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Abstract

tens of meters in depth at most, and is not suitable
for monitoring whales or shipping which may be many
kilometers away.

In this paper, we propose an eﬃcient method for
long-term monitoring of a wide variety of marine mammals and human related activities using hydrophone
data. The proposed method uses a combination of a
two-stage denoising process followed by a new event detection function that estimates temporal predictability.
The detection function utilizes long-term and shortterm predictions in order to detect various acoustic
events from the background noise. The ﬁrst stage of the
denoising process uses temporal decomposition via Empirical Mode Decomposition to improve the correct detection rate, while the second stage uses Wavelet Packet
spectral decomposition to reduce the false detection rate.
Applied to event detection in NEPTUNE hydrophone
recordings, the method demonstrates an accuracy of
95% and an F-measure of 94%.

1

The term acoustic event means a short audio segment, which has rare occurrence, and is not predictable
when and if it occurs and is of importance to the monitoring application. The task of detecting informative
acoustic events from hydrophone data is diﬃcult as this
type of data is usually noisy and highly correlated.
Much of the literature for unusual event detection
has focused on video surveillance. For unusual events
in audio, the paper [1] proposes a semi-supervised
adapted Hidden Markov Model (HMM) framework, in
which usual event models are ﬁrst learned from a large
amount of (commonly available) training data, while
unusual event models are learned by Bayesian adaptation in an unsupervised manner; [2] robustly models the background for complex audio scenes with a
Gaussian mixture method incorporating the proximity
of distributions determined using entropy; [3] investigates a machine learning, descriptor based approach
that does not require an explicit descriptors statistical
model, based on Support Vector novelty detection. [4]
applies optimized One-Class Support Vector Machines
(1-SVMs) as a discriminative framework for sound classiﬁcation.

Introduction

Long-term monitoring and proper interpretation of
the variability of both the natural and anthropogenic
components of the sound ﬁeld in the ocean is essential
for improving our understanding of the breaking waves,
ocean atmosphere, as well as important questions associated with marine mammal conservation. Most existing monitoring systems use video information, but
in some situations, such as monitoring events occurring under the ocean, sound information captured using hydrophones plays an important role. Acoustic
(rather than visual) monitoring is used primarily for
under water investigations because acoustic waves can
travel long distances in the ocean. Visual monitoring
is useful only for short range observations up to several

Most existing acoustic event detection methods have
high computational complexity and require large (preclassiﬁed by experts) training sets. In this paper we
propose a method that uses a combination of a twostage denoising process followed by a new event detection function that estimates temporal predictability.
The detection function utilizes long-term and shortterm predictions in order to detect various acoustic
events from the background noise.
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signal into functions which form a complete and nearly
orthogonal basis for the original signal. The functions, known as Intrinsic Mode Functions (IMFs), are
suﬃcient to describe the signal, even though the are
not necessarily orthogonal. In fact, the functions into
which a signal is decomposed are all in the time-domain
and of the same length as the original signal allowing
for varying frequency content to be preserved over time.
Obtaining IMFs from real world signals is important
because natural processes often have multiple causes,
and each of these causes may happen at speciﬁc time
intervals.
In the EMD method, the original signal x(t) can be
represented in terms of IMFs as

Audio Data Stream (Hydrophone Recordings)
?
Hydrophone Data
?
Pre-Processing
?
Detection
?
Results
?
Figure 1. The overall block diagram of the
proposed detection method.

x(t) =

n


ci (t) + rn

(1)

i=1

2

where ci (t) is the ith Intrinsic Mode Function and rn
is the residue and t represents the time samples.
The Empirical Mode Decomposition (EMD) method
decomposes a signal into IMFs by an innovative sifting
process [7]. A sifting process is performed to extract
IMFs from the signal. The signal is processed iteratively in order to obtain a component which satisﬁes
the conditions introduced in [7]. An intention behind
these constraints on the decomposed components is to
obtain a DC free single frequency component to guarantee a well-behaved Hilbert transform. It has been
shown that the Hilbert transform behaves erratically if
the original function is not symmetric with respect to
the X-axis (i.e. no DC) or there is a sudden change
in phase of the signal without crossing the X-axis [7].
The sifting process separates the IMFs with decreasing order of frequency i.e it separates high frequency
component ﬁrst and decomposes the residue obtained
after separating each IMF till a residue of nearly zero
frequency content is obtained. In a way, the sifting process in the EMD method may be viewed as an implicit
wavelet analysis and the concept of the intrinsic mode
function in the EMD method is parallel to the wavelet
details in wavelet analysis.

Methodology

The overall block diagram of the proposed method is
shown in Fig. 1. The input hydrophone data is preprocessed ﬁrst by a two-stage denoising scheme introduced
in section 2.2. Then the output signal is used as input
for the proposed event detection scheme as presented
in section 2.3.

2.1

Data

Diﬀerent types of hydrophones are used for diﬀerent tasks. For example, on the NEPTUNE Canada
(http://www.neptunecanada.ca) observatory, an enhanced version of the Naxys Ethernet Hydrophone
02345 system is used, which includes the hydrophone
element (rated to 3000m depth), 40dB pre-ampliﬁer,
16-bit digitizer and Ethernet 100BaseT communication. This particular hydrophone is of high quality, and
can be integrated into an existing underwater instrument package. The NEPTUNE hydrophone collects
at a constant rate and can generate approximately 5.5
GB of data per day. The sampling frequency of the
NEPTUNE data used is 96 kHz.

2.2

2.2.2

Preprocessing

The spectral decomposition is carried out by wavelet
packet transform (WPT) or wavelet packet subspace
(WPS) method [8, 9].
The reasons for choosing wavelet packets as well as wavelet decomposition/reconstruction are twofold: ﬁrstly, it helps to
decorrelate the input signal from the correlated background noise by wavelet packet decomposition. Secondly, it can denoise the input signal by reconstructing
the input signal from the selected subbands.

The preprocessing is done by the following two
stages as based on empirical mode decomposition
(EMD) followed by wavelet packet transform.
2.2.1

Wavelet Packet Transform

EMD

The temporal decomposition is performed through empirical mode decomposition (EMD) by decomposing a
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i
A wavelet packet is represented as a function,ψj,k
,
where i is the modulation parameter, j is the dilation
parameter and k is the translation parameter.
i
= 2−j/2 ψ i (2−j t − k)
ψj,k

from one recording to another recording. So, by using entropy to automatically “select” the subband that
contains the most information to detect the events, we
do not have to use training data or to provide information about the frequency range of the events of interest.

(2)

Here i = 1, 2, · · · , j n and n is the level of decomposition
in wavelet packet tree. The wavelet ψ i is obtained by
the following relationships:

i t
ψ 2i (t) = √12 ∞
k=−∞ h(k)ψ ( 2 − k)

(3)
∞
1
2i+1
ψ
(t) = √2 k=−∞ g(k)ψ i ( 2t − k)

2.3

The new event detection method proposed here is
based on the idea of tracking the temporal predictability for time-varying signals. The temporal predictability function, T P (n), can be deﬁned as

Here ψ i (t) is called as mother wavelet and the discrete
ﬁlters h(k) and g(k) are quadrature mirror ﬁlters associated with the scaling function and the mother wavelet
function [9], respectively. The wavelet packet coeﬃcients, cij,k corresponding to the signal x(t) can be obtained as
 ∞
i
cij,k =
x(t)ψj,k
(t)dt
(4)

T P (n) = log

−∞

∞


i
cij,k ψj,k
(t)dt

(5)

After performing a wavelet packet decomposition up
to jth level, the original signal can be represented as
a summation of all wavelet packet components at jth
level as shown in Eq. (6).
x(t) =

V [x(n)] = αl V [x(n − 1)] + (1 − αl )|x(n)|

(8)

U [x(n)] = αs U [x(n − 1)] + (1 − αs )|x(n)|

(9)

α≈

1
TFs

for Fs >> f

(10)

where T is the time constant, F s is the sampling frequency and f is frequency of the signal.
So, for a given F s, we set the value of αs based
on the approximate time duration of the events, i.e.
Ts . The value of the other parameter αl is approximated based on the assumption that the noise is varying slowly, i.e. the corresponding time duration Tl
would be larger than the time duration Ts .
Basically, U [x(n)] is tracking the signal level of input
x(n) whereas V [x(n)] is able to track the corresponding
noise level. In order to make sure that the noise level
follows the signal level and remain always below the
signal level, we induce the following constraint:

(1 + β)V [x(n − 1)] if V [x(n − 1)] ≤ U [x(n)]
V [x(n)] =

j

xij (t)

(7)

where αl and αs are the exponential factors for the
long-term prediction and the short-term prediction, respectively. In general, the exponential factor, α,

k=−∞

2


U [x(n)]
V [x(n)]

In Eq.(7), V [x(n)] and U [x(n)] refer to long-term prediction and short-term prediction, respectively, and n
is the time samples.
The long-term and short-term predictions are performed by long-term autoregressive (AR) exponential
averaging and short-term autoregressive (AR) exponential averaging deﬁned by

provided the wavelet coeﬃcients satisfy the orthogonality condition.
The wavelet packet component of the signal at a
particular node can be obtained as
xij (t) =

Event Detection

(6)

i=1

In fact, wavelet packet node entropy is used as a
cost function to select the particular nodes/subbands
for reconstruction. The entropy indicates the amount
of information stored in the signal i.e. higher the entropy, more is the information stored in the signal and
vice-versa. There are various deﬁnitions of entropy in
the literature [10], such as energy entropy, Shannon entropy. The wavelet packet Shannon entropy at a particular node n in the 
wavelet packet tree of a signal
is deﬁned as en = − k (cij,k )2 log[(cij,k )2 ] where cij,k
are the wavelet packet coeﬃcients at particular node
of wavelet packet tree. Note that we have used here
Shannon entropy although one can deﬁne his/her own
entropy function if necessary.
The entropy has been calculated for every recordings
for selecting the band to reconstruct it since it changes

U [x(n)]

if V [x(n − 1)] > U [x(n)]

(11)
where β is a small positive constant that controls how
quickly the noise level adapts the changes for the noise
characteristics.
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The event signals are located based on the predictability function T P (n). A binary detection function is then generated in the following way:

1 if T P (n) > T h
D(n) =
(12)
0 if T P (n) ≤ T h

Fig. 3(a). The corresponding binary decision function
generated by choosing a threshold T h = 0 is depicted in
Fig. 3(b). The output signal with the detected events
based on the binary masking function is presented in
Fig. 3(c) when the duration of the signal is 640 seconds. In Fig. 3(d), the zoomed version of the signal in
Fig. 3(c) having a duration of 30 seconds is shown. An
extracted event signal representing a whale call is illustrated in Fig. 3(e). The corresponding parameters used
here are as Ts =1000 msec, Tl =2000 msec for which the
parameters of αs and αl are calculated as 1.0417×10−5
and 5.2083 × 10−6 (with F s=96000 Hz) and β=10−6 .

where T h is used as threshold.
The output signal, y(n), containing the detected events
is obtained by masking the input signal x(n) with the
above binary detection function D(n) as
y(n) = x(n) ∗ D(n)

(13)

where  ∗ refers to point-wise multiplication.

4

3

For our performance evaluation we ﬁrst incorporate
the terms of precision and recall as deﬁned by [11]

Results and Discussion

3.1
3.1.1

Preprocessing

(14)

TP
recall = TP+FN

(15)

where TP, FP, and FN represent the true positive,
false positive, and false negative, respectively. Note
that TP is deﬁned as number of correctly detected
events, whereas FP and FN are represented as number of wrongly detected events and number of missed
detected events, respectively.
The following two quantitative measures are then
obtained to evaluate the detection performance deﬁned
as
F-measure(%)

Wavelet Packet Transform

The spectral decomposition has been done in the
wavelet packet transform (WPT) domain. The wavelet
packet transform enables us to reduce the noise as
well as make it less correlated. An illustrative result is shown for the above processed Neptune data in
Fig. 2(b). The Shannon entropy with the highest entropy value is used to choose this speciﬁc subband for
reconstruction. Here, for example, the ﬁrst subband
out of 64 subbands (i.e. =26 ) at level 6, is automatically selected for reconstruction since it provides the
highest entropy.

3.2

TP
precision = TP+FP

EMD

The results for temporal decomposition for Neptune
data is illustrated in Fig. 2. An original input signal
is illustrated in Fig. 2(a), whereas the corresponding
decomposed signal using EMD for the decomposition
level i = 2, is shown in Fig. 2(b). As we see in Fig. 2(a),
the original input signal contains large spikes as outliers, which are signiﬁcantly removed in the decomposed signal at level 2 as we have therefore used the
second IMF signal. These spikes are probably caused
due to echo locations as well as the eﬀects of doppler
acoustics.
3.1.2

Performance Evaluation

Accuracy(%)

=

= 2(

precision×recall
) × 100
precision+recall
(16)

Number of correctly detected events
Total number of events

× 100.

(17)
Table 1 presents the performance of the proposed
scheme in terms of detection accuracy and F-measure
on the labeled Neptune hydrophone dataset. It can
be seen that the accuracy is quite high. The ﬁrst row
shows the performance when both the preprocessing
by temporal decomposition and spectral decomposition
are involved. While the detection performance for the
preprocessed data only by temporal decomposition is
presented in the second row. The third row shows the
detection results without any preprocessing involved.
As we can see the detection performance is improved
due to the preprocessing. It can be noted that the
correct detection rate(%) is increased by the temporal
decomposition, while the false detection rate(%) has
been improved by the following spectral decomposition.

Event Detection (ED)

The event detection results for the Neptune hydrophone data (with a sampling frequency of 96 kHz)
are illustrated in Fig. 3. The predictability function
for the preprocessed signal in Fig. 2(c), is shown in
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Figure 2. (a) The original Neptune data; (b) The results of temporal decomposition for the Neptune
data at level 2; (c) The reconstructed signal after wavelet packet decomposition of the signal in
Fig. 2(b).

Note that a total of 140 events are labeled for performance evaluation. The events which have been considered in this paper mainly consist of diﬀerent kinds of
whale calls with duration of 1-2 seconds long. There are
total 12 recordings with each approximately 1 minute
duration and 10-12 events/recording on average.
The proposed method has been compared with the
common energy-operator based method [12]. It is
found that unlike the presented method, the energyoperator based method is not able to identify the event
signals from the high background noise. In Table 2, the
detection performance of the energy operator based
method is shown which is quite low in compared to
the proposed scheme. A suitable threshold T h = 10−4
is selected for the energy operator when the detection
function is normalized to unit energy. Note that the

Table 1. The detection performance of the
proposed scheme
Type of
Processing
EMD+WPT+ED

Accuracy

F-measure

95%

94.3%

EMD+ED

89.29%

88.03%

ED

50.71%

57.49%

energy operator based method totally fails when the
preprocessing stages are not applied.
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Figure 3. (a) The predictability function; (b) The binary decision function; (c) The output signal with
the detected whale calls; (d) The zoomed version of the signal in Fig. 3(c);(e) One of the extracted
event signal (a whale call).
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