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Annual catch by USSR/Russia

The annual catch increased from 0 in 2022 to 51 MT (1 fishing vessel) in 2023 
and then to 813.93 MT in 2024 (2 fishing vessels): 286.01 MT in the CA

2023
51 MT

2007
110,692-119,433 MT

2014
70,644-71,254 MT

2025-09-01
2025-10-30

691 MT
In the CA 551 MT

2024
814MT

1983
7,606 MT

1998
3,057 MT



3

Earlier, for 2004ς2018, we used the 
absolute values and gradients of speed 
of passive particles, and Lagrangian 
indicators for encounter probability 
prediction in Random Forest (RF). Area 
Under the receiver operating 
characteristic Curve (AUC) reached 0.85 
in it. 
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The final goal of our study is in improvement 
of the SDM for saury.

Consequently, we must test
ÅNew data on occurrences
ÅExpanded timeframe
ÅAdded 0 catch of saury from Russian 

scientific surveys
ÅHope to cooperate with PICES scientists 

to extend the range in geographical 
space more into the High Seas

ÅNew features for predictors:
ÅAdded from GLORYS12V1
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New data on saury absence in the midwater trawl survey of pelagial
in Januaryand February
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New data on saury absence in the midwater trawl survey of pelagial
in Marchand April
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New data on saury absence (occ=0) and presence (occ=1) in the midwater trawl survey of pelagial
in May and June
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New data on saury absence (occ=0) and presence (occ=1) in the midwater trawl survey of pelagial
in Julyand August
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New data on saury absence (occ=0) and presence (occ=1) in the midwater trawl survey of pelagial
in Septemberand October
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New data on saury absence (occ=0) and presence (occ=1) in the midwater trawl survey of pelagial
in Novemberand December
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In addition to used earlier by us for shorter timeframe (2004ς2018) 
Lagrangian indicators back calculated in time for the period of 1 month : 

LτLyapunov exponent (day-1) and
Sτparticle path length, km
and  coordinates (Lon,Lat) with an ordinal day in a Year (jDay) without Year

This time, for a wider period of 1994ς2021, we included 
new features to predict saury occurrence in RF: 

DshoreτDistance to the shore (from GFW),
wTτwater temperature and 
Salτsalinity
at horizons #0, 1, 12, 17, 22, 25, 28 
(or at depth around 0.5, 1.5, 21.6, 47.3, 110, 186 and 318 m) 

from the Global Ocean Physics Reanalysis (GLORYS12V1), 
DivτDivergence,
OWτOkuboςWeiss parameter,
RotτRotor,
SSHτSea Surface Height 
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Example for 1994-
09-01
from the database 
prepared by POI 
FEB RAS. 
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Example for 1994-
09-02
from the database 
prepared by POI 
FEB RAS. 
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Example for 1994-
09-03
from the database 
prepared by POI 
FEB RAS. 
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Example for 1994-
09-04
from the database 
prepared by POI 
FEB RAS. 
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Example for 1994-
09-05
from the database 
prepared by POI 
FEB RAS. 
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Occurrence of saury 0 (No) 1 (Yes)

Number of points 409615 586229

New data full set. Only SST (wT00) is not enough to split the data
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# Reproducibility 
set.seed(1234)

# Divide data into training and test for hyperparameter tuning: 
dat_split <- dat %>%
  initial_split(prop = 0.5, strata=occ)

dat_train_df <- training(dat_split)
dat_test_df  <-  testing(dat_split)
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show_best (RF1_results, metric  = " roc_auc ")

# # A tibble : 5 × 8
#    mtry  min_n . metric  . estimator   mean     n  std_err  . config              
#    < int > < int > < chr >   < chr >      < dbl > < int >    < dbl > < chr >               
# 1    16    10 roc_auc  binary      0.972    10 0.000145 Preprocessor1_Model4
# 2     8     2 roc_auc  binary      0.972    10 0.000142 Preprocessor1_Model8
# 3     9    15 roc_auc  binary      0.972    10 0.000156 Preprocessor1_Model9
# 4    19    19 roc_auc  binary      0.972    10 0.000149 Preprocessor1_Model3
# 5    17    25 roc_auc  binary      0.971    10 0.000156 Preprocessor1_Model1

set.seed (1001) # FINAL
dat_recipe  <-  recipe ( occ ~ ., data =dat ) %>%
step_ downsample( occ)
dat_prep  <-  prep ( dat_recipe , dat )
dat_bake  <-  bake( dat_prep , new_data = NULL)
table ( dat_bake$occ )
#      0      1 
# 337436 337436
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# Type:                             Probability  estimation  
*
# Number of  trees :                  500 
# Sample size :                      674872 
# Number of  independent  variables :  24 
# Mtry :                             16 
# Target node size :                 10 
# Variable  importance  mode:         none 
# Splitrule :                        extratrees  
# Number of  random splits :          1 
# OOB prediction  error  ( Brier  s.):  0.04903609 
# * Malley , J. D., Kruppa, J., Dasgupta , A., Malley , K. G., 
& Ziegler , A. (2012). Probability  machines : consistent  
probability  estimation  using  nonparametric  learning  
machines . Methods Inf  Med 51:74 - 81. doi:10.3414/ME00 - 01-
0052.

set.seed (1001) # FINAL
dat_recipe  <-  recipe ( occ ~ ., data =dat ) %>%
step_ downsample( occ)
dat_prep  <-  prep ( dat_recipe , dat )
dat_bake  <-  bake( dat_prep , new_data = NULL)
table ( dat_bake$occ )
#      0      1 
# 337436 337436

Final method ςRandom forest
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Results: The new RF had higher AUC (0.97). The OOB 
misclassification error rate was low (4.9%). The most 
significant loss of accuracy of classification (LAC) was 

observed during permutations of OW and Div. 
Coordinates, SSH, ordinal day in the year and distance 
to the shore formed the second block. The third block 

had a lower median LACs than the second block. It 
included Rot, and Lagrangian indicators. The fourth 
block started with wTat 0 horizon. It had lower LAC 
than 3 other mentioned blocks, but higher than wT

and Sal at deeper horizons.
All new features had LAC significantly higher than 

their permuted variants

1234
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Random forest predictions
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EOF on Random forest predictions averaged by 302 equal area hexagons 
(8660 km2 , 100 km height, 115 km width each)

for each year and month

4 EOFs captured > 
88% of variance 
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step = 1 month



30STL (Cleveland et al., 1990) Swindow=25; Twindow=37; step = 1 month


