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Abstract

The increasing global demand for sustainable agriculture requires accurate and effi-
cient soil analysis methods. Conventional laboratory techniques are often time-
consuming, costly and environmentally damaging. To address this challenge, we
developed and validated locally calibrated mid-infrared (MIR) spectroscopy models
for predicting key soil properties pH, phosphorus (P) and exchangeable cations in
soil samples from South Africa’'s Western Highveld region, using a dataset of 979 soil
samples and machine learning algorithms Cubist, partial least squares regression
(PLSR) and random forest (RF). A subset of spectra was also submitted to the newly
developed Open Soil Spectral Library's (OSSL) prediction models to determine
whether global prediction models could be used for local soil property prediction.
Accurate predictions for pH, calcium (Ca) and magnesium (Mg), with coefficient of
determination (R*) values exceeding 0.76 were obtained with the local calibration
algorithms. The predictions for P, potassium (K) and sodium (Na) did not meet the
requirements for reliability. Soil spectroscopic prediction models calibrated with
local soils outperformed the corresponding global prediction models considered. The
OSSL prediction results were inaccurate, with a RPIQ <1, and consistently underpre-
dicted all soil properties. Furthermore, the OSSL collection of prediction models does
not include a pH (KCI) model, the routinely used pH measurement method in
South Africa. These findings highlight the importance of local calibration for accu-
rate soil property prediction and underscore the need for regional representation in
global spectral libraries. This research serves as the first local calibration of MIR spec-
troscopy models for the Western Highveld region of South Africa and provides a
foundation for future local soil property inference model development. It also serves
as a potential starting point for a comprehensive South African soil spectral library
that can be contributed to global spectral libraries.
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1 | INTRODUCTION

The South African population is projected to increase sig-
nificantly by 2035 to 70 million (Statistics South
Africa, 2022). This growing demographic pressure there-
fore requires a focus on sustainable farming practices to
intensify food production (Tilman et al., 2011). One of
the actions to take to achieve this end is precision agricul-
ture, which is defined by the International Society of Pre-
cision Agriculture as ‘a management strategy that gathers,
processes and analyses temporal, spatial and individual
plant and animal data and combines it with other infor-
mation to support management decisions according to esti-
mated variability for improved resource use efficiency,
productivity, quality, profitability and sustainability of
agricultural production’ (Van Vuuren et al., 2006). A form
of precision agriculture is site-specific crop management
(SSCM), in which resource application and agronomic
practices are correlated with soil characteristics and crop
production as they vary across a field (Schmaltz, 2017).

Soil properties vary between landscapes due to
regional variations in parent material, climate, topogra-
phy, biological activity and the passage of time
(Jenny, 1994; Warrick, 2002). Soil variability poses a
unique challenge for SSCM in terms of soil assessment
and soil condition evaluation and requires the use of ana-
lytical methods with numerous parameters representing
many locations (Nocita, Stevens, van Wesemael,
Aitkenhead, et al.,, 2015). Conventional soil analysis
methods employed in laboratories are hindered by their
time-consuming nature, high costs and the use of envi-
ronmentally hazardous chemicals (Van Vuuren
et al., 2006). In this context, soil spectroscopy has
emerged globally as an innovative technology that offers
rapid and cost-effective measurements of soil properties
without the environmental risks associated with tradi-
tional methods (Van Vuuren et al, 2006; Wadoux,
Malone, et al., 2021). Although there is significant activ-
ity devoted to soil spectroscopy research globally,
South Africa has been trailing behind and limited to
small, localized studies most notably by Van Vuuren
et al. (2006), Nocita et al. (2011), Mathadeen et al. (2013)
and Seboko et al. (2023). Until now no regional calibra-
tion models have existed for routinely used soil properties
in SSCM areas, which has hindered the adoption and
development of soil spectral technologies for use in preci-
sion agriculture in South Africa.

The development of accurate and efficient soil prop-
erty prediction models along with an expanding soil spec-
tral library will empower farmers and agronomists with
the information needed to optimize resource manage-
ment and enable more sustainable agricultural practices
in South Africa. This contribution will improve—on a
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ern Highveld region of South Africa.
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small scale—the global understanding of soil spectral var-
iability, where existing global soil spectroscopy models
often underperform due to the absence of the unique soil
characteristics of South Africa. This highlights the impor-
tance of regional representation in global soil spectros-
copy models. The use of soil spectroscopy in this study
also addressed one of the 10 challenges of Pedometrics,
which is developing more efficient methods for measur-
ing soil properties (Wadoux, Heuvelink, et al., 2021).

Soil spectroscopic models typically use visible, near
and mid-infrared (MIR) electromagnetic radiation and
have been used to predict important soil properties such
as pH, total carbon, organic carbon, organic matter,
extractable phosphorus (P), extractable potassium (K),
total nitrogen (N), exchangeable cations, cation exchange
capacity, electrical conductivity, extractable microele-
ments, trace and major element analysis, gypsum, electri-
cal conductivity, soluble sulphate and chloride analysis,
bulk density, coarse fragments, particle size distribution,
porosity, hydraulic conductivity, aggregate stability, mois-
ture content, microbial biomass, soil respiration, enzyme
activity, microbial identification, heavy metal elements
and other soil pollutants (McCarty & Reeves, 2006; Peng
et al, 2016; Safanelli et al., 2023; Soriano-Disla
et al., 2014). Mid-infrared spectroscopy (4000-400 cm ')
produces better predictions for soil properties than visible
and near-infrared spectroscopy due to the intense vibra-
tional fundamentals of molecular bonds dominating the
MIR regions compared to weaker vibrational signals
caused by overtones and combinations in the NIR region
(McCarty & Reeves, 2006). However, to be able to apply
soil spectroscopy for accurate soil property analysis, cali-
bration of the prediction model for each soil property is a
prerequisite (Waruru et al., 2015). This calibration is
based on a robust soil spectral library, that is, a conven-
tionally analysed soil property database that is correlated
with spectroscopic scans of the same soil samples
(Waruru et al., 2015). Machine learning algorithms like
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Cubist, partial least squares regression (PLSR) and ran-
dom forest (RF) are used and were employed in this
study. An example of a global initiative is the develop-
ment of the Soil Spectroscopy for Global Good project,
which created the Open Soil Spectral Library (OSSL),
which also boasts of an estimation service that utilizes
calibrated prediction models from globally available
open-source Vis-NIR, NIR and MIR spectral data
(Safanelli et al., 2023).

This study addressed this critical need in a
South African context by creating a local soil spectral
library and developing locally calibrated soil spectroscopy
models for key soil properties essential in SSCM. The
objectives were to: (i) create a local soil spectral library
which contains SSCM soil data by combining soil chemi-
cal analysis data with the spectral measurements data
into one large database; (ii) develop novel MIR calibra-
tion models using a soil spectral library containing locally
representative soil samples for key soil properties in the
Western Highveld region using Cubist, PLSR and RF;
(iii) use the best performing local model and compare it
to the globally available OSSL models using local soil
spectral data. The hypotheses are that: (i) accurate MIR
prediction models will be created for certain soil proper-
ties and that some soil properties will not be predicted
accurately and (ii) locally calibrated MIR spectroscopy
models will achieve higher predictive accuracy for pH
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and exchangeable cations (Ca, Mg, K, Na) compared to
the global OSSL models in the Western Highveld region.
This study represents a pioneering effort to establish
locally calibrated MIR soil spectroscopy models for the
Western Highveld region, which included a soil spectral
library that can be extended to other regions of the coun-
try, thereby providing a critical foundation for advancing
precision agriculture adoption in South Africa.

2 | MATERIALS AND METHODS

2.1 | Study area

All samples originate within the Western Highveld grain-
producing region of South Africa, located in the North-
West province (Figure 1). The study area is located at an
average height of 1769 m above sea level with a tempera-
ture range of —8.6°C to 37.5°C and a precipitation range
of 300-700 mm, making it part of the arid to semi-arid
regions. The geology consists of several formations. The
western parts are covered by the Kalahari group which
consists mainly of conglomerate, mudstone, gritstone,
siliceous/calcareous sandstone, silcrete, diatomaceous
limestone and calcrete, while the eastern parts include
the Klipriviersberg group, Malmani subgroup and Rietgat
formations, which consist of dolomite, chert, shale,

South Africa
Legend
e Sample Locations
D Study Area
North- West
N

FIGURE 1 Sample locations within A 0_25_50 00 o zooiomele’s
the Western Highveld grain-producing

area in North West, South Africa.
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limestone, quartzite, basalts andesites, tuff, agglomerate,
gneiss and granites (Johnson et al., 2006). On a broad
scale the following soils occur: red and yellow redoximor-
fic, plintic, black or red clays, shallow soils, rock outcrops
and alluvial soils (LTSS (Land Type Survey Staff), 2021).
According to the vegetation map of South Africa the
region is classified as Western Highveld Sandy Grassland.
A wide variety of crops are cultivated within the Western
Highveld region which include and is not limited to: Zea
mays L.; Triticum aestivum; Helianthus annuus L.; Gly-
cine Max and Arachis hypogaea. The most important
crops produced are Zea mays L. and Helianthus annus L.
within the study area.

2.2 | Methodology
221 | Sample and soil property data
acquisition

Routine soil analysis samples for precision agriculture
were collected by two private SSCM service providers,
NWK Ltd. (Lichtenburg, North West, South Africa) and
GWK Ltd. (Douglas, Northern Cape, South Africa), dur-
ing July-August 2020 for the 2020-2021 growing season
and originated from croplands that are used for the culti-
vation of annual crops, including Zea mays L. and
Helianthus annus L. The samples were analysed for the
soil properties used for SSCM within this area, including
pH in a 1:2.5 KCI solution, plant available P with the
Bray-1 method and exchangeable base cations (Ca, Mg, K
and sodium [Na]) extracted with 1 M ammonium acetate.
The two service providers provided access to the conven-
tional soil analysis results of 4393 (NWK Ltd.) and 175
(GWK Ltd.) soil samples. Due to capacity constraints,
900 and 100 samples were, respectively, selected from
each database using conditioned Latin hypercube sam-
pling (cLHS) using pH, P and the sum of base cations as
variables (Minasny & Mcbratney, 2006). This method
resulted in a soil property dataset that was well represen-
tative of the region from which the samples were selected
during the soil property dataset reduction.

2.2.2 | Soil sample and data preparation

The soil property data obtained from the laboratories
were checked for normality and square root transformed
to compensate for non-normality, Cubist and RF does
not require data to be normally distributed, but due to
the use of PLSR in this study the soil property data were
transformed to achieve consistency (Dangal et al., 2019).
The prediction values were back transformed prior to

statistical analysis. Each soil sample was oven-dried for
24 h at 60°C and ground using a Retsch Mortar Grinder
RM 200 (Retsch GmbH, Haan, Germany, 2021) to obtain
a grain size of 100 pm.

2.2.3 | Spectral measurement

The prepared soil samples were then scanned 30 times
using a Bruker Alpha II spectrometer with DRIFT module
(Bruker OPTIK GmbH, Ettlingen, Germany, 2019) with a
spectral range of 3996-398 cm ' and a resolution of
2 cm ™. The samples were placed inside the measurement
cup and levelled to create a uniform surface before being
placed inside the instrument. Spectral reflectance of each
soil sample was averaged from the 30 spectra, which were
scanned automatically using the OPUS Base package soft-
ware (Bruker OPTIK GmbH, Ettlingen, Germany, 2019).
Built-in quality checks along with background measure-
ments on a reference standard were conducted at the start
of each scanning session and background measurements
were obtained at 1-h intervals during the scanning process,
as recommended by the manufacturer, to ensure that the
spectral measurements were adjusted for atmospheric—
temperature and humidity—changes.

2.2.4 | Spectral library and spectral
preprocessing

A spectral library was created for each of the measured
soil properties, which include pH, P and exchangeable
cations by combining the soil property and spectral data-
sets using R version 4.2.0 (R Core Team, 2023) with the
dplyr package (Wickham et al., 2023). The analyses were
performed on a computer with the following specifica-
tions: Intel® Core™ i7-12700H CPU @ 3.5GHz, 16 GB
RAM and running Windows 11 (R Core Team, 2023).
The soil spectral library consisted of 979 samples—21
scans were lost due to sample name mismatching, attrib-
uted to human error during sample handling. To ensure
this did not affect the normality assumption for PLSR, we
performed a normality test on the remaining dataset. The
dataset was checked for normality both before and after
the removal of the 21 scans, using the Shapiro-Wilk test.
No significant deviations from normality were found
because of the missing scans, and the data were square
root transformed to improve normality where necessary
(Dangal et al., 2019). The missing scans had no signifi-
cant impact on the data distribution or model perfor-
mance. The spectra were preprocessed by applying a
Savitzky—Golay filter using the prospectr package with
the savitzkyGolay function a window size of
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11, polynomial order of 2 and first-order derivative were
used, which produced the best prediction models accord-
ing to the statistical performance results (Stevens &
Ramirez-Lopez, 2022; Wadoux, Malone, et al., 2021).

2.2.5 | Prediction model calibration

After preprocessing, the soil spectral library was divided
into calibration and validation datasets with a 70:30 ratio,
respectively, using k-means clustering on the spectra
(Malone et al., 2017). Other potential methods for parti-
tioning datasets include random sampling, stratified sam-
pling (Kohavi, 1995) and Kennard-Stone sampling
(Kennard & Stone, 1969). K-means clustering was
selected for this study because it effectively groups similar
spectra and ensures that both calibration and validation
sets represent the full spectral variability of the dataset,
which is crucial for model generalization. This method
minimizes the risk of overfitting by ensuring that the val-
idation set is not disproportionately represented by any
single group of spectra, as can sometimes occur with ran-
dom or stratified sampling (Malone et al., 2017). The
machine learning algorithms Cubist, PLSR and RF were
then used in R to create the calibration algorithms for the
soil properties selected for the calibration dataset, using
the cubist function in the Cubist package (Max
Kuhn, 2021). Cubist is a rule-based model which finds
relationships between spectral and soil property data and
creates ‘if-then’ rules which are helpful for identifying
important spectral features associated with certain soil
characteristics. For PLSR, the plsr function from the pls
package (Mevik & Wehrens, 2015) was used. PLSR is
effective when handling highly correlated variable data
while also reducing the dimensionality of the spectral
data. It functions by identifying the most relevant spec-
tral information for soil property prediction. To prevent
overfitting and ensure model accuracy, determining the
optimal number of latent factors (components) is crucial.
The optimal number of PLSR factors was determined
using k-fold cross-validation, a standard technique that
partitions the data into k subsets—in this study, k = 10.
In each fold, one subset is reserved as the validation set,
while the remaining subsets are used to train the model.
This process is repeated k times, with each subset being
used exactly once as the validation data. The root mean
square error of cross-validation (RMSECV) is calculated
at each step, and the number of PLSR factors that mini-
mizes the RMSECV is selected as optimal (Wadoux,
Malone, et al., 2021). In this study, cross-validation was
performed on the calibration dataset, and the number of
components that minimized RMSECV was chosen. Addi-
tionally, to avoid overfitting, the performance of models

with different numbers of components was evaluated by
comparing prediction errors on the independent valida-
tion set (Mevik & Wehrens, 2015; Wadoux, Malone,
et al., 2021). Random forest was implemented using the
randomforest function from the randomForest package
(Breiman, 2001). Random forest is an ensemble method
known to be accurate and able to handle non-linear rela-
tionships and combines multiple decision trees and
improves generalization, which is useful when working
with diverse soil types and variations in spectral data.

Each of the calibration algorithms was validated with
the independent validation dataset with the following sta-
tistical parameters as used in the literature: mean error
(ME) (Shepherd & Walsh, 2002; Sila et al., 2016; Wadoux,
Malone, et al., 2021); root mean square error (RMSE)
(Dangal et al., 2019; Shepherd & Walsh, 2002; Wadoux,
Malone, et al., 2021); squared Pearson correlation coeffi-
cient () (Dangal et al., 2019; Shepherd & Walsh, 2002;
Wadoux, Malone, et al., 2021); coefficient of determination
(R?) calculated as 1—SSE/SST where SSE is the sum of the
squared error and SST of the total sum of squares (Dangal
et al., 2019; Shepherd & Walsh, 2002; Wadoux, Malone,
et al., 2021); the ratio of performance to deviation (RPD)
(Dangal et al., 2019; Shepherd & Walsh, 2002; Wadoux,
Malone, et al., 2021); the ratio of performance to inter-
quartile (RPIQ) (Wadoux, Malone, et al., 2021; Waruru
et al., 2015); the coefficient of variation (CV) (Cantarella
et al., 2006); and the mean absolute percentage error
(MAPE) (Albinet et al., 2022). In total 18 prediction
models were created with our local dataset, one for each
soil property with Cubist, PLSR and RF, respectively. The
prediction models were tested against the calibration set as
well as the independent validation dataset.

226 |
library

Comparison with global spectral

To compare the locally calibrated soil property prediction
models with the models calibrated with a global spectral
dataset from the OSSL, the same independent validation
dataset used to validate the models calibrated with a local
soil spectral library was used as input for the OSSL esti-
mator. The raw spectral data were separated from the soil
property data and uploaded to the estimator and were
specified as MIR in the Web application. Each corre-
sponding model for the soil properties used for our local
models was selected and prediction values for each soil
property used for the local models were also obtained
using the OSSL models. The predictions made using the
OSSL models were then exported and compared with
the local model's predictions for the independent valida-
tion dataset. The soil and spectral database presented by
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the SoilSpec4GG initiative in the OSSL database contains
roughly 88,867 georeferenced samples worldwide which
were scanned using Vis-NIR, NIR and MIR (Safanelli
et al., 2023). The MIR database comprises 46,475 samples
globally. From South Africa, the dataset contains 64 sam-
ples, 34 samples in the central parts of the country and
30 samples at the eastern part of the country.
South Africa’s contribution to the global database is sub-
par compared to other countries. Using the online OSSL
engine with estimation service allowed the upload of the
MIR scans of the local independent validation set used
for this study to evaluate the performance of the OSSL
prediction service for this area (Safanelli et al., 2023).
Any uploaded data are stored under the user account and
can be activated anytime for obtaining predictions. This
enables multiple dataset uploads and reduces the need to
reupload the spectral data every time. When uploading
the spectral data, a visual plot of the active spectral data-
set is presented along with a table of the dataset. The cor-
responding soil properties were selected, and the
prediction models were used to obtain prediction values
from the spectral data for each soil property. The pre-
dicted soil property values were statistically compared
using the same parameters in Table 3, and the prediction
results of the OSSL were plotted onto the local prediction
model results to compare in Figure 4.

3 | RESULTS AND DISCUSSION

3.1 | Soil property database

The soil property data used in the spectral library based
on 979 soil samples closely mirrored the ranges observed

in the initial 4400 samples (Figure 2), indicating that the
cLHS method effectively captured the diversity of soil
properties in the study area.

The Shapiro-Wilk test confirmed the non-normal dis-
tribution of selected soil properties, except for pH, which
approached normality but still exhibited a significant
deviation (p < 0.05). This non-normality is consistent
with the broader soil property database and reflects the
inherent variability of soil characteristics in the Western
Highveld, aligning with the findings of other studies in
diverse agricultural regions (Minasny & McBratney,
2016). Descriptive statistics (Table 1, Figure 2) reveal that
the selected soil samples represent the typical range of
values found in agricultural cropland soils within the
grain-producing region. Notably, the soil pH values
exhibited a wide range (4.72-8.40), reflecting the diverse
parent materials (e.g., basalt, granite and sandstone) and
management practices (e.g., liming, fertilization) across
the study area (Brady & Weil, 2017). This variability
underscores the importance of developing locally cali-
brated models, as soil pH, along with other critical factors
such as soil organic matter content and soil texture, plays
a key role in influencing nutrient availability and crop
growth (Brady & Weil, 2017; Lal, 2006). The skewed dis-
tribution of P concentrations (median 10.5 mg.kg ') sug-
gests that a significant proportion of soils in the region
may be deficient in this essential nutrient. This aligns
with previous findings highlighting the widespread P
deficiency in South African soils (Barnard & du
Preez, 2004). There is a potential use for soil spectroscopy
to identify areas requiring P fertilization, enabling tar-
geted nutrient management strategies for improved crop
yields (Dhawale et al., 2013). The exchangeable cation
concentrations (Ca, Mg, K, Na) also vary considerably,
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reflecting the complex interplay of factors such as parent
material, weathering and agricultural practices. Under-
standing these variations through accurate soil analysis is
crucial for optimizing fertilizer recommendations and
promoting balanced nutrient supply for crop production.

3.2 | Soil mid-infrared spectra

The MIR spectra of the 979 soil samples exhibited consis-
tent patterns, with strong spectral clusters formed in the
ranges of 3700-3000, 2400-2100 and 2000-400 cm~t
(Figure 3). These clusters likely represent the fundamen-
tal vibrations of molecular bonds associated with com-
mon soil constituents such as clay minerals (3700-

3600 cm™ '), organic matter (29202850 cm ') and car-
bonates (1450-1410 cm™ ') (McCarty & Reeves, 2006).
Minor variations in spectral signatures were observed
within the 2400-2300 cm ™' range, characterized by deep
troughs that intensified during the scanning process.
These anomalies were attributed to CO, vapour interfer-
ence, a known phenomenon affecting MIR
spectroscopy due to the strong absorption of CO, in this
spectral region (Nocita, Stevens, van Wesemael, Brown,
et al., 2015). To mitigate this effect, the raw spectral data
within the 2400-2300 cm ™' range were clipped during
preprocessing, ensuring that subsequent analyses were
based on accurate spectral information. The consistent
spectral patterns observed across the samples, despite
minor variations, suggest that the soils of the study area

TABLE 1 Descriptive statistics for all soil properties used in the soil spectral database.

Soil properties 73 Median c Min Max Range n

pH (KC) 5.19 5.11 0.79 3.68 7.62 3.94 979
Bray-1 P (mgkg ") 25.2 19 22.53 1 256 255 979
Exchangeable K (mg.kg ™) 146.91 134 74.47 2 526 524 979
Exchangeable Ca (mg.kg™") 462.48 407 254.27 45 2243 2198 979
Exchangeable Mg (mg.kg™") 113.69 97 72.82 16 786 770 979
Exchangeable Na (mg.kg ") 11.15 9 7.38 1 85 84 979

Abbreviations: Max, maximum; Min, minimum; n, number of samples; y, mean; o, standard deviation.

Absorbance

3800 3600 3400 3200 3000 2800 2600 2400
Wavenumbers [cm ]

FIGURE 3

2200 2000 1800 1600 1400 1200 1000 800 600 400

Mid-infrared spectral signatures of soil samples collected from the Western Highveld region of South Africa scanned using

the Bruker Alpha II Drifts. The spectra exhibit consistent patterns with distinct absorption peaks and troughs, reflecting the diverse

mineralogical and organic matter composition of the soils.
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share similar mineralogical and organic matter composi-
tion. This homogeneity can facilitate the development of
robust calibration models for predicting soil properties
from MIR spectra. However, the presence of CO, interfer-
ence highlights the importance of careful preprocessing
and quality control measures to ensure the accuracy and
reliability of soil spectroscopic analysis, as emphasized by
previous studies (Minasny & McBratney, 2016).

3.3 | Local prediction model
performance with calibration dataset

The statistical measures for each of the 18 calibration algo-
rithms for both the calibration and validation datasets are
shown in Table 2. The statistical performance parameter
results for the calibration dataset show that most soil proper-
ties performed well when evaluated with this dataset. Ran-
dom forest models outperformed the Cubist and PLSR
prediction models for each soil property. Most of the soil
properties gave good prediction results for this dataset as did
pH for all three algorithms, with the highest R* (0.95) and
RPIQ (6.03) and lowest RMSE (0.19) using RF. The potas-
sium algorithm performed relatively well with RF (R* = 0.9,
RPIQ = 2.4 and RMSE = 6.95) but to a lesser extent with
Cubist and PLSR. Calcium calibrated well with Cubist, RF
and PLSR, and RF (R2 = 0.95, RPIQ = 5.61 and RMSE =
57.57) produced superior performance. Potassium (R* =
0.19, RPIQ =4.12 and RMSE = 24.05), Na (R*= 0.85,
RPIQ = 2.4 and RMSE = 2.91) and P produced good results
using RF, whereas Mg had good predictions for Cubist, RF
and PLSR models respectively; again RF (R2 = 0.95,
RPIQ = 4 and RMSE = 17.25) performed the best.

3.4 | Prediction model performance with
independent validation dataset

Whereas the results for the predictions made using the
calibration dataset may indicate successful calibrations, it
is more important to evaluate prediction models using an
independent dataset (Kuhn & Johnson, 2013), as this
indicates the usefulness of the calibration algorithms.
Validation using an independent dataset was much worse
than on the calibration dataset. Validation results
(Table 2) showed that PLSR gave the best results for
pH. According to the Soil and Plant Analysis Council
(2000), the necessary precision to which pH is read for
routine soil analysis is a unit of 0.1. The best-performing
prediction model for pH had an RMSE of 0.27. While our
models demonstrated satisfactory performance compared
to other soil spectroscopy prediction models, caution
should be exercised when applying these models to soils

outside the region of calibration. This is consistent with
the general understanding that spectral calibrations can
be site-specific due to variations in soil properties and
environmental factors (Bellon-Maurel et al., 2010;
Dhawale et al., 2021; Minasny & McBratney, 2016). Cub-
ist and PLSR models for pH in this study showed similar
results than corresponding predictions made with PLSR
by Wijewardane et al. (2018) and with MIR (R*> 0.80
and RMSE <0.5). Dangal et al. (2019) showed that a Cub-
ist model can produce improved pH predictions
(R* = 0.89 and RMSE = 0.34). The soil pH scatter plots
(Figure 2), which compare the predicted versus the actual
measured values for each soil property onto a 1:1 line
reinforce our findings. The PLSR scatter plot had a higher
density of points along the 1:1 line compared to the Cub-
ist and RF plots for pH.

The calibration models for Bray-1 P achieved the best
performance with the RF algorithm (R* = 0.58,
RPIQ = 1.08, RMSE = 15.78). However, this perfor-
mance fell short of the standard laboratory precision
(CV = 5%) established by the Soil and Plant Analysis
Council (2000). While the accuracy of our models did not
meet this criterion, it aligns with findings from other
studies on MIR spectroscopy for Bray-1 P prediction. For
instance, Soriano-Disla et al. (2014) reported R* values of
0.5-0.7, and Wijewardane et al. (2018) observed a similar
R? of 0.14 and RMSE of 45.17. The challenges in accu-
rately predicting Bray-1 P may be attributed to spectral
interferences from silicates and sulphates, which share
absorption bands with P in the 1100-1000 cm ' region
(Smith, 1999). Overall, while the current MIR calibration
models for Bray-1 P provide reasonable estimates, their
accuracy could be improved by addressing the challenges
associated with spectral interference and refining the
models with larger and more representative datasets. This
suggests that future studies could potentially improve
prediction accuracy by prioritizing the identification and
use of secondary P absorption bands or by incorporating
spectral preprocessing techniques designed to mitigate
these interferences.

Evaluation of the independent validation dataset indi-
cated that the Cubist model performed best for predicting
exchangeable Ca, achieving an R? of 0.84, RPIQ of 3.14
and RMSE of 90.32mgkg '. Although this RMSE
exceeded the standard laboratory precision (CV = +7.7%)
for exchangeable Ca (Soil and Plant Analysis
Council, 2000), the overall accuracy was comparable to
other studies employing MIR spectroscopy for exchange-
able Ca prediction. For example, Janik et al. (2009)
achieved R* values of 0.87 and 0.89 using PLS and PLS
combined with neural networks (PLS-NN), respectively.
Similarly, Ji et al. (2016) reported R* values of 0.81 for
organic soils and 0.73 for mineral soils. These findings,
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along with ours, highlight the suitability of MIR spectros-
copy for Ca prediction, likely due to the strong represen-
tation of soil organic carbon (SOC) and texture-related
absorptions in this spectral region, which are known to
be correlated with exchangeable Ca concentrations
(Viscarra Rossel et al., 2006). Furthermore, the relation-
ship between soil pH and Ca availability is well-
established, with Ca often applied as lime to raise soil pH
(Vona et al., 2022). Thus, the accurate prediction of
pH using MIR spectroscopy in this study likely contrib-
uted to the robust performance of the Ca models. How-
ever, our calcium scatter plots (Figure 4) reveal that all
three models (Cubist, PLSR and RF) struggled to accu-
rately predict [Ca] exceeding 800 mg.kg . This suggests
a potential limitation in the current models for high-Ca
soils, which may be due to saturation effects or non-
linear relationships between spectral features and Ca
content at elevated concentrations. This highlights the
need for further model refinement, which could be
addressed by incorporating additional spectral variables,
applying more advanced data transformations or utilizing
more sophisticated machine learning algorithms. In addi-
tion to the Cubist, RF and PLSR algorithms used in this
study, other potential methods such as Support Vector
Machines (SVM), Gradient Boosting Machines (GBM)
and Extreme Gradient Boosting (XGBoost) could offer
improved performance for soil property predictions
(Deiss et al., 2020; Liu et al., 2017; Zhao et al., 2022).
Implementing these advanced algorithms has been
shown to increase prediction accuracy by better capturing
complex relationships in high-dimensional spectral data
(Deiss et al., 2020; Liu et al., 2017; Zhao et al., 2022).
Exchangeable K prediction proved challenging, with
PLSR yielding the most accurate results among the three
algorithms (R* = 0.38, RMSE = 52.83 mg.kg !, RPIQ =
1.82). Although all models exhibited high accuracy along
the 1:1 line in the scatter plots, their precision was lack-
ing, as evidenced by the statistical performance metrics.
These findings align with those of Albinet et al. (2022),
who also reported better exchangeable K predictions
using PLSR (R* = 0.64) and further improved accuracy
(R* = 0.79) by employing a convolutional neural network
(CNN). While definitive accuracy requirements for
exchangeable K prediction are not established, some soil
analysis handbooks recommend a CV below 18%
(Haluschak, 2006). Our models did not achieve this level
of precision. However, considering the optimal exchange-
able K range for maize production in the Highveld region
(55-120 mg.kg ") and the critical level (<40 mgkg ')
(FERTASA, 2016), the current PLSR model may still be
useful for distinguishing between soils with sufficient
and deficient K levels for crop growth. The limited accu-
racy of exchangeable K prediction in this study may be
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attributed to several factors, including: spectral
complexity—where the complex spectral signature of
exchangeable K, which overlaps with other soil compo-
nents, may make accurate quantification difficult; sample
size and diversity—the relatively small sample size and
limited variability in exchangeable K concentrations in
our dataset may have hindered model development—and
model selection, where PLSR, while effective for captur-
ing linear relationships, may not be the optimal algo-
rithm for complex soil properties like exchangeable
K. Exploring alternative approaches, such as CNN as
demonstrated by Albinet et al. (2022) could yield
improved results. Overall, while the current MIR spec-
troscopy models for exchangeable K prediction show
potential for practical application, further research is
needed to enhance their accuracy and precision. This
may involve incorporating larger and more diverse data-
sets, exploring alternative calibration algorithms and uti-
lizing advanced spectral preprocessing techniques to
isolate the spectral signature of exchangeable K from
interfering compounds.

Exchangeable Mg prediction was most accurate using
the Cubist model, achieving an R? of 0.76, RMSE of
32.36 mgkg ' and RPIQ of 2.13. While all models exhib-
ited high accuracy and precision for Mg concentrations
below 150 mgkg ', prediction accuracy declined for
higher concentrations. This suggests that model refine-
ment may be needed to accurately assess soils with ele-
vated Mg levels. Despite this limitation, the Cubist model's
performance for Mg within the optimal range for maize
production in Highveld soils (24-48 mgkg *, with a criti-
cal level <19 mgkg ") (FERTASA, 2016) indicates its
potential utility for informing Mg fertilization decisions.
Soils with predicted Mg concentrations above 150 mg.kg
can likely be considered sufficient, while those below this
threshold may require further investigation or supplemen-
tation. The accuracy of our Mg prediction model slightly
exceeded that of previous studies using MIR spectral data,
such as Soriano-Disla et al. (2014) (R* = 0.74) and Tho-
masson et al. (2001) (R*> = 0.70). However, Shepherd and
Walsh (2002) achieved a higher R* of 0.81 using NIR spec-
troscopy and multivariate adaptive regression splines
(MARS), suggesting that exploring alternative spectral
regions and modelling techniques could further enhance
Mg prediction accuracy.

Exchangeable Na prediction was most accurately
modelled using the RF algorithm, but the overall perfor-
mance was relatively low (R*=0.21, RPIQ = 1.15,
RMSE = 4.49 mgkg ). This accuracy falls short of the
acceptable standard (5%-10% CV) for determining
exchangeable cation concentrations using ammonium
acetate extraction, as established by the Soil and Plant
Analysis Council (2000). Previous studies using MIR and
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FIGURE 4 Comparison of observed versus predicted values for soil properties (pH, P, K, Ca, Mg, Na) using three different calibration
models (Cubist, PLSR and RF) on the independent validation dataset. Each row represents a different calibration model, and each column
represents a different soil property. The black line indicates the 1:1 line where observed values equal predicted values.
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NIR spectroscopy have reported higher R* values for Na
prediction, such as 0.74 (Soriano-Disla et al., 2014) and
0.82 (Safanelli et al., 2023). This discrepancy may be
attributed to the limited range of Na concentrations in
our dataset, potential spectral interferences from other
soil constituents or the inherent limitations of the RF
algorithm for predicting this specific property. Future
research could improve Na prediction accuracy by incor-
porating a wider range of Na concentrations in the data-
set, exploring alternative machine learning algorithms
better suited for Na prediction and implementing
advanced spectral preprocessing techniques to isolate and
enhance the Na spectral signature.

Results show that there is no one calibration algo-
rithm that is able to accurately apply to all soil properties.
Instead, each soil property had varying success using the
different methods. RF made better predictions for the soil
properties P and Na. The RF model performed worst
when predicting the remaining soil properties compared
to its performance on P and Na, and better predictions
were made using the other machine learning methods.
Despite RF demonstrating the best performance in statis-
tical measures on the calibration dataset, the discrepan-
cies observed when applying the model to the validation
dataset suggest a tendency towards overfitting, as also
noted by Wadoux, Malone, et al. (2021).

TABLE 3 Local calibrated prediction model compared to Open Soil Spectral Library's prediction models using a local spectral dataset.
Local models OSSL estimator
RMSE ME r R? RPIQ RMSE ME r R? RPIQ
pH (KCI) 0.28 —0.04 0.87 0.92 3.73 No Model Available
P 15.69 2.87 0.55 0.66 1.26 29.13 —17 0 —0.65 0.68
Ca 87.23 1.09 0.84 0.91 34 1490.5 —440.67 0.04 —4.15 0.61
Mg 34.98 —3.01 0.71 0.82 1.89 127.41 —109.94 0 =297 0.52
Na 7.48 -1.3 0.08 0.16 1.04 13.67 —11.33 0.02 —2.18 0.57
K 55.23 —5.06 0.37 0.53 1.74 163.2 —146.58 0.02 —4.17 0.61
PH P (mgkg™) Ca (mgkg")
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FIGURE 5 The plot illustrates the comparison of observed and predicted soil property values for a set of validation samples using

locally calibrated (black points) and OSSL models (red points). The x-axis represents the predicted values, while the y-axis represents the
observed values. The 1:1 diagonal line indicates perfect agreement between observed and predicted values. OSSL model predictions for
potassium were extremely underpredicted and could not be scaled on the plot.
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This study used a relatively small sample size in the soil
spectral database to calibrate the respective prediction
models for each soil property. This resulted in slightly
lower R” values than expected when calibrated for pH and
Ca. Other studies that used larger sample sizes or large
spectral MIR libraries like that of Dangal et al. (2019) pro-
duced better R*> values for their respective prediction
models. It is important to note that the calibration dataset
calibrated well for all properties, which means that while
the validation dataset did not perform well, if the calibra-
tion dataset size is increased to represent all possible sce-
narios of mixtures of soil properties (e.g., all soil pH for
different clay contents), then increasing the calibration
dataset is a viable option to improve calibration algorithms.

3.5 | Evaluation of global soil inference
models with local spectral data

The results confirmed the expected performance of the pre-
diction service with local data. The OSSL flagged all local
samples as not represented in the global spectral OSSL
MIR database. The representation function flags spectral
data from the uploaded samples that are not represented
by the spectral feature space of the calibration dataset,
which implies that the South African soil spectral data are
not well represented in the current OSSL MIR database
(Safanelli et al., 2023). The local prediction models outper-
formed the OSSL prediction models as expected (Table 3
and Figure 5), due to under-representation of local calibra-
tion data available in the initial OSSL datasets. All soil
properties predicted with the OSSL had RPIQ values <1
and high RMSE, making these predictions unusable. It has
been proven that the OSSL works well for spectral data
captured in regions sufficiently represented in the initial
OSSL  dataset wused for calibration (Grover &
Brungard, 2024). Currently, any spectra collected within
South Africa cannot be used using the global model unless
sufficient soil data are contributed to the global dataset.
Certain soil properties like pH (KCl) are still routinely used
commercially in South Africa and are not available in the
OSSL estimator; the only available model for pH is 1:1 soil
water suspension pH (H,0) and 1:2 pH (CaCl,). This rein-
forces the need to create local models that include soil
property analysis methods routinely used in South Africa.

4 | CONCLUSION

This study successfully developed MIR calibration models
for soil pH, Bray-1 P, exchangeable Ca, K, Mg and Na in
the Western Highveld region of South Africa, using
Cubist, PLSR and RF algorithms. The results demonstrate
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that accurate soil property predictions can be achieved
using locally calibrated models, particularly for pH and
Ca. However, global models like OSSL currently under-
perform due to limited representation of South African
soil spectral characteristics. The findings highlight the
importance of regional soil spectral libraries for accurate
soil property predictions in SSCM. Contributing local
data to global databases, such as OSSL, can significantly
improve their performance for South African users.
Furthermore, expanding the scope of local calibration
models to include a wider range of soil properties and
spectral data, as well as exploring additional machine
learning algorithms, can further enhance the accuracy
and applicability of soil spectroscopy in South Africa.
This research serves as a crucial step towards more sus-
tainable agriculture practices like precision agriculture in
South Africa by providing locally relevant, accurate and
efficient soil analysis tools. By understanding
and accounting for regional soil variability, we can opti-
mize resource management and contribute to food secu-
rity in the face of growing population demands.
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