,
C t [k] =

k
X

ct [K − k 0 ],
D

(31)

k0 =0

for k ∈ {0, 1, 2, . . . , K}.
To determine the index value, where the spectral power
starts to converge to a constant, we apply a sigmoid function
to C t , which is
1
sC t [k] =
,
(32)
1 + e−θ(C t [k]−Φ(C t ))
where Φ(.) is the geometric mean function. Hence,
!1/(K+1)
K
Y
Φ(C t ) =
(C t [k])
.

(33)

k=0

After the taking the sigmoid of the cumulative sum, the
resulting vector would be formed by ones and zeros when
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Subject No

Age

Gender

Height (cm)

Weight (kg)

S1

20

Female

167

61

S2

24

Female

169

67

S3

26

Female

165

58

S4

24

Male

173

72

S5

25

Male

178

68

S6

28

Male

168

70

S7

24

Male

167

72

S8

25

Male

189

66

S9

24

Male

175

78

S10

24

Female

181

60

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

Figure 1: Visual of the sEMG Data Acquisition System.

θ is allowed to go to infinity, i.e., θ → ∞. Let the index of
transition from zero to one be k + . This index gives the index,
where the spectral power starts to decrease and converge to a
constant, which is given by

our methods are indeed appropriate for use in fatigue tracking
and they closely represent and model the muscular fatigue at
least in the behavioral sense.
Next, for the second consideration, in Section V-C, the effect
of increasing AWGN power on all of the fatigue tracking
methods are shown to study whether or not the estimated
metrics from the noisy signals can closely represent the true
metrics.

kC = K − k + .

(34)

1) Effect of the AWGN Power: Let again the signal power
be ps and noise power be pv . Since CSA utilizes DDA, the
resulting kC parameter will be the same whatever the noise
power pv is, or whatever the SNR is, for the same reasons as
the previous section. Hence, in both regions when the SNR is
v
high, i.e., pv << ps , psp+p
→ 0, and the SNR is low, i.e.,
v
pv
pv >> ps , ps +pv → 1, we will get approximately the same
result from the CSA algorithm, which again models the end
of the sEMG signal bandwidth.
V. E XPERIMENTS
In this section, we compare the proposed spectrum based
fatigue tracking metrics in Sections IV-A and IV-B, i.e.,
Discrete Derivative Analysis (DDA) and Cumulative Sigmoid
Analysis (CSA), with the state of the art metrics in Sections
III-A, III-B, III-C and III-D, i.e., Mean Frequency, Bandlimited Mean Frequency, Median Frequency and Band-limited
Median Frequency. For this purpose, an appropriate setup
needs to be provided in order to sufficiently collect correct
EMG signals under muscular fatigue circumstances. In the
following subsection, Section V-A, the experiment setup is detailed along with the wearable sEMG data acquisition system,
type of physical activities, and information about the subjects.
In the rest of this section, we experiment on the two important
considerations we need to make for our fatigue metrics, which
were detailed in Section II-C.
For the first consideration, in Section V-B, the proposed
methods are compared to the state of the art to validate that

A. Experimental Setup
For the experiments in order to validate and compare all
the mentioned methods, EMG data needs to be collected
during activities that substantially increases the fatigue level
in muscles. Such activities mostly require a physical motion,
in which the sensor electrodes might lose the contact with
the skin or wirings can limit the movement. To overcome
such obstacles, we embedded an 8 channel wireless EMG data
acquisition system into a compressive sports garment, which
is seen in Figure 1.
The surface EMG sensors follow the basic dry active
sEMG architecture. The copper core, gold plated, disk shape
electrodes are manufactured and localized according to the
SENIAM standards, which is 10mm diameter and 20mm inner
electrode distance [30]. The difference of the voltage levels
in the electrodes are taken via an instrumentation amplifier
followed by a quasi highpass filter and gain amplifier to obtain
a complete gain of 500. Finally the output of the gain is put
through a band-pass filter with cutoff frequencies of 20-450Hz.
The sensor outputs are sent to a core unit via textile
based litz wire cables, which enable high flexibility and
stretchability. In the core unit, 8 different sensor outputs are
sampled simultaneously with a 12-bit ADC resolution and
1kHz sampling rate. Then, the gathered data is transmitted
to MatLab interface via WiFi.
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Figure 2: Average mean frequency, median frequency, discrete derivative metric, cumulative sigmoid metrics in the experiments.

The sEMG sensors are covered with epoxy in order to
provide sealing and robustness. sEMG sensors are placed on
specific quadriceps muscles, which are Vastus Medialis, Rectus Femoris and Vastus Lateralis with correct directions and
locations [30]. Also, the vibration-preventing compressiveness
in the tight provides a suitable platform for measuring the
activities that create motion artifacts.
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In our experiments, sEMG data is gathered from 10 healthy
subjects with various physical properties (i.e. age, gender,
height (cm) and weight (kg)), detailed in Table I. During the
experiments, subjects realized dumbbell squats of 7 sets with
2.5 kilograms in each hand, where they stand up straight while
holding a dumbbell on each hand (palms facing the side of
their legs).

Spectral Analysis With AWGN
Average PSD
Derivative Analysis
Mean Frequency
Median Frequency
Band-Limited Mean Frequency
Band-Limited Median Frequency
Cumulative Sigmoid

10

Amplitude

8
6
4
2
0
50

100

150

200

250

300

350

400

Frequency (Hz)

12

10

10

Spectral Analysis Without AWGN
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Figure 3: The plots of the results of the methods on average PSD with low SNR (top) and high SNR (bottom).
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Figure 4: The effect of AWGN power on all of the methods.

B. Validation of Proposed Fatigue Models
In this first part of the experiments, we validate our presented methods DDA (in Section IV-A) and CSA (in Section
IV-B). For validation, we compared our methods to the methods in Sections III-A, III-C. First, we have collected the EMG
from each of our subjects through our data acquisition system.
Then, the collected EMG data has been fed to the contraction
detection algorithm in Section II-B. The parts of the signal
that were detected as contractions include the sEMG signals.
Hence, these parts of the signal (i.e., frames) are used in the
calculation of our metrics DDA, CSA and the metrics Mean
Frequency and Median Frequency. This has been done for all
of the subjects. After that, the metrics gathered from all of the
subjects are normalized, synchronized and finally averaged.
In Figure 2, the average results and smoothed results are
displayed. As can be seen, each metric used in or experiments
conforms to a similar behavior throughout the contraction
frames. They all have the same pattern, which means that our
introduced methods are suitable to track muscular fatigue since
mean and median frequencies are well established metrics in
fatigue tracking. DDA especially shows a remarkable similarity to the mean and median frequency. In that regard, DDA
approach may be able to better model the fatigue than CSA.
C. Effect of AWGN Power on The Spectral Shift Methods
For the second part of the experiments, in this subsection,
AWGN noise is gradually added to simulate its effect on the
fatigue tracking methods.
We artificially add AWGN noise to the EMG data to
simulate the effect of the AWGN noise power on the fatigue
tracking methods. Their results are shown in Figures 3 and 4.
In Figure 3, we see that after the addition of the AWGN
noise, the changes were the following:

•
•
•
•
•
•

Mean Frequency: ≈ 100 Hz → ≈ 180 Hz,
BL Mean Frequency: ≈ 85 Hz → ≈ 110 Hz,
Median Frequency: ≈ 75 Hz → ≈ 170 Hz,
BL Median Frequency: ≈ 70 Hz → ≈ 100 Hz,
Discrete Derivative: ≈ 135 Hz → ≈ 135 Hz,
Cumulative Sigmoid: ≈ 100 Hz → ≈ 100 Hz,

where BL is used for ’Band-Limited’. As can be seen, while
Mean Frequency, Band-Limited Mean Frequency, Median Frequency and Band-Limited Median Frequency have drastically
changed under increased AWGN (i.e., low SNR), our metrics
Discrete Derivative and Cumulative Sigmoid have more or
less remained the same. Henceforth, they are successful in
retaining their modeling capabilities under increased noise.
Moreover, because the effect of the AWGN has been little
to none for our metrics, we can say that our methods are very
robust against AWGN.
Furthermore, in Figure 4, we illustrate the outputs of
our methods and the state-of-the-art together under gradual
increase of noise power. As expected, aside from our two
approaches, outputs of the state-of-the-art changes with the
AWGN noise level present in the signal, consequently hindering our ability to correctly interpret the outputs as fatigue
levels. Mean frequency metric (whether band-limited or not) is
affected gradually starting from a relatively small noise power.
It seems the band limited version of the metric can resist the
effects of the increased noise power better. Nevertheless, the
noise power increase substantially affects the metric value.
The median frequency seems to be able to better deal with
the noise power compared to the mean frequency, at least
in the lower noise power regions. However, the effect of the
noise power starts to show itself after a sufficient level and
its distortion quickly catches up with the distortion in the
mean frequency. Henceforth, median frequency as well has
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insufficient robustness against the increased AWGN power.
On the other hand, our metrics deal with the increase in the
noise power substantially better than the conventional metrics.
The distortion in the Discrete Derivative metric remains less
than a few Hz even under very low SNR scenarios. Cumulative
Sigmoid metric shows an even better resistance. Remarkably, it
seems the increased noise power has little to no effect, however
large it is. Thus, we can clearly see that our metrics are much
more robust than the conventional metrics for tracking fatigue
under high or changing noise power situations.
VI. C ONCLUSION
In this paper, we have introduced novel metrics that can
accurately capture the spectral shift in sEMG signals to track
muscle fatigue. With their increased modeling capabilities,
our metrics can more accurately capture the muscular fatigue.
Compared to the conventional techniques for modeling the fatigue and tracking the spectral shift of the signal, our methods
are very robust to the AWGN noise power in the environment.
While the conventional techniques are highly affected by the
AWGN power present in the signal, in comparison, its effects
on our metrics are negligible.
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