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Abstract—Having proven their suitability for real world ap-
plications, surface electromyography signals are the means of
choice for hand gesture recognition especially in medical appli-
cations like upper limb prosthesis. So far, mostly hand-crafted
features combined with a standard classifier or neural networks
are adopted for signal analysis. However, the performance of
the standard approaches is insufficient and the networks are
inappropriate for embedded applications due to their sheer size.
To address these problems, a small recurrent neural network is
proposed to fully utilize the sequential nature of the biosignals.
Our network architecture features a special recurrent neural
network cell for feature learning and extraction instead of convo-
lutional layers and another type of cell for further processing. To
evaluate the suitability of this inhomogenously stacked recurrent
neural network, experiments on three different databases were
conducted. The results reveal that this small network significantly
outperforms state-of-the-art systems and sets new records. In
addition, we demonstrate that it is possible to achieve relatively
equal performance across all subjects.

Index Terms—hand movement classification, surface elec-
tromyography, recurrent neural network, hand prosthesis

I. INTRODUCTION

As interactions between humans and machines should be-
come more intuitive and simpler, the interest in human-
machine-interfaces increases. Arguably, a fairly convenient
interaction for humans is through hand gestures [1], [2]. Es-
pecially the possible applications of hand gesture recognition
systems that are not based on stationary external sensors like
a camera system, but rely on wearable and mobile sensors,
are versatile. By using biosignals acquired by wearable and
relatively inexpensive sensors for decoding hand movements,
hand gesture recognition systems become interesting for med-
ical applications such as the control of hand prosthesis [3] or
exoskeletons [4], [5].

Usually mobile systems, such as hand prosthesis control
systems, use surface electromyography (sEMG) signals. The
common hand gesture recognition systems are based on hand-
crafted features and a conventional classifier like a random
forest and support vector machine (SVM) [6]–[8]. Here feature
extraction and classification are relatively computationally
inexpensive. However, these approaches have some draw-
backs such as the introduction of significant delays due to
the required window length (at least 100ms) and a limited
classification accuracy.

Fig. 1. Illustration of the differences between the standard classification
approach (above) and the classification with an inhomogeneously stacked
RNN (below).

With the emergence of deep neural networks, the recent re-
search has focused more on such machine learning techniques.
As convolutional neural networks (CNNs) are designed to be
deployed on raw data and learning a feature extractor within
the classifier, they are used to address the problem caused
by the hand-crafted features, however, with mixed results [9],
[10]. With CNNs it is possible to learn an individual feature
extractor for each user. Furthermore, the networks can handle
very short windows, but admittedly, for the final hand gesture,
a voting across multiple consecutive windows is performed
to achieve a better accuracy. The sheer size of the networks,
making them nearly impossible to deploy on mobile systems,
is worth noticing. Besides, a delay is introduced due to the
voting, and arguably, a voting is not necessarily a feasible
method as the temporal dependencies are ignored.

Lately, recurrent neural networks (RNNs) have been used
to address the sequential nature of the sEMG signals [11],
[12]. With these, many different hand movements can be
distinguished with satisfying accuracy. Also the deployed
networks are fairly small and the RNN concept is designed for
the classification of a sequence of data, making it ideal for the
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usage in a hand gesture recognition system. As standard RNNs
are not particularly designed for processing raw data, the pro-
posed networks rely on hand-crafted features, resulting in the
need for longer windows (100ms). However, a combination of
different RNN cells has successfully been adopted to decode
hand gestures from raw data of magnetometer, gyroscope,
and accelerometer in combination and individually [13]–[15]
(see Fig. 1 for an illustration of a standard and an RNN
based approach). The reported results show the possibility
of using small windows while achieving sufficient accuracies.
In contrast to sEMG signals, these types of signals have not
been proven to be applicable in real-world applications yet. So
far they have only been used in a few research projects and
could only shine under these experimental conditions. Note
that in all publications, the signals of all three modalities were
upsampled by a high factor.

Since sEMG signals are the means of choice especially
for practical applications and hand-crafted features appear to
be a weak point, an RNN for processing raw sEMG signals
is developed in contrast to previous works. The proposed
architecture is small and consists of two different types of
RNN cells, one designed for feature extraction and utilizing
spatial dependencies within the data and a standard one
for processing the extracted features. Unlike in most of the
previous publications, the training of the RNN is performed
in a sequence-to-sequence manner as it is assumed that this
helps with regularization and correctly classifying beginnings
of sequences. The windows presented to the network are
just 5ms long, allowing for preventing the introduction of
unnecessary delays that significantly impact usability of a hand
gesture recognition system. The experiments conducted on
three different databases clearly reveal the suitability of the
proposed RNN since state-of-the-art results are obtained for
both able-bodied and amputated subjects.

II. MATHEMATICAL FORMULATION OF THE
CLASSIFICATION PROBLEM

Before presenting the proposed approach, a mathematical
formulation of the actual task is introduced. Let Xt denote the
representation of raw data belonging to a window of time t and
L be the set containing all possible labels, the classification
problem can be described as

C : (Xt−i·η)
N−1
i=0 7−→ yt+τ , t ≥ i · η (1)

with yt+τ ∈ L being the corresponding label, N the number
of processed sequence elements and η the hop size. This
formulation allows us to incorporate sequential information
into the classification processes. In general, for hand gesture
recognition a stream of data is recorded resulting in constantly
growing sequences. To address this, we reformulate the clas-
sification problem. Up to time T the mapping

Cseq : (Xt−i·η)
N−1
i=0 7−→ (yt+τ−i·η)

N−1
i=0 , t ≥ i · η (2)

with yt+τ−i·η ∈ L for i ∈ {0, 1, . . . , N − 1} is performed. In
this work, we set the hop η ≥ 0 to the window size to create
a sequence of consecutive, but not overlapping windows. In
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Fig. 2. Illustration of the concept behind an LSTM cell.

order to avoid delays, the hand gesture should be assigned to
the end of the window. Therefore, the offset τ ≥ 0 is chosen
to be half of the window length. Note that in contrast to other
approaches, this formulation does not cause a delay of half
of the window size as the label is assigned to the end of the
window instead of classifying the gesture belonging to the
window center.

III. INHOMOGENEOUSLY STACKED RNN ARCHITECTURE

RNNs are networks particularly developed for processing
sequences. These networks are capable of producing an output
for each element of a sequence before processing the consec-
utive sequence element. Furthermore, the principles of RNNs
enable processing an element with respect to its predecessors
in the sequence. Consequently, RNNs used in a sequence-
to-sequence manner are suitable to perform the sequential
mapping stated in (2).

As already implied, a key aspect of this work is to exploit
temporal and spatial dependencies within the sEMG data.
Therefore, by design, the network should be capable of inher-
ently utilizing sensor positions as well as the waveform of the
acquired signals. Consequently, in this work, we use a slightly
modified convolutional LSTM (ConvLSTM) cell [16] as an
upstream feature extractor directly processing the sequence
of raw data followed by a standard long short-term memory
(LSTM) cell [17].

A. LSTM Cell

The LSTM cell is probably one of the most popular RNN
cells having shown its versatility on many different tasks. An
illustration of its basic principle is depicted in Fig. 2. The
recursive nature of this cell is quite obvious. The cell state
ct−1 is carefully updated by so-called gates which manipulate
the state based on the current input xt and the previous cell
output ht−1. The final output is computed by multiplying the
output gate ot with the updated state ct. Mathematically the
LSTM cell can be described through its nonlinear hidden layer
function H

(ht, ct) = H(xt,ht−1, ct−1) (3)

where t ∈ N denotes the current timestep. With � representing
the Hadamard product, the update of the cell state is given by

ct = ft � ct−1 + it � tanh (Wxcxt +Whcht−1 + bc) (4)
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with the gates being

it = σ (Wxixt +Whiht−1 + bi) (5)

and

ft = σ (Wxfxt +Whfht−1 + bf ) . (6)

As mentioned before, the final output depends on the output
gate

ot = σ (Wxoxt +Whoht−1 + bo) (7)

and is defined as

ht = ot � tanh (ct) . (8)

Note that all of the previous matrices Ww∈W with
W = {xc, xi, xf, xo, hc, hi, hf, ho} represent trainable matri-
ces and the vectors bb∈B with B = {c, i, f, o} the trainable
biases.

B. Modified ConvLSTM Cell

In contrast to the LSTM cell which processes only one-
dimensional input data, the ConvLSTM cell works with multi-
dimensional tensors. For instance, this allows us to encode the
relative position of sensors within the data and thus present it
to the network. To fully explore the additional information, the
principle of convolutional layers, which are the core of CNNs,
is adopted. This means that all Ww∈W matrices are replaced by
one or multiple trainable convolutional kernels which are then
convolved with the current input Xt or the previous output
Ht−1. Consistently, all bias vectors of the LSTM cell become
tensors in a ConvLSTM cell.

Convolution operations usually lead to smaller outputs
compared to the inputs. In a ConvLSTM cell this shrinkage
is problematic as it causes dimension mismatches. Usually,
the problem is addressed by zero-padding the input before
performing the convolution. As in our case the input tensors
are quite small, the padding can have a major impact. Knowing
that usually the electrodes are roughly arranged as circles or
grids placed around the forearm, we perform a cyclic padding
for dimensions representing electrode positions. Because the
processed windows are quite short, symmetric or constant
repetition padding is used for the time dimension in order
to prevent potentially rapid changes that would be introduced
by zero padding. For an input with a single sensor dimension
and a 3×3 convolutional kernel, the padded input is given by

x1,12 x1,1 x1,2 x1,3 · · · x1,12 x1,1
x1,12 x1,1 x1,2 x1,3 · · · x1,12 x1,1
x2,12 x2,1 x2,2 x2,3 · · · x2,12 x2,1

...
...

...
...

. . .
...

...
x10,12 x10,1 x10,2 x10,3 · · · x10,12 x10,12
x10,12 x10,1 x10,2 x10,3 · · · x10,12 x10,12
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Fig. 3. Illustration of the proposed network architecture enrolled over time.

C. Architecture

Before explaining the actual network architecture, it is worth
elaborating on the network’s input in order to emphasize
the versatility of the approach. As mentioned implicitly, the
network can handle tensor inputs. Consequently, it is possible
to represent a variety of different sensor placements, even a
combination of implanted and surface sensors. Note that if the
sensor positions just roughly correspond to the grid positions,
it generally does not affect the network’s performance. Even
if some sensors are placed completely independently from the
regular placement scheme, and probably be placed quite far
away from the rest, the network can adapt to that if they are
assumed to be part of the grid, as the results will show.

The proposed network uses two kinds of RNN cells and
is illustrated in Fig. 3. As one would expect, firstly a
ConvLSTM cell is deployed to process the raw sEMG signals.
By using multiple (in our case 24) convolution kernels the
ConvLSTM cell is capable of performing complex analysis.
As with a growing number of kernels the size of the state
and consequently the output increases. In order to reduce the
dimensionality, the ConvLSTM cell is followed by a max-
pooling layer that shrinks the cell’s output to half of its original
size. Also, it adds an additional nonlinearity to the network.
Next, the resulting tensor is vectorized and presented to a
standard LSTM cell. For this, we chose a cell with state size
of 256. The final output of the network is then produced by
a fully-connected layer with a softmax activation function, as
we solve a classification problem.

IV. TRAINING AND VALIDATION

The network is trained and tested in sequence-to-sequence
fashion. For training we used sequences of fixed length T . This
can help to accelerate training and makes data augmentation,
in our case oversampling, easy. By oversampling we mean that
from a training signal, multiple highly overlapping sequences
are extracted. It is a well-known strategy to increase the
amount of training data.

The network’s optimization is based on the cross-entropy
loss calculated for all time steps. In the following, the ground-
truth label of time step t is represented as one-hot encoded col-
umn vector yt and the network’s prediction of it is given by the
vector ŷt. With matrix Y = (y1,y2, . . . ,yT ) representing the
ground truth vectors of a sequence and Ŷ = (ŷ1, ŷ2, . . . , ŷT )
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TABLE I
OVERVIEW OVER THE DIFFERENT DATASETS.

DB II DB III DB VII

Subjects (able-bodied / amputated) 40 / 0 0 / 11 20 / 2
Repetitions 6 6 6
Number of hand gestures 50 50 40

being the corresponding predictions of a network, the loss is
calculated by

E
(
Y , Ŷ

)
=

T∑
t=1

−y>t log (ŷt) . (9)

The optimizer used to minimize this loss function is the Adam
optimizer [18]. To regularize the network during training,
we applied dropout [19] with the dropout probability set to
50%. By randomly switching neurons off through setting all
weights to zero, overfitting can be prevented. In order to
further improve and accelerate the optimization process, mini
batches with a size of 200 were used.

In testing, the entire sequences were classified even though
they differed in length. So, unlike in training, the test se-
quences were not split into smaller sequences of same length.
This is done, because in an actual application, e.g. in a hand
prosthesis, a stream of data has to be constantly analysed to
predict the current movement. This is arguably a fair setting
for testing the network as it is close to the tasks in actual
applications. For the evaluation of the network’s performance,
the network predictions of every window of a sequence were
taken into account and compared with the corresponding
ground truth.

V. EXPERIMENTS

A. Databases

In order to evaluate the capabilities of the network, we con-
ducted experiments on publicly available databases allowing
for comparisons with state-of-the-art approaches. We used the
databases DB II and DB III [6] as well as DB VII [22].
In all three databases the signals were acquired with sEMG
electrodes. In DB II and DB III, the data were recorded by a
Delsys® Trigno™Wireless system while in DB VII Delsys®

Trigno™IM Wireless sensors were used. Most of the sensors
were placed in a ring around the subjects’ forearm, except
for a few sensors that were positioned on certain muscles
located in the upper and lower arm. Generally, the subjects
were equipped with 12 electrodes except for some amputees
for which the number of electrodes had to be reduced as their
amputation prevented the correct placement of all electrodes.
After equipping the subjects with the electrodes, all subjects
were asked to perform a variety of different hand movements
while the data were recorded. All movements were repeated
several times and separated by a resting period. An overview
of the databases is given in Table I.

DB2 DB3 DB7
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DB7
(amputated)

20

40
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80

100
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A
cc

ur
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)

Fig. 4. Boxplots of the obtained results.

B. Data Handling

The data of each database were split into two disjunct sets
for training and testing according to [6], [22]. By following the
suggested data splitting, the obtained results can be compared
to those of previous works. We chose a window size of 5ms,
as this has turned out experimentally to be a suitable choice
for such RNN approaches. In training the sequence length
was set to 1 s. Before applying the network, the data were
normalized to achieve zero mean and unit standard deviation.
This normalization was performed for each sensor individually
and the necessary statistical parameters were calculated using
the training data only.

Even though the sensors might not all be placed circularly
around the forearm, the data were organized as if they were
arranged according to the circular scheme. This means we
created an input matrix for the network where the rows
represent the sensors in correct order as much as possible and
the columns belong to the samples of the window.

C. Results

For DB II and DB III, the reported results are the averages
calculated across all subjects of a database while for DB VII
the medians are reported. As DB VII contains able-bodied
subjects and amputees, the results are reported for both groups
separately.

The obtained results are shown in Table II. The comparison
reveals that the proposed network outperforms the state-of-the-
art approaches for all three databases. Regarding DB II, the
performance of our network is only nearly matched by a CNN-
RNN system [21] even though this system is a large network
containing several convolutional and locally-connected layers
as well as RNN cells making it inapplicable for embedded
applications. The proposed system significantly outperforms
the approach proposed in [12] that uses 100ms long windows,
hand-crafted features, and a single RNN cell. On DB VII we
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TABLE II
COMPARISON OF THE OBTAINED ACCURACIES WITH THOSE OF STATE-OF-THE-ART SYSTEMS. A ∼ DENOTES THAT THE EXACT ACCURACY IS UNKNOWN.

System window length DB II DB III DB VII (able-bodied) DB VII (amputated)

Proposed RNN 5ms 82.81% 60.58% 92.30% 85.41%
Self-Recalibration system based on CNN [20] 200ms 78.71% ∼ 40% – –
CNN-RNN [21] 200ms 82.20% – – –
Feature plus RNN [12] 100ms 78.0% 55.3% – –
Features plus Random Forest [6] 200ms 75.27% – – –
Features plus SVM [6] 200ms – 46.27% – –
Features plus LDA [22] 256ms – – ∼ 60% ∼ 42%

achieve outstanding performance even when comparing to re-
sults obtained by a system relying on a standard classification
pipeline using the data of multiple modalities (accelerome-
ter, gyroscope, magnetometer, and sEMG electrodes) which
achieved an accuracy of 81.7% for able-bodied persons and an
accuracy of 77.7% for amputees [22]. These results emphasise
the suitability of a dedicated RNN cell for feature extraction.

Fig. 4 shows boxplots of the obtained results for different
databases. As one can see, for DB II and DB VII, the
variation between subjects is relatively small, whereas it is
significantly larger for DB III. A major reason for the variation
in performance on DB III may be the fact that there are
large anatomical differences between the amputated subjects.
A comparison with the results reported in [6], [22] reveals that
even for DB III the performance of our network varies rela-
tively little from subject to subject compared to other methods
in the literature. These results suggest that it is beneficial for
the robustness and reliability of a gesture recognition system to
train the combination of feature extraction and classifier end-
to-end for each subject individually in a data-driven fashion.

VI. CONCLUSION

Within the scope of this work we showed that it is pos-
sible to reliably classify hand movements with small RNNs.
The proposed inhomogenously stacked sequence-to-sequence
RNN outperforms state-of-the-art systems and even proves to
work stable for all subjects. Note that the network works
especially well for amputated subjects making it interesting
for the application in upper limb prosthesis. As the network is
designed for processing sequences and returns an output for a
given window before processing the next one, it is especially
suitable for real time applications. Taking also into account
that the RNN requires 5ms short windows and therefore helps
to avoid delays, the proposed system is a promising approach
for further research and possible applications.
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