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Real-Time Embedded EMG Signal Analysis for
Wrist-Hand Pose Identification

Sumit A. Raurale, Student Member, IEEE, John McAllister, Senior Member, IEEE and Jesus Martinez del
Rincon, Member, IEEE

Abstract—Electromyographic (EMG) signals sensed on the
forearm skin surface, when placed over specific muscles, enable a
wide range of wrist-hand movements to be accurately detected via
complex time-frequency EMG analysis. This capability, however
is not available for EMG wearables, which sense EMG from
random positions and experience substantially reduced detection
performance as a result. In addition, the complexity of the
time-frequency analysis process currently precludes real-time
detection using the simple embedded processors on EMG wear-
ables is not possible. This paper describes an approach which
resolves both these shortcomings. It shows that, when random
sensor placement is adopted, wrist-hand movement detection with
performance equal the state-of-the-art can be achieved, with only
10% of the computational complexity. This latter property allows
the first real-time wrist-hand movement detector using only
simple embedded processors; specifically when using on ARM
Cortex-A53 processor, execution time is lowered by 90% against
the state-of-the-art, with no reduction in detection performance.
It is shown how this can be further reduced by 30% by
using fewer EMG channels or features, whilst maintaining good
detection performance. To the best of the authors’ knowledge,
this is the first record of real-time high-performance wrist-
hand movement detection for standalone, battery-powered EMG
wearables.

Index Terms—Electromyographic (EMG), commodity EMG
sensors, time-domain features, linear discriminant analysis
(LDA), multilayer perceptron (MLP), operational complexity.

I. INTRODUCTION

B IOPHYSICAL signals, such as Electroencephalogram
(EEG), Electrocardiogram (ECG) or neural signalling

[1], [2] are increasingly used to biometric identification,
monitoring physical well-being or controlling electronic de-
vices. Electromyographic (EMG) signals fall into this class
of phenomena and their interpretation has found a number of
practical uses in human-computer interface applications, such
as immersive environments, video games, electronic gadgets
or control of robotic devices or ’bionic’ limbs [3]. These
applications have given rise to wearables [4]–[7] which use
skin’s surface sensors to measure EMG signals.

Numerous approaches have shown that a wide range of
wrist-hand movements can be detected with high accuracy
by analysis of lower-arm EMG signals [3], [8]–[10]. These
approaches, however, all make the same assumption: EMG
sensors are placed precisely over specific arm muscles. They
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all rely on complex frequency-domain analysis of the EMG
signals they measure, which cannot be realised in real-time
using the simple embedded processors housed in EMG wear-
ables. High performance, real-time detection of wrist-hand
movements from EMG requires precision placement of sensors
and substantial processing resource.

Wearables violate the first assumption. They do not place
sensors over specific muscles, rather acquiring EMG from
sensors whose location is random and changes every time the
wearable is removed and refitted. Their detection performance
is significantly lower than the state-of-the-art [4]–[7]. The
authors are not aware of any work which uses this sensing
modality yet maintains state-of-the-art detection performance.

This experimental work extends [11] to make the following
contributions:

1) It is shown how the class-leading EMG wrist-hand detec-
tion approach [8] is ineffective when EMG sensors are
randomly-placed, enabling only 73% accurate detection
for nine wrist-hand movements.

2) It is shown that time-domain analysis of EMG signals
from randomly-placed sensors enables detection accuracy
of 99% - beyond the state-of-the-art - with less than 10%
of the computational complexity.

3) It is shown that the aforementioned complexity reductions
enables the first real-time EMG wrist-hand movement
detector using an ARM Cortex A-53 embedded processor
suitable for integration in EMG wearables.

4) It is shown how the complexity of the proposed approach
can be further reduced by over 30% whilst maintaining
the breadth and accuracy of the current state-of-the-art.

The structure of this paper is as follows. Section II presents
the state-of-the-art in EMG acquisition and analysis for iden-
tification of wrist-hand poses, before Section 3 introduces our
proposed approach and quantifies its classification accuracy.
Sections 4 and 5 then, respectively, analyse the complexity
of the proposed approach and its embedded deployment, and
explore performance-cost trade-offs.

II. PREVIOUS WORK

A. Wrist-Hand Movement Detection using EMG

When acquiring skin-surface EMG, there are two possible
approaches: either the EMG sensors are placed over spe-
cific arm muscles (known henceforth as the placed-sensor
approach), or they can be randomly-placed. The placed-sensor
approach is the much more comprehensively investigated. The
precise placement over specific muscles is important, because
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it minimises the level of interference and crosstalk in the
acquired signal as a result of movement in nearby muscles
[12], [13]. The sensors are placed between a motor point and
either another such point, or a tendon insertion [12]. This
approach allows a wide range of movements to be detected
accurately [14] via a spectrum of different techniques.

In placed-sensor approaches, the acquired EMG signals
undergo time-frequency analysis, enabled by the differing
frequency characteristics of the EMGs emanating from the
muscles over which they are placed. These techniques include
Fourier transform [15], Wavelet Transform (WT), and Wavelet
Packet Transform (WPT) [8], [9], [14], [16]. For instance,
the work in [16] derives a feature vector, using Discrete
Wavelet Transform (DWT), which is then projected via unsu-
pervised Principal Component Analysis (PCA) [17] to detect
six different hand poses with 97.50% accuracy. Numerous
other recent studies have used PCA for feature projection in
various applications [8], [16], [18]. The work in [8] combines
PCA with a Self-Organizing Feature Map (SOFM) to enable
a combined linear/non-linear unsupervised feature projection
method. If linear supervised projection is required Linear
Discriminant Analysis (LDA) is preferred due to its class
separability [9], [19], [20] and its superior performance as
compared to PCA/SOFM [20]. The final step in the EMG pro-
cessing sequence is inference of movements from the reduced-
dimensionality feature vectors. Various classifiers have been
analysed in this context, including Support Vector Machines
(SVMs) [9], [10], [18], [21], [22], bayesian classifiers [14],
gaussian mixture models [14], hidden markov models [14],
fuzzy classifiers [14] and Multilayer Perceptrons (MLPs) [8],
[16], [20], [23].

A large body of work has addressed the specific problem of
EMG-based inference of wrist-hand movements. In [24], three
hand motions are differentiated using 1D Local Binary Pattern
(LBP) feature extraction. Four sensors are used in [15] to
detect seven wrist-hand movements using time and frequency
domain features with SVM classification, whilst [22] also uses
four sensors on the lower and upper forearm to classify six
wrist-hand motions with accuracy between 87 - 97%. In [25],
hand-finger movements were classified with 94.30% accuracy
using bicoherence analysis and extreme learning machine
techniques. Finally, [26] describes a system using eight placed
sensors, DWT characterisation and an artificial neural network
classifier to achieve 91.86% classification accuracy. Amongst
this body of work, however, the approach in [8] stands out
in both the breadth and accuracy of its capabilities. By
employing Local Discriminant Basis (LDB) with WPT, PCA-
based projection and MLP-based classification, nine wrist-
hand movements can be detected with 97.40% accuracy.

B. Motivation
The works discussed above show that high-performance

wrist-hand movement detection - classifying a wide range
of movements with high accuracy - from EMG is certainly
possible. However, these works all assume sensors placed
precisely over specific arm muscles. The authors are unaware
of any approach which maintains this performance without
precise placement of sensors.

For an emerging class of wearable EMG acquisition devices,
the placed-sensor assumption is invalid. These rely on sensors
which are both randomly positioned and whose position can
change every time the devices is removed and refitted. For
instance, the unit used in [4]–[7] composes an armband of
eight EMG sensors. Detection performance using this sensing
modality leads to significantly reduced - [4]–[7] report a
maximum of five movements detected. Relatedly, a second
major characteristic of high-performance detection systems is
complexity: the frequency domain algorithms used preclude
real-time detection using the types of embedded processor
which can be embedded in EMG wearables. The authors
are unaware of any real-time high-performance wrist-hand
movement detection schemes which do not require substantial
remote computing resource.

This paper address these shortcomings. It challenges the
assumption that placed sensors are required to achieve high
detection performance. Its objectives are to enable:
• High performance wrist-hand movement detection, in

terms of both the breadth and accuracy of movement
detection, using randomly-placed multi-channel EMG
sensors.

• Real-time detection using an embedded processor suitable
for integration in a portable, battery-powered device.

III. MOVEMENT ACQUISITION AND CLASSIFICATION

The state-of-the-art in wrist-hand movement inference from
placed-sensor EMG acquisition systems differentiates nine
different movements:

(i) hand open
(ii) wrist flexion

(iii) wrist pronation
(iv) wrist ulnar flexion
(v) relaxation

(vi) wrist supination
(vii) hand close

(viii) wrist extension
(ix) wrist radial flexion

This work aims to detect the same set of movements with
similar accuracy to placed-sensor approaches. The 200 Hz per
channel [27] sampling frequency is sufficient for this work
because whilst in general the frequency range of EMG signals
is between 0-1000 Hz, the dominant energy is concentrated
in the range of 20-500 Hz [8], [20], and further restricting
to 200 Hz does not necessarily degrade system performance
[28]. Current wrist-hand inference processes use 256-sample
windows of EMG data per sensor, with 128ms offset between
successive windows [8], [20]. We use the same, making 128
per window the upper limit for real-time detection. [29].

A. EMG Features

As described in Section II, placed-sensors acquisition ap-
proaches measure EMG signals from the skin’s surface directly
over specific arm muscles; the unique frequency composition
of each muscle’s EMG then enables effective frequency-
domain analysis. If randomly-placed, however, the EMG at
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each sensor is a mixture of those produced by many mus-
cles, and frequency-domain specialisation is ineffective. Hence
time-domain analysis is used in this case.

Twenty-six time-domain features were proposed for this
problem by Phinyomark et al [30]. Based on the minimum
redundancy feature selection, we propose to use only eight
features set to characterise the signal emanating from each
EMG sensor.
• Integrated EMG (IEMG): EMG measures change in po-

tential levels between muscle contraction and the station-
ary state. IEMG detects the muscle activation condition
as an onset index by illustrating the firing point within
activation of muscle contraction levels.

IEMG =

N∑
n=1

| xn | (1)

• Mean Squared Value (MSV): also detects muscle acti-
vation condition as an onset index.

MSV =
1

N

N∑
n=1

xn
2 (2)

• Variance: estimates power density.

V AR =
1

N − 1

N∑
n=1

| xn − µ |2 (3)

where µ is the mean value of x.
• Root Mean Square (RMS): represents fatigue in the

muscle contraction levels whilst changing movement
within each window [31], [32]. It is expressed as:

RMS =

√√√√ 1

N

N∑
n=1

x2n (4)

• ln RMS: characterises the differences in RMS magnitude,
amplifying relatively small absolute RMS values

• Kurtosis: characterises the sharpness of the EMG sam-
ple distribution [33]. Describes the change in muscle
activation levels whilst contracting and is higher during
strong contractions of different movements, providing
high variation for different classes of movement. It also
measures differentiates between less/more outlier-prone
distributions using a threshold value of 3:

k =

{
1

N

N∑
n=1

[xn − µ
σ

]4}
− 3 (5)

where σ is the distribution’s standard deviation of x.
• Skewness: measures the asymmetry of different muscle

contraction distributions [34].

s =
1

N

N∑
n=1

[xn − µ
σ

]3
(6)

• Auto-regressive Model (ARM): predicts intramuscular
EMG and its spectral properties [35] [36]. Describes each
sample of the EMG signal as a linear combination of the

previous samples plus a white noise error term w[n] [15],
[30], [31], [37]

An =

P∑
p=1

ap,nxn−p + wn (7)

where ap are the AR coefficients, wn white noise and P
is the order of the AR model (6 in our case, evaluated
using the Akaike information criterion [38]). A constraint
model is obtained using the stochastically perturbed dif-
ference equation constraint model [39],

5ap,n = δp,n (8)

where p = 1 · · ·P and δp is assumed to be a zero-mean
Gaussian white noise sequence with variance τ2p = τ2.

These features were selected from twenty-six based on their
correlation statistics. Correlation coefficients for all features
[30] were evaluated, resulting in a mean rµ = 0.8. Any
features with larger correlation coefficients are not used. The
correlation coefficients for the proposed features is sum-
marised in Fig. 1.

AR IEMG Kurt lnRMS Skew RMS Var MSV

MSV

Var
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lnRMS

Kurt

IEMG

AR 0.45
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0.6
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0.56

0.68
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1

1

1
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1
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Fig. 1: Correlation coefficients for different time domain
features.

The remaining eight time-domain capable of extracting
the fundamental information from EMG signal viz. muscle
contraction, activity detection, onset detection, and power
density. To tell different movements apart most accurately,
features should provide as wide a range of values as possible.
The variation in the normalised amplitude for each of the eight
features across the nine wrist-hand movements is summarised
in Fig. 2 (normalisation factors are quoted in circular braces).
The eight features are ordered in decreasing order of variation.

When represented by their l2 norm, the vectors of AR
coefficients shows the highest range of amplitude - 5.80 to
60.10 across the nine movements; this is followed by IEMG
(7.53 - 34.04), kurtosis (2.17 - 8.23) and lnRMS (1.93 to
5.89). The remaining features - skewness, RMS, variance and
MSV have, relatively speaking, lower variation but can still
contribute to increasing performance.
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Fig. 2: Amplitude variation of different time domain features
for nine wrist-hand movements.

These features are calculated for each 256 sample window
from each of the eight EMG channels acquired by the arm-
band. That is, the eight-channel EMG signal measured by the
EMG armband is segmented into 256 time-sample windows
XN ∈ R256×8. From each channel is derived a feature vector
fc ∈ R13 composed of the features (including a six-element
AR coefficient vector) described above.

B. Feature Projection & Classification

The purpose of feature projection is to reduce the dimen-
sionality of the incoming time-domain feature vectors by pro-
jecting the data points onto a lower-dimensional feature space.
Then, classification infers the hand-wrist pose represented by
each vector by classifying it into one of nine classes, each
corresponding to one of the known wrist-hand poses.

The 13-element feature vectors emanating from each of the
eight EMG channels are concatenated into a single vector f ∈
R104. Feature projection creates an appropriate subset of new
features from an original feature set such that the learning
criterion is optimized [19]. For EMG signal analysis, PCA and
LDA have been popularly used for this purpose [9], [19], [20].
The most effective choice will be that which, when combined
with the proposed classifier, enables the highest classification
accuracy. Similarly, a set of alternative classifiers may also
be considered, including SVM [9], [22], k-Nearest Neighbour
(k-NN) and MLP [8], [14], [30]. The work in [8], [20] has
shown that employing MLP to classify time-frequency feature
vectors is able to differentiate the nine classes of wrist-hand
movements desired in the proposed approach, and as such a
similar approach is considered here.

C. System Evaluation

The relative performance of SVM, k-NN and MLP clas-
sifiers, along with LDA or PCA feature projection are em-
pirically compared to determine the best combination. The
proposed system architecture is illustrated in Fig. 3.

Both the LDA and PCA feature projection options project
each f ∈ R104 input feature vector onto a compressed
equivalent f ′ ∈ R8. The dimensionality of the resulting vector
is chosen to be one less than the number of classes into which
the vectors are to be classified - i.e. the number of hand-wrist
poses [40]. The MLP classifier option is configured with three
hidden layers comprised of a total of forty-four neurons and a
nine-neuron output layer, with a single output neuron for each
of the nine hand motions to be recognized1.

In order to compare the breadth and accuracy of the pro-
posed time-domain approach to the state-of-the-art in placed-
sensor systems, it is benchmarked against the approach in [8],
[20], which can differentiate nine movements with accuracy
exceeding 97% on average. To ensure fair comparison, we
adopted the same testing approach quoted in [8], [20]. Ten
subjects (seven male, three female) aged 27 ± 4 years each
provided ten training samples for each of nine movements,
and testing was performed on a further ten instances of each
movement. Each subject was instructed to be seated on a
height adjustable chair in a comfortable position with their
elbow and forearm initially resting on a horizontal surface. The
subject was then instructed to raise their hand perpendicular
to surface before performing the target wrist-hand movements.
Each movement was conducted for approximately 1 second
from the rest position and maintained in the target position for
5 seconds. The movements were performed in a fixed order for
each subject. For testing, different movements were considered
in a random order. During training, the MLP weights and bias
are initially drawn from a uniform distribution with a mean
and variance of 0 and 1, respectively. The learning process
was stopped when the absolute rate of change in the average
squared error per iteration was sufficiently small [41].

D. Training

Training follows the same strategy as that employed in
the leading placed-sensor approach with which we compare
[20]. In the training data set, each sample consists of total 72
windows (with each window tagged with the corresponding
movement) - eight windows for each of nine movements for
each session of ten people. From each 256-sample window is
the derived a feature vector f ∈ RH where H is number of
feature coefficients (104 as evaluated in Section III-A). Thus,
10 sessions from each of 10 subjects produces 800 feature
vectors for each movement. In total the training data frame
is thus D ∈ RJ×H , where J = 7200 is the total number of
feature vectors from all nine movements. In addition a class
label vector defines each feature data class in D to train the
LDA and derive the following parameters:

1) Mean feature-vector f̄ ∈ RH of D;

1This configuration was determined by empirical observation of the error
rate as the number of neurons was varied.
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Fig. 3: Proposed System Architecture

2) Matrix of eigenvectors E ∈ Rp×H where p = 8 sorted
eigenvalues of D;

3) Matrix of scatter feature projection L ∈ RJ×p of the
training data matrix D;

4) Vector of class labels c′ ∈ RJ representing the training
data matrix D;

5) Vector e ∈ Rp of sorted eigenvalues of D;
In the case where PCA is used, as well as deriving L as in

LDA, a matrix P ∈ RJ×p of the principal component vectors
of D is derived and used to train the classifiers.

In the case where MLP is used to realise the classifier, the
training phase derives from L (LDA) or P (PCA) the weights
for each neuron connection in the graph. In the case where
SVM is used as the classifier, the training phase derives from
L (LDA) or P (PCA) a variable-sized set of support vectors
for the points on the boundaries between classes.

Ten-fold cross-validation was performed on the training data
using the proposed features, LDA and MLP. The optimal MLP
configuration was selected based on maximum classification
accuracy. The system is tested on the remaining dataset.

E. Testing

The performance of the system is tested on ten sessions
of data from the same 10 subjects, to again ensure consistent
comparison with [20]. An EMG window is extracted from
each of the c = 8 channels Xc ∈ R256 and the features in
Section III-A derived. The resulting feature vectors fc ∈ R13

are concatenated into f ∈ R108 used to derive e′ ∈ Rp:

e′ = (f − f)× ET (9)

The output vector ŷ ∈ R9 is evaluated from the trained
model parameters from e′.

The performance of MLP, SVM and k-NN classifiers (k =
3) with either LDA or PCA feature projection are compared.
The relative performances of these configurations across all
nine wrist-hand movements is described in Fig. 4.

The results in Fig. 4 are rather definitive. They suggest
that combining LDA feature projection and MLP-based clas-
sification enables a clear benefit in the accuracy with which
the time-domain features are classified. Specifically, the ac-
curacy of this combination exceeds 98% for each individual
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Fig. 4: Classification results of different feature classifiers.

movement, and 99% on average. This accuracy substantially
exceeds any other approach, with a combination of LDA and
SVM achieving in excess of 91% accuracy overall, whilst
no other approach exceeds 80% accuracy and performance
reduces to below 50% using PCA/kNN.

It is noticeable that, for a similar range of movements, this
level of accuracy is comparable with and, indeed, beyond that
of time-frequency approaches for placed-sensor acquisition
[8], [14], [16], [20], [26], [42], as surveyed in Section II.
To recap, the state-of-the-art approach surveyed achieved an
average of 97.4% accuracy when classifying nine wrist-hand
movements. This is less marginally less than the 99% observed
in the proposed approach, for the same range of movements.
In addition, this accuracy is observed when placed-sensor
acquisition is used. If the same approach adopted in [8], [20]
were applied to the randomly-placed sensing regime, then the
performance observed is as summarised in Table I.

As this shows, when the sensor used to capture EMG signals
are not placed over specific muscles, the performance of time-
frequency analysis is severely diminished. Specifically, when
the state-of-the-art WPT-based time-frequency approach in
[20] is applied to EMG data from randomly-placed sensors,
classification accuracy is approximately 72% or 48%, depend-
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TABLE I: Comparison of Time and Time-Frequency Classifi-
cation Schemes

Classification Accuracy (%)

Movement Time-domain Time-frequency

LDA PCA LDA [20] PCA [8]

Hand open 99.90 90.60 76.00 48.35

Hand close 99.75 68.40 80.50 51.30

Wrist flexion 99.65 78.50 77.30 47.35

Wrist extension 98.95 73.30 70.50 41.90

Wrist pronation 99.80 82.70 61.90 45.65

Wrist supination 95.55 77.50 72.40 50.45

Wrist ulnar flexion 98.60 76.80 64.70 48.65

Wrist radial flexion 99.15 78.10 75.10 48.10

Relaxation 99.40 78.90 76.80 49.85

Total 99.30 78.30 72.80 47.95

ing on the feature projection technique employed.
To the best of the authors’ knowledge, this is the first record

of a randomly-placed EMG sensing modality enabling wrist-
hand movement detection with performance comparable to the
state-of-the-art. All other approaches of similar performance
use precision-placed sensors. Indeed, the accuracy of the
results in Table I are beyond the state-of-the-art. It is also
worth noting that the number of movements which can now
be accurately detected, given the sensing modality, has almost
doubled from 5 [4]–[7] to 9.

Classification performance is only one metric when con-
sidering the design of practical EMG acquisition and classi-
fication systems. Many others - such as throughput, latency,
energy expenditure - influence other aspects of the system’s
behaviour, such as its battery life or level of heat dissipa-
tion. These are heavily influenced by the complexity of the
proposed classification scheme and can limit the ability to
realise real-time EMG analysis such as that proposed on
practical, portable, battery-operated devices. The complexity
of the proposed approach and its performance is considered
in Section IV.

IV. COMPLEXITY

To determine the complexity of the proposed time-domain
wrist-hand inference system, the analytical approach described
in [43] is adopted. It is assumed that each primitive arithmetic,
logical or comparison operator accounts for one operation,
as do conditional operations. Under these assumptions, the
complexity of deriving each time-domain feature is quoted
alongside the LDA feature projection operation and the MLP
classifier in Table II. Note that these are expressed in terms of
a number of key operating parameters of the system, the names
and meaning of which are quoted in Table III, along with the
values of each taken in the system described in Section III.

As Table II describes, the worst-case complexity of the
proposed approach can be expressed as O(u[PN + qk]+ qlr)
where u is the number of EMG channels, P the order of
AR model and N the width of the EMG segment. This can

TABLE II: Time-Domain EMG Classification Complexity

Technique Complexity

AR u[P (2N + 21)]

IEMG u(2N + 4)

Kurtosis u(4N + 2)

log RMS u(N + 1)

Skewness u(3N + 2)

RMS u(2N + 6)

Variance u(3N + 4)

MSV u(2N + 5)

Features u[P (2N + 21) + 17N + 24]

LDA [q − 1] (2uk + 3)

MLP [q − 1] [l(3r + 6)]

Total
u[P (2N + 21) + 17N + 24]+

[q − 1][(2uk + 3) + l(3r + 6)]

TABLE III: System Complexity Parameters

Parameter Represents Value Taken

u Number of channels 8

N Width of segmented window 256

P Order of AR model 6

q Number of movements 9

k Width of time-domain feature vector 13

r Number of neurons in MLP 61

l Number of hidden layers in MLP 3

TABLE IV: Time-Frequency Classification Complexity

Technique Complexity

WPT u[2D(18N × log(3N) + 18)]

LDA [q − 1] (2g + 3)

MLP [q − 1] [l(3r + 6)]

Total
u[2D(18N × log(3N) + 18)]+

[q − 1][(2g + 3) + l(3r + 6)]

be compared to the complexity of the state-of-the-art placed-
sensor classification approach used to benchmark performance
in Section III-C [8], [20]. Table IV describes the parameterised
complexity of this approach and Table V the relevant param-
eters.

TABLE V: Time-Frequency System Parameters

Parameter Represents Value Taken

D Number of decomposition layers in WPT 3

g Width of WPT feature vector 2048

For this time-frequency approach, WPT feature vector
derivation has complexity O(u[DNlogN ] + q[g+ lr]), where
D is the number of WPT decomposition layers (3 in [8],
[20]). The key difference in the complexity of this approach
and proposed time-domain approach lies in the relative com-
plexities of their feature vectors. The proposed time-domain
approach uses a 104-element feature vector; in the time-
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frequency approach, the WPT coefficient feature vectors are
composed of 2048 values. This leads to a very large difference
in the absolute number of operations used by each approach.
Table VIb quotes these figures for both the time-domain and
time-frequency approaches, for the parameters in Tables III
and V respectively.

TABLE VI: Operational Comparison of EMG Classification
Techniques

Operations
AR 25,584

IEMG 4,128

Kurtosis 8,208

log RMS 2,056

Skewness 6,160

RMS 4,144

Variance 6,176

MSV 4,136

Features 60,592

LDA 1,688

MLP 4,536

Total 66,816

(a) Time-Domain

Operations

WPT 639,059

LDA 32,792

MLP 4,536

Total 676,387

(b) Time-Frequency Domain
[8], [20]

As Table VIb shows, the absolute operational differences
arising between the two approaches to EMG acquisition and
classification are significant. The feature extraction complexity
increment observed for time-frequency processing has resulted
in a very substantial multi-layer WPT feature extraction pro-
cess; the 60,592 operations required to extract the time-domain
features is dwarfed by the 639,059 required for WPT cal-
culation in the time-frequency approach. The smaller feature
vectors which result in the time-domain approach also have
the added benefit that they significantly reduce the number of
operations required for LDA feature projection by almost 95%
relative to the time-frequency approach.

The resulting 66,816 operations required for the entire
time-domain EMG analysis process is over 90% less than
the 676,387 required for the state-of-the-art time-frequency
analysis. This very substantial reduction is enabled without
reducing the breadth of wrist-hand movements which can be
detected, or the accuracy with which they are inferred. They
imply that the time-domain approach is likely to be much more
suitable for deployment on embedded processors for real-time
inference in a portable, battery-operated device.

V. SYSTEM IMPLEMENTATION

To quantify the effect the significant reductions in complex-
ity have on the ability to enable real-time inference on em-
bedded devices, two implementations of each of the proposed
time-domain approach and the state-of-the-art time-frequency
approach are analysed. First, execution times are compared on
a 3.6 GHz Core i7 workstation PC running MATLAB R2016a.
The execution time for extracting each feature, along with the
feature projection and classification steps are quoted in Table
VII.

TABLE VII: MATLAB processing time Metrics

time (ms)
AR 20.35

IEMG 0.44

Kurtosis 3.86

log RMS 0.08

Skewness 2.14

RMS 0.47

Variance 2.25

MSV 0.82

Features 30.41

LDA 0.13

MLP 29.80

Total 60.34

(a) Time-Domain

time (ms)

WPT 536.84

Features 536.84

LDA 0.37

MLP 30.01

Total 567.22

(b) Time-Frequency Domain
[8], [20]

As Table VII shows, the significantly reduced complexity
of the proposed approach translates to a similar reduction
in processing time relative to the time-frequency approach.
Overall, execution time has reduced from 567.22 ms to 60.34
ms, a reduction of more than 89%. This is mainly due to a
reduction in the processing time of the feature extraction stage
from 536.4 ms to 30.4 ms.

To gauge how the reductions in complexity influence real-
time EMG analysis on an embedded processor, both ap-
proaches are deployed realised on a 1.4 GHz ARM Cortex-
A53 on the Raspberry Pi 3 B+ platform, and compared to the
comparator time-frequency approach. The processing times of
each are quoted in Table VIII.

TABLE VIII: ARM Cortex A-53 Processing Time Metrics

time (ms)
AR 3.52

IEMG 0.07

Kurtosis 0.67

log RMS 0.02

Skewness 0.46

RMS 0.08

Variance 0.38

MSV 0.15

Features 5.35

LDA 1.80

MLP 2.60

Total 9.75

(a) Time-Domain

time (ms)

WPT 196.20

Features 196.20

LDA 20.50

MLP 2.75

Total 219.45

(b) Time-Frequency Domain
[8], [20]

Again, substantial reductions in processing time have fol-
lowed the complexity reductions. As described in Table VIII,
the proposed approach executes in 9.75 ms on the ARM
Cortex-A53. Not only is this processing time low enough to
process each 128 ms EMG window in real-time, it is over 95%
lower than the equivalent metric measured from the leading
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time-frequency approach, where the processing time of 219.5
ms does not support real-time processing. Given the relative
difference in processing time experienced by the proposed
approach and the 128 ms requirement, the frequency of the
clock signal for the target processor could be substantially
reduced (by a factor of over ten), without violating the real-
time requirement. Given that the dynamic power consumption
of synchronous digital logic reduces in proportion to the clock
frequency, corresponding reductions in power consumption
will follow.

Hence, to the best of the author’s knowledge, the time-
domain approach proposed in Section III achieves two unique
contributions.

1) It is the only approach which allows analysis of EMG sig-
nals gathered from random locations on the skin’s surface
to support inference of as many wrist-hand movements as
state-of-the-art placed-sensor systems, with comparable
accuracy.

2) It is the only approach on record which can achieve this
breadth and accuracy whilst enabling real-time analysis
on an embedded processor suitable for integration in
portable, battery operated devices. This is as a result
of the complexity of the EMG analysis process being
reduced by over 90% relative to the state-of-the-art in
placed-sensor systems.

These benefits are significant but if the approach is to be
deployed in practise it is imperative that the complexity be
minimised as far as possible to maximise the operating lifetime
in energy-constrained battery-operated equipment. Section VI
studies techniques to achieve this optimisation.

VI. COMPLEXITY/PERFORMANCE TRADE-OFF AND
OPTIMISATION

Two techniques are investigated to reduce the complexity of
the time-domain EMG acquisition and classification approach:
• Reduction in the number of features
• Reduction in the number of channels

A. Feature Extraction Optimisation

Section IV illustrated how reducing the length of the feature
vector relative to the time-frequency WPT technique enabled
substantial reductions in complexity. One way to further
optimise system cost is to reduce feature vector length still
further. This has the potential to reduce classification accuracy
as well as complexity and hence the objective is to minimise
the feature vector length whist maintaining acceptable levels
of performance.

Section III-A and Fig. 2 described how the variation of the
eight selected features were dramatically different, with the
variation of four (AR, IEMG, kurtosis and skewness) relatively
large compared to the others. Assuming the four features with
highest variation form a foundation feature-set, Fig. 5 com-
pares the accuracy of the time-domain classification system
when all k-element feature vectors K = {ki}8i=4 are used. As
this shows, generally as the number of features increases, so
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Fig. 5: Performance Variation with Feature Set Size

TABLE IX: Peak Accuracy for varying Feature Set Size

k Feature added Accuracy (%)

4 {AR, IEMG, kurtosis, lnRMS} 95.56

5 skewness 96.64

6 RMS-variance 98.22

7 skewness-RMS-variance 98.91

8 skewness-RMS-variance-MSV 99.30

does classification accuracy. The peak classification accuracy,
and the associated feature-sets are detailed in Table IX.

These results are notable for a number of reasons. Even
when the foundation four-element feature set is employed, the
accuracy achieved - 95.6% - is highly competitive with that
of previous state-of-the-art placed-sensor system. The accuracy
improves steadily as further features are added to the peak of
99.3% when all the features are employed. Of particular note
is the significant increase in performance between k = 5 and
k = 6, which increases accuracy by almost 1.6%; in all other
cases increments are less than 1%.

These results show that, even if only the base feature set
is employed and the feature vector length for each channel is
reduced from 13 elements to 9, classification accuracy is still
highly competitive with the state-of-the-art in placed-sensor
systems, but overall complexity is reduced by more than 30%.

B. Complexity measure for Channels

An alternative to employing many shorter feature vectors
is to use fewer longer ones. The EMG acquisition unit used
houses eight EMG sensors, but there is no reason all eight
must be used. As detailed in Section IV, the complexity of
each of the feature extraction, projection and classification
processes are linear in the number of channels and hence
if fewer channels were used, complexity would reduce in
proportion.

If only a subset of the eight EMG channels are to be
used, two questions must be answered - how many channels,
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and which specific subset of the eight? To provide empirical
evidence of the best combination, the classification accuracy of
all u-element subsets of the eight EMG channels U = {ui}8i=4

are employed in the time-domain EMG analysis approach. The
accuracy of these subsets are summarised in Fig. 6.
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Fig. 6: Classification results for different set of channel selec-
tion.

As Fig. 6 shows, classification accuracy generally increases
with the number of channels, whilst variation in the perfor-
mance between specific instances of each number of channels
decreases. The peak classification accuracy for each value of
i is stated in Table X.

TABLE X: Peak Accuracy Variation for Channel Subsets

u Channels Accuracy (%)

4 {1, 3, 5, 7} 91.87

5 {1, 3, 4, 5, 8} 92.69

6 {3, 4, 5, 6, 7, 8} 98.22

7 {1, 2, 3, 4, 6, 7, 8} 98.91

8 {1, 2, 3, 4, 5, 6, 7, 8} 99.30

Table X unveils a number of further trends. When either 4
or 5 channels are used, classification accuracy is significantly
lower than the state-of-the-art placed-sensor approach. How-
ever, a particularly notable increase in peak accuracy when
the number of channels is increased from five (95.7%) to six
(98.22%). This indicates that classification accuracy beyond
that achieved by time-frequency placed-sensor systems can
be maintained despite reducing the complexity of the EMG
analysis process by 25%.

VII. CONCLUSION & FUTURE WORKS

Wearables which record EMG signals from the skin’s sur-
face offer the potential for close interaction with electronic
devices and virtual environments via the use of portable,
battery-operated equipment. To date, though, there has been
no way for such equipment to accurately detect a wide range
of wrist-hand movements. Any approach which has done so

assumes that the EMG signals have been gathered by sensors
precisely placed over specific muscles on the forearm.

This paper has addressed this problem. Time-domain anal-
ysis of EMG signals sampled by an arm-band at a random
position on the lower arm is used; it has been shown that by
extracting an eight element vector of features from each of
eight EMG channels, a combination of LDA-based projection
MLP classification can identify nine wrist-hand movements
with accuracy in excess of 99%. Not only is this accuracy in
excess of that achieved by the state-of-the-art, it is achieved
using significantly reduced complexity. Specifically, 66,816
operations are required for each classification, as compared to
the 676,387 operations required by the state-of-the-art. This
90% complexity reduction corresponds to a similar reduction
in execution time and has enabled the first recorded real-time
realisation on an embedded processor suitable for integration
in portable, battery-powered EMG wearables. It has further
been shown how respective complexity reductions of 30% and
25% can be achieved by reducing the number of features or
the number of EMG channels, all whilst maintaining state-of-
the-art detection performance.

There are numerous avenues for further research. Of course,
alternative time-domain features can be considered, or dif-
ferent combinations of feature vector length and number of
channels. Another highly promising avenue, however, is to
consider the use of other sensors alongside the EMG-only
approach considered in this paper. The armband used, for,
instance, includes an Inertial Measurement Unit (IMU), gyro-
scope and accelerometer; by considering the signals emanating
from these, the number of EMG channels, or the number
of features derived from each could be reduced still further
without significant reductions in capability.
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