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Improving the Robustness of Myoelectric Pattern
Recognition for Upper Limb Prostheses by
Covariate Shift Adaptation
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Abstract—Fundamental changes over time of surface EMG
signal characteristics are a challenge for myocontrol algorithms
controlling prosthetic devices. These changes are generally caused
by electrode shifts after donning and dofﬁng, sweating, additional
weight or varying arm positions, which results in a change of the
signal distribution—a scenario often referred to as covariate shift.
A substantial decrease in classiﬁcation accuracy due to these factors hinders the possibility to directly translate EMG signals into
accurate myoelectric control patterns outside laboratory conditions. To overcome this limitation, we propose the use of supervised adaptation methods. The approach is based on adapting a
trained classiﬁer using a small calibration set only, which incorporates the relevant aspects of the nonstationarities, but requires
only less than 1 min of data recording. The method was tested
ﬁrst through an ofﬂine analysis on signals acquired across 5 days
from seven able-bodied individuals and four amputees. Moreover, we also conducted a three day online experiment on eight
able-bodied individuals and one amputee, assessing user performance and user-ratings of the controllability. Across different
testing days, both ofﬂine and online performance improved signiﬁcantly when shrinking the training model parameters by a
given estimator towards the calibration set parameters. In the
ofﬂine data analysis, the classiﬁcation accuracy remained above
92% over ﬁve days with the proposed approach, whereas it decreased to 75% without adaptation. Similarly, in the online study,
with the proposed approach the performance increased by 25%
compared to a test without adaptation. These results indicate
that the proposed methodology can contribute to improve robustness of myoelectric pattern recognition methods in daily life
applications.
Index Terms—Adaptation, classiﬁcation, covariate shift, electromyogram (EMG), myoelectric signals, nonstationarities,
pattern recognition.
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I. INTRODUCTION

P

ATTERN recognition is a promising approach in controlling upper limb prosthetic devices with surface
electromyogram (EMG) electrodes [1]–[4]. It enables the user
to intuitively control a myoelectric prosthetic hand with multiple degrees of freedom. However, despite the good laboratory
performance of this approach, its clinical and commercial
impact is still limited. One of the reasons for this limitation is
that laboratory conditions often do not include sources of EMG
signal nonstationarity, such as electrode shifts following donning and dofﬁng, changes in arm position, variable loads when
grasping objects, muscle fatigue, and varying electrode-skin
impedance [5]. These factors have a signiﬁcant inﬂuence on the
data distributions and thus on the robustness of the system. Note
that using implanted electrodes could avoid electrode shifts,
however with the known complications of invasive methods.
Different strategies have been suggested to improve the
robustness of EMG pattern recognition [6]. One approach
has been the inclusion of examples of nonstationarities in the
training set, which increases the generalization ability of the
classiﬁer but requires a large training data set. In addition, there
are factors that cannot be easily included during training, such
as changes in the way the users perform the attempted tasks. In
[1], a full calibration was performed every day, which is very
demanding and time consuming for the user. To avoid this,
adaptation strategies have been explored [7], [8], where the
model parameters are updated by samples of the testing data.
In a fully unsupervised adaptive approach, the classiﬁcation
accuracy may however decrease, due to the inclusion of misclassiﬁed samples. To address this problem, Sensinger et al. [6]
proposed to estimate the conﬁdence of the classiﬁer decision,
and then to use only the most reliable decisions for adaptation.
This approach was outperformed by all supervised adaptation
methods, investigated in the same study for comparison. Most
of the work done on adaptation has been done ofﬂine on prerecorded data. Although ofﬂine studies are useful to compare
different algorithms while optimizing their parameters, they
reﬂect the actual problem only partly. This is because ofﬂine
studies cannot consider the fact that the user can react on
the algorithmic output and adapt his muscle contractions to
improve the outcome in a real-time application [9]. Hahne et
al. [10] demonstrated the advantage of concurrent adaptation
between the user and the algorithm on myoelectric control.
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Extensive research on adaptive classiﬁcation has been performed also in related ﬁelds. For example, covariate shift adaptation [11], [12] has been applied for binary classiﬁcation problems in brain-computer interface applications [13]. In this ﬁeld,
the adaptation method suggested by Shenoy et al. [11] computed
ﬁrst a probability density on the test set and then the expected
test error over test samples. This approach requires, however,
a relatively large labeled calibration set, which would imply a
large effort by the user.
In our present paper, for which preliminary results have been
shown in [14], we address the problem of classiﬁcation robustness across sessions and days by adapting a myocontrol algorithm, using a short calibration data set that requires only less
than 1 min data recording. We test this approach on a large data
set that includes both able-bodied subjects and amputees, in ofﬂine as well as online conditions. The results indicate that the
proposed methodology is an appropriate compromise between
a limited user effort in retraining and a substantial improvement
in classiﬁcation accuracy.
The remainder of the paper is organized as follows. In
Section II, we present the data sets, the mathematical models,
and the experimental paradigms used in this study. The results
were presented in Section III and are afterwards discussed in
Section IV before we conclude with some ﬁnal remarks in
Section V.
II. METHODS
A. Dataset
For the ofﬂine analysis, we used the ﬁve day dataset of the
experiments presented in [15]. The data set was obtained from
seven able-bodied subjects (ﬁve males, two females 25.4 1.4
years) and four transradial amputees (males, ages 25, 28, 29,
and 64 years). All amputees and two able-bodied subjects were
experienced with myocontrol, while the remaining able-bodied
subjects were naive. Eight commercially available double
differential electrodes (13E200=50AC Otto Bock Healthcare
Products GmbH, Vienna, Austria) were used for the data
recording. They were placed equidistantly around the forearm
of the subjects approximately 7 cm from the olecranon. To
mimic a real-life usage, for each amputee (two left- and two
right-side affected), the electrodes were ﬁtted in an individual
hard socket prosthesis. For able-bodied subjects the electrodes
were mounted on the dominant forearm by a spring-grid, which
ensures that the electrodes were slightly pressed on the skin.
The electrode positions were marked by a water resistant pen
and the markers were used for mounting the electrodes in the
other days. The subjects were seated on a chair, holding their
forearm parallel to the ground in a 90 degree angle to the
upper arm and were instructed to perform eight movements:
wrist pronation (WP), wrist supination (WS), wrist extension
(WE), wrist ﬂexion (WF), hand opening (HO), ﬁne pinch (FP),
key grip (KG), and no movement (NM) on ﬁve subsequent
days (Monday to Friday). To offer a more reliable and faster
controlling of the prosthetic device to the user for both weak
and very strong movements, all movements were recorded
at three contraction forces (30%, 60%, and 90% maximum
long-term voluntary contraction (MLVC)). It has been recently

shown [16] that training and testing at different force levels is
detrimental to classiﬁcation performance, however proportional
control is essential for good prosthesis handling. We introduce
the following notations:
• trial: one movement in a speciﬁc contraction level;
• run: all eight movements in a speciﬁc contraction level;
• session: ﬁve runs in all contraction levels 3 5 8
120 trials .
1) Offline Experimental Paradigm: Each subject performed
two 45-min sessions of data recordings on ﬁve subsequent
days. Between the sessions the amputees performed a donning and dofﬁng, as they would do during daily use. For the
able-bodied subjects, the donning and dofﬁng was mimicked by
a lateral displacement of the electrodes by 0.8 cm. Each session
started with a calibration phase consisting of performing each
movement for 30 s at 100% MLVC. The reference value for
normalizing the muscle activity was the average maximum
root mean squared (RMS) value over the eight channels
RMS
, where is the number
of samples per time window and
the instantaneous EMG
signal of channel . Afterwards, each of the 120 trials per
session took 5 s, where the user followed a trapezoidal force
proﬁle with a curser representing the RMS while doing the
instructed movement. For the ﬁrst second, the user followed the
trapezoidal ramp up to the given force level, where the force
level was maintained for 3 s before the user followed the ramp
down to the No-Movement level. For the data analysis we only
used the 3 s of signal at constant force. The division of the data
into training, test, and validation set was done as follows. The
ﬁrst session of the ﬁrst day was used as training set and the
ﬁrst session of the subsequent days were used as test sets. The
second session of each day was used as the validation set for
the parameter optimization of our proposed adaptation method
(following standard cross-validation schemes see Lemm et al.
[17]).
2) Signal Acquisition and Processing: The acquired raw signals were ampliﬁed to the range 0–4.5 V and ﬁltered in a bandwidth of 20–450 Hz. Moreover, a 50-Hz notch ﬁlter was included in the active Otto Bock electrodes. The ﬁltered signals
were sampled at 1 kHz, digitized by a 10 bit A/D converter
and transferred via Bluetooth to a computer by the Axonmaster
(Otto Bock HealthCare Products GmbH Vienna, Austria).
3) Feature Extraction: For this study we calculated the logarithm of the signal variance (logVar), as proposed in [18], in
intervals of 250 ms, which overlapped by 50 ms (15 features
per trial).
B. Classification
For the following considerations we are given a training set
, with
labeled -dimensional samples,
thus
, where
denotes the
class allocation, respectively. Furthermore, let
be the
prior probability for each class
and
the
class-conditional density function of , which we assume to be
the multivariate Gaussian distribution
(1)
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where
and
is the class mean. In this study, we
focused on two Bayesian multi-class classiﬁers: linear discriminant analysis (LDA) and quadratic discriminant analysis (QDA)
[19]. QDA determines quadratic boundaries for class separation
by using class-wise covariance matrices, whereas LDA eliminates the quadratic terms by assuming equal covariance matrices for all classes and thus uses hyperplanes for classiﬁcation. We consider the problem of a Bayesian multi-class classiﬁcation: given an unknown point , we want to allocate it
to the class with the largest posterior probability
[19]. Circumventing the fact that the posterior probabilities cannot be obtained directly, we estimate them by using
the Bayes rule on the training data
(2)
for each class
We obtain the QDA disciminant
taking the natural logarithm of (2) and rewriting it to

by
(3)

If we further assume that all classes share the same covariance
matrix
, we can rearrange (3) to the linear
discriminant
(4)
An unknown point
is allocated by QDA
and
LDA
to the class with the highest probability, respectively
(5)
where
.
These models work well under ideal laboratory conditions.
However, in the presence of nonstationarities, the true data distribution
(i.e., the test data distribution) almost never coincides with the training distribution
.
In the following, we propose an adaptation methodology to
adjust the training model parameters towards the parameters of
a very small calibration data set of the current conditions.
C. Adaptation
The basis for the model adaptation is a small calibration data
set
, which follows the test distribution
, where
and
. Let
and
be the mean and the covariance matrix of the training
set and
and
the ones of the calibration set
.
We propose an adaptation by shrinking the training parameters
towards the ones obtained from the calibration set [20]
(6)
and
(7)
are the regularization parameters. To get
where and
subject independent reasonable values for and they were
estimated by a grid search with a step size of 0.1 across all days
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Fig. 1. Illustration of the data segmentation, where
,
includes
the trials of all movements for one particular contraction level. The classiﬁer was
trained on one day [exemplary on Day 1 (green)], adapted by one run of the test
day (orange) and tested on all other runs of the test day (blue). A reverse leaveone-out cross validation was performed by taking each run once for adaptation
(orange) and computing the performance on the remaining 14 runs of the same
day.

and subjects on the validation data set (see Section II-D3). If
there is only one shrinkage parameter to be determined, the other
is held at zero.
In the following analysis we denote LDA as the classiﬁer
trained on the training data set that served as a baseline for comparison with its adapted versions (same for QDA).
1) LDAMA: LDAM(ean)A(daptation) adapts the mean of
LDA towards the mean of the calibration data set, where
the covariance matrix remains unchanged.
2) LDACMA: In the LDAC(ovariance)M(ean)A(daptation)
method the mean and the covariance matrix of LDA are
simultaneously adapted towards the parameters of the calibration data set as shown in (6) and (7).
3) LDAnew: LDAnew is a new LDA classiﬁer trained on the
calibration set only.
4) LDADEA: LDAD(ata)E(xtension)A(daptation) adapts the
mean and the covariance matrix, equal to LDACMA, but
after each daily adaptation towards the calibration data set,
the calibration data set was incorporated into the initial
training data set and the LDA, which is used for the ongoing adaptation, was retrained on the extended training
data set.
5) LDAFA: Unlike LDACMA and LDADEA, which used
the nonadapted LDA trained on the training or extended
training data set for adaptation, LDAF(urther)A(daptation)
repeatedly adjusted the already adapted LDA towards the
calibration data set.
D. Evaluation Procedure
1) Subject Variability: To investigate the intersubject variability concerning false class label predictions we visualized the
nondiagonal elements of the confusion matrices, reshaped as a
one-column vector for each subject. Moreover, to indicate the
changes of the variability of false predictive class labels over
days, we included the mean confusion matrix of all days but
training too.
2) General Adaptation Procedure: The data (ﬁrst session of
each day) were split as shown in Fig. 1, where the entire data set
of one day (green) was used as initial classiﬁer training set. The
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other data set was further separated into a calibration set that
comprised one run (orange) and in the testing set, consisting of
the other 14 runs (blue). In a ﬁrst step, the LDA was trained on
the entire training data set. Afterwards, the LDA was adapted by
the calibration data set. Finally, the performance of the adapted
LDA was calculated on the test set. A reverse leave-one-out
cross validation1 was performed by taking each run of one day
as calibration data set and computing the performance on the
remaining test set.
3) Optimal Shrinkage Parameter: First, we trained the LDA
on the entire data set of the ﬁrst day. We accomplished the computation of the optimal shrinkage parameters on the validation
data set, i.e., the second session of each day, where we averaged
over the daily results. To get a subject-independent adaptation of
the LDA, we computed the optimal shrinkage parameter values
for and by a grid search that included the data from all subjects. We adapted the LDA by all possible combination pairs of
and with elements in
towards one run of the
validation set (see Section II-D2). For the case of LDAMA, the
covariance adaptation was held to zero with
. For each
parameter pair, we adapt with 15 different runs for each day and
each subject. To reveal the error we made for each subject by
taking the average optimal shrinkage values over all participants
instead of the single subject speciﬁc values we computed the Euclidean distance between both: LDACMA adapted with the subject average regularization values and LDACMA adapted with
the subject-speciﬁc and values.
E. Online Experiment
To evaluate the adaptation performance for a real time
application, we conducted an online experiment including
one amputee and eight able-bodied subjects. One able-bodied
subject and the amputee were experienced with myocontrol,
while all other subjects were naive. The experiment consisted
of a training day (day zero) and three test days (days 1–3).
The initial data recording on the training day involved three
trials for each of the three contraction strengths for the eight
movements (see Section II-A1) and served the LDA as training
data set.
On each test day, we recorded a small calibration data set,
where the user was instructed to perform each movement in a
perceived 60% force level for 4 s once, with no feedback but a
time progress bar. This data set was used to train LDAnew and
to adapt LDACMA, where the latter was adapted by the optimal
subject independent parameters found by the grid search (see
Section II-D3). To compare the performance of LDA, LDAnew,
and LDACMA, we conducted a 1-min online test, twice for each
LDA variation. The user was unaware of the control algorithm
tested in each case. During the 1-min test the user was asked to
copy a sequence of different target movements. Two pictures,
side by side, were presented to the user on a screen. The target
movement was shown on the left accompanied by a vocal cue.
The subject was asked to replicate the given target movement
as fast as possible and was provided with visual feedback of the
movement decoded by the algorithm under test (direct user feed1A reverse leave-one-out cross validation means a data division into
for testing.
where one is used for training and

parts,

back). A hit was counted if the user reached the target movement
and held it for 1 s. Afterwards, the next target movement was
shown on the left. In total, the user had 10 s to reach a hit. Note
that in this study we use an error measure that relies on completion time, which is distinct from alternative measures that use
completion rate [21]. After each test iteration, the subjects provided a subjective indication on the comfort in controlling the
speciﬁc system, on a scale between 1 and 10.
III. RESULTS
First, we present the systematic class confusion within the
training day as well as within the subsequent days for all subjects. The signiﬁcant performance drop on the other days motivates an adaptation. According to that, we present the results for
the optimal shrinkage parameter choice, which gave the basis
for the further classiﬁer adaptation computations. Subsequently,
we report the ofﬂine results on the ﬁve day data set for each
adaptation strategy. Then we present the inﬂuence of the contraction strength to the adaptation performance and ﬁnally we
give the results of the online experiment. The information about
accuracy and error on the ﬁgure axis are given in percentages.
A. Systematic Class Confusion
We investigated whether or not there exists a systematic class
dependency within the confusion matrix between the training
day (TD) and the other days (OD). We observed an increased
number of false predicted class labels in OD compared to TD.
This was also reﬂected in decreased classiﬁcation accuracy in
OD (see accuracy on top of each column in Fig. 2). There was
a signiﬁcant dependency between the confusion matrix of TD
and OD (Fisher's exact test:
). Furthermore, we observed a high variability of false predicted class labels over subjects (Fig. 2). The wrong predicated class labels of the best performing amputee, AP 1, is lower than the classiﬁcation accuracy
threshold of 0.5% and thus not visible. The other amputees perform worse than the able-bodied subjects, which can be seen by
the greater number of false predicted classes.
B. Optimal Shrinkage Parameter Choice
To obtain subject-independent values for and we computed the optimal shrinkage parameter by a grid search (Fig. 3),
including all subjects as described in Section II-D3. The best
values obtained for LDACMA were
and
. For
the case of LDAMA, the covariance adaptation was held to zero
with
, which gave an optimal mean shrinkage value of
.
The error between LDACMA adapted with the subject
average regularization values and LDACMA adapted with
the subject speciﬁc
and
values is shown in Fig. 4 for
each subject. For the able-bodied subjects (subjects 1–7) the
mean error was lower than 2%. For amputee A1, the shrinkage
parameters were almost perfect (err 1%), whereas the error
for amputee A3 was comparatively large (err 8%). For the
other two amputees the mean errors were approximately 4%.
C. Covariate Shift Adaptation
In a ﬁrst step, we trained an LDA classiﬁer on the entire data
set of the ﬁrst day session of the able-bodied subjects. Using
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Fig. 2. Vectorial representation of the nondiagonal elements of the confusion matrix for the able-bodied subjects (HS 1–7) and for the amputees (AP 1–4). The
false predictive class labels are given as a pair (M1, M2) on the y-axis, where M1 is the real class and M2 the predicted class and the degree of misclassiﬁcation is
given by the color, where dark red indicates a high value and lighter colors a lower value of false positives. Moreover, the false predictive class labels are shown for
the training day (TD) in the ﬁrst column and as average over all other days (OD) in the second column for each subject. The accuracy for each subject is reported
on the top of each column for both TD and OD.

a ﬁve-fold cross validation, we achieved high classiﬁcation results with an accuracy 95% when testing the same subjects in
the same day. When testing the LDA classiﬁer on the following
days without retraining, however, the performance dropped substantially by almost 20%, as shown in Fig. 5(a). Further, we investigated the performance of the proposed adaptation methods.
The optimal shrinkage parameter values for and [see (6) and
(7)] were obtained by a grid search, as shown in Fig. 3.
We ﬁrst evaluated the mean adaptation, where we shrank
the mean of the LDA towards the mean of the calibration set
(LDAMA:
,
). Afterwards, we extended the
mean adaptation by an additional covariance matrix regularization (LDACMA:
,
). Finally, we trained an LDA
on the small calibration set only (LDAnew:
,
).
Regarding the baseline LDA performance, the LDAMA significantly improved the classiﬁcation accuracy for each day. Although the LDA performance continuously decreased from day

2 to day 4, the LDAMA performance remained constant above
90%. Compared to the mean adaptation, LDACMA could not
gain any further performance increase. The LDAnew also signiﬁcantly improved the LDA performance, but performed worse
than both adaptation methods [see Fig. 5(a)].
A similar trend was observed with the results of the amputee
subjects, although the classiﬁcation accuracy was lower by more
than 10% compared to the able-bodied subjects [see Fig. 5(b)].
Contrary to the results on able-bodied subjects, LDACMA signiﬁcantly outperformed LDAMA in amputees. LDAnew had
worse performance than LDAMA for the ﬁrst two days but
showed a similar performance afterwards.
We performed a two-way repeated ANOVA test, including
all 11 subjects, to compute the statistical differences between
the methods. The statistical test results showed that LDAMA
and LDACMA signiﬁcantly outperform LDA (
and
), whereas no signiﬁcant difference was obtained
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Fig. 3. Illustration of the grid search including the 11 subjects for ﬁnding the
optimal adaptation parameters and for LDA. A continuous performance
increasing was preserved by shrinking the mean of the training set versus the
. By
mean of the calibration set, where the optimal value was
shrinking additionally the covariance matrix, the optima were found by
and
; a further, but relatively small, performance gain was obtained.

to 70%. Adapting the mean, QDAMA attained a signiﬁcant performance raise of 20%. Moreover, unlike the additional LDA
covariance matrix adaptation, QDACMA signiﬁcantly outperformed QDAMA. QDAnew reached no signiﬁcant improvement [Fig. 5(c)].
From the QDA results of the amputee data shown in Fig. 5(d),
we observe again that QDACMA performed best, followed by
QDAMA. Compared to the LDA results, QDAnew performed
signiﬁcantly worse than QDAMA. Also in the case of QDA,
the statistical test results on all subjects show that QDAMA
and QDACMA outperform QDA (
and
),
and no signiﬁcant difference was observed between QDA and
QDAnew.
The most relevant difference between LDA and QDA was
that the LDA was more robust against inter-day nonstationarities. For this reason, the subsequent results are presented for the
LDA only.
The previous results were presented for the adaptation of
the initial classiﬁer trained on the training day with the calibration set of the current day. However, we need to clarify
whether it is worthwhile for an ongoing classiﬁer adaptation to
extend the training data set by the calibration data (LDADEA)
or further adapt LDACMA instead of the initial LDA (LDAFA).
The results showed that LDACMA signiﬁcantly outperformed
LDAFA [
, Fig. 6(a)], whereas there was no signiﬁcant
difference between LDADEA and LDACMA [Fig. 6(b)].
In order to provide a direct comparison between our approach
and the generally accepted state-of-the art feature set [4], the
Hudgin feature set [3], we further investigated the inﬂuence of
the feature choice and found an average improvement of 25%
for LDA and of 11% for LDACMA when using logvar instead
of the Hudgin feature set.
D. Influence of Force Level

Fig. 4. Illustration of the subject speciﬁc errors when adapting the LDA by the
mean regularization parameter values extracted from the grid search including
all subjects instead of the best parameter choice for the respective subject. The
able-bodied subjects were tagged by 1–7 and the amputees by A1–A4.

when comparing LDA and LDAnew. We repeated the equivalent experiment for QDA, where the optimal shrinkage parameters for the mean adaptation (QDAMA:
,
)
and the covariance matrix adaptation (QDACMA
,
) were extracted by a grid search (similar to the results
of the LDA grid search as shown in Fig. 3). For the able-bodied
subjects, we observed similar behaviors for QDA, QDAMA,
QDACMA, and QDAnew compared to the LDA counterparts.
The QDA performance dropped from 97% on the training day

We repeated the analyses described previously, when
adapting with the different contraction strengths (30%, 60%
and 90%). Additionally, we used each day once for training and
all other days for testing.
In Fig. 7, the mean LDACMA performance of the test days
are shown and compared to the baseline LDA performance. We
performed a two-way repeated ANOVA test over all subjects
to make a general statement about the statistical differences
between the methods. We observe that an adaptation with 60%
contraction strength signiﬁcantly outperformed the baseline
LDA
, whereas no signiﬁcance difference was observed for an adaptation with 30% or 90% contraction strength
(
and
). Among the adaptation models,
a 60% adaptation only outperformed the 30% adaptation
but not the 90% one.
E. Online Experiment
During the 1-min online tests, we counted the number of correctly imitated movements that should be held by a subject for
1 s. On three test days, each algorithm (LDA, LDACMA, and
LDAnew) was tested twice.
First, we plotted the performance of the methods against each
other as shown in Fig. 8. From Fig. 8(a) and (b) we observe that
LDACMA as well as LDAnew signiﬁcantly outperformed LDA
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Fig. 5. Illustration of LDA and QDA adaptation performance for the able-bodied subjects in (a) and (c) as well as for the amputees in (b) and (d). In all cases,
a remarkable improvement of classiﬁcation accuracy across days is obtained by the mean adaptation. The additional adaptation of the covariance matrices only
results in a slight improvement in the case of QDA. For comparison, the classiﬁer trained exclusively on the new calibration data slightly improves the classiﬁcation
accuracy but performs worse than the adapted classiﬁers. Note that the variation between subjects is plotted as standard error. (a) LDA able-bodied subjects.
(b) LDA amputees. (c) QDA able-bodied subjects. (d) QDA amputees.

Fig. 6. Comparison between the performance of three adaptation strategies
LDACMA, LDAFA, and LDADEA for all subjects and all days but the ﬁrst
day, which was used for training. (a) LDACMA versus LDAFA. (b) LDACMA
versus LDADEA.

for all able-bodied subjects (blue dots) as well as for the amputee
(green dots). When comparing LDACMA and LDAnew, we observe that for 70.4% of the subjects LDACMA performed better
than LDAnew, where only 14.8% of the subjects got a performance gain [Fig. 8(c)]. The test run, which beneﬁted the most
from our approach (LDACMA), is highlighted in red, once for
the able-bodied subjects and once for the amputee.
For further analysis, we additionally incorporated the performance of LDAnew as well as the user controllability ratings of each method. In order to be able to show simultaneously those joint effects, we standardized the data. This was
done subject-wise by z-scoring, i.e., ﬁrst removing the mean

Fig. 7. Daily comparison of the LDACMA performance when adapting with
the single contraction strengths of 30%, 60% and 90%, respectively. Using a
calibration set with 60% contraction strength for adapting LDA indicated the
best performance.

and then dividing by the standard deviation. Each line in the
polar plot shown in Fig. 9 indicates one run of one subject.
The algorithm performance is reported on the x-axis and the
user controllability rating on the y-axis. The majority of the
subjects valued the controllability using LDA worse than using
LDACMA or LDAnew. More precisely, 96% of the LDA results
pointed in the direction of decreased user-rating, whereof 94%
also pointed in the direction of decreased performance. On the
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Fig. 8. Illustration of the 1-min online test results, where the subjects (eight able-bodied and one amputee) were asked to imitate certain movements for one
second. In total, two tests (runs) were recorded on three different days (sessions). The scatter plots illustrate the number of correct classiﬁed movements by LDA
and LDACMA against each other. Each circle corresponds to the mean results of one session for one subject, where the amputee data is marked by green circles.
The percentage on each side of the partition line represents the amount of results of the respective method. (a) LDACMA versus LDA. (b) LDAnew versus LDA.
(c) LDACMA versus LDAnew.

The user performance was positively associated to the user controllability across the subjects. Additionally, Fig. 10(c) shows
that for all test iterations except one, LDACMA outperformed
LDA (same as shown in Fig. 8). We observed a similarity in
results between LDAnew and LDA as shown in Fig. 10(b).
When comparing LDACMA with LDAnew seven of nine subjects had both higher performance and higher user controllability rating with LDACMA. Although one able-bodied subject
performed better with LDAnew, there was no difference between LDACMA and LDAnew in the user controllability rating.
For one subject, there was no signiﬁcant difference between the
performance with LDACMA or LDAnew, but the subject preferred the controllability with LDACMA.
IV. DISCUSSION

Fig. 9. Classiﬁer performance (x-axis) is plotted against the user controllability
rating (y-axis) for LDA, LDACMA, and LDAnew. To show simultaneously
those joint effects, we standardized the data by subject-wise z-scoring. Each
line in the polar plot indicates one session run of one subject.

contrary, we record for LDACMA an increased user rating of
96% and 87% for LDAnew. Even when the LDACMA performance decreased, the user still perceived a pleasant controllability unlike LDAnew, where the user rated the algorithm lower
although an increased performance was recorded.
In order to visualize the joint effects of performance and userrating for each subject individually, we reported both against
each other as shown in Fig. 10. In Fig. 10(a), the difference between achieved user-hits with LDACMA and LDA is reported
on the x-axis and the difference between user controllability ratings of LDACMA and LDA on the y-axis. The test results of
each subject were highlighted by different colors, where subject
2, colored in orange, indicated the test results of the amputee.

LDA was more robust than QDA for both able-bodied subjects and amputees. This may be caused by the fact that QDA is
highly dependent on the class-wise covariance matrices, which
were estimated with a relatively small number of samples, therefore less stable and prone to overﬁtting. Also, little changes in
EMG signals may determine large changes in the data distributions, with the consequence that the QDA quadratic boundaries
might fail in movement classiﬁcation. Conversely, LDA uses
the pooled covariance matrix, where the nonstationarities of the
EMG signals have little inﬂuence. This was shown by the fact
that the classiﬁcation accuracy over days of LDA decreased less
than for QDA on the one hand (Fig. 5). On the other hand, the
additional covariance matrix adaptation had less improvement
for LDA than for QDA, since LDACMA performed similarly
to LDAMA. Our results conform with the ﬁndings in [7], which
represented the mean and the covariance matrix adaptation, ﬁrst
separated from each other and then together. Also in that study,
the class mean adaptation gave the largest effect in performance
compared to the covariance matrix adaptation for LDA. The results suggest that for real-world EMG control applications LDA
might be a better choice than QDA since it is more stable over
time.
The presented adaptation method, where we adapted the
trained classiﬁer towards a short recalibration set showed a
high performance gain, both in ofﬂine and online analysis.
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Fig. 10. Subject speciﬁc behavior when comparing the classiﬁer performance with the controllability rating. The results are shown as differences between the two
methods, respectively, where the latter is subtracted from the ﬁrst. Exemplary, in a), the x-axis shows the hit difference between LDACMA and LDA, hence hits
of LDACMA minus hits of LDA (same for the user controllability ratings). Each circle indicates the average result of all session runs for one subject, where each
subject is colored differently. (a) LDACMA versus LDA. (b) LDAnew versus LDA. (c) LDACMA versus LDAnew.

The LDACMA adaptation with 60% force level performed
best since in general the overall mean, consisting of data with
30%, 60%, and 90% contraction strengths, is closest to the data
with 60% contraction strength. In the ofﬂine analysis LDAnew
outperformed LDA but performed signiﬁcantly worse than
LDACMA. In the online analysis, although the performance of
LDAnew was comparatively similar to LDACMA (in average
LDACMA achieved one hit more than LDAnew), the user
rated the controllability with LDACMA higher, which is shown
in Fig. 10(c). Although, one able-bodied subject performed
better with LDAnew, there was no difference for him/her in
the controllability between LDACMA and LDAnew. For one
able-bodied subject there was no difference in the performance
between LDACMA and LDAnew, however, he/she rated the
controllability with LDACMA higher compared to LDAnew.
Furthermore, the results from Fig. 8(c) indicate that LDACMA
signiﬁcantly outperformed LDAnew
. The interesting observation that LDAnew performed better in the online
than in the ofﬂine analysis can be explained by an adaptation of
the user and by the fact that only one speciﬁc contraction level
was used for training and testing the classiﬁer in the online
experiment.
The main difference in performance between able-bodied and
amputee users was a lower classiﬁcation accuracy for the amputees, which is also reported in [15], [22], [23] and emphasized in Fig. 2 by the false predicted class labels. Moreover,
the variability of results was signiﬁcantly greater for amputees.
This is due to the fact that able-bodied subjects performed actual movements of the hand while amputees could only attempt
it without a visual and sensory feedback from the hand. In amputees, the absence of visual feedback on the actual hand movement may also cause the impossibility of generating well distinguished muscle activations for the different tasks. It should
be noted that on average no absolute recognition accuracy difference was found between the experienced and inexperienced
subjects, since the data set we used incorporated an extensive
training (2 hours for 5 days) [15].
Unsupervised adaptation is sensitive to wrong adaptation, as
observed, e.g., in [8], where all the unsupervised adaptation
variations tested showed an increased error rate over time. Thus,

fully unsupervised adaptation is not a robust approach, at least
not until the inﬂuence of misclassiﬁcation is minimized by a
high conﬁdence in judging the accuracy of the test data.
Our approach thus provided a reasonable tradeoff between
high classiﬁcation accuracy over days and a minimal effort by
the user in retraining; we therefore consider it a practical method
in real world EMG control applications. In this paper we considered the same adaptation for all classes. However, there are
movements that are classiﬁed with lower accuracy than others
as shown in Fig. 2. Note that the nonstationarities inﬂuence the
class distributions differently. In future work, it will be interesting to adapt parameters differently for each class and to determine subject-speciﬁc optimal shrinkage parameters (Fig. 4).
Future work will also extend our approach to regression based
myoelectric control [23], [24].
V. CONCLUSION
Pattern recognition is of high beneﬁt for controlling myoelectric prosthetic devices but can lack robustness when tested in
daily life conditions. Ofﬂine and online results of our proposed
adaptation of the initial classiﬁer towards a short, less than 1
min, newly recorded data set demonstrated the signiﬁcant gain
in classiﬁcation accuracy for both able-bodied subjects and amputees over days. Furthermore, the relative improvement trends
achieved with our proposed methodology were the same for all
subjects, which underlines the relevance of our method for both
experienced and novel users. In conclusion, the proposed adaptation approach can be used as a practically feasible method for
improving the robustness of pattern recognition for myocontrol.
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