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Understanding the spatial variability of soil properties is essential for optimizing oil palm growth and
productivity, particularly in ecologically diverse regions such as Southwest Nigeria. In order to
establish baseline dataset for spatial soil management in a long-established oil palm plantation, this
study was conducted to determine the spatial semivariance structures and interdependence between
soil properties and oil palm growth at the Oil Palm Research Station at Ekiti State University, Ado-
Ekiti, Nigeria. Soil samples were collected from the 0 - 10 cm surface layer of eighty-one (81)
georeferenced from points comprising six distinct transects, with a separation distance of 10 m. The
spatial semivariance characteristics and spatial dependence of the oil palm diameter at breast height
and soil physical (bulk density (BD) , water content (SWC), total porosity (Pt), particle density (Pd),
texture, air capacity (AC), field capacity (FC) and saturated hydraulic conductivity (Ksat)) and
chemical properties (pH) and soil organic matter (SOM)) were determined using the semivariogram
algorithm while the spatial interdependence was determined using the isotropic cross-semivariogram
option in the geostatistical software. Except for FC/Pt (spherical), all the soil variables and oil palm
diameter at breast height (DBH) were fitted to exponential model. Four variables, DBH, sand, silt and
total porosity had nugget effect values far from zero. Soil bulk density and organic matter showed
strong spatial dependence (< 25%) while other soil variables and oil palm diameter at breast height
showed moderate spatial dependence (25-75%). The maps showed the spatial heterogeneity of the soil
variables and DBH. The cross- semivariograms between DBH versus soil variables were fitted to
spherical model except soil organic matter (linear) and particle size (exponential). The cross-
semivariogram nugget effect was zero (0) for AC, SWC and AC/Pt while the highest (~ 12) was
obtained from silt. The degree of spatial interdependence between DBH versus soil variables was
strong (< 25%) for air capacity, soil water content, particle density, pH, and field capacity; weak (>
75%) for soil organic matter; and moderate (25-75%) for other variables evaluated. Employing both
semivariogram and cross-semivariogram analyses enhances our understanding of spatial variability
significantly and makes a crucial contribution to developing site-specific agricultural practices and
promoting sustainable oil palm plantation management in tropical agroecosystems.
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Oil palm (Elaeis guineensis Jacq.) is recognized as the
most productive fruit crop globally (Reiger, 2006), with
reported yields about 76.02 million tonnes per year during
the 2023/2024 growing season (FAS, 2025). Oil palm
originated and is extensively cultivated in West and Central
Africa. However, its cultivation has widely extended to
other areas with similar climatic conditions such as
Malaysia and Indonesia (Giri & Bhatia, 2020). Despite
being the native home of oil palm, West African countries
currently ranked behind Indonesia, Malaysia, Thailand and
Columbia in palm oil production with Nigeria ranked the

5% major palm oil producers in the world and the highest
producer in Africa (FAS, 2025). Today, oil palm
cultivation in Nigeria has become a means of livelihood for
the populace by providing employment and income
generation (Alabi et al., 2020). Although palm oil
production in Nigeria has increased significantly over the
years, reaching about 1.5 million metric tons in 2025 (FAS,
2025), it still falls short of meeting demand and has to rely
on imports to meet up. Consequently, to boost palm oil
production and meet rising demand, various types of land
are being converted to oil palm plantations.
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The production potential of any crop is determined by
many factors such as the land characteristics, essentially
the physical, chemical and biological properties and
processes of the soil which are heterogeneous at varying
scales and intensities (Goovaerts, 1998). The spatial
heterogeneity of soil can be i) natural as a result of
differences and changes in parent material and topography
as well as vegetal cover and ii) due to human intervention
such as diverse land use, soil management, irrigation,
fertilization and other cultural practices (Umali et al., 2012;
Angst et al., 2018; Bai & Zhou, 2020; Rahman et al., 2021;
Wang et al., 2023). For example, the variability of soil
organic carbon has been associated with soil-forming
factors, parent soil material, topography, climate,
organisms, and time, which reflects the physical and
chemical characteristics of the soil (Yu et al., 2023; Lyu et
al., 2025) while the dynamic processes of the physical and
chemical properties of the soil are influenced by land use
(Chen et al., 2024; Debebe et al., 2024).

Characterizing and interpreting the semivariance
structures of spatially varied soil variables and crop
parameters has been effectively made using the semi-
variogram algorithm in geostatistical analysis (Liu et al.,
2014; Ogunwole et al., 2014; Azevedo et al., 2015;
Bitencourt et al., 2016; Shit et al., 2016; Awe et al., 2018,
2020; Buss et al., 2019; Mwendwa et al., 2022). The
resulting spatial maps of variables from kriging have
helped in creating specific zones for sustainable
management and resource conservation (Tripathi et al.,
2015; Nawar et al., 2017; Behera et al., 2018; McEntee et
al.,, 2020; Aggag & Alharbi, 2022; Ali et al., 2022).
Furthermore, the spatial association between crop
performance such as crop yield and soil properties has also
been studied using co-variogram technique in geostatistics.
For example, Papiernik et al. (2005) found no strong
dependence between soybean yield and location. In
contrast, Lipiec & Usowicz (2018) reported both negative
(bulk density (BD), soil organic carbon, texture and cation
exchange capacity) and positive (soil pH, soil water
content) relationship between corn yields and soil
variables, indicating a strong spatial interdependence.
Similarly, Awe et al. (2020) found consistence positive
(soil organic matter and total porosity) and negative (clay
content and particle density) association between maize
and cowpea yields versus soil properties, with the level of
spatial interdependence ranging from moderate to strong.

In oil palm plantation, significant soil variability can
occur due to several zones of operation including areas
being weeded, interrow between palm stands, palm frond
stack, as well as harvesting and haulage paths (Law et al.,
2009a, 2009b; Rahman et al., 2021). Law et al. (2009a)
reported that soil organic carbon has spatial heterogeneity
in different operational areas of the weeded area, traffic
path, and frond heap in an oil palm plantation. Studies on
the soil spatial variability and oil palm performance
attributes have been reported elsewhere (Nelson et al.,
2006; Behera & Shukla, 2015; Behera et al., 2016, 2018;
Yusuyin et al., 2016), although most of the studies focused
solely on soil organic carbon stock. Thus, studies on the
spatial interdependence between soil properties and oil
palm performance attributes are not well documented. To
the best of our knowledge, there is a paucity of information
about how the soil properties of the Oil Palm Research

Station, Ekiti State University, Ado Ekiti, Nigeria,
established over 20 years ago vary in space. In this context,
the knowledge of the spatial distribution of soil variables
and their interdependence with the crop is essential to
selecting appropriate specific management strategies that
will ensure a sustainable environment and resource use and
increase crop productivity. We hypothesized that the soil
variables and oil palm growth showed distinct
semivariance structures and are widely distributed within
the oil palm plantation and that there is strong spatial
interdependence between oil palm growth and soil
variables. Therefore, the study aimed to determine the
spatial semivariance structures, degree of spatial
dependence and interdependence, and mapping of soil
physical and chemical properties and oil palm diameter at
the breast height of an Oil Palm Research Station, Ekiti
State University, Ado Ekiti, Nigeria.

Materials and Methods

Study Area

The study site was a 10 ha Oil Palm Research Station
at Ekiti State University, Ado Ekiti, Nigeria, located on
latitude between 7°42° 377 and 7°42° 51 N and longitude
between 5°14° 30” and 5°14° 50”E, at 405 m above mean
sea level (Figure 1). The total annual rainfall in the region
ranges between 1,300 and 1,700 mm with bimodal rainfall
distribution pattern, one peak in June and the other peak in
October. The average daily temperature is around 27 °C
while average relative humidity during the rainy season is
around 85 - 100% and below 60% in the dry period. The
soil of the study site is Typic Kandiudalf (Soil Survey
Staff, 2014), with the surface layer sandy-loam texture and
subsoil layer clay texture according to the classification
done by Fasina et al. (2005). The description of the study
site has already been made in Awe et al. (2024), it is only
shown here for this paper to be totally independent.

Delineation and Geo-Referencing of Sampling Points

A total of eighty-one (81) georeferenced points,
comprising six transects, spaced between 50-60 m apart
were delineated and sampled within the oil palm
plantation. The sampling points were separated by a
distance of 10 m apart along each transect (Figure 2). The
georeferencing was done using Geographical Position
System Equipment (Garmin, model 9). Although, the oil
palm plantation was about 10 ha, however, due to technical
issues regarding very high cost of soil analysis, only a total
area of 3.4 ha of the oil palm plantation was covered.

Soil Sampling and Analysis

At each sampling point, both structured and disturbed
soil samples were collected. Core samplers, 5.7 cm in
diameter and 4.0 cm high, were used to collect the
structured samples while the disturbed samples were
collected in well identified white nylon. The samples were
kept in sealed containers and moved to the laboratory to
prepare for analysis.

In the laboratory, the cores were scrapped with excess
soil and one end of each core was secured with plain cloth
and rubber band to prevent soil falling off during
saturation.

2571



Awe et al. / Turkish Journal of Agriculture - Food Science and Technology, 13(09): 2570-2585, 2025

b)

a)

Figure 1: (a) Map of Nigeria showing b) Ekiti State and
Ado Local Government and (c) location of the oil palm

plantation at Ekiti State University, Ado Ekiti.
Source: Awe et al. (2024)

Particle size distribution was determined using the
pipette method as described in EMBRAPA (2011) and
Suzuki et al. (2015). Soil particle density followed the
methodology of Danielson and Sutherland (1986), bulk
density was determined following core method (Blake and
Hartge, 1986) while total porosity was obtained from the
relationship between bulk density and particle density. Soil
saturated hydraulic conductivity was quantified in a
constant-head permeameter (EMMRAPA, 2011), soil
water content by gravimetric method according to
Omotade and Alatise (2017) while field -capacity
corresponds to water retained at -10 kPa in a pressure plate
as described in Klute (1986). Soil pH was measured using
pH electrode following Sanjib et al. (2016) while soil
organic matter was quantified by wet digestion method
(Walkley and Black, 1934).

The diameter at the breat height of the oil palm was
obtained following the methodology described in
Osunkoya et al. (2007).

The parameters used to designate the soil surface
optimum ratios are FC/Pt and AC/Pt. Soil air capacity (AC)
is the difference between water contents at saturation (0
kPa) and field capacity (FC) (Reynolds et al., 2002). The
ratios obtained were classified following the threshold
proposed by Olness et al. (1998) as 0.66 for AC/Pt and 0.34
for FC/Pt.

Data Analysis

Descriptive statistics

The distribution (minimum, maximum, average,
skewness, kurtosis) and degree of variability (standard
deviation and coefficient of variation) of the soil variables
and oil palm diameter at breast height were obtained using
the Statistical Package for Social Sciences (SPSS, IBM v.
20). The degree of variability of the variables was
classified according to Wilding (1985).

Geospatial analysis

The spatial semivariance structures of the measured oil
palm diameter at breast height and soil physical and
chemical properties were determined in the geostatistical
software (GS™ Gamma Design Software, Version 5.2). The
semivariogram was constructed according to the equation
(Nielsen and Wendroth, 2003; Webster and Oliver, 2007):
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Figure. 2. Sampling scheme
Source: Awe et al. (2024)

N(h)

h) = 1 h 2
y(h) = M;[z(}’ﬁ‘ ) —Z(y)]

where y(h) is the semivariance, N(h) is the total
number of sampled points, h: separation distance between
sampled points. Z(y;) and Z(y; + h) are the variable
measured at location y; and y; + h, respectively (Wang &
Shao, 2013).

Theoretical models including gaussian, spherical,
exponential and linear were adjusted to the measured data
and the coefficient of determination and residual sum of
squares were to select the best model that describes the
spatial structure. The degree of spatial dependence (DSD)
of each variable was computed as described in
Cambardella et al. (1994) as:

Co

DSD = 100
I x

0

with C, as the nugget variance and C, + C as the sill
value.

A DSD < 25% indicates strong spatial dependence;
25% < DSD < 75% is moderate spatial dependence while
DSD > 75% indicates weak spatial dependence
(Cambardella et al., 1994). After calculating the
experimental semi-variograms and fitting the theoretical
models, variables were estimated at locations that were not
sampled by employing the ordinary kriging algorithm in
the geostatistics software (Wang, 1999), resulting in the
generation of spatial distribution maps of the variables. To
ensure that the selected models were accurate and reliable,
cross-validation of omitted-one (Kim et al., 2020) was
performed along with kriging. Validation performance
indices including mean error (ME), root mean square error
(RMSE) and predictive power (R?) were computed (Han et
al., 2024).

To determine the degree of spatial interdependence
between oil palm diameter at breast height and soil
properties, the isotropic cross-semivariogram option in the
geostatistical software was used, following same criteria
employed for the semi-variogram to select the best model
according to the equation:
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. N(R)
7(h) = N ; [A;(v:) — Ai(yi + W][B:(v:)
— Bi(y; + h)]

where 7(h) designates the cross-semivariogram, N (h)
is total number of sampled points with separation distance
h, A;(y;) and B;(y;) are data of variables A and B at spatial
location y;, A;(y; + h) and B;(y; + h) are data of variables
A and B at spatial location y; + h.

Results

Descriptive Statistics and Area Coverage

The descriptive statistics of the oil palm diameter at
breast height and soil properties evaluated in Table 1
showed varying degree of variability as presented in Awe
et al. (2024) except for AC/Pt and FC/Pt ratios. In terms of
area coverage, about 6% of the sampled area had soil pH
above 6.5 while about 94% had pH between 4.3 - 6.5
considered as the optimal range for oil palm growth
(Shamshuddin, 1990 cited in Rozietal et al.,, 2015).
Although, oil palm is found to be tolerant to soil acidity by
striving well in soils with pH between 3.9 - 4.2, while the
oil palm will be stunted if the soil pH should drop below
3.9, that condition was not obtained in this study.
Approximately 12% of the sampled area had SOM below
1% rated as very low, 48% had SOM between 1 - 2%
considered low while 40% had SOM between 2 - 4%
considered average (Biernbaum, 2012). For particle
density (Pd), about 38% of the sampled area had Pd below
2.40 g/cm?® while 62% had Pd within the established range
of 2-4 - 2.9 g/cm? for mineral soils (Ruhlmann et al., 2006).
None of the sampled area had bulk density (BD) within 0.9
- 1.2 g/cm? considered as optimal range for most textures
(Reynolds et al., 2015). However, about 96% of the
sampled area had BD below 1.75 g/cm?® while 4% had BD
above 1.75 g/cm?® considered as moderately compacted soil
(Reichert et al., 2009). For optimum uptake of crop water
requirements and adequate drainage of excess water, the
entire sampled area had soil saturated hydraulic
conductivity (Ksat) above the 1.8 - 18 cm/h, the optimal
range for humid climates. The Ksat of 90% of the sampled

area were found to be above 36 cm/h considered as the
upper critical limit where the soil is prone to dryness over
a short period after rainfall or irrigation. For soil air
capacity (AC), about 4% of the sampled area had AC
below 0.10 cm3/cm? considered as the lower critical limit
where the soil is prone to periodic anaerobic conditions.
However, almost 80% of the sampled area had AC between
0.10 and 0.20 cm®cm® while 16% had AC above 0.20
cm®/cm?® considered as ideal for gaseous exchange and air
flow (Reynolds et al., 2015). About 60% of the sampled
points had FC/Pt values above the optimum 0.66 while
approximately 40% had FC/Pt values below 0.66 (Table 1).
For AC/Pt, about 83% of the sampled points had values
above the optimum 0.34 while 17% had values below 0.34.
Following the criteria of Wilding (1985): CV > 35%
indicates high variability, 15 < CV < 35% is moderate
variability and CV < 15% is least variability, both AC/Pt
and FC/Pt are moderately variable. The test by skewness,
kurtosis and Kolmogorov-Smirnov (K-S) showed that the
two variables are normally distributed (Table 1).

Semivariance Structure and Spatial Dependence

Table 2 presents the characteristics of the spatial
semivariance structures while Figures 3 and 4 show the
models of the spatial semivariance structures of the soil
variables and diameter at breast height of the oil palm,
respectively. Except for FC/Pt (gaussian) and FC
(spherical), all the variables were best explained by
exponential model. The nugget effect was very low (< 0.1)
except for DBH, sand, silt, clay and Pt. The spatial range
was between 19.2 m and 410.9 m, which were generally
greater than 10 m (sampling distance). As the distance
between sampling points (%) increases, the semivariance
increases and reaches the peak, known as the sill or total
semivariance. Thus, the soil variables had total
semivariance ranging from 0.0007 (cm® ¢m)? (FC) and
87.61 (%)? (sand) while DBH had the total semivariance of
98.81(cm?® cm™)?. Variables Pd, BD, and SOM showed
strong spatial dependence while other variables are
moderately spatial dependence. The coefficient of
determination, R?, varied between 0.063 (AC) and 0.954
(Pd) while the residual sum of squares (RSS) ranged from
8.41 x 10 (FC) and 410 (DBH) (Table 2).

Table 1. Descriptive statistics of some soil physical and chemical properties and oil palm diameter at breast height.

Property Min. Max. Mean SD CV, % Skew. Kurt. K-S Norm.
DBH 38.8 84.8 61.6 7.76 12.6 0.120 0.853 0.200 N
pH 5.38 7.13 6.14 0.25 4.1 0.824 3.342 0.070 N
SOM 0.12 3.10 1.84 0.66 359 -0.062 -0.636 0.200" N
SWC 0.07 0.18 0.12 0.03 21.7 -0.102 -0.922 0.061 N
Pd 2.17 2.73 2.42 0.10 4.1 -0.037 0.311 0.062 N
Sand 35.4 83.9 51.3 7.28 14.2 0.913 4.030 0.078 N
Silt 10.5 58.4 42.0 6.98 16.6 -1.123 4411 0.089 N
Clay 2.02 15.5 6.60 2.66 40.2 0.700 0.868 0.200" N
FC 0.13 0.24 0.17 0.02 10.1 1.162 2.626 0.060 N
BD 1.20 1.83 1.53 0.13 8.4 -0.029 -0.463 0.200" N
Pt 24.7 47.0 36.4 5.40 14.8 -0.266 -0.676 0.067 N
AC 0.07 0.25 0.17 0.04 22.1 -0.241 0.604 0.200° N
LgKsat 0.91 2.45 1.83 0.27 14.6 -0.23 1.12 0.200" N
AC/Pt 0.17 0.87 0.47 0.15 30.6 0.371 0.214 0.200" N
FC/Pt 0.44 1.06 0.72 0.15 20.7 0.245 -0.744 0.089 N

DBH: Diameter at breast height, cm; pH: Soil acidity; FC: Field capacity, cm® cm™; BD: Bulk density, g/cm®; PD: Particle density, g/cm?; Pt: Total
porosity, %; LgKsat: Logarithm transformed soil saturated hydraulic conductivity, cm/h; SOM: Soil organic matter, %; SWC: Soil water content, cm®
cm?; AC: Air capacity, cm® cm?; Min.: Minimum value; Max.: Maximum value; SD: Standard deviation; CV: Coefficient of variation; Skew.:
skewness; Kurt.: kurtosis; K-S: Kolmogorov-Smirmov; N: normal. Source: Awe et al. (2024)
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Table 2. Semivariance characteristics of the soil physical and chemical variables and diameter at breast height of the oil palm.

Par. Model Co Range Co+C Co/Co+C, % DSD R? RSS
DBH Exp. 49.4 410.9 98.81 50.0 MSD 0.236 410
SWC Exp. 0.0006 410.9 0.0012 50.0 MSD 0.160 8.57 x 1078
Pd Exp. 0.003 85.0 0.0136 22.1 SSD 0.954 2.51 x 10
Sand Exp. 43.8 380.0 87.61 50.0 MSD 0.353 310
Silt Exp. 41.3 410.9 82.61 50.0 MSD 0.168 359
Clay Exp. 5.12 286.5 10.24 50.0 MSD 0.224 11.9
BD Exp. 0.0014 19.2 0.0173 8.09 SSD 0.952 3.36 x 10
Pt Exp. 22.8 385.6 54.6 41.73 MSD 0.581 69.6
AC Exp. 0.0011 410.0 0.0023 47.83 MSD 0.063 3.33 x 107
LgKsat Exp. 0.0607 410.0 0.1215 49.96 MSD 0.224 2.92 x 10*
pH Exp. 0.0251 36.9 0.0694 36.2 MSD 0.650 4.74 x10*
SOM Exp. 0.0363 410.9 0.727 5.00 SSD 0.339 0.0175
AC/Pt Exp. 0.0082 29.8 0.0227 36.1 MSD 0.673 4.04 x 10
FC Sph. 0.0002 144.0 0.0004 50.0 MSD 0.748 8.41x 107
FC/Pt Gau. 0.025 400.9 0.122 20.4 SSD 0.676 1.12 x 10

Exp.: exponential; Sph.: spherical; Gau.: gaussian; Co: nugget effect; Co+C: sill; DSD: degree of spatial dependence; SSD: strong spatial dependence;
WSD: weak spatial dependence; MSD: moderate spatial dependence; SSD: strong spatial dependence; R?: coefficient of determination; RSS: residual
sum of squares; DBH: Diameter at breast height, cm; BD: Bulk density, g/cm®; PD: Particle density, g/cm?; Pt: Total porosity, %; SOM: Soil organic
matter, %; Ksat: Saturated hydraulic conductivity, cm/h; LgKsat: logarithm transformed saturated hydraulic conductivity; SWC: Soil water content g
g’'; AC: air capacity, cm® cm™; FC: soil water content at field capacity, cm?® cm™
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Table 3. Cross-validation of the semivariogram models.

Separation Distance

diameter at height (DBH).

The separation distance is in m.

Property ME RMSE R
DBH 0.0260 0.434 0.471
SWC -0.0019 0.105 0.529
Pd -0.0001 0.078 0.671
Sand 0.0730 0.462 0.631
Silt 0.0540 0.330 0.472
Clay -0.0160 0.280 0.544
BD -0.0004 0.105 0.329
Pt 0.0142 0.084 0.403
AC 0.0008 0.036 0.393
LgKsat 0.0014 0.276 0.478
pH -0.0007 0.230 0.459
SOM -0.0270 0.642 0.301
AC/Pt 0.0120 0.149 0.389
FC -0.0004 0.017 0.455
FC/Pt -0.0052 0.166 0.603

ME: mean error; RMSE: root mean square error; R predictive power of cross-
validation; DBH: Diameter at breast height, cm; BD: Bulk density, g/cm®; PD:
Particle density, g/cm?; Pt: Total porosity, %; SOM: Soil organic matter, %;
Ksat: Saturated hydraulic conductivity, cmv/h; LgKsat: logarithm transformed
saturated hydraulic conductivity; SWC: Soil water content g g'; AC: air
capacity, cm® cm’; FC: soil water content at field capacity, cm® cm?

Model Validation

Table 3 shows the results of the cross-validation of the
spatial maps (Figures 5-8) of the soil properties and oil
palm diameter at the breast height (DBH). When the mean
error (ME) is close to zero (0), it means the overall
prediction bias is minimal. Also, a root mean square error
(RMSE) close to zero (0) is an indication that the
interpolation is precise (Qu et al., 2016). The ME of the
measured variables is very close to zero, ranging between
0.00038 (FC) and 0.0264 (DBH). Similarly, the RMSE
values are close to zero, ranging from 0.0171 (FC) to 0.642
(SWC). The low ME and RMSE signifies a good match
between the measured and predicted variables. The ME
and RMSE obtained in this study agree with that of Han et
al. (2024). The predictive power, R?, ranged between 0.301
(SOM) and 0.671 (Pd), indicating that the spatial prediction
using the semivariogram parameters was adequate to
explain the spatial distribution of the variables. In other
words, the ordinary kriging approach accurately
interpolated the spatial variability of the soil properties and
oil palm diameter at the breast height. The values of the
predictive power in our study are in line with those
obtained by Golden et al. (2020) (0.332 — 0.596) and Han
et al. (2024) (0.330 — 0.580).

Mapping of Soil Physico-Chemical Properties and Oil
Palm Diameter at Breast Height

The establishment of distinct spatial semivariance
structures for the variables enabled the production of
spatial maps through ordinary kriging using the parameters
of the semivariograms. The spatial map of soil water
content (Figure 5a) shows that the water content has
increased from the northeastern to the southern and western
parts. Particle density (Figure 5b), also increased from the
north-western quadrants of the oil palm plantation to the
northern and eastern parts. The spatial maps of soil texture
(Figure 5c — e) showed elevated sand content from the
center of the plantation towards the northeastern quadrant.
Silt content increased towards the northwestern and
southwestern quadrants, whereas clay content increased
from the center of the plantation to the northwestern
quadrant.

The block-krigged maps of the soil properties showed
that Pt content was reduced from the west to the east
direction of the plantation (Figure 6a). Conversely, BD
increased towards the east of the plantation (Figure 6b)
while Pt and AC values were reduced at the central region,
however LgKsat values increased within the same location
(Figure 6¢ and d). Soil pH varied widely across the oil palm
plantation, showing the high degree of heterogeneity
within the plantation, with the northwestern part showing
elevated soil pH while it decreased towards the center, east,
northeast and the southeast regions (Figure 7a).

The distribution map soil organic matter decreased
from the southern region to the north (Figure 7b). Air
capacity/total porosity ratio (Figure 7c) decreased from
southwest to the northwest while it increased from
southeast region to the northeast region of the study area.
Figure 7d shows that the near-surface optimum ratio, field
capacity/total porosity, increased from the southern region
towards to northeast region of the plantation.

The oil palm diameter at breast height (DBH) increased
from northwest to the northeast and from southeast to the
southwest, with an overall increase diagonally from
southwest and northeast to the central region of the
plantation (Figure 8). Only soil air capacity showed
distribution map similar to that of DBH. Also, the near-
surface optimum ratio AC/Pt, showed distribution map
similar to DBH but to a lesser extent.

Cross-Semivariograms between OQOil Palm DBH
Versus Soil Properties

The model characteristics and spatial semivariance
structures of the cross-semivariograms between oil palm
diameter at breast height (DBH) versus soil properties are
presented in Table 4 and Figure 9. DBH versus soil texture
were fitted to exponential model, only DBH versus SOM
was fitted to linear model while DBH versus other
variables were fitted to spherical model (Table 4, Figure 9).
The nugget effect values were low with values negative for
BD, SOM, pH, FC/Pt and silt content, zero (pure nugget)
for variables AC, SWC and FC and positive for other
variables ranging between 0.0001 (AC/Pt) and 9.3 (sand).
DBH versus soil variables had negative sill values for BD,
SWC, SOM, pH, silt, FC/Pt, and FC while the values were
positive for other variables (Table 4, Figure 9).
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Figure 5. The spatial distribution maps of a) soil water content, b) soil particle density, c) sand, d) silt and e) clay
content of selected area of the oil palm plantation.
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Figure 6. The spatial distribution maps of soil a) bulk density (BD, g/cm?), b) total porosity (Pt, %), c) air capacity (AC,
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plantation.
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Figure 7. The spatial distribution maps of a) soil pH; b) soil organic matter (OM); ¢) air capacity to total porosity ratio
(AC/Pt); and d) field capacity to total porosity ratio (FC/Pt) of selected area of the oil palm plantation.

Table 4. Model characteristics of the cross-semivariograms between oil palm diameter at breast height (DBH) versus soil properties.

DBH
Vs Model Co Co+C Ao Co/Co+C Spat. Dep. R? RSS
AC Sph. 0.00 0.02 91.3 0.0 SSD 0.255 0.01
BD Sph. -0.034 -0.12 410.9 29.6 MSD 0.022 0.08
Clay Exp. 3.20 8.34 381.5 38.4 MSD 0.172 12.50
SWC Sph. 0.00 -0.01 20.3 0.0 SSD 0.003 0.001
SOM Lin. -0.21 -0.22 164.7 94.6 WSD 0.0001 1.36
Pd Sph. 0.05 0.24 113.4 22.5 SSD 0.478 0.04
pH Sph. -0.13 -0.58 87.3 23.1 SSD 0.361 0.24
Pt Sph. 5.00 15.44 410.9 324 MSD 0.168 137.0
Sand Exp. 9.30 18.61 302.3 50.0 MSD 0.124 64.0
Silt Exp. -11.98 -23.97 216.8 50.0 MSD 0.222 80.3
AC/Pt Sph. 0.0001 0.20 79.0 0.1 SSD 0.327 0.19
FC/Pt Sph. -0.17 -0.53 393.8 32.6 MSD 0.294 0.09
FC Sph. 0.00 -0.02 92.2 0.0 SSD 0.422 0.001
LgKsat Sph. 0.13 0.48 96.5 27.8 MSD 0.313 0.19

Exp.: exponential; Sph.: spherical; Co: nugget effect; Co+C: SSD: strong spatial dependence; total variance; DSD: degree of spatial dependence; WSD:
weak spatial dependence; MSD: moderate spatial dependence; SSD: strong spatial dependence; R?: coefficient of determination; RSS: residual sum of
squares; DBH: Diameter at breast height, cm; pH: Soil acidity; BD: Bulk density, g/cm®; PD: Particle density, g/cm®; Pt: Total porosity, %; SOM: Soil
organic matter, %; Ksat: Saturated hydraulic conductivity, cm/h; LgKsat: logarithm transformed saturated hydraulic conductivity; SWC: Soil water
content g g'; AC: Air capacity, cm® cm™; AC: air capacity, cm® cm™; FC: soil water content at field capacity, cm® cm™
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Figure 8. Spatial distribution maps of oil palm diameter at breast height of selected area of the oil palm plantation.
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Figure 9a. Structures of the cross-semivariograms of oil palm diameter at breast height versus (a) soil Pd, (b) Sand, (c)

Silt, and (d) clay. The separation distance is in m.

00877 a) | 1531 b) O
U o
L 00135 O 2 115
j c
a a o g 0O
© d @
2 ﬂ.OGO?N s 17
E O

3 3 . 0

-0.1350 O 38

o O
-0.2002 — 0.0+—+—+——————+H —
0.00 48.56 9713 145.69 194.25 0.00 48.56 9713 14569 194.25
00859 c) O 072 g) o
O

o 0.0551 9 0544
c c
L O O a U
g g O
2 00242 2 0.363
5 o 5
0] 0 o

-0.0066 0.181 0

-0.0374 D- t t t ——t t t t A 0.000 t t t t t t t t t t t t

0.00 48.56 9713 14569 19425 0.00 48.56 9713 145.69 194.25
Separation Distance Separation Distance

Figure 9b. Structures of the cross-semivariograms of oil palm diameter at breast height versus (a) soil BD, (b) Pt, (c)

AC, and (d) LgKsat. The separation distance is in m.

2579



Awe et al. / Turkish Journal of Agriculture - Food Science and Technology, 13(09): 2570-2585, 2025

0.0132 O

0.0007

Na_g 0
200118 Ll

-0.0243 m}

Semivariance
[u1]

O a)

-0.0368

0.00 97.13 14569 194.25

0.437 o

0.204 o

0151 /D/(i 0

0.007

0.136+—L0
0.00

Semivariance

O c)

48.56 97.13

Separation Distance

14569 19425

1801E-03 O

-7.443E-05 ]

-1.678E-02

Semivariance

-2 611E-02

g O b)

-3.945E-02

0.00 48.36 97.13 14569 19425

01017 O m}

-0.208

-0.316

Semivariance

-0.423

O d)

-0.531

0.00 48.56 9713 145.69 194.25

Separation Distance

Figure 9c. Structures of the cross-semivariograms of oil palm diameter at breast height versus (a) SWC, (b) FC, (¢)
AC/Pt, and (d) FC/Pt. The separation distance is in m.

0238
O 0

o 0436 O
&
T B =
z 0635
g 0
(3]

0834

O a)

A

0.00 48.56 97.13 145,69 194.25

Separafion Distance

0.352 0

0.076

-0.199

Semivariance

0475

o 0 O b)

0.750

0.00 9713 145.69 19425

Separafion Distance

43.96

Figure 9d. Structures of the cross-semivariograms of oil palm diameter at breast height versus (a) soil pH, (b) soil
organic matter. The separation distance is in m.

Compared to the direct semivariograms, the nugget
effect was lower except for Pd. The sill in cross-
semivariogram was also lower than direct variogram
except for Pd, AC, and LgKsat. The range of the spatial
dependence was higher in the cross-semivariogram of
DBH versus Pd, silt, clay, BD, Pt and AC/Pt while it was
lower for other wvariables. The degree of spatial
interdependence between DBH versus soil properties was
strong for AC, SWC, Pd, pH, AC/Pt and FC, moderate for
BD, Clay, Pt, sand, silt, FC/Pt, and LgKsat, and weak for
SOM. The explanatory coefficient (R?) ranged from 0.0001
to 0.478, showing low explanatory power or very low
(SWC, BD and SOM) variability was explained
considering the spatial association between DBH and soil
properties (Table 4).

Discussion

Nugget effect describes the random variability caused
as a result of unrecognized measurement errors or sources
of spatial variability at intervals below the sampling
distance (Cerri et al., 2004; Askin and Kizilkaya, 2006).
According to Jabro et al. (2010) and Paz-Ferreiro et al.
(2010), very low nugget effect implies spatial dependence
and continuity between adjacent sampling points are

smooth. The range on the other hand indicates the
separation distance where properties are not spatially
associated any more. Therefore, properties measured at any
distance below the range are more alike especially when
their separation distances become decreased (Tabi and
Ogunkunle, 2007). In this study, the spatial range was
higher than the sampling distance in all cases, indicating
wide variability in the optimum separation distance for the
variables (Jabro et al., 2006).

The variables BD, AC/Pt, pH and Pd having lower
range of spatial dependence indicates rapid decrease in
spatial continuity over a relatively short distance while
higher spatial range observed for other variables indicates
that the observed values of the variables could impact
adjacent variables over longer distances, in other words,
exhibit spatial continuity over long distance according to
Samper-Calvete and Carrera-Ramirez (1996).

Spatial dependence describes how a variable’s value at
one location is influenced by its values in neighboring
locations (Okunola et al., 2021). Strong spatial dependence
shows specific groups or patterns by revealing how similar
neighboring values are. Furthermore, strong spatial
dependence of soil properties shows that such variables are
strongly influenced by the variable inherent soil properties
including texture and soil forming factors (Yasrebi et al.,
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2008). Spatial dependence at the moderate level indicates
that neighboring values are somewhat correlated, forming
weak clusters and such dependence could be linked to
management practices (Awe et al., 2018). Weak spatial
dependence results in more random patterns since close
values have less effect on one another. Our results conform
with that of Igbal et al. (2005), Obi et al. (2011),
Kavianpoor et al. (2012), Awe et al. (2018) and Zakaria et
al. (2022) who found moderate to strong spatial
dependence for most of the soil properties studied. With
respect to the spatial range and dependence obtained, the
separation distance of 10 m was enough to detect the spatial
variation of the variables (Awe et al., 2018).

Although three variables, SWC, silt and AC, showed
low explanatory power, an indication that all the tested
models couldn’t effectively capture the spatial dependence
of the variables, resulting in pure kriging (Hengl et al.,
2007). It could be that i) the data is complex, that non-
spatial factors are at play (Gergel, 2005), ii) there may be
spatial anisotropy that was not accounted for in the
isotropic model used (Barbosa et al., 2019), and iii) the
nugget effect or non-spatial variability might be too high
(Guedes et al, 2020). For the first condition, the
complexity of the data to account for non-spatial factors
was not verified. For the second condition, the anisotropy
effect was not evident, so it was ignored to simplify model
fitting and to maintain consistency of the semivariograms
(Martinez-Cob, 1996). For the third condition, the nugget
effect obtained for the three variables is low and the range
is far more than the sampling interval. Furthermore, none
of the three variables showed weak spatial dependence,
indicating spatial heterogeneity, or the variables are not
random.

The establishment of distinct spatial semivariance
structures as well as the cross-validation of the variables
enabled the production of spatial maps through ordinary
kriging using the parameters of the semivariograms. The
distribution of soil water content within the oil palm
plantation followed that of Li et al. (2019) who found that
soil water content has its distribution decreasing from the
north to the south region in their study area. The moderate
sand content in the center of the plantation agrees with that
of Reza et al. (2016) who found moderate sand content in
the center of their study area. Cardoso et al. (2016) also
found that clay spatial distribution was moderate to high
distribution in the western and northwestern regions of
their study area. The distribution map for soil water content
was opposite those of particle density and sand but similar
to those of silt and clay, revealing the importance of soil
texture in water storage. The moderate to high distribution
in the northwestern part of the plantation agrees with
Zakaria et al. (2022) also found similar result of moderate
soil pH around the NW quadrant of their field. The slightly
acidic soil pH of the plantation is in conformity with Awe
et al. (2018) who already found the soil of the area to be
slightly acidic. Acidic soils lock up nutrients and prevent
decomposition of organic matter. The FC/Pt and AC/Pt
ratios below the optimum values indicate that those
sampled areas failed to offer an ideal condition for
adequate soil water retention and gaseous exchange in the
surface layer for optimum production of microbial nitrogen
for the oil palm (Reynolds et al. 2007, 2008).

The negative and positive nugget effect and sill
variance shows negative and positive spatial association
between DBH and soil properties evaluated. Awe et al.
(2020) working in same environment also reported
negative and positive nugget effect and sill between maize
and soybean yield versus soil properties. The negative
spatial association between DBH and soil properties
indicates that DBH and the affected variables co-vary in
opposite direction. For example, increased acidity or
alkalinity will lock soil nutrients needed for oil palm
growth (Xia et al., 2024). Increased bulk density causes soil
compaction, leading to reduction in pore space required for
water and air movement (Dérner et al., 2022; Fu et al.,
2019) while too much water content in the soil causes
anaerobic condition which is detrimental to root growth
especially in poorly drained soils (Morales-Olmedo et al.,
2015). Conversely, the positive spatial association between
DBH versus other soil properties shows that DBH co-vary
with the soil properties in the same direction though at
different spatial distance. Any practice that improves these
soil properties will directly or indirectly lead to better
growth of the oil palm. In our study, only the AC and AC/Pt
showed similar distribution map with DBH, an indication
of possible direct effect. It could be that other soil
properties with positive association with DBH could
indirectly have impact oil palm growth. The low nugget
effect observed shows spatial dependence and continuity
become smooth between neighboring sampling locations
(Jabro et al., 2010; Paz-Ferreiro et al., 2010). Furthermore,
the lower nugget effect obtained from the cross-
semivariograms in comparison to the direct variograms
could result in reduced measurement errors when
considering the effect of other properties and their
variability at small scale (Millan et al., 2012).

Crop yield versus soil properties have been reported to
have higher or lower range of spatial interdependence in
cross-semivariograms  in  comparison to  direct
semivariograms. Rodrigues et al. (2012) found a higher
range of spatial interdependence between maize yield
versus clay and base saturation in cross-semivariograms in
comparison to the direct semivariograms. Lipiec and
Usowicz (2018) also found that cross-semivariograms had
lower range values in comparison to direct semivariograms
for cereal yield versus silt and sand and that these particle
sizes could influence cereal yield. Awe et al. (2020) found
yield versus OM, pH, sand, clay, and silt had higher range
in cross-semivariograms than corresponding direct
semivariograms while Ksat, BD, Pd and Pt had lower range
in cross-semivariograms. Nevertheless, the range values
were higher than the sampling distance as also reported by
previous studies (e.g. Adhikari et al., 2012, Awe et al.,
2020).

The strong spatial interdependence between DBH
versus AC, SWC, Pd, pH, AC/Pt and FC is an indication
that the paired variables co-vary very well (Lipiec and
Usowicz, 2018), hence the soil properties showed
significant influence on the heterogeneity of oil palm
growth. We can say that the moderately spatial
interdependence between DBH versus BD, clay, Pt, sand,
silt, FC/Pt and LgKsat shows less-defined co-variability
structures indicating less influence on the heterogeneity of
oil palm growth while the weak spatial dependence
observed for DBH versus SOM showed lack of co-
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variability structure and more or less no influence on the
spatial variability of oil palm growth. The weak spatial
interdependence between DBH versus SOM shows that
SOM, while a potentially important property central to soil
functioning, do not directly and strongly influence oil palm
growth in a predictable way. It could be that other factors,
such as climate, management practices, or even random
events, are the dominant drivers of oil palm growth
variability. Furthermore, the lack  of  spatial
interdependence may be associated with the small spatial
scale of this study while consideration should be given to
getting a better interdependence on higher spatial scales
(Gutierrez-Lopez et al., 2010).

Conclusions and Recommendation

The spatial semivariance structure, degree of spatial
dependence and interdependence, and distribution maps of
some soil physico-chemical characteristics and oil palm
diameter at breast height at the Oil Palm Research Station,
Ekiti State University, Ado Ekiti, Nigeria was studied.

There were distinct spatial semivariance structures for
the soil variables and oil palm diameter at breast height
(DBH). The soil variables and oil palm DBH were
moderate to strong spatially dependence and from the
distribution maps, there was variability of the soil variables
and DBH within the oil palm plantation.

The nugget effect and sill variance showed positive and
negative spatial association between oil palm DBH and soil
variables while the cross-semivariogram results indicate
that some variables, such as AC, SWC, Pd, pH, FC, and
AC/Pt show strong interdependence with DBH, while
others, like SOM, exhibit weak associations.

This study provides an important baseline dataset for
spatial soil management in a long-established oil palm
plantation in southwestern Nigeria. It addresses a notable
gap in the existing literature by being one of the few studies
to assess the spatial interdependence of multiple soil
physico-chemical properties in relation to oil palm growth,
utilizing geostatistical techniques. Most prior research has
focused on individual soil parameters or other crops. By
employing both semivariogram and cross-semivariogram
analyses, this study enhances our understanding of spatial
variability significantly. As a result, it makes a crucial
contribution to developing site-specific agricultural
practices and promoting sustainable oil palm plantation
management in tropical agroecosystems.

For areas that cannot be included in the present study
due to the high cost of soil analysis, evaluation is being
planned with prediction methods in the future.
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