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A B S T R A C T

Estuaries play a fundamental role in the renewal of fisheries resources, as they hold nurseries for many juvenile
fish species. Estimating juveniles’ abundance in estuaries is therefore key to improve stock assessment models,
anticipate future recruitment and prevent crises related to biomass collapse. While geostatistical methods
have been widely used in fisheries science to estimate species’ abundance during offshore scientific surveys,
difficulties arise when using these methods in estuaries. Indeed, these ecosystems are characterized by their
irregular and often non-convex morphology, their environmental gradients (salinity, depth), and their tidal
dynamics which question the validity of the hypothesis of second-order stationarity, fundamental to the theory
of intrinsic geostatistics. Therefore, we tested the performance of different geostatistical methods to account
for the complexity of these ecosystems and quantify robust indices of abundance adapted to estuaries. We
used density data of juvenile sea bass (Dicentrarchus labrax) sampled with demersal trawls in the Loire River
collected over three consecutive years and tested a metric space for which the distance along the estuary
is considered. We took into account the non-stationarity of densities with either a transitive approach or an
intrinsic approach with spatio-temporal external drifts, which takes into account the effects of tides and envi-
ronmental gradients. These geostatistical methods allowed us to produce densities distribution maps and had
substantially greater predictive capabilities than the stratified random estimator (classical reference estimator).
However, geostatistical methods consistently had larger CVs than the stratified random estimator because the
latter ignores the spatio-temporal distribution of sampling points leading to uncertainties underestimates and
hence overly optimistic confidence intervals. The use of geostatistically computed abundance indices in an
assessment model appears to be a conservative approach, whose uncertainties would allow a more robust
adjustment trade-off between different indices when estimating recruitment in estuaries.
1. Introduction

Estuaries are important areas for the early life history of many
marine organisms: each year larval fishes are recruited into estuarine
habitats in which they grow to juveniles’ stages over several years
before moving to adult habitats offshore (Boehlert and Mundy, 1988;
Norcross and Shaw, 1984). Indeed, estuaries usually offer areas of
shallow waters with high food availability, and low predation pres-
sure (Blaber and Blaber, 1980). Thus, the role of these productive
ecosystems as nurseries is an established ecological concept: a nursery
being any habitat that makes a greater than average contribution to
the recruitment of adults (Beck et al., 2001; Able, 2005). These areas
are therefore particularly interesting for estimating indices of juvenile’s
abundance. Several studies have been dedicated to the estimation of
abundance, growth, and mortality of larvae or juvenile fish in estuaries
from scientific surveys providing crucial information for fisheries stock
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evaluation and management (Dege and Brown, 2004; Kelley, 2002;
Scharf, 2000).

The determination of indices of abundance and associated uncer-
tainties from fish surveys is however a classical challenge in fishery
science. Among the existing methods for estimating indices, classi-
cal approaches are often based on random sampling theory such as
the stratified random estimator (Cochran, 1977). This method gener-
ally calculate average catches in predetermined sampling stratum, and
define the total abundance as the area-weighted sum of stratum abun-
dances (Hankin and Reeves, 1988). However, the abundance indices
estimated using this approach are produced without any assumptions
about the spatial distribution of the population. To account for the
spatial dependence of samples, geostatistical methods have therefore
been used to estimate fish abundance since the early 1990s (Rivoirard
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et al., 2000). The purpose of geostatistics is thus to estimate and model
the spatial structure of dependence, to extrapolate the studied variables
at unknown locations (Matheron, 1989), which enables the estima-
tion of abundance indices and associated variance (Petitgas, 2001).
Hence, numerous studies have shown that taking spatial correlation
into account when processing survey data yielded to more precise and
accurate indices of abundance (Thorson et al., 2015; Shelton et al.,
2014).

However, the estimation of auto-correlation structures is often dif-
ficult in practice because of fish movements and variations in their
aggregative behaviour (Bez and Rivoirard, 2001). Indeed, the sam-
pling of fish densities through a whole domain requires a certain
amount of time, and space–time variations of fish density occurring
between two samplings can affect the data in various ways (Petitgas,
2001). Specifically, estuaries are particularly complex ecosystems char-
acterized by substantial environmental gradients (topography, salinity,
temperature), and tidal dynamics (current velocity, sea level). Numer-
ous studies have indeed reported fish movements and variations of their
habitat distribution in relation to tidal cycles, particularly for pelagic
juveniles (Laffaille et al., 2001; Alp and Pichon, 2020; Martinho et al.,
2008). Moreover most estuaries are also irregularly-shaped non-convex
domains, and the use of euclidean distance may not be appropriate
for the analysis of their spatial structures’ dependence (Rathbun, 1998;
Little et al., 1997). The observation of spatial auto-correlation in es-
tuarine domains yields therefore to several challenges and it is crucial
to understand the physical nature of estuaries, and the environmen-
tal preferendum of the studied juvenile fishes to produce relevant
abundance indices (Walmsley et al., 2018).

European sea bass (Dicentrarchus labrax) is a highly exploited de-
ersal fish from the North East Atlantic with a partially migratory

ehaviour (de Pontual et al., 2019). Sea bass wild populations have
ecently declined substantially, with catches from the northern sea bass
tock (ICES divisions IV.b–c, VII.a and VII.d–h) dropping from about
000 tonnes in years 2005–2013 to about 1000 tonnes from 2015
nwards (ICES, 2020; López et al., 2015). From their first summer
p to age 2 to 5 depending on habitat characteristics, immature sea
ass inhabit coastal nursery areas such as estuaries, with a reported
referendum for shallow waters with relatively high turbidity and low
alinity (Martinho et al., 2007; Saillant et al., 2003). A high local site
idelity has been observed, with juveniles staying for longer periods
n proximity of the same nursery areas (Green et al., 2012), and
igrating daily between subtidal and intertidal habitats (Cabral and
osta, 2001). Such behaviour points out the highly non-stationarity
f estuarine domains in terms of space and time, which is likely to
ring substantial variance in trawling samples and making it difficult
o estimate accurately spatial covariance structures.

Geostatistics offers a very flexible framework and a wide range
f geostatistical methods have been used for fisheries stock assess-
ent (Petitgas, 2001; Petitgas et al., 2017). Generally, studies have

dopted the so called ’intrinsic approach’ which is based on the the-
ry of random fields and relies on stationary hypothesis. Hence this
pproach includes (i) cokriging, where kriging is extended to the
ultivariate case (Bez and Braham, 2014; Georgakarakos and Kit-

iou, 2008), (ii) external drift kriging, which enables to take into
ccount external variables when they are known in the whole stud-
ed domain (Lezama-Ochoa et al., 2011; Mesquita et al., 2020), (iii)
onditional simulations, particularly interesting for combining data
ith different sources of variability (Woillez et al., 2009), and many
ther variants (Petitgas et al., 2017). Transitive kriging has also been
ntroduced to fisheries as an alternative to the intrinsic theory for
lobal estimation which requires fewer hypotheses, when stationary
ypotheses are not relevant (e.g. in highly variable environment drifted
y complex oceanographical processes) (Bez and Rivoirard, 2001).

The aim of this study was therefore to identify the most relevant
eostatistical method for the estimation of juvenile sea bass abundance
2

n an estuarine domain, and to quantify performance over the random i
stratified estimator. The first part of this manuscript is a recall of main
geostatistical theories, including intrinsic and transitive geostatistics.
Then we compared a total 6 geostatistical methods for estimating sea
bass juveniles abundance in the estuary of Loire (France) for three
consecutive years. In particular, we focused on assessing the impact of
the estuary’s morphology, environmental gradients, and tidal dynamics
on the estimation of abundance indices. Finally, we provide a few
recommendations concerning the estimation of juvenile abundance
indices in estuaries to highlight the value of this particularly valuable
information in stock assessment models.

2. Geostatistical theory

Geostatistics is a relevant method for the estimation of the total
abundance 𝑄 of a regionalized variable 𝑧(𝑥) (e.g. fish density) within
a domain 𝐷 from a collection of samples 𝑧(𝑥𝑖). It consists in a four
tep process where (i) we collect fish density samples and any relevant
nvironmental covariates (sampling step), (ii) we evaluate and model
he way the spatial data 𝑧(𝑥) is coregionalized (variography step), (iii)
e estimate the studied variable 𝑧 at unknown locations as a linear

ombination of known samples 𝑧(𝑥𝑖) (kriging step), (iv) we estimate
he mean and variance of the studied variable over the whole domain

(abundance index estimation step; Fig. 1). The following section
ecalls the basics of geostatistical theory both for intrinsic and transitive
pproaches. The reader might want to refer to Matheron (1989) for
urther details and explanations.

.1. Intrinsic approach

ariography
The fundamental premise of intrinsic geostatistics is that collected

patial data 𝑧(𝑥) are a realization of a random field 𝑍. By assuming
hat there is no systematic variation underlying such random field,
he expectation of 𝑍(𝑥) is supposed to be independent of the position
i.e. E[𝑍(𝑥)] = 𝑚); this is the first order stationarity hypothesis where

represents the expectation of the random variable 𝑍(𝑥), which does
ot necessarily equal the mean of one random field realization. Then,
y assuming that the variance is also independent of the position
i.e. E[𝑍(𝑥)2] = 𝜎2), we can express the covariance of the region-
lized variable through the variogram 𝛾(ℎ), where ℎ is the distance
etween two locations of the domain (Eq. (1)) ; this is the second order
tationarity hypothesis.

ov[𝑍(𝑥 + ℎ), 𝑍(𝑥)] = E[(𝑍(𝑥 + ℎ) − 𝑚)(𝑍(𝑥) − 𝑚)] with
E[𝑍(𝑥)] = 𝑚

= 𝜎2 − 1
2
E[(𝑍(𝑥 + ℎ) −𝑍(𝑥))2] with

E[𝑍(𝑥)2] = 𝜎2

= 𝜎2 − 𝛾(ℎ)

(1)

n short, based on stationarity assumptions, the intrinsic formalism
escribes the structural auto-correlation of the field 𝑍(𝑥) within 𝐷
s a function of the distance : the variogram. A variogram there-
ore represents the way a regionalized variable is spatially structured,
nd captures its intrinsic behaviour. In practice, experimental vari-
grams are estimated from sampling values using usually the following
ormula:

∗(ℎ) = 1
2𝑁(ℎ)

𝑁(ℎ)
∑

𝑖=1
(𝑧(𝑥𝑖 + ℎ) − 𝑧(𝑥𝑖))2 (2)

where 𝑁(ℎ) is the number of experimental pairs of data (𝑧(𝑥𝑖), 𝑧(𝑥𝑖+ℎ)).
hey are then fitted with a variogram model 𝛾 to which we will refer

n following sections (Chiles and Delfiner, 2009).
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Ordinary Kriging (OK)
Ordinary Kriging (OK) allows to estimate the fish density at a un-

known location 𝑍(𝑥0) from observed densities 𝑍(𝑥𝑖). It is defined as the
best linear unbiased estimator of 𝑍(𝑥0) (i.e. it is a linear combination of
known data values) which weights are defined such that the estimator
minimizes the error in the variance estimation. The estimator is thus
written 𝑍∗(𝑥0) =

∑

𝑖 𝑤𝑖𝑍(𝑥𝑖), with kriging weights satisfying ∑

𝑖 𝑤𝑖 = 1,
as the first-order stationarity assumption implies a constant mean. The
variance of the estimator can finally be expressed through the intrinsic
covariance function (Eq. (3)).

var(𝑍∗(𝑥0) −𝑍(𝑥0)) = E[(𝑍∗(𝑥0) −𝑍(𝑥0))2]

= E[(
∑

𝑖
𝑤𝑖𝑍(𝑥𝑖) −𝑍(𝑥0))2]

=
∑

𝑖

∑

𝑗
𝑤𝑖𝑤𝑗𝛾(𝑥𝑖 − 𝑥𝑗 ) −

∑

𝑖
𝑤𝑖𝛾(𝑥𝑖 − 𝑥0)

(3)

Minimizing the error variance under the constraint on the weights and
using the method of Lagrange multipliers leads to a linear system to
be solved for the kriging weights (Eq. (4)). This system is composed of
𝑛+1 equations where 𝑛 is the number of samples, and 𝜇 is the Lagrange
parameter.
{

∑

𝑖 𝑤𝑖𝛾(𝑥𝑖 − 𝑥𝑗 ) + 𝜇 = 𝛾(𝑥𝑖 − 𝑥0) for 𝑗 = 1,… , 𝑛
∑

𝑖 𝑤𝑖 = 1
(4)

Kriging with External Drift (KED)
In order to account for underlying systematic drift of the field,

kriging with an External Drift (KED) assumes that the mean of the
process is linearly related to any external variable(s) known in the
whole studied domain (Eq. (5)). In the situation where the mean of
the process depends on a function of time 𝑡 and space 𝑥 we have:

E[𝑍(𝑥, 𝑡)] = 𝑚(𝑥, 𝑡) = 𝑎 + 𝑏𝑓 (𝑥, 𝑡) (5)

The framework is similar to that of OK, and Eq. (3) holds. Yet in this
situation, the conditions on linear estimators becomes:
∑

𝑖
𝑤𝑖 = 1 and

∑

𝑖
𝑤𝑖𝑓 (𝑥𝑖, 𝑡𝑖) = 𝑓 (𝑥0, 𝑡0) (6)

The kriging weights are once again obtained by minimizing the vari-
ance of the estimation error, leading to the following linear system,
where 𝜇0 and 𝜇1 are the Lagrange parameters:

⎧

⎪

⎪

⎨

⎪

⎪

⎩

∑

𝑖 𝑤𝑖𝛾(𝑥𝑖 − 𝑥𝑗 , 𝑡𝑖 − 𝑡𝑗 ) + 𝜇0 + 𝜇1𝑓 (𝑥𝑖, 𝑡𝑖)
= 𝛾(𝑥𝑖 − 𝑥0, 𝑡𝑖 − 𝑡0) for 𝑗 = 1,… , 𝑛

∑

𝑖 𝑤𝑖 = 1
∑

𝑖 𝑤𝑖𝑓 (𝑥𝑖, 𝑡𝑖) = 𝑓 (𝑥0, 𝑡0)

(7)

In this approach, the estimation of a fish density at an unknown
location and time depends therefore on the auto-correlation structure
defined by the model 𝛾, but also modulates according to the value
of the external variable 𝑓 . The difference between OK and KED are
schematically illustrated in Fig. 1.

Abundance index estimation
For both OK and KED, the estimation of the total abundance 𝑍(𝐷)

over the whole studied domain 𝐷 consists in averaging kriged densities
at every locations of the domain: 𝑄∗ = 𝑍(𝐷) =

∑

𝑥𝑘∈𝐷 𝑍(𝑥𝑘). However,
for KED the use of a temporal drift allows the mean of the process 𝑍
to vary in time (Eq. (5)). The estimation of the total abundance for
KED is therefore performed at a fixed time, and hence the weights
are modulated according to timing of samples’ collection (Rivoirard,
2001). The associated estimation’s variance is not however the average
of kriging variances but can be computed from the covariance model
𝛾, the domain 𝐷, and the computed weights 𝑤𝑖 as follow:

𝜎2𝐸 = E[𝑍(𝐷) −𝑍∗(𝐷)]2

= E[𝑍(𝐷) −
∑

𝑖
𝑤𝑖𝑍(𝑥𝑖)]2

= −𝛾̄(𝐷,𝐷) + 2
∑

𝑤𝑖𝛾̄(𝑥𝑖, 𝐷) −
∑∑

𝑤𝑖𝑤𝑗𝛾(𝑥𝑖 − 𝑥𝑗 )

(8)
3

𝑖 𝑖 𝑗 u
where 𝛾̄(𝐷, 𝑥𝑖) represents the mean value of the variogram 𝛾 with point
𝑥 describing the whole domain 𝐷. This equation holds for both OK and
KED at fixed time.

2.2. Transitive approach

The estimation of variograms is often difficult in practice because
of the characteristics of fish survey data (i.e., numerous low or zero
densities, clear location of a few high density values in the field)
and because of the stationary hypotheses associated (Matheron, 1989;
Petitgas, 2001; Bez and Rivoirard, 2001). The Transitive Approach has
been introduced to fisheries as an alternative to the intrinsic theory for
global estimation when dealing with regular sampling. It is known to be
more robust than the intrinsic approach, though it has not been widely
used in fisheries science. This method is indeed less flexible as it cannot
take into account spatial nor any temporal covariables (Petitgas, 2001).

Transitive covariogram
In this approach, the regionalized variable is described by the

transitive covariogram. This has some similarity with an intrinsic var-
iogram, however it is not an expectation but a sum, making transitive
covariograms particularly robust to outliers (Petitgas et al., 2017).

𝑔(ℎ) = ∫ 𝑧(𝑥)𝑧(𝑥 + ℎ)𝑑𝑥 (9)

The covariogram decreases from its maximum value and stabilizes
at 0 at a distance corresponding to size of the area in which the focal
population is present (i.e. its range).

Transitive Kriging (TR)
Kriging can also be performed in the transitive approach, to predict

a density at unknown location as a weighted average of sampled
locations.

𝑧∗(𝑥) =
∑

𝑖
𝑤𝑖𝑧(𝑥 + ℎ𝑖) =

∑

𝑖
𝑤𝑖𝑧(𝑥𝑖) (10)

eights 𝑤𝑖 are then estimated by minimizing the sum of squared errors
etween real and estimated densities when translating positions 𝑥 and

𝑥 + ℎ𝑖 over space with the same relative geometrical configuration
(Eq. (11)) .

∫ (𝑧(𝑥) − 𝑧∗(𝑥))2𝑑𝑥 = ∫ (𝑧(𝑥) −
∑

𝑖
𝑤𝑖𝑧(𝑥 + ℎ𝑖))2𝑑𝑥

= 𝑔(0) − 2
∑

𝑖
𝑤𝑖𝑔(ℎ𝑖) +

∑

𝑖

∑

𝑗
𝑔(ℎ𝑖 − ℎ𝑗 )

(11)

here 𝑔 is the covariogram defined in Eq. (9). The estimation of kriging
eights thus consists in solving a linear system, similarly to intrinsic
riging, but using the transitive covariogram instead of the covariance
ariogram.

bundance index estimation
From regular sampling grid with regular mesh surface the unbiased

stimator of the total abundance is defined as the sum of the sample
alues multiplied by the surface of the grid mesh (Eqs in 1D):

(𝑋0)∗ = 𝑠
∑

𝑘
𝑧(𝑋0 + 𝑘𝑠) (12)

here 𝑋0 is the origin of the grid mesh seen as a random variable

niformly distributed all over the studied area. The estimation variance
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Fig. 1. Framework for abundance indices estimation using geostatistical tools. Geostatistical tools are used to estimate abundance indices from a set of regionalized density samples
(1) and are based on a description of its auto-correlation structure (2). This model is then used for estimating densities at unknown locations (3) and thus for deriving relevant
indices (4). Spatio-temporal covariates can also be used as external drift (in blue); this enables the account for the dynamics of the covariable when estimating a fish density at
an unknown location (3). On the counterpart, the abundance indices estimated using a temporal drift depend on the estimation time 𝑡0 (4). (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this article.)
can therefore be computed as:

𝜎2𝑒𝑠𝑡 = E[(𝑄∗(𝑋0) −𝑄)2]

= ∫𝑠
(𝑠
∑

𝑘
𝑧(𝑥 + 𝑘𝑠) −𝑄)2 𝑑𝑥

𝑠

= ∫𝑠
𝑠
∑

𝑘,𝑙
𝑧(𝑥 + 𝑘𝑠)𝑧(𝑥 + 𝑙𝑠) − 2𝑄

∑

𝑘
𝑧(𝑥 + 𝑘𝑠) +𝑄2𝑑𝑥

=
∑

𝑘

∑

𝑙
𝑠∫𝑠

𝑧(𝑥 + 𝑘𝑠)𝑧(𝑥 + 𝑙𝑠)𝑑𝑥 −𝑄2

= 𝑠
∑

𝑘
𝑔(𝑘𝑠) − ∫ 𝑔(ℎ)𝑑ℎ

(13)

Hence, the major assumption of the transitive approach is the random-
ness of the origin of the sampling grid. This approach therefore differs
fundamentally from the intrinsic geostatistical approach in which the
stochastic part of the model concerns the density seen as the realization
of a random field. In this sense, the transitive approach relies on fewer
hypotheses and enables the estimation of the total abundance and
variance from regular sampling data, based on a model of 𝑔(ℎ) and
on the grid mesh interval 𝑠. The framework can be extended when
the sample grid is not strictly regular, the experimental computation
of the covariogram has to be weighted by the area of influence of each
datapoint.

3. Material and methods

3.1. NOURDEM survey data

The NOURDEM survey is conducted by the laboratory of fisheries
biology of Ifremer (Plouzané, France) and aims at establishing index
of demersal fish juveniles’ abundance in nurseries. Three surveys have
been carried out in three consecutive years in the Loire estuary (Fig. 2):
4

from 2016-06-09 to 2016-06-16, from 2017-06-29 to 2017-07-06 and
from 2018-07-03 to 2018-07-10 (Drogou et al., 2019). This survey
follows strictly pre-defined sampling procedures (Le Goff et al., 2017).
Sampling locations have been designed homogeneously in the estuary
covering all brackish waters with water salinity from 0 to 35. The 46
trawling stations are represented in Fig. 2. For each survey, all stations
have been sampled at least once, and ca. 60% of the trawling stations
have been sampled twice, particularly in waters with low salinity were
the highest fish densities were expected. All samples were collected us-
ing a fishing vessel with a small large vertical opening trawl specifically
designed to catch demersal fish juveniles. For each trawl, the boat went
against the current at ca. 1450 engine rpm, during 15 min. At the end
of each trawl, the entire catch was systematically weighed, all species
were identified and sorted. Then all or some of the individuals of each
fish species were measured. For very heavy trawl loads, weighing and
measurement were only carried out on a random subset of the trawls’
total weight. Trawl depth, salinity, and temperature were measured
directly for every sampling. For sea bass, age were estimated based
on annual increment fish scale readings. A minimum of 3 age readings
were performed per length classes, i.e. cm. For this study we focused
on the spatial distribution of G2-aged sea bass, as this age group is well
sampled by the survey. Ages have been determined by fixing arbitrary
thresholds with respect to the modes appearing in the age-length keys
distribution of captured fishes (see Fig. 8 in Annex). Such distribution
and associated threshold are illustrated in Fig. 3.

3.2. Estimating abundance indices in Loire’s estuary

The usual ordinary kriging approach relies on the stationarity hy-
pothesis, yet the strong environmental gradient and dynamics charac-
terizing estuaries are likely to call this hypothesis into question. We
therefore investigated two alternatives to ordinary kriging either (i)
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Fig. 2. Map of the Loire’s estuary. Coloured areas referred to stratas detailed in Table 1 and used for random sampling estimations. The red line illustrates the axis and associated
scale used for the channel-centred projection. The scale is given in nautical miles (nm) along the projection axis. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
staying within the intrinsic approach but to take into account the non-
stationarity through the use of a drift (e.g. kriging with external drift),
or (ii) by doing no assumptions on stationarity through a transitive
approach. In addition to these direct approaches we also investigated
kriging in a projected metric space for which the distance along the
estuary is considered to take into account the convex nature of the
Loire estuary. Therefore, we overall tested the 6 following methods on
each yearly dataset: Ordinary kriging (OK), projected Ordinary Kriging
(OKp), Kriging with External Drift (KED), projected Kriging with an
External Drift (KEDp), Transitive kriging (TR), and Projected Transitive
kriging (TRp). This section aims at detailing the framework followed for
each of these approaches.

3.2.1. Projection
The Loire’s estuarine domain is non-convex (i.e. the line segment

connecting two points within the estuary may intercept land) which
could possibly lead to misinterpretation of spatial covariance structures
based upon simple Euclidean distance metric. We therefore performed
a channel-centred coordinate transformation along the channel’s cen-
treline 2 and a transverse axis orthogonal to the centreline.

3.2.2. Intrinsic approach
Variography. The estimation of intrinsic variography is difficult, par-
ticularly when some trawling station are doubled as it adds substantial
short range variability (i.e. the nugget effect). The observation of
anisotropy of fish school structures in a narrow estuary is also no-
tably challenging. Thus, assuming that the important catch differences
at identical or nearby locations may be due to tidal dynamics, we
computed isotropic variograms with pairs of samples that occurred at
similar sea surface height anomalies. More precisely, we computed the
observed sea surface height anomalies (SSHa) as the difference in space
5

and time between the theoretical bathymetry at the sampling location
and the observed depth of the trawl. Pairs of sample were used for
estimating the variogram only if their differences in SSHa were lower
than 5 m. In other words, we performed an horizontal 3D variogram
with a bench of 5 m (Gringarten and Deutsch, 2001; Sahlin et al., 2014),
where the third dimension is the observed SSHa. The lag parameter
was fixed to 0.5 nautical miles (nm), and the maximum number of
lags was fixed to 11. The covariance structure used to fit empirical
variograms was a combination of a nugget and a spherical effect. This
consists in a parametrized model defined by three parameters (two
sills and one range). Ranges were fixed by visual inspection and sills
determined with the automatic procedure provided by the RGeostat
R package (MINES ParisTech, 2020) using the algorithm presented
in Desassis and Renard (2013).

External drifts. According to juveniles’ sea bass habitat preferendum
three external covariables were taken into consideration as external
drifts : SSHa, salinity, and temperature (Martinho et al., 2007; Saillant
et al., 2003; Cabral and Costa, 2001). We measured these covariables
in situ and used them to linearly model fish densities at the sam-
pling locations. We tested different linear models with various variable
combinations and polynomial degrees and selected the most relevant
parametric relations using the BIC criterion (see Table 2). We obtained
maps of salinity, temperature and bathymetry from the MARS3D-AGRIF
hydrodynamic database which is built with the MARS3D model along
the French coast at high spatial (500 m) and temporal (1 h) reso-
lution (Caillaud et al., 2016). An example of used drift is shown in
Fig. 3. We adjusted these model-based maps to the observed values
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Fig. 3. Data overview: Left-column figures (a), (d) and (g) illustrate the number of captured sea bass according to their length and the thresholds used for defining G2-aged class
for year 2016, 2017, and 2018 respectively. Centre-column figures (b), (e) and (h) show the relationship between G2-aged sea bass densities depending on position in the estuary
along the projection axis (see Fig. 2) and on salinity in 2016, 2017 and 2018. Red circles are proportional to fish density values. Maps (c), (f) and (i) represent how these fish
densities are organized in space, and over a salinity map derived from MARS3D-AGRIF data for datetime 2016-06-14 10:00:00 GMT, 2017-07-02 13:00:00 GMT, and 2018-07-03
17:00:00 GMT respectively.
Table 1
Datasets overview.

Date Strata Surface Nb of Nb of Mean ± Std Max Zeros Mean Mean Mean
(nm2) station trawls G2 density G2 density salinity temperature depth

(×103 nm−2) (×103 nm−2) (◦C) (m)

Upstream 2.1 8 14 6.0 ± 8.0 26.2 43% 3.1 19.1 5.2
Middle up 5.5 12 23 8.7 ± 9.6 32.7 0% 11.9 17.9 5.4

2016 Middle down 26.7 21 31 0.8 ± 1.8 0.7 52% 15.2 17.4 6.7
Downstream 9.9 5 5 0.0 ± 0.0 0.0 100% 33.78 13.5 15.7
Total 44.2 46 73 4.2 ± 7.4 32.7 37% 12.8 17.4 7.5

Upstream 2.1 8 14 1.5 ± 2.2 7.3 36% 15.1 21.3 5.2
Middle up 5.5 12 22 1.2 ± 1.4 5.4 5% 24.8 19.6 5.1

2017 Middle down 26.7 21 31 0.2 ± 0.4 1.8 71% 32.0 17.6 7.2
Downstream 9.9 5 5 0.1 ± 1.5 0.3 80% 34.8 15.3 16.1
Total 44.2 46 72 0.7 ± 1.3 7.3 44% 26.7 18.8 6.8

Upstream 2.1 8 17 0.5 ± 0.8 2.7 59% 18.7 22.0 4.4
Middle up 5.5 12 22 2.4 ± 2.6 8.9 14% 22.6 21.0 4.1

2018 Middle down 26.7 21 32 1.0 ± 1.4 7.0 28% 31.5 19.0 5.8
Downstream 9.9 5 5 0.1 ± 0.3 0.7 80% 34.4 17.6 14.9
Total 44.2 46 76 1.3 ± 1.9 8.9 34% 26.2 20.1 5.6
of temperature and salinity by fitting a simple polynomial regression
of degree 3, so that the mean squared error between predicted and
observed values would be minimal. These adjusted maps were directly
used as spatio-temporal drifts 𝑓 (𝑥, 𝑡). Finally, we estimated indices
following the framework given in Fig. 1. Spatial correlation structures
were described from the residual of the selected models of fish den-
sities. Indices were computed using fixed covariable maps given for
mid-tide.
6

3.2.3. Transitive approach
Transitive Kriging has been performed as detailed in Petitgas et al.

(2017). The covariograms were estimated and weighted by the area
of influence of each data point. Anisotropy was estimated (i.e. covari-
ogram estimation for specific directions; here 0◦/90◦) both for TR with
projection (along channel/orthogonal to channel) and without projec-
tion. The lag parameter was fixed to 1.5 nm which is approximately
the size of the mean distance between the closest sampling locations,
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and the maximal lag has been set to 20 nm so that the entire area
of presence is covered. Similarly to intrinsic approach, we adjusted
the empirical covariograms with a combination of nugget effect and
spherical. Ranges were defined by visual inspection, and sills were
fitted automatically.

3.2.4. Random sampling approach
For comparison, we evaluate abundance indices with a random

sampling technique; the random stratified estimator (RS). To this end,
we defined empirically 4 stratum within the Loire’s estuary assuming
that habitat were relatively homogeneous in each of these stratum
(Fig. 2). Abundance indices (AI) and coefficients of variation (CVs)
are thus computed as weighted sums of each stratum abundance and
variance. Equations are detailed in Ifremer survey reports (Le Goff
et al., 2017; Drogou et al., 2019).

3.3. Method comparison

To compare geostatistical methods, we aimed at describing the
robustness of spatial structure estimations by computing their goodness
of fit. We used Root Mean square error (RMSE) between the normal-
ized empirical variograms and the fitted structural models. Concerning
kriging, we evaluated all methods over the same domain and with the
same regular grid (mesh of 0.27 nm). This grid consisted in the grid
used for the MARS3D-AGRIF hydrodynamic database delimited by the
polygon presented in Fig. 2. AI and CVs have been computed following
equations given above. We evaluated each method’s performance using
cross-validations, consisting in estimating successively each data point
from other data points. We then extracted the RMSE to assess the
performance of each method; the best method is the one with the
smallest RMSE score.

4. Results

The three surveys carried out in 2016, 2017, and 2018 led to
important differences with maximal fish densities ranging from up to
32.7e3 ind nm−2 in 2016 to less than 8.9e3 ind nm−2 both in 2017 and
2018 (Table 1). In particular, in 2017 the overall mean fish density
was the lowest with 7e2 ind nm−2 and 44% of the stations contained
o G2-aged sea bass. The ’middle-up’ part of the estuary (purple area
n Fig. 2) was however the area where the probability to observe
2-aged sea bass was the greatest with the lowest rate of zeros for

hree consecutive years (respectively 100%, 95% and 86% of non-
mpty trawls in 2016, 2017 and 2018). Mean length of G2-aged sea
ass revealed also important inter-annual variability with 20, 22.5, and
5 cm in 2016, 2017 and 2018, respectively.

Environmental conditions were substantially different from one year
o another with a particular high river flow in 2016 (1970 m3/s in june

2016) associated to very low salinity with 12.8 in 2016 in opposition
to 26.7 and 26.2 in 2017 and 2018 (see Table 1). The relationship be-
tween G2-aged juvenile sea bass densities and environmental variables
depended also of the year and was better described by salinity in 2016
and 2017 (preferendum for relatively low salinity (5 to 15) in 2016;
preferendum for higher salinity in 2017 (10 to 25)), whereas in 2018
the best model contained only the depth variable (greater densities
were found at lower depths; Table 2 and Fig. 4). Salinity over the
estuaries depends however on the tide, and in 2016 and 2017 upstream
fish densities were lower when the tide was also low (i.e. at lower
salinity for a fixed position), while in the middle of the estuary fish
densities were a bit higher at high tide (i.e. at higher salinity for a fixed
position) (see Fig. 3).

Regarding the variography, adjusted structures were relatively sim-
ilar over the years, all of them consisting in a combination of a nugget
effect and a spherical model (see Table 3 in Annex and Fig. 5). On
average, transitive covariograms were easier to fit with an average
goodness of fit (GOF) of ca. 0.65, which was slightly improved by the
7

Table 2
Overview of the linear models explored for drift selection. These linear models aimed
at predicting juvenile sea bass density from different variable sets.

Year Variables R-squared BIC

2016 sal 0.18 1503
temp 0.16 1505
depth 0.08 1511
sal + temp + depth 0.17 1510
sal + sal2 + sal3a 0.29 1499

2017 sal 0.14 1245
temp 0.16 1244
depth 0.06 1251
sal + temp + depth 0.14 1251
sal + sal2 + sal3a 0.32 1234

2018 sal 0.00 1375
temp 0.00 1374
deptha 0.02 1373
sal + temp + depth 0.00 1381
sal + sal2 + sal3 0.02 1379

aModels finally selected for KED consisted in models with lowest BIC criterion and are
described.

projections (GOF of 0.28). In opposition, intrinsic variograms had an
averaged GOF of 2.03 caused by high variability in the first steps. For
intrinsic approaches (i.e. ordinary kriging and kriging with external
drift), the computation of classical variograms did not capture any
spatial structures, while the use of sea surface height anomaly as a
third dimension in the so-called ‘3D Horizontal’ variogram enabled the
estimation of 2 nm ranging structures (see Fig. 5). These structures
were however 5 to 10 times smaller than those captured by transitive
covariograms. Transitive covariograms capture indeed the structure
of fish preferendum habitat and decrease from their maximum value
and stabilize at 0 at a range distance corresponding to the size of the
presence area (around 15 nm). Conversely, intrinsic variograms capture
the fish schooling clusters structure at a range smaller than half the
length of studied area (around 6 nm).

Regarding Abundance indices, data characteristics (Table 1) re-
flected obviously on abundance indices estimations, with averaged AIs
of 115.1 × 103, 18.7 × 103 and 42.3 × 103 individuals for years 2016
to 2018 respectively (Fig. 6). Abundance indices derived from random
sampling were systematically smaller than other AIs, with AI twice
higher with Transitive Kriging than with Random Sampling in 2018.
Coefficient of variations were also way larger with kriging and particu-
larly with Transitive Kriging. Indeed, Random Sampling methods led to
CV of only 17%, 18.5% and 17.8% for the three surveys respectively,
while the best geostatistical approach estimated CVs of 33.5%, 40.5%
and 46.1%. However, for each survey, geostatistics methods had sub-
stantially better accuracy than random sampling techniques in the light
of the cross-validation index; the RMSE (Fig. 6). Indeed, for each survey
the lowest RMSE was obtained by either Transitive Kriging or Kriging
with External Drift (Fig. 6). In particular, Kriging with External Drift
had the best results for two surveys (2016 and 2017), corresponding to
surveys where we found a significant relationship between fish density
and salinity Table 2. On the 2018 dataset, Kriging with External Drift
did not improve much the Ordinary Kriging (Fig. 6). The associated
drift model found indeed a relationship between fish density and depth,
with a R-squared of 0.02 only 2. The Ordinary Kriging obtained lower
scores than the Random Sampling in 2016 and 2017, and in both cases
the use of external drift substantially improved the prediction accuracy
of this approach.

Maps produced by kriging methods also illustrated the inter-annual
variability of fish juvenile densities (Fig. 7). The highest fish densities
were notably observed in the upstream part of the estuary in 2016
and 2017 whereas in 2018 they were relatively downstream (Table 1).
Transitive approaches rendered relatively smooth maps with wide areas

of medium densities, while Intrinsic kriging produced more constrated
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Fig. 4. Prediction of the linear models selected for KED. Associated BIC and R-squared values are given in Table 2.
Fig. 5. Variograms and fitted models for each surveys. Transitive approaches (TR and TRp were modelled using an anisotropy and covariograms describe two directional structure.
Fitted model on both directions are given in filled and dotted red lines. For intrinsic approaches (OK and KED), the auto-correlation structures were modelled using a tide-dependent
variogram. It is defined as a 3D horizontal variogram where the third dimension is the sea surface height anomaly (SHHa). The usual variograms are drawn in grey, yet they
were not modelled and used for estimating abundance indices. Fitted models are shown in red. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
maps, revealing hotspots whose locations differed from one year to an-
other. The use of external drift also induced important differences in the
density distribution maps, in particular by adding external information
such as the location of the navigation channel (e.g. in 2018) and by
accentuating the gradient of densities along the river bed with highest
density upstream (e.g. in 2016 and 2017).

5. Discussion

Several studies have previously used geostatistics to estimate abun-
dance indices of juvenile fishes in estuaries through Ordinary Krig-
ing (da Silva et al., 2016; Rueda, 2001; Tableau et al., 2016). However,
this sole focus on Ordinary Kriging might be misleading whenever
the studied domains are non-convex and hold major environmental
8

dynamics (i.e. the vast majority of estuaries) leading to clear violations
of the underlying stationary hypothesis. In this study, we showed how
the tidal movements of juveniles’ sea bass increased the difficulty to
estimate the spatial covariance structure of fish aggregations (Fig. 5),
and that OK led to worse density predictions than the classic Random
Sampling techniques in two of the three sampling years (Fig. 6).
Therefore, the performance of OK will depend on both the shape and
dynamics of the studied estuaries, but also on the behaviour of the
studied fish in relation to water masses (size and swimming ability).
For example, we might expect that groundfish would be less sensitive
to tidal currents than demersal and pelagic fish (such as the sea
bass), which would explain the quality of the variograms observed
by Tableau et al. (2016). It is therefore important to carefully evaluate
the characteristics of the focal estuary and species before using OK
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Fig. 6. Index abundance estimation. Abundance estimations for each surveys and
associated CVs are given for every models. Associated accuracy score is illustrated with
dashed red lines representing the root mean squared error (RMSE) obtained through
cross-validation.

and alternative approaches should be carefully considered. Indeed, our
study demonstrates how geostatistics can deal with these difficulties
and yield to better abundance estimates than usual Random Sampling
and Ordinary Kriging approaches (lower RMSE), notably with Tran-
sitive Kriging when no external data is available or by using Kriging
with External Drift with spatio-temporal drifts that accounts for tidal
dynamics and habitat preferendum.

Different metrics have been explored in the literature to describe
spatial auto-correlations in estuaries such as the shortest distance over
water (Little et al., 1997; Rathbun, 1998), the shortest temporal dis-
tance (Zhang et al., 2016) or channel-centred coordinate transfor-
mation (Legleiter and Kyriakidis, 2008; Goff and Nordfjord, 2004).
Differences between kriging approaches with or without projection
have been very subtle, yet it has facilitated considerably the interpreta-
tion of the variogram (Legleiter and Kyriakidis, 2008; Rathbun, 1998).
In our case, we found that projection yielded most of the time to a
better goodness of fit (Table 3 and Fig. 5). In particular, the estimation
of anisotropy in a variogram is more natural within the channel-
centred. The need of projection is however very specific to each estuary
9

morphology and it might be difficult to assess general conclusions. As
an alternative to the methods presented in this study, it is possible to
deal with very irregularly-shaped estuarine and coastal environments
with stochastic partial differential equations accounting for physical
barriers (Bakka et al., 2019) and implemented in R-INLA (Lindgren
and Rue, 2015). In this geostatistical framework, the fish densities are
seen as the realization of a Gaussian random field which covariance
structure is defined by some stochastic differential equation. The main
idea is then to use a finite element approach to discretize the field and
solve the equation with respect to sample observations.

The most striking result of our study is the substantial improvements
of the models when time variability is taken into account (i.e. Kriging
with External Drift in 2016 and 2017). Indeed, fish densities can
vary substantially over short periods of time, and the sampling survey
requires a certain amount of time. Such space–time interactions during
a survey are known to be a difficulty for estimating a variogram from
fish data (Petitgas, 2001). Moreover, for practical reasons, surveys
cannot always provide enough data for adding a third dimension and
for estimating time variography such as proposed in Petitgas (1997).
A solution to deal with a time-series of surveys is to compute a mean
variogram which can provide a more robust description of the spatial
structure (Morfin and Fromentin, 2012; Saraux et al., 2014). In our
case, the analysis of variography was particularly difficult since we
had trawling stations at identical locations, but at different times. The
estimation of a 3D variogram with sea surface height as third dimension
enabled us to estimate a horizontal variogram selecting only pairs of
positions with similar SSHa. Thus, we managed to capture a spatial
auto-correlation structure (assumed constant through time), while no
structure was observable using classical 2D variograms (Fig. 5). Then
the idea consisted in kriging fish densities using a temporal drift to add
a temporal effect without the need to estimate a temporal variogram, in
the same way as performed previously for correcting daylight effects in
abundance estimation of juvenile haddock (Rivoirard, 2001). By using
salinity as external drift (i.e. a spatio-temporal variable that depend on
the tides), our Kriging with External Drift accounted for tidal dynamics
and outperforms other approaches on datasets from 2016 and 2017.
Interestingly, we did not find any relevant drift in the 2018 dataset,
and the best model had R-squared of only 0.02 (see Table 2). In this
situation, using a drift was therefore useless and results were very
similar to Ordinary Kriging. Other methods have used external data
through GAMs (Hashimoto et al., 2019; Polansky et al., 2018; Sobocin-
ski et al., 2018), hierarchical Bayesian framework (Rezende et al.,
2019) or regression trees (Froeschke and Froeschke, 2011) but without
investigating spatial covariance structures. It would be interesting in
a next step to compare geostatistics and these approaches but this is
beyond the scope of this study.

This study focused on the inter-annual variability of distribution
and abundance of 2-age juvenile seabass from Loire Estuary. The low
number of 1-age juveniles captured in 2016 suggested indeed that G0-
and G1-aged seabass could be difficult to capture, which would bias
abundance estimation indices (see Fig. 3). This study confirms that the
distributions of seabass juvenile are strongly related to tidal dynam-
ics (Cabral and Costa, 2001) and that the distribution and abundance
within Loire’s estuary were highly variable from one year to another
(Fig. 7). This could be explained by major inter-annual variability
in settlement timing and success of juvenile sea bass. Recent studies
have indeed shown evidence of the impact of oceanographic features
on the early life history phenology of seabass, with warmer waters
delaying the hatching timing (Pinto et al., 2021), with hydrological
conditions (e.g. oceanographic currents, wind) influencing larvae drift
and settlement success (Beraud et al., 2018), and with food levels and
starvation timing impacting larvae and juvenile survival (Dambrine
et al., 2020). The variability in the timing of juveniles recruitment
in the nursery could explain that G2-aged sea bass sampled in the
Loire estuary had different mean length and body condition between
years. These morphological and potentially physiological differences
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Fig. 7. Kriged Maps of fish densities obtained for the same domain using different geostatistical methods over three distinct surveys. TR stands for transitive kriging, OK for
ordinary kriging and KED for kriging with an external drift.
could in turn lead to differences in their salinity preferendum, with a
distribution of larger fish more downstream. The variability in settle-
ment success could explain the particularly high estimated abundance
in 2016 compared with 2017 and 2018. Further studies are clearly
needed to tease apart settlement success and environmental conditions
(e.g. flood in 2016) as the later may also have an impact on the
estimates of abundance indices (e.g. fish availability). Indeed, juvenile
sea bass are supposed to eventually disappear from shallow summer
habitats during major flood as it might create local disruptions of
habitat availability (Kelley, 2002; Alp and Pichon, 2020).

Despite the variability of fish abundance for the three successive
surveys, our study also revealed consistent influence of geostatistical
method on AI estimates (Fig. 6). More specifically, all geostatistical
methods had broadly similar AIs while RS was systematically smaller,
which is related to the stratum design (Fig. 2). Indeed, the computation
of AI through TR is similar to RS method in the particular case were
there is one strata per sample position, consisting in the area of influ-
ence of every position. Moreover, the fact that the two best approaches
TR, KED lead to similar AI supports the idea that using RS with an
empirical stratum design can add a substantial bias in abundance
estimations. Similarly, the OK obtained higher AIs than TR and KED in
particular for years 2016–2017 where we observed evidence of relation
between tidal dynamics and fish distributions (Fig. 3b). This suggests
that the failure to comply with the stationarity hypothesis related to in-
trinsic geostatistics impact the estimation of AIs, and that methods such
as KED or TR are needed to account for non-stationarity. In addition
to the impact of geostatistical methods on AIs, the coefficients of varia-
tions (CVs) associated with these indices differed substantially between
the RS and geostatistical approaches. More specifically, the geostatisti-
cal approaches had the best performances (lower RMSE) but were also
associated to relatively high CVs compared with Random Sampling.
This does not mean that RS is more accurate than geostatistical tools,
10
but rather that ignoring spatial structure of dependence of samples
and tidal effect leads to an overly optimistic precision. Indeed, the
RS method fails at capturing accurately the high variance in observed
densities at two nearby locations (in space and time). Moreover, the
structure of the studied estuary with large stratas downstream with few
fishes and little variance (downstream) while small stratas contain all
the variance (upstream) may lead therefore RS method to geometrically
provide small CVs. Such underestimation of CVs associated to biases in
AIs raises the relevance for the RS concerning the evaluation of juvenile
abundance indices, and its consequences on the associated management
actions. On the contrary, the Transitive approach managed to capture
some spatial auto-correlation through its co-variogram with both low
(hence better) goodness of fit and RMSE. CVs derived from TR were
therefore the highest, as the variability of samples doubled at the
same locations led to high nugget effects. This makes TR approaches
particularly robust to non-stationarity and conservative for systematic
abundance index estimations. Transitive and Intrinsic approaches also
did not capture the same auto-correlation structure, the range of the
modelled structures being higher using Transitive covariograms than
using intrinsic variograms (see Table 3 and Fig. 5). By selecting only
pairs of samples with similar SSHa, the intrinsic variogram observed
indeed the averaged structure of fish densities at fixed time, while the
transitive covariogram observed the structure of the averaged fish den-
sity through time. In other words, the covariogram captures the spatial
structure of juvenile fish preferendum habitat, whereas the intrinsic
variogram captures the fish schooling clusters structure. It is indeed
observable in the kriged maps produced in Fig. 2 were TR-derived fish
densities are way more smoothed than KED and OK maps. Estimated
indices derived from TR and KED approaches were yet relatively similar
as shown in Fig. 6 which once again supports the idea that TR is robust
to tidal variability. KED would therefore be more relevant to investigate
and explain the dynamics of fish densities along a tidal period, while
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TR provides a more pragmatic tool for stock management, as it captures
well the averaged habitat structure of juvenile fishes, and allows the
estimation of robust, unbiased and conservative abundance indices and
maps, that could help designing protection areas.

In summary, our study shows how it is possible to use a wide
variety of geostatistical methods to estimate juvenile fish abundance in
nurseries. The versatility of these methods have thus far not really been
considered in this context and such abundance indices (accurate, robust
to environmental variability, having realistic CVs) should definitely be
included in stock assessment models. This has already been done to
some extent in the northern stock of the sea bass with the use of a
simple densities average over ages 2–4 (Tidbury et al., 2021) but this
can clearly be extended to other nurseries and to other approaches.
Indeed, the use of geostatistically-computed abundance indices is a
significant step towards a better estimation of fish abundances and an
accurate estimation of their uncertainties. Compared to the classical
random stratified estimators, geostatistics approaches are more con-
servative, but their higher uncertainties would allow a more robust
adjustment trade-off between potentially different indices (i.e. estu-
aries) when estimating recruitment within a stock assessment model.
Application of this general framework to any other fish stocks, whose
juvenile life stage occurs in coastal nursery, might help the fisheries
managers anticipating recruitment strength and better evaluating the
consequences of alternative management actions.
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Table 3
Models Overview. An example of fitted model and associated empirical variograms is given in Fig. 5. Spherical range is detailed with two
values when accounting for anisotropy.

Year Kriging External Projection Name Nugget Spherical Spherical Goodness
approach drift sill range of fit

2016 Transitive – No TR 0.078 0.06 15:5 0.61
– Yes TRp 0.101 0.049 15:5 0.3

Ordinary No No OK 0.35 0.51 1.5 1.65
Yes OKp 0.33 0.5 1.5 1.2

Yes No KED 0.95 0.15 1.5 1.27
Yes KEDp 0.9 0.2 1.5 1.2

2017 Transitive – No TR 0.11 0.042 20:10 0.84
– Yes TRp 0.099 0.032 15:5 0.25

Ordinary No No OK 0.37 0.42 2 2.54
Yes OKp 0.39 0.41 2 2.66

Yes No KED 0.54 0.45 2 3.19
Yes KEDp 0.56 0.45 2 3.08

2018 Transitive – No TR 0.069 0.027 15:10 0.49
– Yes TRp 0.067 0.022 15:5 0.3

Ordinary No No OK 0.31 0.38 3 2.0
Yes OKp 0.32 0.37 3 1.96

Yes No KED 0.34 0.33 3 1.74
Yes KEDp 0.34 0.32 3 1.82
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