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ABSTRACT

An audio event detection and classification framework (AQUA) is developed for
the North Pacific underwater acoustic research community. AQUA has been de-
veloped, tested, and verified on Ocean Networks Canada (ONC) hydrophone data.
Ocean Networks Canada is an non-govermental organization collecting underwater
passive acoustic data. AQUA enables the processing of a large acoustic database
that grows at a rate of 5 GB per day. Novel algorithms to overcome challenges such
as activity detection in broadband non-gaussian type noise have achieved accurate
and high classification rates. The main AQUA modules are blind activity detector,
denoiser and classifier. The AQUA algorithms yield promising classification results

with accurate time stamps.
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Chapter 1
Introduction

The focus of this work is the development and evaluation of algorithms to detect
and classify marine mammal sounds in the Northern Pacific Ocean. To assist in our
research efforts, Ocean Networks Canada (ONC) agreed to provide us with access to
their underwater recording database. Ocean Networks Canada operates world-leading
ocean observatories for the advancement of science and the benefit of Canada. The
observatories collect data on physical, chemical, biological, and geological aspects of
the ocean over long time periods, supporting research on complex Earth processes in
ways not previously possible. The ONC shared the challenges that they, and other
researchers, face in searching their acoustic database, because of the large amount of
non-annotated data. In fact, this is an ongoing issue for underwater acousticians and
acoustic biologists globally.

Along the west coast of Canada, from the Salish sea to Prince Rupert, there are
six Non-Governmental Organizations (NGO) collecting underwater passive acoustic
data. The primary reason for the collection of this data is cetacean research, how-
ever, underwater noise and its impact on marine mammals, fish, and invertebrates
has become increasingly important in the last 5 years. ONC estimates these six
organizations are collecting 0.26 PetaBytes of acoustic data per year, which is an-
ticipated to grow as more hydrophones are added along the coast. The Department
of Fisheries and Oceans and ON is collecting 100TB of data each year on the west
coast of Canada. Commercial organizations, such as ports and fossil fuel companies,
are also collecting a large amount of data to support environmental impact assess-
ments. In addition, west coast First Nations, such as the Metlakatla and Gitgaat, are
now involved with underwater acoustic monitoring to support their environmental

stewardship programs.



At the June 2014 underwater workshop held at the Vancouver Aquarium, the
primary impediment to acoustic research was identified as the inability to process all
the data being collected. Accordingly, the organizations at the workshop identified
the development of, and access to, automated detection and classification software,
with both real time and archived data, as their highest priority.

Automated detection and classification software does exist. An open source pro-
gram named PAMGuard [1] is available, but lacks training on north pacific species.
In addition, it is not robust enough to run without manual oversight. Orchive [2], an-
other classification software, has been processing the data from Orca Lab for several
years. However, it focuses specifically on northern orca populations. Listening In the
Deep Ocean (LIDO) [3], has been processing the ONC hydrophone data for several
years. However, it has questionable accuracy, the classifications are not stored, and
the algorithms are proprietary. JASCO Applied Sciences Spectroplotter [4] [5] is
also proprietary, in that it is only accessible to NGOs as a service provided by the
company.

As a result, the North Pacific Underwater Acoustic Research Community remains
without a viable detection and classification software solution. Therefore, our under-
water audio detection and classification framework called AQUA, has been developed
to address this need. We consider AQUA as a fast and reliable underwater audio
event detection and classification framework, that generates mammal activity reports
to aid in Pacific mammal preservation and provide automated annotation on archived
data.

1.1 Dissertation Outline

Each chapter of this dissertation presents our published research, which describes
algorithms used by AQUA for detection and classification of underwater audio data.

In Chapter 2, we propose a novel detection method to identify whale activities
by using a B-Spline approximation [6] as well as contextual information, to address
the problem of generating training and testing datasets for multi-class classification.
We argue this method should be able to distinguish recordings that contain mammal
activities from those that contain only noise. This will result in the generation of
training and testing datasets, that will help to evaluate the performance of different
types of classifiers.

In Chapter 3, we evaluate a Hidden Markov Model, utilizing a Gaussian Mix-



ture Model (HMM-GMM) type of classifier with Mel Frequency Cepstral Coefficients
(MFCCs) feature extraction method [7] using the generated datasets for humpback
whales, sperm whales, and marine vessel sounds. Classifications will be based on the
loglikelihood of data distributions in high dimensions. We will start with an HMM-
GMM classifier, since they are known to model non-stationary signals. The challenge
we face is to determine the HMM-GMM parameters, such as: number of states, num-
ber of Gaussians, as well as the parameters for MFCC window size or number of
coefficients. We propose a method to adjust the MFCC window size, by observing
the classification ratio, while utilizing different number of states and Gaussians in
the HMM chain. Additionally, we will apply the b-spline approximation, specifically
cubical splines, to Gaussian parameters to find out if it will improve the decision re-
gions. We argue that the classification ratio will improve, based on the finite support
nature of the b-spline approximation models. Furthermore, we expand our research
to include fin whale calls, and apply our method to recordings that take place over
the course of a year for humpback whales, sperm whales, and fin whales.

In Chapter 4, we utilize a multi-classifier fusion technique for the classification
ratio [8]. We investigate the performance of entropy-based classifiers with unchar-
acterized broadband noise (earthquakes, rain) along with other disturbances (power
supply noise, pumps, Acoustic Doppler Current Profiler (ADCP) pulses). These noise
components have been known to frequently change the ambient noise power spectral
density, which can also cause data clusters to become more scattered. This can result
the degradation in performance of the classification ratio. Accordingly, we will use
the maximum loglikelihood of the Gaussian distributions in an HMM chain, to see
if it improves the classification ratio. It is expecting that this new multi-class clas-
sifiers framework based on multiple classifiers fusion will be promising over different
individual classifiers under diverse conditions (e.g., different data sources, different
feature sets).

In chapter 5, we propose a method to identify whale activity regions, and produce
a perceptually better sound. Finally, we present a modified filterbank method to
extract activities specific to humpback whales, sperm whales, and fin whales. We
argue that this will help us to extract candidate calls with accurate time stamps for
our classifier.

Finally, chapter 6 presents the AQUA framework and its features. We aim to

implement such tools, and demonstrate how they can be used by ONC operators.



1.2 Contributions

Our contributions in this research are as follows:

e AQUA is a real time operating framework, which uses live ONC data, and is
intended to process the following NGO archives: ORCALAB, PACIFIC WILD,
CETACEA LAB, METLAKATLA, BEAM Reach.

e AQUA shows that maximum loglikelihood based HMM-GMM type classifier

works better on non-stationary data with uncharacterized noise.

e The use of maximum loglikelihood based HMM-GMM type classifier made it

possible to detect unlearned or rare events.

e AQUA’s performance on the humpback whale classification ratio is higher than

existing systems.

e AQUA introduces an automated data quality assesment, which is lacking in the

ONC passive acoustic data.

e AQUA is able to make call-by-call annotations with accurate time stamps for

north pacific whales.

Details of the novel contributions to detection and classification algorithms are given
in chapter 7. These contributions have attracted the attention of ONC, and as a
result, they plan to employ AQUA on the ONC Marine Mammal Avoidance project

with Transport Canada.



Chapter 2

A Novel Approach to Low
Frequency Activity Detection in
Highly Sampled Hydrophone Data
Based on B-Spline Approximation

Automatic Activity Detection

We present a novel method for detection of low frequency signals less than 100 Hz in
hydrophone data sampled at 96 KHz. The work described in this chapter is described
in [6]. The low-frequency activities (e.g., particular whale calls) in the hydrophone
data are detected based on B-spline approximations of the hydrophone data. The
error pattern of the incoming/detected signal and template signal is derived by cal-
culating the MSEs (mean-square errors) between their B-spline approximations and
compared with that of the reference signal and template signal. Here, the incoming
signal is a detected (new/non-labeled) hydrophone data, whereas the reference signal
is the ensemble of labeled hydrophone data and the template is a target signal that
controls the detection. In the decision module, the threshold is selected based on the
skewness of the error patterns. The performance of the method is evaluated using real
recorded hydrophone data showing promising results. Nowadays, most of the under-
water audio recording systems are operating with very high sampling rates creating
large volume of hydrophone data, although the special attention is paid in monitoring

the activities (such as acoustic events) in low frequency bands. The sound information



captured using a hydrophone plays an important role in monitoring events occurring
under ocean. The term acoustic event here represents a short audio segment, which
has activities that are rarely occurring and unpredictable in time. Acoustic (rather
than visual) monitoring is used primarily for underwater investigations because acous-
tic waves can travel long distances in the ocean. Visual monitoring is useful only for
short range observations up to several tens of meters in depth at most, and is not
suitable for monitoring whales or shipping, which may be many kilometers away. The
task of detecting acoustic events from hydrophone data is difficult as this type of data
is usually noisy and highly correlated. The rare event detection algorithms usually
operate in a supervised or semi-supervised manner as they need to be trained with
a large set of annotated data (i.e., pre-classified by experts) which makes it quite
challenging to create training datasets from the highly sampled noisy hydrophone
data. For rare acoustic events detection, the work reported in [9] has proposed a
semi-supervised approach based on the adaptive Hidden Markov Model (HMM) by
first learning the usual event models from a large set of (commonly available) training
data followed by learning the unusual event models through Bayesian adaptation in
an unsupervised manner. The rare event detection method in [10] robustly approxi-
mates the background for the complex audio scene using the Gaussian mixture model
based on the proximity of the distributions determined by entropy. A machine learn-
ing and descriptor based supervised rare event detection approach is presented in [11]
using support vector novelty detection. Proposed method is used to distinguish 5

min. long recordings that have activities from the ones with noise only.

2.1 The Basic Idea

The proposed low-frequency activity detection scheme is based on the comparison of
two error patterns generated by B-spline approximations of the highly sampled real
ONC hydrophone data, as depicted in Fig. 2.1. The template has the characteristics
of a known signal used as side information, whereas the reference signal is an ensem-
bled average of the observed noisy hydrophone signals. The error pattern is derived
based on the mean-square errors (MSEs) between the two B-spline approximated sig-
nals at various sampling frequencies within a defined low-frequency band. Finally,
the two generated error patterns are used in the decision module to decide whether
the new observed data contains the target event or not (see Fig. 4.1). It is worth

mentioning that B-splines can be superior to a conventional lowpass filter in terms of



their flexibility by providing a convenient means to adjust the extent of lowpassing

and smoothing [12] to offer good quality approximation.
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Figure 2.1: The overall block diagram of the proposed detection scheme.

2.2 Method

2.2.1 B-Spline Based Approximation
B-Spline Basis

In this chapter, we use the popular B-spline basis for approximation as it is itself
a cubic spline and it has the desirable property of the smallest possible support of
any basis for the space of cubic splines. Since B-splines are defined very narrowly,
their linear combination is easy to compute and numerically stable. The m-order
B-spline with knot sequence {ki,--- ,ky} is basically a (m-1)th degree polynomial
that is (m-2) times continuously differentiable. The zeroth order discrete B-spline,
BY%(k), is a rectangular window of width N that is centered with respect to the origin
when N is odd. This operator corresponds to a moving average filter of size N that
can be implemented recursively[13]. The discrete B-splines of various widths can be
constructed from repeated (m+1 times) convolution of simple moving average filters
(B%(k)) and a correction kernel BY*(k) where '*" denotes the convolution[13]. In [13]

B-Splines with various widths presented.
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= {B?V(k) X B?V(k)} * B"(k), N is odd

Wb s {BYR) 3, BY(0) o By

m is odd, N is even

« B (k —0.5), m is even, N is even

B-Spline Model for Approximation

The B-spline approximation model[14] is based on the constraint least-square opti-

mization using the following minimization:

N
1" 2
min | (y =) Wy = 3)+ > A0) (1 (K, 6) (2:2)
OriginaT;roblem \i: ! 4

TV
Penalty function

where
BP(k1) -+ Bf(k) 6,
y = : P S (2.3)
B'(kny) --- By(kn) On
where
N
h(ki,0) = > 0,B(k;), i =1,--+ N (2.4)
j=1

and W is a (N x N) diagonal weighting matrix, y is the observed data, 0 =
[01,---,0x]T is the sequence of B-spline coefficients, A" is the second derivative of

h derived as:

(0 (ki 0))° = (zj.vzl AQQJ-B}”(IQ))Q
Sy Yo, A0;A%0, By (ki) By (ki) (2.5)
Z;'V:1 (Azej)Z

where A%0; = 60; — 20, 1 + 0,;_5, and (i) is a smoothing function:

(i) = Boln(i + 1) (2.6)



where £y=5000. We found the log-based smoothing function in Eq.(2.6) is the most
effective for the B-spline basis. Eq. 2.2 involves the introduction of a variable rough-
ness penalty function to impose additional smoothness in the approximation, where

roughness is defined as a departure from local linearity.

Notations

The following notations are used throughout this chapter unless otherwise indicated.
Scalars are denoted by small letters, vectors are denoted by small bold letters, and
matrices are denoted by capital letter. In addition, the following crucial notations

are used:
B jth B-spline basis function of order m.

0;  jth B-spline coefficient.

k;  1th elememt of knot-sequence k.
y the approximation of y.

W  weighting matrix.

second derivative of h.

A(7) ith element of A.

f normalized sampling frequency.

Parameter Setting

The order of the B-spline function chosen is 4. The frequency range is [10 500] Hz
with the lowest and the highest sampling frequencies are 10 and 500 Hz, whereas
the increment of the sampling frequency is 50 Hz. (The dataset being used has only
activities in between 10 and 500 Hz.)

2.2.2 Reference Background Signal Generation

The reference signal, r can be taken as the average of z; for J(j=1,--- , J) of the time-
synchronized noisy observed signals. It can be obtained by exponential averaging of
the time synchronized noisy observed signals [15]. This type of weighted averaging is

effective to deal with noisy observed data and obtained recursively as:

r; = (1-9) {:ij_lZl

rj1+ (1= )l — 2] (27)
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where z; is a vector representing the jth observed signal, j is the index of a total
of J observed signals, 7(<1) is a forgetting factor and r;_; is the weighted average
reference signal at the (j-1)th observed signal input. The reference signal is providing
the useful contextual information which indicates the position/location of the events

of interest regarding the whale calls in that location.

2.3 Data

Different types of hydrophones are used for different tasks. For example, on the Ocean
Networks Canada(ONC)(http://www.oceannetworks. 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 ONC
hydrophone collects data at a constant rate and can generate approximately 5.5 GB

of data per day. The sampling frequency of the ONC data used is 96 kHz.

2.4 Results and Evaluation

2.4.1 Reference Signal

The reference signal obtained by exponential averaging with v=0.9 and J=15, in
Eq. (2.7), is plotted in Fig. 2.2.

x 102 Reference signal (ONC data)
2 T T T
1.5
[ |
| | [
o 0.5 | \ [ l
2 ' i il
= o] | |
£ | |
< _os| |i h |‘ I |
|
-
—1.5} |
. 1 2 3 4
Sample x 10%

Figure 2.2: The reference signal generated from ONC hydrophone data.
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2.4.2 Template Signal

The template signal used in this paper is a particular whale (ORCA whale) call (see
Fig. 2.3). The template signal is a preprocessed data referring to a good quality

x 1072 Original recorded data (Template data)

Amplitude
=]

-5
3
Sample % 10%

Figure 2.3: The template signal.

whale call, which can have similar characteristics (such as bandwidth, duration) of

the observed reference signal.

2.4.3 Error Pattern

The error pattern 1 obtained from the reference signal and the template in terms of
MSE versus normalized sampling frequency, is illustrated in Fig. 2.4 with the skewness
value of -0.67. Normalized sampling frequency is varied over the observation frequency
interval and error patterns are generated between signals in terms of MSE. Fig. 2.4
indicates that we need to use the normalized frequency < 0.005. The error pattern
2 of the ONC noise and the template signal is also illustrated in Fig. 2.4, which has
the skewness value of -0.94. The histograms of the skewness of the error patterns for
the new ONC signal samples are plotted in Fig. 2.5 for the noisy signals case and the
noise-only case. It is noteworthy that the skewness seems the most effective statistical
measure when the error pattern departs from more normality (for error pattern 1)
to less normality (for error pattern 2) among other possible measures such as mean,
median, standard deviation, and kurtosis. Error patterns are extracted by MSE of
each bsplined signal as presented in Fig 2.1. The algorithms for the proposed error

pattern 1 and error pattern 2 are presented in the Appendix A.
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Figure 2.4: The error patterns of the (1) reference signal and the template signal
(red) (2) ONC noise and the template signal (green).

2.4.4 Detection Examples

The illustrative plots of the incoming noisy and noise-only ONC data are shown in
Fig. 2.6 and Fig. 2.7, whereas the values of the detection index (i.e., skewness of the
corresponding error patterns) are presented in Table 2.1. As we see in Table 2.1,
the differences of the detection index values between the noisy (signal plus noise)
and noise-only data are large for the proposed method, whereas the corresponding
entropy values of the ONC data are very small for the acoustic entropy method

presented in[16]. Acoustic entropy method calculates the entropy in frequency space.

2.4.5 Detection Performance

The skewness[17] value z of the error pattern of each ONC signal sample is used as
the decision variable and the decision rule will be

Hi:xz>

Lo (2.8)

Hy:x <~
where 7 is a threshold. The skewness of the incoming signal is utilized for event
detection, which assumes the probabilistic character of incoming signal [18], which
different for event and non-event cases. Note that here we exploit skewness of the
error pattern to differentiate ‘noise’ and ‘signal plus noise’ in terms of sparseness.

Since the ‘noise’ only data is more sparse than the ‘signal plus noise’ data, the former
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Figure 2.5: The histograms of the skewness of the error patterns for the new ONC
samples; (a) signal4noise and (b) noise.

gives the higher negative skewness values. This is caused by the larger mismatch of
the error patterns for the noise only case when the noise-only sequence in the low-
dimensional (compressive) measurement becomes less coherent, that is more sparse
(as the noise has nonzero entries uniformly selected at random)[19, 20], whereas the
reference signal can be approximated as a low-rank signal part (more coherent, less
sparse) plus a sparse noise part.

The false alarm probability Pr and the probability of detection Pp are used as

performance variables. These two probabilities are defined by

Pr = f,yoo p(z|Hp)dx

Pp = fﬂyoop(x|H1)dx (2.9)

We have evaluated the performance of the method by using x from ONC data for
an approximation of the two conditional probability density functions (pdfs) p(x|Hp)
and p(z|Hy).

To obtain the estimates of the two pdfs p(x|Hy) and p(xz|H;), histograms of the
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Figure 2.6: Illustrative plots of incoming noisy (signal plus noise) ONC data.

sequences (x|Hy) and (x|Hy) are calculated from the ONC data consists of 265 data
samples (115 noisy samples (with events) and 150 noise-only samples). These two

histograms are approximated by the normal distributions, given by

p(w|Ho) = exp{—(z — no)*/205}, =<0

p(x|Hy) = exp{—(z — #1)2/20%}, <0 (2.10)

In Eq. (2.10), o, p1 are the means and the o3, o} are the variances for the two

distributions, respectively. The parameters calculated in order to fit the histograms
in Fig. 2.5 are as follows: po = —0.755, 09 = 0.120, uy = —0.491, o7 = 0.196,
respectively. It can be remarked that the two distributions in Eq. (2.10) are normal

(see Fig. 2.8), which is due to the effect of B-spline approximation. To determine the
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Figure 2.7: Hlustrative plots of incoming noise-only ONC data.
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Figure 2.8: The pdfs approximation of the skewness for the detected ONC data.

threshold 7, we set the probability of false alarm Pr = «, i.e.,

[ expl=@=m)*/208} gz — '
v



16

Table 2.1: The values of detection index for the noisy (signal plus noise) and noise-
only ONC data

Signal + Noise case

Reference Proposed Relative Acoustic Entropy
Fig. 2.6(a) -0.20 0.85
Fig. 2.6(b) -0.43 0.87
Fig. 2.6(c) -0.48 0.90
Fig. 2.6(d) -0.40 0.86
Fig. 2.6(e) -0.41 0.88

Noise only case

Reference Proposed Relative Acoustic Entropy
Fig. 2.7(a) -0.93 0.86
Fig. 2.7(b) -0.98 0.85
Fig. 2.7(c) -0.90 0.85
Fig. 2.7(d) -1.51 0.84
Fig. 2.7(e) 111 0.87

from which the value of 7 can be calculated as:

v =o00v2In(1/a) + po (2.12)

The probability of detection is then
Pp = P(z|H;) = / expl—(#=#)?/201}de (2.13)
g

After estimating the conditional probabilities in Eq. (2.10), the performance of the
method can be obtained by numerical calculations. In Fig. 2.9, the detection perfor-
mance is presented in terms of receiver operating characteristic (ROC) curves showing

the improvement of our detection for the B-spline approximation over the lowpass fil-
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tering. The ROC curve for lowpass filtering is obtained by replacing the B-spline with
an equiripple linear-phase lowpass FIR filter[21] and varying the cut-off frequency of
the lowpass filter within the frequency range [10 500] Hz with a step-size 50 Hz and
sampling frequency 96 kHz. The optimal lowpass filter, which has 2400 taps, is ob-
tained by using the Parks-McClellan algorithm|[21]. The improvement of the proposed
detection method with B-spline can be quantified in terms of AUC (area under the
curve), which is higher (0.961) than the AUC with lowpass filter which is 0.880. The
skew change for entropy based method is significantly small and cannot be used for
detection. As a result region of convergence analysis presented for proposed method

and lowpass filter.

ROC

0.8} /

0.6)

PD

0.4

0.2

0 0.2 0.4 0.6 0.8 1
PF

Figure 2.9: The ROC curves of the proposed approach using (1) B-spline approxima-
tion (blue), (2) lowpass filtering (green).

2.5 Conclusion

This chapter proposes a novel low-frequency event detection method based on approx-
imations of the hydrophone data. Both the content and contextual information are
exploited for our acoustic event detection. The template signal contains the spectral
content, whereas the reference signal represents the context which is the circumstance
and situation. Moreover, the detection can be performed without knowing the train-
ing noise sequence and obtained high detection rate using small sized samples, which
is crucial in the case of rare event detection. The proposed method provides a flexible

scheme by using a given template,that leads to a reliable detection. It should also
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noted that different whale call templates does not change the detection performance.
In the future, we would like to evaluate and compare our method with long term

datasets and other types of events, for example, dolphin calls and earthquakes.
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Chapter 3

Multi-class Acoustic Event
Classification of Hydrophone Data
Based on Adaptive MFCC
Combined with Improved
HMM-GMM Topology

The proposed activity detection method in chapter 2, enabled us to prepare 5 min.
long training and testing datasets from ONC data. With that dataset, we address
the problem of multi-class classification of hydrophone data for acoustic events using
low-dimensional features.

A new iterative multi-class classification scheme is proposed based on the combi-
nation of adaptive MFCC feature set and an improved HMM-GMM classifier. The
adaptive window length for MFCC is important since for acoustic sounds in the ocean,
the optimum window length may be different unlike the window length of 16-32 msec.,
which is optimum for speech signals. Further, in order to increase the classification
performance, we perform the B-spline approximation to the generated Gaussians pa-
rameters of the multi model HMM-GMM classifier to enhance the separation of the
decision region.

Experimental results for the real recorded hydrophone data show that our im-
proved iterative scheme efficiently classifies the acoustic events with high mean accu-
racy (96%), sensitivity (95%), and specificity (97%). Qualitive definitions for accu-
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racy, specifity and sensitivity given in Appendix B.

Bayesian learning based automatic speech recognition systems [22] can be adopted
for recognition of acoustic activities in the ocean. Speech is a non-stationary process
through the movement of the articulations to be quasi-stationary and it allows the
recognition systems extracting the feature vectors over the segments of around 16-32
ms and updating every 8-16 ms. Feature extraction is performed followed by a multi
state Hidden Markov Model (HMM) to perform a state transition in every frame
(segment), i.e. every 8-16 ms, according to the transition probabilities. The number
of states in HMM is defined by the segmentation (frame) size and the HMM stay for
a certain time duration in the same state before making a transition. In automatic
speech recognition systems, the state durations are usually modelled with certain
distributions [23].

The key insight is that while for speech the optimum window length is 16-32
msec, for acoustic sounds in the ocean, the optimum window length may be different.
Thus the minimum ‘duration constraint’ (segmentation/window length) for mammals,
boat sounds and other audio related events in the ocean can be adaptively adjusted.
This adaptive adjustment can remove the need to use large audio segments for feature
extraction, while taking the advantage of having multiple states in HMM-GMM chain
to increase recognition/classification performance. Our aim is to adaptively find out
an optimum duration constraint for the mel-frequency cepstral coefficients (MFCC)
as well as to enhance the HMM-GMM multi-class classification algorithm to achieve
better decision spaces.

In our approach, we use MFCC for feature extraction by applying an adaptive
window length for the input data. A Bayesian network classifier is used to evaluate
the multi-class classification performance. In our approach, we introduce a iterative
scheme where our HMM-GMM classifier output gives a feedback to the MFCC feature
extraction algorithm to adaptively resize its window length, while incrementing the
number of states of the HMM model and tries to maintain a reasonable accuracy rate.
We have further improved the traditional HMM-GMM multi-class classifier’s perfor-
mance by applying finite support B-spline approximation to the Gaussian parameters
generated in each state. The reason for using B-spline is that it can be superior to
conventional lowpass filter in terms of its flexibility by providing a convenient means
to adjust the extent of lowpassing and smoothing [24] to offer good quality of approx-
imation. In the multi-class classification of hydrophone data, we have chosen here the

HMM-GMM based approach over the other classification approaches for the following
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advantages. Firstly, it allows for capturing very long and complex temporal depen-
dencies and secondly it employs a margin maximization paradigm to perform model
training, which gives a convex optimization scheme [25]. Moreover, we have chosen
the MFCC features over other features since it has a good frequency resolution in the
low frequency region, and the robustness to noise is also very good [26, 27]. More-
over, it is simple to calculate and provides Gaussian-like probability density function
(pdf), which fits well to the classifier. These make it suitable for the classification
of low-frequency events in the noisy hydrophone data. The work described in this

chapter is described in [7].

3.1 Methodology

The overall schematic diagram of the proposed scheme is shown in Fig. 3.1. The
hydrophone recordings are partitioned first into blocks of defined large segments.
Then the 1D data block is converted into a 2D feature map by transforming the
data segment from time domain into frequency domain followed by filtering the FFT
spectrum through Mel filterbank. The MFCC feature set is then constructed from
the feature map by summing its outputs followed by logarithm operation as well as
DCT transformation [27] and used as input to the improved HMM-GMM multi-class

classifier, which is initialized with 1 state only.

Recorded Hydrophone
Data

A 4
Data Pre-processing
{Data Segmentation )

Step 1

4

Adaptive MFCC Feature
Extraction

Step 2

A 4
Multi-class Classification
(Improved HMM-GMM | SteP 3,4,5,6,7,8,9,10

Classifier)

v

Type of Acoustic Events

Figure 3.1: The overall schematic diagram of the proposed scheme.
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3.1.1 Background Theory

Let us consider a physical observations X as
X = [x1,X2, -+ ,Xp] (3.1)

where N is the number of x,,1 < n < N measurements, and the possible target

categories or classes Y as
Y:[ylay27"' 7yK] (32)

where the K classes are mutually exclusive. If we denote X as our observation space
and Y as our decision space, then the goal of a classifier is to map the observation
space to the decision space. Using the fundamental notation of statistical framework,

we denote the probability of a measurement vector’s x,, belonging to class yi as

p(yk|xn) where 0 < p(yx|x,) <1 and

S i) =1 (33)

Since this probability can only be estimated after the data has been seen, it is generally
referred to as the posterior or a posteriori probability of class y,. Consequently, we

can find the optimum decision that assigns x,, to class yy if
p(yr|xn) > p(y;|x,) where Vj =1,2,...., K and j # k (3.4)

This optimum strategy which is often called “Bayes” decision rule, assigns the class
v that yields the highest posterior probability, given the measurement vector x,, [28].
In our approach, we use HMM mixed with Gaussian Mixture Models (GMMs) so that
in each state of HMM, there are various numbers of Gaussians generated to represent
the observation data [29].

3.1.2 Proposed Framework

Our proposed framework consists of the following steps (see also Fig 3.1):

Repeat until the convergence is achieved in terms of maximum classification accuracy.

{

1. Set the MFCC window length - We slice the input data into fixed length seg-

ments with 50% overlapping. Our recordings are 15 sec long, so our initial
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MFCC window length is 15 sec duration.
2. MFCC Feature Extraction - We extract 15 MFCC features.

3. Data Generation for Training and Testing - We use 2/3 of the features data
for training and 1/3 for testing.

4. Initialize the HMM and Gaussians - We use 5 Gaussians for each state. Ini-
tial number of states is 1 which is increased by 1 in each iteration. We started

with 5 Gaussians, due to restricted processing resources.

5. Train the HMM-GMM - Generate multiple models (each model represents a
variation of call belongs to a particular class) and build a posteriori as well
as transition probability matrices and Gaussian parameters of p and o that

represent for the training data the best in terms of maximum likelihood.

6. Apply B-spline Approx to Gaussian Parameters - After generating the u
(mean) and o (co-variance) values for GMM mixtures, we apply the 4th-order

B-spline function for their approximation.

7. Test the HMM-GMM - Extract the maximum likelihood values for each ob-

servation of the 15 sec test sequence.
8. Create the Confusion Matrix - Calculate the classification performance.

9. Adaptive Adjustment - Increase the number of states and decrease the MFCC
window length. There are 5 different parameters to adjust in an HMM chain
utilizing GMMs and MFCC feature extraction algorithm. Two of the most

important parameters has been selected to observe classification ratio.

10. Go to step 2.

}

It is worth to mention that the single model HHM-GMM generates only 1 model in
step 5 as well as omits step 6, and the multi model HMM-GMM omits step 6 whereas
our improved multi model HMM-GMM includes all steps. It should also be noted
that, in testing mode, decisions are made in according to mahalonobis distance metric

between the learnt models and input test data [30].
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Discussion

In our framework we have used 4 different types of activities; Sperm whale call,
Humpback whale call, boat sound and noise as our audio sources. We first slice the
input data into fixed length segments with 50% overlapping by moving a sliding win-
dow. The choice of the initial sliding window length corresponds to the whole length
of the data but reduced by HMM framework in each iteration while calculating the
classification rate in terms of confusion matrix. In step 2, 15 MFCC features are
extracted (we also tested with 20 MFCC features, however the changes in terms of
classification performance are not noticeable). In step 3, we randomly separate the
features into training dataset and test dataset (2/3 of the input features are used
for training and 1/3 for testing). In step 4, we placed the Gaussians randomly in
space, by using the K-means algorithm to generate the initial Gaussian parameters
(1 and o values), while priori probabilities and the transition matrices are randomly
generated. In step 5, HMM-GMM model is trained to generate the Gaussians so that
the input dataset can be represented the best while iteratively maximizing the like-
lihood of the observation sequences. With GMMs the observation space is modelled
using Gaussian multivariate densities, which are consequently weighted and added to
compute the emission likelihoods of each of the states or the state output probability.
The Gaussian components are state specific and parameterized by the mean vector
(representing the mean of the component as a d-dimensional vector) and by the co-
variance matrix (describing the metric of the space spanned by d-dimension) [31]. The
HMM state output probability P(z;|g;) is calculated from the state pdf P(X |@Q) by
p(xy |g;) = P(X = 2¢|Q = ¢;) with the given model as follow:

K
0" = arg;nax H P(X;|0) (3.5)

j=1

where estimation of the GMM parameters § = {u,o0} is done by the standard
Expectation-Maximization (EM) algorithm [31] and 6 consists of a set of parame-

ters (i.e means and covariances) for M number of Gaussians, whereas 6* is an opti-

K
mum value of § that maximizes the [[ P(X;|0). In step 6, Gaussian parameters are
j=1
smoothed with a finite support B-spline interpolator. B-spline approximation algo-

rithm runs on the p and o values where the order of B-spline is chosen as 4 [24]. In

order to show the effectiveness of the proposed modification, PCA (principal compo-
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nent analysis) is applied to the multivariate Gaussians estimated by the EM algorithm
and the differences between non-interpolated and interpolated Gaussians are shown
Fig. 3.2 for the sake of visualization. As we see in Fig. 3.2(a), the bivariate distri-
bution of estimated GMMs is very smooth with B-spline compared to the distribu-
tion without B-spline (see Fig. 3.2(b)). Since the interference between the generated
Gaussian surfaces are smoothed out with the B-spline, it gives more precise decision
boundaries for the improved HMM-GMM classifier.

Mesh plot with Bspline Mesh plot without Bspline

Figure 3.2: Estimated GMMs (a) with B-spline Approximation and (b) without B-
spline Approximation.

3.2 Experimental Results and Analysis

3.2.1 Data

We have collected the data from the Ocean Networks Canada (ONC)(http://www.
oceannetworks.ca) observatory where 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 commu-
nication. This particular hydrophone is of high quality, and can be integrated into
an existing underwater instrument package. The ONC hydrophone collects the data
at a constant rate and can generate approximately 5.5 GB of data per day where the
sampling frequency of the ONC data is 96 kHz. The ONC dataset used consists of
46 whale-call, 23 boat-sound, and 23 noise recordings. Each recording is 5 minute

long and among the 46 whale-call recordings, 23 recordings contain Sperm whale calls
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while the remaining 23 recordings have Humback whale calls. Each 5 minute record-
ing is then sliced into 20 segments of 15 sec durations for processing. Therefore, the
dataset consists of 1840 15-sec segments. It should be noted that splitting of training

and testing datasets done at the recording level not at the segment level.

3.2.2 Results and Performances

The proposed scheme is evaluated in terms of classification results for real hydrophone
data with and without B-spline approximation. Results are obtained over 100 different
runs in which the feature sets are split randomly by recording where 2/3 of the data
are used for training and 1/3 of the data are retained for testing. In each case, the
feature set is normalized to have zero mean and unit standard deviation. In Figs. 3.3
and 3.4, the classification results of our improved multi model HMM-GMM (improved
with B-spline applied to Gaussian parameters) are presented with respect to various
number of Gaussians (M), number of states (@), MFCC window length, and number
of MFCC features. It can be seen that classification accuracy of the improved mult-
model HMM-GMM is quite high around (97-98)%. Moreover, the results are quite
consistent with respect to the number of Gaussians when the number of states is higher
(e.g. 4) and the window length is smaller (e.g. 25% of the data length of the full length
window). Here, we did not consider the delta-MFCC and delta delta-MFCC due to
high classification performance achieved by the MFCC features. Also, in Fig. 3.4(c),
it is seen that for a window of 3.75 sec, the accuracy does not remain constant, but
increases slightly for a number of Gaussians greater than 3. Because, at lower number
of states, it requires a fairly large number (e.g. 4) Gaussians for modeling the feature
vectors to any required level of accuracy. Note that in Figs. 3.3 and 3.4, when the
window length decreases, the performance goes better, while the performance drops
when the window length is less than 3.75 sec (e.g. the classification accuracies are
dropped by (6-7)% and (10-13)% when the window length is decreased to 1.5 sec and
1 sec, respectively). In this case, the cluster points of the source features are closer,
or the respective transitional regions are overlapped (the corresponding scatter plot is
not shown here). It makes the decision boundaries specially between the whale calls
and boat sounds are getting closer and deteriorates the performance.
We compare our results with the decision tree [32] and multi-class SVM (MSVM) [33]

classifiers, since they are useful tool for multi-class classification. In decision tree, the

leaf node represents the complete classification at a given instance of the attribute



27

-

o

=
-
)
o

NUMBER OF STATES (Q) NUMBER OF STATES {Q)
—1 4 —1 2 3 a

—_— 2 3 —
-1 £ 95
2 —_— g ~-
g 20 \\/ g 90 .\/
S S
g ss g ss

80 a0

1 2 3 4 5 1 2 3 a s
NUMBER OF GAUSSIANS (M) NUMBER OF GAUSSIANS (M)
(a) (b)

I
1)
o

NUM?ER 05 STAT;S ((1,)‘1
95

a0

ACCURACY(%)

85

80
1 2 3 4 5
MNUMBER OF GAUSSIANS (M)

()

Figure 3.3: Performances (classification accuracy) of the improved multi model HMM-
GMM with 15 MFCC coefficients and window length (a) 15 sec (b) 7.5 sec (c) 3.75
sec.

and the decision node specifies the test that is carried out to produce the leaf node.
Thus with a decision tree, the sub tree that is created after any node is necessarily
the outcome of the test that is conducted.

The overall performances and the comparison results are presented using single
model HMM-GMM, multi model HMM-GMM, improved multi model HMM-GMM,
decision tree, and MSVM classifiers in Table 3.1, where it indicates that similar
performances can be achieved for the number of MFCC coefficients increased from
15 to 20. In Table 3.1, the low performance of the decision tree classification is
due to the fact that the attribute of cross-entropy in the decision tree could not
able to differentiate the whale calls from boat sounds. Table 3.1 shows the lowest
performance for the MSVM classifier which can be due to its less resilient with the
noisy features. For Table 3.1, the number of states and the number of Gaussians are
4 and 5, respectively. It should also noted that, proposed scheme enable to adjust
window length adaptively.

For illustration, the confusion matrix for the HMM-GMM and the improved
HMM-GMM classifications are presented in Table 3.2, where the parameters used
are as follows: MFCC window length=3.75 sec, number of Gaussians=5, number
of states=4, number of features=15. As we can see in Table 3.2, significantly im-
proved sensitivity and accuracy have been achieved by our improved multi model
HMM-GMM classification. As explained earlier, our method looks for the maximum

likelihood of the estimated Gaussian parameters with test data. Even though having
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GMM with 20 MFCC coefficients and window length (a) 15 sec (b) 7.5 sec (c) 3.75

sec.

Table 3.1: Average results of classification accuracy (%) for different classifiers

Number of Features
15 20
MFCC Window Length | MFCC Window Length
15 sec | 7.5 sec | 3.75 sec | 15 sec | 7.5 sec | 3.75 sec
Single Model HMM-GMM 20 23 53 22 25 53
Multi Model HMM-GMM 91 89 98 91 92 98
Improved Multi Model HMM-GMM 93 91 99 93 95 99
Decision Tree 64 59 64 58 62.5 60
MSVM 41 41 41 48 45 48

multiple states helps to increase the classification accuracy, using only one Gaussian

is not sufficient since we are dealing with real noisy hydrophone data.

Table 3.2: Confusion matrix when multi model HMM-GMM (A) and improved
multi model HMM-GMM (B) are used, the classification accuracy as indicated
in the right bottom corner (bold face) is calculated from the confusion matrix as

<Sum of diagonal elements)

Sum of all elements

Whale Boat Noise | Specificity
A/B A/B A/B A/B

Whale | 1080/1320 | 240/120 | 120/0 | 0.75/0.91
Boat 0/0 720/720 | 0/0 1/1
Noise 0/0 0/0 720/720 1/1

Sensitivity 1/1 0.75/0.86 | 0.86/1 | 0.87/0.96
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3.3 Conclusion

This paper proposes an iterative multi-class classification scheme by combining the
adaptive MFCC feature extraction method with a multi model HMM-GMM classi-
fier with B-spline for classification of acoustic events for real recorded hydrophone
data. This new scheme introduces the adaptive MFCC features by adjusting the
window length as well as B-spline approximation of the generated Gaussian parame-
ters. As a result, the HMM-GMM classifier achieves high performance using low-sized
features. In our approach, separation of decision regions is enhanced by applying B-
spline approximation to the generated Gaussian parameters, while approximation of
the parameters with B-spline also reduces the variance of classification performance.
Moreover, proposed method allows us to automatically annotate the new test data
and use them as a part of training data for further classification. A key finding in this
work is that the optimum window length for our ocean acoustic data is almost three
orders of magnitude longer than for speech. This fits well with the whale calls with
average duration of 2-3 sec. Therefore, in our future work, we would like to expand
this work to a two-stage classification scheme where various types of whales calls (e.g.
Sperm, Humback and Fin whales) as well as other events such as earthquakes in the
ocean, will be classified further using larger data sets. Furthermore, we extended our
to include 48 days of data recorded in 2014. Results can be seen in Table 3.3:

Table 3.3: Confusion matrix for long-term data

Results humpback whale | sperm whale | fin whale | unknown
humpback whale 97% 1% 0% 2%
sperm whale 2% 88% 0% 10%
fin whale 0% 0% 76% 24%
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Chapter 4

Multiple Classifiers Fusion to
Classify Acoustic Events in ONC
Hydrophone Data

In this chapter, we present a new framework of multiple classifiers fusion to classify
acoustic events in ONC (Ocean Network Canada) hydrophone data. The outputs
of three different classifiers are fused based on aggregation of a generated decision
matrix. An ensemble class label is thereby obtained for the classification of acoustic
events into multiple classes of whale calls, boat sounds and noise. The classification
performances are evaluated using real recorded hydrophone data showing an overall
improvement of the classification accuracy by 10% then the proposed method in
chapter 3.

Hydrophone data classification problems have become more complex due to stream
of large amount of data. Not only the highly sampled data but also noise, making the
classification problem even more complicated. As a consequence, the classifiers are
ending up dealing with difficult situations such as, spectral overlapping, very low SNR
(signal to noise ratio), highly correlated spectral feature sets, etc. In order to han-
dle such situations while maintaining a classification accuracy, a fused classification
framework has been purposed here which utilizes a Bayesian based stochastic classifier
(HMM-GMM), a decision tree (DT) classifier and an artificial neural network (ANN)
classifier. Currently multiple-classifiers fusion is receiving increasing attention[34].
Although multiple more sophisticated approaches proposed in[34], designing a real

time operating system stays as a challenge in terms of processing power. The work
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published so far demonstrates that success of the ensemble approach to classification
in a variety of application domains[35]. Research on classifier ensembles permeate
many strands in machine learning including streaming data[36], biometrices[37], con-
cept drift and incremental learning|[38].

Bayesian based stochastic classifiers have advantages such as they can classify
high dimensional features of an observed data. One example for this type of classifier
is an HMM (Hidden Markov Model) chain utilizes multiple GMMs (Gaussian Mix-
ture Model). HMM-GMM type of classifiers are more sensitive to temporal changes.
However, HMM-GMM approach has certain limitation: the input feature vectors are
assumed to be statistically independent, or the corresponding HMM-GMM model as-
sumes that there is no correlation between the consecutive frames. DT classifiers use
predictive models which are fast in terms of processing speed and relatively robust
to noise since they tend to over fit the noisy data. However, DT classifiers are not
efficient for online learning (when data streams continuously coming and model has
to be continuously updated as well) since any data can include exceptional situation
(randomness) may force the decision tree to be fall apart and need to be constructed
again. ANN classifiers are capable of reflecting the information of new instance on
a model efficiently by just changing the weight values. However, ANN models come
with some disadvantages such as, difficulty in adjustment of parameters (learning
rate, regularizer coefficient, number of hidden layers, selection of activation function)
and need long time to be trained compared to other methods like decision tree or
HMM-GMM. The work described in this chapter is described in [8].

4.1 Basic Idea

The basic idea is that several classifiers are employed to make a classification decision
about the object submitted at the input, and the individual decisions are subsequently
aggregated. The output of the ensemble is a class label for the object. By combining
classifiers, we are aiming at an accurate classification decision which is not achievable
using simple trainable classifiers. Instead of looking for the best set of features and
the best classifier, here we look for the set of classifiers and their combination method.
Early work on this idea is presented in [34]. In general, the classifier fusion should
work due to the following reasons: Statistical reasons - The empirical estimate of
the classification performance is a random value depending on a given data and the

training algorithm. So, there is always uncertainty associated with the performance



32

estimate. Instead of pricing just one classifier, a safer option would be to use them
all and average their outputs. Computational reasons - Imperfect training algorithm:
Suppose that the quality of the estimate of the classification performance depends
entirely upon the training algorithm. A combination of the outputs of several diverse
suboptimal classifiers may lead to a better overall classification. Representation rea-
sons: A complex classification boundary (of any shape) can be approximated with a
desired precision by simple boundaries. Classifiers fusion of different classifiers can

approximate a highly nonlinear classification boundary.

4.2 Method

The block diagram of the proposed classification method is presented in Fig. 4.1, where
the outputs of the L classifiers are fed into the multiple-classifiers fusion, which gives

the output of the class label.

- Multiple-
Classifiers Classifiers
Fusion
D
1
D
2
=
Feature [ass
wvector abel
(MFCC)
D
L

Figure 4.1: The block diagram of the proposed scheme.

4.2.1 Feature Sets Generation

The input hydrophone recordings are partitioned first into blocks of defined large
segments of 15 seconds since it is large enough to contain the target events under
consideration. Then the 1D data block is converted into a feature map by trans-
forming the data segment from time domain into frequency domain followed by fil-
tering the FFT spectrum through Mel filter bank. The MFCC feature set is then
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constructed from the feature map by summing its outputs followed by logarithm op-
eration as well as DCT transformation[39] and used as input to a classifier. The
MFCC feature set is considered here since it is one of the most effective and general
purpose features[40]. Moreover, it has also strong low-frequency sound capabilities,
and weaker high-frequency sound perception which is suitable for our low-frequency

events classification.

4.2.2 Multiple Classifiers Fusion

Let us consider that we have L classifiers and K objects, i.e. classes. We have the
following decision profile matrix DP(z) for each input x based on the outputs of L

classifiers C;,1 =1,2,--- , L as

[ dyi(z) - dygp(z) - dyg(x)
dpa(x) o dpg(z) o dpg(a) |

Then the support of the kth class P(k) from the classifiers C4,--- ,Cp, is:

I 1/a
P(k) = (% > dffk(x)) (4.2)

where « =1/L and k =1,--- , K. (Note that matrix elements are 1s and 0s)

Finally, we assign the ensemble label £* to the object where

k* = arg rknléfc P(k) (4.3)
Here is the algorithm for each new object:
1. Classify the new object x to find its decision profile DP(zx).

2. Calculate support for each class by Eq. (4.2).

3. Assign the ensemble label £* to the object using Eq. (4.3).
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For example, in our case, we have three classes/objects, i.e. whale calls, boat sounds
and noise and three classifiers, i.e. Modified HMM-GMM, Decision Tree (DT), and
Artificial Neural Network (ANN).

For instance, we could have the following illustrative scenario for an input x: The

Table 4.1: An Illustrative Scenario

Classifier Decision

Whale Boat Noise

Modified HMM-GMM 1 0 0
DT 1 0 0
ANN 0 0 1

flow graph of the multiple classifiers fusion is presented in Fig. 4.2.

Decision profile

Classifiers

L7

Class label

Figure 4.2: The flow graph of the multiple classifiers fusion.
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4.2.3 Classifiers

The description of the different types of classifiers used are presented below.

Modified HMM-GMM Classifier

The modified HMM-GMM classifier is initialised by setting the number of states to
5 and the number of Gaussian components per state to be 3. It is worthwhile to
highlight that 5 states with 3 Gaussians gives the best choice. Increasing the number
of states reduces the duration of each state while it lowers the transition probabil-
ities and does not change the classification performance. Increasing the number of
Gaussians does not show also the increment in the performance since the data points
represented by 3 Gaussians seems to be good enough for our classification. The
HMM-GMM classifier then generates a posterior: and transition probability matrices
as well as the Gaussian parameters of  and o that represent for the training data the
best in terms of maximum likelihood. After training has been done and models has
been generated, a train data cross check algorithm runs on the trained models and
cross compares them in terms of maximum likelihood. This step increases the trained
model’s accuracy further. For example, if there is a whale call followed by noise then
the latter one is placed to the noise dataset instead of leaving it in the whale dataset.
After reorganizing the training dataset, a B-spline approximation is performed to the
Gaussian parameters using a 4‘"-order B-spline function. For testing, the maximum
likelihood values are extracted for each test sample to find the respective class label.
Here, for the modified HMM-GMM classifier, 2/3 of the dataset is used for training
and 1/3 for testing. It is worth to mention that the modification has been made
by adopting the cross check algorithm and B-spline approximation to improve the

training data and the decision boundaries.

Decision Tree (DT) Classifier

Here, we have considered the decision tree classifier, since it is a useful tool for
multi-class classification[41]. In decision tree, the leaf node represents the complete
classification at a given instance of the attribute and the decision node specifies the
test that is carried out to produce the leaf node. Thus with a decision tree, the sub tree
that is created after any node is necessarily the outcome of the test that is conducted.
Decision tree training leads itself to a recursive tree-growing algorithm [41]. Starting

at the root, decide whether the data is pure enough to warrent termination of the
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training. If yes, make a leaf and add it to the tree. If not, find the feature with
the maximum discrimination ability. Split the data into left and right children nodes
according to the best threshold for that feature. Repeat the procedure for the left and
then for the right child, taking forward the respective portions of the data reaching
that node. For the stopping criterion, we can use a measurable objective function
(e.g. entropy based measure of impurity of the distribution of the class labels) to
decide when to stop splitting. To label a new data x, start at the root of the tree and
follow the path according to the feature values of x. Then we assign to x, the label

of the leaf if it finally arrives at.

Artificial Neural Network (ANN) Classifier

ANNSs are widely used to approximate complex systems and one of the most common
application is classification. In this study, the ANN classification algorithm is used
the most widely used back-propagation neural network, which is trained to perform
the classification. Back-propagation attempts to minimize error through gradient
descent by adjusting each value of a network proportional to the derivative of error
with respect to that value. In back-propagation learning, the actual outputs are
compared with the target values to derive the error signals, which are propagated
backward layer by layer for updating of the synaptic weights in all lower layers[42].
The input variables consist of 20 MFCC coefficients and the ANN structure has an
input layer including 20 neurons, a hidden layer including 3 neurons, and an output
layer including 4 neurons, which are found adequate for our classification using 70%

data for training and the remaining data for testing.

4.3 Data

The experimental data set is collected by Ocean Networks Canada(ONC)(http:
//www .oceannetworks.ca) observatory, where 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 ONC hydrophone collects data
at a constant rate and can generate approximately 5.5 GB of data per day. The

sampling frequency of the ONC data used is 96 kHz. Same number of dataset used
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as in previous chapter.

4.4 Results

We have considered three classes of whale calls, boat sounds and noise to show the
efficiency of the proposed method. The corresponding classification results are shown
in Figs.4.3-4.5. In Fig. 4.3, the number of the true classification (class label 1) and
misclassifications (class labels 2 and 3) of the whale calls are presented. Similarly,
the number of the true classification (class label 2) and misclassifications (class labels
1 and 3) of the boat sounds are shown in Fig. 4.4, whereas Fig. 4.5 shows the the
number of the true classification (class label 3) and misclassifications (class labels 1
and 2) of the noise. Based on the results of histograms in Figs.4.3-4.5, we have shown
the performances in Table 4.2, where we can see that the proposed classification
method (D) outperforms the three classifiers (A,B,C) in terms of higher sensitivity,
specificity and accuracy. Qualitive definitions for accuracy, specifity and sensitivity

given in Appendix B.
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Figure 4.3: The results of the histograms for classification-misclassification of whale
calls based on (a) Modified HMM-GMM, (b) ANN, (c¢) Decision Tree, and (d) Pro-
posed classifications, respectively.
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Table 4.2: Confusion matrix when Modified HMM-GMM (A), ANN (B), DT(C),
and Proposed method (D) are used, where the classification accuracy of each

classifier is shown in the right bottom corner (bold face) which is calculated as
Sum of diagonal elements)
Sum of all elements

(

Whale Boat Noise Specificity

A/B/C/D A/B/C/D A/B/C/D A/B/C/D
Whale 154/212/196/225 24/23/29/11 62/5/15/4 0.64/0.88/0.81/0.94
Boat 28/7/27/10 89/105/92/109 15/8/1/1 0.74/0.87/0.76/0.91
Noise 1/1/1/1 1/4/1/1 118/115/118/118 0.98/0.96/0.98/0.98

Sensitivity

0.84/0.96/0.87/0.95

0.78/0.79/0.75,/0.90

0.60/0.89/0.88/0.96

0.75/0.90/0.84/0.94
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Figure 4.4: The results of the histograms for classification-misclassification of boat
sounds based on (a) Modified HMM-GMM, (b) ANN, (c) Decision Tree, and (d)
Proposed classifications, respectively.

4.5 Conclusion

This paper proposes an Modified framework for acoustic event classification of real-
recorded hydrophone data based on multiple-classifiers fusion. The proposed classifier
which is based on multiple-classifiers fusion, is providing promising results with the
highest classification accuracy than the Modified HMM-GMM, ANN and DT clas-
sifiers. In the future, we would consider data fusion with this proposed scheme.
Sometimes data come from different sources, and the features may be of different
nature (distinct pattern representation). Instead of pooling all features, it might be
better to build separate classifiers on the different groups of features and combine the
classifier outputs. In another way, it might be more effective if different classifiers are

trained on the different modalities.



40

Modified HMM-GMM Classifier ANN Classifier
150 150
100 100
g g
s0 s0
—
° = 5 . 5
Class Index(1:whals call,2:boat,3:noise) Class Index(1:whale call,2:boat,3:noise)
Decision Tree Ciassifier Proposed Classifier
150 150
100} 100(
sof sof
o o
0 = 5 = 5
Class Index(1:whale call.2:boat,3:noise: ) Class Index(1:whale call.2:boat,3:noise: >

() (d)

Figure 4.5: The results of the histograms for classification-misclassification of noise
based on (a) Modified HMM-GMM, (b) ANN, (c) Decision Tree, and (d) Proposed
classifications, respectively.
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Chapter 5

A New Automatic Whale Calls
Detection Algorithm Using a
Modified Filter Bank

5.1 Introduction

In this chapter, we introduce a novel approach for detecting whale calls in noisy
hydrophone data. The goal is to provide call-by-call annotated data to our classi-
fier. The problem is challenging due to both parameter selection and uncharacterized
broadband noise. Our method is based on a modified perceptual filter bank to distin-
guish broadband noise from data which enables reliable detection of whale activities
in low frequencies (below 1 kHz for humpback and fin whale calls) as well as higher
frequencies (between 4 kHz and 9 kHz for sperm whale calls). Our method was
tested with 14370 minutes of data spanning a single year, and using a human opera-
tor’s annotations as ground truth. The proposed method achieved over 90% success
in finding activity segments with their time stamps. Long-term monitoring and in-
terpretation of the sound field in the ocean can help answer important questions
associated with marine mammal conservation. When monitoring events that occur
under the ocean, sound information captured using hydrophones plays an important
role because acoustic waves can travel long distances in the ocean.

In this work, we use hydrophone data from Ocean Networks Canada (ONC) [43].
The task of detecting whale calls from this data is challenging as the ONC record-

ings mostly contains highly-correlated non-Gaussian noise as well as other distur-
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bances such as acoustic doppler current profiler (ADCP) interference and boat noise.
However, call-by-call detection and classification is important for real-time long-term
whale activity monitoring.

Methods for automated event detection in ocean acoustic data are reviewed here.
Bowhead whale detection has been studied In [44] for bowhead whales, the method
flags any transient event that occurs in the acoustic data using a version of a cell
averaging/clutter map constant false alarm rate (CFAR) detector. However, this
method would not work for humpback whale and fin whale calls due to highly un-
categorized (non-Gaussian) low frequency noise presented in the ONC hydrophone
recordings [43] when the harmonics of both whale calls are not strong enough to be
detected by a simple energy detector. In [45], an automatic detection method with a
fixed threshold has been developed in high SNR without interfering sounds to detect
blue whale calls in Southwestern Indian Ocean. In [46], detection and recognition of
North Atlantic right whale calls in the presence of ambient noise is described based
on multistage hypothesis testing including a generalized likelihood ratio test (GLRT)
detector, spectrogram testing and feature vector testing algorithms. The algorithm
of [46] has high probability of recognition on synthetic signals however when tried
on real calls, the ratio dropped down due to low signal to noise ratio. Furthermore,
authors mentioned that investigation of the influence of the SNR on the recognition
probability was not a purpose of that work, test results demonstrate that the recog-
nition probability decreases as the SNR goes down. The rest of the work done in
literature is presented in [47], [48] and [49].

Our proposed technique improves the signal to noise ratio of sperm whale, hump-
back whale and fin whale calls in the presence of wide band uncharacterized back-
ground noise, and thus enabled us to find accurate start and end time detections for
each call. Our method uses the Gammatone perceptual filter bank combined with a
peak detector that generates promising results. Unlike the other studies mentioned
above, our work has addressed the following practical issues,: 1) call-by-call detection
for different types of whales in Pacific Ocean (humpback, sperm, and fin whales), 2)
call-by-call detection for low SNR signals with interfering noise, 3) detection using
the ONC hydrophone data taken in the Pacific Ocean, 4) detection using long-term
data sets.

In our study, we use call-by-call annotations created by ONC staff available for the
first four days of each month for the year 2014 as the ground truth. We have chosen

three species of whale (humpback, sperm and fin) since these calls can cover different
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frequency bands including low-frequency band (10-50 Hz for fin whale activities),
mid-frequency band (100-800 Hz for humpback whale activities) and high-frequency
band (4-9 kHz for sperm whale activities). The data consists of 14370 minutes of
recordings segmented into 2546 single call events by ONC. 2281 single calls (90%)

with time stamps close to the annotated data were detected by our method.

5.2 The Proposed Algorithm
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s(t) reconstructed signal
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Figure 5.1: Flow diagram for the proposed method.

The steps of the proposed algorithm are explained below, the overall flow dia-
gram of the complete proposed algorithm is presented in Fig. 5.1.and the relevant
parameters are in Table 5.1.

Step 1 - Signal conditioning: This is performed by removing the mean-value of
the input signal and normalizing the amplitude to yield the conditioned signal s(t).

Step 2 - Resampling based on configuration: The conditioned signal s(t) is resam-
pled and highpass filtered according to the values shown in Table 5.1 to yield ¢(t).
The resampling improve the resolution in the desired frequency range listed in Table
5.1.

Step 3 - Perceptual filter bank and Discrete Fourier Transform (DFT) filter bank:
Resampled and highpass filtered data ¢(t) is applied to a perceptual (i.e. gammatone)
filter bank as well as to a DFT filter bank [50] for SNR comparison. Gammatone

filter bank consists of multiple gammatone filters with different center frequencies.
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Configuration Symbols | humpback whale | sperm whale | fin whale

Original sampling rate (Hz) 64000 64000 64000
Original duration of the recordings (min.) 5 5 5
Resampling rate (Hz) F, 4000 18000 100

Highpass filter cut-off freq. (Hz) 100 4000 10
Window size (samples) w 12000 8192 700

Hop size (samples) H 6000 4096 350

FFT size F 8192 16384 512

Min. freq. of observation interval (Hz) fi 100 4000 10
Max. freq. of observation interval (Hz) f2 800 9000 50
Number of channels for gammatone filter bank K 32 4 16
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Figure 5.2: The analysis and synthesis of the gammatone filter bank. The same figure
applies for the DFT filter bank using di(t) instead of, gx(t).

The gammatone filter bank may be represented in the form of impulse response in

the time domain:
gr(t) = at" e cos(2rwit + ¢); k=1,--- | K (5.1)

In Eq. 5.1, wy is the center frequency of each filter in Hz, ¢ is the phase (usually set
to 0), a controls the gain, n is the order of the filter (usually set to be less than or

equal to 4) and by, is the decay factor for each filter, which is related to wy, given by:
br = 1.019(24.7 4+ 0.108wy,) (5.2)

where 1.019 is the proportionality constant for a 4th order gammatone filter and is
given in [51]. The values of wy for a 4th-order gammatone filter bank are derived in

the appendix. DFT filter bank impulse response is given in Eq. 5.3.

dp(t) = hOWR™, k=1,2,.,N

Wy = e—i2m/N
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Table 5.2: Configuration for Window Size

Configuration humpback whale | sperm whale | fin whale
Max. call duration (sec.) 3 0.5 7
Selected window size (sec.) 3 0.45 7
Selected window size (samples) 12000 8192 700

Step 4 - Modified filter bank synthesis: The signal ¢(¢) is input to each channel

gr(t) and r(t) is the reconstructed signal.

or(t) =q(t) x gr(t), k=1,2,---  Kand t=1,2,---,N (gammatone filter bank)
(5.4)
o(t) =q(t) xdi(t), k=1,2,--- , Kand t=1,2,--- N (DFT filter bank)

(5.5
r(t) = max([o1(t), 09(t), -+ ,0k(t)]), t=1,2,--- N (5.6)

Reconstructed signal r(t) is obtained by taking the maximum energy samples at each
filter’s output, og(t). A highpass filter is then applied to remove the dc offset that
appears on r(t) while taking the magnitude of the maximum energy samples. The
cutoff frequencies used for the highpass filter are listed in Table 5.1 for both DFT
and gammatone filter bank.

Step 5 - Calculate spectrogram of the reconstructed signal: For the output of the
modified gammatone and DFT filter banks X, (¢), X,(t) we have calculated the spec-
trogram Xg4(v, 1) and Xg4(v, 1) with the window size that is used to obtain optimum
time resolution. The sizes of the windows are selected based on our observations for

call durations, which are listed in Table 5.2.

Step 6 - Each row of X,4(v,1), Xq(v,1) € [F//2xT] is indexed by frequency(v) and
each column is indexed by time(l). F' is the size of FFT and T is the total number
of time bins in the spectrogram given as (provided that overlap is 50% (H = W/2)):

N
T=— 5.7
= (57)
where N is the length of input signal and H is the hop size. We select the rows

ofX,(v,1) and X4(v,1) in the frequency range fi, fo. Thus Y,, Yy € (n, x T') is the
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observation matrix obtained from the spectrogram X, (v, 1), X4(v,1) as:
(5.8)

where the start and end frequency bins m and n, are calculated for sampling frequency

F:
m— hHF " foF
F,’ F

Step 7 - Summation of power in each time bin: The total power in each time bin

(5.9)

of Y, and Y} is calculated to find the energy differences according to Eq. (5.10);

The resultant time sequence F(I) then has the energy peaks of the activity regions.

Step 8 - Perform peak detection: We have utilized MATLARB’s peak detector [52]
on E to find the peak locations (local maxima) within the selected frequency bins.
Peak detection is done by using default values. Detected peaks at the output of the
synthesized gammatone filter bank can be seen in Fig. 5.3. Peak detector runs on
E(l) and finds the center time location of each activity and holds the results in V.
Then +/- 1.5 secs. margin for humpback whale, +/- 0.25 secs. margin for sperm
whale, and +/- 3 secs. margin for fin whale calls is added to define the time limits
of bounding boxes in Fig. 5.3. The frequency limits are f;, fo. Those margin values
are added in according to the maximum duration of the individual calls presented
in Table 5.2. We then compared the relative time stamp errors between detected
regions and ONC annotations. Furthermore we also measure the SNR by calculating

the RMS magnitude difference between the activity regions and non activity regions.

5.3 Results and Evaluation

The proposed method is developed to detect begin and end time stamps of whale
activities to provide call-by-call annotations to our classification framework while
generating a perceptually better call sounds. This will help human operators to
perceptually confirm their annotations. We compared performance of the proposed
detector /de-noiser with standard DFT filter bank. For this comparison the band-
widths of filters in DFT filter bank are adjusted to match the number of filters in
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Figure 5.3: Illustrative spectrograms of proposed method. The dB scale is relative
to the power of a full scale sinewave. The numbers above or below of each bounding
box represent the value of E(l) from Eq. 5.10 (a) humpback whale calls by DFT filter
bank, (b) humpback whale calls by gammatone filter bank, (c) sperm whale calls by
DFT filter bank (the periodic signal between 5000-6000 Hz is a result of the ADCP
pulses), (d) sperm whale calls by gammatone filter bank, (e) fin whale calls by DFT
filter bank, (f) fin whale calls by gammatone filter bank.
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Table 5.3: Statistical values for measured SNR (dB)

Signal | humpback whale sperm whale fin whale
mean | std | skew | mean | std | skew | mean | std | skew
q(t) 2.26 1099 | 0.76 3.87 [ 4.55 | 2.00 13.62 | 6.16 | 1.25
xq(t) 6.89 | 3.22 | 0.57 4.45 1495 | 1.87 | 1387 | 7.2 1.17
x,(t) 597 | 261 | 0.34 4.69 |5.00 | 1.89 13.06 | 6.22 | 0.63

gammatone filter bank. The results for three example recordings for different mam-
mals types can be seen in Fig. 5.3. In Fig. 5.3 the red bounding boxes show the
detected activity regions for the reconstructed signal and the associated values rep-
resent the sum of the energy in each region (E, (1), E4(l)). In Table 5.3, the statistics
of SNR are shown for different types of whale calls SNR is calculated as the ratio
between the average power in the detected activity region and the average power in
no activity region. Note that the statistics of SNR are obtained by considering all
the annotated calls, see Table 5.4.

The detection results in terms of detection ratio are presented in Table 5.4. The
proposed method with gammatone filter bank always provides higher detection ratio
than the DFT filter bank based method. This is explained when a histogram of
E(l) is considered for the entire dataset. With the uncharacterized broadband noise,
the total energy difference between activity and non-activity regions are smaller with
DFT filter bank. Furthermore, we observed that the gammatone filter bank spreads
the distribution of call energy such that, even in low SNR values we observe energy
peaks. We also observed gammatone filter bank yielded a better perceived sound

quality which helped ONC operator to confirm the results by listening.

Table 5.4: Detection Ratio (%)

Call-by-call | Correct detection | Correct detection
annotations with DFT with Gammatone
done by ONC filter bank filter bank
Humpback whale 1032 812 (78.6%) 1018 (98.64%)
Sperm whale 263 182 (69.2%) 251 (95.4%)
Fin whale 1251 542 (43.3%) 1112 (88.9%)
Total 2546 1536 (60.3%) 2381 (93.5%)

For further evaluation we used time stamps from call-by-call annotations provided

by ONC to verify our results.

We, therefore, calculated the relative error of the
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extracted time stamps:

las — 68| + |ae - 6e|

RE(%) = 2 x 100 (5.11)

Qe — Qg

where, a, is actual start time, e is extracted start time, a. is actual end time and

e. is extracted end time. In Table 5.5, the corresponding results are shown. The

Table 5.5: Relative Error of the Extracted Time Stamps

DFT filter bank | Gammatone filter bank
Humpback whale 2.57% 0.43%
Sperm whale 1.65% 0.29%
Fin whale 3.26% 0.86%

proposed perceptual filter bank based method not only provide improved detection
but also enabled us to make call-by-call annotations with accurate time stamps for

our back end processing, such as classification.

5.4 Conclusion

We have developed a method for extracting activity segments from noisy hydrophone
data (containing various whale calls) to be classified by our classifier, with the goal
of achieving call-by-call annotations and classifications with accurate time stamps.
The data used for testing was from Ocean Networks Canada (ONC) and contained a
significant level of broadband and correlated noise. To find the peak energy regions,
we developed a method that could increase the spectral strength of the signal of
interest while attenuating the background noise. We used a perceptual filter bank
using gammatone filter bank and standard DFT filter bank with maximum sample
synthesisi method to increase the SNR, and we were able to achieve a detection
ration of 90%. In addition to this work, we also developed an automated framework
for publishing our results on the ONC servers. To date, 38324 calls have been detected
by the proposed detector, and 38119 of them were classified successfully. We would
like to extend our detector to cover different mammals in other frequency bands (e.g.
Pacific white sided dolphins), as well as other disturbances (ADCP pulses, small/big

sized boats).
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Chapter 6

AQUA Framework and Tools

6.1 Abstract

An underwater audio detection, identification, and classification framework (AQUA)
was generated for this dissertation. AQUA is a real time system, running on Westgrid
servers, that automizes the annotation process on both live and archived data. It
retrieves data from the ONC data management system (DMAS), in which it perfoms

detections and classifications.

6.2 Introduction

The overall block diagram of AQUA framework and its modules can be seen in Fig. 6.1.

AQUA runs on multiple Matlab threads controlled by Python scripts. AQUA has
the capability to be trained and tested with 5-minute long recordings (default ONC
file size), as well as single calls. However, file sizes, memory, and process requirements
makes it difficult to achieve this goal with Matlab. With the help of scipy and numpy
modules of python, we generated a real time system, which can manage downloads,
synchronize mutliple matlab threads with different configurations, and generate an-
notation reports. In addition to detection, identification, and classification, AQUA
provides tools to help human operators on manual annotation tasks. These tools are

listed as follows:

e Download manager: manages downloading sound files from ONC data manage-

ment server with specified dates.
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Figure 6.1: Overall block diagram of AQUA framework.
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e Data integrity checker: checks the integrity of each downloaded file (sample

rate, duration, broken compressed files, etc.).

e File parser: parses the annotation files delivered by ONC and generates down-

load strings for the download manager.

e Audio slicer: prepares slices of audio with specific time stamps, in accordance
to the ONC annotation file.

e Manual data quality checker: an application for the operator to be able to

virtually check the quality of annotations before a training session.

e Visualization: plots spectrograms with bounding boxes around detected events,
and publishes the results on the AQUA web page.

e Reports: prepares annotation reports and uploads them to ONC data manage-

ment server.

e Annotation player: enables operators to listen to annotations done with a given

sampling rate over a web browser.

o AQUA data request service: enables operators to download files in custom

duration and sampling rates.

6.3 File Parser and Downloader

The first step of the training of AQUA is to parse the annotation file delivered by
ONC. An example of an ONC annotation file for both 5 min. long and a call-by-call
basis can be seen in Fig. 6.2.

In training mode, the file parser reads the annotation file and parses the given
annotations in accordance to the chosen whale type, to generate a download string
for the download manager. The file downloader is a python class tool to enable access
to actual audio files (.wav) in DMAS. The file downloader gets the download string
from the file parser module, where it schedules the downloads. In case the desired
mode of classification is a call-by-call basis, the download manager runs the audio

slicer tool. This process is presented in Fig. 6.3.
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4 Resource Name Species Start Date (UTC) End Date (UTC)
145 |Ocean Sonics icListen LF Hydrophone 224 Fin whale 08-0ct-2014 00:01:04  08-0ct-2014 17:58:30
145 |Ocean Sonics icListen LF Hydrophone 224 Fin whale 13-0ct-2014 22:46:22 2014 23:55:22
Sonics icListen LF Hydrophone 224 Fin whale 12-0ct-2014 235121 +2014 235521
len LF Hydrophone 224 Fin whale 01-0¢t-2014 05:35:17 ct-2014 235117
ten LF Hydrophone 224 Fin whale 04-0ct-2014 01:22:46 2014 23:55:32
len LF Hydrophone 224 Fin whale 12-0ct-2014 10:26:21  12-0ct-2014 12:55:21
Sonics icListen LF Hydrophone 224 Fin whale 14-0ct-2014 005135 14-0ct-2014 03:35:35
Sonics iclislen LF Hydrophone 224 Fin whale 25-0ct-2014 121756 25-0ct-2014 20:45:55
133 |Ocean 300 len LF Hydrophone 224 Fin whale 09-0ct-2014 00:23:30  09-0ct-2014 23:57:37
_15 |Ocean Son len LF Hydrophone 224 Fin whale 24-0ct-2014 00:02:06  24-Oct-2014 07:20:38
155 |Ocean Son len LF Hydrophone 224 Fin whale 09-Mar-2015 01:03:37  09-Mar-2015 23:58:38
155 |Qcean Sonics icListen LF Hydrophone 224 Fin whale 11-0ct-2014 17:10:57  11-0ct-2014 23:55:10
157 |Ocean Sonics icListen LF Hydrophone 224 Fin whale 01-0ct-2014 00:00:41  01-0ct-2014 05:25:55

2014 01:11:32
+2014 022121

len LF Hydrophone 224 Fin whale 05-0ct-2014 00:26:32 05
len LF Hydrophone 224 Fin whale 13-0ct-2014 D0:11:21 13
len LF Hydrophone 224 Fin whale 13-0ct-2014 11:21:22 13-0ct-2014 11:51.22
Sonics icListen LF Hydrophone 224 Fin whale 26-0ct-2014 18:26:00  26-0ct-2014 21:44:43
icListen LF Hydrophone 224 Fin whale 13-0ct-2014 18:36:22  13-Oct-2014 18:41:22

Sonics icListen LF Hydrophone 224 Fin whale 19-0ct-2014 01:43:37  19-0ct-2014 23:58:37

164 |Qcean Sonics icListen LF Hydrophone 224 Fin whale 19-0ct-2014 01:43:37  19-0ct-2014 11:38:37
165 |Ocean 3on len LF Hydrophone 224 Fin whale 13-0ct-2014 19:26:22  13-0ct-2014 22:05:22
163 |Ocean Soni len LF Hydrophone 224 Fin whale 10-Mar-2015 00:33:38  10-Mar-2015 00:53:38
(a)

Bl Resource Name Start time (sec) End time (sec) | Species

2 |ICLISTENHF1251_20140101T000159.7297 wav 472203 6.08841 HB

3 |ICLISTENHF1251_20140101T000159.729Z wav 68.28692 69.27152 HB

4 |ICLISTENHF1251_20140101T000159 7297 wav 119.1085 124.1085 NN

5 |ICLISTENHF1251_20140101T000159.729Z wav 271.5444 271.9061 FW

_6 |ICLISTENHF1251_201401017001159.731Z wav 243.0684 2442137 HB
7 |ICLISTENHF 1251_20140101T001159.731Z. wav 244.5754 2449773 FW

]\CUSTENHH251720140101'(002159 7337 wav 293.192 294 1177 FW

9 |ICLISTENHF1251_20140101T003159.734Z wav 1.36637 2.81313 HB

10 |ICLISTENHF1251_20140101T003159.734Z wav 221.4586 222182 FW

11 |ICLISTENHF1251_20140101T004159.7367 wav 177.6536 182.6569 NN

12 |ICLISTENHF1251_20140101T004159 7367 wav 185.1104 186.095 FW

13 |ICLISTENHF1251_20140101T005159.7387 wav 240.3793 240.8816 FW

M |ICLISTENHF1251_201401017010159 7407 wav 11.25409 12.13823 FW

15 |ICLISTENHF1251_20140101T010159.740Z wav 138.7057 140.2328 HB

16 |ICLISTENHF1251_201401017011159.741Z wav 17.62923 18.85495 HB

17 |ICLISTENHF1251_20140101T011159 7417 wav 43.67083 44.09279 FW

18 |ICLISTENHF1251_20140101T012159.743Z wav 47.02649 47.62931 FW

19 |ICLISTENHF1251_201401017012159 7437 wav 112.5327 113.4168 HB

2 |ICLISTENHF1251_20140101T013159.745Z wav 182.1616 182.6238 FW

21 |ICLISTENHF1251_20140101T014159 7477 wav 107.7743 108.4776 FW

2 |ICLISTENHF1251_20140101T014159.747Z wav 196.5763 197.601 FW

(b)

Figure 6.2: An example taken from two ONC annotation files. Screenshot includes 5
min. long annotations (a), and call-by-call annotations (b).

6.4 Data Integrity Checker

The AQUA Data Integrity Checker (ADIC) is a file checking tool for downloaded
files. A text file, called the symptom list file, is fed to ADIC to provide potential
errors to identify (i.e., broken compressed files, unexpected sample rates, unexpected
durations, etc.). The identified files are logged and reported to ONC operators over

a web service. An example screenshot of the web service can be seen in Fig. 6.4.

6.5 Audio Slicer

The call-by-call audio slicer is a tool for extracting audio segments from the annota-
tions provided by ONC.
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6.6 AQUA Web Service

The AQUA web service, which is implemented with python, provides easy access to
the generated classification results. Additionally, the AQUA web service has an in-
teractive user interface, that allows operators to visualize or listen to the annotations.

Example results with live data can be seen in Fig. 6.5

6.7 AQUA Data Request Service

The AQUA data request service is a web service for requesting ONC data. The files
provided by ONC are 5 minutes long. This web-based service enabled us to request

arbirtary duration files with custom sampling rate.

6.8 Confusion Matrix Generator

In evaluation mode, AQUA generates a text file, which has both the classification
results by ONC and the classification results by AQUA. This function prepares the
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Figure 6.4: ADIC data visualization.

confusion matrices for the given file, which helps evaluate the classification perfor-

mance of AQUA.

6.9 Annotation Overlap Finder

The annotation overlap finder is to calculate the relative time stamp error between
the annotations done by AQUA and those by ONC.

6.10 Manual Annotation Quality Checker

The manual annotation quality checker is a tool which helps the human operator to
check the quality of training datasets. This tool enables the operator to change the
brightness and contrast of the spectrogram, as well as the sampling rate, and the

duration shown. An example screen shot of this tool can be seen in Fig. 6.9 and 6.8.
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Figure 6.5: AQUA interactive web service.
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Figure 6.6: (a), parameters for request of hydrophone 1251 with 100 hz sampling rate
and time interval of 2014-01-11 12:33:22 and 12:39:52 (390 secs), (b) response of the

request.
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Figure 6.8: Spectrogram of humpback whale call. (a) untouched spectrograms. (b)
is given 7 axis upper limit as 13 to make whale calls more visible.
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Figure 6.9: Spectrogram of sperm whale call. (a), spectrogram with Z axis upper
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Chapter 7
Conclusion

In this research, we developed an underwater real time detection and classification
framework named AQUA, for three types of whales living in the Pacific Ocean.

In chapter 2, the proposed algorithm successfully identified the recordings with
whale activities. This will allow ONC operators to identify the recordings that contain
whale activities, without listening to every recording. This drastically reduced the
amount of time required for doing annotations, as well as provided training and testing
datasets for our classifier.

In chapter 3, we utilized a maximum log likelihood based HMM-GMM classifier
to make classifications specifically for humpback whales, sperm whales, and marine
vessel sounds. Classifications were performed by using the loglikelihood of the input
data versus trained models. We developed a method to adaptively determine the
number of states, and Gaussians, as well as the parameters for MFCC window size and
number of coefficients. Furthermore, cubical splines applied to generated Gaussian
parameters improved the classification ratio.

In chapter 4, we combined different types of classifiers, such as decision tree, Multi-
class Support Vector Machine (MSVM), and artificial neural networks. Next, we fused
them with the maximum loglikelihood based HMM-GMM classifier to improve the
classification ratio. The results showed that uncharacterized broadband noise, along
with other disturbances, reduced the performance of spectral entropy based classifiers.
Furthermore, the maximum loglikelihood based HMM-GMM classifier enabled us to
make decisions based on the confidency level of each trained model. This resulted
in the addition of a new category, which accounts for unknown (i.e., rare) events.
In contrast, the other classifiers were not capable of making classifications outside of

their learned models.
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In chapter 5, we presented a method that utilized modified filterbanks to detect
the activity regions. Using the automatic whale call detection algorithm, we were able
to accurately determine the time stamps of each specific whale activity. In addition,
it successfully produced a perceptually better sound, which helped human operators
to confirm their annotations. To date, AQUA detected and classified 48 days of
data recorded in 2014 for humpback, sperm and fin whales. The method had a 90%
detection ratio in the presence of uncatagorized broadband noise or other external
distribunces.

Finally, chapter 6 presented the overall AQUA framework, as well as the utilization

of its tools.
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Chapter 8
Discussion and Ongoing Work

The use of the underwater audio event detection, identification, and classification
framework, AQUA, along with its findings, have widespread implications in vari-
ous fields of study. For example, the application of the AQUA framework to the
large amount of archived data will provide NGOs with annotated data for humpback
whales, sperm whales, and fin whales in the North Pacific Ocean. This will provide
comprehensive reports on the activities of these types of whales, which was previo-
suly unavailable. Additionally, the AQUA framework has the capacity to eliminate
the need for manual annotations, which will drastically reduce data processing time,
therefore, increasing efficiency.

The application of AQUA also has the potential to have a direct impact on local
whale conservation efforts, in that it can help to reduce whale deaths caused by ships.
Accordingly, AQUA would provide information on the time, and location for a specific
type of whale to the Canadian Coast Guard. This information would then be used
to notify ships of the need for a course change.

Topics for future research with preliminary results to further enhance the perfor-
mance of AQUA include:

8.1 Morphological image processing based de-noiser:

We are developing a morphological feature based de-noiser. Preliminary results for a

humpback whale and sperm whale can be seen in Fig. 8.1.
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Figure 8.1: Preliminary results for morphological feature base denoiser (a) Original
humpback whale recording, (b) De-noised humpback whale recording, (c¢) Original
sperm whale recording, and (d) De-noised spermk whale recording, respectively.

8.2 Evaluation of multitaper spectrogram for weak

call detection:

Example sperm whale’s multiptaper spectrogram can be seen in Fig. 8.2

8.3 Image processing based activity detection and

identification.

We are also working on an image pattern recognition based activity detection and

identification method based on call-by-call images from spectrogram of each type of
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Figure 8.2: Multitaper spectrogram of a sperm whale call recording with detected
divert calls.

a class. Preliminary results for humpback whales can be seen in Fig. 8.3.

Figure 8.3: Image processing based activity detection and identification on spec-
trogram (a) detection and identification results for humpback whale recording, (b)
training images used

8.4 Event detection with gammatonegram utiliz-
ing B-Spline approximation:

Event detection with gammatonegram utilizing B-Spline approximation method is
also an ongoing research. The aim is to extract very weak call segments. Preliminary

results can be seen in Fig. 8.4
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(b)
Figure 8.4: Event detection with gammatonegram utilizing B-Spline approximation
(a) humpback whale recording, (b) sperm whale recording
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Chapter 9

Future Research

We also would like to add the following features to AQUA:
e Modeling low frequency noise.

e Creating models for earthquake and rain sounds, as well as automatically rec-

ognizing and removing other types of disturbances.
e Low frequency activity detection (earthquake, rain etc...)
e Multi-sensor processing and profiling
e ADCP pulse estimator and cleaner
e Optimization of EM (Expectation maximization) algorithm,
e Optimization of HMM-GMM parameters,
e Optimization of the parameters of feature extraction algorithm,

e Subclass classification,



Appendix A

B-Spline event detector algorithm

Algorithm for Error Pattern 1

Require: x; € R¥*! {template signal}
Require: x, € R¥*! {reference signal}
Require: f; {sampling frequency}
Require: f; {lowest frequency}
Require: f;, {highest frequency}
Require: A; {frequency increment}
Require: f = f; {initial frequency}
while f > f,, (i.e. stopping criterion) not satisfied do
Approximate the x; signal as x;
Approximate the x, signal as X,
Find MSE (mean-square error) between x; and x, signals
store MSE and f
update the frequency f as f = f + Ay

end while

NS Ot W

Output: Error sequence, f sequence

Algorithm for Error Pattern 2

Require: x; € R¥*! {template signal}
Require: x, € RE*! {observed signal}
Require: f; {sampling frequency}

69



Require: f; {lowest frequency}

Require: f;, {highest frequency}

Require: Ay {frequency increment}

Require: f = f; {initial frequency}

while f > f;, (i.e. stopping criterion) not satisfied do
Approximate the x; signal as x;

Approximate the x, signal as x,

Find MSE (mean-square error) between x; and x, signals
store MSE and f

update the frequency f as f = f+ Ay

end while

NS Ot W

Output: Error sequence, f sequence
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Appendix B

Definitions for Qualitative

Measures

Qualitative definitions for accuracy, sensitivity and selectivity is calculated from con-

fusion matrix as follows:

Table B.1: Confusion Matrix

Predicted: Predicted:
NO (N) YES(Y)
Actual: NO(N) | True Negative (TN) | False Positive (FP)

Actual: YES (Y) | False Negative (FN) | True Positive (TP)

Accuracy: Represents how often is the classifier is correct and calculated as:

TP+TN
18T IN (B.1)
total
Sensitivity: Represents true positive rate and calculated as:
TP
—_ B.2
TP+ FN (B.2)

Specifity: Represents how often is the classifier predict a no, when it is actually

a no. It is calculated as:

= (B.3)
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Appendix C

Derivation of Gammatone Filter

Center Frequencies
wr, k€ 1,2, K]

We have implemented a 4th-order gammatone filter bank using the process shown in
Fig. 5.2. We generated w which has K center frequencies between f; and f, that are
placed in ERB-scale. Vector w = [wy, -+ ,wg] holds the center frequencies of each
filter in gammatone filterbank.

First of all, f; and f5 are converted to the equivalent ERB numbers in according
to [53]:

hy = 21.410g,,0.00437f; + 1, hy = 21.410g,,0.00437 f, + 1 (C.1)

Secondly, K center frequencies in ERB scale are generated between h; and hs:

ha —
K—-1

Zk:h1+< >g7 g:077K_1 (02)

Thirdly,generated ERB numbers converted back to Hz values (Eq. (C.3)):

10(,2;@/21‘4)71

_ C.3
0.00437 o K (©3)

Wy = k=1
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Appendix D

Whale Call Detection Algorithm
Further Analysis with Synthetic
Data

In appendix D, we further analyzed whale call detection algorithm proposed in chapter
6 with synthehtic data. We generated 32 filters for each filter bank in the frequency
range of 100 Hz-800 Hz (corresponding to observation interval for humpback whales).
First of all, we evaluated the filter banks with a noisy logarithmic chirp signal sweeping
from 250 hz to 350 Hz. Magnitude of generated chirp signal is 1V p-p. Results can
be seen in Fig D.1.

We also evaluated a single humpback whale call with proposed method and results

can be seen in Fig. D.2,
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Figure D.1: Detected maximum energy samples in filter banks (a) Spectrogram of
noisy input chirp signal, (b) Spectrogram of noisy input chirp signal. (c¢) Frequency
response of DFT filter bank (d) Frequency response of gammatone filter bank (e)
Output of each channel in DFT filter bank (f) Output of each channel in gammatone
filter bank (g) Output of DFT filter bank (h) Output of gammatone filter bank (i)
Resultant spectrogram after DFT filter bank (j) Resultant spectrogram after Gam-

matone filter bank.
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Figure D.2: Single humpback whale call (a) After DFT filter bank, (b) After gam-
matone filter bank.
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