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a b s t r a c t

We present a robust algorithm to detect the arrival of a boat of a certain type when other background
noises are present. It is done via the analysis of its acoustic signature against an existing database of
recorded and processed acoustic signals. We characterize the signals by the distribution of their energies
among blocks of wavelet packet coefficients. To derive the acoustic signature of the boat of interest, we
use the Best Discriminant Basis method. The decision is made by combining the answers from the Linear
Discriminant Analysis (LDA) classifier and from the Classification and Regression Trees (CART) that is also
accompanied with an additional unit, called Aisles, that reduces false alarms rate. The proposed algorithm
is a generic solution for process control that is based on a learning phase (training) followed by an auto-
matic real time detection while minimizing the false alarms rate.

� 2010 Elsevier Ltd. All rights reserved.
1. Introduction

The goal is to detect and classify the arrival of boats of a certain
type via the analysis of their acoustic signatures with minimal
number of false alarms and miss-detections. This processing is
done against an existing database of recorded acoustic signals.
The problem is complex because many types of boats arrive at
the scene. In addition, the following may constantly change: the
surrounding conditions, the velocities and the directions of the
boats of interest, their distances from the receiver, not to mention
some affecting conditions of the recorded acoustics.

As a running example in this paper, we choose to detect the
blue tourist boat (denoted BTB) that is seen in Fig. 1.

A successful detection depends on the constructed acoustic sig-
natures that were built from characteristic features. These signa-
tures enable to discriminate between the class of interest and
other classes. Acoustic signals emitted by boats contain a quasi-
periodic component, which stems mainly from the sounds emitted
by the engines and the propellers. This component is characterized
by only a few dominating bands in the frequency domain. As the
boat moves, the conditions are changed and the configuration of
these bands may vary, but the general disposition remains.
ll rights reserved.
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Therefore, we assume that the acoustic signature for the class of
signals emitted by a certain boat is obtained as a combination of
the inherent energies in the blocks of wavelet packet coefficients
of the acoustic signals, each of which is related to a certain fre-
quency band. Thus, they can be used as candidates to become
the selected features. This assumption has been corroborated in
the detection and identification of ground vehicles [1,2,21,22].
The experiments in the current paper demonstrate that a choice
of distinctive characteristic features, which discriminate between
the Boat (B) and the NonBoat (NB) classes and between the BTB
and OtherBoat (OB) classes, can be derived from blocks of the
wavelet packet coefficients. Extraction of characteristic features
(parameters) and deriving the acoustic signatures for these classes
are the critical tasks in the training phase of the process.

In order to identify a boat by its acoustic signatures, in the final
phase of the detection process we combine the outputs from two
classifiers: 1. Linear Discriminant Analysis (LDA) [8]. 2. Classifica-
tion and Regression Trees (CART) [3], which was equipped with
an additional unit called Aisles that reduces false alarms.

The paper has the following structure: Section 2 briefly reviews
some related work. The structure of the available data is described
in Section 3. Section 4 outlines the scheme of the algorithm and
Section 5 provides its full details. Section 6 presents the experi-
mental results. Glossary provides a list of abbreviations and
notations.
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Fig. 1. The Blue Tourist Boat (BTB)
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2. Related work

Acoustical systems have been used for a long time to detect
moving vehicles on land, in air and underwater. The main differ-
ences between detecting objects on land and in water stem from
the medium features and from the limitations of ocean environ-
ment. The density of water makes it possible for sound to travel
five times faster than on land [12]. Ocean always has a surface
and a bottom and the sound waves can propagate only between
these two boundaries. On the other hand, the structure of the sig-
nal from the target’s vehicle is almost the same whether the vehi-
cle is moving on the ground or cruising in the ocean. Therefore,
most acoustical detection systems can be applied at some level
to either on land or in-water applications.

A number of papers have been published on the separation be-
tween vehicle and non-vehicle sounds on land and on their classi-
fication. Most of them describe systems for military context.
Extraction of acoustic features by using the discrete wavelet trans-
form was described in [5]. These features vectors were compared
with the reference vectors in a database using statistical pattern
matching in order to determine the vehicle’s type. Discrete cosine
transform was applied in [7] to signals and a time-varying autore-
gressive model was used. A system for the discrimination between
different types of vehicles, which is based on the wavelet packets
transforms, was presented in [1]. Classification and Regression
Trees (CARTs) were used for making decisions on membership of
new unknown signals. In a later paper [2], these authors used
the multiscale local cosine transform that was applied to the fre-
quency domain of an acoustic signal, in order to extract its charac-
teristic features. The classifier was based on the Parallel Coordinates
methodology [9]. The eigenfaces method [11], which was originally
used for the human face recognition, was used in [20] to distin-
guish between different vehicles sound signatures. The data was
sliced into frames – short series of time slices. Each frame was then
transformed into the frequency domain. Classification was done by
projecting new frames on the principal components that were cal-
culated for a known training set. Comparison between several
speech recognition techniques for the classification of vehicles
types was described in [10]. These methods were applied to the
short time Fourier transforms of the vehicles’ acoustic signatures.

Underwater acoustics has been investigated extensively. Fractal
based approaches to passive recognition of surface and underwater
targets were studied in [13,16]. These approaches include wavelet
analysis, fractal dimension analysis and analysis that is based on
fractional Brownian motion. The project [4] in the Naval Research
Laboratory tried to improve seaside surveillance systems in har-
bors. They developed a system that can detect, classify and identify
an harbor threat. NATO Undersea Research Center [15] (NURC)
Please cite this article in press as: Averbuch A et al. Acoustic detectio
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conducts research on wide area of Maritime surveillance applica-
tions. Automatic identification system, which is based on anomaly
detection, was investigated in [14]. NURC has underwater intruder
detection projects for military and civilian areas.

There are some commercial and military related surveillance
systems. One of the most famous passive hydroacoustic surveil-
lance system is the US Navy’s SOund SUrveillance System (SOSUS).
It uses the bottom mounted hydrophone arrays and it is capable of
detecting both surface vessels and submarines. Later, SOSUS has
been used by civilian researches in various scientific projects. For
example, [17] reported tracking humpback whales using the SO-
SUS detection system and compared it with the satellite tracking
system to achieve reliable results. Northrop Grumman’s Centurion
[18] and DSIT’s Harbour Security System (HSS) are commercial tar-
get detection and surveillance systems that are based on acoustic
detection. These methods show reliable detection and tracking
results.
3. The structure of the recorded data

The available audio data was recorded by a single hydrophone.
These recordings were accompanied by simultaneous video foot-
age. The audio data was recorded in different conditions. Some
recordings were made when no boats were present at the scene.
Some recordings contain sounds from the Blue Tourist Boat
(BTB), which was cruising at different speeds, directions and dis-
tances from the hydrophone. From time to time, other boats of dif-
ferent types, such as the fire boats, the commuter boats, the fire
boats, the big ferry ships, and small motor boats were present at
the scene together with the BTB. Fig. 2 displays some vessels,
which arrived at the scene.

Some of the recordings contain sounds from other boats with-
out the presence of the BTB. The audio recordings were sampled
at the rate of 2000 samples per second. Part of the recordings
was used for training the algorithm while the remaining recordings
were left for testing the algorithm.

We extracted from the training recordings fragments that did
not contain boats sounds. They were stored as the no-boat (NB)-
class training signals. Fragments that contain sounds emitted by
various boats were stored as the boat (B)-class training signals.
The signals in the latter class were highly variable. Then, this class
was divided into two subclasses: 1. Fragments that contain record-
ings of the BTB. It was designated as the BTB-class. 2. The rest of
the signals in the B-class signals were designated as the other boat
(OB-class).

By examining the Fourier spectra of the available signals, we
realized that even within the same BTB class, the spectra of the
signals differ significantly from each other. However, there are
some common properties to all these acoustic signals that were re-
corded in the harbor. First, these signals are quasi-periodic in the
sense that there exist some dominating frequencies in each signal.
These frequencies may vary as motion conditions are changed.
However, for the same boat, these variations are confined in nar-
row frequency bands. Moreover, the relative locations of the fre-
quency bands are stable (invariant), to some extent, for signals
that emitted by the same boat. We illustrate this observation in
Fig. 3, where the spectra of two fragments from the BTB recordings
are displayed versus the spectra of two fragments from the other
boats.

Therefore, we conjectured that the distribution of the energy (or
some energy-like parameters) of acoustics signals that belong to
some class in different areas in the frequency domain, may provide
a reliable characteristic signature for this class. In other words,
they can be used as the foundations for generating unique features
that characterize the signal.
n and classification of river boats. Appl Acoust (2010), doi:10.1016/
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Fig. 2. Examples of other boats: The commuter boat, the fire boat and the ferry ship.

Fig. 3. Fourier spectra of fragments of length 1024 from different recordings. Left: BTB in different positions. Right: The fire boat and the commuter boat. X-axes: frequencies;
Y-axes: magnitudes of the Fourier coefficients.
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4. Formulation of the approach

4.1. Wavelet packet transforms

Wavelet packet (WP) analysis (see [19], for example) is a highly
relevant tool for adaptive search of valuable frequency bands in a
signal or in a class of signals. One step of the WP transform of a sig-
nal S of length N = 2J consists in filter ing the signal by a pair (low-
and high-pass) of quadrature mirror filters followed by downsam-
pling the outputs at the rate of 2. Thus, we obtain N transform coef-
ficients of the first decomposition level, which are separated into
two blocks: the block L, which is the downsampled output from
the low-pass filter and the block H, which is the downsampled out-
put from the high-pass filter. The low-frequency component of the
Please cite this article in press as: Averbuch A et al. Acoustic detectio
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signal S, whose spectrum occupies, approximately, the left half-
band of the Nyquist frequency band, can be perfectly restored from
the coefficients block L, while the half-band high-frequency com-
ponent of S can be perfectly restored from the block H. In that
sense, we claim that the block L is related to the left half-band of
the Nyquist frequency band, while the block H is related to the
right half-band and, thus, the blocks halve the Nyquist frequency
band of the signal. The energies (l2 or l1 norms, for example) of
the coefficients blocks correspond to the energies of the respective
components of S. Next step of the WP transform consists in appli-
cation of the same transform to the blocks L and H. As a result, four
blocks of the second level: LL, LH, HL and HH whose lengths are N/4,
are produced. They form a partition of the Nyquist frequency band
of the signal into four subbands, in the above sense. The extension
n and classification of river boats. Appl Acoust (2010), doi:10.1016/
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of the transform to the third decomposition level provides a parti-
tion into eight subbands and so on. Fig. 4 displays the diagram of
the application of the WP transform.

The partition of the frequency domain corresponds approxi-
mately to the location of blocks in the diagram. The transform is
computationally efficient. Once implemented, it provides a collec-
tion of different partitions of the Nyquist frequency band of the sig-
nal. The energies in the blocks of the transform coefficients
correspond to the energies in the respective subbands of the Ny-
quist frequency band of the signal . Thus, the set of energies in
the blocks of the coefficients from the WP transform of a signal
can be regarded as the ‘‘spectrum” of the frequency bands rather
than the spectrum of single frequencies, which is provides by the
Fourier transform. The coefficients from the jth decomposition le-
vel produce the ‘‘spectrum” of the frequency bands, whose width
is, approximately, equal to m/2j, where m is the width of Nyquist fre-
quency band of the signal. We can see it, for example, in Fig. 5. This
Fig. 5. Top: Fourier spectrum of a BTB signal of length 1024 samples. X-axis: frequencie
packet coefficients from the sixth decomposition level (second from the top, altogeth
approximately correspond to the locations of the frequency subbands related to the bloc
coefficients.

Fig. 4. Diagram of WP transform
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figure displays the energies in the blocks of the wavelet packet
coefficients from levels two to the six of a boat acoustics signal.
Here, the wavelet packet transform is based on orthogonal splines
of eighth order.

Summary:

� Each block of the wavelet packet coefficients is related to a cer-
tain frequency band.
� Blocks from different scales are related to frequency bands of

different widths.
� Set of energies within the coefficient blocks produces a ‘‘spec-

trum” of frequency bands of a signal rather than the spectrum
of frequencies. It is more suitable to our problem than the con-
ventional DFT.

There are many wavelet packet libraries. Their properties are
determined by generating low- and high-pass filters. In the current
investigation, we used the wavelet packet transforms, which orig-
inate from orthogonal splines. Their properties perfectly match the
search for the characteristic frequency bands. In particular, the
blocks of the transform coefficients provide a refined partition of
the frequency domain. Fig. 6 illustrates the partition of the fre-
quency domain by the blocks of the wavelet packet transform coef-
ficients from third and sixth decomposition levels. The transform
originates from the eight order splines.

Construction of the spline wavelet packets of any order is de-
scribed in [23].

4.2. Outline of the approach

The sets of the coefficients blocks energies provide relevant rep-
resentations for quasi-periodic signals. To determine the a few
s; Y-axis: magnitudes of the Fourier coefficients. Energies in the blocks of wavelet
er 64 blocks) down to the second level (bottom, 4 blocks). Locations of the bars
ks. X-axes: frequencies; Y-axes: values of energies in the blocks of wavelet packets
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Fig. 6. Partitions of the frequency domain provided by the Spline-8 wavelet packet transforms. Left: Partition into eight subbands at third decomposition level. Right: Part of
the partition into 64 subbands at sixth decomposition level. X-axes: frequencies; Y-axes: magnitudes of the Fourier coefficients of the wavelet packets. their spectra (right).
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blocks, which discriminate a class of interest from other classes, we
use the procedure, which is a variation on the Best Basis algorithm
[6,19]. A somewhat similar scheme was used in [1,2]. The sampled
signals for the training phase and the online signals in the detec-
tion phase are formed by imposing a comparatively short window
on each input signal followed by a shift of this window along the
signal so that adjacent windows have some overlap. Then, the
WP transforms of the segments are applied and each segment is
represented by the set of energies in the selected coefficients
blocks. Segments, which are cut out from the test signals by the
moving window, are identified individually in two steps:

1. The classifiers decide whether the segment is related to the Boat
or to the Non-Boat class: (B vs. NB decision).

2. If the decision is B, then the other set of classifiers decide
whether the segment is related to the BlueBoat or to the Other-
Boat class: (BTB vs. OB decision).

Correspondingly, the training of the algorithm should be per-
formed twice: once for B vs. NB and once more for BTB vs. OB deci-
sion. We describe the B vs. NB scheme and show a couple of details
where the scheme BTB vs. OB differs from it.

5. Description of the algorithm and its implementation

The classification (detection) algorithm phase

1. Placing the training data into a database.
2. New representation of the training data via dimensionality

reduction.
3. Determination of the signature(s) of the class(es) of interest. In

other words, finding a small set of features that discriminate the
sought after class(es) from the others.

4. Construction of decision units.
5. Identification of the test signals.

5.1. Derivation of the classes signatures

5.1.1. Construction of the training databases

� The available data was listened to and, simultaneously, the cor-
responding video was watched.
Please cite this article in press as: Averbuch A et al. Acoustic detectio
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� Part of the data was selected for training (Tr-data) phase, the
rest was left for the test (Te-data) phase.
� Pieces related to B and to NB classes were clipped from the Tr-

data.
� The selected pieces were sliced into overlapping segments of

length l (typically, l = 1024).
� The training database BNB was prepared for B vs. NB

discrimination.

5.1.2. Representation of the training data

� The BNB database consists of two matrices: Mb of size mb � l,
where the rows are the B-segments and Mn of size mn � l, where
the rows are the NB-segments.
� We apply the WP transforms to the rows of the matrices down

to scale J (typically, J = 6). We calculate the energies (typically,
the l1 norms) in the blocks of the transform coefficients. Alto-
gether, we get K = 2J+1 � 1 blocks of coefficients (see Fig. 4).
Thus, each segment is represented by the energy vector of
length K. This operation reduces the dimensionality of the seg-
ments from l to K (typically, from 1024 to 127). Subsequent
operations further reduce the dimensionality;
� The energy vectors are arranged into the matrices Wb, of

size mb � K and Wn, of size mn � K. A row represents a
segment.

5.1.3. Determination of the signature(s) of the class(es) of interest

� The averages Wb and Wn of the energy matrices Wb and Wn are
calculated, respectively. We call the vectors Wb and Wn the
energy maps of the classes B and NB, respectively. A typical
energy maps are displayed in Fig. 7.
� The differences Dbn,Wb �Wn are calculated. The difference of

the above energy maps is displayed in Fig. 8.
� We define the discriminating power of a certain block of coeffi-

cients as the magnitude of the difference Dbn of this block.
� There is parent–children dependence between the blocks of

wavelet packets coefficients. Two children are related to the
same frequency bands as their parent. It is clearly seen in Figs.
4 and 5. For example, the pair of blocks #3 and #4 from the
third decomposition level are related to the same frequency
band as their parent: the block #2 from the second level.
n and classification of river boats. Appl Acoust (2010), doi:10.1016/
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Fig. 7. Energy maps of the classes B and NB. X-axes: indices of blocks of wavelet packet coefficients; Y-axes: averaged values of energy in the blocks. 1, 2 – indices of the 1st
level blocks; 3, . . . ,6, – 2nd level; 7, . . . ,14 – 3rd level; 15, . . . ,30 – 4th level; 31, . . . ,62 – 5th level; 63, . . . ,124 – 6th level. Top: map for the Boats class; Bottom: map for the
NoBoats class.

Fig. 8. Difference of the energy maps between the classes B and NB. X-axis: indices of blocks of wavelet packet coefficients; Y-axis: differences of averaged values of energy in
the blocks. 1, 2 – indices of the 1st level blocks; 3, . . . ,6, – 2nd level; 7, . . . ,14 – 3rd level; 15, . . . ,30 – 4th level; 31, . . . ,62 – 5th level; 63, . . . ,124 – 6th level.
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� Comparison between parent–children discriminating power. If
the parent is stronger then we discard children and vice versa;
� When frequency overlap is removed, we select a small number

Mbn out of the remaining blocks, whose discriminating power is
the strongest (typically, Mbn = 6–10). Denote by Sbn the set of
their indices. We consider this set as the signature of the class
B against NB.
� Reduction of the energy matrices Wb and Wn to features matri-

ces cWb of size mb �Mbn and cWn of size mn �Mbn by retaining
only the Sbn-columns, respectively.
� As a result, each segment of length l is represented by the Mbn-

tap vector of energies in the selected blocks of the WP transform
coefficients. Thus, its dimensionality becomes reduced from l to
Mbn (typically, from 1024 to 8).

5.1.4. Refinement of the feature matrices
In order to refine the feature matrices cWb and cWn, we test their

rows. Recall that each row in cWb is associated with a segment in a
Please cite this article in press as: Averbuch A et al. Acoustic detectio
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B-class signal and each row in cWn is associated with a segment in
an NB-class signal. We calculate the Mahalanobis distances dbb and
dbn of each row in the matrix cWb from the matrices cWb and cWn,
respectively. If for some row dbb > dbn then we remove this row
from the matrix cWb. The same is done for the features matrixcWn. We denote the refined features matrices cWb and cWn as Rb

and Rn, respectively. We call them the reference matrices for the B
vs. NB classification. The reference matrices Rb and Rn are dis-
played in Fig. 9

5.1.5. BTB vs. OB classification
We apply exactly the same procedures as above in order to pro-

duce the set Sbo of Mbo indices, which is the signature for the class
BTB against OB. Similarly, the reference matrices Rbb and Rob are
produced. Naturally, the BTB signals differ from the OB signals
much less than how the B signals differ from the NB signals. Thus,
the energy maps Wbb and Wob are very similar to each other. These
energy maps are displayed in Fig. 10. Therefore, the refinement pro-
n and classification of river boats. Appl Acoust (2010), doi:10.1016/
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Fig. 9. Reference matrices Rb and Rn for B vs. NB classification, which represent energies in 8 selected blocks of the wavelet packet coefficients for slices from Boat recordings
(top) and NoBoat recordings (bottom). Rows represent slices, columns represent blocks.

Fig. 10. Energy maps of classes BTB and OB. X-axes: indices of blocks of wavelet packet coefficients; Y-axes: averaged values of energy in the blocks. 1, 2 – indices of the 1st
level blocks; 3, . . . ,6, – 2nd level; 7, . . . ,14 – 3rd level; 15, . . . ,30 – 4th level; 31, . . . ,62 – 5th level; 63, . . . ,124 – 6th level. Top: map for the Blue Tourist Boat class; Bottom: map
for the Other Boats class.
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cedure for the BTB vs. OB classification is stricter than the refine-
ment for the B vs. NB. As a result, our method, which derives the
class signature, is proved to be successful in this case.

5.1.6. Conclusion
As a result of the above operations, the dimensionality of the

training set was substantially reduced. Typically, a segment of
length 1024 is embedded into a 8-component features vector .
Ostensibly, this part of the process looks computationally expen-
sive, especially if, for better robustness, large training sets are in-
volved. This procedure is called once and it is done offline before
the detection and classification phase that is done online (real
time). Altogether, formation of two pairs of reference matrices re-
quires 5–8 min of CPU time on a standard PC.
Please cite this article in press as: Averbuch A et al. Acoustic detectio
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The classes signatures Sbn and Sbo and the pairs Rb – Rn and Rbb –
Rob of reference matrices are stored for further use.

5.2. Training the classifiers

5.2.1. Classification and Regression Trees (CARTs)
Once we have two pairs of the reference matrices Rb � Rn and

Rbb � Rob, we proceed to build the classifiers. For this purpose,
we use features vectors, which form rows in the reference matri-
ces. First, they are used as the input patterns for the construction
of the CARTs. The construction of the tree is done by a binary split
of the space of input patterns X ? {X1

S
X2
S

. . .
S

Xr}, where {Xk}
are the terminal nodes of the tree. Once a vector appeared in the
node Xk, its membership could be predicted with a sufficient reli-
n and classification of river boats. Appl Acoust (2010), doi:10.1016/
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ability. The answer is the class the vector is assigned to and the
probability of this assignment. The basic idea behind this split is
that the data in each descendant subset is ‘‘purer” than the data
in the parent subset. The scheme is described in full details in
[3]. A brief outline is given in [1].

As a result, we have two trees Tbn and Tbo for the classification B
vs. NB and BTB vs. OB, respectively.

5.2.2. Refinement of CART-aisles
Once a feature vector is presented to the CART tree Tbn, it is dis-

patched to a terminal node. Each terminal node is assigned to one
of the classes B or NB. We present all the rows of the reference ma-
trix Rb to the tree Tbn. Each of them is dispatched to one of the ter-
minal nodes that are associated with the B class. Assume that the
set Rk

b of rows from the matrix Rb was dispatched to node mk
b. We

calculate the Mbn-tap vectors �mk ¼ mk
1; . . . ;mk

Mbn

n o
, which is the

mean value of the rows Rk
b, and �sk ¼ sk

1; . . . ; sk
Mbn

n o
, which is the

standard deviation (STD) of these rows. Then, we form the aisle
Ak

b ¼ �mk � 2�sk. We do this for all the B-terminal nodes mk
b; k ¼

1; . . . ;Kb.
Similarly, we present all the rows in the reference matrix Rbb to

the tree Tbo in order to form the aisles Ak
bb for all the BTB-terminal

nodes mk
bb; k ¼ 1; . . . ;Kbb in the tree Tbo.

Two examples of Aisles are displayed in Fig. 11.

5.2.3. Summary
As a result from the training operations we have the two lists

Sbn and Sbo of the characteristic blocks for the classification B vs.
NB and BTB vs. OB, respectively, the pairs Rb�Rn and Rbb�Rob of
the reference matrices, the trees Tbn and Tbo and two sets
Ab, Ak

b

n oKb

k¼1
and Abb, Ak

bb

n oKbb

k¼1
of aisles. All these data are stored

in order to be used to identify the newly arrived signals.

5.3. Identification and classification of an acoustic signal

Throughout the rest of the paper we will use the terms identi-
fication and classification interchangeably. Identification of an
acoustic signal means here the detection of the presence of the Blue
Boat (BTB). It is implemented in three steps:

1. Preprocessing of a newly arrived acoustic recording is exactly
the same as the preprocessing step of the training signals. Once
a signal is assigned for identification, the following steps take
place:
� It is sliced into overlapping segments of length l.
� The wavelet packet transform is applied down to scale J to

each segment.
� Energies in the blocks of the transform coefficients are

calculated.
� The segments are embedded into energy vectors of length

K = 2J+1 � 1.
Fig. 11. Examples of Aisles in two different CART nodes for B – NB classification. X-axe
�mk � 2�sk .
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2. Primary identification: the Boat (B) segments are separated
from the NoBoat (NB) segments in the following way:
� The energy vectors are reduced to features vectors by select-

ing Mbn blocks whose indices are in Sbn.
� Each features vector is classified by LDA using the reference

matrices Rb and Rn.
� Each features vector is classified by CART using the Tbn tree.
� Each features vector, which is assigned to the B class by

CART, is tested by Aisles using the Ab set. Assume the vector
�v ¼ fv1; . . . ;vMbn

g was dispatched to the node mk
b. If the vec-

tor ‘‘passed through” the aisle Ak
bb, that is

mk
l � 2sk

l 6 v l 6 mk
l þ 2sk

l ; l ¼ 1; . . . ;Mbn, then the Aisles clas-
sifier assigned this vector (segment) to the B class. Other-
wise, it is assigned to the NB class. This additional check
reduces the false alarm rate.

� The answers from the B vs. NB classifiers are 1 if the vector
(segment) is classified as B and are 0 otherwise.

� If at least one out of three answers for a given segment is
zero then the segment is classified as NB, otherwise it is clas-
sified as B.

3. Final identification of B segments: Separation of the BTB seg-
ments from the OB segments. Once a segment is classified as
Boat:
� The corresponding energy vector is reduced to the features

vector by selecting Mbo blocks whose indices are in Sbo.
� The features vector is classified by LDA using the reference

matrices Rbb and Rob.
� The features vector is classified by CART using the Tbo tree.
� If the features vector is assigned to the BTB class by CART

then it is tested by Aisles using the Abb set. If the vector
‘‘passes through” the corresponding aisle then the Aisles
classifier assigns this vector (segment) to the BTB class.
Otherwise, it is assigned to the OB class.

� The answers from the classifiers are 1 if the vector (segment)
classified as BTB and are 1/2 otherwise.

� For a segment sk, we have two decisions units: DEC1
k is the

product of LDA and CART answers for a given segment and
DEC2

k is the product of LDA and Aisles answers. These deci-
sions assume the following values
s: indice

n and
DECi
k ¼

1; if both classifiers give positive answers;
1=2; if classifiers give different answers;
1=4; if both classifiers give negative answers;
0; if the segment was primarily classified as NB:

8>>><
>>>:

; i¼1;2:

ð1Þ
6. Experimental results

We conducted a series of experiments to detect and classify the
presence of the BTB from acoustic signals recorded by a single
hydrophone in an harbor. Half of the available recordings were
s k = 1, . . . ,8 of selected blocks; upper diagrams: �mk þ 2�sk; lower diagrams:
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used for training the algorithm. The rest was left for testing the
algorithm. The background was highly variable. It consisted from
the fragments with no boats while the water conditions and the
surrounding noise varied. Fragments with boats of many different
types, which were cruising in the area, also constituted the back-
ground. The hydrophone recorded sounds emitted by the BTB
and other boats from different locations and directions, different
distances from the receiver, different modes of the engines opera-
tion. No special actions were carried out to improve the quality of
the recording , which was far from perfect.

In spite of these variabilities, the presented algorithm demon-
strated robust detection of the target with minimal false alarm.

6.1. Structure of presented figures

We display in Figs. 12–17 the identification results of a few
acoustic signals, which did not participate in the training proce-
dures. Each figure consists of three frames. In all the frames, the
X-axes mean the time (s) from the start of the recording. The top
frame in each figure displays the recorded signal. Rectangles mark
the time intervals where the BTB is present. Ellipses mark the time
intervals where OB are present.

The curves in the central and bottom frames present the detec-
tion results in the following way:

6.1.1. Central frame
The array fDEC1

kg of the decisions was smoothed by a forward
and backward moving average followed by decimation. The
remaining values were linked by a curve. The curve was synchro-
nized with the input acoustic signal.

6.1.2. Bottom frame
The same was done with the array fDEC21

k g.
The horizontal lines L1/2 and L1/4 at heights 1/2 and 1/4, respec-

tively, were drawn for reference only. If, at some interval, the curve
Fig. 12. Classification of recording # 1300. X-axes – time (s) from the start of recording. T
LDA and CART classifiers on identification of short segments of the signal. Bottom frame: a
segments of the signal. While the curves are located above 1/2, the corresponding segme
where curves touche zero are classified as NB.

Please cite this article in press as: Averbuch A et al. Acoustic detectio
j.apacoust.2010.09.006
lies above the line L1/2, it means that both classifiers have detected
the target at this interval. If the curve lies between the lines L1/2

and L1/4 then the classifiers have made different decisions. If the
curve’s values are positive but do not exceed 1/4 then it means
that, at the corresponding interval, both classifiers have detected
OB other than the BTB.

6.2. Display of results

Recording # 1300 continued for about 6 min. Most of the time
the BTB is present at the scene but its state varied. Both DEC1 and
DEC2 detected its arrival and its approach of the berth. While it was
standing at the berth (with a ongoing working engine), a small boat
passed by the receiver at a high speed. The decision unit DEC1

identified many segments of this mixed interval as belonging to
BTB, however the unit DEC2, which produced the answer from
Aisles, was much less tolerant. When the BTB t was departing, an-
other boat was present in the area. At some moments, the sound
from the BTB prevailed while on other times the sound from the
other boat was stronger. Therefore, part of the segments at this
interval were identified as BTB, while the rest were declared as
the OB. Clearly, DEC2 was much more exigent to the purity of
the signal in comparison to the decision of DEC1.

Recording # 1054 continued for about 10 min. The sound in
this recording was weak, therefore a number of intervals were clas-
sified as NB. Small boats were speeding around almost all the time
and once it was very close to the receiver. In most cases, they were
identified as OB, but the close range sound was classified as NB. Ar-
rival of the BTB was detected correctly. When the BTB departed,
small boats were present at the scene. Thus, the identification
was mixed. BTB-classified intervals alternate with the OB intervals.
When the BTB sailed far away from the receiver, the small boats
sounds prevailed and were identified as OB.

Recording # 1129 continued for about 25 min. At the outset,
the BTB arrived and moored. After a while it departed. On arrival,
op frame: recording of the sound. Central frame: averaged product of answers from
veraged product of answers from LDA and Aisles classifiers on identification of short

nts are classified as BTB, localization between 1/2 and 0 means OB and the intervals
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Fig. 13. Identification of recording # 1054. X-axes – time (s) from the start of the recording. Top frame: recording of the sound. Central frame: averaged product of answers
from LDA and CART classifiers on identification of short segments of the signal. Bottom frame: averaged product of answers from LDA and Aisles classifiers on identification of
short segments of the signal. While the curves are located above 1/2, the corresponding segments are classified as BTB, localization between 1/2 and 0 means OB and the
intervals where curves touche zero are classified as NB.

Fig. 14. Identification of recording # 1129. X-axes – time (s) from the start of the recording. Top frame: recording of the sound. Central frame: averaged product of answers
from LDA and CART classifiers on identification of short segments of the signal. Bottom frame: averaged product of answers from LDA and Aisles classifiers on identification of
short segments of the signal. While the curves are located above 1/2, the corresponding segments are classified as BTB, localization between 1/2 and 0 means OB and the
intervals where curves touche zero are classified as NB.
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it was accompanied by small boats. On departure, another boat ar-
rived. Then, after a short NB interval, a huge ferry boat sailed into
the area. When the ferry boat disappeared, a small speed boat ar-
rived followed by the BTB, which passed by the receiver at a long
distance. At the same time, another boat was present at the scene.
In the end, the receiver recorded a strong signal emitted by the fire
Please cite this article in press as: Averbuch A et al. Acoustic detectio
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boat. All these events were properly handled by both decision
units, while DEC2 produced less false alarm in comparison to
DEC1 but missed a few events when the BTB was present.

Recording # 1447 continued for about 1 min. The BTB was not
present at the scene while a few other boats passed by, which were
correctly classified as OB. Very few false alarms were reported.
n and classification of river boats. Appl Acoust (2010), doi:10.1016/
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Fig. 15. Identification of recording # 1447. X-axes – time (s) from the start of the recording. Top frame: recording of the sound. Central frame: averaged product of answers
from LDA and CART classifiers on identification of short segments of the signal. Bottom frame: averaged product of answers from LDA and Aisles classifiers on identification of
short segments of the signal. While the curves are located above 1/2, the corresponding segments are classified as BTB, localization between 1/2 and 0 means OB and the
intervals where curves touche zero are classified as NB.

Fig. 16. Identification of recording # 1405. X-axes – time (s) from the start of the recording. Top frame: recording of the sound. Central frame: averaged product of answers
from LDA and CART classifiers on identification of short segments of the signal. Bottom frame: averaged product of answers from LDA and Aisles classifiers on identification of
short segments of the signal. While the curves are located above 1/2, the corresponding segments are classified as BTB, localization between 1/2 and 0 means OB and the
intervals where curves touche zero are classified as NB.
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Recording # 1405 continued for about 5 min. As in recording #
1447, the BTB was not present at the scene while many other boats
passed by. They were correctly classified as OB. No false alarms
were reported.
Please cite this article in press as: Averbuch A et al. Acoustic detectio
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Recording # 15550 continued for about 8 min while sea was
choppy. There were no boats till about 90 s from the start of the
recording. The decision units marked almost all the segments from
this interval as NB. Then, a couple of small motor boat arrived at
n and classification of river boats. Appl Acoust (2010), doi:10.1016/

http://dx.doi.org/10.1016/j.apacoust.2010.09.006
http://dx.doi.org/10.1016/j.apacoust.2010.09.006


Fig. 17. Identification of recording # 1555. X-axes – time (s) from the start of the recording. Top frame: recording of the sound. Central frame: averaged product of answers
from LDA and CART classifiers on identification of short segments of the signal. Bottom frame: averaged product of answers from LDA and Aisles classifiers on identification of
short segments of the signal. While the curves are located above 1/2, the corresponding segments are classified as BTB, localization between 1/2 and 0 means OB and the
intervals where curves touche zero are classified as NB. The sea is choppy.
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the scene followed by the BTB, which approached the berth. While
it was standing at the berth, another boat was passing by. DEC1

mistakenly attributed a few segments from the latter event to
BTB but DEC2 corrected this. After a calm interval, which was clas-
sified as NB, the BTB departed. During its departure, the BTB was
detected by DEC1 but the reports from DEC2 were ambivalent.

Comments:

� The detection and classification experiments demonstrate the
relevance of our approach to feature extraction.
� Combination of the LDA with CART classifiers (DEC1) is more

sensitive to the presence of the target in comparison to the
LDA–Aisles combination (DEC2). Nevertheless, it sometimes
produces false alarms. On the other hand, the decision unit
DEC2, while significantly reducing false alarms, sometimes
missed the target.
� The algorithm produced satisfactory detection and classification

results even when the conditions of the real signals were essen-
tially differed from the training data. When the conditions of
the captured signals were close to the training conditions, the
detection was almost perfect.
� When the target boat was present at the scene together with

other boats, some segments were classified as BTB while others
were classified as the OB class, depending on which sound was
stronger at the moment.
� Typically, the arrival of the target boat was detected much bet-

ter in comparison to its detection upon departure.
7. Conclusions

We presented a robust algorithm that detects the arrival of
boats of arbitrary type while classifying a specific type of boat from
other boats. It is done via the analysis of its acoustic signature
Please cite this article in press as: Averbuch A et al. Acoustic detectio
j.apacoust.2010.09.006
against an existing database of recorded and processed acoustic
signals.

We constructed an acoustic signature for a specific boat using
the distribution of the energies among blocks which consist of its
wavelet packet coefficients. This distribution serves as a ‘‘spec-
trum” of the frequency bands of the signal. This ‘‘spectrum” better
represents the classes of acoustic signals emitted by the cruising
boats. These energies serve as characteristic features of the acous-
tic signals. To reduce the dimensionality of the features sets, we
used a scheme that is similar to the Best Basis algorithm. This
scheme proved to be an efficient tool for the extraction of a small
number of characteristic features (acoustic signature) of the ob-
jects to be detected.

As decision units for detection, we used combination of the clas-
sifiers LDA and CART, which was supplied with the Aisles unit,
which significantly reduced the false alarms rate. These classifiers
cross-validated each other.

The detection process is fast and can be implemented in real
time.

The robust detection and classification results were achieved
despite poor recording quality and a limited training database. This
technology, which has many algorithmic variations, is generic and
can be used to solve a wide range of classification and detection
problems such as process control, which are based on acoustic pro-
cessing and, more generally, for classification and detection of sig-
nals which have near-periodic structure.

References

[1] Averbuch AZ, Hulata E, Zheludev VA, Kozlov I. A wavelet packet algorithm for
classification and detection of moving vehicles. Multidim Syst Signal Process
2001;12(1):9–31.

[2] Averbuch A, Kozlov I, Zheludev V. Wavelet packet based algorithm for
identification of quasi-periodic signals. In: Aldroubi, A Laine AF, Unser MA,
editors. Proc SPIE 4478, Wavelet applications in signal and image processing
IX; 2001. p. 353–60.
n and classification of river boats. Appl Acoust (2010), doi:10.1016/

http://dx.doi.org/10.1016/j.apacoust.2010.09.006
http://dx.doi.org/10.1016/j.apacoust.2010.09.006


A. Averbuch et al. / Applied Acoustics xxx (2010) xxx–xxx 13
[3] Breiman L, Friedman JH, Olshen RA, Stone CJ. Classification and regression
trees. New York: Chapman & Hall, Inc.; 1993.

[4] Houston BH, Yoder T, Carin L. Harbor threat detection, classification, and
identification. Naval Research Laboratory; 2002.

[5] Choe HC, E Karlsen R, Meitzler T, Gerhart GR, Gorsich D. Wavelet-based ground
vehicle recognition using acoustic signals. Proc SPIE 1996;2762:434–45.

[6] Coifman RR, Meyer Y, Wickerhauser MV. Adapted waveform analysis, wavelet-
packets, and applications. In: Proceedings of ICIAM’91. Philadelphia: SIAM
Press; 1992. p. 41–50.

[7] Eom KB. Analysis of acoustic signatures from moving vehicles using time-
varying autoregressive models. Multidim Syst Signal Process 1999;10:357–78.

[8] Fisher RA. The use of multiple measurements in taxonomic problems. Ann
Eugen 1936;7:179–88.

[9] Inselberg A. Parallel coordinates: visual multidimensional geometry and its
applications. Springer; 2009.

[10] Munich ME. Bayesian subspace method for acoustic signature recognition of
vehicles. In: Proc of the 12th European signal processing conf EUSIPCO; 2004.

[11] Sirovich L, Kirby M. Low-dimensional procedure for the characterization of
human faces. J Opt Soc Am Soc A 1987;4(1).

[12] Urick RJ. Principles of underwater sound. 3d ed. USA: McGraw-Hill; 1983.
[13] Viitanen SM. Passive acoustic recognition of ships and underwater targets

using fractal based methods. In: Pasqual del Pobil A, editor. Proceedings of
artificial intelligence and soft computing conf (ASC 2004), Spain; 2004.

[14] Baldacci A. AIS emission anomaly detection in support of Maritime
Surveillance, NURC-FR-2008-020; July 2008.

[15] Kessel RT, Hollett RD. Underwater Intruder detection sonar for harbour
protection: state of the art review and implications. In: Proceedings of the
second IEEE international conference on technologies for homeland security
and safety, Istanbul, Turkey; October 2006.

[16] Yang S, Li Z, Wang X. Ship recognition via its radiated sound: the fractal based
approaches. J Acoust Soc Am 2002;112(1):172–7.

[17] Abileah R, Martin D, Lewis SD, Gisiner B. Long-range acoustic detection and
tracking of the humpback whale Hawaii–Alaska migration. In: OCEANS ’96.
MTS/IEEE. ’Prospects for the 21st century’, vol. 1; 1996. p. 373–7.

[18] Bick ET, Barock RT. Centurion harbor surveillance test bed. Oceans
2005;2:1358–63. doi:10.1109/OCEANS.2005.1639943.

[19] Wickerhauser WV. Adapted wavelet analysis from theory to
software. Wellesley (MA): AK Peters; 1994.

[20] Wu H, Siegel M, Khosla P. Vehicle sound signature recognition by frequency
vector principal component analysis. IEEE Trans Instrum Meas
1999;48(5):1005–9.

[21] Averbuch A, Zheludev V, Rabin N, Schclar A. Wavelet based acoustic detection
of moving vehicles. Multidim Syst Signal Process 2009;20:55–80.
Please cite this article in press as: Averbuch A et al. Acoustic detectio
j.apacoust.2010.09.006
[22] Averbuch A, Hochman K, Rabin N, Schclar A, Zheludev V. A diffusion
framework for detection of moving vehicles. Digital Signal Process
2010;20(1):111–22.

[23] Zheludev VA. Periodic splines, harmonic analysis, and wavelets. In: Zeevi YY,
Coifman R, editors. Signal and image representation in combined spaces.
Wavelet Anal Appl, vol. 7. San Diego (CA): Academic Press; 1998. p. 477–509.

Glossary

LDA: Linear Discriminant Analysis
CART: Classification and Regression Trees
BTB: Blue Tourist Boat
OB: OtherBoat class
B: Boat class
NB: NonBoat class
WP: wavelet packet
Tr-data: training data
l: length of segments the signals are sliced to
BNB: the training database for B vs. NB discrimination
Mb: matrix of size mb � l, where the rows are the B-training segments
Mn: matrix of size mn � l, where the rows are the NB-training segments
Wb: matrix of size mb � K, where rows are the vectors of energies in the blocks of

the WP transforms of the B-training segments
Wb: matrix of size mb � K, where rows are the vectors of energies in the blocks of

the WP transforms of the NB-training segments
Wb and Wn: The energy maps, which are the averages of the energy matri-

cesWb,Wn, respectively
Dbn: ,Wb �Wn

Mbn: the number of selected blocks, whose discriminating power B vs. NB is the
strongest

Sbn: the set of indices of selected blocks for B vs. NB discrimination
Sbo: the set of indices of selected blocks for BTB vs. OB discriminationcWb and cWn: features matrices of sizes mb �Mbn and mn �Mbn, respectively, re-

taining only Sbn-columns
Rb and Rn: reference matrices
for the B vs. NB classification, which are the refined features matrices Rbb and

Rob: reference matrices for the BTB vs. OB classification
Rbb and Rob: reference matrices for the BTB vs. OB classification
Tbn: CART tree for B vs. NB discrimination
Tbo: CART tree BTB vs. OB discrimination
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