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EXTENDED ABSTRACT

Fisheries independent sampling of species that form spawning aggregations is increasingly important as these fish may
show hyper-stability (Erisman et al. 2011, Heppell et al. 2013). Constant landings and catch rates of species that aggregate
to spawn can continue to occur even though populations may be declining overall (Robinson et al. 2014). In some cases,
regulations that prohibit their capture during spawning months may affect the reliability of fishery dependent metrics. When
spawning ready individuals aggregate to reproduce at predictable times and locations these stocks can potentially be
assessed with surveys to determine size structure and reproductive parameters (Nemeth 2005, Nemeth and Kadison 2013,).
In order to effectively and efficiently survey the population during spawning aggregations the spatio-temporal dynamics of
each species reproductive behavior must be well understood. The months of spawning, days of maximum abundances, and
the occurrence of multiple species at spawning aggregations can vary by location (Mann et al. 2010, Wall et al. 2014) or
over time therefore, any sampling design focusing on spawning aggregations requires this basic knowledge.

The use of passive acoustics of soniferous species has been proposed as a measure of reproductive activity in some
cases because the sounds produced are associated with the formation of spawning aggregations (Amorim et al. 2015, Lobel
et al. 2010, Lobel, 1992). Many groupers that occur in the US Caribbean have been recorded interacting with other individ-
uals and producing species specific sounds during territorial displays, courtship and antagonistic events (Mann et al. 2010;
Schirer et al. 2014, Schérer et al. 2012a, Schérer et al. 2012b). Courtship associated sounds (CAS) are detected during days
prior to spawning and the low-frequency sound levels can be measured in situ to detect differences in reproductive activity
and relative density (Rowell et al. 2012, Schérer et al. 2012b). In groupers these sounds are generated by the rapid contrac-
tion of cranial muscles against the gas filled swim bladder (Hazlett and Winn, 1962). The dominant calls of each species
may have slight differences in peak frequency generally based on the size of the swim bladder of each fish. Smaller swim
bladders can produce sounds of higher frequency, while larger ones tend to produce low frequency sounds.

Hydrophones (sensitivity = —186 dBV uPa—1; frequency range 2 to 37 kHz) are coupled with micro-computer, circuit
board, and a battery power source in a sealed tube. Each hydrophone requires a specific calibration value based on factory
specifications. These instruments (DSG from Loggerhead Instruments) are programmed to record sounds on a memory card
in low frequencies over time in intervals that can range up to a year. Sampling rates are 10,000 Hz for digitizing the audio
record. Each file is compressed to .DSG format with a date and time stamp in the file header. These files are then uncom-
pressed into .wav files that can be listened to or analyzed with additional methods.

To date, the method to collect sounds at spawning aggregations involves vessel-based recorders with hydrophones
lowered in the water or by deploying long-term recorders on the seafloor, which remain there for months. Once the
recordings are collected there are two methods to quantify the sound production levels over time. One approach is to
measure the overall sound level of a frequency band in which that species is known to produce sound. Each file with passive
acoustic recordings is filtered to eliminate the sounds outside the target frequency band and after that the received sound
pressure levels ((dB re 1 pPa). This procedure is run in MATLAB with DSG Lab that incorporates the dB relative to 1 pPa,
followed by a root mean square calculation and a hydrophone calibration adjustment. While this method is rapid, the range
of values recorded may include sound generated by sources other than the grouper that coincide in that frequency band.

The second method to quantify the sounds produced by fish is by visually inspecting the spectrograms generated for
each .wav audio file. Various software applications are available to convert audio files into spectrograms such as Ishmael,
Adobe Auditon, and Audacity. Each spectrogram is generated with a Hamming window with a frame size of 2,048 samples.
A trained observer proceeds to verify each spectrogram and can determine the number of sound signals that are representa-
tive of each species. The visual inspection of each file is labor intensive and may incorporate observer error that can only be
corrected by a second observer.
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To overcome the limitations of the above approaches
and to provide a method that is rapid, quantitative and
species specific, an automated method previously used in
marine acoustic research for mammals is now being
applied to quantify fish sound signals. The grouper sound
recognition system was first developed to classify each
sound file based on the presence of CAS. This system is
composed of two main procedures; training and recogni-
tion. The system’s block diagram is presented below:
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Figure 1. System Block Diagram

The Function of each block is explained below:

i) Pre-processing: In order to flatten sound spec-
trum, a pre-emphasis filter has been used before
spectral analysis.

ii) Feature Extraction: Mel Frequency Cepstral
Coefficients (MFCC) has been used in this stage.

iii) Classifier: In the classification stage, popular
classifiers such as Support Vector Machine
(SVM) and K-Nearest Neighbor (KNN) are to be
tested to detect and classify Grouper species
sounds.

iv) The processing in both training and identification
stages is similar except for the classifier, which
works in training mode in the training stage and in
simulation mode in the recognition stage.

Mel Frequency Cepstral Coefficients (MFCC)

Feature extraction of acoustic signals is an important
task to produce a better recognition performance. The effi-
ciency of this phase is important for the next phase since it
affects its behavior. Mel Frequency Cepstral Coefficients
(MFCC) is one of the most popular features for classifica-
tion of acoustic signals, including those generated by ma-
rine mammals (Roch et al. 2007). The success of MFCC is
due to the use of Mel spaced filter banked processing of
the Fourier transform which provides robustness to the
system. Figure 2 describes the block diagram of the MFCC
algorithm.

Figure 2. MFCC extraction algorithm.

The following steps were used to evaluate MFCCs:

i) The signal is divided into a small frame with
length within the range of 200 to 500 msec.

il) Hamming Window is used to discard the effect of
discontinuities at edges of frame.

iii) Fast Fourier Transform (FFT) is applied to con-
vert each frame of N Samples from time domain
into frequency domain.

iv) The result is passed through a set of mel filter
banks.

v) Discrete Cosine Transform (DCT) is used to con-
vert the log mel spectrum into time domain.

vi) Finally, Sinusoidal lifter has been used for re-
weighting process of cepstral coefficients.

The result of conversion is called Mel Frequency Cestrum
Coecfficients.

K-Nearest Neighbor

The idea behind the K-Nearest Neighbor (KNN) algo-
rithm is straightforward and easy to understand. Individuals
are classified based on the distance from their nearest
neighbors in the feature space. The two tasks that lead to
the decision are: a) to find k closest points in set Z to a que-
ry point or set of points X, and b) to assign a class to an
unknown point based on the dominant class among those
nearest neighbors (Cover and Hart 1967). Various metrics
can be used to determine the distance between data points
in Z and query points in X but the Minkowski metric is
defined as:

(1)

where Euclidean distance is given for a special case of p =
2 and Minkowski metric calculates the city block metric
when p = 1. Although other algorithms exist to make the
decision making more robust, the method suffers from a
judgment of fairness and is open to many arbitrary para-
metric decisions (Coomans and Massart 1982). KNN clas-
sifiers fail for objects that are on or near class boundaries
unless the margin between the class boundaries is suffi-
ciently large, and also misclassified objects bias subsequent
classifications.

A preliminary test of this algorithm was employed
with data collected at a known red hind (Epinephelus gut-
tatus) aggregation site off western Puerto Rico. The site at
Abrir la Sierra has been studied since 2007 with passive
acoustic techniques (Mann et al. 2010, Rowell et al. 2012).
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A dataset comprising the spawning season of 2013 to 2014
was analyzed with all three methods described above. The
result of each method was very similar, picking up days
with high sound production associated with two presumed
spawning events (January and February). Figure 3 summa-
rizes the results with each method, displayed as separate
starting points and axes to facilitate comparison.

The development of this new methodology will in-
crease the applicability and efficiency with which passive
acoustic data can be used to assess the spatio-temporal var-
iability of FSA or soniferous species.
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Figure 3. Results of red hind sound levels per day at Abrir la Sierra with three different methods; band
level estimation (green), grouper recognition system files with red hind CAS present (blue), and total
counts of red hind CAS based on visual inspection (red).



