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Abstract
Voluntary participation of hemiplegic patients is crucial for functional electrical stimulation therapy. A wearable functional electrical stim-
ulation system has been proposed for real-time volitional hand motor function control using the electromyography bridge method. Through a 
series of novel design concepts, including the integration of a detecting circuit and an analog-to-digital converter, a miniaturized functional 
electrical stimulation circuit technique, a low-power super-regeneration chip for wireless receiving, and two wearable armbands, a pro-
totype system has been established with reduced size, power, and overall cost. Based on wrist joint torque reproduction and classification 
experiments performed on six healthy subjects, the optimized surface electromyography thresholds and trained logistic regression classifier 
parameters were statistically chosen to establish wrist and hand motion control with high accuracy. Test results showed that wrist flexion/
extension, hand grasp, and finger extension could be reproduced with high accuracy and low latency. This system can build a bridge of in-
formation transmission between healthy limbs and paralyzed limbs, effectively improve voluntary participation of hemiplegic patients, and 
elevate efficiency of rehabilitation training.

Key Words: nerve regeneration; functional electrical stimulation; logistic regression; rehabilitation of upper-limb hemiplegia; electromyography 
control; wearable device; stroke; frequency-modulation stimulation; hand motion; circuit and system; real-time; neural regeneration 

Graphical Abstract

A novel prototype system of volitional hand motor function rebuilding system for paralysis 
rehabilitation: real-time and wearable “electromyography bridge”
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Introduction
Functional electrical stimulation (FES) has been introduced 
as a neurorehabilitation method to artificially activate senso-
ry and motor systems following central nervous system dis-
ease or injury, such as spinal cord injury and stroke (Popović, 
2014; Shen et al., 2016; Wade and Gorgey, 2016). The first 
noninvasive FES system was used for foot drop correction 
of hemiplegic patients by Liberson et al. (1961). Many novel 
FES systems have been designed as surface or implantable 
stimulation systems for controlling arms and hands (Saxena 
et al., 1995; Ijzerman et al., 1996; Kilgore et al., 1997; Knut-
son et al., 2012; Hara et al., 2013).

The NESS Handmaster (Ijzerman et al., 1996) and the FES 
system (Nathan, 1989) belong to the push-button controlled 
FES method (or switch-based FES). Both of these methods 
use on/off stimulation with pre-programmed sequences to 
help spinal cord injury patients recover hand grasp move-
ments and other daily functions. Electromyography (EMG) 
has been used for on/off control in EMG-triggered FES 
(Cauraugh et al., 2005) or proportional EMG-controlled 
FES (Saxena et al., 1995; Thorsen et al., 2001; Hara et al., 
2013) and capitalizes on the principle of intension-driven 
motion. Therapeutic effects were reduced by approximately 
half if FES was applied without voluntary recipient involve-
ment (Barsi et al., 2008). Preliminary results (McGie et al., 
2015) suggest that motor-evoked potential of brain comput-
er interface-controlled FES (Pfurtscheller et al., 2003) and 
EMG-controlled FES can elicit greater neuroplastic changes 
than conventional therapy. However, EMG-controlled FES 
requires some residual movement of the affected arm or 
hand, so it is not applicable with severely disabled stroke sur-
vivors. Contralaterally controlled FES is a promising therapy 
designed to improve recovery of paretic limbs after stroke. 
Two case series pilot studies (Knutson et al., 2009, 2014) 
and an early-phase randomized controlled trial (Knutson et 
al., 2012) verified the efficiency of contralaterally controlled 
FES. However, it is important for the success of FES therapy 
to include the contralateral limb in volitional control of elec-
trically induced contraction in the affected limb. 

Based on the success of volitional control of FES, our 
group previously designed an FES system for restoring mo-
tor function in post-stroke hemiplegic patients (Huang et al., 
2014). In that system, a frequency-modulation stimulation 
algorithm based on surface EMG (sEMG) and the support 
vector machine model were used. However, sEMG thresh-
olds need to be carefully chosen and force reproduction per-
formance has not yet been established. The system is also too 
difficult to wear and remove. 

The specific objectives of this paper were: (1) to use sta-
tistical experiments and analyses to optimize the primary 
parameter “sEMG thresholds” of the frequency-modulation 
stimulation generation algorithm formerly proposed by our 
group and to verify the force reproduction performance; (2) 
to develop a low-complexity algorithm based on logistic re-
gression for hand movement classification achieved by these 
sEMG thresholds; (3) to develop a wireless and wearable FES 
system using the EMG-bridge method for real-time volition-

al hand motor function control, and to assess the feasibility 
of this system in real-time control of four hand movements. 
This novel system is a wearable EMG-bridge system that is 
distributed via a contralateral sEMG-controlled FES system 
providing more convenience to use at home. The size, power, 
and overall cost have been significantly reduced compared 
with the previous prototype (Huang et al., 2014).

Subjects and Methods
Wearable EMG-bridge system overview
The concept of the EMG-bridge method was that each tar-
get muscle of the paralyzed limb had its own source muscle 
in the healthy controller limb, and the sEMG signals of the 
muscles were transformed by stimulation pulses that could 
be adjusted by modulating the pulse frequency. Additionally, 
the mimicked real-time activation state of the corresponding 
source agonist muscles could be realized in the paralyzed 
limb. 

The block diagram of the wearable EMG-bridge system for 
volitional hand motor function control is shown in Figure 
1. This system included a wearable transmitting module and 
a wearable receiving module. The transmitting module con-
sisted of a sEMG signal detecting circuit, an analog-to-dig-
ital converter, a microcontroller unit (MCU), and a radio 
frequency transmitter. The receiving module consisted of a 
radio frequency receiver, an MCU, and an FES circuit. The 
upper-extremity sEMG signals were recorded by the sEMG 
detecting circuit. The signals were then converted to digital 
signals through the analog-to-digital converter under con-
trol of the MCU in the wearable transmitting module. In 
this MCU, the digital signal process, which included filtering 
and amplifying, was initially performed, then a classification 
algorithm was used to determine upper-limb movement sta-
tus. Simultaneously, according to the distinguished motion 
state, the sEMG signal of the chosen channel was encoded 
using the algorithm for generating the stimulating pulse. 
The coded signals containing information for the selected 
output stimulation were wirelessly transmitted to the receiv-
ing module under control of the MCU in the transmitting 
module. The signals were then sent to the MCU for decod-
ing. The trigger pulses were generated by the decoder in the 
MCU, which then triggered the FES circuit to generate out-
put high-voltage, biphasic, and charge-balanced stimulating 
pulses. The transmitting module was worn on the volitional 
controlling upper extremity and the receiving module was 
attached to the controlled limb. 

System hardware description
An analog front-end ADS1299 (Texas Instruments Inc., 
Dallas, TX, USA) with single-differential sEMG sensors was 
selected to integrate the sEMG signal detecting circuit and 
analog-to-digital converter. The ADS1299 had eight low-
noise programmable gain amplifiers and eight 24-bit ana-
log-to-digital converters, which could support a maximum 
of eight channel sEMG signal acquisitions. After sending the 
digitalized sEMG signals to the MCU, they were band-pass 
filtered from 20 to 500 Hz and amplified with a gain of 1,000. 
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A fully integrated super-regenerative receiver chip operating 
in the 335/433 MHz band was selected as the radio frequen-
cy receiver for its simplicity and efficiency in low-power and 
short-range communication, as previously described by our 
group (Wang et al., 2012) and realized in a 0.35-μm com-
plementary metal oxide semiconductor process. Similarly, 
an on-off keying circuit with an operating frequency that 
matched the radio frequency receiver was used as the radio 
frequency transmitter.

The mixed signal MCU MSP430F169 (Texas Instruments 
Inc.) served as the processor. This low-powered MCU is 
especially suited for design in wearable systems. The con-
nection interface between the ADS1299 and processor in the 
wearable transmitting module comprised a serial peripheral 
interface and general purpose input/output. The MCUs 
in the wearable transmitting module and in the wearable 
receiving module were exchanged with their data through 
the general purpose input/output with the radio frequency 
transmitter and receiver, with a data rate of 2 kbps.

The FES circuit was based on the complementary current 
source and time division multiplexing as previously dis-
cussed (Wang et al., 2015). This pulse-triggered FES stimu-
lator includes a low-powered MCU of type STM32F103 (ST-
Microelectronics Inc.) with an ARM CortexTM-M3 core, a 
stimulation driving stage, a biphasic and time division mul-
tiplexing output circuit, and a high-voltage power supply.

Optimization of sEMG thresholds
The choice of sEMG thresholds for stimulating pulse genera-
tion algorithm is crucial in the EMG-bridge system, because 
the sEMG thresholds are not only used for motion classi-
fication, but also for modulation of stimulation frequency. 
For stimulation pattern generation in our work, we used an 
EMG-controlled stimulation algorithm based on a previous-
ly described threshold (Huang et al., 2014). EMG activity 
recorded from the able-bodied limb was used as a template 
for electrical stimulation to elicit upper-limb movement. The 
stimulation frequency was simultaneously modulated by the 
preset EMG signal threshold and refractory period of mus-
cle stimulation (minimal interval between two neighboring 
pulses) (Zhou et al., 2011). The EMG activity was mapped 
into a stimulation pattern that modulated muscle output by 
varying the frequency. The force reproduction performance 
of this stimulation strategy correlated with the EMG signal 
threshold, although it remains to be shown whether the 
voluntary muscle force can be reproduced with high fidel-
ity. In our study, we implemented the torque reproduction 
test, which used this stimulation strategy with different 
thresholds. The experimental procedure of the force tracing 
test was similar to a previously described study (Zhou et 
al., 2016). The threshold was optimized by repeatable force 
reproduction experiments in a number of subjects and was 
finally programmed in the prototype system to increase the 
convenience of use. Additionally, compared with previous 
studies using a separate stationary or a transient contraction 
for sEMG recognition (Lorrain et al., 2011), our system con-
currently employed these two situations.

Subjects
All volunteers were recruited by posting posters on bill-
boards at Southeast University of China. Six healthy sub-
jects (five males and one female; 26.3 ± 2.9 years of age) 
participated in the study. Each subject was asked to refrain 
from strenuous exercise of the upper extremities for at least 
24 hours before the study. All subjects provided written in-
formed consent before participation, and this study was ap-
proved by the Human Subjects Review Board of Southeast 
University.

Experiment protocol 1: Torque reproduction test 
The main target muscles in this test were the flexor carpi 
radialis muscle and extensor carpi ulnaris muscle. Isometric 
wrist joint torque was acquired using a custom-made device 
(Zhou et al., 2016). The sEMG and torque signals were sam-
pled with a 16-bit analog-to-digital converter acquisition 
board PCI-6220 (National Instruments Inc., Austin, TX, 
USA) at a frequency of 1 kHz. A self-designed PC-based 
software was used to record data for off-line analysis and 
provided visual feedback to the subject. 

The flowchart and waveforms of each step in the wrist joint 
torque reproduction test are shown in Figure 2. Initially 
sEMG signals and isometric wrist joint torque were recorded 
during a voluntary test motion composed of three repeti-
tions with varying force outputs (Figure 2a, b). In every 
wrist flexion/extension repetition, the subject was instructed 
to perform a wrist torque from 0 Nm to 30% maximal volun-
tary contraction, then to relax to 0 Nm. The duration of each 
cycle was 20 seconds (slow trail) and 10 seconds (fast trial). 
For each sEMG signal channel, the threshold (Thrk) was set 
and the value was determined as follows: 

                                                                                               (1)

                                                                                               (2)

In Equation (1), MAVk represents the mean absolute value 
of sEMG data (x(i)) in the kth channel for 2-second contrac-
tion movement (Phinyomark et al., 2012), and Thrk was ac-
quired using the ratio parameter Nk as presented in Equation 
(2).

According to the signal noise ratio of the acquired sEMG 
and Equation (1) and (2), three sEMG thresholds were 
selected with a ratio of 60%, 90%, and 120% of the mean 
absolute value, which means that Nk equaled 0.6, 0.9, and 
1.2. The mean absolute value was calculated based on three 
5-second segments of sEMG extracted from the voluntary 
test motion, which elicited 30% maximal voluntary contrac-
tion. Afterwards, the stimulating pulse trains of varying fre-
quency were generated from the sEMG signals with different 
thresholds, and this step was conducted using Matlab 2014 
software (MathWorks Inc., Natick, MA, USA) on a personal 
computer with an Intel CPU (Core i3, 2.3-GHz) and 6-GB 
memory (Figure 2c). The generated stimulating pulse trains 
were then stored in the MCU flash memory of the wearable 
receiving module. The MCU delivered the trigger pulses to 
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the FES circuit in a real-time manner with a time window of 
1 ms. The receiving module was used to stimulate the flexor 
carpi radialis/extensor carpi ulnaris muscles, and the corre-
sponding stimulated torque signals were recorded (Figure 
2d) to determine the optimized sEMG threshold. The stimu-
lation procedure in each subject was also conducted at least 
24 hours after the previous steps. The stimulating current 
used in the experiment was adjusted to induce a 30% maxi-
mal voluntary contraction of wrist motion using a simulat-
ing pulse train (500 μs, 50 Hz).

Three metrics were used to quantify the stimulated force 
reproduction performance (Zhou et al., 2016): Pearson 
correlation coefficient (R) was defined as the similarity 
between the stimulated and the origin torque. Root mean 
square error (RMSE) was the absolute difference between 
two cases. Mean bias error (MBE) represented the average 
bias of reproduced torque from the voluntary torque, and 
was defined as:

                                                                                  
(3)

where Tv represented voluntary torque and Ts represented 
stimulated torque.

Logistic regression for hand motion classification: four 
classes of hand motions, plus the no-motion class were 
investigated in this study, because they were the most com-
monly employed upper-limb motions in clinical rehabilita-
tion studies (Li et al., 2010; Knutson et al., 2012; Craven et 
al., 2015). The five classes were: wrist extension, wrist flex-
ion, finger extension, hand grasp, and no motion. It is im-
portant to note that the above-described motions were two 
degrees of freedom, while the logistic regression algorithm 
was used for one degree of freedom motion classification 
and control. Therefore, the other one degree of freedom 
motion and control could only be realized by changing the 
detecting and stimulating electrodes. Thus, sEMG data for 
logistic regression classifier training and testing were de-
scribed as follows: (1) wrist motion data were acquired, and 
two sEMG data channels were detected using bipolar sur-
face Ag/AgCl ECG electrodes (Junkang Medical Supplies., 
Shanghai, China) that were spaced 2 cm apart. These were 
placed on the forearm above the wrist flexor (flexor carpi 
radialis) and extensor (extensor carpi ulnaris), and a refer-
ence electrode was placed on the lecranon. (2) Two sEMG 
data channels that correlated with hand motions were sim-
ilarly collected, with electrodes placed on the finger flexor 
(flexor digitorum) and extensor (extensor digitorum). (3) 
Data were obtained from six healthy subjects; each was 
asked to perform three repetitions of each dynamic motion 
class for a 2-second contraction with up-ramping force ex-
ertion and a 2-second relaxation. The first two data sets were 
used for training and the last set was used for testing. Data 
were also sampled by ADS1299 in the EMG-bridge system 
at a rate of 1 kHz and were digitally filtered at 20–500 Hz, 
with a digital gain of 1,000.

In this logistic regression classifier, the voltage amplitude 
of the sEMG signal was selected as the feature. For each mo-
tion class, the feature set was constructed on each of the two 
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x(i) represented the ith sampled sEMG signal amplitude data 
vector containing channel Ch1 and Ch2, y(i) represented each 
motion result. Then, the suitable data (x(i), y(i)) was collected 
into the corresponding supervised feature set and fed into 
the classifier. The remaining data were labelled as no-motion 
class. The hypothesis function hθ (x) and cost function J(θ) of 
the logistic regression were calculated as follows:

                                          ,                                                    (6)                                     

                                                                                               (7)

The parameter θ could be solved by a gradient descent of J(θ) 
with the training data. In the testing phase, the classification 
result (d(j)) was obtained by Equation (8) when the testing 
data were fed into the classifier. For example, ‘Ch1_muscle’ 
meant that the recognized movement was related to the ago-
nist motion muscle where CH1 electrodes placed.

                                                                                               (8)

Experiment protocol 2: Motion classification off-line test 
The data sets from the four motion classes were collected 
from all six subjects as described above. To pre-verify the 
logistic regression classifier performance in the real-time 
EMG-bridge system, the mean optimized sEMG thresholds 
acquired from the above torque reproduction test of six 
subjects were used for the wrist flexion/extension and hand 
grasp/finger extension classifications. The performance of 
the trained classifier in identifying a movement was mea-
sured by classification accuracy (CA), which was defined as 
the number of correctly classified samples divided by the 
total number of testing samples (Li et al., 2010). The logistic 
regression classifier parameters (θ) were averaged over data 
sets of all subjects to calculate the overall CA. The off-line 
analysis was conducted using Matlab 2014 software.

Wearable design and implementation: Photographs of the 
wearable EMG-bridge system prototype are shown in Figure 
3. The wearable transmitting module and the wearable re-
ceiving module were both fixed with a stretchable armband 
for ease of wear. The maximum stretchable length of the 
armband was 30 cm, which was maintained to adapt to the 
upper extremity of most individuals (22–28 cm). Addition-
ally, a soft anti-static film was tailored and assembled to the 
top of the armband to prevent electrostatic interference. In 
the wearable transmitting module, there were two primary 
printed circuit boards consisting of an ADS1299 printed cir-
cuit board and a controller-printed circuit board. The sizes 
of the two printed circuit boards were 30 × 60 × 10 mm3 and 
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25 × 60 × 10 mm3, respectively. In the wearable receiving 
module, there were three main printed circuit boards that 
included a high-voltage power-printed circuit board, a FES 
circuit-printed circuit board and a controller-printed circuit 
board, which were all fixed with equal distance between to 
the armband. The dimension of each printed circuit board 
was 30 × 60 × 10 mm3, 25 × 60 × 10 mm3, and 30 × 60 × 10 
mm3. Two 32-cm custom-made cables based on the flex-
ible-printed circuit were used to connect the three circuit 
boards. The wearable transmitting module and the wearable 
receiving module were supplied by a 12-V and 500-mAh 
rechargeable Li-battery. Simultaneously, the radio frequency 
transmitter and receiver-printed circuit boards were a min-
iaturized design with an area of 2.5 × 3 cm2 and 1.3 × 1.1 
cm2. Figure 3B shows the receiver-printed circuit board with 
an 8-pin packaged super-regenerative receiver chip, and the 
photomicrograph of this chip in the 0.35-μm complementa-
ry metal oxide semiconductor is presented in Figure 3C. The 
area of the chip was 550 × 775 μm2, and the maximum data 
rate was 20 kbps. 

Experiment protocol 3: Real-time sEMG bridging test
The mean optimized sEMG thresholds and the averaged 
trained logistic regression classifier metrics (θ) in the off-line 
test were used for the real-time volitional sEMG bridging 
motion control test. The six healthy subjects were randomly 
divided into three experimental pairs. To simulate the stroke 
patient using the proposed EMG-bridge system, two subjects 
acted as the role of the controller and the controlled within 
each pair, and then these roles were exchanged for another 
repetition. For each controller, the wearable transmitting 
module was worn on the right forearm, and for each con-
trolled subject, the wearable receiving module was applied 
in the same position. The real-time bridging test consisted 
of two procedures. The first step was real-time wrist flexion/
extension control, and the second was for the hand grasp/
finger extension control. 

A customized hand motion tracking system based on the 
Leap Motion sensor (Leap Ltd., San Francisco, CA, USA) 
and PC software (Visual C#) was developed for measuring 
wrist and finger joint angles in the controlling and controlled 
limbs. In our tracking system, the measured wrist joint angle 
was defined as the angle between hand and forearm. The 
five-finger joint angle was represented as the mean metacar-

pophalangeal joint (MPJ) angles of the five fingers (5F-MPJ). 
Three metrics were used to quantify real-time performance. 
The normalized cross-correlation (ρxy) was defined as the sim-
ilarity, synchronism, or functional coupling of three mea-
sured angle trajectories, which was calculated as:

                                                                                             
                                                                                               (9)

where x(n) and y(n) were the joint angle trajectories of the 
controller and the controlled, respectively. The variable m 
correlated with the metric delay time (Td), which was the 
time offset of the controlled trajectory compared with the 
controlling trajectory. The last metric motion completion rate 
(MCR) was defined as the percentage of successfully com-
pleted motions.

Statistical analysis
Statistical analysis was performed using SPSS statistics 19.0 
software (IBM corp., Chicago, IL, USA) and the paired 
Wilcoxon signed-rank test. The results are expressed as the 
mean ± SD. P ≤ 0.05 was considered significantly different. 

Results
Selection of three sEMG thresholds from the torque 
reproduction test results 
Table 1 shows some initial parameters from the wrist joint 
torque reproduction test, including mean absolute sEMG 
values that corresponded with the four wrist test behaviors 
(slow/fast wrist extension and slow/fast wrist flexion), and 
the stimulation current intensity for the six subjects. Figure 
4 presents voluntary and stimulated wrist torque trajectories 
using the stimulating pulse generation algorithm with three 
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Figure 1 Block diagram of the wearable EMG-bridge system for 
volitional hand motor function control. 
sEMG: Surface electromyography; MCU: microcontroller unit; RF: 
radio frequency; FES: functional electrical stimulation; CCSTDM: 
complementary current source and time division multiplexing; A-D 
converter: analog-to-digital converter. 

Figure 2 Flowchart of the wrist joint torque reproduction test using 
stimulating pulse generation algorithm based on the sEMG threshold. 
(a) Recorded isometric voluntary wrist joint torque signal waveform 
(slow trial, wrist flexion movement); (b) recorded voluntary sEMG 
signal waveform; (c) generated stimulation waveform using algorithm 
based on different thresholds; (d) recorded stimulated wrist joint 
torque. WJ: Wrist joint; sEMG: surface electromyography; s: second.
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different ratios (Nk = 60%, 90%, and 120%) of sEMG mean 
absolute values in each test behavior as the threshold. The 
representative trajectories were acquired from subject B for 
illustration. 

The assessing metrics (R, RMSE, and MBE) for each 
movement trial using the stimulation generation algorithm 
with three different ratios are presented in Figure 5. The 
mean R value across the six subjects and four behaviors 
was 0.80 ± 0.07 for TH_60% protocol (Nk = 60%), 0.84 ± 
0.08 for TH_90% protocol (Nk = 90%), and 0.86 ± 0.08 for 
TH_120% protocol (Nk = 120%). The corresponding aver-
age RMSE values were 20.7 ± 4.8%, 20.1 ± 4.6%, and 21.1 ± 
6.0%, respectively. The corresponding average MBE values 
were 0.02 ± 0.10, 0.07 ± 0.08, and 0.10 ± 0.08, respectively. 
Additionally, the TH_90% protocol showed significantly 
higher R values for wrist flexion behaviors (Z = 2.201, P = 
0.028) and fast wrist extension (Z = 2.023, P = 0.043) than 
the TH_60% protocol, and slightly (not significantly) high-
er R values than the TH_60% protocol for the slow wrist ex-
tension. The TH_120% protocol showed significantly higher 
R values for the slow wrist extension (Z = 2.201, P = 0.028), 
fast wrist extension (Z = 2.023, P = 0.043), and fast wrist 
flexion (Z = 1.992, P = 0.046) compared with the TH_60% 
protocol, and slightly higher R values than the TH_60% 
protocol for wrist flexion with slow trail (Figure 5A). For 
the four-type wrist behaviors, no significant differences 
were found in RMSE values between the three protocols, 
with the exception that the RMSE value obtained for the 
fast wrist flexion movement generated using the TH_60% 
protocol was significantly lower than in the TH_90% pro-
tocol (Z = 1.992, P = 0.046) (Figure 5B). Simultaneously, 
the MBE result for the TH_120% protocol showed signifi-
cantly higher negative offset from the target torque (P < 
0.05), which indicated that the TH_120% protocol did not 
produce sufficient torque to trace the target compared with 
the TH_60% protocol (Figure 5C). Although the TH_120% 
protocol also showed a slightly higher bias from the tar-
get, and considering the trade-off between the similarity 
and offset with the target force, the TH_90% protocol was 
selected as the threshold-definition method for the stimula-
tion generation and classification. 

Motion classification off-line test result in subjects with 
the optimized sEMG threshold and logistic regression 
classifier
According to the torque reproduction test above, the mean 
thresholds were computed across the six subjects as 0.030 
V for wrist movements. The hand motion thresholds were 
also defined as 90% of the sEMG mean absolute value, but 
without force tracing test. The mean thresholds for the hand 
grasp/finger extension were 0.105 V and 0.130 V, respective-
ly. Table 2 presents the trained logistic regression classifier 
parameter (–θ1/–θ2) and the corresponding performance 
metric CA in the off-line analysis. Then, the average pa-
rameter (–θ1/–θ2) across the six subjects was selected as the 
trained logistic regression classifier, and the total CA for 
all datasets from the six subjects was analyzed off-line. Fig-

ure 6 illustrates the scatter plot of the sEMG signals of two 
channels and decision boundary using the trained logistic 
regression classifier with optimized θ and the above-defined 
thresholds. The CA of the wrist flexion/extension across 
the total six subjects was 99.92% using the parameter (–θ1/
θ2=1.05), and the CA of the hand grasp/finger extension was 
98.90% using the parameter (–θ1/θ2=1.01).

Real-time sEMG bridging test results in subjects with the 
wearable functional electrical stimulation system
The sEMG signals and stimulation pulses from two chan-
nels in the real-time bridging test with the wearable 
EMG-bridge system were measured using an oscilloscope 
(DSO7034A; Agilent Inc., CA, USA). The representative 
waveforms are presented in Figure 7. The task was the wrist 
flexion/extension control test, and the controller was sub-
ject B. To illustrate the bridging mechanism, the acquired 
digital sEMG data were converted to waveforms using the 
digital-to-analog converter from the MCU in the wearable 
receiving module. Additionally, the stimulating current in-
tensity was 7.25 mA for flexion movement and 8.6 mA for 
extension movement, which provided the mean intensities 
across six subjects described in the torque reproduction 
test. Figure 8 illustrates the normalized wrist joint and 
5F-MPJ joint tracing trajectories from a pair of subjects 
acting as the controller and the controlled, respectively. The 
maximum cross-correlation (ρxy) was 0.918 for wrist joint 
tracing and 0.829 for 5F-MPJ tracing, while the delay time 
(Td) was 0.1 second for wrist joint tracing and 0.15 second 
for 4F-MPJ tracing. Table 3 presents three metrics (ρxy, Td, 
and MCR), which were used to assess the real-time bridg-
ing tracing test performed in six subjects. The mean ± SD 
of maximum ρxy between the paired trajectories was 0.77 ± 
0.10 for wrist joint tracing and 0.78 ± 0.08 for 5F-MPJ trac-
ing, respectively. The mean ± SD of Td was 142 ± 132 ms for 
wrist joint tracing and 392 ± 188 ms for 5F-MPJ tracing, 
respectively. Additionally, the mean ± SD of MCR in wrist 
movements was 97.87 ± 2.59%, and the MCR in hand mo-
tions was 95.18 ± 2.80%.

Discussion
We present a novel sEMG-controlled FES system, which 
can enhance volitional hand motor function control of FES 
induced muscle contractions during different target move-
ments. The method presents two advantages over previous 
systems. (1) After statistically analyzing and selecting an op-
timized sEMG amplitude threshold from six healthy subjects, 
the low-complexity algorithm was based on logistic regression 
for hand movement classification, which allowed for more 
accuracy and reliability compared with the multi-channel sys-
tem. (2) Using a series of novel design concepts, including the 
integration of a detecting circuit and analog-to-digital con-
verter, a miniaturized FES circuit technique, a low-power su-
per-regeneration chip for wireless receiving, and two wearable 
armbands, we were able to create a prototype system that was 
significantly reduced in size, power, and overall cost, making 
it wearable and suitable for rehabilitation at home. Simultane-
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ously, the adoption of a Li-battery as a power supply helped to 
ensure greater safety of use (Cook et al., 2015).

This proposed wearable EMG-bridge system helped to 
overcome the limitations of previous systems (Huang et al., 
2014) that had many wires and were cumbersome to wear. 
It is also interesting that this system can be used in a healthy 
subject without the use of a ground ring (Huang et al., 2014). 
The subject can successfully control contralateral wrist and 
fingers through the use of a wearable transmitting module 

worn on the upper extremity and a wearable receiving mod-
ule applied to the other limb, as previously described (Knut-
son et al., 2012). This was mainly possible because of the 
contribution of the CCTDM-FES circuit design (Wang et al., 
2015), which used the multiplexer circuit to quickly estab-
lish a short connection between two stimulating electrodes 
and reduce the impact of the stimulation artifact. Therefore, 
it could be applied to upper-extremity hemiplegia to assist 
with rehabilitation at home, if positioning of the electrodes 
on the skin can be properly made (Knutson et al., 2012). 
Stroke patients do not typically require stimulation to the 
wrist (or finger) flexor, so this system could assist patients in 
the stimulation of the wrist (or finger) extensor by changing 
the electrode positions according to markings and photos.

Nevertheless, there are still several aspects worth noting 
from this study:

(1) Because the above experiments were performed on 
healthy subjects and not impaired subjects after stroke, the 
musculoskeletal physiology is different between healthy and 
impaired subjects with stroke or spinal cord injury (Ha-
fer-Macko et al., 2008; Biering-Sørensen et al., 2009), so we 
cannot completely infer feasibility of this proposed wearable 
EMG-bridge system. However, we believe that it can provide 
excellent performance for contralaterally controlled FES 
applications (Knutson et al., 2014), because the healthy side 
of a patient with upper-extremity hemiplegia is similar to 

Table 1 Subject parameters of wrist joint in torque reproduction test 

Motion

Subjectsa

AverageA B C D E F

WES_MAVb (V) 0.0255 0.0359 0.0284 0.0313 0.0414 0.0394 0.0337
WEF_MAVc (V) 0.0244 0.0331 0.0264 0.0286 0.0396 0.0375 0.0316
WFS_MAVd (V) 0.0430 0.0206 0.0278 0.0340 0.0435 0.0298 0.0331
WFF_MAVe (V) 0.0325 0.0183 0.0245 0.0266 0.0461 0.0329 0.0302
WE_Intensityf (mA) 9 9 7 10 7.5 9 8.6
WF_Intensityg (mA) 8.5 8 8 7 6 6 7.25

aSubjects A–F; bWES_MAV, cWEF_MAV, dWFS_MAV, and eWFF_MAV represent the mean absolute values (MAVs) of sEMG signals that 
correspond with the four wrist test behaviors, including slow/fast wrist extension (WES/WEF), and slow/fast wrist flexion (WFS/WFF). Each MAV 
was calculated based on three 5-second segments of sEMG extracted from each voluntary test behavior that elicited a 30% maximal voluntary 
contraction. The sEMGs were acquired from wrist extensor (slow trial), wrist extensor (fast trial), wrist flexor (slow trial), and wrist flexor (fast 
trial), separately. fWE_Intensity and gWF_Intensity represent stimulation intensity of wrist extension and flexion task, respectively. 

Table 2 Parameter of classifier & performance metrics for motion 
classification off-line analysis 

Subject
–θ1/θ2 
(wrist)

CAb (%) 
(wrist)

–θ1/θ2  
(hand)

CA (%) 
(hand)

A 0.975 100.00 1.072 99.73
B 0.926 100.00 0.926 99.35
C 1.100 99.60 1.008 100.00
D 1.200 99.70 1.043 96.35
E 1.025 99.96 1.080 99.96
F 1.052 100.00 0.949 100.00

Optimized θa 1.050 99.92 1.010 98.90

aOptimized θ means using the average parameter (–θ1/θ2) across six 
subjects as the trained logistic regression classifier and analysis of 
total classification accuracy (CA) for all datasets from six subjects. 
bCA represents motion classification accuracy of the off-line trained 
classifier. 

Table 3 Measured metrics of the real-time bridging test using the wearable EMG-bridge system

Subject pair (controller 
->controlled)

max (ρxy
a) (WJd) Td

b (ms) (WJ) MCRc (%) (WJ) max (ρxy) (5F-MPJe) Td (ms) (5F-MPJ) MCR (%) (5F-MPJ)

A–> B 0.92 100 97.76 0.83 100 95.12
B–> A 0.77 400 100.00 0.82 450 93.33
C–> D 0.86 150 95.00 0.85 500 95.24
D–> C 0.72 50 100.00 0.83 350 100.00
E–> F 0.71 50 100.00 0.74 300 95.74
F–> E 0.66 100 94.44 0.63 650 91.67

Mean ± SD 0.77±0.10 142±132 97.87±2.59 0.78±0.08 392±188 95.18±2.80
aρxy: Normalized cross-correlation of two measured angle trajectories, which was calculated as Equation (9). bTd: Delay time offset of the controlled 
trajectory compared with the controlling trajectory. cMCR: Motion completion rate, which is defined as the percentage of successfully completed 
motions. dWJ: Wrist joint angle, which is defined as the angle between hand and forearm. e5F-MPJ: Mean metacarpophalangeal joint angles from 
the five fingers.



140

Wang et al. / Neural Regeneration Research. 2017;12(1):133-142.

healthy subjects. Further clinical research should be con-
ducted in various patients to test the robustness of the wear-
able EMG-bridge system.

(2) According to results from the above-described wrist 
joint torque reproduction test, the stimulating pulse gener-
ation algorithm we used could result in the stimulated force 
tracing the voluntary force to a certain degree. However, at 
the force peak point shown in Figure 4, it significantly de-
teriorated performance. During voluntary contractions, the 
central nervous system modulates muscle force by adjusting 
the number of recruited motor units (recruitment coding) 
and the activation frequency (rate coding) (Kamen and Du, 
1999). Analogously in the FES, the stimulation intensity 
(amplitude and pulse width) and frequency can be modu-
lated to control the muscle force. Kesar et al. (2008) report-
ed that frequency modulation showed better performance 
for both peak forces and force-time integrals in response 
to the fatiguing trains than pulse duration modulation, 
while producing similar levels of muscle fatigue. Therefore, 
the frequency modulation was selected for our stimulating 
pulse generation algorithm, but the frequency modulation 
with fixed intensity was responsible for the deterioration 
in force tracing performance, which is in accordance 

with previous results (Binder-Macleod and McDermond, 
1992) showing that varying any stimulation parameters 
independently results in a nonlinear force response. Ad-
ditionally, both recruitment and rate coding strategies 
more effectively prevent fatigue than the use of indepen-
dent modulation alone (Johnson and Fuglevand, 2011). 
A pulse width and frequency co-modulation stimulation 
strategy based on sEMG time-domain features was recently 
proposed by our group (Zhou et al., 2016). Although the 
co-modulation strategy exhibited better voluntary force re-
production and more fatigue resistance than the traditional 
sEMG proportional control strategy, the high complexity 
of computation and transplantation to the wearable system 
requires further development. 

(3) In our current system, only one agonist muscle corre-
sponding with specific movement was chosen, whereas in 
reality, the smooth, continuous, and functional voluntary 
movement was performed by the agonist, stabilizer, and 
synergist together. Additionally, the most typical need for 
stroke survivors is finger and thumb extension, rather than 
wrist extension. Therefore, methods such as non-negative 
matrix factorization (Jiang et al., 2009, 2014) for extracting 
time-invariant synergies in multi-channel sEMG and multi-
pad electrode surface stimulation system (Malešević et al., 
2012; Popović-Maneski et al., 2013) are needed to realize 
multi-degree of freedom bridging-control movements.

In summary, the present study proposed a wearable EMG-
bridge system for real-time volitional hand motor function 

Figure 3 Prototype wearable EMG-bridge system.
(A) The prototype wearable EMG-bridge system. (B) The radio fre-
quency receiver board. (C) The self-designed integrated super-regener-
ative receiver chip in 0.35-mm complementary metal oxide semicon-
ductor. (1) Transmitting wearable band; (2) receiving wearable band; (3) 
on-off keying circuit (radio frequency transmitter); (4) super-regener-
ative receiver circuit (radio frequency receiver); (5) interface between 
sEMG electrodes and sEMG signal detecting circuit; (6) interface 
between functional electrical stimulation circuit and gelled stimulation 
electrodes; (7) surface Ag/AgCl electrocardiogram electrodes for sEMG 
signal acquisitions; (8) gelled stimulation electrodes (4 × 4 cm2). sEMG: 
Surface electromyography. 

Figure 4 Representative wrist torque trajectories of voluntary and 
stimulated using stimulation generation algorithms by selecting 
three ratios (Nk = 60%, 90%, and 120%) of surface 
electromyography mean absolute value in each movement trial for 
the thresholds (Subject B). 
Four isometric wrist movements from top to bottom involved slow 
extension, fast extension, slow flexion, and fast flexion. In each panel, 
the original torque tracks of voluntary motion, and the torque elicited 
by the algorithm based on three different thresholds, are presented in 
black, blue, red, and green, respectively.
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control to improve voluntary participation of hemiplegic 
patients. Movement of the controller’s hand can be regener-
ated on the hand under control with high accuracy and low 
latency. For future studies, the feasibility of wearable EMG-
bridge systems should be tested on hemiplegic patients using 
a contralaterally controlled FES paradigm to establish voli-
tional participation of paralyzed patients.

Declaration of participant consent: The authors certify that they have 

Figure 5 Three metrics (R, RMSE, and MBE) values for the three different thresholds of isometric wrist torque reproduction test. 
(A) Pearson correlation coefficient (R); (B) root mean square error (RMSE); (C) mean bias error (MBE). The results are shown as the mean ± SD (n 
= 6). *P ≤ 0.05, as determined by paired Wilcoxon signed-rank test.

Figure 6 Scatter plot of the two channels surface 
electromyography signals and decision boundary 
using the trained logistic regression classifier with 
optimized θ and thresholds (Nk = 90%) for off-line 
motion classification performed on datasets from six 
subjects.  
(A) Wrist flexion and extension (–θ1/θ2 = 1.05). (B) 
Grasp and finger extension (–θ1/θ2 = 1.01). (1) and (2) 
are the error classification results using logistic regres-
sion classifier. 

Figure 7 Representative measured waveforms of signals in the 
real-time bridging test using the wearable EMG-bridge system. 
Surface EMG was acquired from subject B and the loaded resistors 
between the stimulation terminals were 10 kΩ. (1) and (2) were surface 
EMG signals detected from the wrist flexor and wrist extensor, respec-
tively. (3) and (4) were Ch1 outputs (stimulation to the wrist flexor) and 
Ch2 outputs (stimulation to the wrist extensor) in the functional elec-
trical stimulation circuit, respectively. EMG: Electromyography. 

Figure 8 Representative results of the joint angles in the real-time 
bridging test using the wearable EMG-bridge system. 
(A, B) Normalized tracing trajectories of wrist joint (WJ) and mean 
metacarpal-phalangeal joint (MPJ) angles of the five fingers (5F-MPJ). 
The gray and black color curves represent the joint angle of the con-
troller (subject B) and the controlled (subject A). (C) Normalized 
cross-correlation (ρxy) function results between two WJ trajectories 
from the controller and the controlled. (D) The normalized cross-cor-
relation function results between the two 5F-MPJ trajectories from the 
controller and the controlled. s: Second.
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obtained all appropriate participant consent forms. In the form the partic-
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