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ABSTRACT In this paper, three easily implemented hardware algorithms, including the adaptive prediction
error filter based on the Gram-Schmidt algorithm (GS-APEF), the least mean square adaptive filter and
the comb filter, are extensively investigated for artifact denoising on a constructed semi-simulated database
with varied ten-fold frequency stimulation. By implementing the GS-APEF in the field-programmable gate
array (FPGA) and using the edge noise mitigating technique, a stimulation artifact denoising system is
designed to realize real-time stimulation artifact removal under varied ten-fold frequency functional electrical
stimulation. Good performance of the artifact denoising is demonstrated in proof-of-concept experiments on
able-bodied subjects with a mean correlation coefficient between the root mean square profile of denoised
surface electromyography and volitional force of 0.94, verifying the validity of the proposed prototype.

INDEX TERMS Functional electrical stimulation (FES), stimulus artifact removal (SAR), surface elec-

tromyography (SEMG), adaptive filter, field-programmable gate array (FPGA).

I. INTRODUCTION

Closed-loop neuromodulation improves open-loop therapeu-
tic electrical stimulation by delivering and adjusting stimu-
lation parameters in response to a patient’s neural state [1].
Since Liberson invented the first noninvasive functional elec-
trical stimulation (FES) system for the heel drop correc-
tion of hemiplegic patients [2], FES has been used as a
neuro-rehabilitation method for motor function in paralyzed
patients following stroke and spinal cord injury (SCI) [3],
and there is evidence that closed-loop FES with volun-
tary recipient involvement is vital for the success of ther-
apy [4], [5]. Therefore, electromyography (EMG) has been
used for designing proportional or autogenic EMG-controlled
FES systems [6]-[9]. Recording volitional EMG (VEMG)
from the stimulated muscle can provide non-invasive, more
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natural, and more physiologically appropriate continuous
control of paretic muscles.

The stimulation response typically consists of a short,
high-amplitude spike (direct artifact) followed by a slow,
exponential decay (indirect artifact or residual artifact). The
artifact mitigation methods for the neural signal modulation
system have been reviewed by Zhou et al. [10]. In sur-
face EMG (sEMG) controlled FES, the stimulation generates
larger voltage electrical pulses (in the range of 0~90 V) than
common neural stimulation. As a result, the direct artifact
may be many orders of magnitude larger than the underlying
EMG. Therefore, the main challenge in VEMG recording
during FES is that high voltage stimulation pulses generate
immense amplitude interference accompanied with broad-
band spectrum distribution mixing with EMG [11]-[13].
In addition, the large amplitude stimulation pulses cause the
recording amplifier to saturate rapidly and cannot be fully
recovered during the interval [14]. The residual artifact is
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also called the muscle response wave (M-wave), which is the
composite of action potential signals owing to the simultane-
ous activation of many motor units (MUs) during electrically
elicited contractions [14].

Some scientists have proposed various advanced algo-
rithms to mitigate the stimulus artifact in surface EMG
applications. These methods can be classified into four cat-
egories: (1) Blanking approaches: also called the blank win-
dow method, these methods are realized by disconnecting
the input of the detecting circuit when electrical stimulation
is performed or fulfilled by software way [14]. It is easy
to implement the real time removal of simulation artifacts
and prevent amplifier saturation. However, the EMG sig-
nal cannot be detected during the blanking time, and the
long-term artifact can be only cancelled by extending the
blanking time. This results in the reduction of the stimu-
lation frequency (usually less than 20 Hz), loss of EMG
signal and discontinuity of stimulation, and leads to strength
limitation and discontinuity in the stimulated muscle [15].
In addition, the stimulation spike and M-wave are not likely
to be completely separated. If the stimulation frequency is
increased, the tail of the previous M-wave will be superim-
posed on the beginning of the next one, resulting in transients
and distortion of the recorded signal [16]. (2) Subtractive
approaches: the artifact templates are subtracted from the
waveform to reveal the underlying signal. These methods
were first introduced as offline techniques [17]-[19], and
have been implemented in real-time software [20] and hard-
ware [21]. In addition, the templates are mainly generated
from the average artifacts [17]-[21]. (3) Filtering approaches:
Fixed comb filters have been applied to remove M-waves
under the assumption of stationary artifacts [22], [23]. Sen-
nels [14] first proposed an adaptive filter based on least mean
square (LMS) combined with blanking circuit for stimulus
artifact removal (SAR) under a fixed-frequency stimulation.
Qiu er al. designed an adaptive-matched filter via genetic
algorithm (GA-AMF) [24], which can effectively extract
EMG from the stimulated muscle and adjacent muscles.
(4) Decomposition approaches: These techniques use high
computational complexity algorithms, such as independent
component analysis [25], wavelet [26], and empirical mode
decomposition (EMD) [13], to decompose the mixed signal
into uncorrelated elements. After the recognition and discard-
ing of artifact-dominated components, the EMG signal can be
reconstructed.

Recently, Li et al. proposed a stimulation artifact suppres-
sion algorithm combining the blanking and template sub-
traction approaches [12]. Spike detection and the first-order
derivative analysis algorithm can adaptively calculate the
blanking window length, and an autoregressive model is
adopted to predict the subtracting template of the arti-
fact under different stimulation intensities. Subsequently,
Zhou et al. proposed an algorithm integrating the complete
ensemble EMD with a logistic regression to realize VEMG
extraction during the FES with time variant amplitudes
and frequencies [27]. This is because in addition to the
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stimulation intensity, the frequency modulation can also
play an important role in the stimulation strategy for force
control and fatigue resistance [28], [29]. However, this
decomposition-based technique requires high computational
costs and time-consuming processing and is not suitable
for real-time denoising applications. The main challenge in
the closed-loop EMG controlled FES system design is the
adaptive vVEMG recording algorithm under the specific need
for stimulations with time-variant parameters and implemen-
tation in the hardware with perfect real-time performance.
The only real-time and effective removal of M-waves in the
surface EMG extraction during FES is the adaptive prediction
error filter based on the Gram-Schmidt algorithm (GS-APEF)
with the use of blanking circuits [9], [30], [31]. However,
this approach only has been verified under fixed frequency
stimulation after it is implemented in a field-programmable
gate array (FPGA) due to the corresponding filter coefficient.
Therefore, stimulation of 20 Hz was taken as an example
in the above references. In fact, the stimulation frequency
range commonly used in clinical research is 20 ~ 50 Hz,
and the artifact removal performance using the GS-APEF
algorithm with varied frequency stimulation has not been
studied. In addition, considering the blanking technique lim-
its the increase in stimulation frequency, research without the
blanking method will be undertaken first.

In this paper, we mainly focus from the perspective of
real-time artifact removal under varied frequency stimulation
using an easily implemented hardware algorithm. For the
workflow in our work, first, a detailed explanation of the GS
algorithm showing denoising performance for the ten-fold
frequency stimulation is presented. Then, three easily imple-
mented algorithms (GS-APEF, LMS, and Comb filter) com-
paring artifact denoising performances on the constructed
semi-simulated database with varied ten-fold frequency stim-
ulation are investigated. Based on the FPGA implementa-
tion of the GS-APEF and the edge noise mitigating module,
a stimulation artifact denoising system is proposed to realize
real-time stimulus artifact removal under ten-fold varied fre-
quency stimulation. Its performance using real experimental
FES application on able-bodied subjects is tested.

Il. METHODS

A. SUBJECTS

Six  healthy subjects (five males, one female,
27.67£2.94 years, 72.17£7.86 kg) participated in the study.
The subjects were asked to refrain from any strenuous exer-
cise of the upper extremities for at least 24 hours before
the study. They provided written informed consent before
participation, and this study was approved by the ethical
committee of Southeast University.

B. DATA COLLECTION SETUP

The subject was seated upright with their right hand placed
at the experimental desk. The stimulation pulses were gener-
ated by the isolated constant current stimulator (model 4100,
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FIGURE 1. Photograph of the attachment configuration of the detection
and stimulation electrodes for collecting EMG data.

A-M Systems, WA). The EMG recording system (Bagnoli ™,
Delsys Inc., Natick, MA) with band-pass filtering from 20 to
500 Hz and amplification with a gain of 1000 was used to
detect the EMG. As illustrated in Fig. 1, one bipolar sur-
face Ag/AgCl electrode was placed on the detection sites,
and the gelled stimulation electrodes (4 x 4 cmz) of one
channel were fixed on the extensor carpal ulnar (ECU) of
the right upper extremity with the distance of 5 cm. EMG
signal data were converted using a 12-bit analog-to-digital
NI USB-6009 data acquisition board (National Instruments
Corp., Austin, Texas) at a sample rate of 1 kHz and recorded
by a custom-designed LabView 2011 subprogram.

C. ANALYSIS OF GS-APEF DENOISING ARTIFACTS UNDER
DIFFERENTIAL FREQUENCY STIMULATION

The principle of the M-order GS-APEF filter has been
described in detail by Yeom et al [30], [31]. The input sig-
nal of N-length is equally divided into (M + 1) segments,
where each segment includes L = N/(M + 1) indicating
the length of data. Fig. 2 illustrates the signal flow of 3rd-
order GS algorithm. The input data is divided into (3+1)
segments, and can be denoted by an L-length vector {( X;,
0 < i < M}. The filter weight w?" is obtained by orthogonal
calculation of the GS algorithm. The output of each stage is
the product of the estimated vector minus the reference vector
and the weight. Each iteration output will reduce an L-length
vector, and finally give the vector of unit length. The iterative
calculation formula of the GS algorithm can be expressed as
follows [30], [31]:

2 =
g =x, i=01,....M (D)
T Tm
m S CMom
Wl_—z’
gm
M—m

m=0,1,...., M—1;i=0,1,..M —m—1 (2)

8m+1 _ (?n_wm‘gm
i - % i M—m>

m=0,1,.... M—1;i=0,1,..M—m—1 (3)

The superscript m represents the m™-level operation in
Fig. 2, and the subscript i represents the specific order in each
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FIGURE 2. The signal flow of the 3rd-order GS algorithm (adapted
from[3]),

level of (Eeration. Finally, the output of the GS-APEEF filter
isy = &y’ » and it is the extracted EMG signal.

In the practical realization, L can be set as the ratio of the
data sampling frequency fsample to the stimulation frequency
fstim- The rationale for choosing L can be deduced as the
number of samples between consecutive stimulation pulses.
However, once the GS-APEF filter is implemented in the
FPGA, the parameter L and order M should be constant,and
these fixed parameters (L = 50, M = 1, 3, 6) were tested only
for the simulation frequency of 20 Hz [30], [31]. Considering
the design should be simultaneously adapted to the varied fre-
quency stimulation and facilitate hardware implementation,
L should be set as an integer for the filter. Here, the value
of 50 is selected as the data segment length (L = 50 ms) under
the sampling rate fsample Of 1 kHz. In addition, the latency
between the controller and controlee is within 350 ms, which
is adequate for real-time neural prostheses control [32]. Thus
the maximum filter order M is 6 according to the following
equation:

L x (M + 1) < 350ms 4)

We derive that the denoising performance of GS-APEF
with stimulation frequency fyim should meet the following
conditions:

Lxp=lamles _poy (5)
stim

where P and Q are integers, which means that the window
length of P processing segments must equal the length of
the Q cycle stimulus response, so that the filter can adap-
tively find the right template for artifact removal. Other-
wise, the mitigation performance is very poor. Additionally,

the realized filter order M for fytim is M/P, instead of M.
According to Eq. (5), the detailed principle of GS-APEF
denoising artifacts with different stimulation frequencies is
illustrated in Fig. 3. For the 6M-order filter (M = 6) and
the stimulation frequencies of 20 Hz, 40 Hz, 30 Hz, 50 Hz,
25 Hz, 35 Hz, and 45 Hz, the realized filter orders are
M’ =6,6,3,3,1,1 and 1, respectively. For the 31 _order filter
(M = 3), the M’s values are 3, 3, 1 and 1 for fyjm = 20 Hz,
40 Hz, 30 Hz and 50 Hz, respectively. Therefore, the 6%-order
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FIGURE 3. Principle of GS-APEF denoising artifact under different
stimulation frequencies (L = 50, fsmple = 1 kH2).

GS algorithm shows better artifact mitigation capability than
the 3"-order algorithm for these frequencies. Additionally,
the filter cannot remove the artifact noise for the stimulation
frequencies of 25Hz, 35 Hz, and 45 Hz at an order M of 3
because the value of P exceeds M. In addition, the algorithm
cannot be applied to FES with other random frequencies, such
as 23 Hz, 34 Hz and 47 Hz, because it cannot satisfy Eq. (5)
even for the 6M-order filter.

D. PROTOTYPE AND FPGA IMPLEMENTATION

1) PROTOTYPE OVERVIEW

Fig. 4 illustrates the block diagram of the open-loop real-time
stimulus artifact removal (SAR) prototype for surface EMG
processing. The instruments for SEMG detection and FES
stimulation are mentioned in Section 2B. The contaminated
EMG signal is converted to digital data by an analog-to-
digital converter (ADC). Through stimulus artifact removal
using the FPGA implementation of the GS-APEF algorithm,
the filtered EMG signal with edge noise is then generated
by a digital-to-analog converter (DAC) under the control
of FPGA. According to the analysis mentioned above, the
6"-order GS-APEF with fumpe = | kHz and L = 50
is implemented in an AL515 FPGA board (ALINX Inc.,
Shanghai, China), which contains an Altera Cyclone IV
EP4CESF17C8L FPGA. A high-speed AN108 AD/DA board
(ALINX Inc., Shanghai, China) containing an AD9280 and
an AD9708 (Analog Devices, Inc., Norwood, MA) is used
for the digital data acquisition and analog signal generation
in the prototype. In addition, an edge noise mitigating module
implemented in a micro-controller unit (MCU) board is con-
nected with the output of the DAC. It can effectively suppress
the output edge noise at the stimulation start/end and stimula-
tion frequency alternation. When the denoised VEMG data are
obtained, the time-domain features of denoised VEMG can
modulate the varied frequency stimulation. Therefore, this
prototype makes it possible to realize an adaptive closed-loop
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FIGURE 4. Diagram of the open-loop real-time artifact removal prototype
for surface EMG processing during ipsilateral functional electrical

stimulation.
I T T T o T e T A T i
('LI_\?_‘_ - Clockl) | Clock Divider Clock? AD CLK :
L Rst nli Module |
| Module ’ v
} C-;r;ctk.' y DA_CL }
I St n
L Empty
| Clock2 - 1
| Rst n2 UD out \DA_iny }
| ———p] s
X_Signal ADC [ DAC |y Signal
| Request Interface SAR Control Interface -y7(—>
| Request | wjodule 2| Module |
W C‘.[z‘)(‘l.=i u ) Module }
! 5[ C;
Rst }H iy }
) st nl Wiull I
| Reset — |
| Clockl st_n2 I
; CW Module . |
[ — SAR FPGA Implementation_|

FIGURE 5. Representative block diagram of stimulus artifact removal
(SAR) is implemented in FPGA.

EMG-controlled FES system for the continuous control of
ipsilateral paretic muscles.

2) FPGA IMPLEMENTATION
The representative architecture of the proposed real-time
SAR module is shown in Fig. 5. It adopts the top-down design
approach and mainly consists of a phase-locked loop (PLL)
module, a clock divider module, a reset module, a SAR con-
trol module, an ADC interface module, and a DAC interface
module. The input signals include contaminated EMG signal
(X_Signal), external reset signal (Rst_n) and external clock
(CLK, 50 MHz). The main output signal is voluntary sSEMG
signal (Y_Signal) with artifact rejection. The FPGA has a
high-performance clock management unit and rich clock tree
routing resources. In order to reduce clock skew and ensure
smooth layout, the PLL module is used to generate a clock
signal (Clockl, 150 MHz) and Clock?2 is set to 3 kHz for the
ADC and DAC interfaces.

The SAR control module performs artifact mitigation to
obtain the digital vVEMG signal, which means the whole GS
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algorithm is implemented in this submodule. The schematic
of the 1%*-order GS-APEF implementation on FPGA is pre-
sented by Yeom [30, 31], and it includes two multiplications.
However, according to Fig. 2 and Eq. (1)-(3), the 6™ -order
GS-APEF algorithm actually performs 21 elementary pro-
cessing units (42 multiplications in total) within multiple iter-
ations on 7 equal-length vectors. In addition, the GS-APEF
has a large number of vectors processed at one time, and the
amount of data in the intermediate operation results is also
large. For the FPGA where multiplier resources are inher-
ently limited, this method is challenging for simultaneous
processing of multiple channels. Therefore, there are archi-
tectural tradeoffs between high mitigation performance, low
resource utilization, low start-up latency, and multi-channel
processing.

Here, the architecture with core processing unit reuse
method is presented to solve this trade-off. The suitable
iterative structure, asynchronous first-in-first-output (FIFO),
built-in multiport random access memory (RAM), and finite
state machine optimization are all incorporated in the SAR
module design. There is only one elementary processing unit
implemented in the FPGA for one-channel processing. The
core processing unit will perform multiple iterations on the
seven equal-length vectors to obtain 50 discrete VEMG data
sets. Then, the calculation result is stored in the post-stage
asynchronous FIFO under the slow driving clock (Clock2).
Finally, the DAC interface module is used to convert the
digital signal into an analog signal.

3) EDGE NOISE MITIGATION

Finally, in order to suppress the output edge noise at the
stimulation start/end and stimulation frequency alternation, a
post-processing of output filtered VEMG data using threshold
comparison method is added to generate the final denoised
VEMG data. When the filtered VEMG data output from
GS-APEF exceeds the threshold, the final denoised data in
a subsequent short time window will be kept at zero to
mitigate the interference of the output edge noise caused by
the GS-APEF algorithm.

E. SIMULATION AND EXPERIMENTAL TEST PROCEDURE
1) GS-APEF DENOISING ARTIFACT WITH DIFFERENT
STIMULATION FREQUENCIES

In order to validate the denoising artifact performance of
the GS-APEF algorithm based on our analysis described
in Section IIC, a test with different stimulation frequencies
is carried out, and the pure stimulation response data are
recorded under the condition of the subject staying fully
relaxed during stimulation, without variations resulting from
volitional force exertion. The stimulation frequency fyim is
selected as 20 Hz, 40 Hz, 30 Hz, 50 Hz, 25 Hz, 35 Hz, and
45 Hz. Three random frequencies including 23 Hz, 34 Hz
and 47 Hz, are also investigated in the test. In addition, given
that an unbalanced pattern can lead to a transient artifact with
a lasting exponential decay [10], monopolar negative stimu-
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FIGURE 6. The constitution of one-second-time semi-simulated data.

lation pulses with constant 400 us pulse width are adopted,
and the amplitude is 10 mA with 100 continuous stimulation
pulses. The duration of one stimulation frequency test is
about 6 s.

2) SIMULATION TEST OF DENOISING ARTIFACT WITH
VARIED STIMULATION FREQUENCIES

The semi-simulated data are constructed to access the
GS-APEF algorithm and compared with other two filters,
including comb filter [22], [23] and LMS adaptive filter
(LMS-AF) [14]. These two filters are classical algorithms
and can be implemented in hardware for real-time SAR.
The parameters of GS and LMS are all set with L = 50
and M = 6, and the comb filter is selected as 20Hz for
the comparison. The semi-simulated data are built upon two
databases: the stimulation response database and pure EMG
database. The pure stimulation response data are recorded
similarly with the method mentioned above, except that the
stimulation frequency fim varies from 20 Hz to 50 Hz with
a step size of 10 Hz, and the amplitude varies from 7 mA to
10 mA with a step size of 1 mA. For the pure VEMG database,
the subject is instructed to perform three maximal voluntary
contractions (MVC) in wrist flexion, and the VEMG of 30%
MVC is sampled.

One-second-time semi-simulated data are set up accord-
ing to the protocol [27] as illustrated in Fig. 6. The two
pure FES responses with different stimulation frequencies
(SFESfreq1 and SFESfeq) are selected from the stimulation
response database, and two weighted VEMG data (SEMG
and SEMG») are chosen from the pure EMG database. The
two weights o1 and a» can be calculated as follows:

SD(SFESfieq1)
U] = o — (6)
SD(SEMG1) x r
SD(SFES
@y = ( freq2) %)

SD(SEMG;) x r

where r is a varied constant and the two weights can be
referred to as the standard deviation of FES response data and
the standard deviation of the VEMG data ratio.

In addition, the two pure FES responses constructed in
the semi-simulated data are under the same conditions of
stimulation amplitude. This means that in the throughout the
stimulation process, the amplitude stays constant with varied
frequency stimulation. Therefore, for each FES to VEMG
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ratio r (4, 8, 12, 16 and 20), ten semi-simulated sequences
are setup by randomly selecting the FES response under
stimulation by different pulse amplitudes and frequencies and
in combination with pure EMG data. Finally, a total of fifty
testing trains are constructed.

3) EXPERIMENTAL TEST OF REAL FES APPLICATION ON
ABLE-BODIED SUBJECTS

The real-time SAR test was performed on six able-bodied
subjects to validate denoising performance. Fig. 7 shows
the experimental setup with the proposed FPGA prototype
based on the 6M-order GS algorithm. The instruments are
mentioned in “Section IIB”. The subjects were told to per-
form a three times voluntary wrist extension task under
voice prompts. Simultaneously, monopolar pulse stimulation
sequences with constant amplitude and varied frequency were
delivered to ECU during voluntary force exertion. The fre-
quency was increased by 10 Hz every 2 s from 20 Hz to
50 Hz over 8 s, and then decreased to 20 Hz in the next 8s.
The amplitude and pulse width of the monopolar stimulation
were set as 7 mA and 400 us due to the guarantee of eliciting
wrist extension less than 30% MVC for all subjects. The
test was repeated two times for each subject. In addition,
the parameters of the edge noise mitigation module are set
according to the measured DAC output, which is controlled
by the FPGA running the GS-APEF algorithm. The threshold
is set as 1V, and the length of the blanking time window is
120 ms. Furthermore, EMG signals contaminated by stimu-
lation pulses were recorded through another bipolar surface
Ag/AgCl electrode (Fig. 1), which was placed near the detec-
tion sites for comparison and analysis. Simultaneously, the
wrist-joint force represented by the isometric wrist torque was
acquired by a custom-made device in our lab [28] and can be
used to calculate the cross-correlation coefficient between the
volitional force and the denoised EMG signal.

F. PERFORMANCE EVALUATION

1) EVALUATION ON SIMULATION TEST

The denoising performance of the GS-APEF algorithm on
semi-simulated data is compared with the performances of
the comb filter and LMS adaptive filter. Two metrics are used
to quantify the performance of these methods [27]: Signal to
noise ratio (SNR) is defined as the ratio of average energy of
pure VEMG e(?) to that of noise, and the pre and post SNR of
SAR are calculated as:

2

SNRpre(dB) = 101og;, % 8)
2

SNRpost(dB) = 101og 20 ©

>0 —e())?

where x(¢) is the one-second-time semi-simulated data, and
¥(¢) is the denoised signal data. Analogously, the normalized
root mean square error (NRMSE) is also defined to investigate
the average difference between the pure VEMG and the output
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_ 2
NRMSE,, = VY (x(t) — e(1)?/N (10)
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_ 2
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where N is the total length of data, and SD(e(t)) means the
standard deviation of the pure vVEMG data.

2) EVALUATION OF THE EXPERIMENTAL TEST FOR REAL FES
APPLICATION

For the denoising trail using the proposed real-time SAR
prototype, the contaminated SEMG, filtered EMG and wrist-
joint force data are all recorded. Then, in order to mitigate the
output edge noise at the stimulation start/end and the changes
in stimulation frequency, post-processing of output filtered
EMG data using threshold comparison method is added to
generate the final denoised EMG data. The proposed sys-
tem is evaluated by comparing the root mean square (RMS)
profile of the final denoised EMG data and the force data
using the Pearson correlation coefficient [13]. In addition,
the continuous wavelet transform (wavename = ‘cmor3-3’)
is used to investigate the time frequency representation of
the contaminated SEMG signal and the final denoised EMG
signal.

G. STATISTICAL ANALYSIS

To investigate the denoising performance of simulation test,
a two-way analysis of variance (ANOVA) is implemented on
two metrics results (SNR and NRMSE). The two factors are
three SAR methods and five FES to vEMG ratio r. For the
trial in able-bodied subjects, the difference between the EMG
and force correlation coefficient and repetitions is analyzed
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FIGURE 8. The illustration of the denoising performance of the GS-APEF
algorithm (3'9-order and 6th-order) on pure stimulation response data
with different frequencies. (a)-(e) Typical stimulation frequency of 40 Hz,
30 Hz, 25 Hz, 45 Hz, and 23 Hz.

using one-way ANOVA. The statistical analysis is performed
with SPSS statistics 25 software (IBM corp., Chicago, IL,
USA). The results are reported as the mean = SD. Differences
with P < 0.05 are considered significant.

IIl. RESULTS

A. PERFORMANCE EVALUATION OF TEST WITH
DIFFERENT STIMULATION FREQUENCIES

According to the realized filter order M’ depicted in Fig. 3,
the denoising performance of the GS-APEF algorithm on
pure stimulation response data with five typical stimula-
tion frequencies are selected and illustrated in Fig. 8(a)-(e),
including 40Hz (M’ = 6), 30 Hz (M’ = 3), 25 Hz, 45 Hz
(M’ = 1), and 23 Hz. For each typical frequency, the orig-
inal stimulation response (gray), and the processed results
of the 3"-order (green) and 6"-order (red) of the GS-APEF
(L = 50) are shown in each subfigure.
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Because the original data contain only the stimula-
tion response without volitional force exertion, the ideal
noise-removal data is the baseline signal. We observe that the
GS algorithm has good denoising performances for 40 Hz and
30Hz except the intrinsic edge noise at the beginning, and
in particular, the curves processed by the 6™-order algorithm
are closer to the baseline. For the 25 Hz and 45 Hz, the 3'-
order GS algorithm (green line) does not work in Fig. 8(c)
and (d), and the mitigation capability using the 6!"-order filter
is worse, while the processed data are far greater than the
baseline, due to the real filter order of 1. Finally, the processed
data for fyim = 23 Hz have the same amplitude with the orig-
inal signal, which proves that the GS-APEF is not applicable
for random frequency stimulation. Hence the test results are
consistent with Fig. 3 as mentioned in Section IIC. Therefore,
four ten-fold frequencies (20 Hz, 30 Hz, 40 Hz and 50 Hz) are
adopted in the varied frequency stimulation test.

B. PERFORMANCE EVALUATION ON SIMULATION TEST
WITH VARIED FREQUENCY STIMULATION
Fig. 9 shows an example selected from the constituted one-
second-time semi-simulated database. The pure stimulation
response data is recorded under the amplitude of 8 mA and
monopolar negative stimulation pulses with constant 400..s
pulse width. The two stimulation frequencies are 40 Hz and
30 Hz (Fig. 9a). As illustrated in Fig. 9(c), the semi-simulated
sequence data consist of the stimulation response data plus
the pure EMG data (Fig. 9b) with the FES to vVEMG ratio of
4. It can be clearly observed that the volitional EMG signal is
completely submerged in the stimulation artifact response.

Fig. 10 illustrates the filtered signals using three means on
the semi-simulated data (described in Fig. 9) and pure VEMG
under the ration r of 4. In Fig. 10(a), the time-domain wave-
forms of vVEMG signal (red) extracted by GS-APEF are more
similar to the original pure VEMG (green) than the LMS-AF
and comb filter. However, the edge noise can be clearly
observed at the transition of alternating stimulation frequency
by using the GS-APEF and LMS-AF (e.g. around 0.375 s and
0.625 s). The edge noise generated by the LMS filter is much
larger than the GS algorithm. The frequency domain of the
semi-simulated data, pure VEMG, and denoised signals are
obtained through Fourier transformation (Fig. 10b). Among
the three methods, the spectrum of the denoised signal (red)
also demonstrated a closer similarity to that of pure EMG
(green). In addition, according to Fig. 10b, the fundamental
frequency component of 40 Hz and the harmonic frequency
components have higher power in the spectrum of the pre
semi-simulated data (gray area), while those of 30 Hz and
the harmonic components are much smaller. This is due to
the stimulation frequency of 40 Hz occupying the most time
in the stimulation sequence. Similar to the time domain, it can
be observed that the frequencies of 30 Hz and harmonic
components are still high in the denoised signal, which is
caused by the generated edge noise.

Fig. 11 presents the SNR and NRMSE before and after
processing with three mitigation methods under different FES
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FIGURE 9. An example selected from the constituted one-second-time
semi-simulated database. (a) The pure stimulation response data with
constant amplitude of 8 mA and changing frequencies (SFESfreq = 40 Hz,
SFESfreq2 = 30 Hz). The waveforms are monopolar negative stimulation
pulses with constant 400 s pulse width. (b) The pure EMG data. (c) The
semi-simulated sequence setup with the combination of pure stimulation
response data and pure EMG data with the FES to vVEMG ratio (r = 4).

to EMG ratios. By using the GS-APEF, the SNR of filtered
EMG ranged from —15.26 &£ 3.87 dB to —46.19 & 6.53 dB
(n=10), and the NRMSE ranged from 2.28 £0.36to 11.35 £+
2.22 (n = 10). From Fig. 9, the GS-APEF and LMS-AF have
nearly same denoising performance based on the two metrics.

A two-way ANOVA test is carried out to observe the
influence of the FES to VEMG ratio (5 levels: 4, 8, 12, 16, 20)
and the SAR method (3 levels: GS-APEF, LMS-AF, Comb
filter) on SNR and NRMSE. There is a statistically significant
interaction between the FES to VEMG ratio and denoising
method on SNR (SAR method: F(2,135) = 49.148, p <
0.001; FES to VEMG ratio: F(4,135) = 191.722, p < 0.001)
and NRMSE(SAR method: F(2,135) = 54.90, p < 0.001;
FES to VEMG ratio: F(4,135) = 162.954, p < 0.001). How-
ever, there is no SNR and NRMSE evidence of significant
interactions between the denoising method (GS-APEF and
LMS-AF) and the FES to VEMG ratio (p > 0.05). Simple
mean effects analysis shows no significant difference in SNR
and NRMSE between the GS-APEF and LMS-AF (p > 0.05).
Therefore, the evaluation test indicates that the GS-APEF
and LMS-AF methods have similar denoising performance.
In addition, both the SNR and NRMSE are significantly influ-
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FIGURE 10. The illustration of the denoising performance of the GS-APEF
algorithm on semi-simulated data (depicted in Fig. 7) compared with LMS
adaptive filter and comb filter. (a) The time waveforms of the VEMG signal
extracted by three methods and the pure EMG data. (b) The frequency
domain of the above signals under Fourier transformation.
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FIGURE 11. Statistical SAR performance evaluation of GS-APEF, LMS-AF,
and comb filter on the simulation test. (a) Signal to noise ratio (SNR) and
(b) normalized root mean square error (NRMSE) between pure vVEMG and
filtered EMG with different FES to vVEMG ratios (r = 4, 8, 12, 16, 20).

enced by the FES to VEMG ratio r when using the two
methods.

C. PERFORMANCE EVALUATION BY AN EXPERIMENTAL
TEST OF REAL FES APPLICATION

The surface EMG signals from six healthy subjects during the
varied frequency stimulations are extracted in real-time using
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FIGURE 12. The representative denoising experimental results of real FES
application on one able-bodied subject using the proposed SAR
prototype. (a) The waveforms of pre contaminated sEMG signal and the
corresponding denoised signal. (b) The corresponding recorded torque of
wrist extension during the experimental test. (c) The corresponding
time-frequency plot of pre contaminated sEMG signal. (d) The
corresponding time-frequency plot of denoised sEMG signal.

the proposed SAR prototype. The waveforms of pre contam-
inated SEMG signal and the corresponding denoised sSEMG
signal in one able-bodied subject are illustrated in Fig. 12(a).
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FIGURE 13. The cross-correlations between the RMS profiles of final
denoised sEMG and the wrist extension torque in six able-bodied
subjects with two repetitions.

The stimulation starts at 1 s and end at 17 s, and the
stimulation frequency increases from 20 Hz to 50 Hz and
decreases from 50 Hz to 20 Hz with a step size of 10 Hz. Each
frequency is maintained for 2 s. It is obvious that the proposed
SAR prototype can extract the volitional SEMG during three
voluntary wrist extensions from the input signal contami-
nated with stimulation artifacts. Compared with the filtered
signal (Fig. 10a), the output edge noise at the stimulation
start/end and stimulation frequency alternation are also effec-
tively removed by using the edge noise mitigation module.
The time-frequency diagrams of contaminated and denoised
SEMG signal are presented in Fig. 12(c) and (d), respectively.
The high energy color components of stimulation frequency
can be observed with the variations in time before denoising
in Fig. 12(c). From Fig. 12(d), by using the SAR system
with GS-APEF, the phenomenon of high-energy color in the
EMG frequency band (20-450 Hz) is highly correlated with
the wrist extension torque shown in Fig. 12(b).

The cross-correlations between the RMS profile of final
denoised SEMG and the wrist extension torque are computed
and analyzed in Fig. 13. The correlation coefficients between
the denoised SEMG and force in the two repetitions are 0.94 £
0.02 and 0.94 £ 0.01, respectively. According to the one-way
ANOVA test, no significant difference is found between the
EMG and force correlation coefficient. Therefore, it can
be verified that the proposed real-time stimulation artifact
denoising system can effectively and efficiently suppress the
artifact noise for SEMG processing during ten-fold FES.

IV. DISCUSSION

In this study, a real-time stimulus artifact removal proto-
type under the varied ten-fold frequency FES is presented
by implementing the GS-APEF algorithm in the FPGA and
using the edge noise mitigating method. The GS-APEF is
chosen because it uses less hardware and fewer numerical
operations than other adaptive algorithms, and it has been
implemented in the FPGA platform [30], [31]. In particular,
compared with previous studies, the artifact removal capa-
bility is extended from a stimulation frequency of 20 Hz not
only to ten-fold frequency but also can achieve varied ten-fold
frequency stimulation without using the blanking method,
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based on extensive investigation of the GS algorithm and
experimental tests.

A previous study by Yeom et al. observed that the param-
eter L in the GS-APEF can be adjusted as the ratio of the
data sampling frequency to different stimulation frequen-
cies [30], [31]. However, it is challenging to implement the
algorithm in the FPGA for artifact denoising with different
stimulation frequencies due to the varied filter coefficients.
In addition, the blanking method was also used in previous
studies and the blanking time reduced and limited the increase
of stimulation frequency. Therefore, previous studies only
used GS-APEF at the stimulation frequency of 20 Hz. In con-
trast to these studies, we obtain an intriguing finding and
derive Eq. (5) to explain the relationship between denoising
performance of GS-APEF and stimulation frequency under
the fixed parameter L, as illustrated in Fig. 3. The results
shown in Fig. 8 indicate that the 6"-order GS algorithm has
good denoising performance for the ten-fold frequency with
the realized orders of 6 and 3. For the frequencies of 25Hz,
35 Hz, and 45 Hz, the algorithm actually only demonstrates
an effect of the 1%'-order filter. In addition, it is not applica-
ble to other random frequency stimulations. Therefore, from
the perspective of denoising performance of the algorithm,
we emphasize the “ten-fold”” frequency stimulation.

In order to illustrate whether the algorithm can effec-
tively remove the influence of M-waves, Fig. 12a is par-
tially enlarged and inserted as two insets in the results. The
input contaminated SEMG signal contains the full stimulation
response, including the direct artifact (stimulation spike) and
the residual artifact (M-wave). In the two insets, the short
5V spike is caused by large amplitude stimulation pulses and
detected by a recording amplifier. The M-wave is also the
composite of action potential signals owing to the simulta-
neous activation of many MUs during electrically elicited
contractions. Therefore, the magnitude of the M-wave should
be of the same order as the voluntary EMG signal. In our
work, the slow exponential decay signal followed by the
spike should be the M-wave. The magnitude of the M-wave
is slightly larger, mainly because of the rapid saturation of
the recording amplifier and necessary recovery process in the
absence of the blanking technique. Therefore, the GS-APEF
can effectively remove the influence of M-waves, even in
cases in which the blanking method is not used.

As shown in Fig. 10 and Fig. 11, the statistical and
evaluation tests indicate GS-APEF and LMS-AF have com-
parable artifact denoising performance under varied stimula-
tion frequencies. However, the LMS adaptive filter algorithm
requires accurately estimating the autocorrelation matrix and
solving the inverse of the matrix [14]. Therefore, the disad-
vantage of LMS-AF is the need to perform a large number
of complex data calculations such as matrix QR/LU decom-
position and forward and backward replacement [14], which
would prohibit real-time and multi-channel application. The
GS-APEF has the potential for real-time artifact cancellation
while using far less hardware or, similarly, requiring fewer
numerical operations than the LMS adaptive algorithm [9].
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In addition, the output edge noise is an inherent problem
of the adaptive filter, including the GS-APEF and LMS-
AF. It is mainly caused by the mismatch in the filter tem-
plate at the stimulation start/end and stimulation frequency
alternation. Therefore, in order to solve this issue, an edge
noise mitigating module is adopted. It uses the threshold
comparison method to trigger a short-time blanking window
and can easily run on an MCU platform. According to our
experiment, the normal amplitude of the output denoising
signal is below 0.8V. Therefore, the threshold is set as 1V,
and the short-time blanking window is 120 ms, considering
the tradeoff between the signal integrity and denoising. This
method can effectively mitigate the interference of the output
edge noise caused by the adaptive algorithms.

Nevertheless, the present study had some limitations. First,
regarding the influence of FES on EMG properties, most tra-
ditional EMG-controlled FES systems use the envelope of the
SEMG signal to modulate the stimulation parameters, includ-
ing amplitude, pulse-width or frequency [7], [8]. Therefore,
as long as the denoised EMG is highly correlated with force
signal, FES is considered to have little influence on EMG
properties in this controlled strategy. For the other controlled
FES methods based on EMG time or frequency domains, e.g.,
the frequency and intensity co-modulation strategy [28], [29],
it is necessary to further investigate whether this method can
provide consistent muscle force control in the case of artifact
denoising in the closed-loop EMG-controlled FES system.
Second, only the ten-fold frequency stimulation is used in
our work. In a future study, we will research how to remove
the FES artifact covering the whole frequency band (20 ~
60 Hz) in real time. Third, the design is only for one-channel
stimulation application, and the feasibility of extending to
two-channel FES or more is not investigated. Furthermore,
the influence of cross-talk between channels on the algorithm
will be studied in the future.

V. CONCLUSION

In this paper, three algorithms (GS-APEF, LMS-AF and
Comb filter), which are easy to implement in hardware, are
extensively investigated for artifact denoising under varied
frequency stimulation. By implementing the adaptive predic-
tion error filter based on the Gram-Schmidt algorithm in the
FPGA and the edge noise mitigating technique, a real-time
stimulation artifact denoising system is designed. The mean
correlation coefficient between the denoised SEMG and voli-
tional force is 0.94. It is expected that the proposed system has
latent abilities in the adaptive closed-loop EMG-controlled
FES system for the continuous control of ipsilateral paretic
muscles using different stimulation frequencies and wave-
forms.
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