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Abstract — Deep learning (DL) has transformed the field of
data analysis by dramatically improving the state of the art in
various classification and prediction tasks especially in the area of
computer vision. In biomedical engineering, a lot of new work is
directed towards surface electromyography (SEMG) based
gesture recognition addressed as an image classification problem
using Convolutional Neural Networks (CNN). In this paper, we
utilize the Hilbert space filling curve for the generation of image
representations of SEMG signals that can be classified by a CNN.
The proposed method is evaluated on different network
architectures and yields a classification improvement of more
than 3%.

Keywords — Hilbert curve, hand gesture recognition,
SEMG, electromyography, classification, CNN

L. INTRODUCTION

The problem of gesture recognition is encountered in many
applications including human computer interaction [29], sign
language recognition [8], prosthesis control [7] and
rehabilitation gaming [6, 27]. Signals generated from the
electrical activity of the forearm muscles, which can be
recorded with surface electromyography (SEMG) sensors,
contain useful information for decoding muscle activity and
hand motion [13].

Machine Learning (ML) classifiers have been used
extensively for determining the type of hand motion from
sEMG data. A complete pattern recognition system based on
ML consists of data acquisition, feature extraction, classifier
definition and inference from new data. For the classification of
gestures from SEMG data, electrodes attached to the arm and/or
forearm acquire the SEMG signals, and features such as RMS,
variance, zero crossings and frequency coefficients are
extracted and then applied as inputs to classifiers like k-NN,
SVM, MLP and Random Forests [30].

Over the past years, Deep Learning (DL) models have
shown great success to the problem of sEMG-based gesture
recognition. In these approaches, EMG data are represented as
images and a Convolutional Neural Network (CNN) is used to
determine the type of gesture. A typical CNN architecture
consists of a stack of convolutional and pooling layers followed
by fully connected layers (dense) and a softmax output. In this
way, CNNs transform the input image layer by layer from the
pixel values to the final classification label.

CNNs have made breakthroughs in feature extraction and
image classification tasks in 2D. Yet, choosing a method to

convert time-series into images that can be used as inputs to
CNN models is not obvious. Among the methods proposed in
literature are the segmentation of multi-channeled signals using
windows and the application of 2D transformations such as the
Fourier and Wavelet Transforms.

In this work, we investigate the application of the Hilbert
space filling curve to represent SEMG signals as images that
can be classified by CNNs. This curve is useful because it
provides a mapping between 1D and d-dimensional spaces that
preserves locality. The main contributions presented in this
paper are:

o the development of a method of representing
SsEMG signals as images using the Hilbert curve,

e the application of this method to the problem of
hand gesture recognition with CNNss.

The paper is organized as follows. Section 2 provides an
overview of the related gesture recognition approaches. In
Section 3, we give a detailed description of the proposed
method and the CNN architectures used for experimentation.
The experiments performed for the evaluation of the model are
presented in Section 4, while the results and a discussion are
given in Section 5. Finally, Section 6 describes the conclusions
and outlines future work.

II.  RELATED WORK

The problem of sSEMG-based hand gesture recognition has
been studied thoroughly wusing either conventional ML
techniques or DL methods. In the case of ML-based methods,
the first significant study is presented in [18] for the
classification of four hand gestures using time-domain features
extracted from SEMG measured with two electrodes. The
authors of [5] achieve a 97% accuracy in the classification of
three grasp motions using the RMS value from seven electrodes
as the input to an SVM classifier. The works of [23, 2, 15]
evaluate a wide range of EMG features with various classifiers
for the recognition of 52 gestures (Ninapro dataset [2, 1]). The
best performance is observed with a combination of features
and a Random Forest classifier resulting in 75% accuracy.

On the other hand, the first DL-based architecture, was
proposed in [28]. The authors built a CNN-based model for the
classification of six common hand movements resulting in a
better classification accuracy compared to SVM. In [3], a



simple model consisting of five blocks of convolutional and
average pooling layers resulted in accuracy figures comparable,
though not higher, to what was obtained with classical ML
methods. In our previous work [34], we have investigated
methods to improve the performance of this basic model. The
results have shown that opting for max pooling and inserting
dropout [32] layers after the convolutions boosts the accuracy
by 3% (from 67% to 70%). The works of [14, 37] incorporate
dropout and batch normalization [20] techniques in their
methodology. Apart from differences in model architectures,
they measure EMG signals using a high-density electrode array,
which has been proven effective to myoelectric control
problems [21, 26, 33]. Using instantancous EMG images, [14]
achieves 89% accuracy on a set of eight movements, whereas in
[37] a multi-stream CNN architecture is employed resulting in
85% accuracy on the Ninapro dataset.

Other important works based on DL architectures deal with
the problem of model adaptation. In [12], the technique of
adaptive batch normalization (AdaBN) [24] updates only the
normalization parameters of a pretrained model, whereas in
[10] the authors use weighted connections between a source
network and the model instantiated for a new subject.
Additionally, in [10] they propose data augmentation methods
for sSEMG signals.

The properties of the Hilbert curve have been utilized in
previous works. In [11] and [22], mammographic images are
represented as 1D vectors through the Hilbert curve and a
combination of features is helpful in detecting breast cancer.
The work of [9] follows a similar dimensionality reduction
approach in mapping 3D data into 2D and 1D representations
which are used by CNNs in order to classify 3D structural data.
Compared to processing the raw 3D data directly, this method
allows for reduced training time and increased number of data
channels. In [4] the performance of LSTM-based model in the
detection of image forgeries depends on the sequence of the
extracted image patches. Therefore, to better preserve spatial
locality, the Hilbert curve is employed to determine the order of
image patches fed into the LSTM. Apart from applications in
dimensionality reduction, the Hilbert curve has been successful
in the inverse problem as well, i.e. representing 1D data as 2D
images. In the work of [38] that deals with the problem of DNA
sequence classification, the long-term interactions between
regions of the sequence are important for the DNA
classification. Instead of using very deep networks or larger
filters, they utilize the Hilbert curve to map the DNA sequence
into an image such that proximal elements stay close, while the
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distance between distal elements is reduced.

III.  METHODS

A. Hilbert curve

A Hilbert curve (also known as a Hilbert space-filling
curve) is a continuous fractal space-filling curve, i.e. a curve
that traverses sequentially all the points of a d-dimensional
space, that was first described by the German mathematician
David Hilbert in 1891. Space filling curves have been widely
applied to tasks in data organization and compression. Between
the available curves, the Hilbert curve is known for being
superior in preserving locality compared to alternative curves
[25, 16].

The Hilbert curve can be constructed in a recursive manner.
Initially, the 2D plane is divided into four quadrants that are
traversed according to a fundamental pattern as shown in
Fig. 1-a. From each iteration to the next, all existing subsquares
are subdivided into four smaller subsquares. These four
subsquares are connected by a pattern that is obtained by
rotation and/or reflection of the fundamental pattern. Fig. 1
visualizes Hilbert curve traversals of the 2D space after the first
iterations, where the numbers correspond to the index within
the sequence that is mapped to the specific pixel.

B.  sEMG representation

In this work, the Hilbert curve is employed to transform
multi-channel sSEMG signals into 2D image representations.
Firstly, the sSEMG data of a hand gesture recorded by K
electrodes are organized into small segments of length N.
Therefore, the dimensions of the data are N x K. Then, the
mapping can be used in two ways: 1) across the time
dimension, i.e. for each SEMG channel, map the time sequence
into a 2D image, and 2) across the SEMG channels dimension,
i.e. for each time instant, map the values of the channels into a
2D image. Examples of these representation are shown in
Fig. 2.

The application of the Hilbert mapping across the time
dimension, consists of the following steps. Given a single-
electrode SEMG sequence of length N, a 2D Hilbert
representation is achieved with dimensions M x M, where
N=M? and M is a power of two, i.e. M =2" If there are K
SEMG electrodes, this process is repeated for every electrode,
and the outputs are stacked into a K-channel image, i.e. an
image with dimensions M x M x K. For example, a sEMG
segment of 10 electrodes with 64 samples is mapped into an
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Fig. 1. The first four iterations of the Hilbert curve.
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Fig. 2. The application of the Hilbert curve mapping to sSEMG data. (a) A 256-samples segment of SEMG signal, (b) the Hilbert representation (16 x 16)
across time of electrodes 1, 2, 6, 8, and (c) the Hilbert representation (4 x 4) across electrodes at time instants 50, 100, 150, 200. In (c) there are less
electrodes than pixel dimensions, thus the last six pixels on the right of the images are zeros.

8 x 8 x 10 image. It is important to note that sequence segments
of length smaller than M? can be used as well, however, in that
case the final image will be either cropped or filled with zeros.

In the second case, the Hilbert mapping is applied across the
SEMG electrodes. Specifically, the number of SEMG electrodes
is a square number, i.e. K =M?2, where M =2". The Hilbert
mapping is applied at every time instant of the sequence
resulting in an image with dimensions M xM x N. For
example, a SEMG segment of 16 electrodes with 20 samples is
mapped into a 4 x 4 x 20 image. As in the previous case, if the
number of electrodes is less than M? the final image will be
either cropped or filled with zeros.

C. Network architecture

Usually in image applications, CNNs receive as input
images with one channel (grayscale) or three channels (RGB).
In our approach, the image dimension corresponds either to the
number of electrodes or the segment duration.

Apart from networks that have been previously applied to
the problem of hand gesture recognition [34], we investigate the
application of CNN architectures that are typically found in
image tasks, such as VGGNet [31], DenseNet [17], and
SqueezeNet [19]. To keep comparisons of the results fair, an
effort is made to keep the number of trainable parameters of the
networks equal. The model architectures are presented in
Table I.

IV. EXPERIMENTS

A. Dataset

The proposed method was evaluated on data from the first
dataset of the Ninapro database [2]. It includes data acquisitions
of 27 healthy subjects that repeat each of the 52 gestures 10
times. The types of gestures can be divided into three groups: 1)
basic finger movements, ii) isometric, isotonic hand
configurations and basic wrist movements, and iii) grasping and
functional movements. The data are acquired with 10
electrodes, of which eight are placed around the forearm and
the other two are placed on the main activity spots of the large
flexor and extensor muscles of the forearm [2].

The sEMG signals were preprocessed with a low-pass filter
as in previous studies on Ninapro database [3, 14, 34]. Then,
training data are augmented by duplicating the signals of each
repetition and adding Gaussian noise with a signal to noise ratio
(SNR) equal to 25dB. In addition, sSEMG signals are augmented
with the magnitude-warping method described in [36, 35]. As a
last step, SEMG signals from the 10 channels are segmented
into overlapping windows of length N with a step of 50ms and
organized into N x 10 arrays.

B.  No Hilbert (baseline)

As our baseline, we take the approach where the Hilbert
mapping is not used. Therefore, the N x 10 arrays are fed into

TABLE I. CNN MODEL ARCHITECTURES USED IN THIS WORK.

AtzoriNet [3, 34] VGGNet [31]

DenseNet [17] SqueezeNet [19]

CONV(32, 1x10), ReLU,
CONV(32, 3x3), ReLU,
POOL(max, 3x3),
CONV(64, 5x5), ReLU,
POOL(max, 3x3),
CONV(64, 5x1), ReLU,
CONV(G, 1x1), Softmax

POOL(max, 2x2),

POOL(max, 2x2),
GLPOOL(avg),
FC(G), Softmax

CONV(16, 3x3), BN, ReLU,
CONV/(32, 3x3), ReLU,
CONV(32, 3x3), ReLU,

CONV(64, 3x3), ReLU,
CONV(64, 3x3), ReLU,

CONV(16, 3x3), BN, ReLU,
DSBLOCK(4), TRBLOCK(50),
DSBLOCK(3), TRBLOCK(75),

CONV(16, 3x3), BN, ReLU,
SQBLOCK(4, 16, 32),
SQBLOCK(3, 16, 64),

ReLU, CONV(G, 1x1), ReLU,
CONV(G, Ix1), ReLU, GLPOOL(avg),
GLPOOL(avg), Softmax

Softmax

DSBLOCK(n) SQOBLOCK(a, b, ¢)

{BN, ReLU, CONV(16, 3x3)}, | {FIRE(b, c)},, POOL(max)

TRBLOCK(k)
BN, CONV(k, 1x1), POOL(max)

FIRE(b. )

CONV/(b, 1x1), ReLU,
CONV(c, 1x1), ReLU +
CONV(c, 3x3), ReLU

Parameters 85K

75K 70K 70K

CONV: convolutional layer, POOL: pooling layer, GLPOOL: global pooling layer, FC: fully-connected layer, BN: batch normalization, {}x: repetition k times, ‘+’: concatenation

G: number of gesture labels



the CNN models as single-channel images. For the window
length N, we experiment with two values: 15 and 64 samples
using all the models in Table I.

C. Hilbert mapping across time dimension (HilbTime)

In the case of the Hilbert mapping across time dimension
(HilbTime), the N x 10 segments are organized into M x M x10
images. For N values equal to 16 and 64 the resulting image
sizes are 4 x4 x 10 and 8 x 8 x 10 respectively. From Table I,
only the VGG, Dense and Squeeze models were used.

D. Hilbert mapping across elextrode dimension (HilbElect)

The Hilbert mapping across sEMG channel dimension
(HilbElect) is applied in a similar fashion. The N x 10 segments
are organized into 4 x 4 x N images. In this approach we retain
the spatial resolution constant due to the small number of
available electrodes. In addition, the pixels that correspond to
the last six positions the Hilbert curve traverses are set to zero.
For the window length, we only experimented with N =16,
since this parameter does not affect the spatial resolution of the
images. As in the previous case, only the VGG, Dense and
Squeeze models were used.

E.  Model hyper-parameters

All networks were trained using stochastic gradient descent
for 60 epochs with initial learning rate of 0.1 halved every 15
epochs and a batch size of 1024. To avoid overfitting the
networks due to the small training set, dropout layers were
appended after each convolutional layer with a forget rate of
0.3. In addition, weight decay regularization with a value of
0.0005 was applied to all convolutional layers. These values
were selected after performing a grid search on a validation set
of ten randomly selected subjects.
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Fig. 3. Loss graphs on the train and test sets.

F. Evaluation

The evaluation is based on existing works that have used the
Ninapro dataset [3, 14, 34]. Specifically, for each subject a new
model is trained on data from seven repetitions and tested on
the remaining three. As performance metrics we use the top-1
and top-3 accuracies (i.e. the accuracy when the highest and
any of the 3 highest output probabilities match the expected
gesture), as well as precision and recall values. For each metric,
the average across the 27 subjects in the dataset is reported.

V. RESULTS AND DISCUSSION

The problem of hand gesture recognition based on SEMG is
addressed as an image classification task, where the Hilbert
curve is utilized for the representation of SEMG signals as
images. In the experiments, we investigate two ways of
applying the Hilbert curve, which are evaluated across four
CNN models. A comparison of the loss graphs during training
and testing (Fig. 3) shows that all models have been trained
until convergence. The results of the evaluation experiments are
presented in Table II and Fig. 4.

From Fig. 4 we can see that using the Hilbert mapping the
models perform equally well or even better compared to the
corresponding  baseline approach without the Hilbert
representation. Compared to our previous results [34], the
baselines for the VGG and the DenseNet yield similar results,
while the Hilbert mappings are beneficial for these models. In
addition, the VGG architecture performed the best between the
counterpart models, while the SqueezeNet had always the
poorest performance in every evaluation metric.

A comparison between the Hilbert mapping methods and
the corresponding baseline for input segments of length
N = {16,064} for the VGG, Dense and Squeeze models is
performed with a Wilcoxon signed rank test at a 5%
significance level. Specifically, the baseline with input 15 x 10
is compared to the HilbTime approach with input 4 x 4 x 10 and
the HilbElect, while the HilbTime method with input 8 x 8 x 10
is compared to the 64 x 10 baseline. The results are shown in
Table II where an “*’ denotes a significant difference. We see
that for the VGG model both Hilbert mapping approaches give
superior results than the corresponding baselines (3.1%
improvement for HilbTime and 3.5% for HilbElect). On the
other hand, for the DenseNet model the Hilbert across time with
N = 16 did not provide any improvement, while for N = 64 and
the HilbElect mapping the results were better.

VI. CONCLUSIONS

This work investigated the utilization of the Hilbert curve as
a means of representing SEMG signals as images in the problem
of gesture recognition. Two approaches were evaluated: the
application across the time dimension and across the electrodes
dimension. In our experiments, we compared three CNN
architectures that have been widely used in image tasks along
with a model optimized for the problem of gesture recognition.
The results showed that a VGG-based network had the best
performance on a benchmark dataset. Finally, although the
representation of SEMG signals with the Hilbert curve seems to
improve the performance of CNN models, more experiments
are needed before safe conclusions are reached.
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Fig. 4. Evaluation experiments results. The metrics are computed for the test set.
TABLE II. PERFORMANCE RESULTS.
VGGNet [31] DenseNet [17] SqueezeNet [19]
16x10 64x10 4x4x10 8x8x10 4x4x16 16x10 64x10 4x4x10 8x8x10 4x4x16 16x10 64x10 4x4x10  8x8x10  4x4x16
top-1 0.7115 0.7592  0.7192*  0.7908*  0.7469* | 0.7225 0.7493 0.7064*  0.7757*  0.7319* | 0.5611 0.6297 0.5585 0.5188 0.5742
accuracy (0.0682) (0.0626) (0.0670) (0.0570) (0.0653) (0.0639) (0.0648) (0.0634) (0.0588) (0.0598) (0.2342) (0.1445) (0.1995) (0.3298) (0.2144)
top-3 0.8640 0.8945 0.8754*  0.9156*  0.8910* | 0.8770 0.8868  0.8703*  0.9073*  0.8837* | 0.7175 0.8002 0.7172 0.6357 0.7255
accuracy (0.0492) (0.0443) (0.0449) (0.0361) (0.0440) (0.0458) (0.0439) (0.0439) (0.0368) (0.0414) (0.2783) (0.1586) (0.2367) (0.3726) (0.2455)
recision 0.7174 0.7702  0.7334*  0.8031*  0.7562* | 0.7326 0.7412  0.6785* 0.7637 0.7237 0.5461 0.5319 0.5687 0.5189 0.5671
P (0.0676) (0.0633) (0.0622) (0.0559) (0.0632) (0.0634) (0.0663) (0.0669) (0.0663) (0.0603) (0.2392) (0.1721) (0.2115) (0.3473( (0.2195)
recall 0.7110 0.7594  0.7205*  0.7904*  0.7467* | 0.7218 0.7417  0.6863* 0.7651 0.7243 0.5524 0.5712 0.5545 0.5158 0.5630
(0.0679)  (0.0640)  (0.0659)  (0.0579)  (0.0677) | (0.0642)  (0.0645)  (0.0661)  (0.0610)  (0.0607) | (0.2302)  (0.1618)  (0.1986)  (0.3281)  (0.2118)
values in parentheses correspond to standard deviation
[8] M. J. Cheok, Z. Omar, and M. H. Jaward, “A review of hand gesture and
sign language recognition techniques,” Int. J. Mach. Learn. Cybern., vol.
0, Aug. 2017.
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