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EBS krill index update: 2020 Saildrone aco

e Euphausiids (‘krill’) are a key food for many species
of importance in the EBS, including walleye pollock.

 MACE provides an estimate of krill abundance in the
EBS going back to 2004

* Estimate used in Bering Sea ESR, Bering Sea Report
Card, ESP

* In 2020, the midwater pollock survey was
conducted by 3 Saildrones equipped due to Covid-
19 pandemic; these estimates are included in
pollock stock assessment time series

 (Can we estimate krill abundance as well?
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Multifrequency krill identification

* Krill have a strong frequency response
* They form continuous layers
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Multifrequency krill identification (Z-score)

Pairwise expectations
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Compute pairwise frequency differences
for each acoustic cell
(i.e. SVi50 ks~ SV3sg ki, €1C-)
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Sv_120 for
krill
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Compute Z-score (number of standard
deviations from the mean expectation)
for each class + frequency pair

\

Compute Z; identify cell as consistent
with a given taxa if Z <2

v

For krill cells: integrate in 0.5 nmi (length) * 20
m (depth) survey intervals

\

Reject marginal krill cells (cases where interval
average is marginally consistent with krill)




Can we do this with less?

* Krill abundance estimate is based on a 4-frequency identification method
e (18 kHz/38 kHz/120 kHz/200 kHz)

* Can we produce a comparable estimate with less acoustic information (38 kHz/200 kHz)?




/-score identification struggles with fewer frequencies

* Can we replicate the 4-frequency approach with only 2 frequencies?
* Test dataset: 10 EBS surveys from 2006-2022
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* Estimates are biased high
* Fewer pairwise frequency comparisons (1 vs 6)
* Potentially missing important acoustic contrasts



Random forest classification
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Alvin 2022

Random forests: a collection of many
classification decision trees (i.e. yes/no)

Each tree is trained on a different sample of the
data, and selects n predictors randomly the
total available

Classification is based on ‘wisdom of the crowd’-
the majority vote among the trees

Models are simple to train, require minimal
tuning, and generally show low bias and
variance

Model accuracy can be assessed via cross-
validation



Random forest classification

Training data:

Krill identifications from 10 EBS
surveys; classified using 4-
frequency Z score method

* Model constructed with R packages caret and ranger

Predictors: o .
Sv_200 kHz * 100,000 observations in training set

ASv 200 kHz — 38 kHz
Seafloor depth at cell location
Cell distance off seafloor

e Cross validation by year (withhold one year from training, and then use
this for testing)
* How well does model generalize across years out of sample?

Sv_38 kHz

Latit‘_‘de * Model results:

LQngltude « Accuracy (how many predictions did model get right?): 94.2%
Time of day « Kappa (proportion of predictions beyond what would be expected
Cell Proportion of water by chance): 82%

column depth

Prediction:

For each acoustic cell:
krill/ not krill




Random forest classification

Removing isolated krill ID’s:

* Analogous to removing marginal krill in Z-score
method

 We assumed that krill should be found in
spatially extensive layers (not lone cells)

 We required any krill identified by the random
forest model to be touching at least two other
krill

* This removed 10.3 % of krill cells (+/- 7.4 %),
comprising 6.8 % of krill backscatter (+/- 6.8 %)

* As compared to Z-score identification, random
forest ID shows lower bias and higher precision
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2020 Saildrone estimate

1) Identify krill in survey intervals

Sv_38 kHz Sv_200 kHz

b

Random forest
classification 58°N

|

Remove
isolated krill IDs

|

Integrate 200 kHz krill backscatter
in acoustic-trawl survey intervals

|

Convert 200 kHz backscatter to
120 kHz backscatter (based on
empirical relationships in De
Robertis et al 2012)
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2020 Saildrone estimate

2) Estimate uncertainty

1-d geostatistical uncertainty
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2020 Saildrone estimate

2) Estimate uncertainty

Uncertainty CV Geostat only = 6.0 %
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2020 Saildrone estimate

3) Convert backscatter to biomass

Net catches from 2004-2016 backscatter per m"3
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Conclusions

e Random forest model could mimic the proven
4-frequency approach with less information

* This approach was less biased than simply
applying the existing method with less
information

* |t provides a mechanism to deal with noisy or
missing acoustic data, at the cost of increased
uncertainty

* This method may be useful in other krill
estimates where we have fewer frequencies
than usual (summer 2021 GOA, for example)

e For 2020- krill abundance was average in
timeseries, with higher uncertainty
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https://serokell.io/blog/random-forest-classification
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