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ASTRACT These .devices will also be eql_Jipped with sigqificgnt
processing, memory and wireless communication
capabilities. Emerging low-level and low-power wireless
communication protocols will enable to network these
sensors and it will add a new dimension to the capabilities of
sensors. Sensors will be able to coordinate among themselves
on a higher-level sensing task. The proposed acoustic sensors
can be easily used with infrastructure-less environment such
as a large open field. Visual image processing is widely
applied in vehicle identification [3]. This approach, however,
may not be suitable for sensor networks because a large
volume of data needs to be processed. Finally, vehicle

ilified signals can be reconstructed. These simplified identification using sound is the most promising approach.
lals are used for extracting the features. Classification is Acoustic sensors can collect acoustic signals to identify the

by using the BPN and compared with the PNN and type of moving ground vehicles. Acoustic sensors can be
W used in sensor networks for applications such as battlefield

monitoring and surveillance. They become more and more
attractive because of their rapid deployable quality and cheap

~shicle acoustic signals have long been considered as
rtant source in identifying its type. In this research
Stic signals generated by each vehicle will be used to

t its presence and classify the type. The goal of
tiscale PCA is to reconstruct a simplified multivariate
al, starting from a multivariate signal and using a simple
sentation at each resolution level. Multiscale principal
ponents analysis generalizes the PCA of a multivariate
isnal represented as a matrix by simultaneously performing
b PCA on the matrices of details at different levels. By
ting the numbers of retained principal components,

.eywords o [41-[6]. In acoustic sensor processing, classification
lireless Sensor Networks, Acoustic signals, MSPCA, BPN, algorithms play a critical role to identify the type of vehicle,
fefaicle Classification and help to improve the performance of tracking [7].

The popular multivariate statistical method, PCA has been

INTR_ODUCTION ) . successfully applied in many industry processes that show
The Wireless Sensor Networks comprise of relatively high-dimensional, noisy and correlated data onto a lower-
JKspensive sensor nodes capable of collecting, processing, dimensional subspace. However PCA s static linear
ing and transferring information from one node to transformation in nature, while most of industrial processes
psdier. These nodes are able to autonomously form a have nonlinear characteristics. To overcome the drawbacks
Bwork through which sensor readings can be propagated, of PCA, many nonlinear PCA methods have been developed.
face the sensor nodes have some intelligence, data can be Krammer (1991) first proposed a nonlinear PCA based on an
Beessed as it flows through the network. Sensing devices auto-associative neural network with a five-layer structure.
m >eable to monitor a wide variety of ambient conditions: Dong and MacAvoy (1995) presented an alternative
Bnperature, pressure, humidity, soil makeup, vehicular nonlinear PCA approach which uses a principal curve
ement, noise levels, lighting conditions, the presence or algorithm and neural network. The principal curve algorithm
feence of Certain kindS of Objects, mechanical stress IeVeIS is used to generate non”near principal scores and neural
~ched objects and so on [1]. network to build a nonlinear PCA model. SchOlkopf et al.
(1998) proposed a kernel PCA which used kernel functions

pright © 2010 Advanced Computing Research Society. to complete nonlinear transformation. Lee et al. (2004) used
ion to make digital or hard copies of all or part of this work this method for nonlingar procz_ess_monitoring. Hiden et a}.
personal or classroom use is granted without fee provided that (1999) suggested non-linear principal components analysis
A are not made or distributed for profit or commercial using genetic programming. Shao et al. (1999) proposed a
mBtage and that copies bear this notice and the full citation on the nonlinear PCA based upon an input-training neural network.
cpage. To copy otheiwise, or republish, to post on servers or to In order to extract dynamic information from multi-scale
Ifaribute ists, requires prior specific permission and/or a fee. process data, many approaches based on dynamic analysis
onsibility of the contents of this paper rests upon the authors and multi-scale analysis have been investigated. Bakshi

laot upon ACRS. (1998) proposed multi-scale principal component analysis
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(MSPCA) combined with PCA to de-correlate the cross
correlation among different variables, in which wavelet
analysis was used to capture auto-correlation within
individual variable.

Modeling by PCA and its extensions is done at a single scale,
that is, the model relates data represented on basis functions
with the same time-frequency localization at all locations.
For example, PCA of a time series of measurements is a
single-scale model since it relates variables only at the scale
of the sampling interval. Such a single-scale modeling
approach is appropriate if the data contains contributions at
just one scale. Unfortunately, data from almost all practical
processes are multiscale in nature due to,

« events occurring at different locations and with different
localization in time and frequency,

« stochastic processes whose energy or power spectrum
changes with time and/or frequency,

 variables measured at different sampling rates or
containing missing data.

Consequently, conventional PCA is not ideally suited for
modeling of most process data. Techniques have been
developed for PCA of some types of multiscale data such as
missing data, but the single-scale approach forces data at all
scales to be represented at the finest scale, resulting in
increased computational requirements.

Classification is one of the important decision making tasks
for many real world problems. Classification will be used
when an object needs to be classified into a predefined class
or group based on attributes of that object. Generally, there
are two types of classification problems: binary problem and
multiclass problem. While a binai® problem is a situation in
which an outcome of prediction has to be determined with a
decision of Yes or No, where as a multiple classification
problem is a condition in which a predicted result is
determined as multiple outcomes. The remaining of this
paper is organized as follows. Section Il describes the
vehicle acoustic signals. Section IIl gives the Multiscale
PCA Analysis. Section IV discusses the experimental results.
Section V concludes the paper.

2. VEHICLE ACOUSTIC SIGNALS

In this study, the acoustic signals are used as a source for
vehicle identification. These acoustic signals are captured by
the acoustie sensors mounted in the field as well as on the
vehicle. The acoustic sensor in the Smart Dust sensor node is
a condenser type microphone. The schematic for a typical
condenser acoustic sensor [1][8] is shown in figure 1, it
includes a stretched metal diaphragm that forms one plate of
a capacitor. A metal disk placed close to the diaphragm acts
as a backplate. A stable DC voltage is applied to the plates
through a high resistance to keep electrical charges on the
plates. When a sound field excites the diaphragm, the
capacitances between the two plates vary according to the
variation in the sound pressure. The change in the
capacitance generates an AC output proportional to the
sound pressure, which is an ultra low-frequency pressure
variation. A high-frequeney voltage (carrier) is applied

across the plates and the acoustic sensor output signal is ¢
modulated carrier. The Figure 2 shows a typical vehkw
acoustic signal waveforms.

AP-the acoustic pressiSBitl
C-tlie variable capaciQ
I-the metal diaphragm
2-the metal disk

3-the insulator

4-the case

Figure 1: Condenser Microphone

Figure 2: Waveforms of Acoustic Signals Emitted fro
Truck

However, the overall acoustic signal of a running vehic
often much more complicated; the vehicle’s sound may i
from multiple sources, not exclusively by the engine, but i
from tires, brakes, etc. The acoustic signature is made up s
number of individual elements [8]. These include:

« Machinery noise: noise generated by a vehicle eng
propeller shafts, fuel pumps, air conditioning sys
etc.

« Cavitation noise: noise generated by the creation of'i
bubbles by the turning of a ship's propellers.

» Hydrodynamic noise: noise generated by the Ino™c
of water displaced by the hull of a moving vessel.

These emissions depend on a hull's dimensions, the ins
machinery and ship's displacement. Therefore dif
vehicle classes will have different combinations of ac
signals that together form a unique signature.

3. MULTISCALE PCA ANALYSIS

The aim of multiscale PCA is to reconstruct a simp
multivariate signal, starting from a multivariate signal:
using a simple representation at each resolution
Multiscale principal components analysis generalizes
PCA of a multivariate signal represented as a math
simultaneously performing a PCA on the matrices of (
of different levels. A PCA is also performed on the co
approximation coefficients matrix in the wavelet doma
well as on the final reconstructed matrix. By selectin
numbers of retained principal components, inter
simplified signals can be reconstructed. Figure 3 shows'!
diagram of MSPCA strategy [9][10][1 11[12].



EXPERIMENT AND RESULTS
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Figure 3: Flow diagram of MSPCA strategy

rcollected samples of all the signals are preprocessed and
ilified using MSPCA analysis. The figure 4 shows the
Rifled signal using MSPCA.

Figure 4: Simplified signal using MSPCA

res are extracted from MSPCA simplified signal. These
Bsals are further feed into neural network approaches like
pies, PNN and BPN for classification. The following Table

Aves the result obtained.
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Table: 1 Accuracy obtained

Number

of

samples

100
100

100
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ully gnized
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80 20

90 10

95 5
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80
90

95

The accuracy is calculated to evaluate the effectiveness of the
neural network approaches in classification. The obtained
accuracy of the k-NN is 80%, PNN is 90% and MSPCA-
BPN is 95% respectively. The results show that MSPCA-
BPN classifier provides more accuracy which is depicted in
figure 5.

|°Acaracym|

KNN PNM M3>CA-BPN

Classifier s

(b)

Figure 5: Vehicle classification results (a) successfully
recognized and unrecognized rate (b) Accuracy of the
classifiers



5. CONCLUSION

In this paper Multi Scale Principal Component Analysis
(MSPCA) is used to simplify the vehicle acoustic signals
captured through the acoustic sensors. These simplified
signals are used for the classification system. Neural network
approaches are used to classify the vehicle signals. The
classification performance obtained by three different types
of neural networks for comparison is k-nearest neighbor
(KNN), Probabilistic Neural Network (PNN) and Back
Propagation Neural Network (BPN). MSPCA is combined
with the BPN for better results and it is proved by calculating
the accuracy. The results show that MSPCA with BPN
classifier provides more accuracy when compared to others.
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