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APPLICATION OF GEOSTATISTICAL METHODSIN THE STUDY
OF ALGAE INWATER RESERVOIRS: A REVIEW

Abstract: The growing pollution of aquatic environments,npatirily of anthropogenic origin, combined with
global climate change, has led to significant iases in eutrophication. This process often regulisrmful algal
blooms (HABs) of phytoplankton and algae in varigger bodies, including inland lakes, marshegrsyseas,
and oceans. These blooms pose a serious threabnhotto aquatic ecosystems but also to human health
Understanding phytoplankton and algal blooms i®iiehtly complex, as these phenomena manifest otipheul
spatial and temporal scales. Comprehensive stugfigghytoplankton and algae require the collaboratid
scientists from diverse scientific disciplines, liming biology, ecology, and environmental sciendee of the
critical tools in this multidisciplinary approach geostatistics, an advanced and continuously ixgplwanch of
statistics that specialises in analysing spatidltamporal phenomena. Geostatistics is particulael-suited for
the study of phytoplankton and algal blooms duigstability to handle data that varies across diffé scales and
locations. This review presents and discussestsdlestudies that employ geostatistical methodsvestigate
plankton and algae in various water bodies. It ligglts the most significant scientific works that,the authors’
opinion, represent milestones in the applicatiotheke studies. Furthermore, various geostatistieghods are
explored, ranging from variography to spatiotempaonadelling, providing insights into spatial andmgoral
patterns and their variability of phytoplankton aigal blooms in aquatic ecosystems.

Keywords: phytoplankton, algae, algae blooms, geostatistmtial statistics, water reservoirs, time-space
phenomena, kriging, co-kriging, environment, wateltution, climate change

I ntroduction

Algae living in both marine and inland waters aractal elements of ecosystems at
various spatial scales. Algae show great morphotdgliversity and can be classified into
two main groups: macroalgae and microalgae, i.gtgptankton. They are the most
important primary producers in most water bodiesirailating carbon dioxide from the
atmosphere in the process of photosynthesis. Bsifmated that most of the Earth's
atmospheric oxygen is produced by the ocean altja]. They play a fundamental role in
the global carbon cycle [3], and are food sour@gsnfany marine organisms, including
whales. It is crucial for many biogeochemical tfan®ations, such as nitrogen and sulphur
circulation, and affects the quality and health apfuatic ecosystems. Excessive water
pollution, often of anthropogenic origin, both irstitial and agricultural, climate change,
and the associated increase in eutrophication efatuatic environment may lead to
phytoplankton and algae blooms. Such blooms rethieeamount of available oxygen in
the water and may also produce toxins that are fodrtm aquatic animals and humans.
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Harmful Algae Blooms (HABs) are a rapidly increasithreat to ecosystems and human
health occurring in many countries [4-10]. An exdmpf the complexity of problems
related to HABs may be the still insufficiently etive attempts to prevent the spread and
control of Golden Algae in both marine and inlandtevs [11-13]. Toxins released by this
type of algae can, under certain conditions, cdlisedeath of many aquatic organisms in
large areas, leading to huge economic losses. playtkton and algal blooms are complex
spatial and temporal phenomena that require thgesation of scientists representing
many scientific disciplines, including biologistecologists, geneticists, geophysicists,
geochemists, hydrologists, specialists in remoteenkations, including satellite ones,
marine ecologists, climate scientists, specialistgeo and bioinformatics. However, too
little attention is still paid to the possibilities using modern geostatistical methods, which
may be particularly useful in the study of phytoon and algae in water reservoirs.
The work aims to review the use of geostatistical aelated methods in the studies of
phytoplankton and algae in water reservoirs, and th stimulate the use of these methods
in HABs studies. Due to the enormous scope of resaan phytoplankton and algae in the
aguatic environment, they will not be discussedhis article. In turn, the description of
geostatistical methods developed since the midtiettncentury and used in many fields,
including geology and environmental studies wilcegsarily be limited to the minimum
necessary, in such a way that the interested regt®idoes not know these issues well can
understand their essence to such an extent adlowv ftheir specific applications at the
interface of these two fields. In return, chosemlibgraphic items in the field of
geostatistics will be provided. It is worth emplsasj that geostatistical methods are
constantly being intensively developed, which giaesy impetus to their applications also
in studies of algae and phytoplankton.

Outline of geostatistical methods

The vast majority of environmental datasets dennatesspatial continuity. In contrast,
conventional statistical methods often disregardtiap information, despite its crucial
relevance to various natural phenomena. This plivotarmation is frequently overlooked
in analyses, leading to its complete loss. An amtaous branch of statistical methods,
known as geostatistics, specialises in studyindaenphenomena while considering their
spatial dimension.

Geostatistics uses "regionalised variables" relatebbcation. Regionalised variables
have properties intermediate between a random blariand a deterministic variable.
Geostatistics proposes methods for describing apatntinuity and uses statistical
relationships to study spatial phenomena. The bigsizes that geostatistics deals with
include the interpretation and prediction (estimatior simulation) of the spatial
distribution of the studied phenomena. Geostasisctherefore a natural complement to
traditional statistical analysis, especially usefularious environmental studies, in which
the spatial aspect most often plays an importdet @eostatistics has unique methods, e.g.
cokriging methods, which allow the use of measurgmef one or several additional
variables to improve the quality of estimating thain variable under study. This means
that geostatistical methods allow, for example, theegration of various types of
environmental measurements performed using varioessurement techniques or the
integration of quantities of different natures aigmating from different sources. For
example, using cokriging methods, geochemical nreasents can be integrated with
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geophysical and even biological measurements. ouatso, for example, integrate direct
measurements with remote measurements performeddroertain distance, e.g. physical
measurements performed in the field with aerialsatellite measurements. One of the
intensively developing branches of geostatistichésintegration of measurements, taking
into account their temporal and spatial nature.eAtremely important advantage provided
by geostatistical methods is the ability to intégraistorical environmental data with
current data under certain conditions. Measuremeintse same quantities are very often
performed in independently conducted studies bfeidift research teams. It should be
emphasised, however, that due to the completefgrdiit dependencies of natural data on
spatial coordinates and time, this is a very compsue that should not be confused with
the automatic extension of the analysis to anothierension. Geostatistics has special,
advanced methods for analysing spatio-temporabnediised variables.

From the point of view of environmental researctiuding algae and phytoplankton
studies, geostatistical methods have another egtyeraluable advantage, namely they
allow for a precise assessment of the error ofetftenates made, as well as the spatial
distribution of this error. For the above-mentiomedsons, these methods have numerous
practical applications wherever it is necessargttmly spatial phenomena. These include,
among others: various studies of the natural enuwment described, e.g. in [14-19].
The central tool of geostatistics is the semivarga(semivariogram, variogram) function
(Fig. 1), which is a measure of spatial continuithe following formula is used for the
semivariance calculations:
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In the above equatior; represents the data locatidnstands for a lag vectoz(x;)
denotes the data value at locationandN refers to the quantity of data pairs separated by
a distance and direction of h units.

Semivariance functions are usually characterisethige parameters:

1) Range (range of influence or correlatioA); the distance above which two data are
uncorrelated.
2) Nugget effect,Cy - the vertical discontinuity at the origin. The gget effect is

a combination of sampling error and short-scaléatian that occurs at a scale smaller

than the closest sample spacing.

3) Sill, C - the plateau that the semivariogram reachesisSéhual to the nugget effect,

Co. Structured variability is equal ©©,= C —C, [15, 19].

There are also other more specific measures ofiaspabntinuity such as the
covariance function, correlation function, madogreand many others. Comprehensive
data on the topics analysed here can be founceititérature [11, 12, 19-21]. The obtained
experimental semivariogram is used to fit an appatg theoretical model, such as the
spherical, exponential, etc. [15, 19, 21, 22]. Thain geostatistical method is kriging
[23, 24]. It produces minimum-variance estima@staking into account the spatial
(spatiotemporal) structure of the variable, repmese by the semivariogram. Kriging uses
a linear estimator given by the following equation:

n
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where 4; are the weights, and are the known data values. The kriging weights are
computed by minimising the estimation variance pplging the non-biased condition.
The quality of point estimation methods can be mheiteed using various criteria.
The kriging method, known as B.L.U.E. signifies thest, linear, and unbiased estimation
approach. Kriging employs linear, weighted data loimations and aims for zero mean
errors, ultimately minimising error variance [23].
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Fig. 1. An exemplary semivariogram. The blue sbtié and dots represent the empirical semivariance,
and the dashed red line shows the model of thisvegiance
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Many other types of kriging have also been devealppeluding cokriging, which uses
auxiliary variables to estimate the main variafllais method minimises the variance of
estimation errors of the main variable by usingssroorrelations between this variable and
the secondary variable(s). A spatial measure déldity between two variable¥ andZ is
analogous to semivariance is the cross-semivarigivea by the equation:

N
YU =) (V) = ¥Cxi+ 1) (ZCx) = ZCxi + )] ©)

Other important types of kriging often used in eommental studies are kriging with
a trend model (universal), kriging with an exterdaft, regression kriging, block kriging,
indicator kriging, probability kriging, or disjunge kriging. Due to lack of space, they
cannot be discussed in detail here. However, indtion about these types of kriging can
be found in numerous books and publications, €l§, R3, 25-30]. Yet, it is worth
mentioning that in recent decades, geostatistieghods have developed rapidly in many
different directions. For the discussed research phytoplankton and algae, the
development of spatiotemporal geostatistical methgitbuld be emphasised, which enable
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estimation and simulation of the studied phenomntsath in time and space, as well as the
development of geostatistical methods based orBthgsian methodology [19, 30-32].
Both spatiotemporal and Bayesian modelling is cdafpanally intensive. These
difficulties were largely overcome thanks to the 0§ Markov Chain Monte Carlo methods
(MCMC) [32] implemented e.g. in the WinBUGS softedB3, 34]. Over the last dozen or
so years, the Integrated Nested Laplace ApproxamafiiNLA) approach has been
developed for these purposes, which is even momgpatationally efficient than MCMC
[35, 36]. The development of the above-mentionedhods allowed for wider use of
geostatistical methods in complex environmentabjenms, including the first works on the
spatiotemporal dynamics of algae in large wateersasrs. It should also be added that
cokriging methods using the above-mentioned methaldg and will continue to play
a particularly important role in phytoplankton rasgh. methodology. This is due to both
the purpose of these methods, which is the integradf various data sets, and the
specificity of phytoplankton and algae researchictvluses a variety of very different data
sets, such as measurements on the surface and water column, satellite observations,
measurements from various centers, and even pextbrat different times. It can be
expected that the above-mentioned methods, combiwéd various observation
techniques, will lead to great progress in the wftbhytoplankton and algae.

Results and discussion
From theregional to the global scale, environmental and technological context

The most characteristic studies of chlorophyll ¢gaa in water reservoirs using
geostatistical methods will be described below.ilUthie beginning of the twenty-first
century, geostatistical studies of phytoplankton atgae could be considered an initial
stage, and studies based on in-situ measuremetite &cal scale dominated. The main
methods in this period were variogram analysis &riging. Due to the diversity of
environmental conditions and spatial scales, it wasided to arrange the presented
research chronologically. This choice seemed thstmatural, and it also allowed the
reader to trace the development of geostatistieghous themselves which in turn enabled
more advanced applications in the discussed subjéchdually, more advanced
geostatistical methods are emerging that allow ititegration of various surface or
underwater measurements with those made from droneatellites. At the beginning of
the twenty-first century, research on phytoplanktod algae was intensified on larger
scales, from the regional to the global scale. fidason for this was, among others, the
rapid development of satellite techniques that magessible to observe algae and algae
blooms in large areas of seas and oceans, as svall @oastal zones. At the same time,
there was rapid technological development of varimater measurements, which provided
more in-situ data. This significantly increased éimeount of data processed and the need to
use greater computing power, although traditioradsgatistical methods were still widely
used. At the same time, geostatistical methods wsiteised in the study of smaller water
reservoirs. Development in this area resulted frib® improvement of measurement
techniques, which allowed for more detailed redeaand their extension to new research
areas, such as climate change, rapid spread of H&BsThe most important works from
this period will be presented below.
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From early variography through kriging and cokriging to advanced geostatistical
simulations

The presented articles concern research carriednhdlit inland lakes and freshwater
marshes, 2) rivers, and 3) seas, oceans, and ceesiars using methods that can be
broadly divided as a) variogram analyses (variolgyapb) geostatistical estimations spatial
and c) geostatistical spatial simulations. Theesfdo facilitate reading the article, the
presented publications are grouped accordingly ablds 1 and 2. The most important
measurement techniques are given in round brablkdétsv each work.

Wu and Mitsch [37] studied spatial and temporatgras of metaphyton, periphyton,
phytoplankton, and water-column primary productiviit two newly constructed riparian
freshwater marshes at the Olentangy River WetlapdeRrch Park at The Ohio State
University in Columbus, Ohio, USA. The first onasvplanted with macrophytes and the
second one was unplanted. During the period spgnaiy through November 1994,
researchers sampled surface cover, mid-summer mgtap biomass, periphyton and
phytoplankton biomass and production, and watewroal primary productivity.
Subsequently, the variogram and correlogram wengl@rad to determine both the spatial
pattern and temporal changes of metaphyton. Theoeufound that the detected spatial
arrangement and its fluctuations significantly irciptne spatial distribution of periphyton,
phytoplankton, and water-column primary productivity altering nutrient distribution.
The way nearby algae and snail grazing interactldcdae a crucial factor causing
differences in periphyton distribution, even infonin environments. Researchers explored
this interaction by observing the distribution #éfnentous algae in controlled tanks, with
and without grazing snails [38]. Analysing the daséng semivariograms they revealed that
higher grazing pressure led to increased spatiaati@n. Interestingly, the size of these
varied patches did not simply align with the numbgsnails present. Instead, there was
a tendency for patch size to grow with snail degnsithe study also employed computer
simulations to better understand the factors imitirey spatial heterogeneity. Simulation
outcomes indicated that grazing effects tend tocentrate grazers in specific areas,
forming patches. Additionally, the findings sug@gestthat neighbouring periphyton’s
beneficial impact on algae growth could contribitethe formation of these patches.
Simulation outcomes indicated that grazing efféetsl to concentrate grazers in specific
areas, forming patches. Additionally, the findirsggygested that neighbouring periphyton’s
beneficial impact on algae growth could contribtbethe formation of these patches.
A similar work from the geostatistical point of wievas published much later by Yan et al.
[10], in which authors utilised the kriging methed assess the Qingshan reservoir's
eutrophication level, water quality, and planktoaligal communities.

An example of a similar type of research is alse Work of Zhao and Cai [39] in
which chlorophyll level in freshwater ecosystemssvaaalysed. The study was conducted
at Meiziya Reservoir in Hubei province, China. Tteservoir is a third-order tributary to
the Yangtze River. The area of Meiziya Reservoatisut 30 ha with a mean depth ranging
between ca 4 m and 10 m. Standardised directi@r@grams of the chlorophyll content in
a water reservoir and isotropic variograms based®sampling points in three consecutive
months May, June, and July 1997 were investigdtethese months, the highest annual
rainfall from 1100 mm to 1300 mm, and the largdsrges in the water level in the water
reservoir were observed. The study also includddhetal analysis of Chl-a. This was
carried out based on a variogram which allowedddleulation of the fractal dimension,
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which is a measure of the spatial complexity of ¢ixamined object (Chl-a). The fractal
dimension,D is determined from the slope of the logarithmted semivariogram and the
logarithm of distance, [39, 40] based on the follmywelationship:

D=2 —% )
whereD is the Hausdorff-Besicovitch statistic ammis the slope of a variogram on jog

logh graph ¢ is the variogram, anld is the distance). The fractal dimension of flajecks

takes values from 0 to 2. Spatial heterogeneitgtieng if 1 <D <1 1/3, moderate if
11/5<D<1<2/5 and weakifl2/3 <D <1<2.

Thus, geostatistical analysis from a relatively Bmamber of measurement points
allowed authors to obtain kriging maps for the ¢hraonths examined. Moreover, the
analysis of semivariance parameters and fractalendéion allowed them to find
a relationship between the spatial distributioncbforophyll in water and precipitation.
A noteworthy observation emerged regarding the aserfdistribution of chlorophyll:
it transitioned from aggregated to random followimgnor rainfall events, reverting to
an aggregated distribution after a substantiafafiiavent [39].

Nonetheless, constructing a comprehensive modgbHgtoplankton content in water
demands a distinct consideration of processes nogunorizontally and vertically. This is
due to variations in factors influencing phytoplamk like temperature, water mixing, and
nutrient levels, which differ significantly in theslirectional aspects. To better account for
these processes, Welty and Stein developed a nafdeghytoplankton levels based on
covariance and variogram functions [41]. They usedsitu chlorophyll fluorescence
measurementgl?2] to evaluate phytoplankton levels. Analysihistdata posed challenges,
notably in determining and specifying the covarmnmodel within Michigan Lake.
The measurements, conducted about six times agrfuath 1998 to 2000, were part of the
EEGLE (Episodic Events Great Lakes Experiment Runogr [41, 43]. The authors
developed the appropriate covariance models inzbotal and vertical directions. Their
findings highlighted the crucial role of accuratdhterpolated values for chlorophyll
fluorescence. These values play a decisive rotalibrating fluorescence data with water
samples, enabling the precise determination ofroployll content distribution in water
reservoirs. An interesting application of geostat#d methods in the study of marine
plankton was presented by Muller [44]. He studié@ tdynamics of phytoplankton
distribution in the coastal waters of the North $mséng low-resolution MERIS satellite
images and their algal_2 product. Along the soutleeast, high chlorophyll concentrations
prevail throughout the year. Phytoplankton bloonezenvobserved in spring and autumn.
The satellite observations were hampered by clanckre Kriging was used to estimate
missing satellite data on the chlorophyll contentvater. To meet the assumptions of the
intrinsic hypothesis [15, 19], kriging was not ditlg on the data, but on the residuals after
subtracting the spatial trend. Therefore, the dpgbyll estimation process could include
only locations where a trend was available. Théa@nst showed that the range of kriging
variance obtained through cross-validation charesgte the data distribution and can help
identify those estimation locations that are eithgrounded by the data points or lie close
to the data points. Moreover, the examined exangplewed the number of reliable
estimates resulting from the spatial distributidrthe above-mentioned approaches. A year
later, Wang and Liu [45] applied two-dimensionabdd kriging and spatial structure
analysis to investigate severe eutrophication af&Cim Taihu Lake (China), which had
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been under significant anthropogenic pressure flapid economic growth and increasing
pollution in the Taihu Catchment. Additionally, @utrophication assessment map was
generated using water quality evaluation criterlRecently, Zhang et al. investigated the
spatial distribution of Chl-a, focusing specifigalbn the occurrence and movement of
a localised eutrophication area in Lake Hongzengilie ordinary kriging method [46].

A significant advancement in the early applicatafngeostatistical methods to algal
studies was achieved by Ludovisi et al. [47]. Thireyestigated the spatial autocorrelation
structures of plankton population data from Lakeaslimeno (Italy), implemented
a multivariate spatial model for the joint study pfankton species, and developed
an ecological interpretation of the spatial disttibns of the emerging factors. Notably,
they employed a geostatistical linear factor mottelanalyse the horizontal spatial
distribution of plankton. Their approach effectivetaptured the multivariate spatial
structure of the plankton community across varseses.

In the study by Bucas [48] research on the agtddiorm ofF. lumbricalis in the
hostile environment of the exposed Baltic Sea cazstithuania was carried out.
A combination of remote underwater video and nqelameters such as the minimum
distance between the seabed and holdfast of algalustrate made it possible to reveal the
effects of hydrodynamic on the red alga as onehefrhain factors limiting the species
distribution in the studied area. Among othersg ithpact of environmental factors on the
shape distribution ofF. lumbricalis within a local habitat (at the microscale, i.e.,
10 cnf - 100 nf) and between habitats within a coastal zone (atrtesoscale, i.e.,
1000 nf - 10 knf) was studied as well as changes in the speci&ibdison and standing
stock. The continuous distribution &f. lumbricalis, both occurrence and cover, was
modelled using two methods, namely, geostatisticérpolation (natural neighbour
interpolation) and statistical approach (regressioalysis). All predictions were performed
in rasters with pixel dimensions of 50 m x 50 mat models predicting the occurrence
and cover of. lumbricalis were chosen from simulations using various methiad®d on
their superior goodness-of-fit scores. These scamse evaluated using a cross-validation
approach, where subsets comprising an equal nuofilbeandomly selected data points were
created from the entire dataset.

Examining the spatial heterogeneity within inteatidystems at two South African
sites, Diaz et al. [49] focused on analysing thaatimns observed among different shore
levels and sites, particularly concerning macraalgad grazers. The analysis involved
using semivariograms and fractal analysis on datheged from transects. Additionally,
researchers examined the correlations between algaéd grazers using cross-
semivariograms. This work is particularly importamtcause only a limited number of
studies have investigated the spatial structur@imviintertidal systems. Moreover, these
studies demonstrated the particular usefulnesseostgtistical methods in this type of
research. The key findings highlighted that speaifiganisms, such as algal groups and
grazers, displayed varying spatial distributionstadrter distances within the intertidal area.
Moreover, a decrease in this spatial variabilitghiwi the intertidal was observed due to
a cascading effect driven by perturbations.

Tapia et al. [50] described the development ofigpphatterns depicting algal species
richness across two different spatial extents:amaly covering the Gulf of Mexico and the
Caribbean, and globally across coastal zones.

To do so the authors used ordinary kriging andirtkierse distance method, used for
the sake of comparison. The appropriates of thesthods to generate the spatial layers
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was evaluated using the leave-one-out cross-vaidatchnique. Although the validation
results were not ideal, it was possible to deteentive spatial variability of the process and
produce the studied spatial distributions.

Buelo et al. [51] tested the applicability of sphtindicators to algal blooms using
a nutrient-phytoplankton spatial model developed[52]. They found that standard
deviation and autocorrelation successfully distisged bloom state and proximity to
transitions, while skewness and kurtosis were naondiguous. Thus the results obtained
suggest that certain spatial indicators apply twadig ecosystems even if dynamic
physical-biological interactions reduce detectadignals. The authors concluded that the
growing capacity to collect spatial data on algalnfass presents an exciting opportunity
for the application and testing of spatial indicatt the study and management of blooms.

Fox [53] utilised chlorophyll fluorescence to assdise variability of phytoplankton
biomass and productivity in the northwest Europehelf seas. He investigated the
variability of phytoplankton physiology and biomassross a range of light and nutrient
environments. He found that growth and physioldgieaponses differ in geographically
distinct regimes of nutrient limitation across therth Sea as well that variable nutrient
stoichiometry across the region could thereford leaalternative growth and productivity
rates that reflect the populations suited to thH#eiint conditions. Besides, through
geostatistical approaches, the spatial distributiophytoplankton was characterised during
a spring bloom. Fox showed that both in situ artdli® sampling approaches possess the
ability to capture mesoscale variability in phytmmkton distribution, but ocean colour
estimates lose accuracy in highly heterogenousitionsl.

Kim et al. [54] employed geographically weightedjnession to extract the spatial
pattern of cyanobacterial concentration from sié¢elimagery data and calibrate a 2D
numerical model in South Korea's Nakdong River. Taethors showed that the
geographically weighted regression model yieldederaxcurate results than a traditional
multiple linear regression one. The calibrated 2Inarical model accurately reproduced
the buildup of cyanobacteria along the shorelings Biccumulation was due to favorable
conditions for cyanobacterial growth, stemming fraxtended water residence times
linked to decreased flow velocity. Through simwas investigating the changes of HABs
using the refined 2D numerical model, a significeedluction was observed in both the
blooming area and the maximum cyanobacterial cdnagon within the study area. This
decline correlated with an increased inflow disgeaoriginating from a weir located
upstream of the study zone.

The substantial increase in inflow discharge talgesixfold its initial level resulted in
the almost complete elimination of the cyanobaatdslooming area. This was primarily
due to a decreased water residence time resutting feduced flow velocity. Furthermore,
the escalated shear velocity caused by rapid fleffsctively restrained the localised
expansion of cyanobacteria in shallow, slow-movirmnes within the study area by
facilitating the lateral spread of water charastess.

Significant research was done by Pinkerton et[%8] who used low resolution
satellite data of NASA’'s MODIS-Aqua to observe egkacoastal mussel farm to evaluate
its impact on water quality, focusing on Chl-a cemication (as a phytoplankton proxy),
turbidity, and sea surface temperature [55]. Uitisapproximately 890 single-pass satellite
images, each covering less than 50 %, they analystd from 2002 to 2017.
To determine the impact of the farm, the mussehfarea in the analysed satellite images
was removed and this area was then filled usingkitiging method with parameters
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obtained from semivariogram analysis of each reingipart of the satellite imagery using
linear and exponential models. The authors condutieat the approach could be
potentially used for other low-resolution satelliteagery.

Son et al. [56] demonstrated the usefulness ofadsatistics for anticipatory actions
to massive HABs prevention, through which beforedlgal bloom season one can identify
prone areas based on spatial estimations. The stasigarried out the downstream of Nam
and Nakdong River confluence, South Korea, whigdteded three months of algal bloom
season monitored afterward by unmanned aerial s=hi@he HABs-prone areas were
derived from temperature, depth, flow velocity, esadliment concentration data based on
acoustic Doppler current profilers without usingddéidnal data collection. The following
methods were used for these hot-spots detectionaaadysis: K-means clustering, the
Getis-OrdG*, statistics combined with Moranisspatial autocorrelation as well the local
index of spatial association. The visual inspecti@monstrated that the comparison
between the predicted HABs-prone regions usingiapstatistics and unmanned aerial
vehicle observations of actual algal blooms waisfsatory [56].

Geostatistical methods are very useful in chlordipftydies on large scales because
they allow to take into account problems relateddteriorated data quality, e.qg. filling data
gaps resulting from the presence of clouds duratgliie observations, instrument noise,
biophysical processes on a subsample scale, aom &l the proper assessment of the
measurement scale or range of spatial correlalibase issues have been discussed in the
series of works by Doney et al. [57, 58], Walllisabt [59], and Glover et al. [60]. Their
objective involved evaluating the mesoscale biaalipatterns present using global
SeaWiFS and/or MODIS/Aqua ocean colour data for-&Chrhe study scrutinised how
specific geostatistical measures, such as unresohaeiability (nugget effect or noise),
resolved variability (partial sill), and spatialnge, varied across geographical locations,
seasons, and between different years.

One of the essential findings was the close siitylan resolved variability between
both instruments. This suggests that geostatistieahniques can effectively capture
a reliable measure of biophysical mesoscale vditigbregardless of the sensor used.
In turn, the nugget effect in variograms calculatedm MODIS/Aqua data was
substantially lower than that calculated for Sela®/iespecially in oligotrophic waters
which was attributed to the SeaWiFS sensor noisarackeristics. Both datasets
demonstrated a statistically significant correlatietween sills and the horizontal gradient
magnitude of the low-pass filtered chlorophyll dielThis consistency aligns with the
impact of physical stirring on large-scale gradéerRegional discrepancies in the ranges
might indicate the scale-dependent nature of biolkdgmechanisms, contributing to
variability directly at the mesoscale. The unreedlvsub-mesoscale variability could
potentially arise from non-geophysical noise linkedinstruments, atmospheric aerosols,
constraints within the algorithms, and finer-soadéiability.

Moreover, geostatistical methods complement eddyrice compositing techniques.
These issues were partially considered in the violig works [61-64]. Eveleth et al. [65]
continued this subject and evaluated the simulatedsoscale variability of the
high-resolution ocean biophysical model Communigrtk System Model (CESM). Such
models are used at basin and global scales todeelpen understanding of the mechanistic
coupling of physical and biological processes atrtesoscale. The authors calculated 2D
variograms and map of variogram parameters (redelragiability, i.e., sill, and range), as
well as coefficients of variation to quantify theagmitude and spatial scale of chlorophyll
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patchiness in the North Atlantic Ocean, where thera large seasonal phytoplankton
bloom. The results obtained using 1/10th-degree y-eésblving coupled CESM
simulations [66] agreed with those obtained usirgfelite (MODIS, SeaWiFS)
observations.

The HABs and Hypoxia Research and Control AmendsmeAtt of 2017
(U.S. Congress, 2017) emphasised coordination atefyriation to prevent unnecessary
duplication of effort among programs. This stimeththe spatiotemporal analysis of the
HABs studies over large areas of the western tafsimke Erie (approximately 3000 Kjn
during the HABs season (June-October) from 200807 which were carried out in the
frame of five independent monitoring programs [&i}bstantial efforts have been made to
track these blooms’ intensity and extent usingita shlorophyll sampling and remote
sensing observations. Many scientific institutiomare involved in this study, namely the
National Oceanic and Atmospheric Administrationg tiGreat Lakes Environmental
Research Laboratory, the Ohio State Universitynh&tbaboratory, the U.S. Geological
Survey, Great Lakes Science Center, University ofedo, Lake Erie Center, and
Environment and Climate Change Canada. Each mamgtoprogram had different
analytical methods to measure Chl-a concentratibns, all used filtration to capture
phytoplankton on a glass fiber filter and an orgasblvent to extract Chl-a from cells.
In addition, ancillary data such as bathymetry avidd speed to check the potential
chlorophyll response to mixing conditions were usétbwever, despite extensive
measurements, complete comprehension of HABs' apatid temporal dynamics was not
fully achieved.This is attributed to the constraints imposed Iscidite shipboard sampling
across vast regions and the impact of clouds andsndn remote sensing estimations.

To overcome these constraints, Fang et al. [67isddvan innovative spatiotemporal
geostatistical framework to estimate HABs intensityithin this model, observed Chl-a
concentrationsg(x, y, t), are viewed as instances of a spatiotemporabrarfield, wherex,

y, andt denote longitude, latitude, and time, respectivEhe formulation of the space-time
geostatistical model can be depicted as:

z(x,y,t) = p(x,y,6) + n(x, y,t) + €(x, y, 1) (5)

Equation (5) comprises three componenigx,y,t) represents a deterministic
space-time trend function derived from the matriaductXg#, whereinX denotes a matrix
encompassing explanatory variables such as bathymatd sampling type, ang
represents a vector of estimated regression ca=fts; #(x,y,t) embodies spatiotemporally
correlated stochasticity, within the context oftbtudy this component follows a Gaussian
space-time process with a mean of zero and a Matekariance functiong(x,y,t)
represents the independent error term followingaasian distributiotN(0, %), wherez?
captures spatially uncorrelated residual variancising from microvariability and
measurement error (also referred to as the ‘nugifett’). Chlorophyll data underwent log
transformation to ensure normality in the residjia8].

Based on the Bayesian information criterion for elodelection, trend variables
explained bloom expansion, wind effects over depithd variability among sampling
methods. Cross-validation results demonstrated Hpatce-time kriging explained on
average over half of the variability in daily, ldce-specific chlorophyll observations.
Conditional simulations provided, for the first #mcomprehensive estimates of overall
bloom biomass based on depth-integrated concearicatis well as surface aerial extent
with quantified uncertainties. Thus, the first spdiene geostatistical modelling framework
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for estimating HABs intensity has shown great pt&trboth in modelling algal blooms
over large areas, as well as in integrating dataikd from various programs. This has
become possible thanks to the development of Bagesiethods and progress in the
development of spatio-temporal geostatistics iemédecades.

To understand the spatial heterogeneity and terhghnaamics of cyanobacterial
blooms in Clear Lake, California, which is a shail@olymictic, naturally eutrophic lake
with a long record of episodic cyanobacteria blop8tsarp et al. [69] evaluated a satellite
remote sensing tool for estimating coarse cyanebiactlistribution with coincident, in situ
measurements at varying scales and resolutions. Cyanobacteria Index (Cl) remote
sensing algorithms (a classical one based on thetrsh shape at wavelength 681 nm, [70]
and a refined one which incorporates an exclusioraiterion for the spectral shape
at 665 nm, [71]) were used to estimate cyanobattatiundance in the top portion of the
water column from data acquired from the Ocean kadd Color Instrument (OLCI)
sensor on the Sentinel-3a satellite. The authass abllected hyperspectral data using
various tools: a handheld spectroradiometer for-aClaind phycocyanin measurements,
multispectral imagery from small Unmanned Aerial s®@yn (SUAS) flights, and
Autonomous Underwater Vehicle (AUV) measurementsGhl-a, turbidity, and coloured
dissolved organic matter. Additionally, they ob&dnmeteorological and lake temperature
data. Analyses of the high-resolution AUV and sUd&a revealed a Critical Scale of
Variability (or practical range, according to geistical nomenclature [15, 25]) for
cyanobacterial blooms ranging from 70 m to 175 mictv is finer than satellite resolution.
This suggests substantial spatial variability witeach 300-meter satellite pixel. The field
spectroscopy data assessed both the original ansedeCl algorithms; however, the
revised algorithm did not effectively estimate cghacterial abundance for their study site.
Nevertheless, the authors concluded that satélliseed remote sensing tools provide
consistent and cost-effective observations ovegelareas. These findings emphasise the
need for continuous advancements in remote serisitfgniques crucial for monitoring
Harmful Algal Blooms (HABS) in lakes and reservdird].

The study authored by Szatmari et al. [72] meritergion as well. Their study
encompassed a comprehensive spatial modelling eodefocusing on nutrients and their
sedimentary ratios within Hungary's Balaton Lakdwey aimed to assess the efficacy of
employing multivariate geostatistics, particulaviyhen multiple variables require spatial
modelling across diverse scales within water edesys. This is a pivotal issue because
the quality and quantity of nutrients stored inigeghts, and their relative content may be
an important factor that has an important impactottophication. The authors modelled
the spatial distribution of the nutrients nitrogét) and phosphorus (P) and their ratio
(i.e., N : P) in the sediments of the lake and thesvided spatial predictions at different
scales (i.e., point, basin, and entire lake) wiith associated uncertainty. It was found that
in Balaton Lake increased phosphorus loads carecaggowth in the mass of blue-green
algae Cylindrospermopsis raciborskii) with the ability to fix atmospheric Nand thus
reduce the nitrogen limitation in water bodies [73}]. The authors [72] calculated
variograms and cross-variograms of the normal starsformed N and P data to explore,
analyse, and model the spatial continuity of eadlrient separately and the spatial
interdependence between the nutrients. Variogragdnfirmed that there is a spatial
interdependence between the nutrients. Thus, tlsaltse revealed that multivariate
geostatistics allows this interdependence to bertakto account and exploited to provide
coherent and accurate spatial models. Additionaligchastic realisations, reproducing the
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joint spatial variability, can be generated thalowal providing spatially aggregated
predictions with the associated uncertainty atotariscales. The study highlighted that it is
worthy of applying multivariate geostatistics inseaspatial modelling of two or more
variables, which jointly vary in space, is targetedvater ecosystems.

The zooplankton community is widely used as a Mhimiator for the biological
assessment in rivers. Simultaneously, phyto-zodgteninteractions and spatially varying
river environment parameters perceivably goverir thgatial distribution. Sahu et al. [75]
proposed a geostatistical framework to predict fadgon abundance along the river
course while decoupling the phyto-zooplankton retethip from spatial dependency.
To do so they used the nonlinear logistic regresg&niging. The study was carried out on
the river Narmada which is a large tropical rivedndia. It was found that the correlation
between phytoplankton and zooplankton predominartbcounted for zooplankton
variations, exhibiting some residual spatial depecé. The suggested approach led to
smooth predictive spatial distributions of zooplamkabundance. The study also enabled
approximation of zooplankton abundance in regionsere direct sampling was not
feasible.

Table 1
The main measurement methods and data used fdatistisal analyses
in the presented research on algae and phytoplankto
Gerc:]ste:ﬁlostlescal Inland lakes, freshwater mar shes Rivers S?:zs'astogla\i\?aste?rs]d
[37] [49]
(Field measurements included water-column primgry (Fast Repetition
productivity, phytoplankton, peri, and meta phyton) rate data)
[41] [53]
Variography, (Fluorescence measurements) (Fluorescence
fractal analysis} [69] measurements,
etc. (Handheld spectroradiometer, VIIRS)
Unmanned Aerial System, Autonomous Underwatger [57-59, 65]
Vehicle, (CESM model,
meteorological forcing and water temperature datg, and/or MODIS,
Sentinel-3A/ OLCI) and/or SeaWiFS),
[39]
(Unmanned Aerial Vehicles, acoustic Doppler current
profilers)
[45] [44]
Water samples were collected below the surface, and (MERIS)
chemical analyses were conducted for Chl-a and othe [50]
parameters, including Secchi disk (SD) depth, water [56] (Literature and
temperature, pH, and suspended solids (SS) (Acoustic AlgaeBase online
[46] data)
Spatial (Water sa_mples were collected from the water SBl’fd% urrzg[)glr?):‘iler) [48] -
estimations and total nitrogen (TN), total phosphorus (TP),nolwal [75] (SCUBA diving
oxygen demand (COD), and Chl-a were analysed i tﬂglankton data and underwater
Iabo;r;\tory) and water quality wggo)
M (47 . parameters) [60]
acrophyte coverage at each site was estimatedghfo (SeaWiFs,
visual observation and converted to the Braun-Biahg MODIS/Agua
scale [76]. Zooplankton samples were collected ftioap [55]
bottom to the surface using a plankton pump amer&tl (MODIS/Aqua)
through nets with varying mesh sizes. The quaitéaf
counting and measurement of zooplankton werg
performed using stereomicroscopy.
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Geostatistical . Seas, oceans, and
methods Inland lakes, freshwater marshes Rivers coastal waters
[67] [ [51]
. : . 54] .
. (In situ chlorophyll sampling, bathymetry, wind spe (Spatial
.Spangl and remote sensing observations). (Fluoresce;nce model of algal
simulations [72] probe, RapidEyg, o " ith knowr
(N and P measurements) satellite data). critical transitions)

Table 2

The main results in research on algae or phytoptanébtained using geostatistical methods

content in the lake. The spatial structy
patterns of Chl-a were influenced b
factors such as the distribution of
pollution sources, water flow, and

wind).

[46]

Mass balance calculations for TP
demonstrated substantial phosphor
input during the flood season, with t
most severe algal blooms occurring

e

US

and sustainability
predictive maps. Thes
maps have precisely
identified the most
productive zone of
zooplankton
sustainability)

G?it"ﬁ?dlscaj Inland lakes, freshwater marshes Rivers Seas, Oces\?;;r;d coastal
[49]
(Analysis of the consistency
of spatial heterogeneity in
several algal functional
[37] groups and in grazer
(Spatial and temporal patterns of biomass between two sites
metaphyton, periphyton, phytoplanktpn and across the shore of]
in two riparian freshwater marshes a river)
[41] (53]
(First use of SeaWiFS imagery to (Determination of the
Variography, | investigate the connection betwee variability of phytoplanktor
fractal physical and biological processes in the physiology and biomass|
analysis, etc. Great Lakes) across a range of light and
[69] nutrient environments)
(A multiplatform sampling approach to [57-59, 65]
evaluate the spatial variability of (Characterisation and
cyanobacteria blooms. The approagh determination of mesoscale
provided a more holistic view of a global patterns in ocean
cyanobacteria bloom. biological variability [58],
meso and submesoscale
ocean colour variability [57,
59] and mesoscale ocean
chlorophyll variability [65])
[39] [44]

(Kriging maps for the three months (Kriging can be used to
examined. Determination of the [56] estimate missing satellite
relationship between the spatial (Development of chlorophyll data in the

distribution of chlorophyll in water and a practical and rapid North Sea)
precipitation. Variography - a powerful p p bli [50]
method to analyse spatial patterns )?ounterme_asure, enabll ghe effective generation of
: " a preemptive response |t .
ecological factors in freshwater massive algal blooms a database of algal species
ecosystems) ) . richness at two spatial
in a river) . -
[45] [75] scales: rgglhonal Ggll:f) of
Spatial (The spherical model could be applie( ; Mexico and the Caribbean,
estimations | fit all experimental variograms of Chl a(Generanon of smooth and -global coastal zones)
zooplankton abundance

(48]
| (Assessment of distributio
" and ecological significanc]
of the red algdurcellaria
lumbricalis)
[60]
(Application of
geostatistical analysis
techniques allows the

D 3

variability observed in
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Geostatistical Inland lakes, freshwater marshes Rivers Seas, oceans, and coastal
methods waters
afterward. This delay was attributed fo ocean colour imagery to he
hydrodynamic processes in the lake partitioned into resolved al
during the flood period. unresolved variability)
[47] [55]
The study demonstrated that (Satellite information and
zooplankton and phytoplankton geostatistical methods can
exhibited distinct degrees of be used to quantify the
heterogeneity and spatial structures, effect of a large coastal
necessitating separate modelling mussel farm on water
approaches. However, the observed quality)

similarity in spatial autocorrelation
within both zooplankton and
phytoplankton communities suggested
that, at the scales examined, the
horizontal organisation of these
components was not significantly
influenced by species-specific

behaviours.
[54]
167] (Retrieving the spatial [51]
(Developing a space-time geostatistical g'satr:'ggggtr:e r(iJ;I (Analysing a spatially
Spatial approach for modelling algal bloom| Y dynamic nutrient-

concentration from
satellite imagery data fq
the calibration of the 2L
numerical model in
a river)

simulations | variability. Modelling simultaneously|
estimates bloom surface area and ov|
biomass)

rphy’coplankton model across
a range of nutrient input and
physical mixing conditions

Conclusion

Reliably assessing the spatial distributions ohalgnd phytoplankton is a pivotal area
of scientific interest due to their crucial ecolwli role and potential risks to aquatic
ecosystems and human health. Typically examinegsvinor three dimensions, and more
recently, expanded into four dimensions with thelusion of time, these analyses demand
extensive measurements and considerable efforist&tgiical methods serve as invaluable
tools for studying their distribution in water bedj enabling a reduction in measurements
and research costs. These methods allow data &naly®ss different scales, from small
reservoirs to oceans. Geostatistical methods atetyrestimate the spatial distribution of
algae and phytoplankton in the water, includinggikig variance distributions, in both
single and multi-variable studies, utilising apprieas such as cokriging. Integration of
diverse data types, ranging from underwater measemés to satellite observations, is
crucial for studying these organisms. Geostatistinathods also facilitate spatial and
space-time simulations. Since the 1980s, the usgeostatistical methods in algae and
phytoplankton research has significantly expandreotther advancements are anticipated,
particularly with the adoption of Bayesian, MCMC timeds, and the INLA approach for
spatiotemporal modelling, overcoming prior compiotal constraints. The fusion of
geostatistical methods and artificial intelligené® also projected. The increasing
availability of high-resolution remote observatidnsm satellites and drones, coupled with
progress in underwater measurement techniquespicted to enhance the utilisation of
geostatistical methods. This advancement holdscp&at promise for studying algae and
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phytoplankton in rivers, where the need for spatigtoral modelling has previously
hindered research efforts.
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