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The timing of muscles activation which is a key parameter in determining plenty of medical conditions
can be greatly assessed by the surface EMG signal which inherently carries an immense amount of infor-
mation. Many techniques for measuring muscle activity detection exist in the literature. However, due to
the complex nature of the EMG signal as well as the interference from other muscles that is observed dur-
ing the measurement of the EMG signal, the accuracy of these techniques is compromised. In this paper,
we introduce the neural muscle activation detection (NMAD) framework that detects the muscle activa-
tion based on deep learning. The main motivation behind using deep learning is to allow the neural net-
work to detect based on the appropriate signal features instead of depending on certain assumptions. Not
only the presented approach significantly improves the accuracy of timing detection, but because of the
training nature, it can adapt to operate under different levels of interference and signal-to-noise ratio.

� 2019 Elsevier Ltd. All rights reserved.
1. Introduction

Surface Electromyography (sEMG) has been widely used to
evaluate the neuromuscular function and muscle recruitment pat-
terns with acceptable reliability (Farina et al., 2004). Temporal
analysis of muscle activation in terms of burst onset, duration
and offset (Solnik et al., 2008) is one important example that can
explain unique muscle activation patterns pertaining to stroke
(Babyar et al., 2007), Parkinson’s disease (Kumru et al., 2004) and
cerebral palsy (Tedroff et al., 2008). For example, the temporal
analysis of muscle activation patterns recorded during gait provide
insights into the changes in neuromuscular strategies that occur
with age (Hortob́agyi and DeVita, 2000). Onset detection is also a
signification factor in the determination of the electromechanical
delay under different conditions (Howatson et al., 2009).

The onset timing of muscular activity is a particularly interest-
ing variable to describe control strategies during different activi-
ties. Appropriate muscle activation prior to ground contact
during gait increases the sensitivity of the muscle spindles and
could contribute to proper joint stiffness and stabilization during
different sport activities (Klyne et al., 2012).

Muscle activity timing can be detected via sEMG signal by
detecting the first motor units action potentials that build up con-
stantly before touchdown. Detecting the muscle activation via
sEMG signal can be done either via visual inspection or
threshold-based methods (Solnik et al., 2008).
The sEMG signal is a result of the superposition of signals that
stems from the motor units (MU). The timing of the sEMG signal
depends on the timing of the MUs however, several factors play
a role in the detected sEMG signal formation. The most obvious
factor is the noise that is added to the sEMG which might lead to
a large margin of error in case the detected sEMG has a signifi-
cantly low signal-to-noise ratio (SNR). Another main factor is the
crosstalk which is the interference from neighboring muscles (De
Luca and Merletti, 1988). Neither the noise nor the crosstalk can
be avoided or completely eliminated which makes it even harder
to understand the sEMG signal of interest. Other factors that affect
the nature of sEMG signal such as measurement inaccuracies also
exist, and all these factors contribute to the accuracy of the
detected activation timing.

The existing techniques in the literature suffer from two main
drawbacks. First, the decision of the muscle activity timing is based
on some metric which is not necessarily a sufficient metric. For
example, threshold-based methods can rely on the signal energy
or amplitude which is only one feature of the sEMG signal and
ignoring the many other features can lead to accuracy deteriora-
tion. Second, interference from neighboring muscles is usually
ignored (treated as noise) even though it has special properties
that might lead to more accurate muscle activity timing detection
if taken into account.

In this paper, we approach this problem via a deep learning
technique. The main idea is that instead of relying on some heuris-
tic features of the sEMG signal to solely determine the timing activ-
ity, an artificial neural network can be trained to find the activation
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timing. Due to the time-series nature of the sEMG signal, a recur-
rent neural network (RNN) (Merlo et al., 2003) is a reasonable
choice for identifying the timing of the muscle activity. Our results
show that a properly trained RNN can achieve significantly higher
accuracy than the state-of-art algorithms in the literature. More-
over, the trained neural network can work accurately under a wide
range of SNR and/or cross-talk levels.

1.1. Related work

One of the most effective ways in improving the timing detec-
tion is the Teager-Kaiser (TK) Energy operator that gives an indica-
tion of the energy of the signal, not only based on the signal
amplitude but the frequency components as well. The TK operator
at a time instant n is given by

y nð Þ ¼ x2 nð Þ � x n� 1ð Þxðnþ 1Þ ð1Þ
where xðnÞ is the raw signal and yðnÞ is the resulting signal after
applying the TK operator. One of the main drawbacks in this
approach is its vulnerability to the noise level. At high noise levels,
the TK methods can be easily confused between noise and real EMG
signal resulting from a muscle activation.

Other methods in the literature rely on transferring the signal
into other domains using the wavelet transform (Torrence and
Compo, 1998) of the Fourier transform (Bracewell and Bracewell,
1986) and then process the signal in these domains. For example,
the continuous wavelet transform was used in (Olmo et al.,
2000) to detect the muscle activation using the sEMG signal. How-
ever, for these methods to work well, certain assumptions such as
an identical signal generated from each motor unit have to be met.
Also, the accuracy of these methods is greatly compromised under
high crosstalk.

A neural network can naturally include plenty of these tech-
niques a special case in their structure and weights and hence,
the performance of a neural network can be at least as good as
the best of these methods if it is trained properly. For example, a
very simple neural network can perform the same operation of
the TK measure. In order to show this, assume the neural network
in Fig. 1 with xðnÞ; xðnþ 1Þand xðn� 1Þ as inputs. Assuming a quad-
ratic activation at the nodes of the hidden layer according to
f ðxÞ ¼ x2 and a linear activation at the output node, the output of
the neural network is then given by

y nð Þ ¼ k1 w11x nþ 1ð Þð Þ2

þk2 w22x nð Þð Þ2

þk3 w33x n� 1ð Þð Þ2

þk4 w14x nþ 1ð Þ þw34xðn� 1Þð Þ2
Fig. 1. An example of a neural network that can perform the TK measure.
and with the appropriate choice of the weights of the neural net-
work as for example; k1 ¼ k2 ¼ k3 ¼ 1; k4 ¼ �1;w11 ¼ w14 ¼ 2;
w22 ¼ 1, and w33 ¼ w34 ¼ 1

4, the output will be identical to (1).
A key point in the previous analogy is the use of a quadratic

activation unlike the activation function that are usually used in
a neural network. However, as shown in (Cheng et al., 2018), an
activation function such as the sigmoid function in (4) or the ReLu
function in (3) can be approximated with a Taylor series that will
eventually perform the same function of a quadratic activation.
Therefore, under the usual activation function, the TK measure is
still a special case of a neural network.

2. Neural muscle activation detection (NMAD)

In order to be able to train a neural network, an EMG signal and
its accurate and correct muscle activity timing should be known.
For this purpose, we use a simulated EMG signal whose activation
is perfectly known and even designed. The following section gives
details about the simulations of the sEMG signal.

2.1. sEMG signal simulation

Several models for the sEMG signal exist in the literature. One of
the earliest models that simulate the sEMG signal uses a white
Gaussian noise and filter it according to the following transfer
function (Stulen and De Luca, 1981)

Hsf sð Þ ¼ ks spf hð Þ2
sþ 2pf lð Þ sþ 2pf hð Þ2

ð2Þ

where s is the Laplace variable,k is a scaling factor and f l and f h are the
cutoff frequencies set to 80 Hz and 120 Hz respectively. Even though
the frequencyparameters of the EMGsignal according to this filtering
captures many of the signal properties, it still misses many of the
sEMG signal features and cannot capture crosstalk properly.

In this paper, we use the more accurate simulated EMG signal
that is generated according to the model in (Farina and Merletti,
2001) which simulates synthetic motor units action potentials gen-
erated by finite length fibers and then detected by surface elec-
trodes. The model in (Farina and Merletti, 2001) controls the
location of the detection probe, the number of fibers of each motor
unit, the fiber density in the muscle and more.

We follow the same model parameters described in (Merlo
et al., 2003); the detection of the surface EMG signal is simulated
by a single differential detection system, with inter-electrode dis-
tance of 20 mm and circular electrodes with radius 5 mm. The min-
imum firing rate is 8 pulses per second and the maximum firing
rate is 35 pulses per second. For more details about the parameters
of the simulated model, the reader is referred to (Merlo et al.,
2003). An example of the simulated sEMG signal with 5 dB SNR
is shown in Fig. 2.

2.2. Recurrent neural networks

As mentioned earlier, our approach is based on training an arti-
ficial neural network. The choice of a recurrent neural network is
because of the following reasons:

� In order to increase the accuracy and avoid the confusion with
noise or cross-talk, the muscle activation should be judged by
looking at the entire signal and not based on a short snapshot.

� Recurrent neural networks as will be explained next has feed-
back links that allow learning based on current and previous
inputs to the network and hence, allowing the network to
decide based on a longer observation. For the same reasons
RNNs are used in speech processing (Graves et al., 2013).



Fig. 2. Simulated sEMG signal at 8 dB SNR.
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A recurrent neural network is defined as a class of artificial neu-
ral networks. Unlike the feed-forward neural networks, recurrent
neural networks have feed-back links, as shown in Fig. 3, that gives
the network a memory which makes it able to process time
sequences. The example shown in Fig. 3 shows a recurrent neural
network with one hidden layer. The figure shows one step feed-
back which means that the output at a given time depends on
the input at two consecutive time instants. Longer feedback would
allow the output to depend on a longer snapshot of the input.

Similar to any neural networks, the nodes of the RNN perform
the so-called activation function. In this paper, we used ReLu acti-
vation function (LeCun et al., 2015) given in (3) for all the hidden
layers and a sigmoid activation function given in (4) for the output
layer.

f xð Þ ¼ maxðx;0Þ ð3Þ

f xð Þ ¼ 1
1þ e�x

ð4Þ
Fig. 3. An example of a recurrent neural network with one hidden layer.
The range of the sigmoid function is [0,1] therefore, we apply a
hard limiter that rounds the output to the limits of the range for a
final decision on the activation where 1 means that the muscle is
active and 0 means that the muscle is not active.

Remark 1. The hard limiter has a zero derivative for the entire
domain except at the comparison threshold where the derivative is
undefined. Therefore, the error that is used to calculate the gradi-
ent is calculated before the hard limiter.
2.3. Activity detection timing

Now that the simulated sEMG signal and the exact activation
timing is known, the input to the neural network would play an
important role in the performance of the network. In our approach,
we use the spectrogram of the sEMG signal since it gives the power
spectrum density at each given interval. For example, the spectro-
gram of the sEMG signal in Fig. 2 is shown in Fig. 4. Clearly, the
spectrogram shows higher power especially in the frequency range
[10,150] Hz during the time interval [0.85, 1.05]. However, we
would like to emphasize that it is not only a matter of power since
you can observe high power around the second 0.7 which is clearly
due to noise or crosstalk. The main idea as mentioned before is to
let the network learn the necessary features that determine the
exact activation timing.

The training data is collected by simulating several EMG signals
with different activation durations with an average of 0.2 s and a
standard deviation of 0.1 s as observed in experimental measure-
ments of the Vastus Lateralis muscle during running. This duration
can be different for different muscles therefore, training can be
performed via certain characteristics of a certain muscle and in this
case, the neural network would be more suitable for the muscle of
interest. However, in this paper, we examine training with differ-
ent activation durations to accommodate different muscles. The
neural network is updated with a batch of 100 simulated sEMG sig-
nals. Each signal is in the batch represent 2 s and the start of the
sEMG signal is chosen randomly between second 0 and second 0.3.

As discussed earlier, the noise level would play a role in detec-
tion accuracy. Therefore, we examined the training under different
SNR values. Interestingly, our findings show that the best training
results are observed under a moderate SNR value rather than a
large SNR value. The intuition behind this observation is that the
network needs to learn the features of the sEMG signal, but it also
needs to learn how the noise structure looks like when it is added
to the sEMG signal. A very low SNR or a very high SNR value would
not let the neural network learn either the sEMG signal structure or
Fig. 4. Spectrogram of sEMG signal of Fig. 2.



Fig. 6. Simulated sEMG signal, detected activation via NMAD and the true
activation.
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the noise effect respectively. Our training results shows that train-
ing under an SNR of 3 dB gives the best performance even under
different SNR values.

Remark 2. The output of the neural network is 1 when the mus-
cle is active and is 0 when the muscle is not active. This can be used
to determine the onset which is the moment the output changes
from 0 to 1. The activation duration and the offset are detected
similarly.

3. Results and comparison with other techniques

Using the same simulated sEMG signals, different techniques
are compared with our proposed method. Based on the TK mea-
sure, the single and double threshold methods are considered in
the comparison as well as the more statistically involved approach,
the generalized likelihood ratio (GLR) (Staude, 2001).

The comparison results are presented in terms of the error in
the onset timing detection. The detected onset time can be either
earlier, same or after the true onset timing. Therefore, the absolute
difference between the detected onset time and the true onset
time is a reasonable error metric to assess the performance of dif-
ferent detection methods. As shown in Fig. 5, the accuracy of the
neural network muscle activity detection is much higher than
the other approaches. The figures also show that the performance
of the neural network is not vulnerable to the noise level.

Fig. 6 on the other hand shows a simulated sEMG signal at 5 dB
SNR along with the true activation indication and the detected acti-
vation indication. The figure shows that the proposed NMAD
method follows, almost perfectly, the true activation timing.

3.1. Activation detection of real sEMG signals

In this section, we use the trained RNN in the detection of the
muscle activity based on real measured sEMG signal from the Vas-
tus Lateralis as well as the Lateral Hamstring of a runner. The pur-
pose of this comparison is to validate the accuracy of our method
with real measure sEMG signals even though the training was per-
formed over simulated signals. All procedures and protocols were
approved by the Institutional Review Board of Loma Linda Univer-
sity. Before generating the spectrogram of the measured sEMG sig-
nal, the signal is first filtered via a bandpass filter with passing
band [10.500] Hz to filter out any noise power outside of the fre-
quency range of the sEMG signal. Consequently, the spectrogram
Fig. 5. Performance comparison between NMAD and other methods in the
literature.
of the spectrogram of the filtered signal is generated and passed
to the RNN as an input. Fig. 7 shows the measured sEMG signal
after filtering along with the detected activation according to the
RNN output. As shown in the figure, the network is able to accu-
rately detect the activation even for real sEMG signals.

The timing of muscle activity is a commonly applied analytic
method to understand how the nervous system controls move-
ment. Detection of the moment when a muscle begins to activate
on the basis of EMG signal is an important task for a number of
clinical biomechanical studies. In biomechanics, the off-line analy-
sis of EMG is used to add a physiologic context to observed pat-
terns of movement or specific events during movement, such as
heel-strike in walking. During a defined movement, the EMG acti-
vation from different muscles may be compared if theory dictates
that differential activation may cause a predisposing factor
towards injury. Thus, this paper introduced a high accuracy onset
neural muscle activation detection (NMAD) approach based on
deep neural networks. The main idea behind using neural net-
works is to allow the network to learn the appropriate features that
can be used in the detection process instead of relying on some
metric that can be statistically insufficient. The presented approach
provides a significantly higher detection accuracy under different
Fig. 7. Vastus Lateralis sEMG signal and the RNN output.
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ranges of SNR and interference levels. Compared to other tech-
niques in the literature such as threshold detection of the TK mea-
sure of the signal, the proposed approach requires more
computations however, these computations can be easily paral-
lelized. Enabling real time muscle activity detection. The higher
accuracy that the presented approach provides not only enables
better clinical assessment but also provides researchers with an
accurate activation timing that can significantly affect future clin-
ical interventions and preventive strategies.
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