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Abstract

Currently, the whole of the drifting FADs deployed by the purse seiners are equipped with
echosounder buoys to remotely locate the FADs and to assess the amount of associated tuna.
The acoustic signals provided by the buoys constitute an unprecedented, wide-scale database
that can potentially provide real-time indicators on the dynamics of tuna populations, as well
as local and regional abundance indices of tropical tunas for their stock assessments. We present
the current progress in the treatment of the echosounder buoys database provided by the French
fleet. We show results obtained through two novel algorithms developed in order to (i) filter-
out erroneous and non-valid data from the echosounder buoys database (wrong positions, wrong
biomass estimation, on-board positions); (ii) improve biomass estimates for tropical tuna
species at the FAD level, by comparing their outputs with the data collected from onboard

observers.
1. Introduction

The use of Fish Aggregating Devices (FAD) by commercial tuna fisheries has been growing
continuously since the late 1980s (Fonteneau et al., 2000). Currently, the whole of the FADs
deployed by the purse seiners are instrumented with echosounder buoys that can remotely
provide their GPS position and estimate the amount of tuna that is associated. On one side, the
massive deployment of instrumented FADs alerts scientists and tuna RFMOs on their impacts
on tuna populations and, more generally, on the pelagic ecosystem (Dagorn, et al., 2013;
Gregory, et al., 2013; Hallier & Gaertner, 2008). . On the other side, the collection of such data
across the tropical oceans offers an unprecedented opportunity for observing the pelagic realm,
providing real-time data on the dynamics of tuna populations aggregating under floating objects
(Moreno, et al., 2016). So far, few pioneering works (Lopez, et al., 2014 ; Lopez, et al., 2016)
have been conducted in order to exploit the data produced by the buoys for scientific purposes.
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This data are key for developing novel fishery-independent abundance indices for tropical tuna
(Capello, et al., 2016) that can help the management of such fisheries.

The scientific exploitation of these data remains resolutely dependent on the essential steps of
processing, cleaning, control and validation, since these data come from instruments designed
exclusively for commercial purposes. This paper describes a processing approach of this
database, allowing the production of scientifically exploitable data. It also presents preliminary
results and methods for estimating fish biomass (and its uncertainty) from the comparison of

catch data with the acoustic measures recorded by echosounder buoys.
2. Echosounder database

The echosounder database is currently made up of data recorded by buoys from the
manufacturer "Marine Instruments”, equipping the French fleet in the Indian and Atlantic
oceans, during the period from 2010 to the present day. The data were made available as part
of an ORTHONGEL / IRD confidentiality agreement concluded in May 2016.

The dataset corresponds to four different models (Table 1). Three of them, representing more
than 97% of all the buoys in this database (and about 100% since 2015), are equipped with an
echosounder device. In addition to the usual buoy GPS location, they provide acoustic data of
different characteristics depending on the buoy model (Table 1).

Tableau 1 : Main technical specifications of marine instruments buoys

MSI M3l M4l M3+
Occurrence in
database 3% 77% 19% 1%
Satellite GPS : Yes Yes Yes Yes
Echo-sounder : No Yes Yes Yes
Operating frequency : - 50 kHz 50, 120, 200 KHz 50 & 200 KHz
Power : = 500 W 500 W 500 W
Resolution per layer : - 3m 3m 3m
Range : = 150 m 150 m 150 m
Blind area : - 6m 6 m 6 m
Soundings : - each 5 minutes each 5 minutes each minute
TVG correction : = No No Yes

Buoys have different modes of acquisition and transmission of data, all based on a similar
principle. In the default mode (standby mode), acoustic pings are continuously made by the

buoy at constant time intervals (every 1 or 5 minutes depending on buoy model). The best echo,
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corresponding to the highest acoustic energy measured over a period of 2 hours is saved and
exported to servers during satellite communications (every 3 or 12 hours depending on the buoy
model). At each satellite communication, location data are also acquired. Thus, per day, 6 (or
more) soundings data are sent back to servers. In addition, buoys also provide various
information ranging from water surface temperature to instantaneous speed and turning angle,

as well as the voltage level of its battery.

3. Database processing
The processing of the raw data, focused on five main steps:

(i).  Filtering data recorded on buoy with low voltage conditions;
(if).  Filtering erroneous location data, related to failures in satellite communication and
location data acquisition;
(iif).  Identifying buoys on land positions;
(iv).  Identifying buoys with bathymetry lower than 150 meters (detection threshold of the
buoy echosounder device);

(v).  ldentifying buoys data recording on-board positions.

Furthermore, the database processing was governed by two constraints. The first one is the need
of modularity between all data filtering processes so that different filters can be activated
depending on the user purposes (ex: for buoys trajectory analyses there is no need to account
for bathymetry, etc.). The second is an algorithmic performance sufficiently high to allow for

the management of ever-increasing amount of data over the years (Figure 1).

3.1.  Low voltage filtering
According to the buoys manufacturer, data provided under a voltage of 11.5 V, present poor
reliability (in term of location and acoustic measures). Thus, these data (less than 1% of whole

dataset) have been removed from the database (Figure 2).
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Figure 1 : Marine Instruments buoys records over years

3.2.  Erroneous location filtering

Erroneous location data mainly resulting from failures in satellite communication and GPS data
acquisition were also retrieved from the database (Figure 2). These data can be grouped into
three categories:

(i). Isolated GPS data (data with a gap higher than 48h from other location records);

(if). Data with multiple positions for the same timestamp and data with aberrant buoy
speed (greater than 35 knots);
(iii).  Single location data: which designates a buoy which occurs only once in the database

(resulting from buoys transmission tests).

Globally, the erroneous location data corresponded to less than 1 % of the whole database.

3.3.  Land positions and bathymetry filtering

Buoys with continental positions was flagged, using the NOAA - Global Self-consistent,
Hierarchical, High-resolution Shoreline (Wessel & Smith, 1996), considering a 5 kilometers
buffer around the shoreline. Echosounder data recorded at depth of less than 150 meters were
also reported in the database, using the ETOPO1 global relief model of Earth's surface;
(ETOPO1; Amante & Eakins, 2009) with a resolution of 1 arc-minute. Continental positions
and flagged bathymetric data represented together around 6 % of the whole dataset (Figure 2).



Received : 16 October 2017
IOTC-2017-WPTT19-22 Revl

® Low voltage data

W Erroneous GPS data

® Land positions
17,5

' ‘ 14 Shallow positions

o1 ® On-board positions

m Unclassified points

Figure 2 : Proportion of processed data

3.4.  On-board positions filtering

We developed a classification algorithm for discriminating buoys emitting on board the fishing
vessels from those located at sea. One important requirement for our algorithm was that it could
deal with very large (and still growing) datasets. As such, rather than using the same
classification methods as in (Maufroy, et al., 2015), this algorithm was based exclusively on

the analysis of the buoy speed and its variations along the buoy trajectory.

For each buoy, the first step of the algorithm was to associate to each recorded position the
corresponding value of mean speed (from the distance between two subsequent GPS positions)
and mean acceleration (estimated from the difference in speed between two consecutive points

of the trajectory).
Then, the algorithm relied on two main classification rules:
(i) Positions with associated mean speed greater than 6 knots were considered “on-board” .

(i) Positions with associated mean speed lower than 6 knots during a continuous period of 3

days (before the position to be assigned) were considered as emitting “at-sea” .

The above rules led to the initial classification of a sub-portion of the buoy trajectory. Over this
sub-portion, we identified the sequences of the buoy trajectory with no state variation (i.e.
portions of the trajectory presenting “on-board — on-board” or “at-sea —at-sea” states only,
herein called constant sequences) and the sections of buoy trajectory where the buoy state

changed from one to another state (i.e. “on-board” — “at-sea” or vice versa, herein called
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transition sequences). The mean accelerations estimated over constant sequences turned out to

be much smaller than those estimated for constant sequences (Figure 3).

Finally, the points of the trajectory that were still unclassified (positions having speed lower
than 6 knots and not fulfilling rule (ii)) were assigned to the “on-board” or “at-sea” class
by comparing their mean acceleration with the distributions of mean accelerations estimated
for constant and transition sequences (using the t-test of comparison at confidence level of

0.95). Such classification was conducted along the full buoy trajectory in both directions.

The "on-board" data represent about 10% of the total volume of data processed (Figure 2).
Nevertheless less than 2% of the points could not be classified by this algorithm (mainly

resulting from trajectories not having enough data).

35

| P<0,001

oo

30

25
I

15

10

T T T
sea board transition

Figure 3: Boxplots of the mean acceleration (absolute values) for constant (sea and board) and
transition states with p-value at ANOVA test (p<0.001)

The quality of this classification algorithm was evaluated by comparison with a classification
made exclusively from observer data. Indeed, onboard observers perform buoy data collection
(model and serial number of the buoy associated with the FAD) at each operation on a FAD
(visit, retrieving or deployment of FADs by the vessel). Based on these data, we could classify

“on-board” and “at-sea” states for a subset of the buoys trajectories that were present
within our database (around 27000 positions) (Figure 4). Comparisons of the two classifications

through calculation of proportion of concordant pairs through simple matching coefficient
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(Sokal & Michener, 1958) revealed a good similarity between them (more than 90% of

similarities between observer-based and speed-based approaches).
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Figure 4 : Buoy states classification based on observer data

4. Biomass estimation through echosounder buoys data at the FAD level

4.1.  Echosounder buoy data

For each frequency, the echosounder buoys data appear as discrete indices varying between 0
to 7 (0 to 15 for the most recent M3+ buoy model), reflecting the strength of the signals received
per layer of 3 meters (Figure 5). Only the values of these indices are made available, which
makes it difficult to use conventional echo-integration methods to transform the signal into
biomass. Additionally, the buoys provide a biomass estimate calculated through an algorithm
provided by the constructor.

4.2. Observers ‘data

Catches data were collected by observers from 2014 to 2015, over the course of 410 trips on
French purse seiners (185 and 225 respectively in Indian and Atlantic oceans), corresponding
to 4582 fishing sets on floating objects (53 % and 47% respectively in Atlantic and Indian

oceans).

4.3. Biomass estimates

The comparison between the biomass estimate provided by the constructor and the catches
reported by the observers is shown in Figure 6. In order to improve these estimates, we have
employed an empirical approach that combines the acoustic data recorded at each layer with

the catch data. Our approach expresses the biomass using the following equation:
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B=" Bf0W)

Where B represents the catch (biomass), i denotes the layer, n is the number of depth layers, Xi
is the value of the acoustic index at layer i and gi denotes the (unknown) coefficients for each
depth layer. The function £ (X, W) denotes either the mean, or the maximum value if the index
Xi estimated over a time window W before the set and the fi coefficients are optimized through
a least squares fit. Figures 7 and 8 show the comparison between the catch and the estimated
biomass obtained from this approach, considering f (X;, W)=max (X;, W) and f(X;, W)=mean
(X;, W), respectively, and a time window W=48h.
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Figure 5: View of acoustic data recorded by “Marine Instruments” echosounder buoys (example of

echosounder data over one day for a single buoy)
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Figure 6: Biomass estimates in metric tons (numbers in black) for total catch, based on manufacturer’s

algorithms (maximum of buoy estimation over 48h) in Indian and Atlantic Oceans (N= 832 and 953 sets

respectively for Indian and Atlantic; R=Pearson correlation coefficient).
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Figure 7: Biomass estimates in metric tons for total catch, through least squares optimization from the

maximum of the echosounder data recorded 48 h before the fishing set. (N= 832 and 953 sets

respectively for Indian and Atlantic; R=Pearson correlation coefficient)
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Figure 8 : Biomass estimates in metric tons for total catch, through least squares optimization from the
average of the echosounder data recorded 48 h before the fishing set (N= 832 and 953 sets respectively

for Indian and Atlantic; R=Pearson correlation coefficient).

5. Discussion

Developing a relevant indicator for the aggregated biomass under FADs from echosounder
buoy data faces many challenges. The first is related to the format of the acoustic data recorded
by the buoys that appears as discrete indices and thus cannot be treated using the standard
acoustic data analysis techniques. Another difficulty relies on the limited cone of the buoy that
can only sample a subportion of the aggregation. Moreover, the daily, horizontal and vertical
migrations of tunas (Doray et al., 2006 ; Josse & Bertrand, 2000) can lead to a high variability

in the acoustic responses obtained.

The derivation of an appropriate method that best estimates the aggregation below the FAD
from the acoustic data provided by the buoy is key. Also, it is very important to quantify which
is the uncertainty for a biomass estimate and how this uncertainty depends on the type of the
buoy, the buoy location and the species forming the aggregation. Previous works considered a
different buoy brand and cannot be applied to this database. In this respect, this work constitutes
the first step of such assessment for the buoy brand used by the French fleet. Thanks to the

availability of both echosounder buoy data and catch data we could demonstrate that the
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correlation between the estimated biomass provided by the buoy and the observed catch is low
(Figure 6). The least-squares algorithm that we implemented provides better correlations
(Figure 7 and 8). However, we still need to refine our approach considering how far extrinsic
covariables (such as the location of the buoy, the time window before the set, the environmental
variables) can play a role in the large variability in the accuracy of the biomass estimates that
is observed. Moreover, we aim at including also complementary data such as the visits without
a catch, since this would increase our database for those buoys that presented little biomass (and

no catch) and thus allow a better assessment of the fit parameters.
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