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Abstract. We evaluated several multivariate stream data reduction techniques that
can be used in sensor network applications. The evaluated techniques include
Wavelet-based methods, sampling, hierarchical clustering, and singular value de-
composition (SVD). We tested the reduction methods over the range of different
parameters including data reduction rate, data types, number of dimensions and
data window size of the input stream. Both real and synthetic time series data
were used for the evaluation. The results of experiments suggested that the reduc-
tion techniques should be evaluated in the context of applications, as different ap-
plications generate different types of data and that has a substantial impact on the
performance of different reduction methods. The findings reported in this paper
can serve as a useful guideline for sensor network design and construction.

1 Introduction

A typical wireless sensor network (WSN) consists of small battery-powered wireless
devices and sensors. Conserving battery power on such devices is crucial to improve
the life span of a WSN. Among many operations that a sensor node performs, trans-
mitting data among sensor nodes typically consumes the most energy. Many data
reduction techniques have been proposed to address this problem [1, 2, 3]. However,
different sensor networks have different data requirements depending on the types of
applications they run and characteristics of data generated by different applications
can be also different. Thus, such data reduction techniques need to be evaluated in the
context of applications and the types of data they generate. In this paper, we attempt
to identify such application specific requirements, and to propose different data reduc-
tion techniques for different types of application scenarios.

Three broad areas of sensor network applications are environmental monitoring,
object tracking, and object guarding [4, 5, 6, 9]. First, examples of environmental
monitoring are flood detection, home application and habitat monitoring. Long-term
data analysis over low frequency data is usually used in this type of applications.
Second, examples of object tracking include vehicle tracking, military applications
and SCM (Supply Chain Management). These applications typically generate high
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frequency multivariate data. Finally, examples of object guarding are emergency
medical care, intrusion detection and earthquake risk assessment. These applications
require real-time monitoring of outliers and detection of abnormality in the data. As
we see here, different applications need different models for data acquisition, trans-
mission, and storage. These need to be considered together with physical constraints
such as limited bandwidth and power, and unreliable network, when the data reduc-
tion techniques are evaluated.

A typical sensor network example is shown in Fig. 1. A sensor node has one or
more sensors. A node periodically collects data from its own sensors as well as data
transmitted from other children sensor nodes. Thus, data collected by a sensor node
naturally forms a multivariate time series. Previous researches on data acquisition and
transmission have suggested data reduction techniques suitable for single or relatively
small numbers of attributes [2, 7]. However, these techniques may not suitable for
applications such as object tracking and guarding as they typically generate multivari-
ate data with large numbers of attributes. This problem is even more exacerbated in
sink nodes (see Fig. 1) where data generated by all sensor nodes in the network is
collected and aggregated.

In this work, we studied efficient, multivariate approximate data transmission tech-
niques as follows. First, we defined the hierarchical/distributed sensor network archi-
tecture and data model. Second, we classified application areas in wireless sensor
networks, and then briefly introduced the multivariate data reduction techniques, such
as Wavelet, HCL (Hierarchical Clustering), Sampling and SVD (Singular Value De-
composition). Finally, we experimented with data reduction methods with respect to
relative error and reduction ratio.

The rest of the paper is organized as follows. Section 2 presents related work. Sec-
tion 3 defines a hierarchical/distributed sensor network architecture and data model.
In section 4 we suggest a simulation model and introduce some multivariate data
reduction techniques. Section 5 reports the result of our experiments. Section 6 pre-
sents concluding remarks.

2 Related Work

Many previous work [1, 2, 3] in sensor networks studied data aggregation and ap-
proximate data transmission between sink nodes and base stations. Generally, data
analysis and reduction techniques in sensor network include clustering, wavelet, his-
togram, regression, aggregation, sampling, PCA and SVD. Aggregation is an effective
mean to get a synopsis (avg., max., min.), but is rather crude for applications that need
detailed historical information [3]. Spectral models such as DWT, DFT and DCT are
tuned for time sequence, ideally with a few low-frequency harmonics, but it is inef-
fective under the multi-dimensional attributes [11, 13]. Sampling has a good perform-
ance, but has some problems such as sampling ratio, relational join over arbitrary
schemas and set-valued approximate queries [10, 11]. Clustering techniques for
stream data is presented in [15] which analyzed the complexity and requirements of
one-pass clustering over streaming data.

These previous work focused on solving the problems with intrinsic characteristics
and limitations of sensor networks, but these techniques don’t take into account the
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application specific requirements and different types of nodes with varying capabili-
ties. In this paper, we evaluated the multivariate data reduction methods in the context
of different applications. The findings reported in this paper can serve as a useful
guideline for sensor network design and construction.

3 System Architecture

Hierarchical/Distributed organization is the most widely adopted model in sensor
network [4]. Fig. 1 shows its architecture. Each type of nodes has the following char-
acteristics.

e Sensor node gathers periodically the multivariate data collected from sensors or
target nodes. Data transmission is done by a multi-hop or cluster-based communi-
cation method and not typically done by a point-to-point direct communication.

e Each sensor node has a small processor and main memory, and periodically sends
the data to sink node by wireless communication. Sink node collects the data from
the nodes and usually contains in-memory DBMS.

e Sink nodes transmit data to a base station through a wireless communication.
Aggregated data collected in a base station can be stored in a server node for ar-
chiving and for serving historical queries spanning over long period of time.

e Server node and base station use an existing network infrastructure and have a
traditional DBMS. Generally, a server node has a multi-dimensional data cube in
order to serve aggregate queries efficiently.
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Fig. 1. General architecture and simulation model in wireless sensor network
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As shown in Fig. 1, data collected by each sensor node is transmitted to the sink
node. The sink node then temporarily stores the data for some time, and periodically
sends the data to the base station. Data reduction is typically performed in this trans-
mission because the size of aggregated data can be large, and depending on the appli-
cations, often times large, exact original data is out of favor to compact approximate
summarization [8].

Communication between the base station and the server node typically use a wired
network such as LAN, and hence the data transmission and reduction methods for
these nodes should be considered differently. Unlike sensor and sink nodes, these
nodes contain a powerful CPU, a large amount of memory, and reliable power
sources. Efficient query processing over the large collection of aggregated data should
be the more important consideration in these nodes. Similar to the transmission
model, the query and data acquisition model also have to be determined according to
the application requirements.

4 Multivariate Data Reduction Methods in Sensor Networks

We compared the multivariate data reduction methods, such as DWT (Discrete Wave-
let Transformation), HCL (Hierarchical Clustering), Sampling, and SVD (Singular
Value Decomposition) over different types of data generated from different applica-
tion scenarios. In what follows, we present brief descriptions of the data reduction
techniques and their characteristics.

DWT: The DWT is a linear signal processing technique using a hierarchical decom-
position function. DWT is closely related to the DFT (Discrete Fourier Transform)
and performs well with a low frequency data type. However, its performance de-
grades if data has several spikes or abnormal jumps [10, 13]. The advantages of DWT
are the fast computation and small space complexity. A fast DWT algorithm has a
complexity of O(n) for an input vector of length n [10]. Some researchers [7, 11]
proposed the improved versions of the wavelet method, but it is still inefficient with
the presence of multi-dimensional attributes.

HCL: Clustering is partitioning the objects into groups or clusters so that objects
within a cluster are similar to one another and dissimilar to objects in other clusters
[10, 15]. It can be used for data reduction as a group of similar objects in a cluster can
be replaced with a single centroid. In order to cluster multivariate data set, in our
experiments, we used the hierarchical clustering method using single, average and
complete-linkage method. The HCL with multi-dimensional index tree can be used
for hierarchical data reduction as well as for the fast approximate answers to queries.

Sampling: Sampling can be used as a data reduction technique since it allows a large
data set to be represented by a much smaller random sample of the data [10, 11]. An
advantage of sampling for data reduction is that the cost of obtaining a sample is pro-
portional to the size of the sample. The complexity of sampling is potentially linear
and we can easily control sampling rate according to the error ratio. But it is ineffec-
tive for ad-hoc relational joins over arbitrary schema and effectiveness for set-valued
approximate queries is unclear [11].
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SVD: SVD can be used for multivariate data reduction and is defined as follows.
Definition 1. (SVD): Given an mxn real matrix X, we can express it as X= uzvt
where U and V are column-orthonormal and X is a diagonal matrix such that

u. . =0U0"=0"U=1,V, =W =VV=] (1

mxm nxn

T = [Z],

i =0,i#/, [Z]ii =0,20, 0,20, 2 2 Ointmn) 2

Recall that a matrix U is called column-orthonormal if its columns u; are mutually
orthogonal unit vectors. So, U” is equal to U’ and U x U'=I, where I is the identity
matrix. X is a diagonal matrix with values called singular values {g;} in its diagonal.
The rank k of X equals to the number of nonzero singular values of X. The SVD of

X=U2V" can be illustrated as follows.

(1 N\:rankofx

Oy

T
X:[ul uk um] 0'0- [vl vk+l Vn]
<> min{m,n} <>
Basis for column space of X . Basis for null space of X

*0
Fig. 2. Column space, rank and null space

As for the space complexity, the original matrix X contains NxM data elements
while the SVD representation, after truncating to k principal components, will need
Nx k data elements for U, k data elements for the Eigen values, and kxM data ele-
ments for the V matrix. Thus, the reduced data to the original data ratio, s_ratio, is as
follows [12, 13].

s_ra[iozwzi (N»Mzk) (3)
NXM M

5 Experiments and Analysis

5.1 Data Sets

Our results are based on experiments over three data sets obtained from [16, 19]. The
first data set, SCCTS (Synthetic Control Chart Time Series), contains 600 examples
of control charts synthetically generated by the process introduced by Alcock and
Manolopoulos in [16].

The SSCTS consists of the six different classes of control charts (Normal (a), Cy-
clic (b), Increasing trend (c), Decreasing trend (d), Upward shift (e), Downward shift
(f)). The second data set include five synthetic data sets generated using the waveform
generator. Each data set is created applying different combinations of parameters
including waveform (one of sine, cosine, square, and saw-tooth), frequency (in Hz),
DC level and random noise [19]. The third data set is the robot traces containing force
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and torque measurements on a robot moving an object from one location to another.
Each movement is characterized by 15 force/torque samples collected at regular time
intervals [14, 16].
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Fig. 3. Data sets of multivariate time series and sensor data

In order to measure the relative error (o) between the original matrix A and its
approximation A, we used the following metric.

HZ—A

£ where HAH :( B
AT, =12

o= a..

U

)/ )

In order to compute the relative errors for the reduction methods, we need to be

able to recover the original matrix from its reduced form. The recovered matrix, A , 18
an approximation of the original matrix, A, and has the same dimensionality as A.

Computing A is straightforward for all reduction methods by their definition except
the sampling method. We interpolated the sample points to approximate the missing
values in the time points where the samples were not taken. For the experiments, we
used the multivariate data reduction algorithms available from [17, 18] after some
modification.

5.2 SSCTS Data (Data Size vs. Performance)

Fig. 4 shows the result of experiments where we compared the relative errors of the
reduction methods over the range of different parameters. Fig. 4 (top left) compares
the relative errors over the range of different data reduction ratios from 50% to 95%
(e.g., 95% means the size of data after reduction is just 5% of the original). HCL was
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the worst performer while sampling showed the best performance. Fig. 4(top right)
compared the reduction methods over the varying numbers of attributes (or dimen-
sions) in the input data. For example, at x=50 (the first data point in the x axis), the
algorithms are compared over data with 50 sensor readings in each time point. In this
test and the next test (shown on the bottom left), we fixed the reduction ratio to 90%.
As the figure shows, all methods are not affected much by dimension size.
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Fig. 4. Data size vs. Reduction methods performance

Fig. 4(bottom left) shows if the data window size has any influence on the perform-
ance of the methods. In each sensor node, data is accumulated for a while before
transmitted to the node in the upper layer. The window size determines how much
readings will be accumulated for each transmission. For example, if the window size is
10, then sensor readings are accumulated for 10 time points and transmitted as a unit.
In this test, SVD showed a stable performance over the increasing window sizes while
the others, especially HCL and Wavelet, showed increasing errors for larger windows.

Fig. 4(bottom right) compares the execution time for each method as the data size
increases. This result shows that HCL and wavelet are more computationally expen-
sive than others. Overall, sampling was superior to others for six different classes in
SSCTS. Wavelet took longer than others and was susceptible to the increase of win-
dow size. SVD showed a reliable performance in most of the cases.
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5.3 Synthetic Data (Data Type vs. Relative Error Ratio)

Fig. 5 compares the performance of the data reduction methods over the different
types of data generated from different application areas. The synthetic data set gener-
ated from the waveform generator was used. In order to emulate the object tracking
and object guarding scenarios, we inserted randomly generated outliers to the data. In
this experiment, we fixed the data reduction ratio to 80% while varying the window
size and the number of attributes. Fig. 5 (top left) shows the result with low frequency
data set such as sine or cosine curves having low harmonic characteristics in the same
attribute. All methods performed well in this test except HCL. HCL failed to produce
comparable results.

Fig. 5 (top right) shows the result with the high frequency data set. HCL was the
worst while sampling was the best. SVD and Wavelet performed reasonably well. Fig.
5 (bottom left) shows the result with the mixed input data with the ratio of high fre-
quency to low frequency being 3:2. Fig. 5 (bottom right) shows the result with the
data set containing outliers and abnormal patterns. SVD performed well while HCL
and wavelet did not.
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5.4 Robot Trace Data (SVD vs. Adaptive Reduction)

Fig. 6 shows the results of experiments performed with the robot trace data (obtained
from [14, 16]). In Fig. 6 (left), we compared the four methods over five different
types of trace data including Normal, Collision, Obstruction, Lost, and Move as de-
scribed in [16]. The reduction rate is fixed to 80% in this test. Overall, SVD showed
more stable performance than others throughout the test. Fig. 6 (right) compares the
SVD method (the best performer in the previous test) with the adaptive reduction
method where we apply the reduction method adaptively for each window. The data
set used in this test also has five different types of traces, represented as LP1 to LP5
as described in [16].

In this adaptive method, data in each window is first examined and the best reduc-
tion method for the given window is determined and applied. In order to implement
this approach correctly, we need a classifier that predicts the labels for each window
characterizing the properties of data in the window. Although it is an interesting and
important area of research, exploring multivariate classifiers is out of scope of this
paper. In our implementation of the adaptive approach, we simply assumed the cor-
rect labels for each window are given. As the result suggests, given an accurate classi-
fier, we can achieve a significant improvement on the reduction performance over the
static methods. We plan to investigate this adaptive reduction framework in our future
work.
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Fig. 6. Relative error ratio of robot failure behavior

6 Conclusion

We compared multivariate data reduction techniques that can be used in various sen-
sor network applications, including wavelet, HCL, sampling and SVD methods, over
both the real and synthetic time series data. We showed the relative performance of
different methods vary over the data sets with different data characteristics. The find-
ings reported in this paper can serve as a useful guideline for sensor network design
and construction.



Multivariate Stream Data Reduction in Sensor Network Applications 207

Acknowledgement. This work was partially supported by the RRC Program of
MOCIE and ITEP, also ETRI (Telematics & USN Research Division) in Korea.

References

1.

2.

10.

11.

12.
13.

14.
15.
16.

17.
18.
19.

J. M. Hellerstein, W. Hong, and S. R. Madden.: The Sensor Spectrum: Technology,
Trends, and Requirements. In SIGMOD Record (2003) 22-27

A. Deligiannakis, Y. Kotidis and N. Roussopoulos.: Compressing Historical Information
in Sensor Networks. In SIGMOD (2004) 527-538

A. Deligiannakis, Y. Kotidis, and N. Roussopoulos.: Hierarchical in-Network Data Aggre-
gation with Quality Guarantees. In EDBT (2004) 658-675

M. J. Franklin and S. R. Jeffery et al.: Design Considerations for High Fan-In Systems:
The HiFi Approach. In CIDR (2005) 290-304

A. Mainwaring and J. Polastre et al.: Wireless Sensor Networks for habitat monitoring. In
WSNA (2002) 88-97

B. X. and O. Wolfson.: Time-Series Prediction with Applications to Traffic and Moving
Objects Databases. In MobiDE (2003) 56-60

S. Guha, C. Kim and K. Shim.: XWAVE: Approximate Extended Wavelets for Stream
Data. In VLDB (2004) 288-299

. A. Deshpande and C. Guestrin et al.: Model-Driven Data Acquisition in Sensor Networks.

In VLDB (2004) 588-599

R. C. Oliver and K. Smettem et al.: Field Testing a Wireless Sensor Network for Reactive
Environmental Monitoring. In ISSNIP (2004) 7-12

10 J. Han and M. Kamber.: Data Mining Concepts and Techniques. Morgan Kaufmann
Publishers (2000)

M. Garofalakis, and P. B. Gibbons.: Approximate Query Processing: Taming the Tera-
bytes! In VLDB Tutorial (2001)

G Strang, Introduction to Linear Algebra, 3" Edition, Wellesley-Cambridge Press (1998)
F. Korn, H. V. Jagadish and C. Faloutsos.: Efficient Supporting Ad Hoc Queries in Large
Datasets of Time Sequences. In ACM-SIGMOD (1997) 289-300

L. M. Camarinha-Matos, L. S. Lopes, and J. Barata.: Assembly Execution Supervision
with Learning Capabilities. In ICRA (1994) 272-279

S. Guha and N. Mishara et al.: Clustering Data Streams. In FOCS (2000) 359-366

S. Hettich, and S. D. Bay.: The UCI KDD Archive (Synthetic Control Chart Time Series,
Robot Execution Failures) [http://kdd.ics.uci.edu]. Irvine, CA: University of California,
Department of Information and Computer Science (1999)

JAMA: A Java Matrix Package: http://math.nist.gov

Multivariate Data Analysis Software: http://astro.u-strasbg.fr/~fmurtagh/mda-sw/

FFT Spectrum Analyzer: http://www.dsptutor.freeuk.com/analyser/SA102.html



	Introduction
	Related Work
	System Architecture
	Multivariate Data Reduction Methods in Sensor Networks
	Experiments and Analysis
	Data Sets
	SSCTS Data (Data Size vs. Performance)
	Synthetic Data (Data Type vs. Relative Error Ratio)
	Robot Trace Data (SVD vs. Adaptive Reduction)

	Conclusion
	References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth 8
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth 8
  /GrayImageDownsampleThreshold 1.01667
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 2.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /SyntheticBoldness 1.000000
  /Description <<
    /DEU ()
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.000 842.000]
>> setpagedevice




