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A B S T R A C T

A soil spectrum generated by any spectrometer requires a calibration model to estimate soil properties from it. To 
achieve best results, the assumption is that locally calibrated models offer more accurate predictions. However, 
achieving this higher accuracy comes with associated costs, complexity, and resource requirements, thus limiting 
widespread adoption. Furthermore, there is a lack of comprehensive frameworks for developing and utilizing soil 
spectral libraries (SSLs) to make predictions for specific samples. While calibration samples are necessary, there 
is the need to optimize SSL development through strategically determining the quantity, location, and timing of 
these samples based on the quality of the information in the library. This research aimed to develop a spatially 
optimized SSL and propose a use-framework tailored for predicting soil properties for a specific farmland context. 
Consequently, the Moroccan SSL (MSSL) was established utilizing a stratified spatially balanced sampling design, 
using six environmental covariates and FAO soil units. Subsequently, various criteria for calibration sample 
selection were explored, including a spatial autocorrelation of spectra principal component (PC) scores (spatial 
calibration sample selection), spectra similarity memory-based learner (MBL), and selection based on environ
mental covariate clustering. Twelve soil properties were used to evaluate these calibration sample selections to 
predict soil properties using the near infrared (NIR) and mid infrared (MIR) ranges. Among the methods assessed, 
we observed distinct precision improvements resulting from spatial sample selection and MBL compared to the 
use of the entire MSSL. Notably, the Lin’s Concordance Correlation Coefficient (CCC) values using the spatial 
calibration sample selection was improved for Olsen extractable phosphorus (OlsenP) by 41.3% and Mehlich III 
extractable phosphorus (P_M3) by 8.5% for the MIR spectra and for CEC by 25.6%, pH by 13.0% and total ni
trogen (Tot_N) by 10.6% for the NIR spectra in reference to use of the entire MSSL. Utilizing the spatial auto
correlation of the spectra PC scores proved beneficial in identifying appropriate calibration samples for a new 
sample location, thereby enhancing prediction performance comparable to, or surpassing that of the use of the 
entire MSSL. This study signifies notable advancement in crafting targeted models tailored for specific samples 
within a vast and diverse SSL.

1. Introduction

Proximal spectral signatures acquired from soil samples in the near 
infrared (NIR) to mid infrared (MIR) ranges of the electromagnetic 
spectrum need to be calibrated, mostly using conventional wet chem
istry analysis. A soil spectral library (SSL), which is fundamentally a 
paired dataset consisting of soil spectral records and conventional wet 

chemistry data of the same samples, is built to calibrate the predictive 
models for estimating soil properties for new samples (Knadel et al., 
2012; Demattê et al., 2019; Baumann et al., 2017; Summerauer et al., 
2021). Based on this approach, soil spectroscopy has been evaluated for 
diverse applications with the aim of minimising the need for future 
expensive and time-consuming conventional soil analysis such as for 
digital soil mapping (Brodský et al., 2011), soil classification and 
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groupings (Viscarra Rossel et al., 2016; Zeng et al., 2017), and precision 
agriculture (Ng, et al., 2020; Breure et al., 2021; Asrat et al., 2023). 
However, for the practical application of soil spectroscopy, it is essential 
to establish a comprehensive reference pattern in the SSL database. 
Addressing this need involves ensuring that the calibration samples used 
in the models are the most representative of the criteria such as the 
target region, the spatial scale, sample conditions, the range of soil 
variability, and the spectral space in which the models are to be applied 
(Savvides et al., 2010; Grunwald et al., 2018).

Therefore, it could be possible to achieve the required high resolu
tion soil information easily and more economically (although not 
equally well for all soil characteristics) using soil spectroscopy to sup
port informed decisions and monitoring of sustainable soil functions and 
ecological services obtained from soil systems compared to the con
ventional soil analysis methods. However, to take the approach towards 
wider application, there are still concerns over the source of un
certainties related to SSL development and selection of appropriate 
calibration sample entries from a large SSL for new samples to be pre
dicted (Ramirez-Lopez et al., 2013a; Sun et al., 2021). This is because 
the large SSL might possess non-informative samples (regarding the 
local spectral and soil variability) to develop a specific predictive model 
for a specific farmland. The routine evaluation of soil predictions using 
soil spectroscopy is to split the data into calibration and a validation sets, 
either randomly or with stratifying algorithms in the spectra space such 
as k-means clustering (Næs, 1987), Kennard-Stone sampling (Kennard 
and Stone, 1969; Nawar and Mouazen, 2018), conditioned hypercubic 
sampling (Minasny and McBratney, 2006; Moloney et al., 2023), a 
combination of these (Ogen et al., 2018), or by stratification using 
environmental covariates (Wijewardane et al., 2018; Dotto et al., 2020).

The spectral libraries might cover differing spatial areas, ranging 
from local (Guerrero et al., 2016) and national (Demattê et al., 2019) to 
regional (Shepherd and Walsh, 2002), continental (Stevens et al., 2013), 
or even global scales (Viscarra Rossel et al., 2016). In all these scaled 
SSLs, apart from variation in the sampling design, number of samples 
required, and spectra information generated, a spatial component is 
embedded which the current evaluation of prediction performances may 
have not considered. Further on, the validation set used to evaluate the 
predictive models may not be similar in spectral and soil characteristics 
with the new samples to be analysed (Stenberg et al., 2010). Conse
quently, this may result in model overfitting which is characterized by 
smaller calibration errors and large prediction deviation causing a reli
ability issue (Summerauer et al., 2021).

Considering this, while calibration samples are essential, there is 
significant potential to optimize the quantity, spatial distribution, and 
type of samples used to enhance the quality of the spectral library 
(Shepherd et al., 2022). Such optimised spectral libraries are supposed 
to minimize and/or avoid further requirement of conventionally ana
lysed soil samples to calibrate a spectroscopic model while predicting 
soil parameters for new samples. Besides, large datasets might not be 
computationally effective and can cause problems when using routine 
calibration methods for regression by increasing noise and leading to 
model inadequacy (Sáiz-Abajo et al., 2005). By selecting representative 
(spatially, spectrally, or other improving criteria and combinations of 
these) and well-distributed calibration sets from abundant SSL data 
entries, fewer samples could be sufficient to build a robust and reliable 
model without losing the prediction accuracy.

Thus, the challenge is to determine the best calibration samples from 
a large and diverse SSL to predict soil properties for any unknown 
sample which only possess geographic coordinates and soil spectra in
formation. A few approaches have been tried and assessed to downscale 
large spectral libraries for local scale, avoiding the need of new local 
calibration sample wet chemistry analysis while improving prediction 
performance to minimizing the cost of soil information. Among other, 
geographically weighted partial least square regression Kriging (PLS- 
GWRK) implements a spatial weighted regression and gives larger 
weights to the coefficients closest to the new sample location (Song 

et al., 2021). Another approach is the implementation of a continuous 
spectra similarity analysis (Memory-based Learner [MBL]) to narrow 
down calibration sample entries based on the spectra distance to the new 
samples from a large SSL (Dangal et al., 2019; Summerauer et al., 2021). 
Both approaches have been evaluated for their contribution to improved 
soil property prediction for new samples from fewer calibration samples 
(≪the entire SSL) in geographic and spectra space, respectively.

However, these studies did not consider the spatial autocorrelation 
of spectra when selecting calibration samples for predicting a new 
sample. Spatial autocorrelation refers to the principle that spatially close 
objects are more likely to exhibit similar properties than those further 
apart. In the context of soil spectra, it means that the spectral signatures 
of soil samples located near each other are more likely to be similar in 
most structures. By accounting for the spatial dependency through 
variogram analysis, it can be more effective in selecting calibration 
samples that represent the spatial variability within a study area, ulti
mately improving the predictive accuracy of soil property models from 
spectra.

Additionally, previous studies limited their evaluation to a small 
number of soil properties and a single spectral source. In order to obtain 
a robust assessment of the effectiveness of subsetting entire SSLs, it is 
essential to examine and model the spatial relationship of spectra within 
a SSL generated from various soil scanning instruments. In this paper we 
consider both MIR and NIR spectral sources.

We targeted the Moroccan rainfed wheat growing areas as the 
research domain. To date, there are only a few samples collected from a 
Mediterranean climate included in the global (GSSL) (https://explorer. 
soilspectroscopy.org/) (SoilSpec4GG, 2020) as well as the Geocradle 
Regional Soil Spectral Libraries (GRSSL) (http://datahub.geocradle.eu/ 
dataset/regional-soil-spectral-library) (Geocradle, 2018), with no soil 
samples included from Morocco. To evaluate different approaches for 
selecting calibration samples, the Moroccan soil spectral library (MSSL) 
was developed. The compared methods included selection based on 
spectra PC spatial autocorrelation (spatial sample selection), soil spectra 
similarity (MBL), and environmental covariate clusters, in comparison 
to the use of the entire MSSL. The specific objectives of this study were: 
− 1) to develop a representative SSL for the rainfed wheat-growing areas 
of Morocco, 2) to study the spatial autocorrelation of the spectra PC 
scores in MIR and NIR spectra, 3) to evaluate the prediction performance 
of the calibration models built with spatial, spectral and covariate 
clustering based calibration sample selection for various soil properties 
and soil spectral range combinations, and 4) to propose a use-framework 
on how best to use the MSSL for prediction of soil properties for a spe
cific farmland.

2. Material and methods

2.1. Soil sampling location and sampling strategy

This research targeted the rainfed wheat-growing areas of Morocco 
and the soil samples were collected from regions of agricultural 
importance and their dominant soil types. Morocco is a country in the 
Maghreb region of North-western Africa with a Mediterranean climate. 
Morocco is mostly situated in the arid to semi-arid climate region, and 
the rainfed agriculture accounts for around 80 % of the utilized agri
cultural area (Mamassi et al., 2023). Based on the 2017/2018 crop cover 
map (https://lcviewer.vito.be/2018) (Copernicus:Europe’s eyes on 
Earth, 2020) and the FAO 1974 soil classification (Spaargaren and 
Batjes, 1995), Calcic Kastanozems (Kk), Calcic Cambisols (Bk) and 
Chromic Luvisols (Lc) dominate the cropped areas of Morocco in this 
order of importance (Supp. Doc. Sec. 1).

We selected a subset of 599 soil sampling locations from the Al 
Moutmir BU (College of Agriculture and Environmental Sciences, 
Mohammed VI Polytechnic University, Ben Guerir, Morocco) dataset 
that classified as rainfed wheat farms in the 2019–2020 cropping season. 
Sampling sites were selected with a stratified balanced coverage 
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sampling (StrBCS) design to have a balanced representation of the soil 
types, geographic coordinates, and environmental covariates. Stratified 
balanced coverage sampling or the doubly balanced sampling eliminates 
the poor spread of covariates on the axis in their spatial space. Details of 
the sampling algorithms are provided in the Supp. Doc. Sec. 2. For the 
stratification, we used the lcubestratified function from the Balan
cedSampling package of R (Grafström, 2018).

Mean annual rainfall, mean annual temperature, slope percent and 
elevation, which are the most influential drivers of soil formation at 
local scale, were used as balancing covariates, longitude and latitude 
were used as spreading covariates, and the FAO soil types were used as 
stratifying variables. Details of the environmental covariate data types 
and sources are elaborated in the Supp. Doc. Sec. 3. Furthermore, the 
StrBCS design was used to subset the database into a calibration data
base (further on named as the Moroccan Soil Spectral Library (MSSL) 
and new samples (validation set) to evaluate different methodologies of 
sample selection for calibrating soil spectra to laboratory data (Fig. 1).

The soil samples were collected from the 0–20 cm soil depth with a 
soil auger, each representing the field of a collaborating farmer. At each 
location, soil samples were collected in a ‘W’ pattern across the field, 
mixed thoroughly and the composite sample was taken for air drying 
and further sample processing for analysis. All sampling locations had 
linked data of farming practices, coordinates, and crop productivity. An 
overview of the sampling sites is given in Fig. 1.

2.2. Baseline soil property analyses

The soil samples were air-dried, crushed, sieved to less than 2 mm, 
and further processed (milling and weighing) for laboratory analysis as 
required. Twelve soil properties were considered for this study based on 
their importance for plant nutrition, soil health and soil productivity. 
Soil particle size distribution was determined by a laser diffraction on a 
L-960 particle-size analyser (Horiba scientific Ltd.) in the Dry Spectral 
Laboratory at Rothamsted Research. The instrument allows for the 
measurement of particle sizes (volume, %) within the size range of 
0.02–2000 µm using a diode laser of 650 nm wavelength and a blue LED 
light source of 405 nm wavelength in wet mode. The intervals used were 
clay diameter < 5 µm, silt 5 < d < 63 µm, sand 63 µm < d < 2000 µm 
(Thomas et al., 2021). Total carbon and nitrogen were measured using 

the dry combustion method with a Leco analyser (Nelson and Sommers, 
1996; Bremner, 1996). Inorganic carbon was determined via wet acid
ification using a Skalar Primacs AIC 100 (Skalar Analytical BV, Breda, 
Netherlands). Soil samples were introduced into the reactor, cleared 
with oxygen, then treated with Phosphoric acid and heated to 135 ◦C. 
The released CO2 was measured by an infrared detector. Total soil 
organic carbon (SOC) was then calculated by subtracting inorganic 
carbon from total soil carbon.

The ammonium acetate extracts (ISO 13536:1995) of exchangeable 
potassium (Exch. K) and magnesium (Exch. Mg) were determined by 
atomic emission and atomic absorbance, respectively, and CEC was 
determined with the ammonium acetate method (Ciesielski and 
Sterckeman, 1997a). Soil pH-H2O was measured in a 1:2.5 soil: water 
suspension (ISO 10390: 2005) one hour after mixing, using a semi-micro 
sealed pH electrode from Fisher scientific. Sodium bicarbonate extracted 
soil phosphorus (OlsenP) was determined following the Olsen method 
(Olsen, 1954), and Mehlich III extractable phosphorus (P_M3) was 
determined with an inductively-coupled plasma membrane analyser 
(Mehlich, 1984). Available zinc (DTPA Zn) and manganese (DTPA Mn) 
were determined by atomic absorption spectrophotometer after com
plexing with DTPA (Lindsay and Norvell, 1972).

2.3. Soil spectral collection and spectra preprocessing

Absorbance data in the MIR range (2500 − 16,666 nm) were ob
tained in two replicates, and the average of these was used for subse
quent spectral modelling. The spectral signatures were acquired from 
finely milled samples (< 50 µm following overnight drying at 40 ◦C. 
Measurements in the NIR range (1350–2600 nm) were obtained in three 
replicates per sample. Each replicate was obtained from the same Petri 
dish by shifting the scanning spot across the sample holder. These 
samples were air-dried and sieved through 2 mm stainless steel sieve. 
For more detailed information on each instrument’s specifications, 
including the labelling used in subsequent graphs and discussions, 
please refer to the Supplementary Documentation Section (4). Spectra 
collected by each instrument is depicted in Fig. 2.

The reflectance (R) measurements recoded by Neospectra was 
transformed to the logarithmic apparent absorbance using A = log(1/R)
after which spectra beyond 2450 nm were trimmed off due to low signal- 

Fig. 1. Soil sample locations with crop cover map of the 2019–2020 cropping season and sample subset. There were two geographic distinct sampling regions 
situated in the north and south of Morocco. Note that soil sampling for the cropping area between the two geographic distinct sampling regions is planned.
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to-noise ratio often caused by light scattering effects of quartz sand or 
instrument drift. For both spectra signatures, a combination of spectral 
pre-processing techniques were applied that improved absorption fea
tures by reducing or eliminating noise and thus enhancing the correla
tion with soil properties (Vestergaard et al., 2021). A correlation of these 
pre-processing algorithms with the conventional soil properties’ attri
bute was performed. The smoothing was done with a window size of 11 
for MIR and 3 for NIR and a polynomial order of 1. Afterwards, the 
spectral data was cleaned from water absorption regions (H2O band 1 
between 1350 and 1460 nm; H2O band 2 between 1790 and 1960 nm) in 
the NIR, and CO2 peaks in the MIR absorption regions (between 4274 
and 4464 nm). Spectral pre-processing was implemented in R with the 
prospectr package (Stevens and Lopez, 2022).

2.4. Frameworks for calibration sample selection

We evaluated four different methodologies for calibration sample 
selections and analysed their impact on the prediction performance, 
following the workflow illustrated in Fig. 3. These were use of 1) the 
entire MSSL sample collection (MSSL), 2) subset by first four PC scores 
(weighted by their variance explained) variogram (Spatial selection), 3) 

based on spectra similarity (MBL) and 4) based on clustering using 
environmental covariates and FAO soil units (covariate clustering). The 
details of each methodology are described in section 2.5, 2.6, 2.7, and 
2.8, respectively. We used 524 calibration sample entries for the library 
to develop the predictive model and 75 validation set samples. This was 
done for two spectral sources, i) MIR and ii) NIR. We also considered 
prediction of soil properties using the reflectance spectra in the NIR 
using the entire MSSL dataset.

2.5. The entire MSSL entries with partial least square regression (PLSR)

The first methodology is the reference method in soil spectroscopy, 
generalising and combining features from principal component analysis 
and multiple regression to develop the ‘global’ PLSR predictive model. 
From a systematic review and meta-analysis, Ahmadi et al., (2021) re
ported that the most employed machine learning methods was the PLSR 
family which accounted for around 70 % of the studies in soil spec
troscopy. It establishes a linear relationship between a set of latent 
variables extracted from the spectral matrix (X) while maximizing the 
covariance with the soil property (y). As such, it eliminates the multi
collinearity problem that would arise by regressing y on X. For more 

Fig. 2. Mean with standard error (top row) and raw (bottom) absorbance spectra of the dominant soil types in the NIR and MIR region. Bk = Calcic Cambisols; Kk =
Calcic Kastanozems; Lc = Chromic Luvisols; Je = Eutric Gleysols; Kl = Luvic Kastanozems; V = Vertisols.
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details see Forina et al. (2007). We selected the number of latent vari
ables, or components to retain, by the minimum RMSE from a 10-fold 
cross-validation and considered a maximum of 15 components. We 
used the plsr function in the pls R package (Liland et al., 2023). This 
process generates a single model (per soil property) that was used to 
predict each sample in the validation set.

2.6. Spatial autocorrelation of spectra PC scores

The second methodology selected calibration samples under the 
assumption that soil variation is spatially autocorrelated. A principal 
component analysis (PCA) was computed on the soil spectra. A single 
vector representing the majority of the variation in the spectra space was 
calculated by weighting the first four principal components according to 
the variance they explained. We calculated the experimental variograms 
by the method of moments with Eq. (1), considering a cutoff distance of 
120 km and a lag distance of 10 km. Additionally, we computed the 
experimental variograms for a longer cut-off distance (200 km) to 
investigate any further variogram characteristics that might be present 
in the MSSL dataset. Elevation, slope percentage, mean rainfall and 
temperature were used as covariates to account for long-distance trends. 

γ̂(h) =
1

2m(h)
∑m(h)

i=1
[Z(si) − Z(si + h) ]2 (1) 

where γ̂(h) is the empirical semivariogram value at lag h, m(h) is the 
number of paired comparisons separated by h, Z(si) and Z(si +h) are the 
values of the weighted PC vectors at locations si and si + h, respectively.

After evaluating the residuals of various covariance models, 
including Exponential and Matern, we fitted a spherical covariance 
model (γ(h)) for characterising spatial autocorrelation and parameter 
estimation using Eq. (2). 

γ(h) =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

0ifh = 0

c0 + c

⌈
3h
2a

−

(
h3

2a3

)⌉

, if0 < h ≤ a

c0 + c, ifh > a

(2) 

Where c0 is the nugget, c is the sill, and a is the effective range.
Restricted maximum likelihood fitting led to non-unique solutions 

depending on the initial range parameter. Hence, we used the ‘fit.var
iogram’ function from the gstat package in R (Pebesma and Graeler, 
2023), which uses weights based on the number of point pairs and the 
lag distance, i.e. smaller lag distances and bins with more data get more 
weight. Thus, the spatial dependency analysis determined the distance 
for which the weighted PC was autocorrelated (the effective range). We 
employed subsampling with spatial constraints to select a set of the 
MSSL dataset for each prediction location, based on a local neighbour
hood determined by the effective range estimate (Pebesma and Wes
seling, 1998).

Following this, the predictions of soil properties ẑ(sn) from spectral 
dataset obtained by a specific soil scanning instrument j for new sample 
at any given location sn were derived using the following equation (Eq. 
(3)): 

ẑ(sn)j = PLSR
{

z(si)j, γ(h)j, sn | s ∈ A
}

(3) 

where the PLSR denotes the Partial Least Square Regression function, 
z(si) are the input point data values within area A, γ(h) is the semi
variogram model defining the spatial autocorrelation of the weighted PC 
vector at a defined cut-off distance, sn is the location of the new sample, 
s ∈ A indicates that the points are within the spatial area of A.

This process generates a separate PLSR model (using a specific subset 
of calibration samples) for every sample in the validation set.

Fig. 3. Schematic demonstrating the sample selection processes for soil property prediction from a MIR and NIR soil spectral library. Tensor-II − > Bruker Tensor 27; 
Neospec = Neospectra. StBCS − > Stratified Spatially Balanced Coverage Sampling.
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2.7. MBL spectra similarity analysis

In the third methodology, we followed the approach of Summerauer 
et al., (2021) with slight modification to enhance calibration sample 
selection based on spectral similarity. In this approach, calibration 
samples were selected for each target sample based on spectral simi
larity. The process involved the following steps:

Moving Windows Correlation Dissimilarity: We calculated the dissimi
larity between spectra using a moving window correlation method. This 
was done for a range of window sizes from 11 to 151 in steps of 10. For 
each window size w, the correlation dissimilarity matrix was computed 
using Eq. (4). 

dissimilarityij = 1 − cor
(

Xw
i ,X

w
j

)
(4) 

Where cor
(

Xw
i ,Xw

j

)
is the correlation between the spectral windows of 

size w for sample i and j. The optimal window size was determined by 
calculating the root mean squared errors (RMSE) between the nearest 
neighbours for each target soil property, selecting the window size that 
yielded the lowest RMSE (Suppl. Fig. S2) using Eq. (5). 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2

√

(5) 

Where yi is the actual value, and ŷi is the predicted value.
Selection of Nearest Neighbours and weighted Average PLSR Model: For 

each target sample, we selected the nearest neighbours (NNi) with a 
dissimilarity below a threshold of 0.1 with Eq. (6). 

NNi = {j : dissimilarityij < 0.1
}

(6) 

And a weighted average PLSR model was fitted (Shenk et al., 1997) for 
each target sample. The weights for each component k of the PLSR 
model were calculated based on the reconstruction error Ek of the PLS 
loadings for the target samples using Eq. (7). 

wk =
1
Ek

(7) 

These weights were in turn used to average all PLSR models across the 
range of components considered (minimum 5 and maximum of 15 
components) using Eq. (8). 

ŷ =
∑k

k=1

wk ŷk (8) 

Where ŷk is the prediction from the k − th component.
Optimum Number of Neighbours and Execution of MBL Routine: Lastly, 

the final number of nearest neighbours was determined by nearest 
neighbour cross-validation (Ramirez-Lopez et al., 2013b) testing a range 
from 20 to 100 in interval of 10. The number that minimized the cross- 
validation RMSE was selected. To execute the MBL (Moving Block Local) 
routine, the ‘resemble’ package in R (Ramirez-Lopez et al., 2022) was 
used.

2.8. Cluster grouping using environmental covariates and FAO soil groups

For the fourth method, calibration samples were selected based on 
the similarity in environmental conditions and FAO soil types. We used 
five environmental variables (mean annual rainfall, mean annual tem
perature, slope percent, elevation, and FAO soil types) to cluster the 
entire dataset (n = 599). All numerical variables were scaled to unit 
variance, and the FAO soil types were converted into binary variables 
using one-hot encoding. The one-hot encoding process converted each 
category of the FAO soil types into a separate binary (0 or 1) variable. If 
there are n unique categories {c1, c2⋯cn} in the FAO soil types (FAOSoil), 

the one-hot encoding process created n new binary variables (FAOci ) as 
follow (Eq. (9), 

FAOci =

{
1ifFAOSoil = ci

0otherwise for i = 1, 2, ⋯.,n (9) 

After converting the FAO soil types, the dataset was expanded to include 
these binary variables. We checked for multicollinearity among the 
numberical variables using a correlation matrix and identify highly 
correlated variables (correlation > 0.9), which were removed to avoid 
multicollinearity issues in the clustering process.

We then applied the k-prototypes clustering algorithm to the scaled 
dataset with the original numerical variables and newly created binary 
variables. The k-prototype algorithm, which is suitable for datasets with 
mixed numerical and categorical variables, was employed to minimize 
the total within-cluster variation. The total within-cluster variation 
(total within-cluster sum of squares) was calculated from the sum of 
squared Euclidean distances between variables and the corresponding 
centroid following Eq. (10): 

W(Ck) =
∑

xi∈Ck

(xi − μk)
2 (10) 

where xi is a data point belonging to the cluster Ck, and μk is the mean 
value of the points assigned to the cluster Ck.

To determine the optimum number of clusters, we ran the k-proto
type algorithm for a range of clusters and repeated this process 10 times 
for each cluster count to ensure robustness. The choice of the optimum 
number of clusters was based on evaluating the total within-cluster sum 
squares, selecting the number of clusters that minimised this measure 
while maintaining the minimum number of calibration sample for a 
PLSR model. Each observation xi was then assigned to the cluster such 
that the sum of squares (SS) distance of the observation to the cluster 
centers μk was a minimum. The total within-cluster sum of squares, 
which measures the compactness (i.e. goodness) of the clustering for the 
entire dataset, is given by Eq. (11): 

tot.withinss =
∑k

k=1
W(Ck) =

∑k

k=1

∑

xi∈Ck

(xi − μk)
2 (11) 

where tot.withinss is the sum of the within-cluster variations for all 
clusters.

We used the ‘kproto’ function from the ‘clusteMixType’ R package and 
considered tuning the lambda parameter to adjust the weighting be
tween numerical and categorical distances as needed. In addition, we 
evaluated the stability of the clusters using silhouette scores to confirm 
the robustness of the chosen cluster number. The clustering resulted in 5 
distinct clusters, and training and validation sets were assigned 
accordingly (Supp. Doc. Table 2). Calibration regression was then based 
on cluster associations and the PLSR as described above (2.5). For each 
validation sample, one of 5 possible PLSR models was used according to 
the cluster assignment.

2.9. Accuracy assessment

Ten-fold-leave-group out cross validation was used to optimise PLSR 
model. The models’ performance was further assessed using the mea
sures a) Lin’s concordance correlation coefficient (LCCC) (Lin, 1989), b) 
the coefficient of determination (R2), c) the root mean square error of 
prediction, d) the ratio of performance to the interquartile range (RPIQ) 
(Bellon-Maurel et al., 2010), e) the ratio of performance to deviation and 
f) bias according to the equations below using the test set: 

CCC =
2rsxsy

s2
x + s2

y + (x − y)
(12) 
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R2 = 1 −

∑n
i=1(xi − yi)

2

∑n
i=1(xi − xi)

2 (13) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i
(xi − yi)

2

√

(14) 

RPIQ =
(Q3 − Q1)

RMSE
(15) 

Bias =
1
n
∑n

i
(xi − yi) (16) 

Where xi and yi are the observed and predicted value at point i; x and y 
are the mean of the observed and predicted values; r is the correlation 
coefficient between the observed and predicted values, sx and sy are the 
variance of observed and predicted values, n is the number of samples, 
Q3 and Q1 are the 75th and 25th percentiles, respectively.

3. Results

3.1. Baseline soil properties and their correlations with spectra pre- 
processing

Descriptive statistics are presented in Table 1 for the entire MSSL soil 
samples for both the training and validation sets. The mean and median 
values of SOC across all samples are moderate, though the lowest and 
highest values fell into extremely low and very high categories, 
respectively (Agvise Laboratories, 2019). Higher SOC is typically linked 
to better soil health and nutrient availability. Most of the soil samples 
exhibited a mildly to moderately alkaline pH, with some reaching the 
strongly alkaline range (Hazelton and Murphy, 2016), a characteristics 
often found in semiarid climates with limited leaching. The CEC of the 
soils was generally high, indicating good availability of exchangeable 
cations, which helps regulate soil pH and its response to inputs (Agvise 
Laboratories, 2019). In contrast, low CEC is usually associated with 
lower resistance to change in soil chemistry. Similarly, exchangeable K 
and Mg were found in moderate to high availability categories, likely 
due to the high CEC of soils and low precipitation levels. The distribution 
of clay content across all samples followed a normal distribution in the 
soil textural diagram, according to the International Union of Soil Sci
ences (IUSS) soil textural classification system (Suppl. Fig. 2).

The distribution of soil properties was largely similar between the 
MSSL and validation sets, though the range was generally higher for the 
former. While Olsen P, P_M3, Exch.K, DTPA.Zn, DTPA.Mn and Tot_IC 
showed right-skewed distribution, CEC and pH were left-skewed. In 
contrast, Exch.Mg, TotN and SOC exhibited normal distributions (Suppl. 
Doc. Figs. 4 and 5). Data transformations were applied due to the skewed 
distribution of the data for some of the soil properties. Log trans
formation was applied for those positively skewed datasets viz., OlsenP, 
DTPA.Zn, DTPA.Mn, P-m3, and Exch.Mg, while a square root trans
formation was used for Exch.K. For negatively skewed data of pH and 
CEC, reflection and log transformation were carried out.

The correlation boxplot of spectral pre-processing methods against 
soil property attributes (Fig. 4; Wang et al., 2018) highlighted the crit
ical role of spectral pre-processing in refining the selection of explana
tory variables for modelling via dimension reduction algorithms. The 
box plots effectively illustrated how different pre-processing techniques 
influence the identification of relevant spectral variables, which are 
shown at the tails of the plots, while irrelevant variables were concen
trated around the centre, closer to zero correlation values.

The use of pre-processing methods such as SG + 1D and SG + gap 1D 
pre-processing demonstrated superior performance in generating clearer 
correlations between the spectral data and soil properties across both 
soil scanning instruments. This suggested that these pre-processing 
techniques enhanced the ability to distinguish relevant spectral fea
tures for modelling purposes. However, the analysis also revealed that 
certain soil properties, such as Exch.K exhibited the least correlation 
values on either side of the boxplot, indicating that such soil properties 
might be less responsive to spectral pre-processing or that its spectral 
signature is more challenging to capture accurately. This insight is 
crucial for understanding the limitations and strengths of different pre- 
processing methods in relation to specific soil properties and can guide 
the selection of appropriate spectral pre-processing techniques to 
improve model accuracy and predictive capability.

3.2. Spatial autocorrelation and scale dependency of spectra PC scores

The first four PC components, used as a PC vector, explained 80 % 
and 99 % of the variation in the spectra for the MIR and NIR spectra, 
respectively (Suppl. Fig. 6 & 7). We assumed that these PC components 
could reliably explain most of the spatial autocorrelation for the spectra 
generated. The number of PC components explaining 99 % of the 

Table 1 
Descriptive statistics of soil properties in the training and validation sets.

Soil property Sample set N Min Median Mean Max Std Skewness

CEC (cmol (+) kg-1 of soil) Validation 75 4.20 31.10 30.19 41.80 6.51 − 1.50
Train 524 0.60 31.00 29.46 41.90 7.60 − 1.24

Clay (%) Validation 75 8.46 42.35 40.62 65.62 14.63 − 0.30
Train 524 2.61 40.91 39.90 71.69 15.11 − 0.19

DTPA.Mn (mg kg-1) Validation 75 0.50 5.50 8.92 87.20 11.85 4.29
Train 524 0.50 5.20 8.74 87.70 10.15 3.12

DTPA.Zn (mg kg-1) Validation 75 0.10 0.70 0.75 2.60 0.52 1.18
Train 524 0.10 0.60 0.78 7.20 0.74 3.38

Exch.K (cmol kg-1 of soil) Validation 75 0.38 0.94 1.13 6.86 0.88 4.15
Train 524 0.04 0.95 1.12 10.23 0.73 4.83

Exch.Mg (cmol kg-1 soil) Validation 75 0.63 8.99 10.25 49.87 8.09 2.27
Train 524 0.30 9.05 9.30 56.28 6.51 2.17

OlsenP (ppm) Validation 75 0.72 9.37 14.41 96.22 14.55 2.93
Train 524 0.52 10.08 15.49 130.27 16.93 3.23

P_M3 (ppm) Validation 75 3.00 29.00 47.91 301.00 54.37 2.19
Train 524 1.00 27.00 49.30 381.00 60.33 2.41

pH Validation 75 6.01 8.06 7.98 8.68 0.42 − 2.15
Train 524 5.45 8.08 7.97 8.94 0.48 − 1.74

SOC (%) Validation 75 0.35 1.19 1.30 2.74 0.48 0.86
Train 524 0.09 1.16 1.22 4.29 0.46 1.25

Tot_IC (%) Validation 75 0.00 0.50 0.82 3.87 0.96 1.12
Train 524 0.00 0.21 0.99 9.16 1.39 1.97

Tot_N (%) Validation 75 0.03 0.13 0.14 0.29 0.05 0.71
Train 524 0.03 0.13 0.13 0.42 0.05 0.86
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Fig. 4. Correlation boxplot of each soil properties with spectra pre-processing techniques (SG − > Savitzsky-Golay smoothing) at each wavelength by the scanning 
instrumentation (Neospec − > Neospectra, Tensor-II − > Bruker Tensor 27). The lower and upper limits of each box are the 25th and 75th percentiles, the tails show 
the correlation range, the dots represent outliers and the horizontal line in each box represents the median.
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variation for the MIR were eleven. The spatial autocorrelation of the PC 
vector is depicted in Fig. 5 with cut-off distances of 120 and 200 km. The 
distances were chosen to reflect the width and length of the distinct 
sampling areas (Fig. 1). The separation distance between the two 
distinct sampling areas was around 300 km.

The variograms exhibited distinct patterns of spatial autocorrelation 
among the PC vectors of the NIR and MIR spectral ranges. However, the 
general pattern of the variograms for each spectral range tended to be 
similar between the cut-off distances used. The nugget effect, random 
variation which could be caused by mainly undetectable experimental 
error and field variation within the minimum sampling space (Sun et al., 
2003), remained similar among these cut-off distances. The distinct 
variations notably were 1) a shorter cut-off distance of 120 km yielded 
better fit for spherical variograms and 2) the longer cut-off distance of 
200 km brought up a new developing variogram characteristics for both 
NIR and MIR spectra. This divergence could stem from the additional 
spatial autocorrelation of the PC vectors, given that soil spectra consti
tute a multiresolution dataset (Lark and Webster, 1999; Song et al., 
2021) which is influenced by various soil chromophores exhibiting 
different spatial scales (Savvides et al., 2010).

With the shorter cut-off distance, the spatial autocorrelation for the 
PC vectors reached a sill parameter at a range of 117 and 67 km for the 
MIR and NIR, respectively. These distance values for each spectra source 
indicated the bounding spatial extent within which the first four spectra 
PC scores of the soil samples were spatially autocorrelated. The spherical 
variogram fit showed the presence of a strong spatial autocorrelation for 
both NIR and MIR spectra PC vectors with a steep rise to the sill. This 
means that the soil sample spectra are strongly correlated over the 
effective range.

3.3. Prediction performance among sample selection processes

3.3.1. Use of entire MSSL sample (MSSL)
The PLSR models, created for each soil property using the entire 

MSSL dataset (524 samples), was assessed based on their effectiveness in 
predicting the respective soil properties from the NIR and MIR spectra. 
The models demonstrated excellent predictive accuracy for clay and 
Tot_IC, as evidenced by high CCC (>0.8) and high RPIQ (>2) values for 
both NIR and MIR spectra (Fig. 6). This suggested that these soil prop
erties have strong, consistent spectral signatures across the samples of 
the entire MSSL library, making them well-suited for prediction using 
the entire dataset with a PLSR models.

For SOC and Tot_N, the MIR spectra provided excellent predictive 
agreement (CCC = 0.86 and 0.91, respectively) while the NIR spectra 
showed good but lower agreement (CCC = 0.69 and 0.73, respectively). 
The discrepancy between the MIR and NIR performance could be 
attributed to the absence of critical absorbance ranges (500–1350 nm) in 
the NIR spectra, which includes important C-H and O-H absorption re
gions (Stenberg, Rossel, Mouazen, Wetterlind, et al., 2010). These re
gions are essential for accurately capturing the spectral characteristics 
associated with organic carbon and nitrogen, thus explaining the supe
rior performance of MIR in these cases. We also included the prediction 
performance using the reflectance spectra of NIR for further comparison, 
applying SG-1D preprocessing (see Suppl. Doc. Fig. 7). However, the 
results showed similar predictive accuracy to those obtained with 
absorbance spectra in most soil properties.

The predictive performance for soil properties like CEC, DTPA.Zn, 
Exch.Mg, and P_M3 ranged from moderate to satisfactory when using 
both MIR and NIR spectra. However, the models showed low prediction 
accuracy for OlsenP and Exch.K across both spectral regions, as well as 
DTPA.Mn and pH specifically in the NIR spectra, with CCC values below 
0.5 and RPIQ values under 1. Notably, NIR spectra outperformed MIR in 

Fig. 5. Semi-variograms of PC vectors fitted with a spherical model (solid line) from the respective soil scanning instruments (Neospec − > Neospectra for NIR 
spectra; Tensor-II − > Bruker Tensor 27 for MIR spectra) with cut-off distances of 120 and 200 km. The dashed line is the sill.
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predicting OlsenP and Exch.K. These low performance indicators sug
gest that these properties may have weaker or more variable spectral 
signatures, limiting accurate prediction with PLSR models (Dangal et al., 
2019).

Interestingly, the poor prediction performance for certain soil 
properties correlated with the characteristics observed in the correlation 
boxplot between spectral pre-processing and conventional soil analysis 
values (Fig. 4). The boxplot, which showed the distribution of correla
tions between spectral data and soil properties, could serve as a quali
tative indicator of prediction performance. Specifically, the variability 
in box and tail length for properties like CEC, DTPA.Mn, pH, Exch.K, and 
OlsenP highlights the challenges in predicting these parameters accu
rately across different soil spectra ranges using the MSSL dataset.

Despite these challenges, the study demonstrated that PLSR models, 
particularly those using MIR spectra, can effectively predict a range of 
soil properties. The higher RPIQ values (>1.4) observed for Clay, SOC, 
Tot_IC and Tot_N in the MIR region underscores the potential of both 
spectra regions in delivering more accurate predictions of these soil 
properties. The stronger performance of MIR compared to NIR for 
certain soil properties can be attributed to the richer spectral informa
tion in the MIR range. These findings are consistent with existing 

literature, which highlights the superior predictive ability of MIR 
(Johnson et al., 2019).

3.3.2. Performance comparison between PLSR model calibration sample 
selection methods and the entire MSSL

The selection of calibration samples for the PLSR model produced 
varying prediction performances across different soil property-spectral 
region combinations, with both positive and negative impacts 
(Table 2). The scatter plots illustrating the spread of predicted values 
against the 1:1 line for each sample selection methods are also provided 
in the Supp.doc. Figs. 8–10. For the MIR spectra, the spatial calibration 
sample selection improved the CCC values notably for OlsenP (by 41.3 
%) and P_M3 (by 8.5 %). Similarly, for the NIR spectra, improvements 
were obtained in CEC (by 25.6 %), pH (by 13.0 %), Tot_N (by 10.6 %), 
Exch.Mg (by 9.6 %) and SOC (5.6 %) compared to using the entire MSSL 
dataset. However, the CCC values decreased for DTPA.Mn (− 21.4), 
Exch.K (− 13.7 %), pH (by − 8.3 %) and DTPA.Zn (− 7.1)for the MIR 
spectra, and for Exch.K (by –23.2 %), OlsenP (by − 13.4 %), DTPA.Mn 
(by − 9.5 %) DTPA.Zn (by − 7.3 %) and P_m3 (− 6.7 %) for the NIR 
spectra. Despite these variations, the spatial calibration sample selection 
generally provided comparable prediction performance for other soil 

Fig. 6. Prediction performance for the soil properties of the validation set and soil scanning instruments (NeoSpec − > Neospectra for NIR spectra; TensorII − >

Bruker Tensor 27 for MIR spectra) using the entire MSSL. The statistics shown are the R2, concordance correlation coefficient (CCC), the root mean square error 
(RMSE), Bias, and the ratio of performance to interquartile range (RPIQ).
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property-spectral range combinations, even with smaller sample size 
(<175 samples) compared to the entire MSSL dataset.

On the other hand, the MBL approach enhanced the CCC value for 
OlsenP (by 85.2 %), P_m3 (by 21.2 %) pH (by 12.2 %), and Exch.Mg (by 
7.7 %) in the MIR spectra, and for pH (by 18.7 %), Tot_N (by 13.5 %), 
OlsenP (by 9.9 %), SOC (by 8.5 %), DTPA.Zn (by 8.1 %), and Exch.Mg 
(by 6.3 %) in the NIR spectra. However, it also resulted in decreased CCC 
values for DTPA.Zn (by − 15.1 %), Exch.K (by − 10.9 %), CEC (by − 7.6 
%), and DTPA.Mn (by − 7.0 %) in the MIR spectra, as well as for Exch.K 
(by − 18.9 %) and DTPA.Mn (by − 6.2 %) in the NIR spectra. Overall, the 
spectra similarity selection demonstrated an improvement in prediction 
performance compared to using the entire MSSL dataset aligning with 
findings from Gholizadeh et al. (2018) and Moloney et al. (2023). 
Conversely, the cluster-based calibration sample selection improved the 
CCC values only for OlsenP (by 9.1 %); but led to reduced prediction 
performance for DTPA.Mn (by − 27.5 %), DTPA.Zn (by − 21.9 %), Exch. 
K (− 20.9 %), pH (by − 15.8 %), CEC (by − 7.0), and P_m3 (by − 6.3 %) in 
the MIR spectra. Similarly, in the NIR spectra, it improved prediction 
performance for CEC (by 28.2 %) and Exch.Mg (by 7.3 %) while 
reducing it for DTPA.Mn (by − 34.4 %), OlsenP (by − 29.1 %), Exch.K (by 
− 19.0 %), pH (by − 17.7 %) and P_m3 (by − 5.5 %). These findings 
partially concur with those of Wijewardane et al. (2018), who reported 
that clustering with environmental covariates did not improve predic
tion performance for Exch.K and P_m3 using MIR spectra. Nonetheless, 

the cluster-based selection yielded prediction outcomes comparable to 
using the entire MSSL dataset for other soil property – spectral range 
combinations with a PLSR model developed with only 48 samples.

4. Discussion

4.1. Robustness of the MSSL for soil property predication and its 
framework

The Moroccan rainfed wheat belt soils mostly had calcic diagnostic 
characteristics with a pH in alkaline to strongly alkaline ranges which is 
mostly due to the low annual precipitation, ≪600 mm per annum, for 
the majority of this region. A further decrease in precipitation amount of 
20 % by 2050 and of 40 % by 2080 is projected because of the expected 
climate change which could further the severity of recurring and severe 
drought combined with increasing demand for water (Mokhtar et al., 
2022). Hence, soil input applications and soil management for agricul
tural productivity requires informed decision making with the support 
of reliable tools and methods. The database established comprised 599 
soil samples collected across an area spanning approximately 12,200 
km2, with 524 of these samples constituting the entire calibration set. 
This equated to an average of about 23 km2 per sample.

Our sampling strategy and sampling points were determined and 
selected to acquire representative samples to develop the MSSL for soil 

Fig. 6. (continued).
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property prediction in rainfed wheat growing regions of Morocco, 
optimized by a stratified balanced coverage sampling design. This 
approach enabled prioritization for those soil types which had the 
largest area coverage while addressing the spatial distribution and soil 
variation, and hence optimized the number of samples required for soil 
property prediction using soil spectroscopy (Potash et al., 2023). 
Consequently, we targeted the relevant geographic coverage of rainfed 
wheat productivity and spread the sampling locations according to the 
spatial variation expected from the environmental covariates (Janik 
et al., 1998).

Using the MSSL established within the outlined framework, the most 
significant agricultural soil properties were accurately predicted with 
satisfactory to excellent agreement, accompanied by low RMSEs for the 
respective soil variables. However, certain soil properties, which are 
spectrally inactive, exhibited unsatisfactory predictions in both the NIR 
and MIR spectral regions (Shepherd et al., 2022). Sarathjith et al. (2014)
classified SOC and clay as spectrally active, while pH, P, K, and Zn fall 
under spectrally inactive soil properties. These associations were also 
explained for conventional extraction procedures by e.g., Ciesielski and 
Sterckeman (1997b) who noted that the ammonium acetate determi
nation method, a percolation extraction method buffering the pH of the 
extracts, led to significant variations in the proportion of negatively 
charged sites and particularly those bonded to organic matter. For 
instance, the relatively poor prediction performance for Exch.K in this 
study mirrored findings by Hu et al. (2013) for Missouri soils, and 
attributed to low SOC levels. Conversely, Jin et al. (2020) reported 
better performance for Anhui soils in China, although detailed soil types 
and property information were lacking for comparison. This may also 
indicate that variations in prediction performance for certain soil 
properties can emanate from differing conventional extraction methods 
followed, besides general soil variations. Notably, Exch.K determined 
with cobalt hexamine (Cohex) trichloride showed excellent agreement 
(CCC of 0.81–0.94) with soil spectra in both vis-NIR and MIR for East 
African soils (Asrat et al., 2023). These disparities in prediction perfor
mance were also observed for phosphorus, i.e., for OlsenP versus P_m3, 
reinforcing the notion that the choice of conventional soil extraction 
methods substantially affect the estimation of specific soil property at
tributes using soil spectroscopy methods. Therefore, it is hypothesized 
that discrepancies in quantifying soil properties contribute to variation 
in prediction performance when utilizing spectroscopic methods, 
underscoring the importance of selecting the appropriate conventional 
analysis method for specific purposes and research objectives for a 
defined soil system.

A general observation was that the prediction performance within 
this database also depended on the two spectral regions used. The MIR 
spectra demonstrated better prediction accuracies for soil properties 
associated with organic matter (SOC, Tot_N and CEC), while the NIR 
spectra yielded superior predictions for soil properties related to 
geological materials and/or land use (DTPA extracts of Zn & Mn, Exch.K, 
Exch.Mg, OlsenP and P_M3). Hence, this study and the database created 
will support access to spatially explicit soil information easily and in 
time to support the soil information gap for soil spectroscopic methods, 
especially for the studied region and represented soil types.

4.2. Suitability of spatial autocorrelation of spectra for calibration sample 
selection

The scales of spatial variation is dependent on the sampling design 
and sampling intensity in a given area for specific soil properties, and 
each of the soil properties can be influenced at varying extent by the 
combination of soil forming factors and soil forming processes in space 
and time (Bogunovic et al., 2017). With that in mind, the parameter 
selection in variogram modelling and fitting can influence the analysis 
and interpretation of the outcome (Vasu et al., 2017). This may impose 
challenges to compare results across such research fields as the data used 
might have varying spatial density (Ye et al., 2017). To better fit a Ta
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variogram in any geographic extent, a minimum of about a 100 sam
pling points is required with a set interval for the scale of variation 
needed (Iqbal et al., 2005; Kerry and Oliver, 2007). This study used the 
spectral PC scores to understand the overall spatial autocorrelation as it 
was noted that the general soil characteristics were encoded in the soil 
spectral signature (Viscarra Rossel et al., 2016; Demattê et al., 2019). 
Hence, the spatial variability will dictate the extent of the general soil 
variation within the sampling extent and scale (Hengl, 2009). We 
anticipated that the spatial dependency analysis in the soil spectra space 
can be performed to inform calibration sample entry selection with 
consideration of the databases’ spatial extent and subsequent repre
sentation of the domain variability within it. Consequently, the semi- 
variogram of the spectra PC vectors delineated the spatial variability 
and extent of the spatial autocorrelation across both spectral ranges. 
Longer spatial autocorrelation was observed for the MIR region (range 
= 117 km) than the NIR region (range = 67 km) which supports the 
findings reported by Qiu et al. (2013) as the relatively longer wave
lengths tended to result in higher spatial variability. In parallel, the 
spatial autocorrelation of the PC vectors for both spectral ranges were 
strong which indicates the geostatistical approach could reliably be used 
to inform calibration sample entry selection for local sample prediction 
using a soil spectral database.

The spatial autocorrelations of the spectra PC scores were useful in 
identifying proper and reliable calibration samples per target sample 
location, improving prediction performances or equivalent to using the 
entire MSSL. The observed spectral spatial autocorrelation likely reflects 
the influence of factors such as parent material, agroclimatic, soil 
management practices, and crop production patterns, which contribute 
to the spatial variability in specific soil property across the study region. 
Using the spatial selection approach, mainly the prediction performance 
was improved for soil property − spectral region combinations which 
had poor prediction results when using the entire MSSL samples, sug
gesting that this approach was more reliable. We therefore recommend 
further research on spatial dependency analysis of the specific respon
sible wavelength regions for a soil property and its spatial variation in 
any geographic extent.

4.3. Spectra similarity and clustering performance for calibration sample 
selection

Spectra similarity analysis using MBL had been evaluated and 
anticipated to be a better way to subset calibration sample entries for 
local scales with samples within the domain area of a large SSL. Sum
merauer et al. (2021) found that despite the spectral similarity of a new 
sample to those in the large SSL database, reasonable predictions of soil 
properties were not guaranteed. Their analysis revealed that prediction 
performance using MBL was subpar when calibration sample entries 
were selected for the new samples which were geographically distant 
from the SSL database location. Conversely, when the new samples fell 
within the geographic coverage of the SSL database, the MBL yielded 
improved prediction performance. Our findings and others (i.e., Gholi
zadeh et al., 2016) suggested that the MBL approach could be preferred 
for improved soil property prediction of new samples when a calibration 
model was developed within the geographic area covered by the SSL, as 
compared with the use of the entire database.

On the other hand, it was suggested that predictions of soil properties 
based on spectra might show enhanced performance within a database 
organized into homogeneous units using environmental covariates or 
readily accessible soil characteristics (Ogen et al., 2018; Angelopoulou 
et al., 2020). Such approaches have been applied in other studies such as 
digital soil mapping (Dunkl and Ließ, 2022). We implemented clustering 
of the entire MSSL entries using five environmental covariates, as 
elaborated in section 2.4.4, into their respective homogeneous group
ings. The prediction performances were only better or similar to the use 
of the entire MSSL for soil properties predicted satisfactorily or better 
with the use of the entire MSSL. It is vital to note that a wide range of soil 

property attributes within the homogenous clusters that address the 
variability within the local and/or homogeneous clusters might be 
required for a better outcome (Morais et al., 2018). Hence, the question 
which needs to be addressed in future research is to optimize homoge
nous clusters with the range and distribution of soil property attributes.

5. Conclusion

Ordinary predictive models, such as PLSR, developed from a large 
soil spectral library might have high uncertainty because the models 
learn the general variation to explain the target soil property from the 
diverse spectral database. Hence, appropriate sub-setting methods could 
help to use such huge and important databases for the purpose of 
generating soil information in real-time and at the required spatial 
resolution from the proximal spectra information acquired. As soil 
properties vary in space due to varying combination and extent of soil 
forming factors, their multiresolution spectral signature will vary in 
space parallelly. We characterized this spatial variation of soil spectral 
PC vectors and used it for sub-setting calibration samples from a large 
SSL to predict soil properties at farm level in Morocco. We compared this 
approach with the use of the entire MSSL, spectral similarity sub-setting 
(MBL) and clustering with environmental covariates for twelve agri
cultural important soil properties and two soil scanning instruments. 
The spatial autocorrelation of the PC vectors varied among soil spectral 
ranges and gave rise to varying lag distances. Our findings suggested 
that the spatial and spectra similarity-based calibration sample entry 
selection improved prediction for those soil properties (OlsenP, P_m3, 
Exch.K and DTPA.Mn) with low prediction performances when using the 
entire MSSL database. Otherwise, these sub-setting methods resulted in 
equivalent prediction performance for soil properties predicted well 
with the entire MSSL samples. In general, the spatial selection and MBL 
approaches demonstrated superior performance in predicting most soil 
properties that were inadequately predicted by using the entire MSSL, 
indicating the effectiveness of these targeted calibration sample selec
tions methods. This improvement likely stems from the fine-tuning of 
calibration samples, which effectively addresses local variations arising 
from the site-specific soil-forming factors and land management prac
tices. The observed spatial variation in soil property and spectral char
acteristics may be influenced by the scale of observation, landscape 
heterogeneity and other contextual factors. On the other hand, this study 
suggests that utilizing clustering based on environmental covariates and 
soil units can be a viable strategy for sub-setting a large SSL for pre
dicting local samples, particularly for soil properties that achieve satis
factory or better predictions with the entire MSSL. Hence, this study 
brought up use-case frameworks for large SSLs to predict soil properties 
per location which have geographic coordinates and spectral recordings. 
Our study employed PCA to explore the general spatial autocorrelation 
of spectra data, providing a comprehensive overview of spatial vari
ability across samples. This may generalize the specific variation per soil 
property whereby PLSR latent variables could offer more targeted un
derstanding of spatial autocorrelations related to specific soil attributes. 
We anticipated future research investigating the application of PLSR 
latent variables to enhance the spatial analysis of soil properties, 
addressing this gap and potentially improving the precision of soil 
property predictions.
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