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Abstract. We propose a simple and efficient method for online feature
selection from time series data. Our method is based on calculating char-
acteristics of the different features and calculating similarity values for
feature pairs using Gaussian kernels. Our motivation has been to design
a method that can be used to select the most relevant context features for
activity recognition. Namely, traditional feature selection methods have
been designed for offline use and thus are not applicable in our setting.
The efficiency of our method is evaluated using toy data and real context
data, gathered using a 3D accelerometer.

1 Introduction

Dimensionality reduction plays an important role, e.g., in pattern recognition
and exploratory data analysis [GE03]. Due to the generic nature of the task,
there is a large number of different methods proposed in the literature. In gen-
eral, dimensionality reduction methods can be divided into two main categories
[Tor03]: feature selection techniques attempt to reduce dimensionality by discard-
ing some of the original features, whereas feature transform methods attempt to
map the original features into a lower dimensional subspace. The main problem
with feature selection techniques is that they are unable to find features that
Jjointly maximize a predefined criterion [KS96]. On the other hand, feature trans-
formation methods tend to be slower and they often reduce the interpretability
of the data.

In the context of time series data, the existing dimensionality reduction meth-
ods fall into two categories. Firstly, wave-form techniques apply a discrete valued
transformation on the original serie, after which the most important coefficients
are selected, spanning a space of smaller dimension than the original one. Meth-
ods falling into this category include the singular value decomposition (SVD), the
discrete Fourier transform (DFT) and the discrete Wavelet transform (DWT)
[TKO04]. Secondly, approximation techniques attempt to find a discretized repre-
sentation for the original series using piecewise constant functions. These tech-
niques include the piecewise linear approximation (PLA) [MYAUO1], the piece-
wise aggregate approximation (PAA) [KCPMO1] and (k,h)-segmentation [GMO3].



Our focus area is activity recognition in adaptive context-aware systems. In
many contemporary systems, e.g. [DA00, RCG03], a distributed approach for
activity recognition is used. In those systems, separate feature extractors are
often used to derive different kind of features from raw sensor measurements.

Unfortunately existing methods are inapplicable for adaptive context-aware
systems, where the goal is to reduce the dimensionality of data in an online
manner. In order to separate the application design from the framework design,
maintaing the interpretability of the data is also important. We propose an al-
gorithm that calculates a similarity matrix for different features and removes
the redudant ones. The entries of the matrix are calculated using a combina-
tion of Kernel methods [STCO04] and traditional time series analysis techniques
[Ham94]. Our experiments show that our algorithm is capable of recognizing
both periodic and trend-related similarities from the original time series.

The organization of the paper is as follows. Section 2 introduces the proposed
method. In Sec. 3 we evaluate our algorithm in a practical setting and, finally,
Sec. 4 concludes the paper and discusses future work.

2 Online feature selection for time series

In our setting, data is first gathered from a set of sensors. The sensors typically
measure physical characteristics of the situation of the user such as accelerometer
readings, location of the user (GPS or cell-ID), or the outside temperature.
However, the potential amount of data that can be gathered from a single user
is enormous and thus, in order to reduce communications and computational
burden, the amount of transmitted data needs to be reduced.

The first level of reduction is achieved by calculating features that aggregate
the signals over time. For instance, for an accelerometer with a sampling rate of
100 Hz, the features can be calculated using the 100 data points corresponding
to the measurements gathered over one second. Typical features include the
mean, variance, autocorrelation and absolute magnitude, which are calculated
from these 100 data points. Each feature is derived using a separate software
component.

The focus of this paper is on the problem of selecting which features are
the most relevant ones and detaching automatically the redudant software com-
ponents. The framework has been designed to be run, at least potentially, on
a handheld device, and thus the computational and storage capacities of the
algorithm need to be minimized.

Let x(t) = {x1(t), -+ ,zn(t)} be the vector of features available at time ¢,
i.e. each component z; represents a feature calculated by a different software
component. The proposed algorithm works as follows: at each time step t a
similary value d; ;(t) is calculated for each pair of features (x;(t),z;(¢)). The
similarities are summed over time and scaled to the interval [0, 1], after which the
resulting values can be used to remove the redundant features. In the following
we first describe how the similarities d; ;(t) are calculated and after that we
discuss the other parts of the algorithm.



In order to calculate the similarities d; ;(t) at each instance of time ¢, we
derive a set of k characteristics {f}.(¢)} for every component z; of the original
feature vector x. These characteristics are motivated by typical properties of time
series, namely growth and periodicity over time; features with similar growth
(or decay) or periodicity give no additional information for the task of activity
recognition.

Currently we use four characteristics, denoted fi(t), fi(t), fi(t) and fi(t),
for calculating the similarities. The first of these captures times series moving
together by looking at the absolute magnitude of growth/decay in each step:

fi(t) = |zi(t) — zi(t = 1) (1)

As our second characteristic we use the scaled difference from mean to capture
variable scaling and growth related similarities. We maintain a running estimate
of the mean value Z;(¢) of a time series and define:

xX; (t) — ﬁ\?i (t)
zi(t)

The last two characteristics are designed to capture similarities in the period-
icity of the variables. A relatively straightforward way to do this is to first scale
the values to the interval [—1,1] (done online by maintaining an estimate of the
maximum absolute value max|, ;) and then use the arcsin and arccos functions.
However, in order to capture the change of phase angles we take the difference of
the arcsin and arccos functions between consequtive time steps. Thus we define
our features as:

Fi(t) = arcsin (Lﬂﬂ — arcsin (M> , (3)

f3(t) = (2)

maxm(t max‘wi(t”
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4 (t) = arccos <x7()) — arccos (M> . (4)
MaX|z,(t)| MaX|z, (t)|

The features are transformed into similarity values using the Gaussian Ker-
nel, defined in Eq. 5 below. We then combine the similarity values for our
four characteristics to obtain at each time intance ¢ a joint Kernel matrix

Kij(t) = Sy k(fi (1), /] (£)), where

k(u,v) = exp <%> (5)

and ¢ is the width of the Kernel. We used in all experiments the value § = 0.10,
but by changing the parameter values, different characteristics can be weighted
more or less. The overall similarity value at time ¢, d; ;(t), is the entry 4, j of the
Kernel matrix K;; divided by the number of time steps elapsed, i.e.

Gy =7 D dis(h) = 1 30 Ky (h). ©



sin(z) 1.000 0.772 0.998 0.776 0.752 0.984
cos(z) |0.772 1.000 0.775 0.997 0.750 0.768
sin(z) + 2.0{0.998 0.775 1.000 0.779 0.756 0.989
cos(z) + 5.0/ 0.776 0.997 0.779 1.000 0.755 0.773
x 0.752 0.750 0.756 0.755 1.000 0.750
sin(z + ) [0.980 0.767 0.989 0.773 0.750 1.000
Table 1. Results for the toy data set.

Now, the filtering of relevant features is relatively straightforward. Namely,
the values in the symmetric matrix K represent pairwise similarities between the
different features. We can now select the highest similarity (in the upper or lower
diagonal matrix, ignoring diagonals) and remove either of the two corresponding
features.

3 Experiments

The effectiviness of the algorithm was tested using two data sets. The first set
was toy data, which was generated by first taking 1250 equally spaced points
from the interval [0, 87] and then six features were generated from these points by
applying the functions sin(x), cos(x), sin(z) + 2.0, cos(z) + 5.0, z, and sin(z + 7).
The resulting similarity values given by Eq. 6 are given in Table 1. The algorithm
correctly identifies (the values in bold in the table) the mutually translated
features: 1,3 and 6; and 2 and 5.

The second data set consisted of 3-dimensional accelerometer signals gath-
ered from a single user. The sampling rate of the accelerometers was 100 Hz and
we aggregated the data over one second. The features used were mean, variance,
absolute magnitude, autocorrelation, difference in means and mean difference. To
be more specific, we took as one one data point for the feature vector mean the
mean value § = Ejﬂ? $;/100 of the 100 measures s1, ..., s100 corresponding to
the measurements of one second. The in total about 200 000 signal measurements
are thus reduced to about 2000 data points in the feature vector. Correspond-
ingly, the variace is Y100 (si — 5)2/99, the absolute magnitude 3127 |s;|, the
autocorrelation Zjﬁ% (si —35)(si—1 —35)/ Zg{i(si — %)% and the mean difference
Z;ﬁ% [s; — si—1]/99. The difference in means is the difference between conse-
qutive feature points of the first feature. Note that this all results in 18 feature
vectors, six for each of the three dimensions. The data for the second experi-
ment is illustrated in Fig. 1. In the figure, only the most relevant dimension,
from perspective of detecting similarites, is shown for each feature.

The features to be detached were then detected as follows. The similarity
values were checked every 30 time steps. If there were any similarity values above
0.9, one of the two features related to the highest similarity value was (randomly)
selected and the similarity values reset to zero. The feature seleced was removed
in all three dimensions, i.e., if the mean was selected, all three feature vectors
corresponding to the means in the three dimensions were removed.
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Fig. 1. Plot of features derived from the accelerometer readings.

The experiment was conducted in a purely online fashion. The first similar
pair identified by the algorithm was autocorrelation and mean, of which auto-
correlation was eliminated. The difference in means was the second feature to
be removed, the variance the third and the absolute magniture the fourth. We
then ran the algorithm several times and the elimination always resulted in two
features, of which one is either the mean difference or variance and the other is
one of the others. Even with the crude detachment procedure we used, the re-
maining two features, i.e. six feature vectors as there are three dimensions, made
it possible in all cases to classify the known activities with over 90 % accuracy.
This means that we would have reduced communication costs by two thirds in
a mobile setting, which is a significant saving.

4 Conclusions and Future Work

In this paper we presented a novel technique for calculating similarities of time
series and used it to filter features in context-aware systems. The method com-
bines traditional time series techniques and Kernel methods and can be used in
an online fashion. In addition, we illustrated that the algorithm can extract both
periodic and trend-related similarities. Currently we use no non-linear similarity
characteristics, but this is straightforward to implement. However, it seems that
in practical applications (even with non-linear data), the current approach seems
to work adequately.
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