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A B S T R A C T   

In this study, we conducted an analysis of a multifrequency acoustics dataset acquired from scientific 
echosounders in the West African water. Our objective was to explore the spatial arrangement of marine or
ganism aggregations. We investigated various attributes of these intricate biological entities, such as thickness, 
relative density, and depth, in relation to their surroundings. These environmental conditions were represented 
at a fine scale using a towed multiparameter system. This study is closely intertwined with two key domains: 
Fisheries acoustics techniques and functional data analysis. Fisheries acoustics techniques facilitate the collection 
of high-resolution spatial and temporal data concerning marine organisms at various depths and spatial scales, all 
without causing any disturbance. On the other hand, spatial-functional data analysis is a statistical approach for 
examining data characterised by functional attributes distributed across a spatial domain. This analysis en
compasses dimension reduction techniques, as well as supervised and unsupervised methods, which take into 
consideration spatial dependencies within extensive datasets. 

We began by applying multivariate statistical techniques and subsequently employed Functional Data Analysis 
(FDA). In the modeling section, we introduced the spatial dimension with the spatial coordinates as covariates in 
the General Additive Model (GAM) and Functional Generalized Spectral Additive Model (FGSAM) models, 
aiming to underscore its relevance in those contexts. In an exploratory phase, Multivariate Functional Principal 
Component Analysis provided detailed insights into the variations of parameters at different depths, a capability 
not offered by traditional Principal Component Analysis. When it came to regression tasks, we explored the 
interactions between descriptors of Sound Scattering Layers and key environmental variables, both with and 
without considering spatial dimensions. Our findings revealed significant distinctions between northern and 
southern Sound Scattering Layers, as well as between coastal and high-sea regions. The use of the spatial lo
cations enhanced the performance of GAM and FGSAM, particularly in the case of salinity, reflecting the in
fluence of water mixing and seawater temperature. The multifaceted effects of environmental variations on 
Sound Scattering Layers underscore the importance of spatial-functional statistical analysis in ecological studies 
involving complex, spatially functional objects. Beyond the scope of this specific case study, the application of 
functional data analysis shows promise for a wide array of ecological studies dealing with extensive spatial 
datasets.   
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1. Introduction 

Advances in fisheries acoustics allow to observe various targets, over 
a wide range of depths and spatial scales (Brehmer et al., 2019; Sim
monds and MacLennan, 2005). Among other underwater targets, the 
Sound Scattering Layers (SSL) represent a key biomass in the world 
ocean (Mair et al., 2005; Proud et al., 2019). These SSL are mainly 
composed of zooplankton and micronekton. Zooplanktonic and micro
nektonic species provide the main trophic link between primary pro
ducers and higher trophic levels. A large amount of energy passes 
through zooplankton and micronekton (Steele et al., 2007). One of the 
characteristics of macrozooplanktonic and micronekton organisms is 
their Diel Vertical Migrations (DVM) (Klevjer et al., 2016). This behavior 
is a globally observed phenomenon (Bianchi et al., 2013; Bianchi and 
Mislan, 2016) and is primarily attributed to the need to evade visual 
predators during the day while engaging in surface feeding at night 
(Bianchi et al., 2013; Haney, 1988; Lehodey et al., 2015). This vertical 
movement and associated metabolic activities significantly impact the 
carbon cycle (Bianchi et al., 2013), making zooplankton and micro
nekton indispensable actors in marine ecosystems. Furthermore, SSL 
have been correlated with an array of environmental factors that pro
foundly influence their spatial distribution. These factors encompass 
temperature, dissolved oxygen levels, primary production, light in
tensity, density, and wind-induced mixing, as demonstrated by Hays 
et al. (2005), Bianchi et al. (2013), Proud et al. (2015, 2017), Klevjer 
et al. (2016), and Aksnes et al. (2017). Considering the challenges posed 
by global change and the decline in fisheries resources, it becomes 
increasingly imperative to gain a comprehensive understanding of these 
organisms distribution in relation to environmental conditions. 

Usually, the studies conducted on zooplanktonic communities did 
not take into account the spatial dimension of all the physical and 
biomass measurements collected with different sampling techniques i.e. 
fisheries acoustics (Diogoul et al., 2021) or using nets (Blanluet et al., 
2019). The high dimensional structure of environmental variables 
(seawater temperature, salinity, fluorescence, and turbidity) combined 
with multifrequency fisheries acoustics measurements is a rich source of 
information. Analyzing such massive spatial data requires sophisticated 
techniques as proposed by Functional Data Analysis (FDA) (Ariza et al., 
2022b), able to take into account the functional and spatial nature of the 
data. FDA transforms high dimensional data within a continuum into 
functional data, i.e. data objects, such as curves, shapes, images, or more 
complex mathematical objects, thought of as smooth realizations of a 
stochastic process mainly valued in a Hilbert space. Statistical methods 
for functional data have received a lot of attention from the scientific 
community (Ramsay and Silverman, 2005; Silverman and Ramsay, 
2002) over the last decade. Li et al. (2022) and Koner and Staicu (2023) 
reviewed recently some of the fundamental concepts of the FDA, their 
recent advances, and their impact on practical cases. FDA is an alter
native to the use of diverse and heterogeneous datasets (Pauthenet et al., 
2017, 2019) of functional, shape or more complex structure. Here we 
studied the relationships between the SSL spatial structuration and the 
pelagic environment to take advantage of all the information available 
in the data. Previous work by Diogoul et al. (2020), among others, has 
been done on aggregated features from the original data. Classical 
multivariate biostatistical analyses such as Principal Component Anal
ysis (PCA), clustering, and analysis of covariance (Zar, 2010) were 
performed on these aggregated data. In this context, our primary goal is 
to conduct a thorough and comprehensive analysis of the aggregated 
data. After initially conducting classical multivariate analysis, we adopt 
two distinct approaches. First, we incorporate the spatial dimension of 
the data into our statistical analysis, and second, we utilize both the 
spatial and functional characteristics of the data. These methods allow 
us to evaluate the significance of each approach and to determine the 
additional insights that can be obtained through functional data 
analysis. 

There is an increasing interest in ecology concerning the application 

of FDA, as evident from several recent works. Henderson (2006) utilized 
FDA to explore trends in ecological variables of South Queensland Wa
ter's ambient dam water quality monitoring program. Embling et al. 
(2012) investigated the relationship between the behavior of North Sea 
prey species and a vulnerable surface-foraging predator, analyzing fine 
scale tidally driven changes in biophysical characteristics using Func
tional Principal Components Analysis (FPCA). FDA clustering tech
niques have been employed to classify temperature and salinity profiles 
in the ocean in various studies (Nerini et al., 2010; Pauthenet, 2018; 
Pauthenet et al., 2017; Pauthenet et al., 2019; Reyes et al., 2015). Bayle 
et al. (2015) applied a functional linear model to predict chlorophyll-a 
concentration profile from light data. Gong et al. (2015) used func
tional principal component analysis to study a surface water tempera
ture dataset from Lake Victoria. Sierra et al. (2017) investigated FDA 
methods to examine particle-size distributions in a beach/shallow ma
rine sedimentary environment in Gijón Bay (NW Spain). Acar-Denizli 
et al. (2018) applied a functional linear regression model to remote 
sensing data, enabling them to predict total suspended solids concen
tration in the coastal zone of the Guadalquivir estuary. Tarro-Saavedra 
et al. (2020) classified the seabed in coastal environments by employing 
FDA approaches on acoustic curves. Godard (2021) employed FDA to 
study high-frequency physical, biological, and behavioral data from 
electronic recorders deployed on marine predators, particularly south
ern elephant seals. Nonparametric functional spatial regression has been 
explored for mapping the presence of demersal coastal fish from Senegal 
in studies by Ndiaye et al. (2022, 2020). Yarger et al. (2022) utilized a 
spatio-temporal functional kriging methodology to predict temperature 
and salinity functions with depth from the Argo dataset at a fixed 
location, while Korte-Stapff et al., 2022 applied a multivariate 
functional-data mixture model to Argonaut oceanographic data in the 
Southern Ocean to predict oxygen concentration. Assunção et al. (2020) 
characterised the thermohaline structure in the tropical southwest 
Atlantic using hydrographic profiles, FPCA and functional hierarchical 
clustering. Ariza et al. (2022a) explored the variation of acoustic back
scatter using functional PCA, and further applied FDA to classify the 
acoustic seascapes of the southwest tropical Atlantic into biogeograph
ical regions. Ariza et al. (2022b) further investigated the variation of 
acoustic backscatter using functional PCA. In this paper, we assume that 
the environmental data correspond to functions in space (depending on 
the depth points), expressed by a basic system (bspline, Fourier, poly
nomial). By using FDA methods such as functional PCA, the dimension 
of the basic system is reduced and a better reconstruction of the vari
ables is achieved. We also performed clustering based on the PCA scores 
to identify homogeneous profile groups. To the best of our knowledge, 
there is no functional methodology for functional multivariate spatial 
PCA and clustering in this framework. We apply these methods from the 
univariate spatial and multivariate non-spatial functional literature to 
our original dataset (Happ and Greven, 2018). By reconstructing the 
data using FDA techniques, we can effectively analyze, at a fine scale, 
the relationship between environmental data and marine organism ag
gregation. Specifically, we employ regression methods for functional 
data, such as functional generalized spectral additive models, to gain 
insights into the intricate ecological patterns and associations. Our 
findings convincingly illustrate the significance and advantages of FDA 
in our ecological studies when compared to classical biostatistics 
methods. Through this research, we aim to shed light on the potential of 
spatial-functional statistical analysis and emphasize its relevance in 
addressing ecological questions, particularly pertaining to the effects of 
environmental variation on micronektonic layers. 

2. Materials and method 

2.1. Materials 

The Hydroacoustics AWA sea survey was carried out in the West 
African waters. The survey was conducted with the research vessel (R/ 
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V) Thalassa (Ifremer) during the upwelling season (Tiedemann et al., 
2017; Tiedemann and Brehmer, 2017) from February 24 to March 14, 
2014.We used a remotely operated towed vehicle a Scanfish (Brown 
et al., 1996; Farrell et al., 2012) operated from the R/V Thalassa and 
hull-mounted multifrequency echosounders (Korneliussen and Ona, 
2002). Three contrasted radials (ID1, 2 and 2′) were used in this study 
(Fig. 2). ID1 was carried out over the continental shelf of the Grande 
Côte in the north of Senegal (Balde et al., 2019) during the night, sun
rise, and day. The radial 2 carry out in southern Senegal was divided into 
two parts: ID2’ in the shallow continental shelf (0–100 m; sampled 
during the night, sunrise and day) and ID2 in the high sea (bottom depth 
> 500 m; sampled during sunset and night). The Scanfish was towed 
continuously from the R/V between the surface to 100 m depth, while 
the R/V insonified the water column continuously at four frequencies in 
continuous wave mode (CW) (Diogoul et al., 2020).  

• Fisheries acoustics data were recorded continuously using multi- 
frequency echo sounders (operating at 38, 70, 120 and 200 kHz) at 
a pulse length of 1 ms and with a Time Varied Gain (TVG) function 
set in 20 log R (R the range in m). Two acoustic variables were 
measured: (i) the volume backscattering strength noted Sv (dB re 1 
m-1) (MacLennan et al., 2002) is a measure of the amount of sound 
reflected towards the echosounder from a target in the water column. 
It quantifies the scattering characteristics of biological organisms or 
other scatterers in the acoustic field. It provides information about 
the density and distribution of scatterers within the water column; 
(ii) Nautical Area backscattering coefficient sA (m2 nmi-2) translates 
the acoustic energy received by the echosounder for one nautical 
mile, hereafter relative density.  

• The Sv are represented in two dimensions: vertically, i.e., depths, and 
horizontally per Elementary Sampling Unit (ESU) in distance (here 

0.1 nmi) travelled by the the R/V (Fig. 3). Matecho allows visual 
observation of the SSL and extraction of their characteristics (Perrot 
et al., 2018). We have used three SSL descriptors (depth in meter, 
thickness in meter (maximum depth (dmax) − minimum depth (dmin)), 
and relative SSL density (mean sA) using Matecho (Perrot et al., 
2018). The bottom depth is obtained from the bottom line extraction 
at 38 kHz using Matecho. 

• Environmental data, i.e., seawater temperature (Temp in ◦C), fluo
rescence (Fluo in ml l-1; proxy of chlorophyll-a concentration), 
turbidity (TU in NTU) and salinity (Sal in psu), were acquired every 
second using the Scanfish along the path of the vessel (Fig. 3). These 
parameters are averaged for each echointegration cell (Perrot et al., 
2018), allowing them to be matched at a fine scale (vs CTD probe 
collected during oceanographic surveys) with the SSL descriptors 
(Mouget et al., 2022). The fluorescence allows to measure the con
centration of Chlorophyll-a, a proxy of marine primary productivity. 
The georeferenced positions (latitude (LatEsu) and longitude 
(LonEsu), in decimal degrees) were obtained from the onboard 
Global Positioning System. The environmental variables were 
matched with the acoustic variables using the matlab code available 
in Section 4 of the supplementary material. The data, which has a 
size of 2.61 GB, is stored in MATLAB format. 

2.2. Methods 

The research unfolded in three key steps: 

Fig. 1. Flow chart depicting the study methodology. The research unfolded in 
three key steps: (i) Raw data extraction from the echosounders and the Scan
Fish, followed by the computation of Sound Scattered Layers’SSL’ character
istics and the integration of all data; (ii) Comparative analysis of SSL 
characteristics against diel periods, involving classical PCA (principal compo
nent analysis), clustering, and GAM (Generalized Additive Model) without 
spatial dimensions, then with spatial dimensions. This step showcases the 
relevance of Spatial-Functional Statistical Analysis in marine ecological studies, 
exemplified through environmental variations in SSL; (iii) Application of a 
Functional Analysis, encompassing Multivariate Functional Principal Compo
nent Analysis (MFPCA) and clustering. Subsequently, the relationship between 
SSL and physical parameters is modeled using FGSAM (Functional Generalized 
Spectral Analysis Model) initially without spatial dimensions and then incor
porating spatial dimensions. The analysis and modeling explicitly explore the 
relationship between SSL descriptors (thickness, depth, density), treating them 
as observations of a real-valued spatial process. 

Fig. 2. Map with the 100 m isobath of Senegalese coastline (represented by a 
curve), (West Africa). The vessel has covered three radials collecting simulta
neously acoustics and environmental variables at high resolution (sea survey 
AWA). The radial (dotted lines) 1 was carried out over the continental shelf in 
northern Senegal (in blue colour) and radial 2 in southern Senegal split into two 
parts, on-shore (continental shelf: ID2’ in black colour) and off-shore (high sea: 
ID2 in red colour). (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.) 
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Fig. 3. (1) Echogram representing the acoustic intensities (in Sv backscatter coefficient) reverberated by the aggregated marine organisms structured in layer (i.e. 
here sound scattering layer) as detected by echosounders at four frequencies (38, 70, 120 and 200 kHz) in three dimensions (2D + time). (2) The contour plots of key 
physicochemical parameters of seawater temperature, salinity, turbidity and fluorescence over the three acoustic radials studied. A): southern continental shelf; B): 
southern high sea and C): northern continental shelf. Data obtained from AWA sea survey on-board FRV Thalassa of Senegal coastline. 
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(i) Raw data extraction from the echosounders and the ScanFish, 
followed by the computation of Sound Scattered Layers’SSL’ 
characteristics and the integration of all data.  

(ii) Comparative analysis of SSL characteristics against diel periods, 
involving classical PCA (principal component analysis), clus
tering, and GAM (Generalized Additive Model) without spatial 
dimensions, then with spatial dimensions. This step showcases 
the relevance of Spatial-Functional Statistical Analysis in marine 
ecological studies, exemplified through environmental variations 
in SSL.  

(iii) Application of a Functional Analysis, encompassing Multivariate 
Functional Principal Component Analysis (MFPCA) and clus
tering. Subsequently, the relationship between SSL and physical 
parameters is modeled using FGSAM (Functional Generalized 
Spectral Analysis Model) initially without spatial dimensions and 
then incorporating spatial dimensions. The analysis and 
modeling explicitly explore the relationship between SSL de
scriptors (thickness, depth, density), treating them as observa
tions of a real-valued spatial process. 

Namely, we analyzed and modeled (see Fig. 1) the relationship be
tween the SSL descriptors (thickness, depth, density) (considered as 
observations of a real-valued spatial process {Ys}s∈ℝ2 at the sites s1,…,sn) 
and the characteristics of the pelagic environment i.e the physical pa
rameters (considered as observations of a functional spatial processes 
(see Fig. S2) 

{
Xs(t) , t ∈

[
ds,min, ds,max

] }

s∈ℝ2 , where t is the depth and s =
(
s1, s2) a spatial site where the data was collected). The peculiarity of the 

proposed methodology lies in the assumption that the raw measure
ments xs,j,t are noisy observations of a random variable X =

(
X1,…,Xp)

valued in a multivariate functional space. Namely Xj ∈ L2( T j
)
, j = 1,… 

, p where L2( T j
)

is the space of squared integrable functions on T j =
[
T j,min,T j,max

]
. In other words xs,j,t = μj(t) + Xj

s(t) + εs,j,t , with μj(.) the 

mean function of the parameter j. The functional variable Xj
s is centred 

and square integrable, while εs,j,t are centred (real-valued) Gaussian i.i. 
d variables of finite variance. 

2.2.1. Aggregated data modeling 
To compare with the benchmark work Diogoul et al. (2020), we first 

modeled the layer descriptors by the environmental data, aggregating 
them through the mean. The aggregated variables are: 

Xj
s =

1
Ds

∑Ds

p=1
Xj

s

(
tp
)
, (1)  

where Ds is the number of depth where data are available and 
s ∈ (s1,…, sn). 

2.2.1.1. Non-spatial analysis. We performed a principal component 
analysis (Jolliffe, 2005) followed by a hierarchical clustering (Rokach 
and Maimon, 2005) in order to identify homogeneous groups that are 
similar in terms of all environmental parameters. We were also inter
ested in the implementation of the Generalized Additive Model (GAM) 
with the aggregated covariates Xj

s. 
The GAM (Hastie and Tibshirani, 1990) postulates that 

g(Ys) =
∑p

j=1
fj
(
Xj

s

)
+ εs, (2)  

where g is the link function, fj is in a family of functions (linear, splines, 
etc.), εs being the centered i.i.d (independent and identically distrib
uted) error terms with finite variance. The estimation of fj is based on 
splines nonparametric smoothing technique. This representation is 
chosen to minimize the root mean square error (RMSE) and mean ab
solute error (MAE). 

2.2.1.2. Spatial analysis. We have introduced geographical coordinates 
as spatial covariates (s =

(
s1, s2)) in the GAM model: 

g(Ys) =
∑p

j=1
fj
(
Xj

s

)
+ g(s)+ εs, (3)  

where s =
(
s1, s2) is the vector of patial coordinates and g is like fj in a 

family of functions (linear, splines,etc.). 

2.2.2. Functional data modeling 

2.2.2.1. Non-spatial analysis. Instead of aggregating the data, we use in 
this section models that are able to analyze the space-time dynamic of 
the data, the framework of Functional Data Analysis (Ramsay and Sil
verman, 1997). We first represent the discrete measures into functional 
data. For that smoothing an expansion in a basis function has to be done. 
After this preliminary FDA step, the second step is to resume the func
tional data by means of Functional Principal Component Analysis 
(FPCA). The theoretical basis of FPCA is the Karhunen-Loève theorem 
(Ash and Gardner, 1975). When dealing with several functional vari
ables like in our case study, multivariate FPCA has been used thanks to 
Happ and Greven (2018). To identify groups with homogeneous char
acteristics on the basis of the multivariate functional data, we perform 
an hierarchical clustering based on the FPCA scores constructed using 
MFPCA. The principle of the adopted functional PCA method can be 
described by the following steps, setting p = 1 (with p number of prin
cipal components of the PCA) to simplify the notations:  

1. Dimension reduction by principal component analysis (PCA) 
The first step is to express raw data to functions using 

Xj
s(t) = Xs(t) =

∑P

m=1
cs,j,mbm(t) (4)  

where b1(t),….., bP(t) represents the collection of first P basis functions 
(Fourier, Spline, etc). 

Let us recall some FDA notions useful for PCA. The empirical func
tional mean of Xj

s(.) is: 

Xj,n(t) =
1
n

∑

s∈(s1 ,…,sn)

Xj
s(t) (5)  

and the empirical covariance function: 

ĉj,n(t, u) =
1

n − 1
∑

s∈(s1 ,…,sn)

(
Xj

s(t) − Xj,n(t)
)(

Xj
s(u) − Xj,n(u)

)
. (6) 

Karhunen–Loeve's expansion (Ash and Gardner, 1975) is then used: 

Xj
s(t) = μj(t)+

∑K

k=1
βj,k,sϕj,k(t) (7)  

where ϕj,k are the eigenfunctions (principal component functions; PCFs) 
associated with the variance-covariance operator (see Happ and Greven 
(2018) for more details) and λ1,j > λ2,j,….. > λK,j are the eigenvalues, in 
theory K = ∞. The functional principal component scores βj,k,s =

∫

Xj
s(t)ϕj,k(t)dt are assumed to be centered random variables. In practice, 

ĉj,n(., .) is decomposed by: 

ĉn(t, u) =
∑K

k=1
λ̂k,j ϕ̂j,k(t)ϕ̂j,k(u). (8) 

To determine eigenvalues and eigenfunctions, a number of works in 
the literature are proposed particularly in the context of univariate in
dependent (Ramsay and Silverman, 2005) or multivariate independent 
(Happ and Greven, 2018) or univariate spatially as well as temporally 
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dependent (Hörmann et al., 2015; Kuenzer et al., 2021; Liu et al., 2017; 
Winzenborg, 2011). 

We first use the estimated functional principal components (FPC) ϕ̂j,k 

(by assuming that the data at the ESU are independent, Ramsay and 
Silverman (1997), Happ and Greven (2018)) to approximate Xj

s in a 
finite dimensional functional space: 

Xj
s(t) ≈ Xj,n(t) +

∑K

k=1
β̂j,k,s ϕ̂j,k(t) (9) 

When p > 1, univariate basis expansions for each element of the 
multivariate functional data Xs =

(
X1

s ,….,Xp
s
)

are performed for each of 
the p functional components and the MPCA scores names β̂k,s are 
derived. (Happ and Greven, 2018; Happ-Kurz, 2020).  

2. Clustering 
Whence the functional PCA is done, we conduct hierarchical 

clustering on the MPCA scores β̂k,s.  
3. Functional GAM (FGAM) models 

The functional PCA (R version 4.1.0; package MFPCA) carried out 
allowed the dimension reduction of the explanatory variables. We 
then used the functional generalized additive model (FGAM) McLean 
et al. (2014) as a more flexible alternative to the functional linear 
model (FLM) for regressing a scalar on functional predictors. The 
FLM first introduced by Ramsay and Dalzell (1991) and defined by: 

Ys = β0 +
∑p

j=1

∫

T j

βj(t)Xj
s(t)dt+ ε (10)  

has been extensively studied (see Cardot et al. (1999, 2003), Crambes 
and Mas (2013), Yao et al. (2005)). Let Xs =

(
X1

s ,…,Xp
s
)
, we have the 

functional GAM expressed as follows: 

E(Ys|Xs) = g− 1

(

β0 +
∑p

j=1
fj
(
Xj

s

)
)

(11) 

The estimation of fj is based on the spectral decomposition of the 
covariance operator of Xs and from the scores of PCA of Xs, namely 

fj
(
Xj

s

)
:=
∑K

k=1fk
j

(
ξk

j,s

)
, where ξk

j,s are the PCA scores of Xj
s. This method is 

called Generalized Spectral Additive Model (GSAM) (Müller and Yao, 
2008) and is more flexible because the independence of the scores for 
each functional covariate avoids problems of concurrency in the esti
mation of the partial functions associated with this covariate. 

The Functional Generalized Spectral Additive Model (FGSAM), 
which aims to estimate the functional beta parameters using the R 
package fda.usc, selects the number of basis functions for the indepen
dent functional predictors and parameters that minimize the RMSE and 
MAE criteria. These criteria are used for model selection and help to 
ensure a better fit of the model to the data. The dataset was divided into 
training (75%) and test (25%) samples for the Generalized Additive 
Model (GAM) as well as for spatial Generalized Additive Model (GAMs), 
the Functional Generalized Spectral Additive Model (FGSAM) and the 
spatial Functional Generalized Spectral Additive Model (FGSAMs). 

2.2.2.2. Spatial analysis. In addition to the functional covariate, we add 
the geographical coordinates as spatial co-variates in the FGSAM model: 

E(Ys|Xs) = g− 1

(

β0 +
∑p

j=1
fj
(
Zj

s

)
+ g(s)

)

, (12)  

where s =
(
s1, s2) is the vector of spatial coordinates. 

3. Results 

We first present the results of classical biostatistics methods and then 

those of functional methods. 

3.1. Classical methods 

3.1.1. Elementary statistics of SSL descriptors per frequencies 
The analysis of SSL descriptors reveals interesting patterns in the 

thickness and depth of SSL across the different frequencies, with distinct 
variations according to the diel period. 

Over the southern Senegalese continental shelf (Fig. 4), the SSL were 
thicker during the night while during the day, the SSL are almost thin. At 
all frequencies, SSL were deeper at night than at sunrise except at 200 
kHz where we reported the opposite. In the high sea of southern Senegal, 
at 70, 120, and 200 kHz, the SSL were thicker at night than at sunset, in 
contrast to those detected at 38 kHz. The SSL were deeper at sunset than 
at night for all frequencies. In northern Senegal, the SSL were thicker 
during daytime and sunrise at 70, 120, and 200 kHz while at 38 kHz the 
SSL were thicker during the sunrise. In addition, the SSL were deeper 
during sunrise and day than during the night for all frequencies. 

3.1.2. Principal components analysis (PCA) and clustering on 
environmental parameters 

Clustering is performed on the principal components of the mean 
environmental parameters between the minimum and maximum depths 
of the SSL (Fig. 5, see Fig. S3 in the supplementary material, for more 
details), i.e., where the SSL were present in the water column. On the 
southern Senegalese continental shelf, at 38 kHz, we identified two 
classes. Class 1 is characterised by ESU sampled during nighttime and 
sunrise. They were deeper and more saline compared to the Class 2 
sampled during the daytime, which were warmer, more turbid, and 
more fluorescent. We observed the same results at the three other fre
quencies. In the Senegalese high sea, the results were similar at 38, 70, 
and 120 kHz. Class 1 was characterised by night-sampled ESU that were 
shallower, warmer, less saline, less turbid, and less fluorescent 
compared to Class 2 sampled during sunset. Only at 200 kHz, the diel 
period did not influence the class distribution. Class 1 was characterised 
by shallower, less warm, less turbid, and fewer fluorescence ESU 
compared to Class 2. In the northern Senegalese shelf at 38 and 200 kHz, 
Class 1 was sampled during sunrise and daytime period and was deeper, 
less warm, less saline, and lower in fluorescence compared to Class 2. At 
70 and 120 kHz, Class 1 is characterised by daybreak and daytime 
period that were deeper and more turbid compared to Class 2, which 
were warmer, more saline, and with higher fluorescence. 

3.1.3. Spatial generalized additive model (GAMs) 
GAMs results showed that on the continental shelf, environmental 

parameters influenced the thickness and depth of the Sound Scattering 
Layer (SSL) more during nighttime and sunrise compared to daytime, 
across all frequencies (Table 1, see Tables S1 and S2, Fig. S6 in the 
supplementary document for more detail). Factors such as local depth, 
sea temperature, salinity, fluorescence, turbidity, and geographical co
ordinates exhibited varying effects on SSL thickness and depth at 
different frequencies and periods. Similar patterns were observed in the 
southern Senegalese high sea, where bottom depth, temperature, 
salinity, fluorescence, turbidity, and geographical coordinates influ
enced SSL characteristics during sunset and nighttime. In the northern 
Senegal shelf, bottom depth, temperature, salinity, fluorescence, 
turbidity, and geographical coordinates played a role during sunrise and 
daytime. The analysis revealed both positive and negative effects of 
these environmental factors on SSL thickness and depth, underscoring 
the complexity of their interactions. However, the fit quality for SSL 
density (SA) was found to be inadequate. Overall, the study highlights 
the significance of spatial statistical analysis in understanding the mul
tiple effects of environmental variation on SSL in ecological studies. 
Overall, the GAMs analysis highlights the complex relationships be
tween environmental variation and SSL, emphasizing the importance of 
spatial-functional statistical analysis in ecological studies. 
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3.2. Functional methods 

3.2.1. Multivariate functional principal component analysis (MFPCA) 
The results of the multivariate functional principal component 

(MFPCA) analysis on the environmental parameters show the variation 
of the components along the depths (Fig. 6, see Fig. S4 for more detail). 

It appeared that the first component of each variable generally groups 
together ESU with either high or low values at a particular depth range, 
while the second component groups together ESU with high or low 
values at a different depth range (Table 2). This suggests that there are 
multiple factors influencing the distribution of these ESU in the water 
column. 

Fig. 4. Boxplot (minimum, maximum, and median) of sound scattering layer (SSL) descriptors (SSL thickness (m), SSL density (expressed in m2 nmi-2), and SSL depth 
(m)) grouped by diel period (Night, Sunrise, Day and Sunset) over Senegalese waters (A: southern continental shelf; B: southern high sea and C: northern continental 
shelf) as observed by the echosounders during the AWA sea survey at four different frequencies (kHz). 
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3.2.2. Clustering 
Clustering was performed on the scores derived from the functional 

principal components (PC1 and PC2) (Fig. 7, see Fig. S5 for more detail). 
On the continental shelf of southern, at 38 kHz, class 1 was characterised 
by the second component while the first characterises Class 2. At 70 kHz, 
Class 2 was characterised by the first component, while Class 1 was 
characterised by the second component. At 120 kHz, class 1 contains low 
values of the first component, while Class 2 contains the opposite. At 
200 kHz, Class 1 contains low values of the first component, while Class 
2 contains the opposite. In the high sea southern Senegalese coast, at 38 

kHz, Class 1 was characterised by low values of the first component, 
while Class 2 has the opposite. At 70 kHz, Class 2 was characterised by 
high values of the first component while Class 1 has the opposite. At 120 
kHz, Class 1 was characterised by low values of the first component, 
while Class 2 has the opposite. At 200 kHz, Class 1 has low values of the 
first component while Class 2 has the opposite Over the northern Sen
egalese shelf, at 38 kHz, Class 1 was characterised by low values of the 
first component, while at Class 2 we observe the opposite. At 70 kHz, 
Class 1 was characterised by low values of the first component, while at 
Class 2 the opposite was observed. At 120 kHz, Class 2 was characterised 

Fig. 5. Principal Component Analysis (PCA: PC1 on x-axis and PC2 on y-axis) followed by classification (CAH) (red: Cluster 1; blue: Cluster 2) of the mean envi
ronmental parameters (sea temperature, fluorescence, turbidity, and salinity) measured within the minimum and maximum depths of the sound scattering layer (SSL) 
at different frequencies; 38, 70, 120, and 200 kHz and bottom depth, grouped by diel period (day, sunset, night and sunrise) over Senegalese waters (southern 
continental shelf) during the AWA sea survey. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 
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by high values of the first component, while Class 1 was the opposite. At 
200 kHz, class 1 contains low values of the first component, while Class 
2 had the opposite. 

3.2.3. Spatial functional generalized spectral additive model (FGSAMs) 
The results of the FGSAMs performed on the SSL descriptors pro

vided estimated β̂ parameters of the functional covariates that varied 
with depth (Fig. 8, see Fig. S7 in the supplementary material, for more 
details). On the southern continental shelf, only temperature has an 
overall negative effect on SSL thickness at 38 kHz while in the southern 
Senegal high sea, fluorescence has an overall positive effect on thickness 
at 70 and 120 kHz. For SSL depth, fluorescence has an overall negative 
effect in these two areas at 200 kHz. For the other parameters, positive 
and negative effects are recorded along the depths (Table 3 and see 
Table S3 in the supplementary material, for more details). 

4. Discussion 

4.1. Analytical approaches: Multivariate and functional biostatistics 
methods, with or without spatial considerations 

PCA was used to visualize correlations between environmental var
iables and to identify homogeneous groups of ESU in a two-dimensional 
space (Abdi and Williams, 2010; Chatfield and Collins, 1980; Demšar 
et al., 2013; Granato et al., 2018). The drawback of such statistical 
analysis was that it did not take into account the shape of the variation of 
the data along the depth because it is performed on aggregated data. In 
our case study, the analyses were based on aggregated dataset where 
each ESU is associated with a single mean value of sea temperature, 
fluorescence, salinity, and turbidity. On the one hand, the functional 
multivariate PCA (Happ and Greven, 2018) was free of this aggregated 
aspect and showed in our case study, the similarities between the ESU 
through the high or low peaks of the parameters observed on given 
depth points. It allowed the study of the shape variation of the data 
along the water column. The GAM using continuous georeferenced po
sitions (latitude and longitude) with a bivariate smoothing function as 

Table 1 
Results of Generalized additive model (GAM) and spatial Generalized additive model (GAMs) showing the effects (blue: Positive; red: Negative; gray: Not significant) 
of oceanographic conditions (sea temperature, salinity, turbidity, fluorescence), bottom depth (Bottom) and geographical positions (latitude (Lat) and longitude 
(Lon)) on sound-scattering layers (SSLs) thickness, detected by echosounders at four frequency (38, 70, 120 and 200 kHz), per diel period (day, sunset, night and 
sunrise), and according to three Senegalese geographical areas (A: southern continental shelf; B: southern high sea and C: northern continental shelf). 
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spatial covariates showed overall the best performance (lower RMSE 
and MAE; Table 4; see Table S4 in the supplementary material, for more 
details). Spatial dependence was modeled in the systematic part of the 
model, which has improved the goodness of fit. The GAM were powerful 
exploratory tools because they offered great flexibility in data analysis 
by introducing nonparametric and/or parametric functions. Its main 
advantage is that it did not require making assumptions about the form 
of the relationship between the SSL descriptors and environmental pa
rameters. Its application allowed to specify of the error model, to adjust 
the shape of the distribution of the data and thus has lower and more 
reliable p-values (Hastie and Tibshirani, 1990). The FGSAM offers also 
great flexibility and helps to avoid the curse of dimensionality (Febrero- 
Bande and González-Manteiga, 2013). The results obtained by the 
FGSAM showed that the effect of environmental parameters on the 

descriptors of SSL appeared complex and cannot be modeled by a 
functional linear model. Overall, multivariate biostatistics are suitable 
for analyzing datasets with a relatively small number of variables and 
can provide valuable insights into correlations (Diogoul et al., 2020). 
However, they may lack the ability to capture fine-scale variations and 
account for temporal or spatial dependencies in the data. In contrast, 
functional methods, whether spatialized or not, are specifically designed 
to handle functional data and excel in capturing complex patterns along 
a continuum as it is the case in our dataset. They offer more flexibility 
and are particularly useful when dealing with high-dimensional, spatial, 
or temporal datasets. 

Fig. 6. Multivariate Functional Principal Component Analysis (MFPCA) of oceanographic conditions (sea temperature (in ◦C), salinity (in PSU), fluorescence (in ml l- 
1), turbidity (in NTU)) along the depths) measured between the minimum and maximum depths of the layers at four frequencies. Representation of the two main 
functional components (black: first component (PC1); red: second component (PC2)) over Senegalese waters (south continental shelf), observed at various fre
quencies: (a) 38, (b) 70, (c) 120 and (d) 200 kHz. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 
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4.2. Diel vertical migration: Varied SSL patterns in Senegalese waters 

The analysis of SSL descriptors demonstrates the significant impact 
of the diel period on SSL thickness and depth, revealing distinct patterns 
influenced by the diel cycle. Over the southern Senegalese continental 
shelf, nighttime SSL exhibit greater thickness and depth compared to 
daytime SSL can be attributed to the widely recognized diel vertical 
migration (DVM) patterns displayed by numerous marine species. DVM 
is a behavioral mechanism generally characterised by an ascent towards 
the surface of zooplanktonic and micronektonic organisms during the 
night to feed and a descent during the day to avoid predation by visual 
predators. This type of migration is known as DVM type I (Bianchi et al., 
2013; Lehodey et al., 2015). In northern Senegal, a different set of 
patterns emerged. SSL were thicker during the daytime and sunrise, 
consistently exhibiting greater depth during both sunrise and the day 
compared to the night. This SSL thickness and depth pattern reflects an 
inverse DVM. Indeed, some zooplanktonic organisms perform an inverse 
DVM (type II), ascending in the morning and descending in the evening, 
which is the reverse pattern generally observed with vertically 
migrating animals (Cushing, 1951; Ohman et al., 1983). In the Southern 
Senegalese continental shelf, the sampling was mainly achieved during 
the daytime, which may have biased the observed DVM type II. Never
theless, Tiedemann and Brehmer (2017) also reported such inverse DVM 
for ichthyoplankton, which confirms the trophic relationship between 
ichthyoplankton and copepod, as Diogoul et al. (2022) showed that the 
SSL are mainly composed of copepods. 

4.3. Effect of the pelagic environment on the spatial structure of the 
micronektonic layer (SSL) 

PCA analysis allowed the physicochemical characterization of the 
water masses. The dataset was organized into two distinct ESU classes. 
Through PCA, we identified patterns and similarities within these 

classes, enabling a statistical distinction between shallow, cold areas and 
deeper, warmer regions. The application of PCA allowed for a nuanced 
exploration of the physicochemical attributes associated with each ESU 
class. The analysis not only facilitated the identification of common 
features but also provided a statistical foundation for characterizing the 
differences between the two classes. In particular, the distinction be
tween shallow and cold conditions versus deeper and warmer environ
ments became evident through the derived statistical insights. This 
approach enhances our understanding of water mass characteristics, and 
is in line with current knowledge (Ndoye et al. (2014); Tiedemann and 
Brehmer (2017)). On the southern Senegalese continental shelf, the 38 
and 70 kHz observations give similar results on SSL due to their some
what similar acoustic responses (Guillard et al., 2004). The Class 2 ESU 
were shallower closest to the coast, where SSL were seldom as expected 
by Diogoul et al. (2020) who explain this by the turbulence in the water 
column generated by the upwelling phenomenon occurring at the time 
of the survey. The upwelling phenomenon occurs on the Senegalese 
coast between November and May (Balde et al., 2019; Faye et al., 2015) 
and is mainly determined by favourable meridional wind, topography, 
and density stratification (Estrade et al., 2008). Coastal upwelling is an 
oceanographic process that brings cold and nutrient-rich waters to the 
ocean surface from depth (Ndoye et al., 2017). Upwelled coastal waters 
are cold and rich in nutrients, which is favourable to increase primary 
production and thus chlorophyll-a concentration (Auger et al., 2016), 
while the offshore zone is characterised by warm and less nutrient-rich 
waters (Tiedemann and Brehmer, 2017). The Class 2 ESU water were 
warmer and the SSL were more at the surface during daytime (due to low 
bottom depth in Class 2 ESU). The Class 1 ESU were deeper because they 
were closer to the continental slope than the Class 2 ESU, which were 
onshore and characterised by waters that are more turbid. In the 
southern Senegalese high sea, at 38, 70, and 120 kHz, the results were 
similar. Class 2 ESU were warmer, more turbid, deeper, and richer in 
chlorophyll-a concentration. In the northern Senegalese shelf, the 38 

Table 2 
Results of Multivariate Functional Principal Component Analysis (MFPCA) of oceanographic condition (sea Temperature (in ◦C), Salinity (in PSU), Fluorescence (in ml 
l-1), Turbidity (in NTU)) along the depths) measured between the minimum and maximum depths of the layers at four frequencies. PC1 represents the first component 
and PC2 the second component; values in intervals (m) represent ranges of variation where we have low and high peak (➚:high peak; ➘: low peak). The results are 
presented for three different Senegalese areas (A: southern continental shelf; B: southern high sea and C: northern continental shelf).  

(A) 

Frequencies (in kHz) 38 70 120 200 

Components PC1 PC2 PC1 PC2 PC1 PC2 PC1 PC2 

Temperature 20–30➘;40–50➚ 20–30➘;40–50➚ 20–30➘;35–40➚ 20–30➘;35–40➚ 25–30➘;40➚ 25➘;40–45➚ 20–25➚;35➘ 20–25➘ 
Fluorescence 10–20➘;30➚ 20–30➘ 10–15➚;25–30➘ 15–20➘ 25–30➘ 25➘ 40➚ 20–25➘ 
Salinity 40–50➚;50–60➘ 20–30➘;40–50➚ 25➘ 20–25➘ 25➘;35➚ 25➘ 15–20➚;30–35➘ 20–25➘ 
Turbidity 10–20➘;30➚ 30–40➚ 10–15➚;20➘ 15–20➘;20–25➚ 15–20➚;40–45➘ 20➚ 20➘;20–35➚ 20➘   

(B) 

Frequencies (in kHz) 38 70 120 200 

Components PC1 PC2 PC1 PC2 PC1 PC2 PC1 PC2 

Temperature 25–50➘ 50➚ 25–50➚ 50➚;25–37➘ 30–40➚ 40–50➚ 50➘; 75–87➚ 25–37➘;62➚ 
Fluorescence 25–50➘ 50➚ 37➚ 50➚ 30–40➚ 20–30➘ 37–50➘ 75➚ 
Salinity 25➚; 50–62➘ 50–75➚ 50–60➚ 50–62➚ 20–30➘ 20–30➚ 25➚ 25–37➚ 
Turbidity 25–50➘ 50➚ 37➚ 25–37➘;50➚ 30–40➚ 20–30➘ 37➘ 25–37➘; 50➚   

(C) 

Frequencies (in kHz) 38 70 120 200 

Components PC1 PC2 PC1 PC2 PC1 PC2 PC1 PC2 

Temperature 10–62➘ 10–62➘ 25–75➚ 50–62➚ 25–37➘ 50➘ 37➚ 50–62➘ 
Fluorescence 12–25➘ 25–50➚ 25–37➚ 37–50➚ 25➘ 25–37➚ 12–25➚ 25 m➚ 
Salinity 50–75➘ 75➘ 50–62➚ 62➘ 62–75➘ 50–62➘ 62➚ 50–62➘ 
Turbidity 37–50➚ 25–50➚ 87➚ 87➘ 37➚ 25–37➚ 37➘ 37➚  
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and 200 kHz Class 2 SSL during the night were found upper in the water 
column and more onshore. The Class 2 surface waters were also warmer 
due to solar radiation and were more turbid and richer in chlorophyll-a 
concentration i.e. due to the effect of the Senegal River waters. At 70 and 
120 kHz, the Class 2 ESU sampled at night were warmer than Class 1 
because their SSL were near the surface. The utilization of GAM has 
enabled the recognition of factors that affect SSL vertical distribution 
(thikness and depth), highlighting the importance of variables like 
temperature, chlorophyll-a concentration, turbidity. In the GAMs re
sults, the low values of RMSE obtained with the introduction of 
geographical positions could be due to the spatial autocorrelation be
tween the sample points. The vertical distribution of the SSL is influ
enced by the geographical position (longitude and latitude), which, in 
turn, aligns with the local bathymetry. The coastal SSL (both North and 
South) exhibited shallower depths compared to those in the open sea. On 
the southern Senegalese continental shelf, the SSL thickness increased at 
low latitude (south) and longitude (offshore) but on the southern Sen
egalese high sea and northern shelf the direction of variation was 
irregular. On the southern Senegalese continental shelf, the GAMs 
showed that the SSL thickness increases with bottom depth during the 
night and sunrise. The bottom depth and diel period were the main 
parameters influencing the SSL thickness in Senegal (North and South) 
shelf and high sea. Bathymetry is described as one of the physical factors 
that control the SSL depth in the water column in the shelf north and 
south and high sea. In Senegal, Diogoul et al. (2020) also reported a 
strong effect of bottom depth and diel period on both SSL thickness and 

depth. The distribution of SSL is often linked to the hydrographic 
structure of the water column (Berge et al., 2014). The vertical distri
bution of SSLs and their thickness are linked to strong vertical gradients 
of temperature, chlorophyll-a concentration, and salinity. In the daytime 
ESU, the SSL had a small thickness or is sometimes non-existent due to 
the unstable conditions of the water column (Diogoul et al., 2020), and 
in this southern zone, the gradients are less marked, which can explain 
the no significance of the parameters during the day on the thickness. 
The depth of the SSL frequently showed associations the thermocline 
(Diogoul et al., 2020; Yoon et al., 2007). We showed a significant effect 
on SSL depth attributable to sea temperature and chlorophyll-a con
centration during the night, as well as turbidity during both night and 
sunrise. This reveals the complexity of the dynamics of SSL responses 
subjected to the influence of different parameters, emphasizing the 
importance of considering the diel period. The SSL are located in areas of 
strong vertical gradients and at chlorophyll-a concentration peaks i.e. a 
high phytoplankton production. The relationship between chlorophyll-a 
concentration and SSL thickness (mainly zooplankton (Diogoul et al., 
2020)) at night is explained by the presence of a trophic relationship 
between phytoplankton and zooplankton which appeared to expend SSL 
size in vertical. Turbidity also affects the SSL, it is a parameter that was 
often linked to chlorophyll-a concentration in the high sea (Cui and Lv, 
2014; Dall'Olmo and Gitelson, 2005). However, in Senegal, we note a 
negative correlation between water turbidity and chlorophyll-a con
centration in the North, while observing a positive correlation in the 
South. The presence of the Casamance River is believed to contribute to 

Fig. 7. Classification of functional principal component scores (derived from Multivariate functional principal component analysis MFPCA) (black: Cluster 1; red: 
Cluster 2) over Senegalese waters (south continental shelf), observed at various frequencies: (a) 38, (b) 70, (c) 120 and (d) 200 kHz. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.) 
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this contrasting relationship. On the high sea of southern Senegal, the 
bottom depth affects the SSL depth and thickness. During sunset, the 
SSLs tend to be deeper and thinner (except at the 38 kHz). In contrast, 
during the night, SSLs become shallower and thicker (except at the 38 
kHz) as organisms migrate towards the surface for feeding. In the North 
of Senegal, the nighttime ESU closer to the coast compared to the day
time and sunrise ones, have thicker and deeper SSL, which can bias the 
interpretation and call for additional data before to conclude. 

The clustering performed on the MFPCA scores provided also ho
mogeneous groups similarly on the southern Senegalese sea. At 38 kHz, 
SSL were thicker and found at deeper locations (Class 2), while few SSL 
was found in coastal domain (Class 1) due to more turbulent oceano
graphic conditions (Diogoul et al., 2020). High chlorophyll-a concen
tration and turbidity are observed in coastal areas. The depth and 
location of SSL vary, with Class 2 typically found closer to the 100 m 
isobath at 38 and 200 kHz and closer to the coast at 70 and 120 kHz, 
where SSL are shallower. On the high sea of southern Senegal on the 38 
and 200 kHz frequency. On the 70 and 120 kHz frequency, Class 2 is 
found further offshore where the observed SSL were deeper and physical 

parameters were measured to a certain depth in contrast to Class 1. In 
the North of Senegal, homogeneous classes were not found, which re
flects a more homogeneous environment than in the two southern study 
areas, where the Casamance river influence the shallow part of the shelf 
(Thiam and Singh, 2002). 

In the FGSAM results, complex effects of sea temperature on SSL 
depth and thickness with positive and negative effects were observed at 
different depth and frequency (Table 2, S3). This relationship has been 
observed in other regions (Diogoul et al., 2020; Kang et al., 2021). 
Warmer sea temperatures often lead to increased thermal stratification, 
reducing vertical mixing (Somavilla et al., 2017) and potentially causing 
a decrease in SSL thickness (Diogoul et al., 2020; Proud et al., 2017). 
Phytoplankton biomass (Chlorophyll-a concentration), exhibits effects 
on SSL thickness and depth, varying with depth and frequency used 
(Receveur et al., 2020; Song et al., 2022). In some depth ranges, higher 
phytoplankton biomass was associated with a positive effect on SSL 
thickness, suggesting increased biological activity and biomass. How
ever, using FDA we observed that beyond certain depth ranges, a 
negative effect on SSL thickness may be observed, possibly indicating 

Depth (m)

Fig. 8. Estimated oceanographic conditions parameters (sea temperature, fluorescence, salinity and turbidity) resulting from the functional model for SSL thickness 
with the spatial dimension (spatial Functionnal Generalized Spectral Additive Model (FGSAMs)) over Senegalese waters (south continental shelf) and as expect at 
various echosounder frequencies (a) 38, (b) 70, (c) 120 and (d) 200 kHz. 
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changes in scattering components and the presence of different marine 
organisms. Species identification through biological sampling has been 
highlighted as an important step in understanding the composition of 
the SSL (Blanluet et al., 2019; Kloser et al., 2009). Regarding SSL depth, 
at lower frequencies a positive effect of phytoplankton biomass was 
often shown, indicating the presence of organisms with trophic relations 
on phytoplankton, such as macrozooplankton. However, at higher fre
quencies, a negative effect might be observed, suggesting the presence of 
different organisms or scattering components not strongly linked to 
phytoplankton, such as diatoms (Strom et al., 2001). That underlines 
both interest in the multifrequency approach and the application of the 
FDA for fine-scale observations. The spatial FDA has allowed investi
gation of the fine-scale effects of turbidity on SSL thickness and depth. 
Our findings suggest that turbidity generally has a negative effect on SSL 
thickness within certain depth ranges, indicating reduced scattering and 
potentially lower biomass or decreased presence of scattering organ
isms. Klevjer et al. (2016) reported that under high dissolved oxygen 
conditions, weighed mean depth of SSL decreased with increasing 

turbidity. However, beyond those depth ranges, turbidity can have a 
positive effect on SSL thickness, indicating increased scattering and 
potentially higher biomass or the presence of different types of scat
tering organisms. Similar to the influence of phytoplankton biomass and 
turbidity, the effect of salinity on SSL thickness and depth depend also 
on frequency and depth. As with seawater temperature, Salinity pro
vides useful indications of water mixing (Ndoye, 2016). The effects can 
be both negative and positive within specific depth ranges. Further study 
must be encouraged on linking SSL behavior mechanistically to salinity 
with so low amplitude of variation. In the Arctic Ocean, salinity is one of 
the factors that affect the SSL distribution (La et al., 2015). The effects of 
environmental factors on SSL descriptors also showed regional varia
tions, as evidenced by the FDA in the three Senegalese studied areas. 
These variations indicate that the relationships between environmental 
factors and SSL descriptors were influenced by local conditions and 
ecosystem dynamics. Assunção et al. (2020) using FPCA also confirmed 
the interest of the FDA to discriminated regional variation as Ariza et al. 
(2022b) Further research and validation are necessary to identify 

Table 3 
Results of Functional Generalized Additive Spectral Model (FGSAM) and spatial Functional Generalized Additive Spectral Model (FGSAMs) showing the effect (blue: 
Positive; red: Negative; gray: Not significant; values in intervals (m) represent ranges of variation; + represents beyond this value (m) and Night represents the 
reference modality (by default, coefficients are calculated compared to this modality)) of oceanographic condition (temperature, salinity, turbidity, fluorescence, 
diel period, and bottom depth) on sound-scattering layers (SSLs) thickness, detected by echosounders (38, 70, 120 and 200 kHz), according to three geographical 
areas (A: southern continental shelf; B: southern high sea and C: northern continental shelf). 
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remotely the marine organism acoustically and then better understand 
the underlying mechanisms driving the observed effects. 

5. Conclusion 

In this study, we analyzed a multifrequency acoustics dataset ac
quired from scientific echosounders in the West African waters using 
FDA, both with and without the incorporation of spatial dimensions. 

Additionally, we compared the outcomes of this analysis with multi
variate methods. The FDA methodology provides valuable insights into 
the variations of parameters at various depths, insights that are not 
accessible through traditional multivariate methods. 

The combination of data obtained from multifrequency echosound
ers with the Scanfish remotely operated towed vehicle enabled to 
establish finely detailed relationships between aggregating marine or
ganisms within Sound Scattering Layers (SSL) and their pelagic 

Table 4 
Comparison of non-spatial (GAM and FGSAM) and spatial models (GAMs and FGSAMs) for SSL thickness, as detected using four different echosounder frequencies (in 
kHz; denoted as suffix after statistical model abbreviations) and spread over three Senegalese geographical areas (A) southern continental shelf, (B): southern high sea 
and (C): northern continental shelf (during the AWA fisheries acoustics sea survey). R2_ajusted (Adjusted R-Squared); R2 (R-Squared); RMSE_Train (Root Mean Square 
Error in training set); MAE_Train (Mean Absolute Error in training set); RMSE_Test (Root Mean Square Error in test set); MAE_Test (Mean Absolute Error in test set).  

(A)  

R2_ajusted R2 RMSE_Train MAE_Train RMSE_Test MAE_Test 

GAM38 0.97 0.98 1.98 1.36 3.37 2.26 
GAMs38 0.98 0.99 1.53 1.01 2.77 1.61 
FGSAM38 0.98 0.99 1.46 1.00 2.46 1.58 
FGSAMs38 0.99 0.99 1.01 0.69 1.82 1.19 
GAM70 0.91 0.93 1.91 1.25 2.41 1.59 
GAMs70 0.98 0.99 0.86 0.54 1.88 1.08 
FGSAM70 0.88 0.89 2.31 1.62 2.74 1.86 
FGSAMs70 0.97 0.97 1.17 0.77 1.89 1.20 
GAM120 0.85 0.87 1.58 1.03 2.41 1.53 
GAMs120 0.92 0.94 1.11 0.68 1.64 0.99 
FGSAM120 0.90 0.92 1.28 0.77 2.27 1.31 
FGSAMs120 0.90 0.92 1.25 0.75 2.24 1.28 
GAM200 0.70 0.75 2.14 1.55 3.10 2.28 
GAMs200 0.89 0.91 1.26 0.94 1.75 1.24 
FGSAM200 0.72 0.75 2.12 1.52 3.30 2.33 
FGSAMs200 0.82 0.85 1.64 1.11 2.67 1.72   

(B)  

R2_ajusted R2 RMSE_Train MAE_Train RMSE_Test MAE_Test 

GAM38 0.77 0.79 5.34 4.20 5.50 4.33 
GAMs38 0.88 0.89 3.83 3.03 4.21 3.39 
FGSAM38 0.70 0.74 5.92 4.39 6.20 4.68 
FGSAMs38 0.88 0.90 3.63 2.88 4.19 3.24 
GAM70 0.85 0.86 5.34 4.25 5.51 4.35 
GAMs70 0.92 0.93 3.79 2.95 4.39 3.47 
FGSAM 70 0.81 0.84 5.77 4.19 7.21 5.22 
FGSAMs70 0.85 0.88 5.11 3.83 6.77 5.03 
GAM120 0.82 0.83 5.37 4.29 5.33 4.09 
GAMs120 0.90 0.91 3.90 3.11 4.53 3.57 
FGSAM120 0.87 0.89 4.36 3.38 5.47 4.20 
FGSAMs120 0.89 0.91 3.92 3.09 4.97 3.70 
GAM200 0.81 0.82 5.13 3.97 4.86 3.81 
GAMs200 0.90 0.91 3.64 2.75 4.12 3.03 
FGSAM200 0.85 0.87 4.37 3.30 5.08 3.96 
FGSAMs200 0.90 0.92 3.53 2.65 4.43 3.33   

(C)  

R2_ajusted R2 RMSE_Train MAE_Train RMSE_Test MAE_Test 

GAM38 0.73 0.76 10.96 7.80 13.41 9.19 
GAMs38 0.89 0.91 6.67 4.62 7.16 5.02 
FGSAM38 0.80 0.84 8.99 6.56 12.12 8.99 
FGSAMs38 0.90 0.92 6.44 4.65 8.23 6.05 
GAM70 0.81 0.84 6.22 4.30 9.96 6.02 
GAMs70 0.88 0.91 4.75 3.42 8.24 4.97 
FGSAM70 0.83 0.86 5.81 3.80 11.90 7.30 
FGSAMs70 0.84 0.87 5.50 3.78 10.38 6.45 
GAM120 0.82 0.85 6.02 3.93 6.94 4.11 
GAMs120 0.87 0.90 4.95 3.12 5.70 3.35 
FGSAM120 0.85 0.87 5.52 3.93 7.62 5.16 
FGSAMs120 0.91 0.93 4.02 2.81 5.51 3.38 
GAM200 0.82 0.84 6.17 4.03 11.25 6.29 
GAMs200 0.90 0.92 4.44 2.98 6.25 3.96 
FGSAM200 0.79 0.83 6.49 4.52 7.33 5.48 
FGSAMs200 0.90 0.93 4.24 2.72 4.93 3.60  
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environment. These complex relationships, which are not observable 
through conventional multivariate statistical methods, emphasize the 
frequency-dependent aspects of micronektonic SSL detection. We un
derscore the importance of transitioning towards broadband data 
acquisition, as recommended by Blanluet et al. (2019). 

Our study highlights the significant advantage of employing FDA in 
comparison to traditional multivariate statistical methods when inves
tigating the impact of environmental variations on SSL. Leveraging our 
original biogeographical three-dimensional datasets, we have demon
strated the capacity of FDA to capture nuanced parameter variations and 
enhance the spatial characterization of SSL by incorporating geographic 
variables. Through the application of FDA techniques, we have showed 
intricate patterns and variations across different variables at various 
depths and frequencies, providing insights that are beyond the reach of 
multivariate statistics. 

This approach has enabled us to categorize variables into ecologi
cally meaningful components, yielding valuable insights into the 
multifactorial impacts of both biotic and abiotic factors on SSL. The 
substantial enhancements in model representations achieved through 
the FDA mark a pivotal methodological advancement for ecological 
studies. This discovery encourages further applications of the FDA in 
examining the influence of climate change and seasonal fluctuations on 
marine organisms. Understanding these dynamics is essential for com
prehending the catchability of exploited fish resources and the role of 
SSL in the ocean's biological pump, which aids in carbon sequestration. 

Beyond the scope of our specific case study, the adoption of FDA 
holds promise for a broad spectrum of ecological studies involving 
extensive spatial data. Embracing this approach can lead to a deeper 
comprehension of complex ecological processes and can inform more 
effective conservation and management strategies aimed at preserving 
the delicate balance of marine ecosystems. 

Our research strongly advocates for FDA as a powerful tool for 
unraveling ecological intricacies and promoting sustainable practices in 
marine conservation efforts and beyond. By embracing innovative sta
tistical methodologies, we can better address pressing environmental 
challenges and safeguard the biodiversity and health of our planet's 
marine resources. 
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approche par la modélisation réaliste et l’analyse d’observations satellite de 
température de surface de la mer. Ph.D. thesis. In: Université Pierre et Marie Curie- 
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