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Abstract 

Objective. In the last decades, many EMG-controlled robotic devices were developed. Since 
stiffness control may be required to perform skillful interactions, different groups developed devices 
whose stiffness is real-time controlled based on EMG signal samples collected from the operator. 
However, this control strategy may be fatiguing. In this study, we proposed and experimentally 
validated a novel stiffness control strategy, based on the average muscle co-contraction estimated 
from EMG samples collected in the previous 1 or 2 seconds. Approach. Nine subjects performed a 
tracking task with their right wrist in five different sessions. In four sessions a haptic device (Hi-5) 
applied a sinusoidal perturbing torque. In Baseline session, co-contraction reduced the effect of the 
perturbation only by stiffening the wrist. In contrast, during aided sessions the perturbation amplitude 
was also reduced (mimicking the effect of additional stiffening provided by EMG-driven robotic 
device) either proportionally to the co-contraction exerted by the subject sample-by-sample 
(Proportional), or according to the average co-contraction exerted in the previous 1s (Integral 1s), or 
2s (Integral 2s). Task error, metabolic cost during the tracking task, perceived fatigue, and the median 
EMG frequency calculated during a sub-maximal isometric torque generation tasks that alternated 
with the tracking were compared across sessions. Main results. Positive effects of the reduction of 
the perturbation provided by co-contraction estimation was identified in all the investigated variables. 
Integral 1s session showed lower metabolic cost with respect to the Proportional session, and lower 
perceived fatigue with respect to both the Proportional and the Integral 2s sessions. Significance. This 
study’s results showed that controlling the stiffness of an EMG-driven robotic device proportionally 

https://orcid.org/0000-0002-3393-4956
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to the operator’s co-contraction, averaged in the previous 1s, represents the best control strategy 
because it required less metabolic cost and led to a lower perceived fatigue.  

 

1. Introduction 
The use of electromyographic (EMG) signals to control robotic systems [1], in particular limb 

prostheses [2] and exoskeletons [3], is a long standing idea. Since the EMG signal is occurring 30-
100 ms before the development of muscle tension, the motor command can be identified ahead of the 
movement thus potentially enabling a smooth and intuitive control of the robotic device without delay 
and without resistance in the case of an exoskeleton [3]. Therefore, many robotic devices have 
implemented force generated as a function of the operator muscles’ EMG [4]–[9]. Furthermore, 
skillful interaction control may require stiffness control [10]. Therefore, several groups have 
implemented real-time EMG based stiffness control of robotic devices [11]–[18]. However, in these 
previous studies, the robot’s stiffness was computed sample-by-sample from the operator’s EMG 
signal, a strategy that may not be optimal for the operator. In fact, subjects using such command 
strategy were observed to yield high stiffening [19] which may be very tiring. A command strategy 
that keeps the stiffness generated by the robot at a level that corresponds to the previous stiffness (i.e. 
the co-contraction) generated by the operator may be more appropriate. 

We therefore decided to test different command strategies for a robot’s stiffness control. In five 
sessions performed on different days, participants were asked to flex and extend their right wrist for 
tracking a virtual cursor while a haptic device applied a torque perturbation. During three out of five 
sessions (so-called “aided sessions”), the amplitude of the perturbation was reduced proportionally to 
the co-contraction of two antagonist wrist muscles (the Flexor Carpi Radialis and the Extensor Carpi 
Radialis). The reduction was performed in three different ways: the amplitude of the perturbation was 
reduced by the sample-by-sample co-contraction (Proportional sessions), by the mean co-contraction 
exerted during the previous 1 s (Integral 1s), or by the mean co-contraction exerted during the 
previous 2 s (Integral 2s). The effects of these three command strategies were investigated in terms 
of muscle fatigue, task error, energy consumption, and perceived fatigue. They were then compared 
with two other sessions, in which no reduction of the perturbation was provided (Baseline session) 
and in which no perturbative torque occurred (Control session).  

If subjects maintained a constant level of co-contraction, the three aided sessions would be 
indistinguishable in terms of performance, fatigue and metabolic cost. On the contrary, the Integral 
control strategies would allow the Central Nervous System to exploit different strategies that would 
generate the same tracking error with lower metabolic cost, e.g. increasing the co-contraction level 
during those phases in which the activation required to move the wrist was lower and reducing it 
when the activation required to move the wrist was higher. Since we expected that the Central 
Nervous System would exploit a less energy consuming solution, we hypothesize that an Integral 
control strategy would be preferable respect with the Proportional one. 

 

2. Methods 
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2.1. Participants  

The study was approved by the ethical committee of Imperial College London and all participants 
gave their informed consent prior to participation. Nine right-handed participants, aged between 24 
and 34 (mean ± std: 27.7 ± 4.0, 4 females), participated in the experiment. All participants were naïve 
to the experimental conditions and had no known neuromuscular disorder or recent injury on the right 
wrist. 

2.2. Setup  

Experiments were conducted using the Hi5 robotic interface [20]. This is a wrist interface fixed to a 
table on which the participant places the (right) arm, holds the handle, and interacts with wrist 
flexion/extension movements (Fig. 1A). The Hi5 is equipped with a DC motor (MSS8, Mavilor) 
which allows to program the torque exerted on the wrist joint, and a 5000 cycles per revolution 
differential encoder (RI 58-O, Hengstler) to measure the wrist angle. A torque sensor (TRT-100, 
Transducer Technologies) is also mounted between the rotating shaft and the handle of the device. 
Two steel bars, limiting the motion range for safety, are adjusted to each participant (Fig. 1B-C). The 
device is controlled via Labview Real-time v11.0 using a dedicated target PC computer running on a 
Real-Time OS that reads the sensor inputs, processes them, and sets the outputs (motor command to 
the servo amplifier) at 1kHz through a data acquisition card (DAQ-PCI-6221, National Instruments). 
Visual feedback of the participant’s wrist angle and exerted torque is provided on a monitor placed 
in front of the participant (Fig. 1D). The wrist angular position and torque are recorded at 100 Hz.  

 
Fig. 1: Setup and protocol. A-C. The Hi5 robotic wrist flexion/extension interface (A), with the wrist 
completely extended (B) and participant completely flexed (C). The steel bars against which the participant 

http://www.sciencedirect.com/topics/page/Neuromuscular_junction
http://www.sciencedirect.com/science/article/pii/S003193841500253X#f0005
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exerted the isometric force are indicated. (D) Visual display to the participant. The circle is the target of force 
or position that the participant had to reach. The circle was red if the participant was outside it, or green if the 
participant was within the boundaries. The blue bar displacement was proportional to the participant’s wrist 
position or to the torque the participant was exerting with their wrist. (E) Schematic of the setup in which the 
torque transducer, the motor, and the EMG positioning are indicated. (F) Experimental protocol. After the 
identification of the zero/rest position and the wrist range of motion, the maximum co-contraction was 
measured and used to normalize the EMG signals. Then the maximum voluntary torques (MVTi) in the flexion 
and extension directions were recorded and used to normalize the torque. Seven isometric tasks, in which the 
participant was asked to reach a torque target, alternated with six tracking tasks, in which the participant was 
asked to move their wrist to track a virtual cursor while an external perturbation was applied. The perturbation 
level did depend on the session. Finally, the participant was asked to exert the maximum voluntary torques 
(MVTf) again at the end of the session. 

Surface EMG signals of the Flexor Carpi Radialis (FCR) and the Extensor Carpi Radialis longus 
(ECR) muscles, which are prime movers of the wrist flexion and extension in a midway position [21], 
were recorded  (Fig. 1E). The electrode position was determined for each muscle based on the location 
suggested by the SENIAM project [22] and using functional maneuvers [23]. The area was cleansed 
with alcohol. Disposable pre-gelled adhesive electrodes (Kendall/Tyco H135SG) were fixed to the 
participant's skin (inter-electrode distance: ~1cm) and a ground electrode was fixed on the 
participant's lateral epicondyle. The EMG signals were pre-amplified using active clip connectors 
(g.GAMMAclip + g.GAMMABox, g.Tec, Austria) and amplified using a medically-certified 
amplifier (g.BSamp, g.Tec, Austria). Data were then collected at 1000 Hz using a A/D data 
acquisition card (NI 6221, National Instruments). EMG data were processed offline for subsequent 
analysis. A zero-lag fourth-order 20–500 Hz band-pass Butterworth filter was first used to filter out 
cable movements' artifacts and high frequency noise components. The signal was then rectified and 
low-pass filtered using a zero-lag fourth order Butterworth filter with 5 Hz cut-off frequency and 
resampled at 100 Hz. Data analysis was performed using custom made Matlab software and statistics 
with GraphPad Prism 5. 

2.3. Protocol  

Each participant performed five experimental sessions on five different days. The experimental 
protocol, illustrated in Fig.1(F), includes the following procedures: 

Setting of the zero, definition of the wrist range of motion and normalization. Participants’ 
forearm and hand were fixed to the Hi5 device. At the beginning of each session, participants were 
asked to place their wrist in the most comfortable position and to relax their muscles. This “rest 
position” was set as the reference position, relative to which participants were then asked to 
maximally flex and extend their wrist to reach the maximum angles they felt comfortable. Two steel 
bars were set at these maximum comfortable flexion (angleF, positive) and extension (angleE, 
negative) angles (Fig. 1(B-C)). Then the mean rest value was estimated when the participant was 
relaxing his/her forearm, as well as the mean maximum co- contraction, estimated when the 
participant maximally co-contracted his/her wrist such to keep a virtual cursor within a target 
positioned at 0° for 4s when a perturbation (3 Hz sinusoidal trajectory of 10° amplitude, 0°- centered) 
was applied [21]. 

The EMG data of both FCR and ECR were normalized with respect to the mean maximum co- 
contraction and the mean rest value was subtracted. Since a unique normalization across subjects may 
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hide the principal differences across different sessions, because weaker subjects may perceive all the 
sessions too hard and stronger subjects may perceive all the sessions too easy to be performed, a 
subject-specific normalization was used. Wrist extension and the corresponding torque that made the 
wrist to extend was considered as positive, while wrist flexions and the corresponding torques that 
made the wrist to flex were negative.  

Initial Maximum Voluntary Torques (MVTi) exertion and Borg scale administration. 
Participants were asked to flex their wrist until it reached the steel bar placed at angleF and to exert 
the maximum torque against it until the monitor scene changed (MVTFi block). The whole flexion 
block lasted 10 s. Participants were then asked to relax for 5 s and to extend their wrist until it reached 
the steel bar placed at angleE and to exert the maximum torque against it until the monitor scene 
changed (MVTEi block). The whole extension block also lasted 10 s. After 5 s of relaxation both MVT 
blocks were repeated a second time. During all the repetitions participants were encouraged to exert 
their maximum torque with verbal encouragements like “go”, or ”more” [24]. The MVTFi (MVTEi) 
was defined as the negative (positive) peak of torque calculated during the two repetitions of the 
MVTFi (MVTEi) block, respectively. The Borg RPE CR10 scale [25] was used to identify the 
participant perceived exertion. 

Isometric task. During the next block (Isometric torque block), visual feedback of the exerted 
isometric torque was provided to the participant as the displacement of a blue cursor bar (Fig. 2, upper 
panel). The block was composed of two trials: the first required the generation of an isometric flexion 
torque and the second the generation of an isometric extension torque. During the generation of the 
isometric flexion (extension) torque a circular target was displayed in a position that corresponded to 
20% MVTFi (MVTEi), with a radius of 2% MVTFi (MVTEi) (red/green circle in Fig. 2). Therefore, the 
participant was asked to flex (extend) their wrist and exert a force against the steel bar, such as to 
move the cursor inside the target and keep it within for 2 s. The target color was red when the cursor 
was outside the target (i.e. the participant did not match the isometric torque target) and green when 
the cursor was inside the target (i.e. the participant exerted a torque within the target boundaries). The 
isometric task was repeated 7 times, alternated with a tracking task (see below), and it allowed to 
calculate the time-course of fatigue, measured as the median frequency of the EMG signal collected 
from the ECR and the FCR, during the experiment. 
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Fig. 2: Isometric (upper) and tracking (lower) tasks. 

Tracking task. After 2 s rest, participants were asked to flex/extend their wrist for 30 s in order to 
track the circular target. Participants received feedback of the wrist angle as the displacement of a 
blue cursor bar (Fig. 2, lower panel). The spherical target had a radius corresponding to 2% of the 
minimum between angleF and angleE and moved with a sinusoidal motion whose amplitude was 80% 
of the minimum between angleF and angleE. The amplitude of the first half of the sinusoid grew with 
time to permit participants to better adapt to the task. The target frequency was set such that in 30 s 
the target made 7 complete sinusoids (frequency 0.23 Hz). This frequency allowed participants to 
easily track the target. The target became red if the cursor was outside the target and green if it was 
inside it. 

During the tracking, the test bench motors applied a 3 Hz sinusoidal torque perturbation at the 
wrist with a varying amplitude, depending on the implemented command strategy as described below. 
During the task, if the experimenter noticed a performance reduction, vocal gratifications and 
encouragement (e.g. “try to do better”, “you are going well”, “you are improving your performance”) 
were given to the participant such as to help them focusing on the task. The tracking task was repeated 
six times, alternated with the isometric task (see above Fig. 1(F)).  

Command strategies. The participant could reduce the effect of the torque perturbation in different 
ways, depending on the specific strategy implemented in each session: 

• Baseline session: the torque perturbation amplitude was set to 10% of the mean absolute 
value between MVTFi and MVTEi. During this session, participants could reject the 
perturbation by stiffening their wrist. 
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• Proportional session: the torque perturbation amplitude was set to 10% of the mean 
absolute value between MVTFi and MVTEi. However, the amplitude of the perturbation 
was reduced proportionally to the sample-by-sample co-contraction (see Fig. 3). Co-
contraction was defined as the minimum between the FCR and ECR sEMG signals, 
normalized to the maximum voluntary co-contraction. The perturbation amplitude 
assumed its maximum value if no co-contraction was detected and it was = 0 if the co-
contraction was >= 0.25. This command strategy was inspired by the command 
implemented in exoskeletons to enhance the operator’s force based on the EMG signal 
[3], [13].  

• Integral 1s session: similar to the proportional session, but with the perturbation 
amplitude reduced proportionally to the mean co-contraction exerted by the participant 1 
s before the current time.  

• Integral 2s session: similar to the Integral 1s session with perturbation amplitude reduced 
proportionally to the mean co-contraction exerted 2 s before the current time.  

• Control session: no perturbation was applied to the participant during the tracking. 

The Baseline session was performed on the first day, the aided sessions (Proportional, Integral 1s 
and Integral 2s) were randomly shuffled for each participant and were performed during the second, 
third and fourth days, and the Control session was performed on the fifth day. The aided sessions 
were simulating the aid performed by an external device and the threshold level of 0.25 of co-
contraction identified the level over which the device exerts its maximum aid. Since the purpose of 
the simulated external device was to avoid fatigue in the operator, the value of 0.25 was defined 
because it was a non-fatiguing contraction. In fact, the complete pool of the motor units of one muscle 
was commonly recruited for activations higher than 0.5 of the maximum voluntary contraction, as 
showed in the literature [26]. 

 

Fig. 3: Co-contraction (upper figures) and torques (lower figures) exerted during a time interval in which the 
target moves along a complete sinusoid. The red lines in the co-contraction panels of the aided sessions indicate 
the 0.25 threshold above which no torque perturbation is delivered. 
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Final Maximum Voluntary Torques (MVTf) exertion and Borg scale administration. After the 
last isometric task, repetition the participant was asked to exert again the maximum voluntary torque 
of flexion (MVTEf), and extension (MVTFf) as previously described for the calculation of MVTFi and 
MVTEi. At the very end of the experiment, the rating of perceived exertion, based on the Borg RPE 
CR10 scale, was communicated by the participant. 

2.4. Task error during tracking  

The task error e that participants committed during the tracking task was calculated for each session 
and subject as  

𝑒 = #∑ %𝑤!" − 𝑡!")
#$!"#$%&!

"%&
𝑛'!()*+'

 

with 𝑤! the wrist angle, 𝑡! the target angle, 𝑛'!()*+' the number of samples acquired during each 
repetition. Since a decrease in the task error was observed between the first and the other repetitions 
of the baseline session (see Fig. 4), probably due to the familiarization with the task, the first repetition 
of each session was excluded from the statistical analysis. 

 
Fig. 4: Task error committed by each participant during all the repetition of the Baseline session. A consistent 
decrease was observed between the first and the second repetitions. 

2.5. Metabolic cost during tracking  

The metabolic cost ɛ was calculated during the tracking task of all the sessions as  

ɛ =, (𝑚,-.
# +𝑚/-.

# )
$!"#$%&!

"%&
 



Daniele Borzelli et al 2020 J. Neural Eng. 17 016058 
Doi: 10.1088/1741-2552/ab6d88 
https://iopscience.iop.org/article/10.1088/1741-2552/ab6d88 

 9 

where 𝑚,-. and 𝑚/-. were the recorded activations of the ECR and the FCR respectively. Raw 
EMG data, second order Butterworth band-pass filtered between 20 and 500 Hz were used. The 
energy consumption was evaluated for each participant, session, and repetition. Consistently with the 
analysis performed on task error, the first repetition of all the sessions was excluded from the 
statistical analysis of the energy consumption.  

2.6. Perceived fatigue 

The overall perceived fatigue was expressed by the participant based on the Borg RPE CR10 scale, 
which was filled at the beginning (PFi) and at the end (PFf) of each session. The PFi was measured to 
identify if there was a bias in the perceived fatigue, while the PFf to compare the perceived fatigue 
across sessions. 

2.7. Median EMG frequency during the isometric task 

The raw EMGs, recorded at 1000 Hz during all the repetitions of the isometric flexion and 
extension tasks, were Butterworth second order filtered between 20 and 500 Hz to calculate the 
Welch’s power spectral density 𝑃𝑆(𝑓) [27] and to estimate muscular fatigue. The Welch’s power 
spectral density, which is a function of the frequency f, was calculated for each repetition of both the 
flexion and extension tasks, with a number of overlapping points equal to 500 (0.5 s), with the Matlab 
function ‘pwelch’. To examine fatigue, we considered the median frequency 𝐹(+0"!$ that separates 
the EMG power spectrum into two parts of equal energy [28]: 

5 𝑃𝑆(𝑓) ∙ 𝑑𝑓
/#&'(")

1*
= 5 𝑃𝑆(𝑓) ∙ 𝑑𝑓

1+

/#&'(")

 

where 𝑓&=20Hz and 𝑓#=500Hz define the bandwidth of the sEMG signal. The ECR and FCR median 
frequencies were calculated during each repetition of each session of both flexion and extension 
isometric tasks. The increase of the median frequency indicated the occurrence of fatigue and the 
regression of the median frequency [26] on the repetition was calculated from the FCR, during the 
isometric flexion task, and from the ECR, during the extension task, for each participant and each 
session. 

2.8. Statistics 

The Friedman test for paired non-parametric data was performed to identify significant differences 
between the perceived fatigues at the beginning and end of the different sessions, and a Wilcoxon 
signed-rank test was used as post-hoc test to identify differences among perceived fatigue in pairs of 
sessions. One-way repeated measures ANOVA was performed to identify significant differences 
between the MVTFi and the MVTEi, and the slopes of the median frequency, across different 
repetitions. Two-way repeated measurements ANOVA was performed to identify significant 
differences among the task error and the metabolic cost calculated during different sessions and 
repetitions.  Paired t-test was implemented as post-hoc test to identify differences among data 
collected during pairs of sessions. The GraphPad Prism 5 software was used to perform statistical 
analysis.  
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3. Results 

During the tracking task, the participants were able to both track the cursor and to increase the co-
contraction level such as to reduce the torque perturbation. Therefore, they were able to coordinate 
muscles such as to simultaneously track the target and modulate stiffness (see Fig. 5). 

 
Fig. 5: Example of one repetition of the tracking task. Target angle, ECR and FCR activations (Butterworth 
2nd order filtered between 20 and 500 Hz, rectified, resampled at 100 Hz, baseline subtracted and 
normalized, and averaged across the repetitions of the dynamic task), co-contraction, wrist angular error 
(intended as the difference between the participant’s wrist angle and the target angle, averaged across the 
repetitions of the dynamic task), and metabolic cost (intended as the square sum of the ECR and FCR) 
recorded from participant 1 are shown. Different colors correspond to different sessions. 

The simultaneous activation of ECR and FCR muscles were not ascribed to pick-up of the signal 
from one muscle by the electrode on the other muscle (cross-talk). In fact, during the tasks in which 
no co-contraction was required (i.e the MVT and the isometric tasks) a clear distinction between the 
activations of the agonist and the antagonist muscles was observed (e.g. see Fig. 6). 
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Fig. 6: Example of muscle activations recorded during two repetitions of the MVTi and isometric tasks. ECR 
(red lines) and FCR (blue lines) activations (Butterworth 2nd order filtered between 20 and 500 Hz, rectified, 
resampled at 100 Hz, baseline subtracted and normalized) recorded during a flexion (up-left panel) and an 
extension (up-right) MVTi tasks and during a flexion (down-left panel) and an extension (down-right) 
isometric tasks, performed by participant 1.  

 

 

3.1. Initial maximum voluntary torques 

No difference among the MVT exerted at the beginning of different sessions (see Fig. 7) was detected 
during both the flexion and extension tasks (ANOVA on MVTEi. p= 0.767; MVTFi, p= 0.636), thus 
we conclude that there was no bias in the initial fatiguing. 

 

Fig. 7: Initial maximum voluntary extension torque (left), and flexion torque (right), averaged over the 
participants (mean ± std). 
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3.2. Task error during tracking task  

The task error was calculated during all the repetitions of the tracking task of each session, 

performed by each participant (see Fig. 8(A))

 
Fig. 8: Task error. (A) Examples of the task error by participant 1 during each repetition and session. (B) Mean 
± std among all participants and repetitions of the task error for the different sessions. 

Main effects in the differences in task error across repetitions and sessions were analyzed using 
a two-way ANOVA. Post-hoc test on pairs of sessions (paired t-test) identified a difference between 
the task error calculated during the Baseline session with respect to all the other sessions (p < 0.001 
in all conditions). No difference in task error was identified between the Proportional session and the 
Integral 1s (p > 0.854) or Integral 2s (p > 0.579) sessions as well as between the Integral 1s and 
Integral 2s (p > 0.338) sessions.  

Task error, averaged among participants and repetitions, was higher in the Baseline session than 
in all other sessions (see Fig. 8(B)). Therefore, we can conclude that if the torque perturbation is 
reduced by an external aid, whose action is correlated to the level of co-contraction, beneficial effects 
in terms of task error could be identified. However, since there was no statistical difference between 
the aided sessions, nothing could be said about the command strategy that guarantees minimum error.   

3.3. Metabolic cost during the tracking task  

The metabolic cost was calculated during all the repetitions of the tracking task of each session, 
performed by each participant (see Fig. 9(A)). 
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Fig. 9: Metabolic cost. (A) Examples of the energy consumption of participant 1 during each repetition and 
session. (B) Mean ± std among all participants and repetitions of the energy consumption for the different 
sessions. 

Differences in metabolic cost across repetitions and sessions were tested with a two-way repeated 
measure ANOVA. A main effect of both sessions and repetitions was found (p < 0.001). A post-hoc 
test on pairs of sessions (paired t-test) identified a difference between the metabolic cost calculated 
during the baseline session with respect to all the other sessions (p < 0.001), between the control 
session and all the other sessions (p < 0.001), as well as between the Proportional and Integral 1s 
sessions (p < 0.006). No difference was identified between the metabolic cost calculated during the 
Proportional and Integral 2s sessions (p > 0.063) as well as between Integral 1s and Integral 2s 
sessions (p > 0.309).  

Consistently with the analysis performed on the task error, the metabolic cost, averaged among 
participants and repetitions, calculated during the Baseline session was higher than during all other 
sessions (see Fig. 9(B)). Moreover, the metabolic cost calculated during the Control session was lower 
than during all other sessions. Among the aided sessions, the metabolic cost calculated during the 
Proportional session was the highest, while the metabolic cost calculated during the Integral 1s 
session was the lowest. Therefore, we can conclude that if the torque perturbation is reduced by an 
external aid, beneficial effects in terms of metabolic cost could be identified. On the other hand, the 
Integral 1s session led to a lower metabolic cost with respect to the Proportional session. This 
metabolic cost reduction was not due to a task error augmentation. However, since no statistical 
difference was identified between the Integral 2s session with respect to both the Proportional and 
the Integral 1s session, nothing could be said about the best command strategy between the proposed 
ones. 

3.4. Median frequency  

The median frequency of the EMG signal of FCR, recorded during the exertion of the isometric 
flexion torque, and ECR, recorded during the exertion of the isometric extension torque, was 
calculated during each repetition (see Fig. 10(A)). The increase of the median frequency, which is a 
consequence of the higher number of motor units recruited during the task, is indicative of fatigue 
[26]. In particular, the increase of the median frequency, indicated by the positive slope of the 
regression line of the median frequency as a function of task repetition number, can be used to assess 
muscular fatigue. The regression slope was calculated for FCR during the isometric flexion task, and 
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for ECR during the extension task, for each participant and session. The Difference in the slopes 
across sessions was examined using a one-way ANOVA repeated measure.  

 

Fig. 10: Median frequency and perceived fatigue. (A) Example of the median frequency of Participant 1 in the 
ECR (left, calculated during all the repetitions of the extension isometric task) and FCR (right, calculated 
during all the repetitions of the flexion isometric task). (B) Slope of the regression of the median frequency as 
a function of repetition number for ECR (left) and FCR (right) in each session (mean ± std across participants). 
(C) Initial (grey) and final (black) perceived fatigue of each session based on the RPE CR10 Borg scale. 

There was an effect of session on the ECR slopes (p < 0.003). Post-hoc test on pairs of sessions 
(paired t-test) identified a statistically significant difference between the median frequency slope 
recorded during the Baseline session with respect to all other sessions (p-value with respect to 
Proportional: 0.041, relative to Integral 1s: 0.006, Integral 2s: 0.017, Control: 0.006), and between 
the Integral 2s session with respect Control session (p > 0.019) (Figure 10(B), left). No statistical 
difference was identified between the slope recorded during the Proportional session with respect to 
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the Integral 1s (p > 0.446) session, the Integral 2s (p > 0.963), and the Control (p > 0.122) sessions 
and between Integral 1s with respect to the Integral 2s (p > 0.260) and Control (p > 0.903) sessions. 
While an increase of the median frequency was identified along repetitions, some sessions showed a 
decrease of the metabolic cost along repetitions (e.g. see Baseline, Proportional, and Integral 1 s in 
Fig. 9(A)). This was not surprising because the metabolic cost was calculated from the amplitude of 
the muscle activations, while the median frequency from its frequency, two measures that are not 
necessarily related [29], and the discrepancy could be due to the recruitment of different pools of 
motor units during different repetitions (e.g. fast fatiguing motor units may be recruited during the 
only initial repetitions). 

There was also an effect of session on the FCR slopes (p < 0.006). Post-hoc test on pairs of 
sessions (paired t-test) identified a difference between the median frequency slope recorded during 
the Baseline session with respect to all the other sessions (p-value with respect to Proportional: 0.025, 
Integral 1s: 0.027, Integral 2s: 0.022, Control: 0.031) (Figure 10(B), right). No statistical difference 
was identified between the slope recorded during the Proportional session with respect to the Integral 
1s session (p > 0.854), the Integral 2s (p > 0.952), and the Control (p > 0.478) sessions, between the 
Integral 1s with respect to the Integral 2s (p > 0.916) and the Control (p > 0.234) sessions, and between 
the  Integral 2s with respect to the Control (p > 0.316) sessions. 

In sum, the higher slope of the median frequency of both ECR and FCR in the Baseline session 
with respect to all the other sessions (see Fig. 10(B)) indicated that higher fatigue occurred if no aid 
was provided. 

3.5. Perceived fatigue 

The fatigue perceived by the participants at the beginning of each session were compared with a 
Friedman test for paired samples. The same Friedman test was used to test the statistical difference 
between the fatigue each participant perceived at the end of each session. Consistently with the MVTi, 
no effect of session was identified in the perceived fatigue at the beginning of the experiment (p > 
0.653). Therefore, no bias in the perceived fatigue at the beginning of the session could be identified 
across sessions. However, there was a significant effect of session on the perceived fatigue at the end 
of the session (p < 0.001). In particular, post-hoc test on pairs of sessions (Wilcoxon signed-rank test) 
identified a statistically significant difference in the fatigue perceived at the end of the Baseline 
session with respect to all the other sessions (Wilcoxon test of difference with respect to Proportional: 
p < 0.023, Integral 1s: p < 0.015, Integral 2s: p < 0.026, Control: p < 0.009), between the fatigue 
perceived at the end of Integral 1s with respect to the Proportional (p < 0.012) and Integral 2s (p < 
0.019) sessions, and between the Control session with respect to the Proportional (p < 0.009) and the 
Integral 2s (p < 0.023) sessions. No statistically significant difference was found between the fatigue 
perceived at the end of the Proportional with respect to the Integral 2s (p > 0.824) sessions and 
between Integral 1s with respect to the Control (p > 0.081) sessions. 

The fatigue perceived at the end of the Baseline session, averaged across all participants, was 
higher than the fatigue perceived at the end of all the other sessions, which suggested that participants 
perceived the Baseline as the most fatiguing session (Fig. 10(C)). The fatigue perceived at the end of 
the Integral 1s session and at the end of the Control sessions were lower with respect to the fatigue 
perceived at the end of all the other sessions, suggesting that participants perceived the Integral 1s 
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and the Control as the less fatiguing sessions. Since there was no difference between sessions in the 
initial trial, differences among the perceived fatigue at the end of the session are not due to initial 
biases.  

 

4. Discussion 

In this study, we experimentally compared different stiffness control strategies of an EMG-driven 
robotic device. Subjects performed a tracking task with their right wrist, during five experimental 
sessions, while a perturbative sinusoidal torque was applied by a haptic device. We demonstrated that 
a strategy that increased the robotic device stiffness via software, based on the previous co-contraction 
estimated from EMG, led to beneficial effects in terms of metabolic cost, tracking error and perceived 
fatigue. Lower fatigue was perceived if the torque was reduced proportionally to the mean co-
contraction calculated in the previous 1 s. 

Previous studies demonstrated that human subjects increase the stiffness of their limb to reject 
perturbations [30]–[32] or to perform tasks that require high accuracy [33], [34]. Therefore, different 
groups implemented a control of stiffness in their robotic devices, based on the EMG signal collected 
from the operator [11]–[16]. However, the stiffness modulation was achieved sample-by-sample 
proportionally to the stiffness estimated from the EMG signal collected from the operator. 

Since operators were demonstrated to prefer working with high stiffening levels [19], a sample-
by-sample strategy may lead to fatigue, which may compromise the positive effect of the robotic 
device and would reduce the feasible strategies the operator may exploit during the task. Therefore, 
we proposed to control the stiffness of a robotic device not proportionally to the co-contraction 
calculated at a single time sample (Proportional session), but according to the co-contraction 
calculated in a specific preceding time interval, in particular equal to 1 s (Integral 1s) or 2 s (Integral 
2s). We investigated the effects of these three command strategies in terms of muscle fatigue, task 
error, metabolic cost, and perceived fatigue. The aided sessions (Proportional, Integral 1s, and 
Integral 2s sessions) were compared with a non-aided session (Baseline), in which no perturbation 
reduction was made via software, and a non-perturbed session (Control), in which participants were 
required only to track the target without stiffening the limb. 

Beneficial effects of an external aid 

Participants were able to flex and extend the wrist, to track a virtual cursor, and to increase co-
contraction at the same time. These were two competing requirements because tracking required a 
selective activation of one muscle, with a consequent inhibition of the antagonist, and stiffening 
required the simultaneous recruitment of both muscles. This indicates that the CNS can modulate the 
muscle activations of antagonistic muscle such as to satisfy both competing tasks at the same time. 

The median frequency of the EMG signal, calculated during sub-maximal isometric tasks that 
alternated with the tracking task during all sessions, was investigated to assess muscular fatigue [26]. 
Since an increase of the median frequency was observed, we concluded that both the FCR and the 
ECR muscles were fatiguing during all the sessions. However, a higher slope was identified during 
the Baseline session than in aided sessions, suggesting that all command strategies used to aid the 
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performance of the task in presence of a perturbation succeeded in reducing fatigue. Reduced task 
error and reduced metabolic cost were observed during the tracking tasks performed during the aided 
sessions, as well as a reduced fatigue was perceived by participants at the end of aided sessions. All 
these results support the hypothesis that an external device, which modulates its stiffness based on 
the stiffness exerted by the operator, estimated from the EMG signal, leads to beneficial effects. 

Preferable command strategy 

A lower metabolic cost was identified during the Integral 1s and the Integral 2s sessions with respect 
to the Proportional session. Since this observation was not accompanied with differences in the 
tracking error across aided sessions, we could conclude that participants preferred a command 
strategy based on the mean co-contraction over a time interval rather than sample-by-sample to reduce 
the external perturbation. In fact, the Integral strategy allowed to exploite a larger range of muscle 
control strategies to be used to achieve the same performance with a lower metabolic cost. During a 
dynamic task, the muscles involved in the movement generate different levels of force, depending 
on the limb posture and joint velocities, given that muscle tension depends on the velocity of 
contraction and the fiber length [35]. If the Proportional strategy is implemented in a task that 
requires additional co-contraction, the operator would need to increase the activation of his/her 
muscles to achieve, at least, the minimum required for the desired performance, during the whole 
trial. On the contrary, an Integral control strategy allows to co-contract more only during those 
phases of the trial in which less effort (i.e. less muscle activity) is required. This latter strategy 
would then result in a reduced metabolic cost for the same trial performance. Had the participants 
exerted a constant co-contraction during the whole trial, which is the optimal strategy with 
Proportional control, they would not have been able to discern among the aided sessions. Since 
participants generated non-constant levels of co-contraction across the trial, associated with non-
constant metabolic cost (see Fig. 5, bottom panel), the Integral control strategy permits a higher 
flexibility to the Central Nervous System. In contrast, a feedback based on the activity collected in 
the previous 2 s, as in the Integral 2 s control strategy, may be too delayed to allow the participant to 
identify a cause-effect relation between the voluntary co-contraction modulation and the perceived 
perturbation reduction.   

While there was no statistically significant difference among the metabolic cost calculated during 
the Integral 1s and Integral 2s sessions, participants felt lower fatigue using the Integral 1s than the 
Integral 2s or Proportional command strategies. We thus can propose that the Integral 1s session is 
preferable to the other command strategies tested here. 

Significance and applications 

We questioned whether a Proportional strategy, largely implemented in myo-controlled robotic 
devices for the control of force [7], could also be an optimal solution for the control of stiffness. Since 
the strategy based on the mean stiffness estimated from the operator in the previous 1 s was identified 
to be preferable, we propose that two separate strategies could be implemented for the control of force 
(Proportional) and stiffness (Integral 1 s). Similarly, the Central Nervous System has been shown to 
independently control the muscles to move and to stiffen a limb [36].  
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The proposed control strategy could be implemented in any myo-controlled robotic device 
designed to aid the operator during dynamic tasks in which stiffening may be required, e.g. industrial, 
medical, or military exoskeletons, prosthesis, or myo-controlled robots. It could also be coupled with 
EMG-driven musculoskeletal models for the real-time estimation of the stiffness generated by the 
operator [37].  

Limitations in the study 

Similarly to previous studies, which estimated the stiffness of a participant based on the activation of 
only two muscles [38-44], we reduced the amplitude of the perturbation proportionally to the co-
contraction of two antagonist wrist muscles. However, many more muscles act on the same joint, and 
recording the activity of only two muscles reduces the redundancy of the musculoskeletal system that 
could be exploited to control the stiffness of the robotic device. Therefore, the command strategies 
that we propose should benefit from a more accurate estimation of the stiffness generated by the 
operator, estimated from the EMG signals acquired from additional muscles acting on additional 
joints [14], [37], [45-47]. However, we do not expect substantial differences in the results because 
different subjective (perceived fatigue) and objective variables were investigated, during both an 
isometric task (median frequency of EMG) and a dynamic task (task error and metabolic cost). In 
future work, the results we obtained should be tested during other tasks performed with more joints. 

If the robotic device were required to generate a rapidly changing stiffness pattern, the Integral 
command strategy would likely not work properly, because of the delay introduced by the integration. 
However, in practice, in many tasks requiring stiffness modulation a rapid change in stiffness is not 
necessary, and a slow modulation of stiffness is usually enough to succeed in the task. For example, 
the stiffness modulation that is always required at the beginning and at the end of the task  can be 
prepared in advance and achieved gradually.  

The direction of the changes in median frequency due to fatigue depends on the specific 
fatiguing paradigm. In fact, the effect of fatigue identified during a long-lasting high effort isometric 
force generation is the reduction of the median frequency of the EMG signal [29], due to the 
recruitment order and the changes in the characteristics of the recruited motor units. On the contrary, 
during low contractions (20% 30% MVC), as the active muscle fibers become fatigued, subjects 
incrementally increase the motor unit firing rate as a function of the elapsed time during maximal 
effort [48]–[51]. Therefore, since in this study subjects were asked to generate a low isometric force 
for only 2 s, the fatiguing mechanisms due to a long-lasting contraction may not be involved and, 
therefore, we could identify the effect of fatigue as the increase of the median frequency.  

Finally, this study compared three command strategies that differ in the time samples 
exploited to calculate the co-contraction: 2 s interval (Integral 2s), 1 s interval (Integral 1s) and 1-
time sample (Proportional). However, a better solution might be identified using other, possibly 
intermediate, integration intervals and other time samples. Therefore, the identification of the optimal 
time samples on which to calculate the level of co-contraction should be tested on a larger set of 
conditions. Moreover, the optimal time may depend on the task, on the perturbation, and on the joint 
from which the signal is calculated.  

Conclusion 
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In conclusion, in this study we tested the beneficial effects, in terms of muscle fatigue, energy 
consumption, tracking error, and perceived fatigue, that a human operator would have during a 
tracking task, performed with the wrist, if s/he uses an external device that reduces external 
perturbations based on the operator’s co-contraction of antagonist muscles. The preferred command 
strategy modulated the stiffness of the robotic device based on the level of co-contraction collected 
during the previous 1 s.  

This study aimed at identifying the best command strategy for controlling a robotic device 
aiding an operator to increase stiffness during tasks in a perturbative environment or that requires 
high accuracy. Such command strategy could be implemented in different robotic devices, such as 
exoskeletons, prostheses, and robots, developed for different purposes, such as rehabilitation, 
medical, military, or industrial purposes. 
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