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Electrical activity is generated in the forearm muscles
during muscular contractions that control dexterous
movements of a human finger and thumb. Using this
electrical activity as an input to train a neural network
for the purposes of classifying finger movements is not
straightforward. Low cost wearable sensors i.e., a Myo
Gesture control armband (www.bynorth.com), gener-
ally have a lower sampling rate when compared with
medical grade EMG detection systems e.g., 200 Hz vs
2000 Hz. Using sensors such as the Myo coupled with
the lower amplitude generated by individual finger
movements makes it difficult to achieve high classifi-
cation accuracy. Low sampling rate makes it challeng-
ing to distinguish between large quantities of subtle
finger movements when using a single network. This
research uses two networks which enables for the re-
duction in the number of movements in each network
that are being classified; in turn improving the classi-
fication. This is achieved by developing and training
LSTM networks that focus on the extension and flex-
ion signals of the fingers and a separate network that is
trained using thumb movement signal data. By follow-
ing this method, this research have increased classifi-
cation of the individual finger movements to between
90 and 100%.

Keywords: sEMG, LSTM, finger movement classifica-
tion

1. Introduction

This paper is an extension of the research published
in [1]. In [1] an experiment was described that was able to
successfully classify sEMG signals generated by individ-
ual finger movements using state of the art sEMG tech-
nology together with machine learning techniques. The
highest average accuracies reported by [1] was 87.07%.
In this paper, the authors extend this work by demon-
strating how reducing the number of movements in each
network can improve classification of individual finger
movement’s accuracy. By separating finger movements
and thumb movements into separate networks, it is hy-
pothesized that an improvement on overall classification

will be achieved. As highlighted in [1], when classifying
finger and thumb movements in a single network, classi-
fication of thumb movements caused a degree of degra-
dation of the overall accuracy to inadequate levels. It has
been demonstrated in the literature that reducing the num-
ber of classes in a network usually correlates with im-
proved classification accuracy [2]. In this extension to
the [1], multiple LSTM networks are trained that focus on
either finger movements or thumb movements in an effort
to improve the overall classification accuracy.

Developing a robotic grasping system is a complex
task [3]. A very important part of the development of a
robotic system that will perform dexterous grasping and
manipulation is how the system is informed [4]. Us-
ing data gathered from human grasping demonstrations
is a viable method of informing and training a dexterous
grasping system and systems developed using such data
have been shown to perform well in real world scenar-
ios [4]. This can be carried out using vision techniques
e.g., motion tracking cameras, that provide important de-
tails on positional data of the fingers but has issues with
occlusions [5–8]. Another method is through electromyo-
graphy (EMG) techniques, in particular surface EMG
(sEMG) which involves skin mounted electrodes that de-
tect the electrical activity of the muscles they are placed
on. sEMG is a popular method of capturing human move-
ment data in various fields from biomechanics to robotics.
This method has been used to inform and control systems
such as a controller for an intuitive music device [9], sign
language translation [10] and controlling robots and pros-
thetic limbs [11–16]. By employing similar methodolo-
gies as found in the aforementioned literature; it is clear
that the detected electrical impulses which are used by the
body to contract muscles to generate movements, can be
classified using modern classification techniques. There-
fore, a robotic control system based on human demon-
stration can be developed. The contribution of this pa-
per is to show how classification of the individual finger
and thumb movements can be improved upon when using
wearable low-cost sensors i.e., a Myo gesture control arm-
band. It is hypothesized that by reducing the number of
classes of movements being classified by each stage of the
machine learning technique, the classification accuracy of
the finger movements will improve. However, this is not
the complete picture as once these smaller networks have
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predicted the class, a decision must still be made based on
these predictions.

2. Background

Modelling finger movements through decoding EMG
signals generated by the muscles of the forearm when
contracting to perform flexion and extension of the dig-
its is a relatively new application of existing EMG based
techniques. In [11] the authors used an array of 32 sEMG
electrodes wrapped around the forearm of the user to col-
lect the sEMG data of a total of 10 finger movements
i.e., flexion/extension of each finger and 2 grouped move-
ments of the middle, ring and little fingers. The detection
device sampled data at a frequency of 2000 Hz and four
commonly found time domain features were extracted
from the original signal and used as inputs for a feedfor-
ward neural network (FNN). To improve the classification
of the network, the features were extracted from overlap-
ping windows. In further work, the authors classified in-
dividual finger movements of amputee subjects using the
same protocols [17]. The research presented in [13] re-
volved around a benchmark database: Ninapro, where the
authors collected data from able bodied and amputee sub-
jects using different sEMG technologies whilst perform-
ing a benchmark set of movements that are associated
with activities of daily living [18]. The authors collected
sEMG signals using different medical grade devices with
sampling frequencies ranging from 100 to 2000 Hz and
positioned the electrodes uniformly around the subject’s
forearm. In one of the described experiments that was
conducted, a support vector machine (SVM) was utilized
to classify 12 different movements, ten of which were in-
dividual finger movements, i.e., extension/flexion index
finger. Although the author does not appear to employ
any form of signal segmentation which could account for
not achieving higher classification of the signals, they also
use a detection device with a lower sampling rate i.e.,
100 Hz. Using this medical grade equipment, the authors
were able to successfully classify with a relatively high
degree of accuracy. The authors also noted that this is a
commercial device that records an amplified, band-pass
filter and root mean square rectified signal rather than a
raw signal and that this can have an effect on the final
classification accuracy [13]. These studies yielded classi-
fication accuracies between 80–90% for individual finger
movements, however, they employed expensive medical
grade EMG detection systems [13] or detection systems
with high sample rate [11]. Systems like these are not al-
ways a viable from users’ perspective due to the high cost
of the systems and the complex equipment can require a
level of expertise to correctly setup and operate.

The introduction of commercially available low-cost
wearable sensors offers an alternative method of sEMG
signal capturing. Recently the Myo gesture control arm-
band has been released which has multiple applications
i.e., a controller for an intuitive music device [9], sign
language translation [10] and controlling robots and pros-

thetic limbs [11–13, 15, 16, 19]. However, these devices
typically have a lower sampling rate (e.g., Myo gesture
control armband samples at 200 Hz) and a lower signal
to noise ratio making the signal classification problem
more difficult. The development of an intuitive system in
conjunction with easily accessible wearable sensors could
lead to the development of a sophisticated grasping model
that is based on real world human demonstration. Such a
system could then dictate the movements performed by an
anthropomorphic robotic hand when picking up objects
and performing tasks associated with activities of daily
living. By measuring and collecting the data of the elec-
trical impulses with one of these commercial devices and
combining it with state-of-the-art machine learning algo-
rithms (e.g., neural networks), and robust feature selec-
tion, the sampling rate drawback can be mitigated against
and a high level of accuracy can still be achieved [9, 20–
23].

Research using the Myo armband has shown how neu-
ral networks have been applied to sEMG signal classi-
fication i.e., convolutional neural networks (CNN) and
long short term memory (LSTM) networks [20, 24, 25].
Stephenson et al. used the sEMG signal pattern as an im-
age input into a CNN and performed classification on
five finger flexion movements as well as seven gestures
which included four combinations of flexion movements
involving the thumb and one of the other fingers i.e., in-
dex [24]. In [25], LSTM and CNN networks were em-
ployed as the method of signal classification and were
compared against each other. A bespoke architecture that
combined LSTM layers with a single CNN layer that was
named LSTM-CNN (LCNN). The authors recorded their
own dataset that included some basic hand and wrist ges-
tures i.e., wrist extension and closed fist. In [20], using an
LSTM network and a mixture of different domain features
i.e., time and frequency, they were able to classify some
basic hand gestures i.e., open hand and closed fist. Fur-
ther research has been conducted in [10, 26, 27] using the
Myo armband. In [10], a CNN was used to classify sig-
nals extracted from the subjects when performing any of
30 sign language gestures. In [26] six basic hand gestures
e.g., open hand and cylindrical grasp, were classified us-
ing a set of five time domain features extracted from over-
lapping windows and input into an SVM classifier. The
gestures involved in these research studies require cou-
pled movements of the fingers and arms which can gener-
ate signals with greater amplitudes than that of the signals
generated by individual finger movements.

As demonstrated in the majority of the papers that have
been reviewed for the purposes of this work, classifica-
tion of hand gestures can be achieved using a wide range
of classification methods e.g., SVM, LDA, ANN, LSTM,
and CNN. This can be down to the fact that the generated
sEMG signal of these dynamic gestures i.e., wrist flex-
ion or gestures involving multiple fingers, generally gen-
erate signals with more pronounced amplitudes. Whereas,
with individual finger movements the detected signal will
be a lot more difficult to distinguish between movement
classes due to the reduced amplitudes of the already in-
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(a) (b)

Fig. 1. EMG channel activations (a) finger movement: index extension (IND EXT); index flexion (IND FLX); middle extension
(MID EXT); middle flexion (MID FLX); ring extension (RING EXT); ring flexion (RING FLX); little extension (LIT EXT); little
flexion (LIT FLX); REST; (b) thumb movements: thumb extension (Thumb Ext); thumb flexion (Thumb Flx); thumb abduction
(ThumbAbd); thumb adduction (ThumbAdd).

herently weak signals that are generated and cross over
where the same muscle control multiple fingers i.e., mid,
ring and little fingers. Furthermore, a range of different
devices have been evaluated in the reviewed studies and it
is evident that sEMG signal capture systems with higher
sampling rates have demonstrated the ability to discrim-
inate subtle individual finger movements. Whereas, de-
vices with lower sampling rates, e.g., a Myo armband, are
less able to complete the same task. Another factor that
has been highlighted is that when more movement classes
are introduced for classification the final classification ac-
curacy is often reduced [2]. This affects the classification
of all devices but more so devices with reduced sampling
rates [28].

As demonstrated in [1], there is confusion when at-
tempting to classify both finger and thumb movements in
the same network. As aforementioned, this can be due
to the low sampling rate of the device used to collect the
data but also can be influenced by the number of move-
ments being classified in the network as well as the physi-
ology of the biomechanical structures that are used to per-
form dexterous movements of the fingers i.e., the activa-
tion of the middle, ring and little fingers is caused by the
same muscle or some aspects of thumb movements are
controlled via intrinsic hand muscles that are not detected
using an sEMG device placed on the forearm [29].

Classifying sEMG signals using devices with low sam-
pling rate (i.e., 200 Hz) can achieve results on par with
medical grade sEMG detection systems that have higher
sample rates e.g., 1000 Hz–10 kHz [1, 27, 28]. However,
as highlighted in [1], the results show that in a network
trying to classify a large amount of subtle movements, i.e.,
individual finger flexion & extension movements, there
can be a lot of confusion in the signals. This is due to the
aforementioned issue of some fingers sharing the same
muscle to perform movements but also due to the low the
sampling rate causing a reduction in the amount of data
collected in a sample; therefore, reducing class separation

making the movements more difficult to classify. This is
due to the fact that only 200 samples per second are cap-
tured by the Myo device in comparison to 1000 samples
per second being captured with the majority of medical
grade devices. An increased sampling frequency means
that the entire EMG signal spectrum can be captured and
that will provide more data to utilise in machine learn-
ing techniques [30, 31]. Furthermore, sEMG signals are
characteristically weak and the subtle finger movements
generate signals with lower amplitudes when compared
with gestures that involve movements of all the fingers.

When examining the data from finger flexion and ex-
tension movements the signals have relatively low ampli-
tudes with some movements only registering signals on 1
or 2 of the sEMG channels, as shown in Fig. 1 where each
channel of the Myo device is referred to as EMG1, EMG2,
EMG3, EMG4, EMG5, EMG6, EMG7, EMG8. For ex-
ample, Fig. 1(a) demonstrates that when performing an
index extension movement, 6 out of the 8 channels detect
very small amounts of muscle activity. However, chan-
nel 7 (EMG7 in Fig. 1(a)) indicates a larger amount of ac-
tivity of the muscles underneath this electrode. The cou-
pled fingers (middle (Mid Ext/Flx), ring (Ring Ext/Flx)
and little (Lit Ext/Lit Flx)) show similarities in the sig-
nal patterns with more noticeable activity across at least
4 channels depending on what movement is being per-
formed. This is attributed to the coupled nature of these
fingers.

Another issue highlighted in [1] was that classification
of thumb movements introduces further confusion. Clas-
sification is already hindered for the reasons aforemen-
tioned but classification of these thumb movement signals
has an additional factor which makes them harder to clas-
sify. Not all aspects of thumb movements are generated
by the contraction of the forearm muscles alone. There are
additional intrinsic hand muscles that contribute to gener-
ation of these thumb movements [31]. Therefore, when
detecting the signals from the forearm muscles it may
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Fig. 2. Overview of proposed system. See Fig. 4 for LSTM
architecture.

not provide the full picture for all of the thumb move-
ments that are being performed. However, as demon-
strated in Fig. 1(b) there are EMG signals being detected
in the forearm when performing all of the recorded thumb
movements. Nonetheless, whilst this factor makes it more
difficult to classify thumb movements, it is still possible to
carry out using the data collected solely from the signals
generated in the forearm muscles [1]. Fig. 1(b) shows sig-
nals generated by the thumb movements. Fig. 1(b) high-
lights the problems with the activity detected when per-
forming thumb movements. All four of the movements
generate activity across the same 3 channels. Channels 5,
7, and 8 show the most activity. However, all the available
channel data will be used as inputs in this research.

The focus of this paper is to develop a neural network
based classifier that can identify/classify individual finger
movements using the sEMG signal from wearable EMG
detection hardware. Fig. 2 shows an overview of the pro-
posed system that has been used in this research.

The rest of this paper is organized as follows: Section 3
outlines the methodology being applied in this research
including a description of the neural network classifier.
Section 4 details the data collection and pre-processing
protocols that were followed. Section 5 details the results
of the experiments and finally a conclusion in Section 6.

3. Methodology

This section will describe each stage of the pipeline uti-
lized; for an illustration of the complete pipeline, please
see Fig. 1 in [1]. Section 3.1 provides a detailed de-
scription of the technology being used for data collection;
the Myo armband. Section 3.2 focuses on feature extrac-
tion techniques. The final section, 3.3, will describe the
LSTM network architecture used for the classification of
the movement signals.

3.1. sEMG Device
The Myo armband is a wireless device that detects the

inherently weak EMG signal generated by the forearm
muscles in addition to other spatial information e.g., ori-
entation. The Myo armband is made up of eight medical
grade stainless steel dry electrodes that detect the electri-
cal output of the muscles found in the forearm which are
responsible for the dexterous movement of the fingers and
thumb i.e., flexor digitorum profundus or extensor digito-
rum communis. The Myo armband represents the EMG
signal and normalises it to within a value range between
−128 and 128. These values are the amplified detected
signal that is measured by the eight electrodes. The Myo
armband is also equipped with a nine axis inertial mea-
surement unit (IMU) that contains a three axis gyroscope,
three axis accelerometer and a three-axis magnetometer
that can measure the speed of movements and orientation
of the armband in 3D space. The addition of these ex-
tra sensors allows for the potential fusion of sEMG and
IMU data from a wearable device. By fusing the data
provided by the multiple sensors within the Myo it could
allow for more advanced autonomous control systems by
giving the system more information to analyse and learn
from [11, 12, 31]. The main drawback with using the Myo
is the fact that it has a sample rate of 200 Hz which is
lower than medical grade sensors that are used in other
sEMG signal classification papers e.g., [13, 17, 30, 32].
However, whilst this is a valid concern the difference be-
tween the overall classification accuracy when using the
devices with a lower sampling frequency has been demon-
strated to be less than 5% when employing techniques like
feature extraction and sliding windows to reduce the im-
pact of the low sampling rate [11, 12].

3.2. Feature Extraction
A large number of possible features used to reduce

the dimensionality of the dataset can be found in litera-
ture. These features can be split into three common do-
mains: time, frequency, and time-frequency. Features
within these domains have all been used as a method of
improving sEMG signal classification accuracy. Time do-
main features are the most commonly used throughout the
literature as they are the most efficient in terms of cal-
culation time and classification result. The initial set of
time domain features used are the most commonly used
in sEMG signal classification, these features will be tested
individually and within different sets to find the features
that produce the best classification performance. The fea-
tures extracted from the EMG signals in this research are
shown in Table 1, for a full description of each feature
please refer to the original conference paper [1].

A technique that can be employed to enhance the ef-
fectiveness of feature extraction is the use of overlap-
ping sliding windows [11, 13, 33, 34], this is illustrated
in Fig. 3. Overlapping windows are used as a method
of reducing the original signals dimensionality but it also
helps to retain as much information as possible when ex-
tracting features from the original signal. Features are ex-
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Table 1. Features extracted from original signal.

N: number of samples. k: k-th sample. xk: current sample. µ: feature mean of all windows. p: order. ek: white noise error.
ai: AR coefficients. f (x): takes 1 if x ≤ 0 and otherwise 0. Z1, Z2: threshold.

Feature Expression Feature Expression

Mean Absolute Value (MAV)
1
N

n

∑
k=1

|xk| Willison Amplitude (WAMP)
N−1

∑
k=1

f
(
|Xk − xk+1|

)
Waveform Length (WL)

N

∑
k=1

|xk+1 − xk| Root Mean Square (RMS)

√
1
N

N

∑
k=1

xk
2

Variance (VAR)
1

N −1

N

∑
k=1

xk
2

Standard Deviation (STD)

√
1

N −1

N

∑
k=1

(xk −µ)2

Autoregressive Modelling (AR) Xk =
ρ

∑
i=1

aixk−i + ek
Mean Absolute Deviation (MAD)

1
N

N

∑
k=1

|xk −µ|

Kurtosis (KURT)

1
N

N

∑
k=1

(xk −µ)4

(
1
N

N

∑
k=1

(xk −µ)2

)2

Slope Sign Change (SSC)
N−1

∑
k=2

[
f
(
(xk − xk−1)(xk − xk+1)

)]

Zero Crossings (ZC) ZC = f

(
N−1

∑
k=1

f
(
[xkxk+1][xk − xk+1]

)
−Z1 −Z2

)

A
m
p
li
tu
d
e

Fig. 3. Example of sliding window technique. Each win-
dow is a pre-defined fixed size e.g., 200 ms. Window 1, 2,
and 3 are the same size, window 2 overlaps window 1 and
window 3 overlaps with window 2 i.e., 25 ms overlap.

tracted from smaller windows of the original signal and
these windows overlap by a pre-defined amount. Selec-
tion of the window size has been chosen based on pre-
vious works found in the literature, the most common
window size found was 200 ms [11, 13, 17, 31, 34]. As
aforementioned, the Myo armband has a low sample rate,
200 Hz, so it detects a lower amount of data per second
than other devices with higher sample rates. To help mit-
igate the low sampling rate and to keep as much infor-
mation as possible from the sEMG signal whilst reduc-
ing the original signal length a window overlap of 25 ms
was applied. This is in line with the protocol followed

in [1, 11, 17] which demonstrated accurate classification
results but further experimentation with the window sizes
can be carried out in the future to ascertain the optimal
window size and the optimal amount of overlap in this
scenario.

Each feature is extracted from each of the sliding
windows across the 8 sEMG channels for the recorded
sample, which resulted in 96 feature inputs per sample
(8 channels ∗ 12 features) and these feature sets are used
as inputs into the Bi-LSTM network.

3.3. LSTM Network and Architecture

LSTM is a recurrent neural network (RNN) that
is trained through a gradient based learning algorithm
that was introduced as a solution to the problems
with error block-flow found in other “Back Propaga-
tion Through Time (BPTT)” and “Real-Time Recurrent
Learning (RTRL)” networks. The LSTM network forces
constant error flow through the internal states of the
special units found within the LSTM network architec-
ture [35]. The introduction of multiplicative input gate
units and output gate units allows for constant error flow.
These gated cells control the flow of data depending on
its strength and importance by either passing the con-
tents on to the next cell or by blocking the informa-
tion. This mechanism is controlled by the modification
of the weights through the networks learning process [35].
Fig. 4 shows an overview of the architecture that was used
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Fig. 4. LSTM architecture and closer look at an individual hidden unit.

to classify sEMG signals in this work and includes an il-
lustration of what happens inside the hidden units.

The LSTM network that has been developed for this
work is comprised of six different layers. The initial input
layer is a sequence input layer that allows sequential data
to be input into the network. Each movement sequence
sample is made up of an input vector that represents each
feature that has been extracted from the original signal of
each of the eight individual sEMG sensors. To further op-
timize the LSTM network the input data was normalized
using the Z-score of the input [36]. This adheres to the
protocol followed in [20, 31].

The sequences are input into a bidirectional LSTM
(bi-LSTM) layer which enables the network to learn bi-
directional long-term dependencies between the different
time steps of the sequential data allowing the network to
predict using the entire sequential input [19]. The num-
ber of hidden units in the bi-LSTM layer was empiri-
cally tested during the experiment to find the configu-
ration that produced the highest classification accuracy.
A dropout layer was added after the bi-LSTM to reduce
overfitting [20]. Dropout is a method of network regu-
larisation that attempts to reduce the co-adaption of the
hidden units within the network. The dropout layer oper-
ates by randomly deactivating hidden units with a prob-
ability of p, in this case p = 0.3 [20]. The fourth layer
in the network is the fully connected layer that multiplies

the inputs by a weight matrix and adds a bias vector to
the input. This layer then feeds into the Softmax layer
where a Softmax function is used to calculate the layer
outputs based on the inputs into this activation function.
Finally, there is a classification layer that computes the
cross-entropy loss for classification networks with mutu-
ally exclusive classes. Further parameters can be adjusted
to suit the problem that is being investigated, e.g., mini
batch size, number of hidden units, additional layers.

4. Data Acquisition and Pre-Processing

This section describes the protocols followed during
the experimentation process will be outlined. The main
focus will be on how the data was collected and the pre-
processing methods that were applied to the EMG signal.

4.1. Data Acquisition Protocol
The Myo was placed securely around the widest part of

the subject’s forearm. The subjects left arm was placed
on a small platform, 16 cm in height, to remove any mus-
cle activity that would be used to hold arm in the air.
The hand was in a relaxed position with no contact be-
ing made with the surface below. Flexion and extension
of the fingers and thumb along with abduction and ad-
duction of the thumb were performed seventy times by
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Fig. 5. Finger poses conducted for classification. From (top
row) left to right: little extension; flexion; ring extension;
flexion; mid extension; flexion; (bottom row) index exten-
sion; flexion; thumb extension; flexion; thumb abduction;
thumb adduction.

the subject along with a rest pose, shown in Fig. 5. The
samples were randomly split into two sets, one for train-
ing containing 655 (72%) samples and a test set contain-
ing 255 (18%) samples of each movement. A script was
created in MATLAB1 to prompt the subject to begin the
movement and when to return to rest position. An ini-
tial rest period of 4 s began each trial. Once the user
was prompted to perform the movement the pose was held
for 5 s and then returned to rest position to complete the
data collection process. Using MATLAB and a specifi-
cally designed toolbox, Myo SDK MATLAB MEX wrap-
per [37], the raw signal data was extracted from the Myo
armband and imported into MATLAB as the subject was
performing individual finger movements i.e., Index exten-
sion/flexion.

4.2. Data Pre-Processing
The Myo armband transmits the detected signals via

the Bluetooth dongle to the PC. The Myo has a built-in
notch filter that filters out signals at 50 Hz, this is done to
remove any interference with the EMG signal caused by
power line interference. This interference can be caused
by electromagnetic interference by the power line or stray
effects of the alternating current fields due to loops in
the cables [38]. No other filtering was conducted on the
recorded signal. The next stage of the protocol involved
removing the surplus data. As aforementioned, the move-
ment data started after the initial 4 s rest period and ended
5 s later. All data before 3.5 s was removed, this allowed
a small 0.5 s buffer to allow for user error in case of the
action starting before the 4 s mark. Cropping the samples
to a fixed consistent length is also important when work-
ing with LSTM networks, as with other types of RNN’s,
as they require the input sequence samples to be of the
same length. For samples that are too short padding is
performed. Typically, zeros will be added to the begin-
ning or the end of a sequence. For samples that are too
long a process called truncating is performed where val-
ues are removed at either the beginning or the end of the
sequence. The implementation of padding/truncating as
well as the location of the padding or truncating i.e., at
the beginning or the end of the sequence can distort the

1. https://uk.mathworks.com

Table 2. LSTM base parameters.

Epoch Mini-
batch

Normalization
method

Dropout
probability

Weights
initializer

25 56 ZSCORE 0.3 Glorot

Table 3. Precision, Recall, and F-score of each movement
class. Micro average Precision and Recall.

signals and therefore can lead to a reduction in classifica-
tion accuracy [38, 39].

5. Experiment and Results

As outlined in [1], experiments were conducted to clas-
sify all the movements of the fingers and thumb in a sin-
gle LSTM network. However, these networks varied in
the number of hidden units in the bi-LSTM layer and in
how many layers were implemented in the network archi-
tecture. The average accuracy of 30 LSTM networks was
reported followed by a breakdown of where the confusion
occurred in the classification. Accuracy was calculated
by comparing the LSTM networks predicted classification
against the test sets labels. To make a fair comparison the
parameters of the networks were kept the same for addi-
tional experiments. Table 2 shows the parameters used
for the LSTM networks.

A 2-layer LSTM network attained the best average
classification accuracy with 87.07%. This network had
160 hidden units in the first bi-LSTM layer and 60 hidden
units in the second bi-LSTM layer.

Overall, there were two network architectures that pro-
duced a classification accuracy of 91.67%. This accuracy
was achieved when using a two-layer LSTM network with
170 units and 60 units in each of the respective layers and
the same accuracy was achieved in a three-layer architec-
ture when using 170 units, 60 units, and 30 units in the
respective layers. For more in-depth description of this
experiment’s results please refer to [1].

The experiments performed have been carried out in an
offline capacity. This is in line with the overall goal of the
wider piece of research that is being carried out. Using the
models developed in these experiments it is the author’s
goal to achieve adaptive control when performing grasp-
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Table 4. Confusion matrix showing average results of 30 LSTM network trained to classify finger movements against all other
moves: index extension (IND EXT); index flexion (IND FLX); middle extension (MID EXT); middle flexion (MID FLX); ring
extension (RING EXT); ring flexion (RING FLX); little extension (LIT EXT); little flexion (LIT FLX); REST; All Other Moves.

ing tasks using an anthropomorphic robotic hand. There
is no constraint on time as the author is only interested in
the accuracy of classification as the final outcome of this
research will be to implement the classification model as
a method of informing a grasping system. Online perfor-
mance would be more important for development of real
time systems that control prosthetics or robotic teleopera-
tion tasks.

5.1. Classification of Individual Finger Movements
The previous experiment demonstrated that whilst clas-

sification of all finger and thumb movements can be car-
ried out by a single LSTM network, there is room for im-
provement when compared with other results produced
when using medical grade equipment i.e., [11] achieved
an accuracy of 98%. Other than changing the equipment
to enable a higher sampling rate and therefore increas-
ing the amount of data collected during the human tri-
als, another possible approach is to reduce the number of
movements being classified by the network. As discussed
in Section 2, the majority of the ambiguity found in the
results were with the thumb movements. An additional
factor that could be influencing the classification accura-
cies of LSTM network classifying all the movements is
the phenomenon known as catastrophic forgetting. This
has been shown to effect LSTM networks when classify-
ing sequential data [40]. To mitigate these factors, it was
decided to separate finger movements and thumb move-
ments and classify them in separate LSTM networks. It is
hoped that dedicating separate networks to learn the con-
nections between the signals and the labels will improve
on classification accuracy and will result in improved ef-
ficiency as training smaller networks will take less time.
Two LSTM networks were created following the architec-
ture already specified in [1], the first network was trained
to classify extension and flexion finger movements and
the second LSTM network was trained to classify thumb

movements.
Initially a network that classified a total of 10 move-

ment’s classes was developed, shown in Fig. 5. Classes 1–
8 were extension and flexion of the fingers i.e., index,
middle, ring and little. Class 9 contained signals that
were generated whilst the subject’s hand was in a rest
pose and finally class 10 included all other movements of
the thumb. As previously described 655 (72%) samples
were used for training the networks and 255 (28%) sam-
ples were used to test the networks efficacy. Each sample
contains the data for all 8 of the EMG channels available
and the raw signal contained 1100 data points, however
this was reduced to 213 data points when the time domain
features were extracted using the aforementioned sliding
window technique.

Table 3 shows a further breakdown of the results for
each class when using 180 hidden units in the bi-LSTM
layer. The individual precision, recall and F-Score of each
class has been provided. The closer these scores are to 1
the better the performance of the overall network. The
precision and recall have also been analysed at the micro
level. The micro average is the most important as this is
a preferred method of analysis when looking a classifica-
tion results when using imbalanced datasets i.e., there is a
different amount of samples for each class.

The LSTM networks achieved on average accuracies
ranging from 73.6 to 95.33% when using between 10
and 200 hidden units in the bi-LSTM layer. The aver-
age classification accuracy of the LSTM network using
180 hidden units was 95.33% over the 30 LSTM networks
trained. Table 4 is the confusion matrix showing the
combined results of all 30 LSTM networks with 180 hid-
den units in the Bi-LSTM layer. Ring extension and the
rest class were classified with 100% accuracy over the
30 LSTM networks. Ring flexion and middle flexion were
next with 99.8 and 98.1%, respectively. Ring flexion was
confused with little flexion 7.1% of the time, which could
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Table 5. Confusion matrix showing the combined results of
30 LSTM network trained to classify thumb movements.

be caused by the previously mentioned issue around the
coupling of these fingers as well as the lower sample rate
of the Myo armband. Index extension proved to be the
most difficult to classify with 85% accuracy, this move-
ment was confused with the all other moves class 13.9%
(62 occasions) of the time. This confusion was shared in
the opposite direction with 3.6% (103 occasions) of the all
other movements samples confused with index extension
movements.

5.2. Classification of Thumb Movements
The same protocol was followed for evaluating thumb

movements; 30 LSTM networks were trained using a par-
ticular number of hidden units in the bi-LSTM layer each
time e.g., 30 networks with 10 hidden units and the next
iteration was 30 networks with 20 hidden units etc. A net-
work was trained using the thumb movement data to clas-
sify between 4 classes of movement i.e., extension, flex-
ion, adduction and abduction. As with all the other net-
works trained in these experiments the accuracy was cal-
culated by comparing the LSTM networks predicted class
for each entered test sample with the labelled class of the
sample. Table 5 is the confusion matrix showing the aver-
age results for the 30 LSTM networks trained for the best
performing network architecture.

The classification results of the developed LSTM net-
work which were used to classify the thumb movements
clearly highlights the classification issue with the thumb
signals.

Table 5 highlights the magnitude of the confusion that
exists when classifying the thumb movements. Thumb
flexion demonstrates the least amounts of confusion with
89.4% (541 occasions) accuracy. Rest class and the
all other movements class also produced high classifi-
cation accuracy with 96.7% (780 occasions) and 98.1%
(4880 occasions), respectively. The remaining thumb
movement classes were not classified with similar accu-
racies. Thumb extension movements were classified ac-
curately 61.8% (225 occasions) of the time. Thumb ab-
duction and adduction performed poorer than this. With
5.3% (20 occasions) accuracy for thumb abduction and

Table 6. Confusion matrix showing the combined results of
30 LSTM network trained to classify thumb extension and
flexion movements.

Table 7. Confusion matrix showing the combined results of
30 LSTM network trained to classify thumb abduction and
adduction movements.

improving on that slightly was thumb adduction with
9.5% (50 occasions) accuracy. These two movements
demonstrated high amounts of confusion with each other.
Thumb abduction was confused 93.6% of the time with
thumb adduction and in turn thumb adduction was con-
fused with abduction movements 88.4% (467 occasions)
of the time. To further improve the classification of thumb
movements, a further set of LSTM networks were devel-
oped, based on the architecture shown in [1] and the same
protocol was followed as before. Tables 6 and 7 are the
confusion matrices showing the results of this experiment.
The average classification accuracy for thumb extension
and flexion peaked at 89.89% when using 100 hidden
units in the bi-LSTM layer with the single best perform-
ing network achieving 92.86%. Interestingly, reducing
the number of classes in the networks reduced the classifi-
cation accuracy of flexion movements of the thumb but in-
creased thumb extension classification accuracy. Thumb
extension was classified correctly 70.4%, up from 61.8%
and thumb flexion movements were classified with 64.9%
which is down from 89.4%. Table 6 shows the confu-
sion matrix for the combined result of the thirty LSTM
networks of the network trained to classify thumb ex-
tension and flexion movements against all other move-
ments (all other thumb and finger data). This confusion
matrix shows that extension movements were confused
with flexion movements 3.4% (12 occasions) of the time
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but there was no confusion vice versa and also that most
of the confusion comes with movements in the all other
movements class, 26.2% (93 occasions) for extension and
35.1% (148 occasions) for flexion.

The thumb abduction and adduction movements
showed a significant improvement in classification accu-
racy in this smaller LSTM network. A series of net-
works were tested with incrementing hidden units in the
bi-LSTM layer, from 10 units to 200 units. Performance
peaked at 130 hidden units with an average accuracy of
89.76%, with the single best network achieving accuracy
of 92.86%. Abduction classification increased to 83.6%,
up from 5.3%, and adduction movements were classified
with 79.8% up from 9.5%, as shown in Table 7. Both
movements have some confusion with all other move-
ments’ class; however, this confusion is to a lesser extent
compared to the extension and flexion network.

The final piece of the experiment is to bring all these
networks together and implement a decision-making pro-
cess. This is arguably a more difficult procedure as the
networks focusing on the thumb movements do not clas-
sify with enough accuracy to provide a reliable prediction.
When the sequences are fed into the initial network that
classifies individual finger movements and thumb move-
ment as a group, the network can give an initial predic-
tion of any of the 8 finger movement classes along with
a general prediction of a thumb movement rather than a
specific thumb movement prediction i.e., thumb abduc-
tion prediction. Once it has been determined that a thumb
movement has occurred the sequence is passed to the net-
work that detects thumb movements and is classified by
this network. As aforementioned, the classification of
thumb movements by the smaller networks proved to be
a lot more difficult which leads to incorrect predictions
being made by this network therefore renders this pro-
cess redundant as the outputs of the predictions cannot be
trusted.

6. Conclusion

In the additional experiments performed by extend-
ing the research in [1], an improvement on individual
finger movement classification was achieved. In [1] a
single 2-layer LSTM network classifying all the move-
ments 87.07% was the best average result attained. When
developing smaller networks to focus the learning on a
smaller subset of the movement classes improvements
were gained. A single layer LSTM network trained on
finger movement data reached an average of 95.33%.
A single layer LSTM network was trained to classify
thumb movements and this network reached on average
84.92%. Further experimentation resulted in additional
LSTM networks that were trained to focus on specific
thumb movements i.e., a network for extension and flex-
ion and an additional LSTM network for abduction and
adduction. This improved the classification on some of
these thumb movements i.e., thumb abduction and adduc-
tion improved from 5.3% to 83.3% and 9.5% to 79.8%, re-

spectively. Thumb extension improved slightly to 70.4%
(from 61.8%). However, thumb flexion movements clas-
sification deteriorated to 64.9% (from 89.45). Thumb
movements still demonstrated to be the most difficult to
classify despite developing LSTM networks that focus
solely on thumb movements. Further analysis is required
to improve these results and classify thumb movements
with higher accuracy. An additional benefit of developing
smaller networks was not discussed in this paper and that
was improved efficiency. Training smaller networks takes
less time and as shown can still produce high accuracies.
This is an additional consideration to be made when de-
veloping a classification network for this task.

Whilst the results presented in this paper are an im-
provement on [1] they are not practical in that it is not
possible to achieve reliable signal classification of these
movements by combining the predictions of the LSTM
networks due to the overall low classification accuracy of
the smaller networks. For this method to be implemented
the thumb signals need to be classified with higher ac-
curacy through either collection of more data by way of
hardware with higher sampling rates or additional hard-
ware that can focus on the signals of the extrinsic and in-
trinsic muscles that contribute to thumb movement i.e.,
forearm muscles in addition to muscles in the hand that
control aspects of thumb movements.
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