
Feature vector or time-series – comparison 
of gestures representations in automatic gesture
recognition  systems

Katarzyna Barczewska1, Wioletta Wójtowicz2, Tomasz Moszkowski1
1 AGH University of Science and Technology,
Faculty of Electrical Engineering, Automatics, Computer Science and Biomedical Engineering,
Department of Automatics and Biomedical Engineering,
al. Mickiewicza 30, 30-059 Krakow, Poland
e-mail: kbarczew@agh.edu.pl, tmoszkow@agh.edu.pl
2 Cracow University of Technology,
al. Jana Pawła II 37, 31-864 Cracow, Poland
e-mail: wioletta.wojtowicz@mech.pk.edu.pl

In this paper, we performed recognition of isolated sign language gestures - obtained from Australian Sign Language Database (AUSLAN) – using
statistics to reduce dimensionality and neural networks to recognize patterns. We designated a set of 70 signal features to represent each gesture as 
a feature vector instead of a time series, used principal component analysis (PCA) and independent component analysis (ICA) to reduce dimensionality
and indicate the features most relevant for gesture detection. To classify the vectors a feedforward neural network was used. The resulting accuracy of
detection ranged between 61 to 87%.
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Introduction

The recent advances in sensor technologies led to new so-
lutions of human-computer interfaces like touch screens,
sensors, game controllers and motion-tracking cameras and
data gloves. They can not only mediate in interacting with
computer games but also help disabled or deaf people in
communication with the healthy by gathering data about
the performance of gestures. Automatic gesture recognition
can use this data for systems augmenting learning of sign
languages as well as translating gestures into words of spo-
ken or written language. Many research groups strive to de-
velop a system that would automatically recognize and
translate sign language into text or speech [1,2,3,4,5]. The
approaches of automatic gesture recognition vary depend-
ing on the used data sets (e.g. simple gestures measured
with accelerometer [6], fingerspelled gestures [3], isolated
signs, gesture sequences [1,7,8,9], facial expressions [10,
11]), data set characteristics (e.g. time series [4,6,12], fea-
ture vectors [2,13], subunits (cherems) [7,9,12]) human-ma-
chine interfaces (e.g. cameras [2,3,7,8,9,13], game controllers
[5,14], data gloves [1,12]), and classifiers (e.g. Hidden
Markov Model [3,7,8,13], neural networks [2], statistical
models and dynamic time warping [4,12]).

Unfortunately, in order to develop a gesture recognition
algorithm that would operate in real-time, the approaches
should consider reducing the computing burden by reduc-

ing the number of dimensions of represented gestures e.g.
by reduction of the number of distinctive features.

The goal of this study is to compare results of two dif-
ferent approaches to automatic recognition of gestures.
First, described in [15], where gestures are represented as
time-series and second, where gestures are represented by fea-
ture vectors, that include just characteristics of these time-
series. The first approach uses classification based on
me a suring similarity of the time  series – each gesture is com-
pared to the set of exemplars in terms of distance, which is
calculated using dynamic time warping methods. The second
method, which we propose in this article, uses a feed-forward
neural network to recognize sign-language gestures.

We extracted gesture features from the Australian Sign
Language data set (Section Materials), reduced dimension-
ality and analyzed the distinction of features using principal
and independent component analysis (PCA and ICA) (Sec-
tion Reduction), trained different setups of neural networks
(Section Classification), analyzed the results of classification
using performance measures and compared with results ob-
tained in [15] (Section  Results).

Materials

The data set and features
To make the results comparable, we used the same database
that was used in [15]. Australian Sign Language signs data
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set (AUSLAN) consists of 95 gestures represented by sig-
nals collected from one native Australian signer using two
data gloves [12,16] which contained bending sensors placed
on each finger and position trackers. In each measurement
session (one session weekly for a total of nine weeks), the vol-
unteer repeated each of 95 gestures three times (2565 meas-
urements in total). 22-variable time series – of 58-frame
average length sampled at 100 Hz – represented each gesture
sample which consisted of the following parameters:
• position in three-dimensional space (x, y, z) expressed

in meters, with the origin of the coordinate system
below the chin;

• angular orientation in Euler angles (yaw, pitch and roll)
expressed in degrees;

• finger extension expressed by a value ranging from 0 to
1, where 0 means straight and 1means totally bent.
Figure 1 shows an example of signals characteristic to

the sign different. We used 94 gestures from the AUSLAN
Database – one sign had an insufficient number of repeti-
tions – and divided the database into two sets: training
(663 sessions – 18 samples of each gesture) and testing (333
sessions – 9 samples of each gesture).

Feature vector
We characterized raw and filtered data from both hands
using 70 features and grouping them for each gesture –
thus, we did not need to analyze the full 22 – dimensional
signal time-series. We built the gesture vectors using the

minima and maxima of position (x, y, z) and angular ori-
entation (roll, pitch, yaw) – 24 variables, 12 per palm; the
number of slope sign changes – 24 variables, 12 per one
palm; the number of zero-crossings – 12 variables, 6 per
one palm; and the number of bending events of fingers
(with a threshold of 0.8) – 10 variables, 5 per one palm.
We constructed training (Xtrain – 1692 samples of 70 features)
and testing (Xtest – 846 samples of 70 features)  matrices using
the resulting feature vectors. In [15] each gesture was rep-
resented as a matrix containing the set time-series: 30×22
(the number of frames per one gesture, different for differ-
ent  gestures × number of measured components: x, y, z,
roll, pitch, yaw, bending of 5 fingers; for each of 2 hands).

Dimensionality reduction
We applied principal and independent component analysis
(PCA and ICA) to the training (Xtrain) and testing (Xtest) data
matrices to project their rows – containing feature vectors
– from a 70-dimensional space to several lower-dimen-
sional spaces. For clarity, we will refer to both the training
and testing data as X.

The PCA component axes were found by Rk = X * Pk,
where Pk is the transformation matrix (which contains
eigenvectors of X covariance matrix), k is the number of
defined principal components (and also corresponds to the
number of columns in Pk). We used k = 32, 24 and 17 cor-
responding to 90, 80 and 70% of the explained variance
in the gesture data, respectively (Fig. 2).  Afterwards , the
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Figure 1. Signals for right and left hand while performing the sign different
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X was reconstructed as Xrec = Rk * PT
k, which is a minimum

square error approximation.
Then we performed ICA using FASTica [17, 18] algo-

rithm that yielded a matrix W such that W * PT
k = U –

where U is the matrix of statistically independent sources -
from eigenvectors in Pk. We could reconstruct the matrix
of transformation PrecT

k, = W-1 * U and the approximation
of the data Xrec = Rk * W-1 * U both containing statistically
independent sources. Independent components repre-
sented the gestures in the rows of the matrix B = Rk * W-1.

Classification

We used the feature vectors to teach (in a supervised learn-
ing process) the feed-forward neural networks using the
backpropagation algorithm according to [19]. The net-
works contained one or two hidden layers of neurons with
monopolar sigmoid activation function (see Fig. 3). In the
case of the neural network with two hidden layers, we as-
sumed that both of them should have an equal number of
neurons. The number of inputs corresponded to the num-
ber of gesture features in the input vectors obtained after
dimension reduction; the number of outputs corresponded
to 94 different gestures from the AUSLAN database.
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Figure 2. Number of principal components corresponding to the percentage of the total explained variance of the Xtrain
matrix

Figure 3. The structure of feedforward neural networks. sj is the number of units in the j-th layer; in the network on the
right s2=s3

Table 1. The recognition accuracy depending on the num-
ber of features used (percent of the variance variability ex-
plained by reduced vectors)

Table 2. The recognition accuracy of gestures represented
as time-series [15]. In the case indicated by the asterisk,
the representation of gesture contained also hand veloc-
ities for each direction. Dynamic time warping (DTW) and
derivative dynamic time warping (DDTW) were used to
measure similarity to the set of exemplars
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The training of the neural network was performed in
three steps: 1) constant value of hidden units and variable
values of the regularization parameter (responsible for the
tradeoff between bias and variance), 2) constant value of
regularization parameter and a variable number of hidden
units, and 3) training for optimal parameters. Minimiza-
tion of the cost function - which depended on the number
of hidden layer units and the regularization parameter –
yielded optimal parameters for the neural networks.

Optimal parameters obtained during training were used
to classify the gestures from the test set. The output of the
neural network is a vector of 94 elements with the values
ranging from 0 to 1. Each output unit corresponds to one
of 94 gestures from the AUSLAN database - numbered
from 1 to 94. The algorithm considered the output unit of
the highest classification response as the winner and, as a
result , returned its index. Recognition accuracy was the
sum of all correctly recognized gestures divided by the sum
of all gestures from the test set . Experiments were con-
ducted in the Mathworks Matlab R2012a environment.

Results

The accuracy of tested methods - summarized in Table 1 –
spanned between 553 and 873: the lowest observed in the
two-hidden-layer neural network fed with 32-dimensional
representation of gestures projected using ICA, the highest
observed in the one-hidden-layer neural network fed with
the full feature vector  with no feature projection. In most
cases, the use of ICA resulted in more accurate classification
of gestures in contrast to PCA, although the number of di-
mensions remained the same. Reducing the number of fea-
tures from 70 to 32 improved recognition substantially, but
reducing it further yielded lower accuracy. In all cases, the
two-hidden-layer neural network classified the inputs more
accurately. For comparison, in Table 2 we presented recog-
nition results obtained in [15].

Conclusions and Discussion

In the study we have elaborated the construction of vector
representation of sign-language gestures and their classifi-
cation using neural networks, which can be used in a system
of automatic gesture recognition. The presented approach
was compared with a previously proposed method ([15])
using a multidimensional time series representation of ges-
tures from the same data set. Despite using different repre-
sentation of the data and different classifiers, we obtained
comparable maximal recognition accuracies – 87.7% and
87.23% for multivariate time series and feature vectors rep-
resentations, respectively. These results showed that signifi-
cant reduction of data dimension using vectors containing
only physical properties (features) of signals instead of full
time series representation can greatly reduce the computation
demand while maintaining similar recognition accuracy.

Simultaneously, it should be noted that the selection of
signal features used during construction of gesture vectors
was performed arbitrarily. As described in previous sections,
the feature vectors contained rather the physical properties
of particular signals disregarding the majority of informa-
tion regarding the signals that describe the tested sign lan-
guage vocabulary. As a result, it is not surprising that
initially the 70-dimensional representation of gestures pro-
vide very poor recognition accuracy (around 55%), which
indicates that many of the vector features have introduced
irrelevant information into the training data set. Therefore,
the main focus of our experiment was moved to the exam-
ination if lower dimensional vectors that can be obtained
using PCA and ICA projection techniques, can give recog-
nition results which are similar to the results obtained in
[15]. Considering three alternative lower-dimension spaces,
we found that reducing the amount of variance in the data
set firstly led to increased recognition  accuracy, which
means that the disregarded variance contained much of the
information interfering with classification. However, fur-
ther reduction of explained variance resulted in degradation
of accuracy - this variance apparently contained informa-
tion vital for classification. Interestingly, the projections
themselves also influenced the accuracy: uncorrelated pro-
jections (ICA) seem to further reduce the amount of irrele-
vant information for classification, while correlated projections
(PCA) seem to introduce – perhaps through duplication -
more error. Thus, as mentioned in previous paragraph, di-
mensionality reduction techniques give reduced represen-
tation of gestures, that contains such amount of information,
that allows obtaining the same recognition accuracy as
method which needs as an input whole signals.

Our study shows that the accurate of classification of
sign language gestures can be improved by finding an ap-
propriate subspace of arbitrarily selected gesture features.
To further improve the obtained results, we propose revis-
ing or extending the feature vector. Furthermore, analyzing
higher numbers of feature projections, testing different
neural network architectures (e.g. counter-propagation net-
works, learning vector quantization) and different classifiers
(e.g.  Support Vector Machine) could be also considered .
Regarding the training method, an N-fold cross-validation
might also further improve the estimation of the recogni-
tion accuracy
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