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Abstract—Automated walking intention detection remains a
challenge in lower-limb neuroprosthetic systems. Here, we
assess the feasibility of extracting motor intent from scalp
electroencephalography (EEG). First, we evaluated the
corticomuscular coherence between central EEG electrodes
(C1, Cz, C2) and muscles of the shank and thigh during
walking on level ground and stairs. Second, we trained
decoders to predict the linear envelope of the surface
electromyogram (EMG). We observed significant EEG-led
corticomuscular coupling between electrodes and sEMG
(tibialis anterior) in the high delta (3 -4 Hz) and low theta (4-5
Hz) frequency bands during level walking, indicating efferent
signaling from the cortex to peripheral motor neurons. The
coherence was increased between EEG and vastus lateralis and
tibialis anterior in the delta band (< 2 Hz) during stair ascent,
indicating a task specific modulation in corticomuscular
coupling. However, EMG was the leading signal for biceps
femoris and gastrocnemius coherence during stair ascent,
possibly representing afferent feedback loops from periphery to
the motor cortex. Decoder validation showed that EEG signals
contained information about the sEMG patterns during over
ground walking, however, the accuracy of the predicted sEMG
patterns decreased during the stair condition. Overall, these
initial findings support the feasibility of integrating sEMG and
EEG into a hybrid decoder for volitional control of lower limb
neuroprostheses.
I.

INTRODUCTION

Active assisted or assist-as-needed control strategies in
rehabilitation robotics and neuroprotheses have been shown
to enhance therapeutic outcomes [1]. In this control scheme,
the powered wearable robots constantly estimate voluntary
motor commands or motor intent from the users to control the
device. Detection of human motor intent is achieved through
human-machine physical interaction using motion and force
sensors. However, this approach is not effective due to the
time delay between the users’ intention estimation and the
robotic system’s reaction. An alternative approach is nonphysical interaction, which use muscle activities and brain
activities to detect users’ intent.
Myoelectric (EMG)-based assistance has proven to be
effective for joint-oriented control of lower-limb
exoskeletons and prosthetic devices during over ground
walking [2-5]. However, there are some drawbacks to this
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approach, such as the interference of neighboring muscle
signals on EMG recording, motion, and changing skin
properties (e.g., sweat on skin), or limited residual muscle
mass, such as after amputation.
Recent studies have shown that continuous lower limb
kinematics can be decoded from noninvasive scalp EEG in
both offline and real-time applications [6-8]. Similarly, the
feasibility of detecting discrete users’ intent from EEG
signals has also been demonstrated [9, 10]. However, with
the exception of [6], decoding of lower limb surface EMG
patterns from cortical activity has not been demonstrated.
Moreover, no studies have explored the feasibility of
combined EEG and EMG control for continuous and discrete
state detection during complex walking tasks.
Neurological signals provide a viable way to discern
intent during feedback and feed-forward motor control tasks
such lower limb movements during complex gait tasks. In
this study, we seek to understand the time and frequency
relationship between cortical and peripheral signaling during
gait through simultaneous EEG and EMG recordings. We
hypothesize that the EMG activations of lower limb muscles
are preceded by low frequency modulations in the motor
cortex during walking on various terrains. Additionally, we
propose that low frequency EEG can be used to predict the
EMG activation patterns of lower limb muscles during
continuous walking, further demonstrating the feasibility of a
hybrid EEG-EMG NMI architecture.
II. METHODS
A. Experimental Setup
IRB approval was obtained from the University of North
Carolina at Chapel Hill and the University of Houston. One
thirty-one year old able-bodied male subject was enrolled in
this feasibility study. EEG data were recorded wirelessly at
1000 Hz from 64-channels using active Ag/AgCl electrodes
across the whole scalp (positioned according to a modified
10-20 international system) (BrainAmp DC, Brain Products,
GmbH, Morrisville, NC). Channels FT9 and FT10 were then
moved to the 10/20 locations for ground and reference to
obtain information at the locations AFz and FCz,
respectively. Channels TP9, PO9, PO10, and TP10, were
removed from the cap and utilized for electrooculography
(EOG) to measure eye-movement related artifacts during the
experiments. Electrode impedance was maintained below 15
kΩ.
Twelve surface EMG electrodes (Motion Lab Systems,
Baton Rouge, LA, USA) were mounted bilaterally on rectus
femoris (RF), vastus lateralis (VL), semitendinosus (SEM),
biceps femoris (BF), medial gastrocnemius (GA), and tibialis
anterior (TA) muscles, and placed relative to anatomical
landmarks [11]. The signals were referenced to the iliac crest

Figure 1. Filtered (blue) and raw (grey) EEG and EMG during stair ascent

and sampled at 1000 Hz. Heel strike (HS) and toe off (TO)
gait events were captu red at 100 Hz using insole pressure
sensors (Pedar-X, Novel Electronics Inc., GmbH, Germany).
All data recordings were time synchronized and all trials
were video recorded.
B. Experimental Procedure
The subject was asked to walk a straight section of level
ground followed by (26ft) ascent up an 8-step staircase (13.4
cm step height). One trial consisted of four instances of level
walking followed by stair ascent.
C. Signal Processing
The EEG signals were cleaned using Artifact Subspace
Reconstruction (ASR) [12], [9] then band-pass filtered
th
between 0.1 and 6 Hz using a 4 order zero-phase
Butterworth filter. The EMG signals were high-pass filtered
at 30 Hz, low-pass filtered at 300 Hz, then low pass filtered at
rd
6 Hz to extract the linear envelope (all were 3 order zerophase Butterworth filters). The EEG and EMG were
resampled to 100 Hz, which included an FIR low-pass filter
to prevent aliasing. Figure 1 shows an example of the
processed EEG and EMG during the stair ascent condition.
The insole foot pressure sensors were used to segment the
gait cycles into left HS, left TO, right HS, and right TO. The
gait cycles were labeled by terrain and the time indices were
utilized to segment the EEG and EMG data into time-locked
epochs.
1) EEG-EMG wavelet coherence
The relationship in time-frequency space between EEG
and EMG was estimated using wavelet coherence methods
[13]. The Crosswavelet and Wavelet Coherence package
(http://noc.ac.uk/using-science/crosswavelet-waveletcoherence) was used to compute wavelet coherence (WTC)
between selected EEG channels (C1, Cz, C2) in the motor
cortex and EMG activation patterns from muscles of the right
leg (VL, BF, TA and GA) that act as primary flexors and
extensors of the ankle and knee joints during human
locomotion. The Morlet wavelet was selected as the mother

wavelet and default parameters were set as one octave for 10
scales [13]. The localized coherence significance was
evaluated using a Monte Carlo analysis with 100 iterations.
The WTC was computed for the full trial prior to
segmentation by gait cycle. The sections of level walking
and stair walking were isolated from each trial and further
segmented into gait cycle epochs. The ensemble average of
coherence was computed to estimate corticomuscular
coupling during the gait cycle. Each gait cycle epoch was
determined from the insole foot pressure measurements and
was as the time period from right heel strike to the following
right heel strike.
2) Unscented Kalman Filter Decoding
The nonlinear relationship between cortical activity and
muscle activations poses a significant challenge for
traditional decoding schemes. Linear decoders such as
Wiener and Kalman filters are commonly used for BMIs [1416] but may not be sufficient for capturing the complex
relationship between brain and muscle signaling during
dynamic over ground walking. The unscented Kalman filter
(UKF) was developed to improve performance in the context
of nonlinear estimation, and has been shown to be effective
for real-time BMI applications [7, 15]. Previous studies have
outlined the details of the UKF extensively [7, 15].
The EEG signals and EMG envelope were segmented
from each of the trials to isolate level ground and stair
walking. The data from each neural source and walking
condition were concatenated to construct a single matrix for
each terrain. The EEG data from the past (50 – 60 ms), lags
= 5, were used to predict the EMG envelope in each
condition. To quantify the performance of the UKF, we
computed the Pearson’s correlation coefficient (r-value)
across 10-fold cross validation. In the cross-validation
procedure, the EEG and EMG envelope were divided equally
into 10 segments. Nine segments of data were used to train
the UKF and the remaining segment was used as testing data.

III. RESULTS
A. EEG and EMG wavelet coherence analysis
Figure 2 shows the time frequency evolution of wavelet
coherence between the three EEG channels (C1, Cz, C2) and
the four right leg muscles (VL, BF, TA and GA) during
ground level walking and stair ascent gait cycles. In addition
to time-frequency coherence, we can discern the time- phase
direction (black angled arrows) and significance levels
against Brownian noise (shown as black contour lines). Phase
direction is shown by the orientation of arrows such that
arrows pointing directly to the right represents perfectly in
phase relationship while arrows pointing straight left
indicates a completely out of phase relationship. A straight
downward arrow indicates that EEG is leading EMG with a
phase angle of 90o whereas a straight upward arrow shows

band (< 4 Hz, < 2 Hz for TA). During stair ascent gait cycles,
significantly increased coherences were observed for all EEG
channels and leg muscles (see figure 2B) indicating a task
specific
modulation
in
corticomuscular
coupling.
Specifically, EEG-led coherence was noticeably increased for
VL in the delta band (0.1-4 Hz). Positive phase angles of the
coherences indicate that slow cortical oscillations may also
contain neural information regarding the general activation
pattern of the lower limbs during human locomotion at
different terrains. EEG-led coherence remained in the TA,
but was mostly in very low delta, around 1 Hz. A significant
increase in EMG-led coherence was observed in the BF (1-2
Hz), TA (~ 4 Hz), and GA (~3 Hz) muscles during stair
ascent, possibly representing afferent feedback loops from
periphery to the motor cortex.
B. UKF Decoding Results
Figure 3 shows the Pearson correlation coefficient (rvalue) between the predicted (UKF) and measured EMG
activation patterns during level walking and stair ascent. The
best performance was found in decoding TA during over
ground walking (r = 0.58) with the gastrocnemius having the
second highest accuracy (r = 0.57). Overall, the average
performance across 10-fold cross-validation for each muscle
group was VL: 0.38 ± 0.07, TA: 0.49 ± 0.07, BF: 0.44 ± 0.09,
and GA: 0.46 ± 0.06. During stair ascent, the UKF the GA
had the highest accuracy (r = 0.42), followed closely by the
BF (r = 0.38) and VL (r = 0.38). The average overall
performance across 10-fold cross-validation during stair
ascent was VL: 0.16 ± 0.08, TA: 0.05 ± 0.12; BF: 0.20 ±
0.11; GA: 0.19 ± 0.14). The results are noticeably lower
during stair ascent, with the TA going from the highest
accuracy during over ground walking to the lowest accuracy

Figure 3. Pearson correlation (r-value) between predicted (UKF) and
measured muscle activations on each condition.

during stair ascent.
Figure 2. Pearson correlation (r-value) between predicted (UKF) and
measured muscle activations on each condition.

the EMG is leading EEG with a phase angle of 90o.
Low (0.1) to moderate (0.5) coherences were observed
between cortical activity and right leg muscle activation
patterns during ground walking gait cycles (figure 2A). Phase
angles indicated that EEG is leading the TA activation
patterns at high delta (3 -4 Hz) and low theta oscillations (4-5
Hz). Coherences for VL, GA, and TA muscles, on the other
hand, showed that EMG is the leading signal in the delta

Overall, these correlation values are comparable to
previous studies on the decoding of lower limb kinematics
(hip, knee, and ankle) during steady-state treadmill walking
[7]. The results of the high TA decoding accuracies during
over ground walking are corroborated by the coherence
results, which revealed that the TA activations are led by
EEG in the 4-6 Hz range. The noticeably lower decoding
accuracies during stair ascent are reflected in the coherence
analysis, which shows that EMG activations lead EEG the
majority of the time. The exception is the VL, which is led
by EEG by approximately 90°. The decoding results do not

appear to be affected by the leading EEG, which may be
explained by the lack of statistical significance.
One possible explanation for the obtained correlation
values during stair walking is difficulty in making predictions
due to the non-linear dynamics of the experimental walking
conditions. There are three notable challenges faced in this
study. First, the walking speed was self-selected, thus the
velocity was not constant, unlike walking on a treadmill at a
single speed. Second, the terrain changes very rapidly and
dramatically. The muscle activation profiles distinctly shift
during stair walking versus level walking, and since the
subject transitions to and from the conditions without
stopping, the kinematics and muscle activations are likely
also changing with time, especially at the transitions of each
terrain. Lastly, the subject completed twenty trials for each
condition, which may not be sufficient for accurate training
of the UKF. More trials may be required to improve due to
the variability within and between trials.
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IV. CONCLUSIONS
In general, our coherence results extend previous studies
by showing that, in addition to upper extremity tasks, which
require fine motor control of hand muscles, corticomuscular
coherence is also present during human locomotion. Our
findings represent the involvement of the sensorimotor cortex
in functional movements and lower limb muscle control for
both muscle activation and afferent feedback signaling. We
also showed task specific (level ground walking vs stair
ascent) shifts in corticomuscular coupling from ankle flexors
to knee flexor\extensors. Future NMI studies should develop
decoding algorithms that consider task and muscle (TA vs
GA) specific modulations in corticomuscular coupling. Low
frequency EEG features showed high coherence with the
EMG activation patterns and can be integrated to EMG based
NMI algorithms to improve muscle activation pattern
decoding and early detection of movement intentions and
task transitions during locomotion.
Future work should consider two possibilities when
predicting the EMG envelope from EEG. First, the timing of
the information encoding the activation may be encoded at
specific times prior to the movement. Second, more work
needs to be completed to evaluate the roles of efferent vs
afferent signaling in corticomuscular coupling, which may
become more apparent as the other areas of the cortex are
explored.
The complex nature of dynamic walking leads to the idea
that ambulation is driven by a combination of feed-forward
and feedback signaling, simultaneously combining internal
models and sensory feedback [17, 18]. Thus, the ideal NMI
would utilize signaling from both the central and peripheral
nervous systems to incorporate both feedback and feedforward information. A hybrid EEG-EMG NMI is a viable
way to interpret movement intent through amplitude and
frequency modulated central and peripheral nervous
signaling.
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