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Myoelectric Interfaces
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Abstract—Myoelectric controlled interfaces have become a
research interest for use in advanced prostheses, exoskeletons,
and robot teleoperation. Current research focuses on improving a
user’s initial performance, either by training a decoding function
for a specific user or implementing “intuitive” mapping functions
as decoders. However, both approaches are limiting, with the
former being subject specific, and the latter task specific. This
paper proposes a paradigm shift on myoelectric interfaces by
embedding the human as controller of the system to be operated.
Using abstract mapping functions between myoelectric activity
and control actions for a task, this study shows that human
subjects are able to control an artificial system with increasing
efficiency by just /earning how to control it. The method efficacy
is tested by using two different control tasks and four different
abstract mappings relating upper limb muscle activity to control
actions for those tasks. The results show that all subjects were
able to learn the mappings and improve their performance over
time. More interestingly, a chronological evaluation across trials
reveals that the learning curves transfer across subsequent trials
having the same mapping, independent of the tasks to be executed.
This implies that new muscle synergies are developed and refined
relative to the mapping used by the control task, suggesting that
maximal performance may be achieved by learning a constant,
arbitrary mapping function rather than dynamic subject- or
task-specific functions. Moreover, the results indicate that the
method may extend to the neural control of any device or robot,
without limitations for anthropomorphism or human-related
counterparts.

Index Terms—Electromyography, human-robot interaction,
motor learning, myoelectric control, real-time systems.

I. INTRODUCTION

YOELECTRIC controlled interfaces have become

a major research area in recent years due to their
applications in advanced prostheses, exoskeletons, and robot
teleoperation. Advances in electroencephalographic (EEG)
and electromyographic (EMGQG) signal detection and processing
have given researchers reliable and noninvasive access to
brain and muscle activity, which has shifted research in pros-
thetics, exoskeletons, and teleoperation towards establishing
a connection between electromechanical systems and humans
[1]. This technology offers promise to help amputees regain
independence [2]-[4], humans to perform tasks beyond their
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physical capabilities [5]-[7], and robotic devices and machines
to be teleoperated with precision [8]-[13].

The main challenge in myoelectric controlled interfaces
lies in decoding neural signals to commands capable of oper-
ating the desired application. Many decoding algorithms have
been developed using machine learning techniques, but these
currently suffer from subject specificity and require intense
training phases before any real-time application is feasible
[14]-{17]. A few other approaches have implemented simple
decoders meant to be intuitive for users to control simple
commands, but these intuitive mappings suffer from task
specificity and assume that intuitive commands translate to
maximal performance for a given task [18], [19]. In both cases,
the decoders are designed to maximize the initial performance
of the user, which does not take advantage of a human’s natural
ability to form inverse models of space [20], [21], optimize
control strategies [22], [23] and learn new muscle synergies
[24] while completing precise physical tasks. Thus, these ap-
proaches do not necessarily provide a foundation for maximal
performance over time. Before presenting the novelty of the
proposed technique, it is useful to give the definitions of two
concepts that will be frequently used in the paper.

1) Control task: task to be executed by the subject using the
myoelectric interface, implying both the device to be con-
trolled (e.g., a robot hand) as well as its possible functions
(e.g., open/close fingers etc.);

2) Mapping function: mathematical function that maps myo-
electric activity to control actions for the task, e.g., a func-
tion that will translate myoelectric signals to opening the
fingers of a robot hand.

This paper proposes a paradigm shift on myoelectric con-
trol interfaces that extends beyond using trainable decoders, by
suggesting arbitrary mapping functions between the neural ac-
tivity and the control actions. More specifically, this paper in-
vestigates user performance with myoelectric interfaces and ar-
bitrary mapping functions which were neither designed for the
subject nor the task. By expanding on recent conclusions that
online closed loop feedback control is advantageous and effec-
tive for learning decoders in myoelectric interfaces [25]-[28],
the contribution of this paper is twofold.

1) We demonstrate that a user-specific decoder is not required
for myoelectric interfaces, as arbitrary mapping functions
can be learned without need for intuitive mappings.

2) Evidence is provided that prior learning and muscle syn-
ergies developed from a specific mapping function are re-
tained and can transfer to new tasks.

While Pistohl ef al. have recently evaluated performance of
proportional control of multi-fingered prostheses with respect
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to simple 2-D cursor controls [28], to the best of the authors’
knowledge, no other study has evaluated the transfer of learning
for multiple control tasks nor the performance of mapping func-
tions with regard to myoelectric control.

Four distinct mapping functions are used to control a set of
two distinct tasks, using EMG signals as commands. EMG sig-
nals are collected from two biomechanically independent pairs
of antagonistic muscles to encourage flexible control of the task
space [24] and avoid low-level habitual synergies that have been
shown to hinder user control of the task space [29]. Evaluating
user control for a given trial consisting of a single task, using a
specific mapping function, provides information about learning
and inferred muscle synergy development. Chronological eval-
uation of all trials then provides information about the influ-
ence of previous trials on performance and reveals a transfer of
learning significantly dependent on the previous use of a given
mapping function.

Therestofthe paperisorganized as follows: Section Il explores
related works involving decoders for myoelectric controlled in-
terfaces. Section III details the method used for this experiment.
SectionV presents theresults of the experiments and supports the
major findings. Finally, Section V concludes the paper with a brief
discussion and summary ofthe contribution.

II. RELATED WORK

Decoding neural signals has been the main research focus
for improving performance of myoelectric controlled interfaces
since their first implementation in the 1970s [30]. Since that
time, many algorithms have been developed to train a decoder
specifically for a given user. Machine learning techniques are
used to develop a specific decoder based on a set of training
data. Classification techniques such as neural networks [2],
[31], support vector machines [12], [15], [17] and random
forests [32], among others, are commonly used for a discrete
set of commands. For continuous commands, black-box mod-
eling [11] and regression methods [33] are most common.
However, studies by Ajiboye et al. have suggested that only
a sparse set of natural muscle synergies are user-independent
and form a low-level basis for muscle control [34]. Moreover,
the system is highly nonlinear and it is very difficult to achieve
good decoding accuracy even when it is trained on a single user
[35]. As a result, these machine learning techniques currently
result in decoders that are highly user-specific, training inten-
sive, and limited in accuracy, all of which hinder the general
performance of myoelectric controlled interfaces.

Other decoding methods focus on providing simple, intuitive
commands for using myoelectric signals to control an inter-
face with predefined actions. Nilas et al. [19] created Morse
code-like commands using EMG signals of two muscles to rep-
resent dots and dashes which can control primitive movements
on a robot. Cipriani et al. [18] also used two opposing mus-
cles to concoct higher level commands based on levels of ac-
tivation. While they were able to produce encouraging results,
their “intuitiveness-based” commands were task specific. The
former study is only for tasks where minimal user interaction
commands longer performing actions, and the latter produces
only a finite set of commands for a fixed set of predefined ac-

tions. In both cases, the predefined actions limit users’ ability to
improve performance by learning to better control the system.

Alternatively, work has been done to investigate how well
humans can learn the inverse model of a predefined decoding
function. Héliot et al. [36] assume a model of the brain to con-
vert firing neurons to z and y position of an end-effector for
common center to reach out tasks. The algorithm consists of a
decoding function, inverse model, and feedback controller. This
model simulates how the brain modifies neural signals based
on output error in order to develop the inverse model of the
decoding function. The simulation confirms that the system is
able to update the inverse model in order to minimize the error.
Gage et al. [37] show similar results experimentally, where rats
gradually learned to match target audio tones by modifying cor-
tical neuron firing rates. Taylor et al. [23] explored myoelec-
tric control with monkeys and showed how closed loop feed-
back improved learning and performance for cortical neuron
control of a three-dimensional (3-D) cursor when compared to
offline open loop learning. Mosier et al. [21] demonstrate that
closed loop feedback allows humans to remap functional con-
trol of finger movements to efficiently control motion of a 2-D
cursor. Kim et al. [25] confirm the importance of closed loop
training in humans to obtain better performance. Chase et al.
[26] compare performance of two decoding algorithms in open
and closed-loop based control strategies. The results show sig-
nificant performance differences between decoders in open loop
tasks, but less difference in the online closed loop control tasks.
The above studies each conclude that online closed loop con-
trol is advantageous for learning and obtaining maximal perfor-
mance in myoelectric controlled interfaces.

In more closely related work, closed-loop myoelectric con-
trolled interfaces are further investigated by Radhakrishnan et
al. in [27] to understand human motor learning. As in [26], two
decoders, classified as intuitive and nonintuitive, decode EMG
signal amplitude from eight muscles to generate a 2-D cursor
position. The intuitive decoder maps six of the eight muscles to
a vector along the 2-D plane that is most consistent with the ac-
tion on the limb when the muscle contracts. The nonintuitive de-
coder maps six of eight muscles randomly along equally spaced
vectors in the 2-D plane. Subjects are able to learn the decoders
in both experiments, with performance trends best fit by expo-
nential decay. Additionally, the results show that the intuitive
decoder helps subjects achieve better performance initially, but
the nonintuitive decoder has a steeper learning rate that made
performance for both decoders almost equal after 192 trials.

Pistohl et al. [28] compare subject performance for two dif-
ferent myoelectrically controlled tasks. The first task is a stan-
dard cursor control task, similarto [27]. The second uses a similar
mapping function, but with removed redundancies such that each
muscle operates individual fingers of a robotic hand. The map-
ping function is intentionally made nonintuitive to users in order
to emphasize a steeper learning curve. The results show similar
performance trends when given visual feedback for both cursor
control and hand control, indicating that subjects are able to learn
separate models to effectively reach the goal in both tasks.

This previous research has established that humans are ca-
pable of forming inverse models for various decoders when pre-
sented with closed loop feedback. Although intuitive decoders
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give better initial performance, other decoders with worse ini-
tial performance are capable of higher learning rates. Further,
Mussa-Ivaldi et al. [20] propose that the human motor system
attempts to uncover the novel inverse map relating the effect of
motor commands on task-relevant variables through learning.
This suggests thathumans, while learning to perform a task with a
novel control space, tend to explore the full space in order to form
acomplete inverse model. De Rugy ez al. [29] indicate limitations
for discovering this inverse model when dealing with biome-
chanically dependent muscles. They show that habitual synergies
between biomechanically dependent muscle groups controlling
wrist forces make exploration of novel control spaces and cor-
responding new synergy formation difficult. Conversely, Nazar-
pour et al. [24] demonstrate that the use of biomechanically in-
dependent and antagonistic muscles removes this restriction and
allows formation of new synergies while exploring the full task
space. The study presented in this paper expands this work of un-
derstanding human motor learning by investigating the perfor-
mance impact of previously learned mappings on new control
tasks and interfaces using antagonistic and biomechanically in-
dependent sets of muscles to ensure proper exploration of the task
space can be performed while learning.

III. METHODS

A. Experimental Setup

The experiments performed in this study are designed to eval-
uate the effect of new control tasks with common mapping func-
tions on human motor learning. In the experiment, wireless sur-
face EMG electrodes (Delsys Trigno Wireless, Delsys Inc.) ob-
tain EMQG signals from four upper limb muscles of a human
subject. A multifunction data acquisition card (DAQ) (USB-
6343X, National Instruments) acquires and digitizes the signals
for input to a custom application running on a personal computer
(PC). The EMG signals are processed in real time and converted
to control variables for a given task via a mapping function, and
the effect is displayed to the subject for online closed-loop vi-
sual feedback. The program is written in C++ using OpenGL
API [38] for the graphical display.

B. Control Tasks

The two tasks tested in these experiments are shown in Fig. 1.
Task 1 is a standard center to reach out task, where the subject
needs to control the center (red) circle and move it on top of
one of eight possible target (green) circles as fast as possible.
The eight target locations (blue circles) are symmetrically dis-
tributed around the four quadrants of the circle with respect to
an origin at the center of the screen, and each quadrant repre-
sents a target area.

Task 2 consists of two rectangular objects, with a straight line
bisecting one edge of each object to provide orientation, as shown
inFig. 1. The goal of the task is to control thered object by resizing
and orienting it to match the stationary green one. Similarly to
Task 1, there are eight possible combinations of size-orientation
for the green object. Each combination maps along the control
axes (see Section III-C) equivalently to the targetlocations in Task
1. Those eight targets are similarly grouped to four target areas
equivalent to the four quadrants ofa circle.

PC ,_/DAQ
&— p
L= T =Y
- Task1 or Task2
Q electrode

Task 2

Fig. 1. Experimental setup including EMG system, DAQ, and the visual inter-
face (top). Two tasks the subjects were asked to control using their EMG signals
(bottom).

C. Mapping Functions

Myoelectric signals are obtained from four different muscles
of the arm which are namely: 1) Biceps Brachii (BB); 2) Triceps
Brachii (TB); 3) Flexor Carpi Radialis (FCR); and 4) Extensor
Carpi Ulnaris (ECU). Following the findings from [24] that
muscle synergies were quickly developed between both antag-
onistic and biomechanically independent muscles, and [29] that
habitual synergies between biomechanically dependent muscles
are difficult to alter, these four muscles were specifically chosen
as two pairs of antagonistic muscles (BB/TB and FCR/ECU)
which are biomechanically independent in order to enhance the
potential for new synergies. The signals are sampled at 1 kHz
frequency by the DAQ. The raw EMG signals undergo a pre-
processing stage that is commonly used in the field of elec-
tromyography in order to compute the linear envelope of the
signal [35]. The linear envelope performs full-wave rectifica-
tion of the raw signals and then passes them through a low pass
filter (second-order Butterworth, cutoff frequency of 8 Hz). The
smoothed signal provides a reliable input signal to the mapping
function for each trial.

A mapping function is implemented as 2 x 4 matrix which
maps the 4 x 1 vector e of filtered EMG amplitudes to a 2 x 1
vector u of control outputs. Four different mapping matrices
were used, shown in the following:

Wl:__()l (1) —01 (1)}

wi=|ay s 05 os)

wa- [0 T 00
Wi=|Toumn 1 osesr oame| O



ANTUVAN et al.: EMBEDDED HUMAN CONTROL OF ROBOTS USING MYOELECTRIC INTERFACES 823

1.5

Mapping 1 —T Mapping 2 —55
1 —TB 1 —TB
—FCR —FCR
—FCU —FCU
z 0.5 ; 0.5]
3 3
30 s 0
€ €
S-05 305
-1 B
B IR E—y 0 0.5 1 Ts 15 4 05 0 0.5 1 1.5
Control axis 1 Control axis 1
1.5 . 1.5 )
Mapping 3 — BB Mapping 4 —BB
1 —TB 1 A —TB
—FCR N —FCR
FCU FCU
G 05 G 05 \\
3 ] ;. 1
5 0 5 0 *~
g \ H
805 S-0s
1 B
KO 05 1 s 95 4 w05 0 05 1 1.5

Control axis 1 Control axis 1

Fig. 2. Mapping of input EMG amplitudes to two output control axes using the
four mappings functions defined in (1).

Each of the mapping functions transforms the EMG amplitude
to control variables in a unique way that can be represented vi-
sually as vectors in the 2-D control space, as shown in Fig. 2.
The control axes correspond to the velocity of the moving circle
along the = (horizontal) and y (vertical) direction in the case of
Task 1. For Task 2, the two control axes correspond to the an-
gular velocity and change in size of the rectangle. An activation
threshold of 0.02 mV was set for each of the muscles, so as to
make sure that there is no control output when the subject is
resting.

The mapping function Wy was designed to be the most intu-
itive for the subjects, according to [27]. Each set of antagonistic
muscles (BB-TB and FCR-ECU) maps to only one of the two
control axes required for the task. The mapping functions W
and W3 were designed such that a combination of two muscles
was required to command along one control axis direction. The
mapping function W is a random matrix with arbitrary weights
given to each muscle, normalized with zero mean so that there
is no output at rest.

It should be noted that the subject’s arm is not constrained,
and muscular volume contraction (MVC) is not used to nor-
malize the EMG signals, which differs from most other relevant
studies [24], [27]-[29]. Instead of using position control with re-
spect to MVC, subjects are free to move their arm into any con-
figuration to fully explore each mapping and minimize the effect
of potential biomechanical constraints in a given configuration.
It is hypothesized that with this freedom in forming the inverse
model, subjects can learn to respond and adjust appropriately to
an unnormalized output when performing velocity control. Also
by ignoring MVC, trends in performance over multiple days are
inclusive of the performance-diminishing impact of intrasubject
variability caused by sensor placement, and conclusions are ro-
bust to these sensitivities.

D. Trials

A single experiment for a subject consists of a semi-random
arrangement of trials performed over a two day period. The trials
are arranged so that the tasks alternate and mapping functions

TABLE I
SEQUENCE OF EXPERIMENTS DONE BY SUBJECTS*
| Subject 1 |
Dayl D412 D311 D212 DI 11
Day2 D411 D312 D2I1 D1 12
| Subject 2 |
Dayl DIIl D212 D311 D4 12
Day2 DII2 D2I1 D312 D4 11
| Subject 3 |
Dayl D412 D211 D112 D311
Day2 D411 D212 D111 D312
| Subject 4 |
Day1 D211 D112 D41l D312
Day2 D212 Dl1I1 D412 D3 11
| Subject 5 |
Dayl D312 D1l D412 D2 11
Day2 D311 D112 D411 D2 12

*D# corresponds to mapping function type and I# to task type.

are not repeated until every other mapping has been seen in be-
tween, with an additional constraint that no mapping is seen
twice on the same day as an attempt to minimize the feeling
of familiarity for each trial. Each trial consists of a combination
of task and mapping that are unknown to the subject before the
trial begins. The subject is assigned to repeatedly transition a
virtual object (red in Fig. 1) from a beginning state to one of
eight target states (green in Fig. 1) as quickly as possible. Tar-
gets appear in a quasi-random order across trials, such that each
cycle of eight targets is randomly arranged.

Five healthy subjects (23-30 years old) participated in the
experiments. All subjects gave informed consent which was ac-
cording to the procedures approved by the ASU IRB (Protocol:
#1201007252). Each subject performed eight sets of trials (four
mapping functions for each of the two types of control tasks), ar-
ranged as detailed in Table I. For each trial, subjects were given
a break after 64 targets successfully reached, in order to prevent
muscle fatigue. With the targets grouped into pairs to represent
quadrants, each trial set of 16 repetitions per target gave 32 data
points representing time taken to reach the final state for targets
in a given quadrant.

IV. RESULTS

At the end of the experiments, qualitative assessment showed
that all subjects considered Task 1 to be easier than Task 2 and
found some mapping functions easier than others. However,
none were aware that both tasks required the same input re-
sponses, though some noticed that a few of the trials required
similar muscle activity to move the virtual objects.
Quantitative evaluation of learning and performance is done
in three steps.
1) Confirm that learning occurred in the trials for each target
area.

2) Quantify the effectiveness of prior learning transfer to sub-
sequent trials.

3) Evaluate the overall performance of subjects when pre-
sented with each mapping function.

A. Learning

The foremost step is to identify how well subjects learn to
perform the given task successfully. For this, each target arca
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Fig. 3. Typical chronological performance trend for a trial in a given environ-
ment, both raw data and logarithmic plots.

of each trial is plotted chronologically according to the specific
set of targets used in the trial. Following results from prior work
[27], the general trend of learning is expected to follow an expo-
nential decay, where initially the time required to successfully
perform any task is high and it decreases exponentially towards
a final steady-state value. For that reason, the data from each
trial is fit to an exponential curve and the time constant of the
curve gives the learning rate. The higher the time constant, the
more the learning rate. To better quantify the results, the anal-
ysis here plots the data in a logarithmic scale and performs least
squares regression to fit a straight line through it. In this case,
steeper slope corresponds to better learning rate. Fig. 3 shows
an example of a typical data pattern for one quadrant in a given
trial, both with original data and the corresponding logarithmic
scale. These trends are shown for all target quadrants and con-
sistent with previous findings to imply that learning did occur
within each target area.

B. Learning Transfer

The next main aspect is to compare how well learning is trans-
ferred across mapping functions for each control task (Case 1)
and across control tasks for each mapping function (Case 2).
This is to identify whether the subject is learning to interact with
each individual control task better irrespective of the different
mapping functions, or whether the subject is learning to under-
stand the controls of each individual mapping function irrespec-
tive of the control tasks. Learning transfer can be evaluated by
analyzing trials chronologically along similar task type (Case
1) or mapping function type (Case 2). For a representative sub-
ject, two plots are generated to evaluate learning transfer (see
Fig. 4). The first plot (Case 1) contains the time plots in log
scale, stacked side by side in the order in which a single task
was performed, for each of the command sets (mapping func-
tions). The second plot (Case 2) contains the time plot in log
scale, stacked side by side in the order in which a single com-
mand set (mapping function) was used, for each of the tasks.

The important thing to observe in these figures is how smooth
the transition occurs between the learning curve of one experi-
ment to that of the next one in both cases. In order to quantify
the smooth transition factor, a transition index is generated for
each of the plots. In this manner, two indicators are combined

Task 1 Learning transfer Subject 2 Quadrant 1

:
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Fig. 4. Example learning transfer plots to evaluate the transition index. Top
plot shows poor transfer in Case 1, while the bottom plot shows better transfer
in Case 2. This is consistent with the quantitative results from the transition
index.

to form the transition index and determine the effectiveness of
learning transfer for each case.

1) Root mean squared error (RMSE) between the straight line
fitted over the entire data (includes the respective trials
stacked side by side) and the straight line fitted over each
individual trial, as shown in Fig. 4. The lower the value the
better each individual line fits the overall line.

2) Mean gap (MG) which measures the mean difference be-
tween the y coordinates of the end point of one trial’s best
fit line and the start point of the subsequent trial’s best fit
line, for all respective trials. The lower the value the more
continuity between the successive trials.

Both these variables are normalized and summed for each target
area to obtain the transition index, with 0 representing a perfect
transfer of learning

RMSE(n. q)

TI(n,q)= ;

+ MG(n.q) 2)
where T'I(n, g) is the transition index of subject n at quadrant ¢,
and 7 is the number of trials used when calculating the RMSE.
This is done so as to compare the two cases with no bias for
having more mapping functions than interfaces.

For each subject, the overall transition index for each control
task in Case 1 and each mapping function in Case 2 is found by
taking the mean over all target quadrants, as no outliers were
found in any of the quadrants.

The results for Case 1 and Case 2 are listed in Tables II
and III, respectively. The tables reveal that learning transfer
is much more apparent when using the same mapping func-
tion with a different task (Case 2). The mean transfer over all
subjects for Case 1 is 0.6833, whereas Case 2 has a signifi-
cantly lower mean transfer index of 0.4959 (right-tailed two-
sample t-test, p = 0.0033). This result suggests that the subjects
were able to learn new motor controls the first time a mapping
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TRANSITION INDEX ACROSS MAPPING FUNCTIONS FOR EACH TASK

TABLE II

Subject Task 1  Task 2

1 0.5087  0.5835

2 0.8230  0.5799

3 0.6085  0.6953

4 0.8979  0.8103

5 0.5975  0.7289
TABLE III

TRANSITION INDEX ACROSS TASKS FOR EACH MAPPING FUNCTION

Subject Mapping 1  Mapping 2  Mapping 3  Mapping 4
1 0.2824 0.2077 0.5866 0.3704
2 0.7376 0.4181 0.6795 0.4848
3 0.4986 0.9158 0.6143 0.2204
4 0.4473 0.4950 0.5498 0.3727
5 0.5118 0.2867 0.6656 0.5720
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function was presented and retain this learning for at least 24
hours to be able to apply and refine the learning in a completely
different task. Moreover, becoming familiar with the specific
task did not help subjects achieve better performance when it
was presented with a new mapping function, forcing new motor
learning. This demonstrates that performance for myoelectric
interfaces is therefore more dependent on a familiar mapping
function than a familiar task. These results imply that a constant
mapping function is better than one that is implemented for or
adapts to specific tasks, and mapping functions may be general-
ized to new tasks while maintaining subject performance from

prior training.

C. Overall Performance

TABLE 1V
CASE 2: NORMALIZED END PERFORMANCE SCORE
Subject Mapping 1  Mapping 2  Mapping 3  Mapping 4
1 -0.6782 -0.3930 -0.7481 -1.9281
2 0.2469 -0.3148 0.5804 -0.1250
3 -0.3136 0.9024 0.1362 -0.6530
4 0.3843 0.1242 1.2811 -0.1974
5 -0.2091 0.8640 0.3908 0.6500
TABLE V
CASE 2: NORMALIZED LEARNING RATE SCORE
Subject Mapping |  Mapping 2  Mapping 3  Mapping 4
1 0.6513 0.3083 1.0034 -1.8112
2 0.6167 -1.5337 0.5842 -0.6533
3 0.2851 1.2302 -1.2346 -0.0387
4 0.7753 -0.8120 0.1603 -0.3948
5 0.4854 0.0082 -0.1782 0.5481
TABLE VI
OVERALL PERFORMANCE SCORE
Subject Mapping |  Mapping 2  Mapping 3  Mapping 4
1 -1.5083 -2.0746 0.8711 -4.5874
2 2.5210 -2.3720 2.4398 -0.8517
3 -0.0217 5.0269 -0.2808 -2.5989
4 0.8273 -0.6849 1.8123 -1.4534
5 0.3785 -0.5722 1.4096 1.7195
TABLE VII
CASE 2: NORMALIZED INTUITIVE SCORE
Subject Mapping I  Mapping 2  Mapping 3  Mapping 4
1 -1.5075 -0.7908 -1.4743 0.9489
2 -0.2410 1.4684 -0.1207 0.4556
3 -0.5221 -0.5040 1.4296 -0.5755
4 -0.6857 1.0949 0.6743 0.4142
5 -0.6352 0.1570 0.5796 -0.1656

Due to the significance of consistent mapping functions on
learning transfer (Case 2), overall performance evaluation is
quantified with a performance score incorporating learning
transfer, learning rate, and end performance specifically for
each mapping function. Each of these three quantities are
deemed important components for evaluating how well users
can interact with a given mapping function. Then, this score
can be compared with initial performance, or intuitiveness of
a mapping function, which is given by the start point of the
best fit line for the first trial using the specified mapping. This
can be visualized in Fig. 4, bottom plot. The intuitiveness is
measured by the left-most point on the black line (the initial
performance on the first trial). The learning rate is measured by
the slope of the magenta line (best fit over all trials). The end
performance is measured by the right-most point on the black
line (the performance after the last trial). The transition index
is as described in Section I'V-B.

The performance score is measured by equally weighting end
performance, learning rate, and transition index. Learning rate
and transition index are considered because it is important that
a mapping function should be quickly learned and easily trans-
ferred to new tasks in a dynamic environment. In order to com-
pare the variables directly, each is normalized to have zero mean
and unit standard deviation over all subjects, all mapping func-
tions, and all quadrants. The normalized variables, summed over
all quadrants, are shown for end performance and learning rate
in Tables IV and V, respectively. After normalization, the three

variables are simply summed to gain a final score for each sub-
ject and each mapping function. The more negative the score,
the greater the performance a subject achieved for the given the
mapping function, relative to the others. The final performance
scores are presented in Table VI. Interestingly, the “intuitive”
mapping function, W (according to Table VII), does not have
the best performance score. In fact, most subjects achieve better
performance with the randomized mapping function W, indi-
cating that the choice of the mapping function may not matter
as much as considered in previous works. The closed loop feed-
back system allows users to learn the mapping and develop new
muscle synergies to retain the learning and perform better when
similar commands are introduced in new tasks, despite variabil-
ities introduced through sensor placement over multiple days.

V. CONCLUSION

This paper investigates the role of mapping functions in
myoelectric controlled interfaces. It is shown that subjects are
not only able to learn the inverse model of arbitrary mapping
functions, but more importantly are capable of generalizing this
model to enhance performance on new control tasks containing
similar mapping functions. Performance is determined to be
more dependent on familiarity with a given mapping function
than familiarity with a given control task, indicating that sub-
jects can learn new control tasks so long as they know how
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to explore the task space. This control is robust to variability
caused by small changes in sensor placement that occurred
while performing the experiment over multiple days. These
findings imply that subjects are able to develop and refine
muscle synergies for a given mapping function which enables
them to explore the task space more efficiently. As mentioned
in [24], the synergy development is enhanced by the choice
of two pairs of antagonistic muscles, with each pair biome-
chanically independent. Including biomechanically dependent
muscles, such as in [29], would likely hinder a subject’s ability
to learn these synergies due to low level mechanical restraints.

The study also reveals that the specific choice of mapping
function may not be as relevant as previously emphasized in
the literature. Even though mapping W appears to be the most
intuitive for a majority of the subjects, the best overall perfor-
mance occurs using the randomly generated mapping W 4, and
end performance for all mapping functions is more similar than
the large discrepancies in initial performance. This is consistent
with previous findings using closed loop feedback to learn in-
verse models of mapping functions [27], and another indicator
of muscle synergy development to allow more efficient perfor-
mance. Thus, we have proposed a myoelectric controlled inter-
face which is not subject-specific and we also show that learning
of a mapping for a particular task can still be transferred to new
tasks.

The contribution of this paper is twofold: 1) it provides ev-
idence that a user-specific decoder is not required, as long as
the subject can learn a mapping function between the neural ac-
tivity and the task commands and 2) it demonstrates that sub-
jects do not only learn those mappings between their actions and
the control task, but they can retain this ability and generalize it
to different control tasks. These two findings support the idea of
the human embedded control of devices using myoelectric inter-
faces, which can result in a paradigm shift in the research field
of neuroprosthetics. More specifically, we have shown that hu-
mans can be trained to control different tasks by using their mus-
cular activity directly to the control axes of the tasks (i.e., em-
bedded control). The implications of this method are vast, since
it means that humans are able to control any device, without the
latter being anthropomorphic or resembling any of the human
counterparts. Instead of training decoders for specific humans,
humans can be trained for specific decoders, which may then
generalize to a myriad of myoelectric interfaces. Tackling these
problems of user specificity and extensive decoder training that
can not generalize to new tasks opens new avenues and capabil-
ities for the intelligent control of neuroprostheses.
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