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ABSTRACT

Spatial information on available phosphorus (P) is important for identifying areas of contrasting soil
fertility and for supporting location-specific nutrient management. This study evaluated the spatial vari-
ability of available P in agricultural soils of Tamil Nadu, India, and predicted its distribution using
Random Forest (RF) modelling and environmental covariates. A total of 250 georeferenced surface soil
samples were collected from 0-15 cm depth using conditioned Latin Hypercube Sampling to represent
the major agro-ecological and soil conditions of the state. Available P was determined using Bray-1 ex-
traction for acidic soils and Olsen extraction for neutral and alkaline soils. Spectral and terrain covari-
ates derived from Landsat 8 and Shuttle Radar Topography Mission data were screened using the
Boruta feature-selection algorithm and subsequently used for RF modelling. Available P ranged from
4.0 to 102.0 kg ha™!, with a mean of 39.3 kg ha™!. Boruta identified slope, normalized difference vege-
tation index and green reflectance as the principal predictors of P variability. The optimized RF model,
with mtry = 3 and ntree = 1000, produced an R? of 0.75, RMSE of 11.56 kg ha~! and MAE of 9.56 kg
haL. Spatial prediction indicated comparatively higher available P in parts of southern and central
Tamil Nadu, whereas lower values occurred in portions of northern and western Tamil Nadu. The re-
sults show that integrating georeferenced soil observations with remotely sensed and terrain covariates
can delineate regional-scale variation in available P and provide a spatial basis for targeted soil testing
and phosphorus management.

Keywords: Available phosphorus, Boruta, Digital soil mapping, Landsat 8, NDVI, Random Forest, Soil
fertility, Tamil Nadu

1. Introduction

Phosphorus (P) is a major plant nutrient involved in energy transfer, root development, nucleic acid synthe-
sis and several metabolic processes that determine crop establishment and productivity. Although agricul-
tural soils may contain appreciable quantities of total P, only a relatively small fraction is available for im-
mediate plant uptake because phosphorus is readily retained by soil constituents. Its availability conse-
quently varies with soil reaction, mineral composition, parent material, weathering environment and man-
agement history.

The agricultural soils of Tamil Nadu occur under contrasting climatic, physiographic and edaphic conditions.
Red, black, alluvial and lateritic soils are widely distributed across the state and are represented mainly by
Alfisols, Vertisols, Inceptisols, Entisols and Ultisols. These soils differ considerably in texture, mineralogy,
calcium carbonate content, soil reaction and nutrient-retention behaviour. Such heterogeneity is expected to
produce pronounced spatial variation in available P and limits the usefulness of generalized nutrient assump-
tions for large regions.

Phosphorus availability is particularly sensitive to soil reaction. Under acidic conditions, P may be retained
by iron- and aluminium-bearing soil constituents, whereas in alkaline and calcareous soils it may be con-
verted into sparingly soluble calcium-associated forms. In addition, fertilizer history, crop uptake, erosion,
deposition and redistribution of surface soil can alter the spatial pattern of P availability. Consequently, the P
status measured at individual sampling locations cannot by itself describe the continuous regional distribu-
tion needed for spatially targeted nutrient management.

Digital soil mapping provides a framework for extending point observations across landscapes by relating
measured soil attributes to spatially exhaustive environmental covariates. Terrain derivatives can represent
processes such as runoff, erosion and deposition, while satellite-based spectral and vegetation indices pro-
vide information on land-surface characteristics and vegetation condition. Machine-learning approaches are
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particularly useful in this context because relationships between soil
properties and environmental controls are often nonlinear and
interactive.

Random Forest (RF) is an ensemble-learning method that combines
multiple decision trees and can accommodate complex relationships
among predictors without requiring strict assumptions concerning
variable distributions (Breiman, 2001) 11, RF has been widely used in
digital soil mapping because it can integrate large sets of environmen-
tal covariates and is relatively robust to nonlinearities and predictor
interactions (Belgiu et al., 2016; Bhunia et al., 2018) [2. 3], Feature-
selection methods can further improve interpretability by reducing the
predictor set to variables that carry useful information for a specific
soil attribute.

Previous work from the broader soil survey used RF to assess soil pH
and soil organic matter (Reddy er al., 2024) [4]. The present study iso-
lates available P as an independent nutrient endpoint and evaluates its
regional spatial pattern using the existing survey and environmental-
covariate framework. The objectives were to (i) characterize the vari-
ability of available P in the sampled agricultural soils, (ii) identify the
principal environmental covariates associated with its spatial distribu-
tion, and (iii) generate a continuous prediction of available P across
Tamil Nadu using RF modelling.

2. Materials and Methods
2.1 Study area

The study covered agricultural soils distributed across Tamil Nadu,
southern India. The region includes coastal plains, river valleys, semi-
arid interior landscapes and hilly terrain associated with the Western
Ghats. These physiographic differences are accompanied by substan-
tial variation in rainfall, land use, soil-forming materials and agricul-
tural production systems. The sampled soils represented the major
soil orders occurring in the study area, including Alfisols, Inceptisols,
Vertisols, Entisols and Ultisols.

2.2 Sampling design and soil collection

Sampling locations were selected using conditioned Latin Hypercube
Sampling (cLHS) to represent the environmental variability of the
study region. Variables considered during sampling-point selection in-
cluded land use and land cover, agro-ecological information, soil sub-
order, digital elevation information, terrain parameters such as slope
and aspect, road-network data and normalized difference vegetation
index. This procedure resulted in 250 sampling locations distributed
across the study area.

Surface soil samples were collected from 0-15 cm depth. At each lo-
cation, five subsamples were collected within approximately a 1-m
radius and combined to obtain one composite sample. Each sampling
point was georeferenced using GPS. Samples were transported to the
laboratory, air-dried and passed through a 2-mm sieve before chemi-
cal analysis.

2.3 Determination of available phosphorus

Available phosphorus was determined using soil-reaction-specific
standard extraction procedures. Bray-1 extraction was used for acidic
soils following Bray et al. (1945) %], while the Olsen method was
used for neutral and alkaline soils following Olsen ez al. (1954) (0],
Available P values are presented in kg ha™!, following the units used
in the thesis tables and mapping outputs.

2.4 Environmental covariates

Environmental covariates were derived from satellite imagery and ter-
rain data. Spectral information was obtained from Landsat 8, while
terrain attributes were derived from Shuttle Radar Topography
Mission (SRTM) data. The broader covariate set included spectral
bands and vegetation-, moisture- and soil-related indices together
with terrain variables. Variables represented in the original covariate
dataset included blue, green, red and near-infrared reflectance; NDVI;
soil-adjusted vegetation index; transformed NDVI; ratio vegetation
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index; difference vegetation index; slope; aspect; topographic wetness
index; valley-bottom flatness; and ridge-top flatness.

2.5 Feature selection

The Boruta algorithm was used to identify environmental variables
associated with available P before development of the final prediction
model. Boruta creates randomized shadow variables from the original
predictors and compares their importance with that of the observed
predictors using Random Forest-based importance estimates.
Predictors consistently performing better than the shadow variables
are retained as important, whereas poorly performing predictors are
rejected. For available P, the analysis retained slope, NDVI and green
reflectance as the principal covariates.

2.6 Random Forest modelling and performance assessment
Random Forest regression was used to predict available P from the
selected environmental covariates. Model tuning evaluated the num-
ber of variables considered at each split (mtry) and the number of
trees (ntree). The tuning output in the original analysis used repeated
cross-validation as the optimization criterion. The best-performing
configuration for available P was mtry = 3 and ntree = 1000.

Model performance was summarized using the coefficient of determi-
nation (R2), root mean squared error (RMSE) and mean absolute error
(MAE). The optimized RF model was subsequently applied to the en-
vironmental-covariate layers to generate the continuous spatial pre-
diction of available P across Tamil Nadu.

RMSE =[(1/n) Z(i - $i)?]

MAE = (1/n) Z\yi - yi|

R2=1-[SWi-$i)2/2i-7)?]

where y; is the observed value, y; is the predicted value, y is the mean
of the observed values and n is the number of observations.

3. Results

3.1 Descriptive variability of available phosphorus

Available P showed marked variation among the 250 agricultural soil
samples. Values ranged from 4.0 to 102.0 kg ha™!, with a mean of
39.3 kg ha™! and a median of 35.5 kg ha™!. The standard deviation
was 23.3 kg ha™! and the standard error was 1.68 kg ha™!. The distri-
bution showed a skewness of 0.37 and a kurtosis of -0.90, indicating
broad variation across the sampled landscape without pronounced
positive skewness (Table 1).

3.2 Selection of environmental predictors

Boruta feature selection identified slope, NDVI and green reflectance
as the most important environmental variables for predicting available
P. The selected predictors represent complementary aspects of the
soil-landscape system: slope reflects terrain-related redistribution pro-
cesses, whereas NDVI and green reflectance provide information on
vegetation and land-surface characteristics. These variables were re-
tained for RF modelling.

3.3 Random Forest model performance

The optimized RF model showed good agreement between observed
and predicted available P. The model achieved an RZ of 0.75, with an
RMSE of 11.56 kg ha™! and an MAE of 9.56 kg ha™!. The optimal
configuration consisted of mtry = 3 and ntree = 1000 (Table 1).
Increasing mtry beyond the selected value did not improve the model
sufficiently to justify a more complex configuration.

The observed-versus-predicted relationship indicated that the model
captured most of the regional variation in available P, although some
high-P observations were underestimated. The tendency to compress
extreme values was most evident at the upper end of the measured P
range (Fig. 2c¢).

3.4 Spatial distribution of predicted available phosphorus

The RF prediction revealed clear spatial heterogeneity in available P
across Tamil Nadu. Relatively higher predicted concentrations oc-
curred in parts of the southern and central regions, whereas lower val-
ues were evident in portions of the northern and western regions (Fig.
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2d). The resulting surface therefore delineated broad regional zones
differing in predicted P availability rather than indicating a uniform
nutrient status across the state.

4. Discussion

4.1 Regional variability in available phosphorus

The wide range in available P, from 4.0 to 102.0 kg ha™!, demon-
strates the heterogeneous P fertility of the sampled agricultural soils.
This variation is consistent with the contrasting soil-forming environ-
ments represented in Tamil Nadu, where soil orders differ in texture,
mineralogy, calcium carbonate content and reaction. Regional differ-
ences in cropping and nutrient management are also likely to contrib-
ute to the observed variability.

Phosphorus availability is governed by several competing processes.
In acidic soils, reactions with Fe™ and Al-bearing constituents can re-
duce soluble P, whereas in calcareous and alkaline soils P may be re-
tained in calcium-associated forms. These mechanisms, together with
crop removal and fertilizer addition, generate spatial variability that
cannot be captured by a single generalized fertility value. The ob-
served distribution therefore supports the need for spatially explicit
assessment of P status.

4.2 Role of terrain in phosphorus distribution

Slope was one of the principal variables retained by Boruta. Although
P is relatively immobile in soil solution, a considerable proportion of
soil P is associated with the solid phase and can be redistributed
through erosion and sediment transport. Sloping positions may lose
nutrient-rich surface material, whereas lower or depositional positions
may accumulate eroded particles. Terrain variables are therefore use-
ful proxies for landscape processes that influence the spatial organiza-
tion of soil nutrients.

The importance of slope in the RF model is consistent with the
broader digital soil mapping literature, in which topographic attributes
frequently contribute to predictions of soil properties in heteroge-
neous landscapes (Bhunia ef al., 2018) 3]. The result does not imply a
single monotonic relationship between slope and available P; rather,
RF can accommodate interactions between slope and other environ-
mental variables across different landscape settings.

4.3 Information contributed by NDVI and green reflectance
NDVI was also selected as an important predictor. Vegetation indices
are not direct measurements of soil phosphorus, but they integrate in-
formation related to canopy development, vegetation cover and land-
surface conditions. These characteristics can co-vary with soil fertil-
ity, moisture regime, crop management and erosion protection. As a
result, NDVI can contribute useful indirect information to regional
nutrient prediction.

Green reflectance provided additional spectral information and was
retained alongside NDVI. Its importance likely reflects differences in
vegetation and exposed-surface characteristics across the agricultural
landscape. The simultaneous selection of terrain and spectral vari-
ables emphasizes that available P at regional scale reflects a combina-
tion of landscape position and land-surface conditions rather than a
single environmental control.

4.4 Predictive performance and model uncertainty

The RF model explained 75% of the observed variation in available P.
Considering the broad environmental heterogeneity represented by
the 250 sampling locations, this level of performance indicates that
the selected environmental covariates contained substantial informa-
tion relevant to regional P distribution. The RMSE of 11.56 kg ha™!
and MAE of 9.56 kg ha™! provide a practical indication of prediction
error relative to the observed range of 4-102 kg ha™!.
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The model showed greater disagreement at the upper end of the avail-
able P distribution. Random Forest models commonly predict ex-
treme observations less accurately because ensemble predictions tend
to move toward the centre of the response distribution. In the present
dataset, localized factors such as fertilizer history or field-specific
management may also contribute to high P values but were not repre-
sented explicitly in the environmental-covariate layers. Accordingly,
the map should be interpreted as a regional prediction surface rather
than as a field-scale fertilizer prescription.

4.5 Spatial pattern and implications for soil testing

Higher predicted available P occurred mainly in parts of southern and
central Tamil Nadu, while lower predicted values were observed in
portions of northern and western Tamil Nadu. The thesis discussion
associated some higher-P areas with intensive agricultural activity and
possible repeated P inputs. Because historical fertilizer-use data were
not included as direct predictors, this explanation is best regarded as a
plausible interpretation rather than a tested causal relationship.

The practical value of the prediction lies in its ability to identify broad
zones where additional soil testing can be prioritized. Areas predicted
to have lower P can be targeted for confirmatory sampling before fer-
tilizer recommendations are made, whereas areas predicted to have
comparatively high P can be examined to avoid unnecessary fertilizer
application. Such stratification can improve the efficiency of soil-
sampling programmes and support more spatially targeted nutrient
management.

The prediction surface does not replace conventional soil testing.
Instead, it complements point-based analyses by providing a regional
context for where contrasting P conditions are likely to occur. Field-
level recommendations should continue to rely on locally collected
soil samples, crop requirement and established fertilizer recommenda-
tion procedures.

4.6 Scope and limitations

This study was intentionally restricted to the spatial prediction of
available P using the environmental and modelling outputs available
from the original soil survey. The approach captured regional variabil-
ity but did not explicitly include fertilizer history, crop-specific nutri-
ent inputs or other management records. In addition, the current
analysis represents a regional-scale model based on the available
Landsat 8 and SRTM covariates. These limitations should be consid-
ered when interpreting local predictions.

Future work could evaluate higher-resolution remote-sensing data,
management covariates and independent spatial validation.
Nevertheless, the present results demonstrate that the existing 250-
point soil survey and environmental-covariate framework are suffi-
cient to identify meaningful regional patterns in available P.

5. Conclusions

Available phosphorus varied substantially across the agricultural soils
evaluated in Tamil Nadu, ranging from 4.0 to 102.0 kg ha™! with a
mean of 39.3 kg ha™!. Boruta feature selection identified slope, NDVI
and green reflectance as the principal environmental covariates for
predicting its spatial variation. The optimized Random Forest model,
with mtry = 3 and ntree = 1000, achieved an R2 of 0.75, RMSE of
11.56 kg ha™! and MAE of 9.56 kg ha™!. The resulting prediction in-
dicated comparatively higher available P in parts of southern and cen-
tral Tamil Nadu and lower values in portions of northern and western
Tamil Nadu. These findings show that georeferenced soil observa-
tions combined with remotely sensed and terrain-derived covariates
can provide a useful regional representation of P availability. The gen-
erated map can be used to prioritize soil testing and to support spa-
tially targeted phosphorus management, while field-specific fertilizer
decisions should continue to be based on confirmatory soil analysis.
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Tables

Table 1. Descriptive statistics and Random Forest model performance
for available phosphorus in agricultural soils of Tamil Nadu.
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Parameter Value
Maximum available P 102.0 kg ha™!
Mean 39.3 kg ha™!
Median 35.5kgha”!
Mode 13.0 kg ha™!
Standard deviation 233 kgha!
Standard error 1.68 kg ha™!
Skewness 0.37
Kurtosis -0.90
Selected RF predictors Slope, NDVI, green
reflectance
Optimal mtry 3
Optimal ntree 1000
R? 0.75
RMSE 11.56 kg ha™!
MAE 9.56 kg ha™!

Note: Available P values and model metrics are reported as in the thesis

Parameter Value tables and RF outputs. NDVI = normalized difference vegetation index;
- RMSE = s MAE = t .
Number of soil samples 250 SE = root mean squared error mean absolute error.
Sampling depth 0-15 cm .
[TmPARe €op 4 Figures
Minimum available P 4.00 kg ha
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Figure 1. Study area and distribution of the georeferenced soil sampling locations across Tamil Nadu.
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Figure 2. Random Forest analysis of available phosphorus distribution: (a) Boruta feature selection, (b) Random Forest tuning, (c) observed ver-
sus predicted available P (kg ha 1), and (d) predicted spatial distribution of available P (kg ha!) across Tamil Nadu.
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