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Abstract. Target tracking is one of the important problems in wireless
sensor networks. We consider an aspect of tracking: the classification of
targets based on the acoustic signals produced by vehicles. We present
a naive classifier and simple distributed schemes based on features ex-
tracted from acoustic signals. We demonstrate a novel way of using Aura
matrices to create a new feature derived from the Power Spectral Density
(PSD) of a signal, which performs at par with other existing features.
An experimental study has been conducted using real acoustic signals
of different vehicles in an urban setting. Our proposed schemes using a
naive classifier achieved highly accurate results in classifying different
vehicles into two classes. Communication overheads were also computed
to capture the tradeoff of energy cost vs. classification quality.

1 Introduction

Networked sensors can be equipped with various sensing devices, as well as mem-
ory, processor, radio, and a power supply. However, they are still constrained
by limited memory, processing power, channel capacity, and, most importantly,
energy reserves. When tracking is considered as an application, data—intensive
sources (e.g., high frame rate / high resolution video) is usually avoided as being
more energy expensive than low data rate sources. For this reason tracking us-
ing audio signals is usually preferable. Vehicle tracking on acoustic data is based
on the fact that different vehicles produce distinctly different acoustic signals
because their engine and propulsion mechanisms are unique [9]. The problem of
vehicle detection using the acoustic signature has existed for years and many
solutions have been proposed in the literature [1,9, 10]. Recently, target classifi-
cation based on acoustic signals in wireless sensor networks has been addressed
in [3,6]. The advantage of sensor networks is that they provide redundancy in
terms of sensing and processing units. Hence, they can operate together in a
distributed coordinated fashion to detect and report the presence of a target
vehicle, possibly refining the tracking and classification quality as the target is
moving.

We should add that vehicle tracking includes various objectives that must be
supported by a number of steps. These steps include vehicle detection, identifi-
cation and/or classification, and localization. Depending on the specific tracking
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objectives, all or combination of these steps may be required. In this paper we
restrict our attention to classification. Classification is necessary because sen-
sors can report on a specific moving vehicle only after they recognize vehicles
that are of some interest. Classification is naturally more challenging if there
are multiple targets of various types (e.g., tanks, jeeps, other types of military
vehicles, civilian vehicles, etc.). Furthermore, there may be a number of vehicles
of the same type e.g. tanks of a particular make. We define as classification the
problem of identifying which class a vehicle belongs to. Identifying a particular
vehicle goes one step further and is not within the scope of the current paper.

Various techniques have been proposed to address the classification problem
[1,3,9], relying on feature extraction that differ in the way features are extracted.
For example, [1], proposed a wavelet based method for feature extraction, which
works as following: three different types of acoustic signature are extracted: (i)
squeak sound, (ii) sound under motion, and (iii) exhaust sound. The data points
contained by each of these signatures are decomposed to a 12 element feature
vector using the multi-resolution analysis [7]. These 12 element feature vectors
represent the energy concentration of the signature signal at 12 different resolu-
tion levels. The continuous wavelet transform (CWT) and the STFT (short-time
Fourier transform) plots were used for two other feature vectors. Finally, these
feature vectors are used to compute the distance between the reference and un-
known signatures. Wu et. al. in [10] proposed a principle component analysis
based method for recognition of acoustic signatures. The basic idea of their pro-
posed method is to use together the mean adjusted sound spectrum, and key
eigenvalues of the covariance matrix to characterize an acoustic signature.

An adaptive threshold based algorithm is proposed in [2] for vehicle detection,
based on the average energy of an acoustic signal crossing a threshold value
before a decision on the detection of the vehicle can be made. The threshold
is updated adaptively. Also, [3] details experiments carried out during the 3rd
SensIT situational experiment (SITEX02) organized by DARPA /IXO. Various
military vehicles were used in these experiments, real world data was generated
and archived for future studies. The objective was to detect and accurately
locate vehicles using energy-based localization algorithm. Frequency spectrum
based features are extracted from the acoustic and seismic signals captured by
the sensors. These features were extracted by using 512—point FFT. Then, for
classification purposes, three different approaches are used i.e. (i) k-nearest-
neighbor classifier (ii) Maximum Likelihood classifier, and (iii) support-vector-
machine classifier. In [6], a framework for collaborative signal processing in sensor
networks is designed for the purpose of multiple targets detection, classification,
and tracking.

In this paper we study the impact of increasing the complexity and memory
footprint of a classification algorithm to achieve better classification accuracy.
We consider this to be a reasonable tradeoff since what is usually assumed to
be expensive in terms of energy is communication, and not computation/storage
(within reason of course). While we are also increasing the computation cost,
we argue that as long as the computation is allowed to be completed within a
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reasonable amount of time, computation can be spread over a longer period of
time by proper reduction of the CPU clock [13].

One distinct contributions of our work is that in order to maximally benefit
from the information collected by a sensor, we consider multiple representations
of features. Some, are well known (FFT, PSD, etc.) but we also introduce Aura
matrices. Aura matrices [4] have been used in the past for analyzing and pre-
dicting texture patterns [11]. In our study we create “artificial” 2-dimensional
“textures” by arranging PSD data into matrices, and then using Aura matrices
to summarize the information of the 2-dimensional matrix. In other words, Aura
matrices attempt to visually approximate the arrangement of PSD values. For
details about the construction of Aura matrices the reader is referred to [4].

Section 2 presents the features considered in this study. Section 3 describes a
naive classification scheme and elementary forms for a distributed implementa-
tion over a sensor network. Section 4 presents performance evaluation results in
terms of classification accuracy and energy expenditure tradeoffs for the different
distributed implementations. Finally, Section 5 summarizes the findings of the
paper and outlines future research objectives.

2 Features Extraction

A vehicle sound is a stochastic signal. In practice, sound of a moving vehicle
observed over a period of time will not be a stationary signal. However, a signal
of fairly short duration can be treated as a stationary signal [10]. In our case
we chose the signal’s duration to be 23.27 ms i.e. 512 data points sampled at a
frequency of 22 kH z. In our study we considered five features that are generated
using FFT and PSD of time series data of a given signal. In the rest of the paper
the terms signal and signature are used interchangeably.

1. Linear FFT feature (LFFT): This feature is generated using FFT of 512
data points that gave us a linear vector (of size 512) representing frequencies
with a resolution of 21.48 Hz.

2. Linear PSD feature (LPSD): This feature is generated by taking Power
Spectral Density (PSD) estimates of 512 data points using the Thomson
multi-taper method. With a resolution of 21.48 Hz that method gave a linear
vector (of size 512) to form a linear PSD feature.

3. Multidimensional FFT feature (MFFT): In this case 50 blocks of 512
FFT data points are used to form a multidimensional FFT feature. This
feature can be seen as a matrix of size 512 x 50. The size 50 was determined
by trial and error method using our acoustic data set.

4. Multidimensional PSD feature (MPSD): In this case 50 blocks of 512
PSD data points are used to form a multidimensional PSD based feature.
This feature can be seen as a matrix of size 512 x 50.

5. Aura of a Multidimensional PSD feature (AMPSD): It has been
shown in [5] that power spectral density (PSD) is not an optimal feature
for signal recognition. We explored to improve the PSD based feature using
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some established statistical techniques, namely Aura matrices. In order to
construct AMPSD features we simply compute Aura of a MPSD matrix. For
computing the Aura of a matrix the reader is referred to [4].

The first four features are popular in the signal classification literature. The
fifth feature (AMPSD), which is part of our contributions has been added to
improve the performance of MPSD feature.

3 A Naive Classifier

Existing techniques such as k-Nearest Neighbor (k-NN) can be used by sensor
nodes to perform the classification. It is based on the idea that similar objects
are closer to each other in a multidimensional feature space. k-NN is one of the
simplest, yet accurate, classification methods and recently it has been used in
sensor networks for target classification [3,6]. Unfortunately, finding & for the
optimum solution is non-trivial. In contrast to k-NN algorithm we adopt a naive
approach where first a learning set |U] is defined for each class of vehicles. Equal
number of samples are assumed to be in the learning set of these classes. Note
that class labels of the learning samples are known in advance. Now in order
to classify an unknown sample using a particular feature, the naive classifier
does the following: For each class, and for each sample of the |U| samples in the
learning set of each class, we calculate the distance of the unknown sample from
the learning set samples. We determine the average distance of the unknown
sample from the learning set samples of each class. The unknown sample is
determined to be in the class with the smallest average distance.

As a vehicle crosses through an area monitored by a sensor network, the
nodes self-organize in neighborhood “clusters” using a technique similar to [12]
but where tie breaking criteria for selection of the “master” node is the sig-
nal quality of the monitored vehicle (the master is the node with higher aver-
age power of received signal, hence possibly closest to the vehicle). Each of the
neighborhoods can perform a classification method independently of other neigh-
borhoods. However, multiple neighborhoods may collaborate with each other for
two main reasons: (i) better accuracy in classifying a vehicle, and (ii) sharing the
costs associated with classification. In our study we examined various scenarios
of single and multiple neighborhoods based classification. We propose four basic
schemes:

— Single Neighborhood Based Classification using Local Signatures
(SNBC-LS): In this scheme each sensor in a neighborhood uses its own
local copy of vehicle’s signature. Sensors compute the distance of unknown
sample from known samples in each of the class using their own (local) copy
of unknown sample. The master node collects results from all participating
nodes in the neighborhood and classifies the unknown sample (vehicle).

— Single Neighborhood Based Classification using Global Signatures
(SNBC-GS): In this scheme each sensor in a neighborhood uses a global
copy of vehicle’s signature. A global copy of vehicle’s signature is transmitted
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to them by the master node of a neighborhood. Sensors compute the distance
of unknown sample from the known sample in each of the class using the
global copy of the unknown sample. The master node collects results from all
participating nodes in the neighborhood and classifies the unknown sample
(vehicle).

— Multiple Neighborhood Based Classification using Local Signa-
tures (MNBC-LS): In this scheme a master node not only collects re-
sults from sensors in its own neighborhood, but it also invokes its adjoining
neighborhoods to seek the classification results. All sensors in participating
neighborhoods use their local copy of vehicle’s signature.

— Multiple Neighborhood Based Classification using Global Signa-
tures (MNBC-GS): The basic difference between this scheme and the
previous scheme (MNBC-LS) is that sensors in a particular neighborhood
use a global copy of vehicle’s signature provided to them by their respective
master nodes.

4 Experimental Study

We used acoustic signals of various urban ground vehicles. These acoustics signals
were recorded using Panasonic US395 microphone. Approximately 50 samples of
various vehicles were recorded at two main locations of Bonnie-Doon mall and
University of Alberta bus stop in the city of Edmonton. This real database of
acoustic samples consisted of acoustic signatures of ETS buses, which are part
of the public transportation system at the city of Edmonton, different types of
cars, small trucks, SUVs, and mini vans. All acoustic signals were first recorded
to the local memory of the microphone, and then transferred to MATLAB for
the simulation of classification algorithms.

We assume that every sensor has a copy of learning set, U for each class.
A sensor’s copy of unknown (testing) sample is different from others because
of their geographical positioning. In order to create a local copy of unknown
(testing) sample for a sensor we attenuate the signal based on its distance from
the moving vehicle and add noise to it. A vehicle’s sound can also be degraded by
reverberations, however, we considered an outdoor open environment, so we have
neglected the effect of reverberations. In our simulation we considered various
scenarios for sensor setup. In these experiments sensors are assumed to be placed
along two straight parallel lines, i.e., as they would be deployed along the sides
of a street. Sensors are placed 5m apart and their sensing and radio range is
15m. Vehicle is considered to be moving with a speed of 53+ Km/H.

4.1 Performance Metrics

We consider two performance metrics: (i) classification accuracy, and (ii) energy
expenditure. Classification accuracy is computed based on the leave-one-out pol-
icy. Under this policy one sample is removed from the acoustic dataset consisting
of all samples in a class. This sample is called the testing sample. The rest of the
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samples in the dataset constitute the learning set U for that class. Class label of
the testing sample is assumed to be unknown. Then, the distance of the testing
sample is computed from all the samples in the learning set of each class. This
process is repeated for all samples in our acoustic dataset. If two samples are
represented by matrices X, x, and X', «n, then the distance between them is
computed as following:

In| [m]|

d= Z Z Y (Tpg — xlpq)Q (1)

g=1p=1

Classification accuracy is calculated as a percentage of testing samples that
are correctly classified from the total number of testing samples. In the experi-
ments we used a simplistic case of only two classes. The objective was to classify
the previously mentioned vehicles into two classes i.e. ETS buses and other
vehicles that are not ETS buses.

4.2 SNBC-LS & SNBC-GS

In the SNBC-LS scheme all sensors use their own copy of vehicle’s signature.
Note that every sensor’s copy might be different, because of its position. In
these experiments we attenuated a sensor’s signal based on its distance from the
moving vehicle. In the case of SNBC-GS scheme, all sensors use a common copy
of an unknown vehicle’s signature that is provided to them by the master node.

The results for classification accuracy in SNBC-LS and SNBC-GS schemes
are presented in Figures 1(a) and 1(b), respectively. With a better copy of ve-
hicle’s signal available to all participating sensors, SNBC-GS scheme performs
better than SNBC-LS. Classification using LFFT, LPSD, MPSD and AMPSD
based features improved in SNBC-GS scheme. As noticed in these figures classi-
fication accuracy improves as the number of sensors per neighborhood increases.
The reason for improved accuracy is that collecting distance measurements from
all sensors in a neighborhood, and taking their average improves the approxima-
tion of the distance measurements. An accuracy of 99% is achived using MFFT
feature that is better than the accuracies reported in [8], which uses k-NN clas-
sifier.

Communication costs are much higher in the SNBC-GS scheme. The results
for SNBC-LS and SNBC-GS schemes are presented in the Figures 2(a) and 2(b),
respectively. The reason for larger costs in SNBC-GS are obvious. The master
node needs to communicate the signature in its neighborhood. More specifically
it transmits 512 data point in the case of LFFT and LMSD features and 512 x
50 data points for MFFT, MPSD and AMPSD features.

These results suggest that there is a trade-off between communication costs,
computational costs, and achieving a higher classification accuracy. A higher
classification accuracy comes at a higher energy cost for sensors. Note that when
number of training samples per sensor are fixed, then varying the number of
sensors per neighborhood affects the classification accuracy. Having more sen-
sors in a neighborhood increases the classification accuracy but at a higher cost
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of communication. On the other hand selection of a feature is also an impor-
tant decision. Some features are more expensive to use than others, but their

classification results are better.

Number of training samples per sensor = 2, Schedule based sample selection
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4.3 MNBC-LS & MNBC-GS

Classification based on multiple neighborhoods may arise in many situations.
Consider the case in which number of nodes (and samples) in a particular neigh-
borhood are not enough to achieve a higher classification accuracy. This may
happen due to a number of reasons like malfunctioning of sensors because of
insufficient battery power or physical damages. In these experiments we assume
that only two sensors are available per neighborhood. We also assume that learn-
ing set U is distributed over multiple neighborhoods though the sensors in a
single neighborhood have a common learning set. In the MNBC-LS scheme all
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sensors in the corresponding neighborhood use their own copy of vehicle’s signa-
ture. In the case of MNBC-GS scheme all sensors use a common copy provided
to them by the master node of their neighborhood.

The results for classification accuracy in MNBC-LS and MNBC-GS schemes
are presented in the Figures 3(a) and 3(b), respectively. There is not much differ-
ence between classification results for single neighborhood scheme (e.g. SNBC-
LS) and multiple neighborhood scheme (e.g. MNBC-LS). The reason for this
behavior is that in multiple neighborhood schemes, learning samples are dis-
tributed over multiple neighborhoods that result in a smaller learning set for
each of the neighborhoods. Therefore distance calculation of unknown sample is
approximated from readings of multiple neighborhoods instead of sensors from
a single neighborhood. In the case of global signatures, a similar trend can be
seen in multiple neighborhood schemes. With a better copy of vehicle’s signal
available to all participating sensors in a neighborhood, MNBC-GS scheme per-
forms better than MNBC-LS. Again, classification accuracy using LFFT, LPSD,
MPSD and AMPSD based features improved in MNBC-GS scheme.
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As expected communication costs are much higher in MNBC-GS scheme.
These results are presented in the Figures 4(a) and 4(b) for MNBC-LS and
MNBC-GS schemes respectively. As mentioned previously MNBC-GS is more
expensive because the master node transmits 512 data point in the case of LFFT
and LMSD features and 512 x 50 data points for MFFT, MPSD and AMPSD
features.

5 Conclusions and Future Directions

Classifying ground vehicles is an important problem in wireless sensor networks.
Features extracted from the acoustic signatures of these vehicles form the basis
for classification. Whether sensor networks provide for efficient implementation
of tracking, depends on whether necessary operations, such as classification, can
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be performed efficiently in a distributed fashion, achieving high classification
accuracy at a reasonable energy cost. In this paper we proposed several dis-
tributed schemes for vehicle classification. These schemes are based on the idea
of collaborations in a single and multiple sensor neighborhoods. We conducted a
simulation study using real acoustic signals of urban ground vehicles. Simulation
results have revealed the performance of our proposed schemes. Our proposed
schemes achieved up to 99% accuracy for a binary classification using a naive
classifier. These results are even better than some existing results on k-IVV clas-
sification. In the future we would like to improve the efficiency of our proposed
schemes. We also plan to conduct an experimental study where we consider more
than two classes of ground vehicles.
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