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Efficient soil fertility management in arid environments requires a clear
understanding of the spatial variability of soil properties and their relationship
with vegetation vigor. This study presents an integrated geospatial—edaphic
framework that combines multivariate analysis and spatial modeling to quantify
and map soil fertility in arid agricultural landscapes. We developed soil fertility
maps for the Tambo Valley (Arequipa, Peru) by integrating edaphic and geospatial
indicators through regression kriging. A total of 491 soil samples were analyzed
for 22 physicochemical variables—including macro- and micronutrients, pH,
texture, and bulk density—complemented with NDVI and geomorphological
factors. Spearman’s correlation analysis showed positive associations between
NDVI and the availability of P, Cu, and Co (r = 0.37-0.54), and negative
correlations with pH and sand content (r = -0.33 and -0.31). Principal
component analysis (PCA) identified fertility gradients driven by phosphorus
availability, alkalinity, and micronutrient content (PC1 = 48.6%; PC2 = 11.9%). A
weighted soil fertility index (SFlw) derived from the PCA was classified into low
(<0.26), medium (0.27-0.50), and high (>0.50) categories, based on data-driven
tertiles of the index distribution. Regression kriging of the SFIw achieved robust
spatial prediction (R? = 0.68; RMSE = 0.11), ensuring reliable mapping of fertility
patterns. The highest SFlw values were found in Cocachacra and Dean Valdivia
districts, linked to fertile fluvial—alluvial soils, whereas Mejia and Mollendo
exhibited low indices associated with sandy and alkaline conditions. Based on
these spatial patterns, three management zones were delineated: (1) high-fertility
areas requiring balanced nutrient replacement, (2) medium-fertility areas
needing phosphorus regulation, and (3) low-fertility areas requiring soil
amendments and pH correction. The resulting maps revealed that 86.7% of the
agricultural area has low or medium fertility, demonstrating the potential of PCA-
weighted regression kriging as a scalable tool for precision nutrient management
and sustainable intensification in arid regions.
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1 Introduction

The province of Islay, located on the southern coast of Peru,
forms part of the agricultural area of the department of Arequipa,
with approximately 14,557 ha under cultivation. Of its six districts,
five are engaged in agricultural activity, with Punta de Bomboén
accounting for 33.2% of the cultivated area, followed by Dean
Valdivia (28.4%), Cocachacra (21.1%), Mollendo (12.4%), and
Mejia (4.8%). The province produces a variety of crops, with rice,
garlic, and potatoes being the most important. Between 2020 and
2024, an average of 5,407 ha of rice, 2,489 ha of garlic, and 2,032 ha
of potatoes were harvested annually. Garlic production alone
accounted for 27% of the national total in 2024 (1). In addition to
the size of its cultivated area, agriculture in Islay plays a critical role
in rural employment: producing one hectare of potatoes requires
approximately 170 labor-days, rice 66 labor-days (2), and garlic up
to 193 labor-days (3).

The agricultural landscape is dominated by alluvial soils,
complemented by colluvial formations and mixed-origin units
influenced by alluvial-marine processes. Most of the valley has
flat or gently sloping relief, although some areas present moderate
slopes and undulating topography. This geomorphological
heterogeneity and diverse soil genesis contribute to pronounced
variability in soil physical and chemical properties (4), which can
directly influence crop performance and responses to
management practices.

In this context, modern agriculture aims to maximize yields
within a framework of food production and environmental
sustainability (5). A major challenge for efficient soil management
is the high spatial variability of physical and chemical properties (6,
7). This variability is rarely incorporated into conventional
fertilization programs, which are often based on generalized
averages (8) and is further compounded by the absence of fertility
maps that visualize the spatial distribution of nutrients (9, 10). This
is further aggravated by the province’s arid, temperate climate,
characterized by a year-round moisture deficit (11), which
exacerbates soil constraints such as salinity, low water-holding
capacity (12, 13), low availability of nitrogen and phosphorus,
high pH, and low organic matter content (14). Consequently,
spatially uneven vyields and inefficient use of inputs such as
fertilizers and amendments are common, often resulting in over-
or under-application (15). These practices not only reduce
productivity but also threaten the long-term sustainability of the
agroecosystem (16).

Remote sensing has become a valuable tool for assessing spatial
variability in agricultural productivity. The Normalized Difference
Vegetation Index (NDVI) is a robust proxy of crop vigor and
nutritional status, as it correlates strongly with yield and plant
biomass at landscape scales (17). However, despite its widespread
global use, there is still a lack of NDVI-based soil fertility mapping
in the arid coastal regions of Peru. Previous national studies have
primarily focused on utilizing NDVT for yield estimation in specific
crops such as rice and coffee (18, 19), without integrating NDVI
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with field-measured soil properties to assess spatial fertility patterns.
Addressing this gap is essential to improve data-driven nutrient
management in arid agricultural systems.

The February-May period represents a critical window for
NDVI-based agricultural monitoring in Islay Province. This
interval coincides with the peak vegetative and early reproductive
growth stages of rice—the region’s principal crop—when canopy
development is most active and NDVI values are most responsive to
soil fertility gradients (20). During these months, rice plants
experience maximum leaf area expansion and biomass
accumulation, conditions under which nutrient availability
directly translates into measurable differences in canopy
greenness. Earlier months show incomplete canopy closure, while
later months are affected by crop senescence, both reducing NDVI
sensitivity to edaphic variation. Therefore, NDVI data from this
interval are ideal for capturing spatial variability in crop vigor
linked to soil fertility differences.

In parallel, numerous studies have developed soil fertility and
quality indices that integrate multiple edaphic properties into a
single metric to support decision-making (21, 22). Traditional
additive indices assign equal weights to all variables, which may
obscure their true importance and lead to redundant contributions
(22). Principal Component Analysis (PCA)-based weighting, in
contrast, objectively assigns weights based on the variance
explained by each factor, thereby reducing multicollinearity and
enhancing the interpretability of the Soil Fertility Index (SFIw) (23—
25).This approach enables the integration of soil properties into a
single indicator that supports site-specific management and efficient
nutrient use (26, 27). Mapping SFIw values facilitates precision
agriculture and identifies fertility constraints requiring corrective
actions (28, 29), while periodic assessment helps monitor soil
improvement through sustainable practices such as compost
application (30). To spatially represent such indices at regional
scales, advanced geostatistical methods are required.

The regression kriging interpolation method integrates
environmental covariates (e.g., NDVI, elevation, geology) with
spatial autocorrelation of residuals, modeling both deterministic
trends and stochastic variation (31). Unlike ordinary kriging, which
relies solely on spatial structure, this hybrid approach consistently
achieves superior prediction accuracy and better captures spatial
heterogeneity (32, 33). Its application has been effective in various
contexts, including soil organic carbon mapping in India (33) and
land use zoning in Brazil (34).

Building on these findings, this study proposes the use of a soil
fertility index (SFI), constructed from the integration of key
edaphoclimatic and spatial variables, combined with interpolation
techniques such as regression kriging, to produce high-resolution
maps that reflect the spatial variability of soil fertility in the province
of Islay. This approach aims to support more efficient agronomic
management, enhance crop productivity, and promote the
sustainable use of soil resources.

In this context, the specific objectives of the present research
were to:
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i. develop a weighted Soil Fertility Index (SFIw) by
identifying the main soil indicators associated with
crop vigor;

ii. delineate management zones based on the weighted Soil

Fertility Index (SFIw); and

iii. propose differentiated management strategies tailored to

each zone.

2 Material and methods

2.1 Study area

The study area, located on the southern coast of Peru,
encompasses agricultural lands in the districts of Cocachacra,
Dean Valdivia, Punta de Bombon, Mejia, and Mollendo, within
the province of Islay, department of Arequipa (Figure 1). The region
has an average elevation of 83 m above sea level and is characterized
by a hot desert climate, with mean annual rainfall of 28.1 mm,
minimum temperatures ranging from 13.9°C in July to 19.0°C in
January, and maximum temperatures from 20.0°C in August to
27.0°C in February. Historical climate averages were derived from
the WorldClim v2.1 - Global Climate Data database (35). The
dominant soil types are Regosols, followed by Leptosols and
Vertisols (Figure Ala). During the sampling period, garlic, potato,
and alfalfa were the predominant crops (Figure A1b).

Arequipa Region

17°10'S

17°15'S

«»fl Agricultural areas of the Islay province

10.3389/fs0il.2025.1706974

2.2 Soil sampling

Soil sampling followed the methodology described by Havlin
et al. (36), in which each sample is assigned to a homogeneous
agricultural unit (HAU). HAUs were delineated according to slope
class (hillside vs. flat areas), soil texture and color, crop species and
varieties, and a maximum unit size of 10 ha. Within each HAU, ten
subsamples were randomly collected from each plot at a depth of 0-
30 cm, yielding approximately 1 kg of composite soil per unit.
Samples were placed in waterproof polyethylene bags, clearly
labeled, and stored under cool conditions to minimize changes in
physical and chemical properties. The geographic coordinates of
each sampling location were recorded using a GPS device. In total,
491 composite soil samples were collected from agricultural fields
representing different cropping systems in the province of Islay,
Arequipa, Peru.

2.3 Soil analysis

Soil samples were pretreated following ISO 11464:2006 (37), by
air-drying at < 40°C and sieving to obtain the fine fraction (< 2 mm)
prior to physical and chemical analyses at the INIA laboratory. Soil
texture was determined using the Bouyoucos hydrometer method
(AS-09), pH was measured in a 1:1 soil-to-water suspension (38,
39), and electrical conductivity in a 1:5 extract (40). Organic matter
content was determined by the Walkley-Black oxidation method,

® Soil samples
[ Study area
__1 District

boundaries
Elevation (m)
1280

0 2.5 5km
Islay Province [ EPSG: 4326 WGS 84
72°0'W 71°55'W 71°50'W 71°45'W 71°40'W

FIGURE 1

Location of the 491 soil samples in the districts of Cocachacra, Dean Valdivia, Mejia, Mollendo, and Punta de Bombon, province of Islay, Arequipa.
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available phosphorus (Pav) by the Olsen method, available
potassium (Kav) by extraction with ammonium acetate, and total
nitrogen by the modified Kjeldahl method (41). Total
concentrations of Cu, Fe, Pb, Zn, As, Ba, Al, Mn, Cd, Sr, and Cr
were measured using microwave-assisted acid digestion followed by
inductively coupled plasma atomic emission spectroscopy (ICP-
AES), in accordance with SEMARNAT (42) and US EPA methods
3051A (43), 6010B (38), 6010C (44), and 6010D (45). Since this
method is not intended to accomplish total decomposition of the
sample, the extracted analyte concentrations may not reflect the
total content in the sample (43).

2.4 Extraction and processing of geospatial
variables

Geospatial layers compatible with the regional scale were
integrated to characterize factors influencing soil property
distribution. The geomorphology layer was obtained from the
1:250-000 national geomorphological map (46, 47), enabling the
identification of major landform units associated with accumulation
and runoff processes. Parent material and geological age were
derived from the 1:100-000 national geological map, providing
lithological detail to differentiate relevant rock formations. The life
zone classification (48) at 1:100-000 scale incorporated ecological
factors such as climate and altitude, while climate classification
from IDESEP (11) at 1:400-000 scale provided a macro-level view
of the climatic environment. Slope was derived from 30 m Shuttle
Radar Topography Mission (SRTM) data (49) to improve relief
interpretation, and mean temperature and precipitation for
February-May were extracted from the WorldClim 2.1 dataset at
30-arc-second resolution (~ 1 km) (35).

Soil type, bulk density (BD), and cation exchange capacity
(CEC) were obtained from the SoilGrids 2.0 database (50) at 250
m spatial resolution. For BD and CEC, values from the 0-15 cm and
15-30 cm depth layers were averaged to represent the topsoil zone
sampled in the field. Although SoilGrids 2.0 provides advanced
global soil predictions, several limitations should be acknowledged.
Prediction accuracy varies by property and depth, with higher
uncertainty for CEC compared to BD. Additionally, the 250 m
resolution may not adequately capture fine-scale spatial
heterogeneity or abrupt transitions related to parent material or
topography, and model performance is typically lower in data-
sparse regions such as the study area, where local training data
are scarce.

Normalized Difference Vegetation Index (NDVI) values were
derived in Google Earth Engine (GEE) using Sentinel-2 imagery
from the COPERNICUS/S2_SR_HARMONIZED collection (51)
for February-May in 2021-2024. NDVI was calculated as (B8 -
B4)/(B8 + B4), where B8 corresponds to the near-infrared band and
B4 to the red band. The district of Islay was delimited using a
project vector, and scenes with < 20% cloud cover were selected.
Cloud and cirrus masking was applied using the QA60 band, where
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flagged pixels were excluded from analysis. For each year, a
temporal median composite was generated to minimize
remaining atmospheric effects and data gaps, NDVI was
calculated, and the resulting rasters were clipped to the area of
interest. Outputs were visualized in GEE Code Editor using a
standardized color palette and exported as GeoTIFF files
georeferenced to EPSG:4326, with a spatial resolution of 10 m.
The median NDVI across the four-year period (2021-2024) was
used to characterize vegetation status at each soil sampling location.

Values from all geospatial layers were extracted at the 491 soil
sampling point locations using raster extraction functions in QGIS
3.40.5. Each layer maintained its native spatial resolution during
extraction, with pixel or polygon values assigned to points based on
spatial overlay. The combination of multi-scale datasets from
authoritative sources ensured adequate spatial consistency to
identify general soil fertility patterns and their environmental drivers.

2.5 Univariate statistical analysis

Univariate descriptive analysis was conducted in R v4.4.1 (52).
Data were imported using the read.delim function, and numerical
variables were automatically selected with the dplyr package.
Subsequently, key descriptive statistics were computed, including
mean, standard deviation, variance, coefficient of variation,
skewness, kurtosis, minimum and maximum values, 25th and
75th percentiles, median, and the p-value of the Shapiro-Wilk
normality test. Finally, the results were arranged in both long and
wide formats using the tidyr package, enhancing their clarity and
facilitating interpretation.

2.6 Multivariate statistical analysis

The relationships among numerical variables were examined
using Spearman’s rank correlation coefficient, calculated with the
rcorr function from the Hmisc package. This procedure generated
correlation and p-value matrices, from which only statistically
significant coefficients (p < 0.01) were visualized using the
corrplot package.

To reduce dimensionality and identify multivariate patterns,
Principal Component Analysis (PCA) was conducted with
FactoMineR and visualized with factoextra. Variable selection for
PCA was based on Spearman correlation with NDVI, including
only variables with |r| > 0.30 and p < 0.01 to focus on the factors
most relevant to vegetation dynamics. Selected variables were
standardized prior to analysis, and categorical variables were
excluded. Qualitative factors were coded as factor variables to
distinguish clusters in the biplots. The eigenvalues, variable
contributions, quality of representation (cos®), and the
distribution of samples in the factorial space were examined, with
confidence ellipses included. All graphical representations were
created using ggplot2.
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2.7 Calculation of the weighted soil fertility
index

The analysis began with a minimum data set comprising eight
edaphic and vegetation indicators, selected based on Spearman’s
rank correlation coefficient. After standardizing the variables,
Principal Component Analysis (PCA) was conducted using the
PCA function from the FactoMineR package, retaining as many
components as required to explain at least 70% of the total variance.
Variable contributions to these components, together with the
explained variances, were used to derive specific weights (W;),
from which a weighting matrix was generated via matrix
multiplication. Each indicator was then normalized using linear
scoring functions according to predefined thresholds and “more is
better” or “less is better” criteria, using Equations 1 and 2:

0.1, x<x

M(x) = 0.1+0.9<%), X <x<x 1)
1, x2x
1, x<x

L(x) = 1—0.9(%), X <x<x 2)

0.1, x=x,

where M(x) and L(x)are functions of ‘more is better’ and ‘less is
better’, respectively, with values restricted between 0.1 and 1.0. These
values represent the lowest (0.1) and highest (1.0) possible scores. x
represents the measured value of the indicator, while x, and x, are the
threshold values (inflection points) for the function curve.

The Weighted Soil Fertility Index (SFIw) was computed as the
sum of each normalized score multiplied by its corresponding
weight, and subsequently classified into Low, Medium, and High
categories using tertiles. The equations for the weighted coefficients
(Equation 3) and the fertility index (Equation 4) are as follows:

1.)7 (C X V)
W, = 21‘117# 3)
-1V

where Cj; is the contribution of variable i in component j, and
V; is the proportion of variance explained by component j.

n
SFIW = EWI'NZ' (4)
i=1
where N; corresponds to the normalized (0-1) value of each
variable, and W; to its relative weight. The final SFIw value ranges
from 0 to 1. All data processing and calculations were performed
within the tidyverse environment in R.

2.8 Non-parametric comparison analysis

To compare soil properties among groups defined by district,
parent material, and geological age, non-parametric tests were
applied, as the data did not meet the assumptions of normality or
homogeneity of variances. The Kruskal-Wallis test was first used to
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detect overall differences in median values for each variable. When
significant effects were observed (p < 0.05), pairwise multiple
comparisons were conducted using Dunn’s test with Bonferroni
adjustment, implemented via the dunnTest function in the FSA
package. Factor levels were assigned letters based on adjusted p-
values, using the multcompLetters function from the multcompView
package. These groupings facilitated the identification of
significantly different pairs. Finally, variable distributions were
visualized as boxplots with overlaid jittered points using ggplot2.

2.9 Regression kriging

Regression kriging (RK) combines a deterministic trend #(S,)
with a spatially correlated stochastic residual e(S;), so that the
prediction at location S, is expressed as follows (Equation 5):

p N
Z(Sp) = m(Sy) + e(Sp) = > B - qk(So) + 2 A - e(S)) (5)
k=i i=1

where f3; are the regression coefficients associated with p
covariates ¢y, A; are the kriging weights, N is the number of
observations and e(S;) regression residues at each point S; (53).
The spatial dependency structure of these residues is characterized
using the semivariogram (Equation 6):

y(h) = %E[z(x) —z(x + h)] (6)

where E represents the variance, and z(x) and z(x + h) are
paired values separated by the distance h (54). In practice,
regression is first fitted using environmental covariates derived
from remote sensing, geological, and land-use maps. The
residuals from this model are then interpolated using kriging, and
the sum of the regression predictions and kriged residuals
constitutes the final map of the target variable (55, 56).

For the implementation of this model, SAGA GIS v9.7.1 was
used to spatially model the Weighted Soil Fertility Index (SFIw).
The covariates selected for the regression component were soil type
(TS), geoform (GM), and normalized difference vegetation index
(NDVI). Empirical evidence from case studies has shown a
strong association between these variables and soil fertility
variability. Previous research has demonstrated that landform
attributes influence the relationship between soil properties and
physiographic factors such as relief, slope, and altitude, thereby
affecting soil fertility patterns (57, 58). Similarly, soil type integrates
key edaphic properties such as texture, mineralogy, and drainage,
which control nutrient-retention capacity and overall fertility
potential (59). In turn, NDVI has been widely used as a
biophysical indicator of vegetation vigor and health (60).

2.10 Validation of the regression kriging
model

The selection of the semivariogram model in the geostatistical
analysis was based on evaluation criteria such as the coefficient of
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determination (R*) (Equation 7), root mean square error (RMSE)
(Equation 8), and mean absolute error (MAE) (Equation 9). The
optimal model was defined as that with RMSE values close to zero
and R? values close to one. The formulas used to calculate these

evaluation indices are as follows:

21 -a1lZ) - Zy(x))?

R =1 7
- 1[Zl(xi)—zl]2 v
RMSE = %En‘,[zl (%) = Zy(x)]? ®)
i=1
MAE = %i'zl (x;) = Zy(x)] ©)
i=1

Validation of the regression kriging interpolations was
performed using leave-one-out cross-validation (LOOCV), an
iterative process in which, at each step, one observation is
omitted and its value predicted using the model fitted to the
remaining data. This procedure yields a set of residuals calculated
as the difference between observed and predicted values; these
residuals are then analyzed to infer their distribution and

c §

> o 5 = ¢ g 5 QE)
o [=4 T = © 17} (]

O A NOOL ® 2 o Wwaoao Z uw -

Cu 0.29 0.35 0.37 032 0.41
046 0.40 045 041 0.44 038

0.30
0.44 0. 0.29
027 0. 037
0.44
0.24 019
Pmon
NDVI

0.30

FIGURE 2
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assess model performance (61). Although this approach is
computationally demanding, it provides an error estimate that
closely approximates maximum likelihood (62).

3 Results

3.1 Spearman’s rank correlation between
edaphoclimatic variables and the spectral
vegetation vigor index

Spearman’s rank correlation analysis was used to evaluate non-
parametric monotonic associations between 22 physicochemical
soil properties, slope, mean temperature (Tmean), and mean
monthly precipitation (Pmon) and the spectral index of vegetative
vigor (NDVI) (Figure 2). This analysis revealed potential patterns of
covariance between NDVI and edaphic factors related to processes
such as sandy soil alkalinity, phosphorus and micronutrient
availability, chromium toxicity, and soil compaction.

Moderate positive correlations (r > 0.30) were observed between
NDVT and total Co (0.54), Pav (0.45), total Cu (0.37), silt percentage
(0.32), Tmean (0.30), and Pmon (0.30). Conversely, moderate

Q °
§5-.83885232% 3
034 0.30 0.18 0.18 0.13 0.22 -u.41. !
0.25 016 0.16 0.19 -0.18 0.35 -0.40 -0.47
034 0.49 024 024 0.13 -omt.o.ﬂ 0.8
014 023 -0.30 -0.34 0.42 -0.39
0.21 0.16 0.26 -0.37 -0.24 -0.50 -0.51
024 021 022 032 ;);2 06
029 0.22 026 0.26 0.18 031 0.18 0.16 -OM‘
0.35 0.25 0.18 4)415. L o4
0.19 024 0.25 0.23 0.16 -0.19 035
017 028 -0.25 0.27 -0.28 -0.30
0.19 -0.25 -0.19 -0.33 -0.31 r 02
025 0.26 0.24 0.15 W 028
0.31 027 -0.23 0.14 -0.29 -0.31
027 026 0.19 013 -0.41 0
. 022 -0.31 -0.41 0.19 -0.24 -0.20
0.16 0.20 0.45 -0.21 -0.32 -0.23 L 02
0.20 0.4 029 021
025
F-0.4
CEC -0.32 037 0.36 -0.20
033

0.14 -0.17

Spearman’s non-parametric bivariate correlation matrix between NDVI, 22 physicochemical soil properties, slope, mean temperature (Tmean), and
mean monthly precipitation (Pmon). Only statistically significant correlations (p < 0.01) are displayed; blank cells indicate non-significant

relationships. CEC, cation exchange capacity; BD, bulk density.
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negative correlations (r < —0.30) were found with pH (-0.33) and
sand percentage (-0.31).

3.2 Statistical distribution of soil properties
most influencing vegetation health

Table 1 presents the descriptive statistics for 12 physicochemical
soil properties associated with NDVTI variability, based on 491
samples collected from diverse agricultural systems in the
province of Islay. NDVI values ranged from 0.03 to 0.86, with a
mean of 0.58 and a coefficient of variation (CV) of 33.67%,
indicating moderate spatial variability in vegetation vigor. The
distribution was slightly skewed toward higher values and
exhibited near-normal kurtosis, reflecting a predominance of
medium-to-high values and few extremes.

Soil pH averaged 7.45, close to neutral, with low dispersion (CV
= 5.73%), although slightly skewed toward alkaline conditions. In
contrast, Pav showed very high variability (CV = 99.85%) and a
strongly skewed, leptokurtic distribution. Approximately 25% of the
samples had values below 14.60 mg kg™, while localized
areas exhibited high concentrations, likely associated with
heterogeneous fertilization practices.

Textural fractions exhibited contrasting patterns: sand content
had a symmetrical but widely dispersed distribution (CV = 38.57%),
silt content was more variable (CV = 44.69%) and slightly skewed
toward lower values, suggesting notable differences in soil
physical structure.

Micronutrients also showed considerable variability. Iron (Fe)
had a high mean and was skewed toward higher values, with
markedly leptokurtic kurtosis, indicating the presence of soils
with substantial Fe accumulation. Zinc (Zn) and copper (Cu)
displayed lower dispersion but were also skewed toward high
concentrations. Cobalt (Co) exhibited extreme skewness, with
most values near zero but a few very high outliers.

Finally, cation exchange capacity (CEC) and bulk density (BD)
showed opposite tendencies: CEC displayed moderate variability
with slight negative skewness, reflecting differences in nutrient
retention capacity, whereas BD exhibited a highly leptokurtic
distribution with strong negative skewness, indicating a
predominance of loose, low-compaction soils. Overall, these
statistical patterns reveal pronounced heterogeneity in the edaphic
properties that directly influence crop performance and
productivity in the province of Islay.

3.3 Edaphic gradients associated with
vegetation vigor revealed by principal
component analysis

Principal component analysis (PCA) was performed using the

variables most strongly correlated with NDVI, after reducing
collinearity and transforming them to homogenize variances. The
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first and second principal components together explained 60.47% of
the total variance (Table 2).

The first principal component (PC1, 48.57% of variance) was
characterized by high positive loadings for Cu (0.85), Co (0.78), Zn
(0.71), and Pav (0.70), and strong negative loadings for sand content
(-0.72) and pH (-0.67). This axis represents a fertility—texture
gradient, ranging from soils enriched in essential micronutrients
and phosphorus, with higher NDVI and moderate texture, to sandy,
alkaline soils with low nutrient- and water-retention capacity.

The second principal component (PC2, 11.90% of variance) was
positively associated with NDVT (0.52), sand content (0.36), and mean
temperature (0.31), and negatively with Zn (-0.51) and Cu (-0.29).
This axis represents a thermal-vigor gradient coupled with a textural-
micronutrient trade-off, where higher NDVI and temperature are
associated with sandier soils and reduced Zn and Cu contents. This
pattern suggests that increasing sand content is linked to lower
micronutrient availability—particularly Zn—Ilikely due to leaching
and limited cation retention in coarse-textured soils. Such conditions
may enhance vegetation vigor under favorable moisture and
temperature regimes but constrain nutrient accumulation, consistent
with nutrient dilution or localized management effects influencing
plant performance.

The PC1-PC2 biplot (Figure 3) reveals clear edaphic differentiation
among the agricultural districts of Islay Province. Cocachacra clusters
on the positive side of PC1, associated with higher Co, Cu, and Pav
levels, elevated NDVI, and lower pH—conditions indicative of fertile,
moderately textured soils that favor nutrient availability and vigorous
vegetation growth. Dean Valdivia also occupies the positive domain of
PCl1 but exhibits moderate dispersion along PC2, reflecting slight
variation in temperature and NDVI among sites.

In contrast, Mejia and Mollendo are positioned on the negative
side of PC1, where high sand content and elevated pH dominate.
These conditions correspond to coarser, alkaline soils with reduced
water-holding capacity, lower aggregate stability, and limited
micronutrient and phosphorus availability. Consequently,
management strategies in these districts should emphasize soil
structure improvement and phosphorus supplementation.

Punta de Bombon spans a wide area across both axes, denoting
marked internal heterogeneity. Some sites approach the central
region of the plot, whereas others extend toward the negative
extremes of PCl, reflecting sandy, Zn- and Cu-deficient soils
consistent with the low NDVI observed in this district. This
pronounced edaphic variability highlights the need for detailed
soil zoning and targeted fertilization practices to optimize nutrient
use efficiency and vegetation vigor.

3.4 Non-parametric comparison of the
weighted soil fertility index among
districts, soil taxonomic types (WRB), and
parent material in Islay Province

The Kruskal-Wallis test indicated significant overall differences
in SFIw among districts (p < 0.001; Figure 4a). Post hoc Dunn’s tests
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TABLE 1 Descriptive statistics of 12 soil physicochemical parameters significantly correlated with NDVI in the province of Islay.

Skewness = Kurtosis
pH ratio 7.45 0.43 0.18 573 -0.93 326 520 9.00 7.30 7.50 7.70 p < 0.001
Pav mg kg 43.61 43.54 1896.15 99.85 278 1127 1.40 312.20 14.60 30.70 61.40 p < 0.001
Sand % 4727 18.23 33238 3857 0.01 -0.84 5.10 91.80 3225 47.80 60.35 p < 0.001
Silt % 36.11 16.14 260.43 44.69 0.43 -0.15 1.80 87.10 24.55 34.40 46.40 p < 0.001
Cu mg kg 5127 14.15 200.11 27.59 0.59 0.72 17.00 118.80 40.90 49.00 61.80 p < 0.001
Fe mg kg™ 28369.74 9182.47 84317830.00 3237 1.86 6.69 14227.00 | 88137.00 | 21491.00  26198.00 = 33916.00 | p < 0.001
Pb mg kg 3341 18.29 334.56 54.75 0.73 -0.39 8.00 88.90 18.00 30.00 44.90 p < 0.001
Zn mg kg™ 89.20 23.09 533.03 25.88 0.29 0.09 33.00 174.80 73.45 88.00 104.90 0.02
Co mg kg™ 436 533 28.44 12237 0.54 142 0.00 19.00 0.00 0.00 10.00 p < 0.001
Cr mg kg 19.55 11.02 12134 56.34 2.05 4.86 7.00 82.00 13.00 15.00 22,50 p < 0.001
CEC cmol kg'! 15.77 439 19.26 27.83 247 6.69 0.00 21.60 14.70 16.20 18.35 p < 0.001
BD gem?® 1.22 0.25 0.06 20.74 -3.76 13.42 0.00 1.40 1.30 1.30 1.30 p < 0.001
NDVI ratio 0.58 0.19 0.04 33.67 -0.83 -0.28 0.03 0.86 045 0.64 0.73 p < 0.001
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TABLE 2 Results of the principal components analysis (PCA) for soil
properties in the study area.

PCs? PC1 PC2 PC3 PC4
Eigenvalue 3.89 0.95 0.89 0.78

Variance (%) 48.57 11.90 1117 | 9.77

Cumulative Variance (%) 48.57 60.47 71.64 81.41
Factor loadings/eigen vector for each variable®

pH -0.669 -0.130 0.603 | -0.040
Pav 0.699 0.226 -0.478 | -0.067
Sand -0.719 0.358 -0.232 | 0.101
Zn 0.707 -0.512 -0.058 | 0.223
Cu 0.849 -0.287 0.186 | -0.059
NDVI 0.533 0.520 0.358 | 0.476
Tmean 0.571 0.308 0.231 | -0.680

“The components explaining up to 70% of the cumulative variance have been highlighted.
"The variables in bold and underlined are those with absolute loadings that are significantly
more influential in explaining the variance of each component.
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showed that soils in Cocachacra (median = 0.60) and Dean Valdivia
(0.50) exhibited significantly higher SFIw values than those in Mejia
(0.20), Mollendo (0.20), and Punta de Bombon (0.30). These
patterns indicate that soils in Mollendo, in particular, have the
lowest NDVI values and are characterized by alkalinity with low
available Co, Cu, Zn, and P.

Regarding parent material, highly significant differences in SFIw
were detected (p-adj < 0.001; Figure 4b). Soils developed from
fluvial and alluvial deposits had the highest SFIw medians (0.50 and
0.40, respectively), exceeding those of soils derived from marine-
transported, clastic sedimentary residual, and foliated metamorphic
residual materials (0.20, 0.20, and 0.10, respectively).

Differences were also significant according to geological age (p-
adj < 0.001; Figure 4c). Soils with Quaternary parent materials
presented the highest SFIw values (0.40), surpassing those
developed from Paleoproterozoic and Neogene substrates (0.10
and 0.20, respectively).

Overall, these results highlight the influence of lithological
origin on current soil quality and can inform the development of
targeted fertility management strategies based on parent material in
heterogeneous arid landscapes.

NDVI

25

Dim1 (48.6%)

Contrib

FIGURE 3

® COCACHACRA @ DEANVALDIVIA @ MEJIA © MOLLENDO © PUNTADE BOMBON

Principal component analysis (PCA) of edaphic variables showing the regional multivariate distribution along Dimension 1 (Dim1, ~48.6%) and

Dimension 2 (Dim2, ~11.9%), with 44% confidence ellipses.
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test, with Bonferroni correction for multiple comparisons. Different letters indicate statistically significant differences. Statistical differences are shown

as "“***" for p-adj < 0.001 and “****" for p-adj < 0.0001.

3.5 Spatial variation of the weighted soil
fertility index in the province of Islay

In the province of Islay, a continuous map of the SFIw was
generated using a regression kriging model. Prior analysis (Correlation
and PCA) had identified pH, Pav, Zn, Co, Cu, sand content, and NDVI
as important variables driving soil fertility (Figure 5). For the spatial
modeling, geomorphology, soil type, and NDVI were selected as the
optimal set of three spatial predictors. A multiple regression model
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using these three predictors was constructed to capture the
deterministic trend of the SFIw. Ordinary kriging was then applied
to the model residuals to capture the remaining spatial stochastic
spatial structure. This combined regression-kriging approach yielded
high-resolution and robust predictions of SFIw across the province
(Figure 6), establishing a clear basis for designing site-specific
management and fertilization strategies.

Table 3 details the parameters of the semivariogram models
obtained using the regression kriging (RK) interpolation method,
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Spatial distribution of selected predictors in the province of Islay: (a) pH, (b) available phosphorus (Pav), (c) zinc, (d) cobalt, (e) copper, (f) sand

content, and (g) normalized difference vegetation index (NDVI).

along with the results of cross-validation based on RMSE, MAE, and
R The semivariogram fitted with the Exponential model was the
most suitable for predicting the spatial variability of SFIw, yielding a
satisfactory prediction (R*> = 0.68, RMSE = 0.11, MAE = 0.09).

Within the study site, the classified agricultural areas totaled
9272.62 ha. The Medium class was predominant for SFIw, covering
76.4% of the total (7085.21 ha), followed by the High class with
13.3% (1232.11 ha) and the Low class representing 10.3% (955.3 ha)
(Table 4). Figure 6 shows the spatial distribution of SFIw for the
agricultural areas according to this classification.
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4 Discussions

4.1 Edaphic determinants of vegetation
vigor: correlation analysis between NDVI
and soil properties

The results reveal significant correlations between NDVI and
the main soil indicators (physical, chemical, and mineralogical soil
variables). The moderate positive correlation of NDVI with
available phosphorus (Pav) and total Cu, Co, and Zn is consistent
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Spatial distribution of the SFlw in agricultural areas of the province of Islay, classified into low, medium, and high.

with the scientific literature, considering that Cu and Zn are
essential micronutrients, P is a critical macronutrient, and Co,
although not essential, is regarded as a beneficial element for
plants (36).

Copper (Cu) plays a fundamental role in photosynthesis as a
component of plastocyanin, an electron-transport protein in
Photosystem I (63). In addition, this element is involved in key
processes such as mitochondrial respiration and nitrogen metabolism
(63, 64). Under Cu deficiency, typical symptoms include interveinal
chlorosis, resulting from reduced photosynthetic efficiency and
decreased carbohydrate production during the vegetative phase
(63). Zinc (Zn) participates in multiple physiological processes in
plants, including chlorophyll synthesis, enzymatic activation, and the
preservation of cell membrane integrity (63). Its deficiency typically
manifests in young leaves as interveinal chlorosis, which can

negatively affect photosynthesis (36) and, consequently, reduce
NDVI values.

Phosphorus (P) is a structural component of phospholipids,
phosphoproteins, enzymes, DNA, RNA, ADP, and ATP (65). The
latter two are involved in multiple processes such as photosynthesis
and cellular respiration (36). Furthermore, P is associated with
increased root growth, which indirectly enhances parameters such
as leaf area index and photosynthetic rate (66).

Cobalt (Co), although not considered an essential element, can
improve photosynthetic efficiency by delaying leaf senescence and
reducing ethylene production, thereby maintaining the
functionality of the photosynthetic apparatus for longer periods
(67, 68). Additionally, Co acts as a component of cobalamin, which
is required by symbiotic, endophytic, and associative bacteria
involved in biological nitrogen fixation (69). This process

TABLE 3 Semivariogram parameters and cross-validation for the regression kriging models.

Cross-validation

Soil property Model Nugget (Cp) Sill (Co+C) Range (m) PSV (C/Cy+C) o 5 5
R RMSE MAE

pH Exponential 0.13 0.18 7108.94 0.28 0.22 0.38 0.28

Pav Exponential 1127.60 67476.53 97966.78 0.98 0.24 38.48 22.78

Sand Spherical 118.26 275.61 2513.63 0.57 0.42 13.93 10.58

Zn Spherical 268.55 532.81 2659.24 0.50 0.35 18.73 13.86

Cu Exponential 59.48 159.84 1444.52 0.63 0.52 9.82 7.37

Co Exponential 0.00 22.88 1824.22 1.00 0.86 2.04 1.46

SFIw Exponential 0.01 0.02 1297.78 0.75 0.68 0.11 0.09
Icoefficient of determination; Zroot-mean-square error; >mean absolute error.
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TABLE 4 Area distribution (ha) of SFlw fertility classes by district.

SFlw classification

Districts Total (ha)
Low Medium High

Cocachacra 141.18 1775.34 543.85 2460.37
Dean Valdivia 248.8 2514.72 555.83 3319.35
Mejia 189.66 399.14 0.00 588.8

Mollendo 150.48 321.2 0.00 471.68
Punta de Bombon 225.18 2074.81 132.43 2432.42
Total area (ha) 955.3 7085.21 1232.11 9272.62

Areas correspond to agricultural zones within each district included in the study area.

contributes significantly to the productivity of major crops such as
beans, soybeans, rice, corn, barley, wheat, and sugarcane (69),
suggesting that the observed relationship between soil Co content
and NDVI may reflect enhanced microbial activity and nitrogen
availability that promote plant growth and canopy vigor in our
study area.

Therefore, the positive correlation between these elements and
NDVT can be explained by their direct or indirect involvement in
photosynthetic processes that determine vegetation density and
vigor, traits quantified by NDVI through reflectance in the red
and near-infrared bands. NDVI can thus be used as an indirect
indicator of soil fertility to support precision agriculture; however,
its interpretation must consider the environmental context,
especially in arid and semiarid regions where vegetation can be
strongly affected by water availability. Although NDVI generally
reflects vegetation vigor and nutrient status, under water-limited
conditions its response can be constrained by soil moisture rather
than nutrient supply (70, 71). Periodic drought stress reduces
stomatal conductance and photosynthetic rate, thereby limiting
canopy development and greenness even in relatively fertile soils
(72). Conversely, areas with finer textures and higher organic
matter tend to retain more water, buffering the effects of drought
and enhancing nutrient diffusion and root uptake (73). Thus, in arid
systems, positive correlations between NDVT and fertility indicators
reflect not only nutrient sufficiency but also improved soil physical
conditions that support better water retention and root growth. In
contrast, some soil attributes exhibited negative correlations with
NDVTI, reflecting edaphic constraints on nutrient availability.

The negative correlation observed between NDVI and both soil
pH and sand content can be attributed to the limitations these
factors impose on nutrient availability. Soil pH regulates the
solubility and availability of essential nutrients; under slightly
acidic to neutral conditions (pH 5.5-7.0), these elements exhibit
greater solubility and accessibility to plants. In contrast, high pH
values and elevated CaCOj; content in alkaline soils often induce
deficiencies of essential micronutrients, particularly Fe and Zn, as
well as macronutrients such as P, thereby constraining plant
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nutrition and development (74). Sandy soils, characterized by a
low clay fraction, have limited nutrient retention capacity and, due
to their high proportion of macropores, exhibit reduced water-
holding capacity (75).

4.2 ldentification of management zones
based on SFlw: variability among districts,
parent material, and geological age

Arid and semiarid regions exhibit extreme variations in soil
fertility parameters, such as low organic matter content, high
phosphorus fixation, elevated pH, salinity and alkalinity, together
with the presence of carbonates and gypsum (14, 76). These
characteristics make fertility indices developed for humid regions
unsuitable when applied to these dryland environments. To
overcome this limitation, a Soil Fertility Index for water-limited
regions (SFIw) is established through principal component analysis
(PCA), which identifies the most influential edaphic variables (14).

The integration of the Soil Fertility Index for water-limited
regions (SFIw) into agronomic interpretation enables the
classification of soil fertility into three ranges based on tertile-
derived thresholds. The low index (SFIw < 0.26) indicates severe
limitations in nutrient availability and physical properties (e.g., high
sand content, elevated pH), which require intensive replenishment
strategies (77) and are often associated with low fruit yields (78).
The medium index (0.27 < SFIw < 0.50) reflects moderate fertility,
suitable for maintenance management in which nutrient inputs are
adjusted to crop extraction to preserve critical nutrient thresholds.
Finally, the high index (SFIw > 0.50) denotes good soil structure,
high nutrient retention, and optimal fertility levels. In semi-organic
rice systems, SFIw values above 0.75 have been reported, associated
with high productivity and profitability (79). This classification is
essential for guiding site-specific management practices that
promote both environmental and economic sustainability.

The spatial distribution of SFIw across the study area revealed
marked variability both among and within districts. Soils in
Cocachacra and Dean Valdivia exhibited the highest SFIw values,
followed by Punta de Bombon with moderate values, whereas Mejia
and Mollendo showed the lowest levels. This heterogeneity can be
mainly attributed to differences in parent material and the
geological age of the deposits (Figures 5 and 6).

Parent material can be a decisive factor in current soil fertility
since it provides most of the nutrients required by plants, except for
oxygen, hydrogen, nitrogen, and carbon, which are derived from the
atmosphere and organic matter (80).

In this study, soils formed on fluvial and alluvial materials showed
higher SFIw values than those developed on marine-transported, clastic
sedimentary, and foliated metamorphic substrates.

The superiority of SFIw observed in materials transported from
fluvial and alluvial sources could be explained by the fact that

frontiersin.org


https://doi.org/10.3389/fsoil.2025.1706974
https://www.frontiersin.org/journals/soil-science
https://www.frontiersin.org

Poma-Chamana et al.

deposits in floodplains (“fluvial fans”) tend to be enriched in
nutrients, which makes them highly fertile and productive. This
phenomenon is attributable to the continuous influx of sediments
resulting from soil erosion in higher regions. Alluvial deposits,
comprising detrital materials, frequently exhibit substantial
agricultural productivity. However, these deposits often possess
relatively coarse textures, which can influence their physical
properties, such as water and nutrient retention (74).

In contrast, marine parent materials exhibit variability in soil
texture, ranging from sandy to clayey (74). In the present study, the
soils derived from marine deposits are likely to correspond to sandy
materials. According to Gray and Murphy (81), sandy marine
deposits are predominantly composed of quartz sands (SiO,),
which typically display low CEC and fertility.

Similarly, residual clastic sediments show variability in texture
and composition. These represent the remnants of rocks that could
not be dissolved during weathering processes and are generally
composed of minerals highly resistant to chemical alteration
(quartz and silicate minerals) or of neoformation minerals,
particularly clay minerals and aluminum hydroxides (82). A
portion of the soils examined in this study developed on this
parent material, and they likely exhibited low fertility due to the
predominance of quartz in their mineralogical composition, a
chemically inert mineral that limits nutrient availability.

The geological age of the parent material also influenced SFIw.
Soils developed on recent deposits (Quaternary) exhibited the
highest SFIw values, in contrast to those formed on older deposits
(Neogene and Paleoproterozoic).

The Quaternary period, spanning the last 2.6 million years, is
characterized by a climate strongly influenced by glaciations.
During this period, a wide range of sedimentary deposits
originated, including alluvial, fluvial, marine, glacial, periglacial,
and aeolian deposits (83). In the present study, the higher fertility
observed in Quaternary soils may be attributed to the fact that much
of the agricultural land in the province of Islay developed on alluvial
and fluvial sediments.

The Neogene (23-2.6 Ma), preceding the Quaternary, was
characterized by a climate that was initially temperate, followed
by a progressive cooling trend. Intense tectonic activity promoted
erosion and the accumulation of detrital sediments, along with
volcanic and marine-continental deposits associated with sea-level
fluctuations (84). The relatively low fertility (SFIw) observed in soils
derived from this period may be attributed to their development on
residual clastic sediments, which are characterized by high
resistance to weathering.

The Paleoproterozoic Era (2420-1780 Ma) was characterized by
global glaciations, a significant increase in atmospheric oxygen, and
the reappearance of banded iron formations (BIF) (85). During this
period, parent material consisted of strongly weathered, acidic, and
highly oxidized rocks, conditions that promoted intense
phosphorus mobilization and loss as a consequence of rising
atmospheric oxygen and the oxidation of minerals such as pyrite
(86). This early depletion of phosphorus in parent material could
explain the low SFIw values observed in soils derived from this
geological era.
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4.3 Fertilization and edaphic correction
strategies based on the spatial variability of
soil fertility in the Tambo Valley

The results discussed in Section 4.2 demonstrate that soil
fertility is strongly influenced by parent material, with fluvial soils
emerging as the most fertile, followed by alluvial soils. Cocachacra
and Dean Valdivia exhibited significantly high SFIw values of 0.60
and 0.50, respectively, whereas soils developed on marine deposits,
residual clastic sedimentary materials, and foliated metamorphic
substrates showed lower fertility, as observed in Mejia (0.20),
Mollendo (0.20), and Punta de Bombon (0.30). This pattern is
consistent with recent studies reporting higher phosphorus
availability and greater retention capacity in fluvial sediments
compared to clayey or residual soils (87, 88). The marked spatial
heterogeneity observed (see Figure 6) reinforces the need to adopt
site-specific management strategies, in line with modern principles
of precision agriculture and variable-rate fertilization (89).

The NDVI showed significant correlations: a positive
relationship with available phosphorus and a negative relationship
with pH and sand content, indicating that fertilization
recommendations must be adapted to local edaphic conditions. In
this context, phosphorus fertilization should be guided by the soil P
level relative to the critical level (CL), following three approaches: (i)
the build-up or sufficiency strategy, which applies rates greater than
crop removal to raise soil P above limiting levels when values fall
below the CL; (ii) the maintenance strategy, in which applications
are adjusted to replace only the amount removed by the crop when
soil P is close to or slightly above the CL; and (iii) the suspension of
fertilization in soils with P levels above the CL, accompanied by
annual monitoring (36, 90).

According to the results presented in Figure 5, the districts of
Cocachacra, Dean Valdivia, and Punta de Bombon exhibit high
levels of available phosphorus and therefore, in general, require
maintenance fertilization. In contrast, in the districts of Mejia and
Mollendo, where variable phosphorus levels (low, medium, and
high) were identified, enrichment and maintenance strategies are
recommended. Since no previous studies in the study area have
established a crop-specific critical level (CL), phosphorus
fertilization recommendations were based on the nutrient balance
method (91, 92), considering the total crop P,Os extraction (4.42 kg
ha™; 93), which allows for estimating MAP doses adapted to local
variability. By integrating fertility indices (low, medium, high) with
interquartile ranges (25th-75th percentiles) of available
phosphorus, a dosing scheme more representative than
conventional averages was obtained (Table AT).

In the low fertility index category, phosphorus requirements
exceeded 567 kg ha™ of monoammonium phosphate (MAP),
reflecting a low availability of phosphorus. This highlights the
importance of splitting fertilizer applications to improve nutrient
use efficiency and reduce losses by immobilization or leaching, as
previously demonstrated in minimum tillage systems and under
high spatial variability of P (88, 94). For the medium index, the wide
range observed between quartiles suggests that using an average
dose may be insufficient in many cases; therefore, adjustments
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should be made according to the specific field location (15). In soils
classified with a high fertility index, it has been shown that
moderate fertilization allows for reaching optimal phosphorus
levels without incurring unnecessary costs (88). For these cases, a
maximum dose close to 388 kg ha™ is recommended, which can
ensure adequate P availability while avoiding the risk of
over-fertilization.

This integrative approach, based on fertility indices, enables a
more precise calibration of phosphorus fertilization according to
edaphic conditions, thereby optimizing fertilizer use and
minimizing losses through immobilization or leaching (95). The
proposed methodology is of particular relevance for garlic
cultivation under the conditions of Arequipa, and its field
application could validate and refine these values for highly
accurate practical recommendations.

In addition to phosphorus fertilization recommendations, there
are environmentally friendly practices that can increase the
availability of soil phosphorus. Inoculation of crops with
arbuscular mycorrhizal fungi (AMF) can improve phosphorus
availability and uptake, thereby reducing or even replacing
conventional phosphate fertilization (96). For example, AMF
inoculation has been shown to improve garlic yields in soils with
moderate P, reducing dependence on phosphate fertilizers (97).
Another promising practice is the use of Trichoderma viride as a
biofertilizer, since it has demonstrated the ability to solubilize both
inorganic and organic insoluble phosphorus while simultaneously
stimulating plant growth (98). Furthermore, cover crops represent a
promising strategy to improve phosphorus nutrition and crop
yields by strengthening plant-microbe interactions and enhancing
access to unavailable phosphorus reserves (99).

With regard to soil pH management, soils with values above 7.5
may limit agricultural productivity. To mitigate this alkaline
condition, corrective strategies using acidifying organic materials
and acid-forming nitrogen fertilization are recommended. For
example, in a long-term trial (53 years), ammonium sulfate
applied at a rate of 80 kg ha™", together with organic amendments
of low calcium content such as peat (3.96 t ha™*) and biosolids (6.43
t ha™), proved effective in reducing soil pH, achieving decreases
from 6.5 to 4.14, 5.53, and 4.89, respectively (100).

Finally, the sandy soils predominant in the areas of Punta de
Bombon, Mejia, and Mollendo could improve their edaphic
conditions through the incorporation of acidifying organic
materials and the use of cover crops. Beyond the previously
described functions, these practices contribute nutrients, enhance
microbial activity, improve soil structure and bulk density, increase
cation exchange capacity, and reduce water and nutrient losses (74;
101, 102).

Overall, the results emphasize the relevance of coupling soil
management practices with spatially explicit diagnostic tools to
enhance nutrient efficiency and sustainability. In this context, this
study represents the first NDVI-based soil fertility mapping in arid
coastal Peru, integrating field soil indicators with remote sensing
data through a PCA-weighted index and regression kriging. Beyond
its local application, this approach demonstrates how data-driven
soil mapping can guide precision agriculture in resource-limited
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environments (103). By optimizing fertilizer inputs and improving
nutrient-use efficiency, the proposed methodology contributes
directly to Sustainable Development Goal (SDG) 2 - Zero
Hunger, by enhancing agricultural productivity and food security
(104, 105), and to SDG 15 - Life on Land, by mitigating soil
degradation and promoting sustainable land management (105,
106). In this sense, the integration of soil spatial variability with
vegetation indices represents a key strategy for achieving
sustainable intensification while minimizing environmental
impacts (107).

Furthermore, the observed correlation patterns (e.g., Co-
NDVI) open new research avenues into the microbiological and
geochemical processes underlying soil fertility in arid systems,
linking soil chemistry, microbial activity, and vegetation dynamics
(108). Understanding these linkages is essential to maintain soil
health and ecosystem services in fragile agroecosystems affected by
salinity, alkalinity, and nutrient imbalance—processes that directly
threaten both SDG 2 and SDG 15 targets (13, 109).

5 Conclusions

This study successfully integrated soil fertility indicators with
NDVI-derived information to develop a weighted Soil Fertility
Index (SFIw) for arid coastal agroecosystems in southern Peru.
Through PCA-based weighting, Cu, Co, Zn, available phosphorus,
sand content, and pH were identified as the most influential soil
properties for fertility assessment. The regression kriging model,
built upon these indicators and incorporating NDV], soil type, and
geoform data as covariates, achieved satisfactory spatial prediction
accuracy (R* = 0.68, RMSE = 0.11).

The high-resolution SFIw map revealed distinct fertility
gradients across Islay Province, enabling the delineation of three
management zones: (1) High Fertility Maintenance Zone
(Cocachacra-Dean Valdivia), requiring balanced nutrient
replacement and conservation practices; (2) Medium Fertility
Phosphorus Regulation Zone (Punta de Bombon), demanding
site-specific P management; and (3) Low Fertility Comprehensive
Improvement Zone (Mejia-Mollendo), necessitating integrated soil
amendments and pH correction strategies.

Moreover, the integrative approach combining edaphic
indicators, spatial modeling, and remote sensing (NDVI)
demonstrates strong potential for transferability to other arid and
semi-arid regions worldwide, where similar constraints—alkaline
pH, nutrient imbalance, and high spatial variability—limit crop
productivity. The methodology can thus serve as a replicable
framework for regional-scale soil fertility assessment and guiding
sustainable land management and precision fertilization strategies
under data-scarce conditions.

By linking soil fertility with remotely sensed crop vigor, this
research provides a replicable framework for precision agriculture
in water-limited environments, supporting both SDG 2 (Zero
Hunger) through improved fertilizer-use efficiency and SDG 15
(Life on Land) through soil conservation. To our knowledge, this
represents one of the first NDVI-integrated fertility mapping
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studies in arid coastal Peru. Future research should incorporate
multi-temporal NDVT analysis and additional biophysical variables
(soil moisture, microbial activity) to better characterize the dynamic
interactions between soil fertility, vegetation response, and climate
variability in dryland agriculture.
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