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A B S T R A C T

Research in pattern recognition (PR) for myoelectric control of the upper limb prostheses has been extensive.
However, there has been limited attention to the factors that influence the clinical translation of this technology.
A relevant factor of influence in clinical performance of EMG PR-based control of prostheses is the variation in
muscle activation level, which modifies the EMG patterns even when the amputee attempts the same movement.
To decrease the effect of muscle activation level variations on EMG PR, this work proposes to use dynamic time
warping (DTW) and is validated on two databases. The first database, which has data from ten intact-limbed
subjects, was used to test the baseline performance of DTW, resulting in an average classification accuracy of
more than 90%. The second database comprised data from nine upper limb amputees recorded at three levels of
force for six hand grips. The results showed that DTW trained at a single force level achieved an average
classification accuracy of 60± 9%, 70± 8%, and 60± 7% at the low, medium and high force levels respectively
across all amputee subjects. The proposed scheme with DTW achieved a significant 10% improvement in clas-
sification accuracy when trained at a low force level when compared to the traditional time-dependent power
spectrum descriptors (TD-PSD) method.

1. Introduction

The electromyography (EMG) signal plays a significant role in
prosthetic control since it can be measured non-invasively from the
surface of the skin (Peters et al., 2018; Talebinejad et al., 2009).
Identification of the patterns of the EMG signals generated due to the
contraction of the muscles is a promising approach to control upper
limb prostheses (Al-Timemy et al., 2013). Powered upper limb pros-
theses use EMG signals as a control signal. Multiple degrees of freedom
for the prostheses is achieved utilizing a pattern recognition (PR)
method, where the myoelectric controller learns the patterns generated
during hand movements in the training phase and gives the necessary
movement decision during the testing phase (Parker et al., 2006). Many
studies have been carried out in this regard, and high classification
accuracy has been achieved (He et al., 2015).

A significant number of studies have been performed on the various
stages of EMG PR such as pre-processing, feature extraction, novel
feature identification, dimensionality reduction, and classification
(Powar et al., 2018; Powar and Chemmangat, 2017). There have been
problems during the clinical implementation of the system, even though
the previous studies have reported a high classification accuracy of
more than 90%. There are various other factors that also affect the

performance of the PR system, such as variation in limb position, var-
iation in forearm orientation, variation in electrode position, variation
in force level, and change in the characteristics of the EMG signal
(Khushaba et al., 2016; Staudenmann et al., 2010). It is becoming
crucial to test the PR with these various factors, due to the gap between
ideal laboratory conditions and practical application of the myoelectric
prostheses (Geng et al., 2012). One of the challenging aspects is the
force level changes that can arise due to activities such as lifting heavy
objects and handling mechanical tools, which can occasionally happen
(Shin et al., 2016). Biologically, most changes in force are due to
changes in the effort level. If the PR system is not trained for such
scenarios, it misclassifies the pattern and produces the wrong control
decisions. Therefore, this study intends to investigate the effect of force
level changes on the classification accuracy of the PR at three wrist
positions.

Recently there has been significant research dedicated towards the
problem of force level variations, as they significantly influence the
performance of the myoelectric control (Yang et al., 2016; Al-Timemy
et al., 2016; Khushaba et al., 2016). Maclsaac et al. (2001) considered
the evaluation of muscle fatigue, given both force level variations and
joint angle. They stated that both conduction velocity and the EMG
mean frequency, affected the performance of the EMG PR. Tkach et al.
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(2010) considered two force level variations in their experiments. They
showed that selecting suitable EMG feature combinations was not
adequate. Developing effective training strategies for the classifier was
suggested for improving the robustness. Scheme and Englehart (2011)
demonstrated the impact of force changes on the EMG PR-based con-
trol. The subjects varied the force level from 20% to 80% of maximum
voluntary contraction. The classifier was trained at the individual force
level and tested at all force levels. The classification error ranged be-
tween 8% and 19%. He et al. (2015) recommended a feature extraction
technique based on muscle coordination and discrete Fourier transform.
The classification accuracy improved by 11% for the EMG data gath-
ered from nine instructions of motions with three different force levels.
Yang et al. (2017) inspected four distinctive data-collection procedures
and calculated their efficiency for getting robust classification, despite
dissimilarities presented by unlike muscle variations, dynamic arm
movements, and outside interfering forces.

Previous research to overcome the effect of force level variation
used sophisticated feature selection methods, which often required a
higher degree of computation. The classification methods are of three
types: (a) feature-based, (b) sequence distance-based, and (c) model-
based. The present work proposes the use of the sequence distance-
based classification approach, which does not possess evident features
and uses the complete data sequence for the classification. The method
has been widely used in handwriting recognition, which inspired the
present work (Huang et al., 2010). In a sequence distance-based clas-
sification, the similarity between sequences is measured by a distance
function, which defines the quality of the classification (Xing et al.,
2010). Dynamic time warping (DTW) calculates the similarity between
two series using a distance measure and has been used previously for
the classification of hand movements (AbdelMaseeh et al., 2016). The
major advantage of using the DTW method is a better performance with
low computational complexity. In most of the previous works, the
performance of the method was evaluated on intact subjects rather than
on amputees, and it is not known whether these methods can be gen-
eralized to amputees since, after the amputation, the muscle structure
may change. Several methods were used to this end to overcome force
level variation in the EMG classification including time-dependent
power spectrum descriptors (TD-PSD), discrete Fourier transforms (He
et al., 2015), time domain feature set (Scheme and Englehart, 2011),
reduced spectral moments (Vuskovic and Du, 2005), a combination of
time-domain and autoregressive model parameters (Oskoei and Hu,
2007), and wavelet features (Al-Timemy et al., 2016). Previous work
involved training from all the force levels, that the subject exerted
during testing. However, training at all force levels applies only to in-
tact-limbed subjects. Training must be done at a lower or medium force
level, for robust applications in amputees. This is to reduce the training
time and more importantly, because research shows that amputees are
comfortable training in low or medium force levels, rather than at a
high force level (Nazarpour et al., 2013). In recent literature, Khushaba
et al. (2016) made a thorough study on the impact of force level var-
iation and used the time-dependent spectral feature extraction method
to diminish the effect of muscular contraction levels. The EMG records
from six classes of hand actions at three force levels were considered,
and the accuracy of up to 91% was attained. The technique achieved
better performance than previously used methods. The database only
contains data from intact-limbed subjects. Hence, the database from Al-
Timemy et al. (2016) is also used in the present study, which has data
extracted from nine amputee subjects executing six instructions of
motions with three different force levels. The method used by Al-
Timemy et al. (2016) to overcome force level variation for amputees
was the same as used by Khushaba et al. (2016).

The following schemes are used to test the performance of the DTW
method: Scheme I wherein the training is done with a part of the data
pertaining to a single force level and tested on all possible force levels,
and Scheme II where both the training and testing data include all three
force levels. The work demonstrates the capability of DTW on accurate

classification for varying force levels and wrist orientations by de-
ploying these two strategies. DTW has been widely used in speech
processing, gesture recognition, and even in pattern recognition of
biomedical signals (Mazandarani and Mohebbi, 2018). To the authors’
knowledge, the present work is the first study, to involve the use of
DTW for force level variation. Training only at a specific force level is
considered for amputee subjects, as this is the closest to a practical si-
tuation. The main contributions of the present paper are: (1) proposing
DTW as an alternative to the existing method for improving the ro-
bustness of a PR-based myoelectric system in the presence of force level
variation; and (2) demonstrating an improvement in classification ac-
curacy when trained at a low force level with amputees in comparison
with the TD-PSD scheme (Khushaba et al., 2016; Al-Timemy et al.,
2016), and with a reduced computational time. The results of the pre-
sent study could help in designing a more robust and viable EMG pat-
tern recognition system for upper limb prostheses.

2. Methodology

Two databases were used to demonstrate the effectiveness of the
DTW method. The first database involves the use of EMG signals from
non-amputee subjects for six hand motions at three force levels each,
carried out at three different wrist orientations. The second database is
the amputee database for six hand motions, each at three force levels at
a single wrist orientation.

2.1. DATASET I: Intact-limbed subjects

2.1.1. Subjects and data acquisition
In the present work, the database from Khushaba et al. (2016) is

utilized. The database enables the comparison of the present work to
the state-of-the-art to overcome force level variations. The database of
Khushaba et al. (2016) consists of EMG signals recorded from ten able-
bodied subjects, who had no previous familiarity with the myoelectric
framework. The age group varied between 20 and 30 years with
forearm diameter of 26.6 ± 2.4 cm.

The EMG signals were acquired from six sensors (Delsys DE 2.x
series EMG sensors). The electrodes (bipolar) used were non-invasive 2-
slot adhesive skin interfaces mounted on each of the EMG sensors at-
tached to the skin. A reference electrode (Dermatrode reference elec-
trode) was positioned near the wrist of each subject. The six electrodes
were placed at equal distances around the forearm of the subject. Then,
the EMG signal was amplified with a gain of 1000 and band pass fil-
tered between 20 and 450 Hz. The data was sampled at 4 kHz using a
12-bit ADC from National Instruments (BNC-2090). The database also
contained data from the accelerometers attached to the wrist. However,
this has not been included in the present study.

2.1.2. Experimental protocol
The data collection strategy adopted in the work of Khushaba et al.

(2016) is briefly described in this section for better clarity. The subjects
have to undergo a preparatory session before beginning the test. Six
classes of movements were performed: (a) hand close (C1), (b) hand
open (C2), (c) wrist extension (C3), (d) wrist flexion (C4), (e) ulnar
deviation (C5), and (f) radial deviation (C6). The subjects repeated each
of these six hand motions at three different force levels, i.e., low,
medium, and high. Fig. 1 shows a time series plot of an individual trial
for varying force levels when a hand close movement was performed.
The database also contains the data described above for three different
forearm orientations (Orientation 1, Orientation 2, and Orientation 3)
as shown in Fig. 2. Thus, the total number of trials performed on a
subject equals to 162 (3 forearm orientations× 6 movements× 3 force
levels× 3 trials/movement). Each trial lasted for 5 s with a 10 s break in
between. The raw EMG signals were displayed on the screen to help the
subject to generate the movement with the necessary force level.
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2.2. DATASET II: Amputee subjects

2.2.1. Subjects and data acquisition
The second database is taken from Al-Timemy et al. (2016) and

consists of EMG signals recorded from nine amputees. The database was
collected after getting approval from the local ethical committee. The
age group varied between 20 and 57 years, in which the first seven
subjects did not use prostheses, and the remaining two used one for a
brief duration. A detailed description of the dataset can be found in Al-
Timemy et al. (2016).

The Ag/AgCl electrodes (bipolar) (Tyco Healthcare, Germany)
connected to a differential amplifier, placed around the left stump, were
used to acquire EMG signals from eight channels. The electrode loca-
tions can be seen in Al-Timemy et al. (2016). The European re-
commendations (SENIAM) for the EMG were followed for the place-
ment of the surface electrodes, and to mark the electrode locations, the
elbow joint was used as a reference. The channels were connected to
differential amplifiers with a gain factor of 1000 per channel and band
pass filtered between 20 and 450 Hz. Finally, a custom-built multi-
channel EMG acquisition system acquired the signal at a sampling rate
of 2 kHz using a 16-bit ADC from National Instruments (USB-6210).

2.2.2. Experimental protocol
Six movements were performed: (a) thumb flexion (P1), (b) index

flexion (P2), (c) fine pinch (P3), (d) tripod grip (P4), (e) hook grip (P5),
and (f) spherical grip (P6). The amputees were asked to look at the
signals on the screen to produce the required force level. They were
given time to familiarize themselves with the different force levels. The

forces at lower and higher levels than the normal force with which the
prosthetic works were recorded. This was simulated since the force
level changes during daily life usage. The EMG data was recorded from
the amputated hand. The amputees used their intact hand to generate
the movement with the required force level. The signal was displayed in
LABVIEW (National Instruments) to help the amputees produce the
required force level. The amputees produced three force levels (i.e.,
low, medium, and high) for each of the six movements. Five to eight
trials were recorded for each force level (Al-Timemy et al., 2016), for
every amputee.

2.3. System overview

The information flow is shown in Fig. 3. The blocks are explained
individually in the following sections.

Fig. 1. Three force levels acquired from single channel EMG signal for hand
close movement.

Fig. 2. Data collection at three forearm orientations at three force levels at each movement.

Fig. 3. The overall framework of the suggested PR system.
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2.3.1. Pre-processing, segmentation, and feature extraction
MATLAB software was used to perform the analysis. The recorded

EMG signal was sent to the pre-processing stage, where the noise was
removed. The EMG signals were filtered between 20 and 450 Hz using a
fourth-order Butterworth filter to eliminate the effect of crosstalk and
artifacts caused due to electrode movement. Also, a 50 Hz notch filter
was used to remove the power line interference.

Two approaches were tested regarding the data segmentation,
mainly to check their suitability for real-time decision-making, one that
does not use a windowing scheme and takes the entire 5 s episode
during a trial, and the other that uses a disjoint window of size 200ms.
The motivation behind this study is to see the effect of the smaller
window size on decision accuracy. The smaller window size also means
that the time to make a decision is reduced significantly in real-time.

The well-known root mean square (RMS) value of the signal for a
duration of 50ms was used as the only feature in the present study. The
RMS can measure the state of muscle activity, which represents the
notable amplitude change of the EMG signal widely used as a feature,
and also as a means to reduce the noise in the characterization of the
EMG signals.

2.3.2. Dynamic time warping
DTW provides a nonlinear alignment in the two-time series by cal-

culating the distance more wisely. The best alignment between two-
time sequence is considered. The two-time sequences are the EMG data;
one is the test data, and the other is the template, which is already
stored. The users cannot keep their rhythm constant when they perform
the same movement (e.g., hand close). The same movement can be
performed at different force levels (low, medium, and high). This re-
sults in pattern variations and distortions. DTW can be used to improve
the performance of PR by permitting the transformation of the time
series to identify similar profiles affected by distortion (Huang et al.,
2010).

Consider computing the similarity between two arbitrary time series
data as shown in Fig. 4. In Fig. 4(b), the Euclidean distance is used to
measure the similarity. The Euclidean distance becomes misleading
whenever there is a small distortion in the time axis. The distortion due

to varying force levels is addressed in this paper. It can observed in
Fig. 4(b) that although the two sequences have the same waveform,
they are not well aligned in the time axis. Fig. 4(a) represents the two-
time series that are dissimilar in the Euclidean distance. DTW algorithm
provides a nonlinear mapping resulting in Fig. 4(d) to align them in the
time axis. In the Euclidean distance, the two-time series have ap-
proximately the same overall waveforms but are not close to each other.
DTW warps one-time series nonlinearity to calculate the distance with
the other time series more wisely (Fig. 4(c) and (d)).

Consider two EMG signals (training template and test signal) to be
compared, A and B of length ∈n n N, . Let A= {a1, a2, a3,…, an} and
B= {b1, b2, b3,…, bn}. DTW aligns A and B by using the following two
steps (Senin, 2008; Vial et al., 2009):

Step 1: Distance matrix C is constructed by pair-wise distance be-
tween A and B. Consider matrix C with dimension n-by-n, where, the
(i j,th th) element of matrix contains the distance dij.

∈ = − ∈ ∈− −C R d a b i n j n: ‖ ‖, [1: ], [1: ]n by n
ij i j (1)

This distance matrix C is called the local cost matrix for the sequence A
and B.

Step 2: After the local cost matrix is constructed, a warping path that
defines the mapping between A and B is found. Let W represents the
warping path. The kth element of W is defined as =w i j( , )k . Therefore,
we have:

= … … ⩽ ⩽ −W w w w w w n K n, , , , , 2 1k K1 2 3 (2)

The warping path W must satisfy the following criteria: (1)
boundary condition: =w (1, 1)1 and =w n n( , )K . The starting and
ending point of the warping path must be diagonally opposite to the
cost matrix; (2) monotonicity condition: Given =w i j( , )k , then

= ′ ′−w i j( , )k 1 , where, − ′ ⩾i i 0 and − ′ ⩾j j 0. This makes the points in
W to preserve the time-ordering; and (3) continuity condition: Given

=w i j( , )k , then = ′ ′−w i j( , )k 1 , where, − ′ ⩽i i 1 and − ′ ⩽j j 1. This
makes the allowable step in the warping path to be restricted to the
adjacent cells.

Several warping paths fulfill the above conditions, but the path
which minimizes the warping cost is of interest.

Fig. 4. (a) In Euclidean distance, the two time series are not similar. (b) The waveforms have a similar overall shape; however, they are not well aligned in the time
axis. (c) After DTW, a refined distance measure is calculated. (d) Nonlinear alignment is provided by DTW for the two time series.
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∑= ⎛
⎝

⎞
⎠=

DTW A B min w( , )
k

K
k1 (3)

Dynamic warping is used to find the path with minimum cost. The warp
path λ i j( , ) is obtained by sum of the distance d i j( , ) found in the cur-
rent cell and the minimum of the cumulative distances of the adjacent
elements.

= + − − − −λ i j d a b min λ i j λ i j λ i j( , ) ( , ) { ( 1, 1), ( 1, ), ( , 1)}i j (4)

To sum up, first, the cost matrix is filled one column at a time from the
left to the right from the bottom. When the cost matrix is built, a
warped path must be found starting from λ n n( , ) to λ (1, 1). The
warping path is found by greedy search as described in (4). The smallest
warping cost performs the matching of the two signals.

The template here is the training data from the first two trials, and
the length of the template is the length of the trials which is the same
for all cases. After creating the template, DTW algorithm is applied to
the test data to find the matching time points in the template. The
distance between the EMG signals for the performed hand movement
template and the trained template is calculated. The hand movement is
identified with the template of the smallest distance.

The example for hand close (C1) movement recognition is illu-
strated in Fig. 5. The EMG signals for hand close movement is plotted in
the left Fig. 5(a) with all six EMG channels, which match the six
forearm muscles. Then, the EMG signal RMS feature is extracted, which
is represented as a continuous line in Fig. 5(b). Later, a comparison is
made with the six templates, which are the training templates of the
DTW as shown in Fig. 5(c). The intended movement is identified using
the distance measure calculated by the DTW. The comparison is made
on the right side as shown in Fig. 5(c); the template for six hand
movements is represented in the dotted line. The calculated distance
between the training template and the test template is shown above the
plots in Fig. 5(c). The least distance corresponds to the performed hand
movements, which is C1 in this example.

The post-processing is done to give this decision to an external
prostheses hand from the decision generated using DTW. Classification
accuracy is utilized to calculate the hand movement identification

performance.

2.4. Data analysis

2.4.1. DATASET I: Intact limbed subjects
The two schemes, as listed in Section 1, are employed for testing the

execution of the framework proposed in Fig. 3. The data from two out
of the three trials of every subject is used to produce the training set,
and the third trial is used for validation of the two schemes. As men-
tioned in Section 2 (i.e., 2.3.1), the effect of taking a shorter window on
the classification performance is also studied here to check its feasibility
for real-time implementation.

2.4.2. DATASET II: Amputee subjects
In the case of an amputee practically using the prostheses, training

should be done at a single force level. It is difficult for amputees to train
data at a high force level due to fatigue, which may produce tremors on
some occasions (Al-Timemy et al., 2016; Nazarpour et al., 2013).
Hence, for the amputee database, only training at a single force level is
evaluated. In the present study, the first three trials were used for
training, and the remainder (two to five trials) were used for testing.

2.5. Statistical test

To test the statistical significance of the achieved results, one-way
analysis of variance (ANOVA) was utilized. Also, the well-known two-
way ANOVA was used, as multiple factors needed to be tested. An ad-
ditional significance test known as the t-test was also used. The sig-
nificance level was set to 0.05 for all the three tests. The p-value, along
with degrees of freedom (df) and F values, are reported.

3. Results

3.1. Experiments on DATASET I

In this section, the two training schemes briefly mentioned in

Fig. 5. An example of hand movement re-
cognition. (a) After filtering, the EMG signal
for hand close movement. (b) Feature ex-
traction is done by taking the RMS, re-
presented in continious line. (c) Comparison
is done with all the templates (dotted line),
the system recognizes the hand movement
corresponding to the minimum distance.
The x axis represnts the time in seconds
which is of 5 s duration. The y axis represnts
the (a) amplitude of EMG signal in milli-
Volts; which ranges between −0.8 mV and
+0.8mV (b) RMS value of the raw EMG
signal in (a) which ranges between 0 and
0.15mV.

O.S. Powar and K. Chemmangat Journal of Electromyography and Kinesiology 48 (2019) 152–160

156



Section 1 will be used and their performance with the DTW will be
analyzed. The classification accuracy presented is averaged across ten
subjects.

3.1.1. Experimental Scheme I: Training the DTW template on the part of the
data pertaining to a single force level and testing on all possible force levels

The average classification accuracies for ten subjects are shown in
Fig. 6. Fig. 6 shows the results for all three orientations. The error bars
represent the standard deviation across ten subjects. The following
observations can be made from Fig. 6: (i) there is a significant impact on
the performance of the PR system when the subject executes unseen
force levels. One-way ANOVA was applied to validate the statistical
significance of the classification scores for the three force levels after
DTW, which gave ( = =p F0.016, 4.82 and =df 2) at orientation 1,
( = =p F0.0024, 7.72 and =df 2) at orientation 2, and
( = =p F0.27, 1.38 and =df 2) at orientation 3. There was a significant
effect of force level variation on the classification accuracy at orienta-
tion 1 and orientation 2, and no significant impact at orientation 3; (ii)
the trend is similar across all the ten subjects since the error bar lies
within ±10%. The two-way ANOVA found no significant difference
across the ten subjects ( = =p F0.14, 7 and =df 2), and (iii) the effect
of windowing (i.e., taking 200ms data segments) is not significant on
the performance of the PR system. To see the effect of windowing, the
two-way ANOVA has been applied resulting in the following values
( = =p F0.88, 0.13 and =df 2), ( = =p F0.74, 0.29 and =df 2) and
( = =p F0.82, 0.2 and =df 2) at orientations 1, 2 and 3 respectively.
There was no significant effect with and without windowing.

The maximum classification accuracy was obtained at forearm or-
ientation 2 when trained at a low force level (83.3%). Lower accuracy
was obtained when trained at a high force level.

Fig. 7 shows the average confusion matrix for the ten subjects with
experimental Scheme I at orientation 2 when training with low force.
The average classification accuracy was 83.3%. Low classification ac-
curacies were observed for hand close (C1), hand open (C2), and wrist
extension (C4) movements (<90%). This will be discussed further in the
next section.

3.1.2. Experimental Scheme II: Training the DTW template with all three
levels of force and testing it with all unseen force levels

Fig. 8 shows the average classification accuracy of the PR system.
Similar to Fig. 6, the following can be observed: (i) the accuracy is
significantly not affected when a shorter window of 200ms is used and
the results are comparable with the case where the entire 5 s data is
used as the training and testing template. This has been further verified
by conducting a one-way ANOVA. At orientations 1, 2, and 3, the values
were ( = =p F0.82, 0.056 and =df 1), ( = =p F0.22, 1.64 and =df 1)

Fig. 6. Average classification accuracy with Scheme I obtained across ten sub-
jects for six hand motions at orientation 1 (a), orientation 2 (b) and orientation
3 (c). Fig. 7. Average confusion matrix with Scheme I obtained across ten subjects for

six hand movements (hand close (C1), hand open (C2), wrist extension (C3),
wrist flexion (C4), ulnar deviation (C5), and radial deviation (C6)) at orienta-
tion 2.
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and ( = =p F0.46, 0.56 and =df 1) respectively. There was no sig-
nificant effect of windowing; and (ii) the results are consistent across
the ten subjects. The one-way ANOVA showed that there is no sig-
nificant difference across the ten subjects ( = =p F0.18, 1.74 and

=df 2). However, it can be seen that, in contrast to Scheme I (Fig. 6), the
accuracy has improved significantly owing to a wider training set and
the results have become much more consistent, with only a ±5%
standard deviation. One-way ANOVA conducted on Scheme I and
Scheme II has resulted in the following values: ( = =p F0.0003, 20 and

=df 1) at orientation 1, ( = =p F0.0002, 24 and =df 1) at orientation
2 and ( = =p F0.0001, 32 and =df 1) at orientation 3. This indicates
that there is a significant change in the classification accuracy in Scheme
II compared with Scheme I.

When deploying Scheme II, the average accuracy was always higher
than 90%. Specifically, for orientation 2, it was as high as 98.3%, even
when using a shorter 200ms window. This is a significant improvement
compared with the earlier reported works in this area.

This indicates the usability of DTW for the PR system trained with
all the force levels based on the analysis of the EMG signals. From this,
it can be concluded that training should be from all the force levels to
increase the robustness of the EMG PR system. This finding agrees with
the work of Al-Timemy et al. (2016).

The DTW method was compared with the TD-PSD method by
Khushaba et al. (2016). The results of the evaluation are given in
Table 1.

The average confusion matrix for the ten subjects with the experi-
mental Scheme II at orientation 2 is shown in Fig. 9. From the confusion
matrix, it can be observed that the DTW method was successful in
classifying the hand motions of all classes with high accuracies (>90%).
The movements hand close (C1), hand open (C2), wrist flexion (C4),
and ulnar deviation (C5) were classified with 100% accuracy.

3.2. Experiments on DATASET II

3.2.1. Experimental Scheme I: Training the DTW template on the part of the
data pertaining to a single force level and testing on two unseen force levels

To test the generalization ability of the DTW method when im-
plementing the same movement at different force levels, the data from
an unseen force level was used for validation. Here, the windowing
scheme with a 200ms window is employed for the validation of the
DTW method for the amputee study. The main intention in choosing a
200ms window is to keep the delay below 300ms to achieve real-time
control. For validating the method, the same scheme as Al-Timemy
et al. (2016) was used, in which the training data is acquired from a
single force level and the testing data is taken from unseen force levels.
Here, the comparison is made with the state-of-the-art TD-PSD method
on the same database.

The average classification accuracy for nine amputees using Scheme
I is shown in Table 2 along with the standard deviation. It can be seen
that there is a difference in the accuracy obtained for individual am-
putees, which may be due to the difference in their amputation level
and the time since amputation. As is evident from the table, even
though the accuracy is comparable with TD-PSD while training the
DTW with medium or high force levels, the proposed method achieved
a 10% increase in classification accuracy when trained with a low force
level. This was confirmed by the t-test with a p value of 0.03, which
indicates that there is a significant difference. This is significant since
amputees are comfortable training at lower or medium force levels (Al-
Timemy et al., 2016; Nazarpour et al., 2013). Training at a higher force
level is difficult for amputees.

The proposed method has been compared with the TD-PSD method
on a personal computer with 1.7 GHz Intel Core i5 CPU (4 GB RAM)
using MATLAB. The processing time required for a 200ms rectangular
window is shown in Table 2. DTW obtained a lower processing time and
classification error when compared with the TD-PSD method.

The following can be inferred from the reported results: Firstly,
there is a definite improvement in the classification results when using
DTW trained at lower force levels in comparison with TD-PSD. A t-test

Fig. 8. Average classification accuracy with Scheme II obtained across ten
subjects for six hand motions from three different orientations.

Table 1
Comparison of average classification accuracy for TD-PSD method and DTW
method for DATASET I.

Method Classification accuracy % Reference

Time-dependent power 93 (Khushaba et al., 2016)
Spectrum descriptors
Dynamic time warping 98.3 Present study

Fig. 9. Average confusion matrix with Scheme II obtained across ten subjects for
six hand movements (hand close (C1), hand open (C2), wrist extension (C3),
wrist flexion (C4), ulnar deviation (C5), and radial deviation (C6)) at orienta-
tion 2.

Table 2
Average classification accuracy (and the standard deviation in %) for nine
amputees when trained with single force level and tested with unseen force
level for TD-PSD method and DTW method with average processing time.

Method Low Medium High Processing time
(ms)

Rectangular window
(ms)

TD-PSD 50± 10 70± 8 60± 10 1.9 200
DTW 60± 9 70± 8 60± 7 1.2 200
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was conducted for analyzing the statistical differences between the
results achieved using DTW versus TD-PSD. There is a significant im-
provement in classification accuracy when trained at a lower force level
using DTW when compared to TD-PSD ( =p 0.03). Secondly, the clas-
sification accuracy of both DTW and TD-PSD remained the same when
trained at medium and higher force levels ( =p 1). Thirdly, TD-PSD is
more expensive in terms of computational cost than the DTW method.

4. Discussion

The main advantage of using the DTW method is that it can over-
come the force level variability that affects the classification. Apart
from the DTW method, many techniques have been used in the litera-
ture, most of them being complex for real-time implementation. In the
present study, two datasets were used. In the first database, the per-
formance of the DTW method was validated using two schemes and
then compared with the previously used TD-PSD from the literature for
non-amputee subjects. Since the database of Khushaba et al. (2016) did
not have amputee subject data, the database from Al-Timemy et al.
(2016) was used to validate the DTW method for amputee subjects.

4.1. DATASET I: Intact-limbed subjects

The performance of the EMG PR should not vary for various force
levels for practical usage. For this, the impact of force level variations
on the myoelectric PR system has been studied. Recent literature re-
ports multiple studies to tackle such issues with complex feature se-
lection processes. In contrast, the aim of the present study is to use a
simpler and computationally efficient PR system, which can be de-
ployed in real-time without compromising the accuracy. To check the
utility of the proposed PR system, the classification accuracy was
evaluated on ten individuals performing six hand movements at three
different force levels, each at three different hand orientations. The
effect of using shorter 200ms windows on decision-making was also
studied. The results indicate that the DTW method is less affected at
different force levels and performs well as a PR scheme even when
shorter data segments are available for decision-making. This sig-
nificantly reduces the time to decision, making it a potential candidate
for creating a robust, real-time PR system.

4.1.1. Impact of training methods on the performance of PR based
myoelectric control under force level variation

In the experimental Scheme I, the performance of the DTW method
was checked when using the data from one of the three force levels as
the training template. The performance was low, as seen in Fig. 6. This
finding agrees with the earlier work of Khushaba et al. (2016). Low
classification accuracy makes the training strategy adopted in Scheme I
less suitable for the application. The low classification accuracy at-
tained at individual force levels indicates that more information from
other force levels should be included to improve the performance.

Additionally, it was observed that the performance was slightly
better when low or medium force was used instead of high force as the
training template. This is due to the difficulty in producing a high force
level compared with generating low and medium force levels.
Maintaining a high force for a substantial amount of time is difficult,
and causes fatigue.

An examination of the confusion matrix in Fig. 7, when adopting
Scheme I, reveals that the classification accuracy associated with the
movements hand close (C1), hand open (C2), and wrist flexion (C4)
were poor with respect to the other movements. The movements with
lower error rates were wrist extension (C3), ulnar deviation (C5), and
radial deviation (C6). The misclassification might be because of the
variability of the force level and can be further improved by proper
training.

Experimental Scheme II was employed to overcome the effect of
force level variation, which uses all the three force levels to generate

the training template. When adopting Scheme II, better performance
was expected and is shown in Fig. 8. The result shows a clear im-
provement in the DTW-based PR system performance when deploying
Scheme II, obtaining an accuracy of 98.2%. This outcome of using the
DTW method trained with all the force levels makes it suitable for real-
time application.

The average confusion matrix across the ten subjects was calculated
and is shown in Fig. 9 to get a better understanding of the accuracy
associated with each movement. It can be seen that four out of the six
movements obtained 100% accuracy.

4.2. DATASET II: Amputee subjects

The performance of the DTW method is studied under varying force
level conditions and is found to be suitable for robust application. DTW
has been used before for EMG hand movement classification. However,
to the authors’ knowledge, the DTW method has never previously been
investigated under force level variation on both intact and amputee
subjects.

Force variation is one of the major obstacles for the practical im-
plementation of prostheses. The first database, which has data from ten
intact-limbed subjects, was used to test the baseline performance of
DTW under varying effort levels. The algorithm is further tested on
amputee subjects. It performed better than the recently used TD-PSD
method in terms of both accuracy and processing time. When con-
sidering training at a single force level for amputees, the results suggest
that the DTW method provides a more dependable means of control
than TD-PSD.

In the TD-PSD method, the error rates for lower force are much
higher than the medium and high force levels. However, training an
amputee at low and medium force level is relatively easy when com-
pared with a high force level, since training at a higher force level re-
quires a lot of effort and produces tremors in some cases (Al-Timemy
et al., 2016; Nazarpour et al., 2013). This explains the importance of
training at low and medium force levels rather than a high force level.
With the suggested DTW method, as in Table 2, a 10% increase in
classification accuracy was obtained when compared with the TD-PSD
method with additional savings in computational cost making it an
interesting alternative to the previously used PR schemes.

4.3. Limitations and future work

The study has been conducted on databases, and the analysis has
been carried out offline. This was to check the utility of the proposed
scheme on the performance of the PR system. Future research will study
subjects with real-time implementation results. The present method is,
however, suitable mainly for a limited set of movements, since adding
more movements means more training templates and an increase in the
evaluation time. However, this might not be a significant setback for
using DTW since the inclusion of further movements has previously
been reported to cause fatigue in amputees (Al-Timemy et al., 2016;
Nazarpour et al., 2013). As future work, the possibility of incorporating
additional sensor data (say hand acceleration) as a surrogate for the
EMG sensor data will be investigated to bring down the cost of such
systems.

5. Conclusion

The investigation of force level variation was carried out for ten
intact-limbed subjects at three force levels with three different forearm
orientations. A significant outcome of the study was that DTW, when
trained with all force levels can be used as an effective method for the
practical implementation of the PR system with faster response time
and with simpler computational complexity. A maximum classification
accuracy of 98.3% was observed on the available data when DTW
method was trained at all force levels. In agreement with what is
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reported in the literature, it was observed that the performance dete-
riorated when data from only one of the force levels was used for
training.

It was seen that DTW reduces the processing time compared with
TD-PSD and has higher accuracy. Also, when testing on the amputee
database, DTW managed to outperform TD-PSD in terms of classifica-
tion performance, with a 10% increase of accuracy when trained at a
lower force. This can be considered as a significant contribution of the
present research work, and it recommends DTW as a potential tool for
prostheses application owing to its pattern recognition capability at
lower computational expense.
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