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ABSTRACT

The mangroves of Diawling National Park (PND) in Mauritania form an ecosystem of high ecological value that
is exposed to severe climatic and anthropogenic pressures. This study analyses the spatial variability of four soil
physicochemical properties (electrical conductivity (EC), pH, soil organic carbon (SOC) and total nitrogen (N))
and compares two spatial interpolation methods, inverse distance weighting (IDW) and ordinary kriging (OK).
Fifty samples were taken at a depth of 20 cm beneath stands of Avicennia germinans and Rhizophora racemosa and
analysed in the laboratory. The descriptive statistics show pronounced variability for EC (CV = 38.4%) and SOC
(CV =35.9%), whereas pH (CV = 10.2%) and N (CV = 16.4%) are distributed more evenly. The mean organic
carbon content (0.680%) falls below the values reported for humid tropical mangroves, a difference that reflects
the combined saline and water stress affecting Sahelian mangroves. Cross-validation based on six statistical cri-
teria (ME, RMSE, R, MSE, RMSSE, ASE) confirms the clear advantage of IDW, whose correlation coefficients
approach unity (R > 0.999) for all four properties, while OK performs more unevenly, from very weak for pH (R =
0.091) to moderate for EC and SOC (R = 0.647 and 0.445) and good for N (R = 0.989). Semivariogram modelling
shows a nugget-to-sill ratio of 0.7569 for EC, denoting weak spatial dependence, and a fitted nugget exceeding the
fitted sill for pH, SOC and N (ratios of 5.3158, 2.9924 and 16.3692, respectively), a pattern functionally equivalent
to a pure nugget effect; together these results reveal that unstructured short-range variability dominates the spatial
signal of all four properties and provide a mechanistic basis for the systematic underperformance of OK. This con-
trast stems from the strong short-range heterogeneity produced by the redox processes typical of the hydromorphic
environment, which weakens geostatistical approaches that depend on structured spatial autocorrelation. The IDW
maps display an organised spatial pattern, with a salinity gradient that follows hydraulic connectivity and a mosaic
of pH values governed by local redox cycles. These results offer a spatial reference for managing and conserving
the PND mangroves and add to the understanding of biogeochemical processes in mangrove ecosystems at the
Sahelian margin.

Keywords: Mangrove, soil physicochemical properties, spatial variability, inverse distance weighting, ordinary
kriging, Diawling National Park, Mauritania.

INTRODUCTION includes nutrient cycling, soil formation, timber
production, pollution control, ecotourism, aqua-

Mangroves are coastal wetlands that occur  culture and carbon sequestration (Feng et al.,
along tropical and subtropical shorelines. They 2019; Gao et al., 2019; Murdiyarso et al., 2015;
deliver a broad set of ecosystem services that Wang et al., 2024; Yin et al., 2023). Their high
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capacity to store carbon comes from elevated
primary productivity combined with anoxic
soils that slow decomposition (Murdiyarso et al.,
2015; Xia et al., 2022). Because they can lower
atmospheric CO: over long periods, conserving
mangroves is widely regarded as an effective re-
sponse to climate change (Suello et al., 2022; Xu
et al., 2024). Over the past few decades these eco-
systems have been heavily degraded by human
pressures (Feng et al., 2019; Yan et al., 2024), and
restoration programmes now seek to rebuild lost
habitats and recover degraded functions (Feng et
al.,2019; Maietta et al., 2020). Soil organic carbon
(SOC) ranks as the third-largest carbon reservoir
on Earth, behind the oceanic and geological pools
(Lal et al., 1999; Shi et al., 2017). It is especially
important in mangroves, where the soil holds the
greater part of the total ecosystem carbon stock
(Bernal and Mitsch, 2012; Luo et al., 2017; Yin et
al., 2023). Such differences probably arise from
the combined influence of climate, soil physi-
cochemical properties and land management on
carbonate precipitation and dissolution (Shi et al.,
2017). The controls on mangrove SOC neverthe-
less remain complex, since they depend on sev-
eral interacting physicochemical factors, among
which pH, electrical conductivity (EC) and total
soil nitrogen rank among the most important (Hu
et al., 2024; Xia et al., 2021). Total nitrogen (TN)
has emerged as a key driver of carbon storage in
mangroves, particularly in nitrogen-poor systems
where its availability governs both primary pro-
duction and the stabilization of organic matter
(Hu et al., 2024; Xia et al., 2021). Restored man-
groves show very strong TN-SOC correlations (r
> 0.95), which indicates that bioavailable nitro-
gen accumulates alongside carbon as ecological
succession proceeds (Ray et al., 2023; Wang et
al., 2023). Soil pH also shapes SOC dynamics,
both spatially and functionally, through its ef-
fect on organic-matter decomposition, nutrient
availability and the structure of microbial com-
munities along land-sea gradients (Dookie et al.,
2024; Zheng et al., 2025). Electrical conductivity,
closely tied to salinity and dissolved-ion concen-
tration, is a third control on SOC; it acts on min-
eralization, on the input of allochthonous organic
matter and on particle-organic matter interactions
(Cui et al., 2021; Ray et al., 2023). Negative EC-
SOC correlations have been recorded along re-
stored transects (r = -0.24), which suggests that
more saline or high-EC settings may depress
measured SOC (Ray et al., 2023). Large-scale

syntheses likewise rank salinity, or EC, among
the main determinants of how SOC stocks are
distributed across mangroves (Chowdhury et al.,
2023; Wuetal., 2025). In the lower Senegal River
delta, and specifically within Diawling National
Park (PND), soil salinisation has been identified
as a major source of environmental imbalance
(Abidine et al., 2018; Ngom et al., 2016; Nuscia
Taibi et al., 2007). It drives the decline of sensi-
tive plant communities and favours halotolerant
species better suited to saline conditions (Abidine
et al., 2018). Understanding the link between soil
salinity and plant behaviour is therefore essential
for assessing the functioning and resilience of
these mangroves (Herbert et al., 2018). Because
soil physicochemical properties vary markedly in
space, mapping environmental gradients in man-
groves calls for suitable geostatistical and spatial
interpolation techniques (Robinson and Metter-
nicht, 2006; Tripathi et al., 2015). These methods
estimate soil parameters at unsampled locations
from point measurements and produce the con-
tinuous maps needed to study processes such as
salinization (Bhunia et al., 2018; Emadi and Ba-
ghernejad, 2014). The techniques in common use
range from deterministic approaches, such as in-
verse distance weighting (IDW), to probabilistic
geostatistical ones, such as ordinary kriging (OK)
(Robinson and Metternicht, 2006; Zarco-Perello
and Simdes, 2017). Both have frequently been ap-
plied to map pH, electrical conductivity and other
properties such as total nitrogen. Comparing them
through statistical performance criteria is neces-
sary in order to choose the technique best suited
to a given parameter and soil context (Bhunia et
al., 2018; Emadi and Baghernejad, 2014; Tripa-
thi et al., 2015). This study does not introduce a
new interpolation technique; its contribution lies
in providing the first geostatistical characterisa-
tion of soil spatial variability for the hydromor-
phic mangrove soils of Diawling National Park,
a Sahelian, seasonally flooded system that has re-
ceived far less attention than humid tropical man-
groves. The unusually severe, near pure-nugget
short-range variability found here for pH, SOC
and N offers a transferable diagnostic benchmark
for similarly marginal, redox-dominated coastal
soils, and a baseline dataset for future monitoring
of this protected area. Against this background,
the present study sets out to characterise the spa-
tial variability of organic carbon (OC), pH, EC
and total nitrogen, and to compare how the IDW
and OK methods perform when mapping these
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parameters across the PND mangroves. The aim
is to improve our understanding of the biogeo-
chemical processes that operate in this arid set-
ting and to supply baseline data for conserving
and rehabilitating mangroves at the edge of their
range. Fifty soil samples were collected from the
surface beneath Avicennia germinans and Rhi-
zophora racemosa within the study area, and a
global positioning system (GPS) recorded the co-
ordinates of each sampling point.

MATERIALS AND METHODS

Study area

The study was carried out in Diawling Na-
tional Park (PND), in south-western Mauritania.
The park lies between 16°35°00”N, 16°20°00”
W and 16°05°00”N, 16°30°00” W. The site has
considerable ecological and scientific importance
because it marks the northern limit of the West
African coastal mangroves, where the ecosystem
persists in a desert to semi-arid climate marked
by scarce rainfall, intense evaporation and high
temperatures (Figure 1).

Soil sampling and laboratory analysis

Fifty soil samples were collected in January
2025 across the study area to capture the spatial
variability of the soils’ physicochemical proper-
ties, from the surface layer (0—20 cm). Each sam-
pling point was georeferenced by a handheld GPS
device (Garmin 78) so that its coordinates could
be recorded precisely and used in the subsequent
spatial analyses (Table 1). The samples were tak-
en with clean equipment, placed in suitable bags
and transported to the laboratory, where they
were air-dried, ground and sieved before analy-
sis. The sampling followed a random design,
with points placed at random locations within the
parts of the site that were physically accessible.
The sampling site, known as Birette, is located
along the right-bank dike in the immediate vi-
cinity of the Diama Dam and is fed by a natu-
ral marigot connecting the Senegal River to the
Atlantic Ocean. This choice was dictated by site
accessibility: the hydromorphic mangrove sub-
strate is kept almost permanently flooded by this
hydrological connection and forms a mosaic of
submerged channels, soft mudflats and emergent
banks that cannot be walked or traversed along a
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Figure 1. Map of the study area
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Table 1. Geographic coordinates of the study area

Sample N° Latitude Y (°N) Longitude X (°W)
1 16.220615 16.502442
2 16.220668 16.502439
3 16.220678 16.502413
4 16.220632 16.502393
5 16.220655 16.502393
6 16.220692 16.502408
7 16.220666 16.502417
8 16.220697 16.502382
9 16.220705 16.502372
10 16.220713 16.502438
11 16.220718 16.502417
12 16.220706 16.502443
13 16.220688 16.502455
14 16.220681 16.502439
15 16.220665 16.502492
16 16.220531 16.502437
17 16.220683 16.502453
18 16.220631 16.502443
19 16.220688 16.502438

20 16.220681 16.502443
21 16.220684 16.502456
22 16.220619 16.502553
23 16.220717 16.502478
24 16.220719 16.502514
25 16.220697 16.502501
26 16.220673 16.502483
27 16.220705 16.502482
28 16.220734 16.502488
29 16.220723 16.502515
30 16.220739 16.502499
31 16.220739 16.502483
32 16.220683 16.502525
33 16.220757 16.502457
34 16.220724 16.502442
35 16.220721 16.502351
36 16.220753 16.502394
37 16.220934 16.502403
38 16.220832 16.502432
39 16.220825 16.502337
40 16.220844 16.502405
41 16.220839 16.502392
42 16.220878 16.502322
43 16.220741 16.502446
44 16.220798 16.502456
45 16.220798 16.502487
46 16.220769 16.502452
47 16.220763 16.502440
48 16.220782 16.502399
49 16.220702 16.502511
50 16.220674 16.502529

systematic transect. Sampling points were there-
fore randomly positioned wherever the substrate
allowed safe access on foot beneath the canopy of
Avicennia germinans, the locally dominant man-
grove species at this site, and the less abundant
Rhizophora racemosa. As a consequence, the 50
points are concentrated within a single mangrove,
this fine-grained, locally dense spatial coverage
is revisited when interpreting the semivariogram
ranges and the cross-validation contrast between
IDW and OK, and is discussed as a limitation.

Measurement of pH and electrical
conductivity

For each sample, 10 g of soil was mixed with
50 mL of distilled water (1:5 w/v). The suspen-
sion was stirred on a magnetic stirrer for 1.5 h at
room temperature and then left to stand so that
the solid particles could settle. The supernatant
was filtered through Whatman paper into a clean
beaker. pH was measured on the filtrate with a
previously calibrated pH meter, and electrical
conductivity with a calibrated conductivity meter.

Soil organic carbon (SOC) analysis

Soil organic carbon was determined by the
modified Walkley and Black method adapted for
spectrophotometric reading (De Vos et al., 2007,
Nelson and Sommers, 1982, 2018; Walinga et
al., 1992; Walkley and Black, 1934). Samples
that had been air-dried, ground and sieved to 2
mm were oxidised with potassium dichromate
(K2Cr207) in a strongly acidic medium, then di-
gested with a potassium dichromate solution in
the presence of concentrated sulfuric acid. After
a controlled reaction time the solutions were di-
luted with distilled water to halt the reaction and
prepare them for spectrophotometric reading.
Absorbance was measured at 600 nm, the wave-
length of maximum absorption for the complex
formed when organic carbon is oxidised (He-
anes, 1984). Organic carbon was then quantified
from a calibration curve built with nine standard
glucose solutions analysed under the same con-
ditions. Absorbance (A) and carbon concentra-
tion (C, g'L') were strongly linear, following
the regression equation:

A=52.6654 C+0.0670 (R*=0.9971)

This regression equation was used to calcu-
late the organic carbon content of the samples.
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The digestion was heated to a controlled boil,
following Anne (1945) and Dabin (1967, 1970),
driving oxidation close to completion; the recov-
ery factor of ~1.33 used for the original, unheated
Walkley—Black procedure (Walkley and Black,
1934; De Vos et al., 2007) therefore does not ap-
ply here, as in other heated, calibration-curve ad-
aptations (Heanes, 1984; Walinga et al., 1992)

Total soil nitrogen

Total nitrogen was determined by the Kjel-
dahl method, in which the sample is digested in
concentrated sulfuric acid to form (NH4)>SO4; the
ammonia is then released with sodium bicarbon-
ate and removed by steam (Bremner, 1960, 1996;
Saez-Plaza et al., 2013). One gram of ground soil
was placed in a Pyrex flask with a pinch of sele-
nium catalyst, 5 mL of 36 N H>SO4 and 5 drops
of hydrogen peroxide. The mixture was heated to
300 °C for 3 to 10 minutes, left to cool for 15
minutes, and then made up with 20 mL of dis-
tilled water. Distillation was performed with 20
mL of NaOH (32%), 10 mL of HsBOs (4%) and
30 mL of distilled water for 3 to 10 minutes. After
adding 5 drops of red indicator, the distillate was
titrated with H.SO4 N/50. Total nitrogen was cal-
culated as %N = 0.028 x x, where x is the volume
of acid used, given that 1 mL of H2.SO4 N/50 cor-
responds to 0.28 mg of nitrogen. A reagent blank,
carried through the same digestion and distilla-
tion steps but without soil, was titrated alongside
the samples, and its volume was subtracted from
each sample titration to correct for background
ammonia, consistent with standard quality-con-
trol practice for the Kjeldahl method (Bremner,
1960; Saez-Plaza et al., 2013).

Interpolation methods

Two interpolation methods were applied: ordi-
nary kriging (OK) and inverse distance weighting
(IDW). Both estimate unmeasured values of elec-
trical conductivity (EC), pH, nitrogen (N) and SOC
from the measured data. Correlation coefficients
and performance criteria were used to identify the
method best suited to the study area. All field coor-
dinates were recorded using the WGS 1984 / UTM
projection system. Statistical calculations were
performed using Jamovi 2.7 and Microsoft Excel,
while geostatistical analysis and the generation of
interpolation maps were carried out using ArcGIS
10.8. The sampling point layer was imported into
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ArcGIS as a shapefile, and values for physicochem-
ical parameters (EC, pH, SOC, and N) were joined
to the point features. Interpolation maps based on
IDW and ordinary kriging were generated for the
entire study area using a 0.09 m? grid cell size. For
IDW, the weighting exponent was setto =2, and a
variable search radius encompassing the 12 nearest
neighbors was used, without a maximum distance
constraint, in accordance with the parameters most
commonly adopted for these types of soil properties
(Abidine et al., 2018; Bhunia et al., 2018; Seyed-
mohammadi et al., 2016). For ordinary kriging,
experimental semivariograms were first calculated
for each property and then visually fitted by select-
ing an appropriate theoretical model (spherical,
exponential, or Gaussian) and manually adjusting
the nugget effect, sill, and range until the modeled
curve accurately reproduced the shape of the ex-
perimental semivariogram; this classic manual fit-
ting procedure is standard practice in applied geo-
statistics (Webster and Oliver, 2007; Tripathi et al.,
2015). The resulting prediction maps were exported
at a resolution of 400 dpi to ensure high quality.

OK method

Ordinary kriging is among the most widely
used interpolation techniques (Mousavifard et al.,
2013; Poshtmasari et al., 2012). It estimates val-
ues over an area surrounding each sampled point
(Abidine et al., 2018; Pang et al., 2011; Seyedmo-
hammadi et al., 2016; Tripathi et al., 2015). The
semivariogram is expressed as follows:

1
y(h) = N

(1

N(h)

D 126 - 20k + h?

i=

where: y(4) is the semi-variance, N(/) the num-
ber of data pairs separated by a given dis-
tance, 4 the lag distance, Z the measured
value of the soil property and x the posi-
tion of the sample.

IDW method

Inverse distance weighting is one of the inter-
polation methods commonly used in soil science
(Bhunia et al., 2018; Abidine et al., 2018; Rob-
inson and Metternicht, 2006; Seyedmohammadi
et al., 2016). Its estimates rely on known values
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in the surrounding area (Equation 2), with each
interpolation weight set as the inverse of the dis-
tance to the prediction point.

ZTL xl
hP
Z(xo) = — 2)
n
n

where: Z(xo) is the interpolated value, n the total
number of sample points, x i the mea-
sured value, 4_(ij) the distance between
the interpolated and measured values, and
p the weighting power (5 = 2).

This value of § was fixed a priori rather than
optimised by minimising the cross-validation er-
ror, following the default setting most commonly
adopted for soil properties of this kind (Abidine et
al., 2018; Bhunia et al., 2018; Seyedmohammadi
et al., 2016).

Performance evaluation criteria

Cross-validation followed a leave-one-out
procedure, in which each point’s re-estimated
value was compared with its measured value,
following Tripathi et al. (2015). Six standard sta-
tistical metrics were used to assess the predictive
accuracy of the models: mean error (ME), root
mean square error (RMSE), correlation coeffi-
cient (R), mean standardised error (MSE), stan-
dardised root mean square error (RMSSE) and
average standard error (ASE). Performance was
evaluated with the following equations:

[Z*(x)_z(x)]z (3)

n

ME=Y1,

RMSE = \/Z M (4)

n *
ASE = /w (5)

Zr0)-2z(x)
2?1 X X,

MSE="20 (6)
n

2:n[{Z*(x)—Z(x)}z]

o*(x)

RMSSE = )

n

where: z(x) is a measured value, z*(x) a predict-
ed value and o*(x) the variance of the
prediction.

The formulations of Equation 3 (ME) and
Equation 7 (RMSSE), follow exactly those given
by Tripathi et al. (2015).

R=\/1— (E?:l(yl'—yi')z] (8)

i i-y)?
where: y, is the observed value, y,. the predicted
value, y the mean of the observed values
and n the number of observations.

RESULTS AND DISCUSSION

Descriptive statistics

The descriptive statistics (Table 2) give a mean
pH of 7.22 £ 0.738 (CV = 10.2%), with values
between 6.12 and 8.66. This neutral to slightly al-
kaline range is typical of hydromorphic mangrove
soils that undergo intense redox cycling, in which
the alternation of anaerobic flooding and oxidis-
ing emersion creates short-distance pH gradients
(Dookie et al., 2024; Zheng et al., 2025). Under
permanent flooding, sulfate reduction releases
OH ions that raise pH, whereas the oxidation of
sulfides produces acidic protons. The observed
interval [6.12-8.66] reflects this redox dynamic,
which is characteristic of hydromorphic mangrove
soils (Krauss et al., 2008). The moderate positive
skewness (g1 = +0.570) and the kurtosis (-0.996)
point to a distribution without marked deviation,
a condition that favours the use of interpolation
methods (Ahmed et al., 2017; Bhunia et al., 2018).

EC is the most variable parameter (u = 2.52
mS/cm, CV = 38.4%, range (0.38-3.91) mS/cm;
Table 2). In hydromorphic mangrove soils, inter-
stitial salinity reflects a balance between freshwa-
ter inputs from the Senegal River, tidal seawater
intrusion and concentration through evapotrans-
piration during the dry season (Ngom et al.,
2016). The high heterogeneity recorded here (CV
= 38.4%) is consistent with such environments;
Tripathi et al. (2015) report comparable CV val-
ues (30—45%) for EC in flooded saline coastal
soils of India and attribute this variability to local
hydraulic gradients between permanently flooded
and seasonally submerged areas. The negative
skewness (g1 = -0.424) indicates a distribution
shifted toward high values, a sign of active salini-
sation amplified by the reduced freshwater supply
that has followed the closure of the Diama Dam
in 1986 (Nuscia Taibi et al., 2007). For compari-
son, Abidine et al. (2018), working in the same
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Table 2. Descriptive statistics of physicochemical parameters

Parameter pH EC (mS cm™) SOC (%) N (%)
N 50 50 50 50

Mean 7.22 2.52 0.680 0.0423
Median 7.06 2.59 0.611 0.0426
Standard deviation 0.738 0.968 0.244 0.00694
Minimum 6.12 0.380 0.311 0.0294
Maximum 8.66 3.91 1.18 0.0544

CV% 10.2 38.4 35.9 16.4
Skewness 0.570 -0.424 0.384 -0.132
Kurtosis -0.996 -0.816 -0.907 -0.880

park but on dry, non-flooded soils, report a much
higher mean EC of 11.48 mS/cm; this confirms
that the constantly flooded, hydromorphic char-
acter of mangrove soils buffers salinity through
interstitial dilution.

Soil organic carbon averaged 0.680 = 0.244%
(CV = 35.9%; Table 2). Although hydromorphic
mangrove soils are recognised as important car-
bon sinks worldwide, the values found here re-
main below those of humid tropical mangroves
(1-5%). The combined saline and water stress that
affects Sahelian mangroves at the northern limit
of their range accounts for this difference (Wu et
al., 2025; Xia et al., 2022). In such settings, high
salinity suppresses microbial activity and slows
the build-up of organic matter, even though the an-
oxic conditions of permanent flooding tend to pre-
serve it (Dookie et al., 2024). Total nitrogen is the
most homogeneous variable (u = 0.0423%, CV =
16.4%, g1 =-0.132; Table 2); its mean and median
almost coincide, which indicates a symmetrical
distribution. This pattern reflects the close biogeo-
chemical coupling between nitrogen and organic
matter in a slowly decomposing, anoxic hydro-
morphic soil (Hu et al., 2024; Ray et al., 2023).

Semivariogram analysis and spatial structure
of soil properties

Before ordinary kriging was performed, ex-
perimental semivariograms were computed for
EC, pH, SOC and N and fitted visually with
theoretical models (exponential, spherical or
Gaussian) by manually adjusting the nugget, sill
and range until the modelled curve reproduced
the shape of the experimental semivariogram;
the residual sum of squares between the experi-
mental and modelled semivariance served as the
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goodness-of-fit criterion to guide model selection.
The fitted nugget (CO0), sill (CO+C), range and
nugget-to-sill proportion are reported in Table 3.

The four properties are best described by con-
trasting theoretical models, exponential for EC
and N, spherical for pH and Gaussian for SOC,
a diversity of model types commonly reported
for coastal and saline soils elsewhere (Tripathi et
al., 2015; Sahbeni and Székely, 2022). The fitted
ranges are short, between 3.56 m for N and 14.80
m for SOC, showing that spatial autocorrelation
decays within a few metres in this hydromorphic
environment, well inside the extent of the sam-
pling grid (Trangmar et al., 1986). Sample pairs
separated by larger distances therefore contribute
essentially uncorrelated information to the krig-
ing system, a structural constraint that helps ex-
plain the contrasting cross-validation results ob-
tained with ordinary kriging (Table 4).

Electrical conductivity shows a nugget-to-
sill ratio of 0.7569 (75.7%), a value that lies
within the conventional 0-100% scale, right at
the boundary of the moderate and weak classes
of Cambardella et al. (1994), and indicates weak
spatial dependence; only a small fraction of its
total variance is spatially structured, the remain-
der reflecting unresolved short-range heterogene-
ity. This is consistent with the intermediate, but
clearly imperfect, cross-validation performance
of OK for this variable (R = 0.647; Table 4) and
falls in the same range as the weak-to-moderate
dependence reported for EC, or its model residu-
als, in other saline and seasonally flooded soils
(Tripathi et al., 2015; Sahbeni and Székely, 2022;
Emadi and Baghernejad, 2014; Kaya et al., 2022).

For pH and SOC, the nugget exceeds the sill
(ratios of 5.3158 and 2.9924), an unrealistic con-
figuration that typically signals an absence of a
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Table 3. Semi-variogram model parameters adjusted to the physico-chemical properties of soils

Soil property Fitted model Range (m) Nugget (C0) Sill (C0+C) Pro;()g(r)tlocr;gCO/
EC Exponential 14.119 0.460 0.608 0.7569
pH Spherical 10.168 0.498 0.094 5.3158
SOC Gaussian 14.797 4.876E-06 1.630E-06 2.9924
N Exponential 3.560 4.883E-05 2.983E-06 16.3692

clear plateau in the experimental semivariogram.
This is functionally equivalent to a pure nugget
effect: variation is essentially random at the scale
of the sampling grid. Such outcomes are not un-
usual, similar pure nugget effects have been re-
ported for other soil properties in comparable
field studies (Swafo and Dlamini, 2023; Siqueira
et al., 2014), often linked to sampling resolution
that is too coarse to capture fine-scale variability.
This fits with evidence that redox status in flood-
ed soils is structured at the microsite scale rather
than at the scale of typical soil cores (Lacroix et
al., 2023), meaning nearby cores can fall on op-
posite sides of a microsite boundary and generate
variance below the survey’s minimum sampling
distance. This explains the near-flat semivario-
grams for pH and SOC (Figure 2) and the poor
cross-validation results for ordinary kriging (R =
0.091 for pH, R = 0.445 for SOC; Table 4), both
weaker than the moderate spatial dependence
found for mangrove SOC in Thailand (Chaikaew
and Chavanich, 2017).

Total nitrogen shows the same pattern in its
most extreme form, with a nugget-to-sill ratio of
16.3692, that is, a fitted nugget nearly sixteen and
a half times larger than the fitted sill. As with pH
and SOC, this value falls outside the conventional
0-100% scale and is best read as a strong indica-
tor of an unstable model fit driven by an almost
complete absence of structured spatial variance
(Webster and Oliver, 2007). The shortest range of
the four properties (3.56 m) reinforces this diag-
nosis of an almost purely random spatial signal
for N. Yet OK still performs remarkably well for
this variable in cross-validation (R = 0.989; Table
4), an apparent paradox that is resolved by the
very low absolute variability of N (CV = 16.4%,
the lowest of the four properties; Table 2): even
a kriging system built on a semivariogram with
no usable structure behaves locally like a simple
moving average, and when the underlying vari-
ance is small, such an average still reproduces
the narrow range of measured values with high

accuracy. An extremely high, ill-defined nugget-
to-sill ratio therefore does not necessarily trans-
late into poor cross-validation statistics. Taken to-
gether, these results show that unstructured short-
range variability, rather than the intrinsic nature
of each property, governs the comparative perfor-
mance of OK across the four properties (Khosravi
et al., 2016; Poshtmasari et al., 2012).

Comparison of the IDW and OK methods

Table 4 shows IDW clearly outperform-
ing OK for all four parameters, with correlation
coefficients near 1 (R = 0.9998-0.99994) and
negligible mean errors, indicating no systematic
bias. This matches Abidine et al. (2018), who
found the same advantage for IDW in different
(dry) soils at the same site, suggesting IDW’s
superiority depends more on data structure than
soil type. OK performs unevenly across proper-
ties: well for N (R = 0.989, despite the most ex-
treme nugget-to-sill ratio of the four properties,
moderately for EC (R = 0.647), poorly for SOC
(R = 0.445), and very poorly for pH (R = 0.091.
This ordering alone would suggest, showing that
cross-validation accuracy and the nugget-to-sill
diagnostic don’t always align perfectly. This pat-
tern reflects strong short-range variability typical
of hydromorphic, redox-affected soils, which dis-
advantages OK (Poshtmasari et al., 2012; Tripathi
et al., 2015; Sahbeni and Székely, 2022). How-
ever, with 50 points over a small area, IDW’s
inverse-square weighting means each left-out
point in cross-validation is predicted almost en-
tirely by its closest near-duplicate neighbour
rather than a true areal average. This artificially
inflates IDW’s accuracy due to the sampling de-
sign itself, not the method’s intrinsic quality, an
effect much less pronounced for OK, which re-
lies on a globally fitted variogram rather than the
single nearest point. The ASE value close to one
for EC (IDW = 0.9651) indicates a sound calibra-
tion of the predictive uncertainty. The lower ASE
values for SOC (0.2424) and N (0.0069) point to
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Figure 2. Experimental semivariograms and fitted theoretical models for EC, pH, SOC and N

Table 4. Metrics for evaluating interpolation performance

Setting Method ME RMSE R MSE RMSSE ASE

IDW 6.47 E-05 0.008041 0.99994 7.23E-05 6.7E-05 0.965093

CE OK 0.38654 0.62172 0.64743 -0.0575 0.73371 0.52682
IDW 0.00046 0.0214475 0.9992534 -0.000473 0.00063 0.7301186

PH OK 0.48622 0.6973 0.09122 0.5479 2.17034 0.22403

IDW 2E-05 0.005 0.9996 0.0003 0.0001 0.2424

co OK 0.03848 0.19617 0.44497 0.49181 0.45956 0.08374

IDW 1E-08 0.0001 0.9998 0.121 0.0003 0.0069

N OK 3E-06 0.0016 0.9894 -0.582 0.0926 0.0054

an underestimation of the predictive variance, a
known feature of IDW, which is a deterministic
method and provides no error estimate (Robinson
and Metternicht, 2006). Ahmed et al. (2017), note
the same limitation when mapping pH in Paki-
stani orchards. Even so, the six independent cri-
teria (ME, RMSE, R, MSE, RMSSE, ASE) agree
with one another, which confirms the robustness
of the results: IDW is consistently better than, or
equal to, OK across all criteria and parameters,
the only exception being N, where the two meth-
ods are comparable.

IDW interpolation maps

The IDW maps (Figure 3) reveal an organised
spatial pattern in the hydromorphic soil proper-
ties. Electrical conductivity follows a bipolar
distribution: high values (2.93-3.30 mS/cm) con-
centrate in the northern sector, where weak hy-
draulic connectivity allows evapotranspiration
to concentrate salts, while low values (1.18-1.70
mS/cm) occur where flooding and tides renew the
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water frequently. This pattern mirrors the flood-
ing gradient of mangrove hydromorphic soils, in
which the frequency of submersion controls in-
terstitial salinity (Ngom et al., 2016; Tripathi et
al., 2015). pH forms a fine-scale mosaic, with
alkaline zones (pH 7.83-8.65) in evaporitic de-
pressions where carbonates precipitate and more
acidic zones (6.12—6.76) in microsites of active
sulfate reduction. Such a mosaic is a character-
istic signature of these soils, where redox cycles
governed by the depth of the interstitial water
table control pH variability (Dookie et al., 2024;
Zheng et al., 2025). Soil organic carbon and total
nitrogen, for their part, reach higher concentra-
tions in areas of prolonged flooding, in keeping
with the role of anoxia in preserving organic mat-
ter in hydromorphic environments (Xia et al.,
2022; Yin et al., 2023).

OK interpolation maps

Comparing the OK maps (Figure 4) with the
IDW maps (Figure 3) reproduces the performance
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Figure 3. IDW interpolation maps for pH, EC, SOC, and N

contrasts of Table 4. For N the two methods agree,
in line with their comparable scores. For EC, OK
captures the broad spatial trends but smooths
out the local heterogeneity of the hydromorphic
environment. These fine gradients matter eco-
logically in soils subject to wetting and drying
cycles, yet the geostatistical smoothing of OK
partly hides them. For pH, OK narrows the range
to (6.82—7.77), against (6.12-8.65) for IDW, and
introduces angular structures linked to the strong
short-range variability of the environment. In a
hydromorphic mangrove soil, where short-range
pH gradients govern the activity of anaerobic mi-
crobial communities and sulfate reduction, this
loss of detail is especially damaging for ecologi-
cal interpretation (Dookie et al., 2024). For SOC,
the OK map creates artificial discontinuities in
the northern sector that are absent from the IDW
map, again a direct consequence of the strong
short-range heterogeneity of the soil. Such arte-
facts, already documented by Emadi and Bagh-
ernejad (2014) for coastal saline soils of similar

variability, make OK unsuitable for quantifying
SOC stocks here. The mapped physicochemi-
cal gradients could also have ecophysiological
implications for Avicennia germinans and Rhi-
zophora racemosa within the study area, howev-
er, this study did not include direct measurements
of vegetation cover, plant physiology or porewa-
ter chemistry, so the following associations are
presented as hypotheses consistent with findings
reported elsewhere for these species, rather than
as conclusions established at this site. The high
EC values of the northern sector (2.93-3.30 mS/
cm) fall within a range that, in other stands of
Avicennia and Rhizophora, has been associated
with salt-exclusion and leaf-excretion mecha-
nisms that lower stomatal conductance and wa-
ter-use efficiency (Madrid et al., 2014; Muller et
al., 2009); whether the same response occurs at
this site remains to be verified by direct measure-
ment. Likewise, the acidic pH zones (6.12—6.76)
linked to sulfate reduction coincide with condi-
tions that, in comparable settings, limit nutrient
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Figure 4. OK interpolation maps for pH, EC, SOC, and N

availability and hinder root development through
sulfide phytotoxicity (Dookie et al., 2024; Krauss
et al., 2008), while the prolonged-flooding areas
rich in organic carbon and nitrogen correspond
to conditions generally regarded as favourable
for biomass production and blue-carbon storage,
since anoxia tends to stabilise organic matter
(Hu et al., 2024; Xia et al., 2022). These spatial
associations illustrate how the mapped edaphic
gradients could plausibly relate to the ecological
functioning of mangrove species in this Sahelian
context (Meera et al., 2023; Zhu et al., 2011),
and they motivate a dedicated field assessment
of vegetation and physiology as a priority for
future work at this site. Overall, the advantage
of IDW in this hydromorphic environment stems
from the strong short-range variability that redox
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processes create; the resulting unstructured het-
erogeneity systematically undermines ordinary
kriging (Khosravi et al., 2016; Zarco-Perell6 and
Simdes, 2017). Several recent studies in settings
as varied as desert national parks and coastal ur-
ban areas confirm this dominance of IDW under
Mauritanian soil conditions (Abidine et al., 2023,
2024). The result shows that the choice of inter-
polation method cannot be divorced from the
pedological processes that govern spatial vari-
ability. In hydromorphic soils subject to intense
redox cycling, unstructured short-range variabil-
ity is inherently high, which favours determin-
istic methods such as IDW over geostatistical
approaches that require well-defined spatial au-
tocorrelation (Robinson and Metternicht, 2006;
Sahbeni and Székely, 2022).



Ecological Engineering & Environmental Technology 2026, 27(8), 376-390

CONCLUSIONS

This study shows that the hydromorphic man-
grove soils of Diawling National Park display
strong spatial variability in their physicochemical
properties, controlled by the hydraulic gradients
and redox processes typical of this Sahelian set-
ting. Organic carbon contents, lower than those of
humid tropical mangroves, reflect the saline and
water stress that marks these marginal ecosys-
tems. For mapping edaphic properties under such
strong short-range heterogeneity, IDW proves
clearly superior to ordinary kriging, which con-
firms that the choice of interpolation method must
follow an understanding of the underlying pedo-
logical processes. Semivariogram modelling cor-
roborates this conclusion: EC shows weak spatial
dependence (nugget-to-sill ratio = 0.7569), while
pH, SOC and N show a fitted nugget exceeding
the fitted sill, a pattern functionally equivalent to
a pure nugget effect, confirming that unstructured
short-range variability, rather than the intrinsic
nature of the soil, drives the comparative perfor-
mance of the two interpolation methods in this
hydromorphic context. Some limitations should
be acknowledged: the sampling was concentrated
within a single mangrove stand, which constrains
the resolved semivariogram ranges and may in-
flate IDW’s cross-validation accuracy; the IDW
weighting power was fixed rather than optimised,
and IDW provides no native uncertainty estimate,
unlike OK; and the ecological interpretations
remain working hypotheses pending direct field
measurement. These results provide a method-
ological reference for mapping edaphic proper-
ties in this type of hydromorphic mangrove mi-
crohabitat in the PND and pave the way for the
assessment of blue carbon stocks and the analysis
of how these mangroves respond ecophysiologi-
cally to the mapped edaphic gradients.
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