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Abstract

This paper presents an algorithm for selecting a
compact subset of relevant signals for pattern clas-
sification problems involving multivariate time se-
ries (MTS) data. The algorithm uses a statistical
causality modeling method to select relevant sig-
nals, and a correlation analysis method to remove
redundant signals. The MTS signal selection algo-
rithm along with the statistical modeling methods
was evaluated through a case study of real-world
driving data. From a set of 20 time series signals,
the signal selection algorithm selected a subset of
9 signals that are independent and most relevant to
the pattern class. We trained a driver state classi-
fication system using Random Forest(RF) with the
input of 20 original signals, and another system
with the selected 9 signals. The experimental re-
sults show that the system with 9 selected signals
consistently performed better than the system with
the original set of 20 signals.

1. Introduction

Time series data are ubiquitous and are of im-
portance to many application problems in engi-
neering, science, medicine, economics and enter-
tainment [4]. Many real-world pattern classifica-

tion problems involve the process and analysis of
multiple variables in temporal domain. This type
of problems is referred to as Multivariate Time Se-
ries(MTS) problems.

It has been well understood that pattern clas-
sification systems benefit from a compact set of
non-redundant features that are most relevant to a
given problem. Many feature selection algorithms
have been developed in the research community
[4], but few methods explicitly address issues in-
volving MTS signal selections [3][2]. An effective
approach for solving a MTS problem is to first se-
lect a subset of signal variables that are indepen-
dent and most relevant to a given pattern classifi-
cation problem, and then extract and select features
generated from the selected signals.

This paper addresses the first issue: selecting a
subset of signals that are independent and most rel-
evant to a given pattern classification problem. The
second issue, regarding feature extraction, can be
seen in Xu et.al [8]. In the current work, we pro-
pose to use statistical causality modeling to mea-
sure signal relevance and correlation analysis to
measure signal dependence. We select a subset
of time series signals that have the most signifi-
cant causality to the pattern class, and then elimi-
nates redundant signals based on correlation anal-
ysis. The effectiveness of these algorithms is ana-
lyzed through a case study of driving data. From a
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Figure 1. MTS signal selection system based
on causality and correlation modeling

set of 20 time series signals, the causality model-
ing determines 12 signals that are most relevant to
the driver state, and the correlation analysis elimi-
nated 3 more signals. Experiments show that using
the subset of 9 signals performed consistently bet-
ter than using the original set of 20 signals. This
paper is organized as follows. In Section 2 the al-
gorithms for MTS causality and correlation analy-
sis, and signal selection are presented. Section 3
presents the case study and Section 4 presents con-
clusions of this research.

2. Statistical Modeling and Signal Selec-
tion in MTS Pattern Classification

Fig. 1 illustrates the major components in the
proposed signal selection system. Our focus is in
the first two blocks: selecting independent and rel-
evant signals for pattern classification.

MTS pattern classification is formally de-
scribed as follows. Let XU (t) = {<
xU
i (1), x

U
i (2), . . . , x

U
i (t) > |i = 1, 2, . . . , NU},

where xU
i (τ) is a random variable in temporal do-

main τ ∈ [0, t]. The NU random variables are
synchronized in time domain. A MTS pattern clas-
sification problem is to build a system F such that
XU (t)

F−→ Φ where Φ is the pattern space. The
research issue in this paper is to find XU (t), a set
of mutually uncorrelated and strong causal signals
to the pattern class, and XU (t) ⊂ XO(t), where
XO(t) is the set of original signals. Under this
definition, we model the output from the MTS pat-
tern classification system F as a time series signal,
P (t) = {p(1), p(2), . . . , p(t)} where p(∗) ∈ Φ.
We also assume that there is no prior knowledge
about the interrelationship among the signals in
XO(t) and all variables are all continuous.

The proposed algorithm consists of two major
components: selecting signals with highest causal-
ity with the pattern class, and eliminating redun-
dant signals using correlation analysis.

2.1. Causality Analysis and Signal Selection

Causality Analysis is a statistical tool to analyze
the one-to-one or many-to-one causal relationships
in the time series data. The most popular method
for testing the causality is called Granger Causal-
ity. A variable is Granger causal for another vari-
able if the information in the former helps to im-
prove the predictions of the latter. In this research
we use Granger Causality to select time series sig-
nals that have high causal relationship with the tar-
get patterns.

For a pair of signals X and Y with length
N , we use Autoregressive and Moving Average
(ARMA) to model these two signals with the as-
sumption that both X and Y are covariance sta-
tionary. The main focus is to investigate whether
Y or Y s scalars can help forecast/predict X scalar.

F test is used for the statistical significance test
for this comparison. In F test, after specifying a
significant level, the p-value is used to evaluate the
significance of causality relationship. The smaller
the p-value the more significant the causality rela-
tionship is [5].

We model the problem as follows. The study
is conducted on supervised learning. Assume we
are given a set of training data, Ω = {(XO;P )j},
where XO is a vector of NO available signals, P is
a vector of target pattern class at each time instance
within a temporal domain t, and j = 1, . . . , N , N
is the number of training samples in Ω. We apply
Granger test to XO and P to select NC signals
that have the most causal relation to the target class
signal, P . The output from this algorithm is Xc, a
set of signals that are most relevant to the pattern
class P .

2.2. Correlation Analysis and Signal Selection

Cross-correlation is a well-known statistical
method for estimating the strength of correlation
between two sets of random data that are cor-
related. Let the two sets be xi and yi, i =
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1, 2, . . . , N . The cross-correlation of X and Y is
defined as

r =

N∑
i=1

[(xi − µx) · (yi − µy)]√
N∑
i=1

(xi − µx)2

√
N∑
i=1

(yi − µy)2

(1)

where µx and µy are the means of the corre-
sponding sets. The cross-correlation r has values
between -1 and +1, where the +1 indicates a strong
positive correlation and -1 a strong negative corre-
lation.

However a time signal can be autocorrelated
and this autocorrelation can inflate the variance
of cross-correlation to make the above measure
no longer applicable [6]. In the past, researchers
have proposed methods like resampling [7]. Sim-
ilarly, we develop a data preprocessing procedure,
Moving Window Average (MWA), to transform the
original signal to the form that is no longer auto-
correlated. The MWA transforms original xi to a
new series ẍj , where ẍj = 1

w

∑jw
i=w(j−1) xi for

j ≤ N/w where w is the number of samples in a
moving window.

We apply the above MWA process to every sig-
nal sample in ΩC to obtain the transformed signals,
and then apply pairwise correlation to the trans-
formed signal samples. The correlation of every
signal pair in XC is measured by taking the aver-
age of correlations calculated over all the respec-
tive data samples in ΩC .

If a signal pair has a correlation measure greater
than a preset threshold, then the two signals are
considered highly correlated. Correlated signals
are grouped so signals in the same group are mu-
tually correlated. From each group, we only select
one signal that has the highest causality measure
to add to the final signal set XU . In addition, the
signals in XC that have no correlation to any other
signals are all included in XU .

3. Case Study

In this case study we use driving data that was
collected in three concurrent streams. Driving re-
lated vehicle data was collected from the vehicle’s

Table 1. The three classes of signals
X1 ∼ X8 P physiological
X9 ∼ X12 E environmental
X13 ∼ X20 V vehicle

controller area network (CAN). The second stream
comprised data on the driving environment. The
third data stream comprised the driver’s physiolog-
ical data. The objective of this case study was to
use and validate a signal selection algorithm as it
reflected the ’state’ of alertness of the driver.

3.1. Data

The data used in this set of experiments con-
sisted of 20 signals acquired in a vehicle driven
on the highway and city streets. For ease of cat-
egorization, 8 of the 20 signals were deemed to
be vehicle (V) signals, e.g. steering angle, accel-
erator position, etc.;4 of the 20 signals were en-
vironmental (E) signals, e.g. lane width, ambi-
ent light, etc, and the remaining 8 were physio-
logical (P) signals, e.g. heart rate, skin conduc-
tance, etc. The list in TABLE.1 is denoted as
XO = {XO

i (τ)|i = 1, .., 20, and τ = 1, . . . , t}.
The training data, ΩO, contains data samples of all
20 signals acquired from 6 drivers. The test data
set used to analyze system performances contains
data samples acquired from 3 drivers. Every sig-
nal sample is about 1.5 hour long and the sampling
rate is 10 Hz. Each data sample is labeled with an
index to represent driver state A(t) which reflects
a drivers alertness level in time domain. This index
is used as the target value in machine learning for
driver state classification.

3.2. Signal selection

We first select the signals in XO that are most
relevant to the target signal A(t). The selection is
based on the causality measures calculated from
training samples contained in ΩO. For a signal
pair, we calculate the average causality measure
over all their respective data samples in ΩO.

We select the signals that the p-values in their
average causality measures with the target signals
A(t) are less than 0.5. As a result the following 12
signals are selected. These are listed in descend-
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ing strength of causality: XC = {X11, X13, X12,
X1, X20, X7, X16, X3, X2, X10, X5, X8}.

With these 12 signals, we calculate averaged
pairwise cross-correlation analysis over all data
samples in ΩO With a threshold of 0.5, we found
three groups that contain highly correlated sig-
nals: (X7, X8 with r = -0.957, (X13, X16) with r
= 0.990, and X11, X20 with r = -0.523. From each
group, we select the one signal that has a higher
causality measure. This resulted in three signals,
X7, X13, X11, being selected.

The final set of the selected signals in XU is
= {X11, X13, X12, X1, X7, X3, X2, X10, X5}.

3.3. Classification of Driver State

In order to show the effectiveness of the signal
selection algorithm, we trained two classification
systems, FU and FO using random forest (RF)
[1]. FU uses the 9 signals in XU and FO uses
the original 20 signals in XO. Both classifiers are
trained with the same training data, ΩO, and tested
with the same test data, Ωtest, which contains the
signals acquired from three different drivers.

The driver state is specified in two classes, if
A(t) > 30, the driver alertness is ”HIGH”, other-
wise, it is ”LOW”. Since the focus of this paper is
on the time series signal selection, we used a sim-
ple method to extract signal features. All signals
used in classification are transformed into the fea-
ture space that represents the deviation from signal
mean. Using 10 trees in RF, FO gives an error
rate of 15.3%, while FU , using less than half of
the signals, produces an error rate of 12.4%. Fig. 2
shows the performances of both systems with dif-
ferent number of trees in RF. FU has consistently
out-performed FO over all RF sizes.

In terms of computational time, FO took an av-
erage of 0.4659 ms per training sample per tree,
while FU took only 0.2253 ms, on the computer
with a platform of Intel i7 quad-core processor, 64
GB memory, Microsoft Windows 7, and Matlab
2009a.

4. Conclusion Remarks

In this paper, we have presented an innovative
method for modeling causality and correlation in

Figure 2. Comparison of system performances

MTS signals, in order to select a subset of rele-
vant signals. The proposed signal selection algo-
rithm have been shown to be effective through a
case study of driver state classification. The pattern
classification system trained using the selected sig-
nals, which is only 45% of the original signal set,
performed better than the system trained using the
original set of the signals.

In conclusion, the proposed algorithm that uti-
lizes Granger causality method and moving aver-
age correlation has generated a more efficient sig-
nal selection, resulting in more effective procedure
for MTS pattern classification.
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