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Abstract
Recent developments of sensors that allow tracking of human movements and gestures enable rapid progress of applications
in domains like medical rehabilitation or robotic control. Especially the inertial measurement unit (IMU) is an excellent
device for real-time scenarios as it rapidly delivers data input. Therefore, a computational model must be able to learn
gesture sequences in a fast yet robust way. We recently introduced an echo state network (ESN) framework for continuous
gesture recognition (Tietz et al., 2019) including novel approaches for gesture spotting, i.e., the automatic detection of the
start and end phase of a gesture. Although our results showed good classification performance, we identified significant
factors which also negatively impact the performance like subgestures and gesture variability. To address these issues, we
include experiments with Long Short-Term Memory (LSTM) networks, which is a state-of-the-art model for sequence
processing, to compare the obtained results with our framework and to evaluate their robustness regarding pitfalls in the
recognition process. In this study, we analyze the two conceptually different approaches processing continuous, variablelength gesture sequences, which shows interesting results comparing the distinct gesture accomplishments. In addition,
our results demonstrate that our ESN framework achieves comparably good performance as the LSTM network but has
significantly lower training times. We conclude from the present work that ESNs are viable models for continuous gesture
recognition delivering reasonable performance for applications requiring real-time performance as in robotic or rehabilitation
tasks. From our discussion of this comparative study, we suggest prospective improvements on both the experimental and
network architecture level.
Keywords Continuous gesture recognition · Echo state networks · Long Short-Term Memory

Introduction
Continuous gesture recognition is a challenging task due to
three critical aspects: (1) the correct identification of the
start and end of the actual gesture, called subgesture, (2)
the recognition of a gesture of possibly variable length,
also called inter-subject variability, and (3) the accurate
distinction between an active gesture and subtle movements
or silent phases like pauses. The correct yet fast recognition
of gestures is an important research area predominantly
 Doreen Jirak
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for vision-based application in human-robot interaction
(HRI) or human-computer interaction (HCI). Although
visual gesture recognition allows the most intuitive interface
between a human and an agent, it is also the most
challenging task starting from the recording procedures
to preprocessing of a huge number of video streams to
finally computational models with low latency and high
recognition rates. In recent years, deep learning techniques
emerged as a new way to learn huge datasets using
GPU computing. Especially for gesture recognition, they
achieved high accuracy on benchmarks like ChaLearn [7].
Learning sequences demands some memory mechanism
as is implemented in recurrent neural networks (RNNs).
Training of deep models, i.e., network architectures with
many layers, through gradient propagation often suffers
from effects of exploding or vanishing gradients [3,
4]. To address this issue, Long Short-Term Memory
(LSTM) networks [13] have been proposed, whose gating
mechanisms integrated into an RNN architecture overcome
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the error-prone gradient computations. An alternative
paradigm to the traditional RNN training subsumed under
the term “Reservoir Computing” (RC) [26] has become
popular and showed high performance in time-series
prediction. A special implementation called echo state
networks (ESNs), proposed by Jäger [14], has been
successfully applied to language processing [12, 25],
navigation tasks [6] and central pattern generation [28]. The
RC community is also growing in the recent years due to
the successful implementation of reservoirs in hardware [2,
23], supporting real-world applications like human action
recognition [1]. Although gestures are sequences similar to
sentences, human actions, or path trajectories, surprisingly
little is known about the potential application of ESNs to the
task of gesture recognition [8, 15].
In this article, we present an extension of our previous
study on sensor-based continuous gesture recognition [24].
Although this research is dominated by vision data, other
important areas like rehabilitation, limb prosthesis or
controlling virtual environments use sensors like the socalled “inertial measurement unit” (IMU). The reason is that
this sensor delivers movement data for direct input very fast
which allows real-time control for hand or arm movements
or instantaneous reactions in robotic interfaces.
Our paper is structured as follows: we will first review
recent research on smart devices and the different learning
techniques for continuous gesture recognition. In the
subsequent section, we will summarize our ESN framework
including the data recordings introduced earlier [24],
followed by the explanations of our new experiments using
an LSTM network. The performance of both approaches
will be compared in the evaluation section and contrasted
with other approaches in our discussion. We conclude our
paper with suggestions for prospective applications.

Related Work
Wearable or smart devices have influenced different
research domains such as controlling games and media
applications or prostheses and rehabilitation. Recent work
on continuous gesture recognition using smart sensors
primarily uses a set of standard learning techniques such
as dynamic time warping and only a few studies apply
recurrent neural networks to the task. Gupta et al. [10]
introduced an algorithm, which maps the sensory stream
from the gyroscope and accelerometer of a Samsung mobile
phone into a gesture codebook. To distinguish between an
actual gesture and no gestural activation, the dynamic time
warping (DTW) algorithm was used. Basically, the DTW
procedure aligns two sequences which may vary in speed
and, based on predefined similarity measures, can classify
a sequence to its most similar sequence or “template” in a

data corpus. On a set of 6, respectively, 12 gestures (actually
mirrored), their approach achieved an average accuracy
of 90% and 94% for users using the so-called portrait
mode. Interestingly, the performance dropped significantly
compared with uWave [19], a gesture recognition system for
accelerometer data introduced earlier. However, due to the
lack of benchmark data, a fair comparison between different
systems is difficult. Although the authors demonstrated
good performance with a rather simple approach, they fall
short of the number of gestures and it remains open whether
the creation of a codebook would scale up when extending
the gesture vocabulary.
Yang et al. [29] presented a system using data from
a surface electromyography sensor (sEMG) on an arm.
A sliding window procedure was used to segment the
sensor stream and a threshold applied to separate active
gestures from unintentional gestures or noise. To model
the gestures, Gaussian Mixture Models and Hidden Markov
Models (GMM; HMM) were trained and the divergence
between two models used for evaluation. The KullbackLeibler divergence displayed the difference between any
two models and was used to distinguish the 6 gesture
classes. The system achieved 97–100% accuracy, however,
the whole procedure was tested on samples from one person
only. Also, the performance time for the gestures was
always set to 4 seconds, which means that the models
neither captured any variances between users nor gesture
performance time. This aspect lowers the generalization to
other users and limits the system application. Furthermore,
the chosen model suite is known to be hard to train and thus,
again, the question of whether the system would scale well
to the number of gestures remains open.
In the context of HCI, wearables are also used in
the gaming domain because the sensor input directly
measured from the subject allows real-time processing. In
this regard, Li et al. [18] presented a system to control the
Jump&Go Fly Bird game. Gyroscope and accelerometer
data were collected from a wristband and gestures manually
segmented using video information to mark the start and
end phase of a gesture. A sliding window approach in
combination with DTW classified the game control gesture,
which was limited to raising a hand. All other gestures were
subsumed as “other” gesture. Although the system achieved
an F1 score of up to 99%, the application of this gesture
recognition system is restricted to binary classification.
Moreover, manual labeling becomes a time factor when
increasing the gesture vocabulary, thus more sophisticated
methods for gesture spotting need to be developed.
One such system presenting the application of recurrent
neural networks (RNNs) was introduced in the SLOTH
architecture [5]. A triaxial wearable accelerometer provided
data for 6 defined gestures classes and, additionally,
a “no gesture” class. The gesture spotting was trained
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with a Long Short-Term Memory (LSTM) network. A
subsequent continuous gesture recognition module (CGR)
then classified the different gestures using two sets: one
dataset comprised sequences from 9 participants with a total
of 540 sequences, evaluated offline yielding an accuracy of
96.9%. A second dataset was restricted to one participant
only with combinations of different gestures. The CGR
module then classified the incoming data stream in an online
fashion, which substantially decreased the recall of gestures
while still yielding an average accuracy of 79.7% up to
90.6% when changing some critical system parameters.
Especially the “no gesture” class was misclassified 100%,
which the authors [5] explained by the accelerometer
settings in the device. The differences in the recall for
the other gestures may also be subject to the so-called
subgesture problem, i.e., an online classifier may output the
incorrect label because it confuses similar start patterns of
different gestures.
Sosin et al. [22] included domain adaptation in their
system to enhance the generalization of gesture recognition
to other persons. An sEMG sensor tracked hand movements
from 5 subjects in two conditions, mobile and immobile
wrist. An additional Leap motion device indicated the
correct position of the hand. The authors compared simple
and gated recurrent neural units and, additionally, trained
the RNNs with adversarial domain adaptation (ADA).
Employing ADA can help to prevent overfitting, and thus,
a trained network can be transferred to test different
subjects. The study revealed the superior performance of the
simple units in combination with ADA for both conditions,
evaluated using the (normalized) root mean-squared error,
which measures the displacement between the angle of
the correct gesture to the predicted one. The system is,
however, limited by the installation of the Leap motion
controller, which needs additional calibration for every
new user.
Similarly, Han and Yoon [11] proposed a system for the
recognition of 6 gestures obtained from a wireless triaxial
gyroscope worn by 5 subjects. The gyro data was preprocessed using a sliding window and the normalized covariance between the sequences calculated. The maximum
covariance between different gestures was then assigned to
as the correct gesture and compared with a reference vector
from a trained support vector machine (SVM). The evaluation of the single gestures performed by 4 of the participants
showed an average accuracy of 97% where the confusion
could be tracked back to symmetric gestures like “left-right”
or “up-down.” However, the system was optimized to every
user with a preceding customization session. The evaluation
is, therefore, biased, as the session familiarizes each subject with the task resulting in a stable gesture performance
yielding low variances among the gesture classes and clear
gesture waveforms. Regarding the symmetric gestures, the

system also showed no improvement when trained specifically for a multimedia application.
A recent study by Wang and Ma [27] similarly to the
one presented in this paper introduced a recognition system
for 10 gestures performed by 40 users. The IMU from a
wearable sensor was used, yielding six features that were
corrected for unit differences and further projected to a
lower-dimensional space by principal component analysis.
The continuous gestures were segmented with a sliding
window and manually labeled. An SVM was trained to
output class labels, while a DTW enhanced the correct
recognition for variable-length sequences. The experiments
were divided into three scenarios: the recognition of a single
gesture, a sequence of different but predefined gestures,
and the recognition of arbitrary gesture combinations. The
single gesture condition achieved an average accuracy of
93.14% and when including a timing threshold, 97.28%,
mostly confusing a “circle” gesture or “up-down.” However,
single gestures are hardly relevant to the task of recognizing
gestures in a continuous stream. For the two other
experiments, the performance dropped to 86% for a
predefined sequence of gestures and decreased even more
when considering a random gesture sequence to 60%.
This result confirms that continuous gesture recognition
is a nontrivial task, heavily influenced by inter-subject
variability in gesture performance.

Dataset and Methodology
We created our own dataset because we are using sensorbased data for gesture recognition and no public dataset is
available for this task. Therefore, we make our data and
the code of our models publicly available1 . We also explain
the experimental settings for both architectures used in this
study: an echo state network (ESN) and a Long Short-Term
Memory (LSTM) network.

Dataset Creation
First, we defined 10 gesture classes shown in Fig. 1 inspired
by Lee et al. [17]. We chose the gesture types we think
correspond best to an action alternatively to swiping or
speech commands. For instance, the first two snap gestures
in Fig. 1 can be used to slide photos to the left or right, or to
control the volume of a music application. Second, we set
up an experimental environment as demonstrated in Fig. 2
and invited 5 participants who performed each gesture 10
times, resulting in a total of 500 variable-length sequences.
The input data was collected from the inertial measurement
unit (IMU) of a smartphone with Android OS. The IMU
1 https://github.com/swtietz/UHH-IMU-gestures-comparison
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Fig. 1 We defined ten gestures used for our experiments. The challenge for a system is to recognize variable-length gestures (cf. snap vs. shake),
where one shorter gesture may be a subgesture of another, and to distinguish gesture symmetry (e.g., up vs. down). (Figure from [24])

delivers 9 features: the three orientation axes {x, y, z}, the
rotation velocity along these axes, and, correspondingly,
the acceleration. Before feeding the sensor values into the
network they are normalized channel wise, such that the
maximum norm of each three dimensional signal is 1. The
normalization has been carried out over the whole dataset.
The signals have a frequency of 30 Hz, i.e., one time
Fig. 2 The settings for the data
recordings. A subject was seated
opposite to the supervisor who
gave instructions on when to lift
the phone and which gesture
type is expected. No time
constraints or any further help
on the gesture performance was
given

step corresponds to ≈ 0.03 s. Figure 2 outlines the data
recordings: a participant was seated on a table opposite to
a supervisor, who tracked each gesture performance and
marked both the gesture onset and the gesture finish. Each
participant was instructed on how to hold the phone and
which gesture in which direction is expected for each trial
(e.g., shake left-right). However, no time restrictions nor
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help was given. After the performance of all trials per
gesture type, the participants had a little break to avoid
fatigue. After the recordings, the ground truth was added
(cf. [24]).
All experiments follow the leave one out cross validation
(LOOCV) protocol presented in our previous study [24]:
we use data from n − 1 subjects as the training set, where
streams are segmented into individual gestures, concatenated to continuous sequences and shuffled randomly. Data
from the remaining person was then used as the test set. We
used grid search to obtain optimal parameters for both architectures. We will now explain the specific configurations of
the two networks we used in this study.

exploit the range of the used tanh activation function [20],
i.e., all input values are multiplied with a certain scaling
coefficient. We fixed the reservoir to 400 neurons achieving
the best performance, after having tested sizes starting from
25 neurons, doubling each results, up to 3600. We stopped
our trial experiments for the reservoir size at this value as the
performance started to decrease significantly. We observed
an plateau-like behavior in the performance for 400, 800,
and 1600 neurons, which is why we agreed on a smaller
reservoir size for faster training. The output layer consists of
10 neurons, representing the 10 gesture classes. We trained
the ESN using ridge regression. All hyperparameters are
summarized in Table 1 with the best value resulting from
our grid search in bold.

Experimental Settings for the ESN
Experimental Settings for the LSTM
An echo state network (ESN) [14] is a specific implementation of the Reservoir Computing paradigm [26]. The model
is separated into a randomly initialized hidden layer or
“reservoir,” which stays fixed, and a trainable readout. The
key idea is to project any input to the reservoir into a highdimensional feature space similar to kernels used by support
vector machines. The projection allows the application of
simpler training techniques, usually linear models. Given an
input u, the reservoir states x are computed as:
x̃ (t+1) = f (u(t+1) Win + x (t) Wres + y (t) Wf b + ν (t) )

(1)

x (t+1) =

(2)

(1 − α)x (t) + α x̃ (t+1)

where f is the activation function (here tanh) and α is the
leak rate. The layer-wise connectivity matrices W∗ for the
input, reservoir, and feedback remain fixed while training
the network. We initialize Win sparsely with only 10% of
all weights set. Inputs are multiplied with the input scaling
parameter before being fed to Win . Wres is initialized fully
connected with Gaussian weights and then re-scaled to
the desired spectral radius. As we are using the ESN for
supervised learning, we set the feedback matrix Wf b and the
noise term ν to 0. We also used the full training sequences,
i.e., no states were discarded. Given the teacher signal Y and
the state matrix X with all states collected in matrix X:
Y = g(Wout X)

An LSTM [13] is an RNN capable of learning both shortterm and long-term dependencies. The core concept of
LSTMs lies in the cell state, whose information is regulated
through three gates. First, an input gate controls which
values to be stored in the cell state. Which information to be
removed is then decided by a forget gate. Finally, an output
gate is responsible for choosing which values to be used for
the activation of an LSTM unit. Figure 4 shows the LSTM
architecture used in this study. The calculations for LSTM
training are shown in Eqs. 5–7 for the gate mechanisms.
Equations 8 and 9 show the calculations within the layers,
i.e., the cell states and the hidden states as used in our
implementation.
i (t) = σ (Wix x (t) + Wih h(t−1) + bi )
f

(t)

= σ (Wf x x

o

(t)

= σ (Wox x

c

(t)

=f

h

(t)

= tanh(c ) ◦ o

(t)

◦c

(t)

+ Wf h h

(t)

+ Woh h

(t−1)

+i

(t)

(t−1)

(t−1)

(5)

+ bf )

(6)

+ bo )

◦ tanh(Wcx x

(7)
(t)

+ Wch h

(t−1)

+ bc )
(8)

(t)

(t)

(9)

(3)

where g is the linear output activation function, the output
weights Wout can be computed using ridge regression:
Wout = Y XT (XXT + λI)−1

(4)

where λ is the regularization coefficient and I is the identity
matrix. The general ESN architecture is shown in Fig. 3.
The ESN used in this study has a 9 dimensional input layer,
which corresponds to the sensor values obtained from the
data collection. Additionally, we employed input scaling to

Fig. 3 Layout of an echo state network, in our experiment used with
leaky neurons. The hyperparameters correspond to the ones in Table 1
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Table 1 Reservoir parameters: ρ is the spectral radius, α is the leak
rate, κ denotes connectivity, and λ is the regularization coefficient
x

400
0.1
[1, 5, 9, 13]
[0.1, 0.4, 0.7, 1.0, 1.3]
[0.1, 0.3, 0.5, 0.7, 0.9]
[0.01, 0.1, 1, 10]

Input

Reservoir size
κ
Input scaling
ρ
α
λ

x

x

...

Range

...

Hyperparameter

x

x

x

Input scaling is a factor with which the input is multiplied before being
feed into the network

where i (t) , f (t) , and o(t) denote the input, forget, and output
gates respectively. x (t) , c(t) , and h(t) are the LSTM unit
input, cell state, and hidden state respectively. W and b
represent the weights and biases, σ is the sigmoid activation
function, and ◦ is the element-wise multiplication.
We implemented a simple recurrent network in PyTorch2
consisting of one LSTM layer and a 10-cell fully connected
linear readout layer with no bias stacked on top. Opposed
to the ESN, where the different sensors have been manually
tuned [24], we now scale each channel of each sensor
individually to have a standard deviation of 1. We tried 10,
20, 40, 80, and 160 recurrent cells in the hidden layer but
found that only small gains in F1 score and accuracy could
be achieved when increasing the number of neurons higher
than 40 and, therefore, chose 80 LSTM cells for further
experiments.
Although we are in a classification setting we treat the
task as a regression problem and use the mean-squared
error for training. This is due to the fact that we integrate
gesture pauses, i.e., sequences with no gestures, in between
the gestures, during which we want no neuron to be
active. When using categorical cross-entropy, and therefore
“softMax” as the final activation function, the network can
not represent “no gesture” sequences. We use the “adam”
optimizer [16] with a learning rate η set to 0.001, and train
for a maximum of 100 epochs. We use 10% of our train
set as a validation set and apply early stopping once the
validation error starts to increase.

LSTM Layer

MSE

Fig. 4 The implemented LSTM architecture. We used only one
recurrent layer but performed a grid search over the number of cells

the actual gesture. While the gesture spotting is problematic
due to variable-length gestures, the classification is often
hampered by so-called subgestures. Dynamic gestures, such
as commands, often share the same start movements, e.g.
lifting an arm or the phone. Therefore, the whole gesture
sequence has to be parsed first and then mapped to the
correct gesture label. Figure 5 demonstrates the problem
exemplary taken from our LSTM model: while the whole
sequence is a shake, the start is misclassified as snap.
In our previous study [24], we introduced an evaluation
mapping scheme from actual gesture sequences to their
corresponding ground truth sequences (Fig. 6). Due to the
variable-length sizes of the gesture samples and the “no
gesture” condition, we suggested the following: We apply
a ReLu non-linearity over the network output and sum up
all remaining activity at every time step. If the total activity
is above a predefined threshold of 0.4 we start summing
up all individual outputs over time until the total activity
falls below the threshold again. The whole segment is then
labeled as belonging to the class of the neuron that had the
highest total activity. On the resulting segments, we run our
mapping algorithm:
–
–

Evaluation Scheme and Results
–

Only one true positive (TP) mapping is allowed
A wrong prediction is counted as “wrong gesture”
(WG)
A prediction and class segment that does not overlap is
counted as false positive (FP)
An actual class without a mapping is a false negative
(FN)

The major challenge in continuous gesture recognition is
the gesture spotting followed by the correct classification of

–

2 https://pytorch.org/

Table 2 reports the average accuracy and F1 score of
the test sets averaged over all subjects. The values in
parentheses denote the standard deviation. We also provide
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Fig. 5 Example of the output activation from the LSTM architecture.
Activation for all 10 output neurons is plotted over the first 500 time
steps, the ground truth is shown with transparent boxes. The subgesture

problem shows very nicely for the shake gestures: The network commonly predicts a snap gesture during the early, ambiguous phase and
only after a whole shake is performed the shake neuron turns active

the corresponding training times for comparison. While the
LSTM shows superior performance for the F1 score, the
difference in accuracy for both models is less apparent. The
table also shows less training times for the ESN framework.
As explained before, gesture sequences in a continuous
stream are easily misclassified due to subgestures and
variances in the performance of a gesture. Therefore, we
analyzed the results from each participant for both the ESN
and the LSTM to explain the possible error sources. Table 3
shows the individual evaluations for the ESN and the LSTM.
The different F1 scores among the subjects visible in the
table indicate high inter-subject variability. The values in
the parentheses denote the standard deviation, which is low
for all subjects.
We show in Figs. 7, 8, and 9 the worst, average, and
best performance from the set of our participants evaluated
from our ESN (the participant names are anonymous). The
misclassifications result from the average of all trials per
subject, which explains why the values are not integers.
Most confusion between the individual gestures is shown
in Fig. 7. Noteworthy, the gestures {snap left, snap right}
are confused with the longer gesture shake left-right,
which supports that the subgesture problem affects the

performance. Similarly, the snap backward gestures is
misclassified for shake up-down. Further, the directions in
the shake gestures are confused between up-down and leftright. Notably, also the “no gesture” negatively influences
the performance by producing misclassification with almost
all gesture classes (cf. bottom row and final column in
Fig. 7). The effect of a possible prefix gesture is also shown
in Fig. 8 for the snap left gesture, however, most of the
misclassifications stem from wrong predictions of the “no
gesture” class. Finally, Fig. 9 shows the highest score in the
gesture performance, emphasizing again the confusion of
“no gesture” with other gesture sequences.
The right column of Table 3 demonstrates the results
from each participant for the LSTM. Figures 10, 9, and
12 provide insights into the misclassification from the
worst to the best performance as produced by our LSTM
experiments. Again the overall performance is affected by
confusion of subgestures like snap left with the according shake gesture. The snap backward gesture is mostly
confused with shake up-down. Moreover, the symmetry of
the bounce gesture has negatively influenced the prediction results for the best performance (Fig. 12). Similarly,
the average performance as shown in Fig. 11 results primar-

Fig. 6 Example of our proposed mapping scheme [24]. The target gesture stream consists of gesture 1, followed by a silent phase or “no
gesture,” another performance of gesture 1 and a subsequent pause and
finally gesture 2. In case number 2, the erroneous prediction results in

a “wrong gesture” followed by a false positive as we constrained gesture segments to be mapped as correct only once. The false negative is
a consequence of the long “no gesture” prediction (case number 6)
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Table 2 Average F1 score, accuracy on the test sets, and training times

F1 score
Accuracy
Train time (in sec)

ESN

LSTM

0.78 (0.09)
0.87 (0.03)
2.6 (0.03)

0.87 (0.07)
0.93 (0.04)
88.9 (15.1)

Standard deviations are given in parentheses

ily from misclassifications of the snap left gesture. Finally,
the best performance shown in Fig. 10 has the most prominent confusion between the symmetric bounce up-down
gestures.

Discussion
We presented an experimental study on continuous gesture
recognition to compare the performance between an
echo state network (ESN) and Long Short-Term Memory
(LSTM) network. Both networks are special architectures
of recurrent neural networks and successfully applied to
sequence processing. Given the inherent variances on how
to perform gestures, so-called inter-subject variability,
we were interested in the computational performance of
both approaches as they are conceptually different. We
used a dataset introduced in an earlier work [24] for
training and testing both models. Our evaluation showed
that our ESN framework achieved an accuracy comparable
to the LSTM, while being faster to train (cf. Table 2).
Therefore, we conclude ESNs to be a viable model for
continuous gesture recognition using sensor data and, due
to their fast recognition times, to be an ideal candidate
for tasks that require real-time processing. The applications
are manifold and range from simple body tracking to
concrete rehabilitation of the limb apparatus as shown for,
e.g., sEMG devices [29]. Recent approaches primarily use
simple techniques like sliding windows and DTW or an
SVM. However, all the techniques need special tuning of
the window size or the specific kernel [27], which led
to an additional subject customization step in the system
[11]. In our study, we show how ESNs learn different
activity patterns while being able to distinguish between
gestures, subtle movements, and pauses. This highly
facilitates gesture spotting where no extra hardware is
needed [22]. Moreover, the working principles behind both
approaches presented here address time-varying patterns in
contrast to studies using a fixed time window [27, 29],
which shadows the inter-subject variability problem. The
nontrivial problem of learning these variances is highlighted
by the study presented by Wang and Li [27]: while their

system achieved 86.99% accuracy for a fixed number of
gestures concatenated into one stream, the performance
drops to 60% for arbitrary sequences. In contrast, our
experiments achieved an average accuracy of 93% for
LSTM and 87% for the ESN using randomly shuffled
gestures. Learning distinct gesture patterns performed by
human subjects is key to a flexible recognition system,
which provides an intuitive interface without preliminary
customer calibrations or fixation of gesture lengths to
arbitrary values. We believe that our experiments show a
new research direction in a domain that is still dominated by
classic computational techniques like DTW.
Another important factor affecting the performance
are subgestures and symmetric gestures [11]. In our
experiments, the individual gestures snap left and snap right
as well as the snap forward and snap backward gestures
were often falsely classified with their corresponding
shake gestures in both networks. Also, classification errors
occurred between snap up and snap down with snap forward
and snap backward. We hypothesize that those sequences
are too short and, as we did not provide any help on
the actual gesture performance, the participant might have
held the phone such that the sensors detect a backward
motion. The influence of misclassification caused by the
issues described is more prominent for our ESN framework.
The individual evaluation revealed many errors in the
upper triangular part of the confusion matrix for the worst
performance (cf. Fig. 7), which relates to a bad recall metric.
As a result, the recall negatively impacts the F1 score for
the ESN, which is 9% worse than the LSTM. However, the
difference in the overall accuracy is less pronounced.
Interestingly, the performance of participant J changed
from worst in the ESN model to best for the LSTM
and vice versa for the best performance of subject L (cf.
Table 3). When looking into our data, we observed highly
distinct gesture trajectories for participant J for each gesture
while subject L performed each gesture similar. The better
performance of the LSTM for varying gesture sequences
confirms the superior performance for the F1 score and
the robustness of this network to recognize variable-length
gestures. We explain the switched role for subject L with our
mapping algorithm, which is tailored to the ESN output. We
think that a modular approach as presented by Carfi et al.
[5] would yield a better evaluation as a subsequent classifier
is explicitly used. Finally, both models were error-prone to
subgestures and variability of gesture sequences, especially
pronounced for symmetric gestures, which supports that
continuous gesture recognition is a nontrivial task. More
research on these aspects in the future could be useful to
expand the application area.
The main question regarding the further application of
our system addresses the size of the gesture vocabulary
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Table 3 Individual evaluations from our ESN and LSTM experiments with one subject as test set. Standard deviations are given in parentheses
ESN

LSTM

Test set

Train sets

F1 train

F1 test

F1 train

F1 test

J
Ni
S
Na
L

L, S, Ni, Na
Na, J, L, S
Ni, Na, J, L
J, L, S, Ni
S, Ni, Na, J

0.97 (0.01)
0.97 (0.01)
0.97 (0.01)
0.98 (0.01)
0.96 (0.01)

0.64 (0.04)
0.81 (0.05)
0.80 (0.05)
0.80 (0.06)
0.88 (0.05)

0.98 (0.01)
0.97 (0.02)
0.98 (0.02)
0.98 (0.01)
0.96 (0.03)

0.95 (0.02)
0.83 (0.04)
0.90 (0.08)
0.88 (0.05)
0.80 (0.04)

and the number of samples in the dataset. Although our 10
gestures used in this study is a high number compared with
recent research [5, 10, 18, 29], and involving 5 participants
to include gesture diversity, our experiments are evaluated
only on a total of 500 sequences. We obtained high
performance for the LSTM both in F1 score and accuracy,
the latter comparable with our ESN framework. It would be
interesting to support the expressiveness of our results for
a larger dataset. Unfortunately, until today no benchmark
dataset for sensor-based continuous gesture recognition
exists, which precludes a reasonable and fair comparison
of different computational architectures. We hypothesize
that extending the gesture vocabulary for more and distinct
gesture types together with a significant increase in the

Fig. 7 Confusion matrix of the
worst performance of a
participant of our study resultant
from our ESN. The
misclassifications are mainly
among short gestures predicted
to be a longer but similar gesture
(subgesture) and for symmetric
gestures

sample size will be challenging for the standard ESN
architecture. Having our dataset publicly available, we hope
that the data issue will gain attention from more researchers,
yielding a more diverse dataset in the future. Variability in
the gesture performance among the subjects but also for
every gesture itself and the subgesture problem will then
be more pronounced. It remains an open question whether
more sophisticated ESN architectures like Deep ESN [9]
or different ESN topologies [21] are key to upscale the
gesture recognition tasks and comparing other deep learning
approaches such as LSTM will shed further light on the
applicability of models from different paradigms to realworld scenarios as for sensor interfaces or human-robot
interaction.
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Fig. 8 Confusion matrix derived
from a subject with average
performance resultant from our
ESN. Most confusion are
between bounce gestures. The
subgesture problem is less
pronounced

Fig. 9 Confusion matrix of the
best performance among all
subjects resultant from our ESN.
Only a few misclassifications
occur
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Fig. 10 Confusion matrix of the
worst performance among all
subjects resultant from our
LSTM architecture. Most of the
misclassifications stem from the
shake gestures and their
corresponding subgestures

Fig. 11 Confusion matrix
derived from a subject with
average performance resultant
from our LSTM architecture.
The main source of confusion is
the left gesture
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Fig. 12 Confusion matrix of the
best performance among all
subjects resultant from our
LSTM architecture. The only
significant confusion is between
the bounce gestures

Conclusion
Continuous gesture recognition is a crucial task due to
high variances of gestures in a stream and the easy
confusion of inherently similar gestures. The goal of
our present study was a performance comparison of a
previously introduced echo state framework with a Long
Short-Term Memory network, which is a state-of-the-art
model for sequence processing. Our results confirm the
robust processing of continuous gesture streams for both the
LSTM and the ESN model, the latter showing comparable
performance. As training is much faster, echo state networks
are suitable computational models for experiments that
require real-time processing. Our study reveal the impact of
variability in the gesture performance and subgestures on
the recognition performance for both models. We assume
that these factors will be more affecting when considering
a larger gesture vocabulary with more data from subjects
than actually available. Until now, only little is known
about the capabilities of those networks in large gesture
recognition scenarios. We hypothesize that further research
on echo state networks will progress to novel developments
of network architectures, resulting in potential applications

for many domains such as rehabilitation or human-robot
interaction.
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