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Abstract— Electroencephalogram (EEG) recordings are
highly susceptible to noise from electromyogram (EMG) signals
of the frontalis and temporalis muscles. In this paper, we
propose and evaluate a new method for detecting frontalis and
temporalis muscle EMG contamination in EEG signals based
on recent ﬁndings on topographic and spectral characteristics
of cranial EMG.

I. I NTRODUCTION
Electroencephalogram (EEG) recording devices are designed to greatly amplify minuscule perturbations of electric
potential, and as such, are extremely susceptible to noise.
These artifacts can be caused by events such as inconsistencies in the power supply, the shifting of electrodes, and
electromagnetic ﬁelds generated by nearby electronics. While
there exist tools and methods to prevent many equipmentrelated noise sources from maligning data, artifacts caused by
the subject’s own muscles, such as electro-oculargram (EOG)
and electromyogram (EMG) signals, still pose a challenge to
both detect and remove.
In the 1980s, efforts at detecting and removing EEG
artifacts focused on EOG caused by eye twitching or blinking. EOG can be recorded from the ocular muscles and
visually or automatically detected [1]–[3]. Once detected,
trials containing EOG artifacts can either be rejected from
analysis or removed by various techniques. Recent methods
for removing the effects of EOG artifacts involve wavelet
analysis [4] and blind source separation using principal and
independent component analysis [5], [6].
Scalp muscle EMG signals are another source of unwanted
EEG artifacts. However, unlike EOG artifacts, dedicated
measurements are not available to detect scalp EMG activity
because the muscles responsible for the noise are in the direct
path between EEG electrodes and the brain. Techniques
similar to those used to remove EOG artifacts have been
applied to remove EMG artifacts, but those that ﬁlter or
attempt to correct the EEG data will inevitably distort the
original signals [7]. Also, artifact-correcting methods are
effective in reducing the undesired effects of artifacts, but
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there are cases when it is more preferable to detect and reject
contaminated data.
The motivation for the currently proposed detection
scheme was the study of motor planning EEG from stroke
survivors with arm-related motor deﬁcits. The subjects (some
of whom did not receive prior rehabilitation therapy) were
studied while performing rehabilitative arm-reach movement.
During data collections, the subjects who struggled to perform the motor task were observed to have exhibited strained
facial expressions or teeth clenching. Previous methods for
studying EEG in stroke survivors excluded subjects who
could not successfully perform the studied motor tasks [8],
[9]. However, when rehabilitative motor tasks are studied,
subjects cannot be expected to be adept at the studied motor
task. In such cases, it is not always possible for subjects
to avoid unnecessary facial movements and trials containing
EMG contamination are likely to exist.
Also, there is evidence that stroke infarcts change EEG
characteristics during motor planning, but the extent of the
changes is not yet well understood [10]. Therefore, to study
the distortion of EEG data from stroke infarcts, it is important
to minimize signal processing distortion during data analysis.
For this reason, we decided against applying artifact removal
or ﬁltering schemes to our data. Ideally, we wanted to analyze
only the artifact-free EEG data and ignore any contaminated
data.
Classical methods of artifact detection involve visual or
automated inspection for data that exceeds a pre-deﬁned
amplitude threshold [11]. This approach works well for EOG
artifacts, which can be measured by electrodes placed around
the ocular muscles. EMG activity, on the other hand, exists
between 0–200 Hz and is difﬁcult and time-consuming to
accurately identify by visual inspection. Computer-assisted
artifact detection methods were proposed in the 1990s by
Joutsiniemi et al. [12] and Brunner, et al. [13]. Joutsiniemi
et al. proposed a neural network algorithm applied to 22channel EEG recordings. Brunner, et al. used activity in the
26.25–32 Hz frequency band to reject artifacts for sleep EEG
studies. In 2003, detailed information on cranial EMG, which
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did not previously exist, was introduced by Goncharova, et
al. [14]. Goncharova, et al. studied cranial EMG spectral
and topographical characteristics in order to improve the
understanding of this topic and aid in EMG artifact detection
and removal. In 2005, Gasser et al. proposed a method
to correct EEG data based on activity in the 51–69 Hz
frequency “muscle-band” of EEG electrode F7. It is possible
to use the muscle-band for EMG detection, but methods
based on Goncharova et al.’s ﬁndings dedicated to EMG
artifact detection still do not yet exist.
A. Study Objectives
We designed a scheme for detecting frontalis and temporalis muscle EMG activity based on the topographic and
spectral data for these muscles that was reported by Goncharova et al. [14] and the subject’s baseline, EMG-free data.
We also characterized the robustness of our detection scheme
when baseline data was not available and the detection
thresholds were computed from EMG-contaminated data.
B. Paper Outline
First, we describe the data collection methods used to
obtain muscle EMG activity in EEG data. Then we present
the EMG-detection scheme and the selection of critical
parameters based on a subject’s baseline, EMG-free EEG
data. Next, we characterized the robustness of our methods
when the detection thresholds were computed using data
with various levels of EMG contamination. Finally we cover
applications for this detection scheme and future work.
II. M ETHODS
A. Subject
One healthy adult male, age 24, gave consent to participate
in this experiment. This study was conducted according to
the Declaration of Helsinki and oversight was provided by
the Internal Review Board of the Louis Stokes Cleveland
Veterans Affairs Medical Center.
B. Experiment Paradigm
The subject was seated before a computer screen with his
right (dominant) hand gripping the end-effector of an Interactive Motion Technologies Inc. (Cambridge, MA) Inmotion2
Shoulder Elbow Robot. To standardize the movement, the
subject was then presented with a motor targeting task
that required an accurate 14 cm, linear movement in the
horizontal plane beginning at the center of the workspace
and reaching to a target in a direction directly in front of the
subject. This motor task required shoulder ﬂexion and elbow
extension
Three types of EEG data were recorded from the subject.
First, 40 trials of EMG-free data were recorded with the
subject refraining from moving any facial muscles while
performing the motor task. Then, 25 trials of frontalis
muscle EMG-contaminated data were recorded by having the
subject raise his eyebrows while performing the motor task.
Finally, 20 trials of frontalis and temporalis muscle (frontotempo) EMG-contaminated data were recorded by having the

subject both move his eyebrows and clench his teeth while
performing the motor task.
C. Data Acquisition
EEG data was obtained using Compumedics NeuroScan
Ltd. (El Paso, TX) devices and software. The data was
recorded using Acquire 4.3.1 software, a 64-electrode QuickCap EEG cap, and a Synamps ampliﬁer system (500 gain,
sampling rate of 1000 Hz). All electrodes on the EEG cap
were 8 mm in diameter with a 5 mm cavity depth and were
arranged on the scalp in compliance with the International
10-20 standard [15]. Each recording was referenced to the
common linked left and right mastoid surface electrodes. All
electrode-to-scalp impedances were reduced to less than 10
kΩ using electrically conductive gel and real-time electrode
impedance measurements provided by the Acquire software.
Any eye-blink artifacts were removed by visual inspection. What remained was 31 EMG-free trials, 19 fronatliscontaminated trials, and 12 fronto-tempo-contaminated trials
(62 total trials). We also applied spatial ﬁltering to EEG to
improve the signal-to-noise ratio (SNR) as described in the
next subsection.
D. Spatial Filtering
Using NeuroScan Edit 4.3.1, a common average reference
(CAR) was performed on all 64 electrodes in order to
produce a “reference-free” version of the EEG data. CAR
was chosen base on its superior SNR characteristics as
reported in a study performed by McFarland et al., which
compared several spatial ﬁltering techniques for improving
the SNR of EEG signals for BCI use and concluded that the
CAR had the best SNR [16]. In the calculation of the CAR,
the average value of all 64 electrodes is subtracted from the
channel of interest for each sample of data. Speciﬁcally, the
formula for CAR was:
ViCAR = ViER −

64

1  ER
V
64 j=1 j

(1)

where Vi ER is the potential between the ith electrode and the
reference electrode. The effect of the CAR spatial ﬁlter was
that any noise common to all the electrodes was removed
from the EEG data.
III. EMG A RTIFACT D ETECTION
The following algorithm for EMG detection were largely
based on the ﬁndings by Goncharova, et al. on the characteristics of frontalis and temporalis muscle EMG signals as
measured through EEG recording equipment [14].
A. Frontalis and Temporalis EMG Characteristics
Spectrally, the frontalis muscle (which moves the eyebrows) exhibit maximum EMG activity from 16–38 Hz and
the temporalis muscles (which are contracted when teeth
are clenched) have maximum EMG activity from 13–34
Hz. However, both frontalis and temporalis muscles also
have secondary peaks between 45–70 Hz. The 45–70 Hz
frequency band is more suitable for EMG detection because
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Fig. 2. If AF7 showed 45–70 Hz bandpower exceeding the detection
threshold for a particular trial, then ﬁve adjacent electrodes (shaded circles)
are further examined.

Fig. 1. The shaded circles are the locations of AF7 and AF8 (affected
most by frontalis muscle activity) and FT7 and FT8 (affected most by
temporalis muscle activity) on the 64-electrode International 10-20 EEG
electrode placement standard used in this study [17].

in this range, EEG signal amplitudes are much smaller
compared to the EEG signal amplitudes between 13–38 Hz.
Therefore, peaks that occur between 45–70 Hz will most
likely be from EMG activity.
Spatially, electrodes AF7 and AF8 are most affected by
the frontalis muscle and electrodes FT7 and FT8 are most
affected by the temporalis muscles (Fig.1). We will refer to
AF7, AF8, FT7, and FT8 as the “primary” electrodes. Also,
when the electrodes adjacent to the primary electrodes are
affected by EMG, they reﬂect similar spectral characteristics
with only slightly diminished amplitudes.
B. Detection Methods
At the primary electrodes, the 45–70 Hz frequency band
power was computed in each trial and analyzed for abnormally high amplitudes. Scalp muscle EMG exhibits peaks in
this frequency band, but EEG signals do not.
The power was calculated using the formula:
70N

P ower45−70Hz

fs
1 
= 2
(|X(k)|2 + |X(N − k)|2 ) (2)
N
45N

k=

fs

where N is the total number of samples in the time interval
of interest and X(k) is the kth Discrete Fourier Transform
coefﬁcient, and fs is the sampling frequency.
Next, for each electrode, we calculated mean plus one
standard deviation of the 45–70 Hz bandpower from EMGfree baseline trials and deﬁned this as the “detection threshold” (The selection of this threshold will be explained in the
following section). For each trial, if the 45–70 Hz band power
for a primary electrode exceeded the detection threshold,
then we examined ﬁve electrodes overlaying the muscles of
interest and adjacent to that primary electrode. Goncharova,
et al. reported that frontalis and temporalis EMG activity

should affect the region around the primary electrodes, so the
electrodes adjacent to the primary electrodes were analyzed
to afﬁrm the existence of EMG activity and prevent false
detections. The adjacent electrodes for AF7 were FP1, AF3,
F3, F5, and F7. The adjacent electrodes for FT7 were F7,
F9, FT9, FC5, and T7. Similarly, the adjacent electrodes
for AF8 were FP2, AF4, F4, F6, and F8. And the adjacent
electrodes for FT8 were F8, F10, FT10, FC6, and T8. We
examined the adjacent electrodes to see how many of them
also had 45–70 Hz power values from the same trial that
exceeded the detection threshold. Finally, if three of the
ﬁve adjacent electrodes had power values that exceeded the
detection threshold, then the trial was suspected of containing
EMG artifacts. The reason for selecting three electrodes as
the “decisive number” is explained in the following section.
For example, if during trial number 4, electrode AF7 had
45–70 Hz band power greater than the detection threshold,
then data at electrodes FP1, AF3, F3, F5, and F7, (Fig. 2)
from the same trial was also analyzed. If three of these ﬁve
electrodes also exhibited power values for the suspected trial
that exceeded the detection threshold for each respective
electrode, then trial number 4 was identiﬁed to have had
EMG contamination.
C. Parameter Selection
There are two variable parameters in our detection scheme:
the decisive number and the detection threshold.
Mean plus one standard deviation was selected as the
detection threshold as determined using the 31 EMG-free
trials. Rejecting trials outside this threshold was expected to
preserve approximately 80% of EMG-free data and rejected
approximately 80% of frontalis contaminated data, and more
than 90% of fronto-tempo-contaminated data. These observations were made from Fig. 3, which shows a histogram
of 45–70 Hz bandpower during rest, frontalis activation,
and frontalis and temporalis activation for the FZ electrode.
The FZ electrode was analyzed for the threshold selection
because of its central location between the primary electrodes
that were analyzed for EMG activity.
To select the decisive number, the detection methods were
applied to the 62 total trials (31 EMG-free, 19 frontaliscontaminated, and 12 fronto-tempo-contaminated) using 0–
5 neighboring electrodes and detection thresholds computed
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Fig. 3. This histogram shows the distributions of 45–70 Hz band power
from all the trials of EMG-free EEG (white), frontalis-contaminated EEG
(gray), and frontalis and temporalis-contaminated EEG (black). The mean
and standard deviation were computed only from the EMG-free trials. We
can see that only 20% of the EMG-free data lies beyond the mean plus
one standard deviation, but 80% of frontalis-contaminated data and 90% of
fronto-tempo-contaminated data lies beyond this threshold.

from the 31 EMG-free trials. The goal was to select a
decisive number that maximized the detection scheme’s
correct identiﬁcation of EMG-contaminated trials (hits) and
minimizes the incorrect identiﬁcation of EMG-free trials as
contaminated data (misses). We found that, independent of
the decisive number used, 79% (15 of 19) of the frontaliscontaminated trials and 100% (12 of 12) of the fronto-tempocontaminated trials were correctly identiﬁed. However, when
the decisive number was 0, 1, 2, or 3, 16.1% (6 of 31) of the
EMG-free trials were incorrectly identiﬁed as contaminated
data. The number of misses decreased to 12.9% when the
decisive number was set to 3, 4, or 5. Therefore, to minimize
the number of misses, we selected 3 as the decisive number.
IV. D ETECTION ACCURACY
The proposed EMG detection scheme was designed using
a subject’s baseline, EMG-free data. However, in the case
that such data is not available, we characterized the effect
of EMG-contamination levels on the detection accuracy of
our scheme. To do so, we computed the detection threshold
using means and standard deviations from data that was 10,
20, 30, 40, and 50% contaminated by trials consisting of
frontalis EMG and fronto-tempo EMG.
The detection threshold was computed 10 times from 30
EMG-free trials and a number of randomly selected contaminated trials. The number of contaminated trials was varied to
achieve 10, 20, 30, 40, and 50% contamination levels. Then
the mean of the 10 detection thresholds was used to classify
all 62 trials (31 EMG-free, 19 frontalis-contaminated, and

Fig. 4. To characterize the effect of contamination on the detection accuracy
of our scheme when EMG-free baseline data was not available, we computed
means and standard deviations assuming 10, 20, 30, 40, and 50% of the trials
in a dataset were contaminated. The black bar shows the percent of EMGfree trials mistakenly identiﬁed to be EMG-contaminated, the gray bars
represent the percentage of frontalis-contaminated trials correctly identiﬁed,
and the light-gray bars represent the percentage of correctly identiﬁed
fronto-tempo-contaminated trials.

12 fronto-tempo-contaminated). The results are shown in
Fig. 4. At 10% contamination, 100% (12 of 12) detection
of fronto-tempo contamination was observed, but frontalisEMG detection was only 58% (11 of 19). For 20% or more
EMG-contamination, the detection accuracy of frontaliscontaminated trials was between 25–35% and 35–50% for
fronto-tempo-contaminated trials.
V. D ISCUSSION
Using the subject’s baseline data, our detection scheme accurately identiﬁed 79% of frontalis-contaminated data, which
was comparable to what was expected from the threshold we
selected based on the histograms in Fig. 3. We expected to
reject about 90% of fronto-tempo-contaminated trials, but
instead exceeded expectations and rejected 100% of them.
We also expected to incorrectly identify 20% of the EMGfree data as contaminated data. The improvements are due to
the analysis of adjacent electrodes in addition to the primary
ones, we falsely detected only 12% of the EMG-free trials.
In the case where the subject’s baseline data was not
available, our detection scheme did not mistake EMG-free
data for contaminated data, but detection accuracy was fairly
robust against 10% EMG contamination. At levels of 20%
and higher, however, detection accuracy was approximately
halved.
These results are not directly comparable with those
reported in literature since these were preliminary results
based on data from a single subject, but further work would
allow for comparisons to be made.
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It is worthwhile to note that our detection scheme is
compatible with real-time EEG analysis applications, such
as brain-computer interfaces (BCIs). The critical calculations
in this scheme were computable by fast-fourier transform
algorithms that can be performed in real time by current
computer hardware. Also, the adjustable parameters for this
method (the decisive number and the detection threshold)
were determined based solely on baseline EEG data, which
can be obtained an experiment and used during real-time
analysis.
VI. C ONCLUSION
The proposed EMG detection scheme used baseline
EEG data to correctly identify 100% of fronto-tempo
EMG-contaminated EEG trials, 79% of frontalis EMGcontaminated EEG trials, and falsely identiﬁed 12% of EMGfree trials as contaminated data. This performance exceeded
the design expectations and was achieved without dedicated
EMG recordings or prior knowledge of the frequency characteristics of the real-life EMG-contaminated data.
Future Work
Futher study on this topic would ﬁrst entail an expansion
of the detection performance of these methods to include
more subjects and develop comparisons with results reported
in the literature.
Also, tailoring this method and evaluating its performance
during real-time EMG detection will be valuable toward realtime applications in EEG research such as BCIs and ictal
detection.
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