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A B S T R A C T

Monitoring soil cadmium (Cd) at farm-scales (average 3 km2) can potentially be rapid and cost-efficient by 
implementing proximal sensing techniques benefiting from a leveraged regional-scale (≥ 40,000 km2) soil 
spectral library (RSSL). However, prediction models based on RSSL are often of limited use when applied at farm- 
scales because the coarseness of the RSSL. In this study, a New Zealand RSSL was used to assess the Cd con
centration in a farm-scale sample set. For all samples, total Cd was determined, and visible-near-infrared (vis- 
NIR), mid-infrared (MIR), and portable X-ray fluorescence (pXRF) spectra were collected. A localisation tech
nique to predict farm-scale Cd using RSSL spectral data was developed, based on spectral similarity or land use 
similarity relative to the farm-scale samples, and/or supplemented with selected farm-scale samples, as input for 
partial least squares regression and LOCAL algorithms. A model using MIR data from a RSSL pastoral samples 
subset (n = 283) spiked with 12 extra weighted (×4) farm-scale samples as an input for a LOCAL algorithm, 
quantified Cd optimally (root mean square error = 0.22 mg Cd/kg; concordance correlation coefficient = 0.78; 
ratio of performance to interquartile distance = 1.93). Spiking the RSSL subset with farm-scale samples, 
including otherwise under-represented attributes such as soil order and Cd concentration range, improved the 
performance of models predicting farm-scale total Cd concentrations. A hybrid technique of localisation 
approach considered in this study may reduce compliance costs for Cd surveying and management, benefiting 
farmers.

1. Introduction

Cadmium (Cd) is a trace element in soil that, at elevated plant- 
available concentrations, can transfer through the food chain poten
tially causing detrimental effects on ecosystem services, economy, and 
human wellbeing (Kabata-Pendias, 2010). Soil Cd concentration can 
increase following volcanic eruptions and human activities including 
mining and refining activities (Morgan, 2010; Nriagu and Pacyna, 

1988). Long-term application of phosphate fertiliser for plant produc
tion over decades has accumulated Cd in agricultural soils, amplifying 
associated risks from farm to fork (Godt et al., 2006; Gray and Cavanagh, 
2022; McDowell and Gray, 2022).

Managing soil Cd requires understanding the distribution of Cd at 
contrasted spatial scales because farmers are interested in determining 
the ongoing status of Cd in individual farms and paddocks over time 
(Stahlmann-Brown, 2023), while policy-related assessments of risks 
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from Cd accumulation require regional-to-national-scale surveys 
(Ballabio et al., 2024; Bravo et al., 2021). Cadmium monitoring pro
grammes aiming for long-term, repetitive assessment (Tóth et al., 2016) 
can be expensive in terms of time and resources required for soil sam
pling campaigns and analysis of Cd in conventional laboratories (Nocita 
et al., 2015). Deployment of proximal sensors could overcome such 
limitations by enabling fast, cost-effective, and non-destructive mea
surement of soil attributes (Nawar et al., 2019; Nduwamungu et al., 
2009).

Visible-near-infrared (vis-NIR) and mid-infrared (MIR) spectroscopy 
effectively assess multiple soil attributes at multiple scales (Di Iorio 
et al., 2022; Hong et al., 2024; Ma et al., 2024; Nawar and Mouazen, 
2017). Within the visible to infrared part of the electromagnetic spec
trum, the estimation of Cd relies on its co-variation with spectrally active 
soil components such as soil organic matter; aluminium (Al) and/or iron 
(Fe) containing minerals (Soriano-Disla et al., 2014). In contrast, 
portable X-ray fluorescence (pXRF) based quantification of Cd and other 
elements in soil is directly proportional to the specific spectral wave
band response (Padilla et al., 2019), when the element concentration is 
above the lower detection limit of the instrument (Rouillon and Taylor, 
2016). Cadmium has been quantified using a combination of data from 
vis-NIR, MIR, and pXRF for regional-scale studies, including from New 
Zealand (Li et al., 2021; O'Rourke et al., 2016; Shrestha et al., 2022). For 
farm-scale studies, reliable Cd prediction models have been developed 
based on vis-NIR only (Kooistra et al., 2001; Shrestha et al., 2024; Zhang 
et al., 2019). The choice of proximal sensing technique(s) used to assess 
soil attributes depends on cost, portability, and the precision required 
(Nawar et al., 2019).

A single soil spectral library (SSL) or multiple SSL, compiling soil 
spectra and corresponding physical, chemical, biological, and spatial 
attributes, have been increasingly used in soil science (Viscarra Rossel 
et al., 2016). There are examples of SSL developed for small, local do
mains (more similar sites, variation at farm-scale size, e.g., area 1–2000 
km2) and for more diverse and complex domains (comprising the vari
ation over extensive, regional to global, areas, e.g., ≥ 30,000 km2) 
(O'Rourke et al., 2016; Seidel et al., 2019; Viscarra Rossel et al., 2016). 
Extensive SSL can be used to build general calibration models for farm- 
scale applications, reducing costly soil analysis (Brown, 2007; Sila et al., 
2016). However, regional- and/or national-scale models are often 
biased and lack precision when applied at farm-scale, because of, for 
example, variability in spectral response, land use, geography, climatic 
conditions, management practices, landscapes, and soil attributes (Gogé 
et al., 2014; Kuang and Mouazen, 2013; Viscarra Rossel et al., 2024). To 

overcome such limitations, calibration models based on regional- to 
national-scale SSL require updating and fine-tuning with information 
from farm-scale samples. Research to develop such localisation tech
niques to tailor the models to the specific characteristics of individual 
sites and produce accurate farm-scale estimates of soil attributes is 
ongoing (Viscarra Rossel et al., 2024).

Common localisation techniques are similarity-based deterministic 
methods and spiking (Viscarra Rossel et al., 2024). The deterministic 
search methods select an optimal subset of samples from the regional- 
and/or national-scale SSL with similarities to the farm-scale samples, 
using criteria such as spectral similarity, stratified sampling, and land 
use type (Lobsey et al., 2017; Shen et al., 2022). Farm-scale prediction 
using SSL subsets based on one or a few similarity criteria may be of 
limited use when the SSL includes heterogenous landscapes and diverse 
soil types, compromising the correlation between spectra and soil at
tributes (Nocita et al., 2015; Viscarra Rossel et al., 2019). Spiking with 
farm-scale samples, on the other hand, adds a reasonable number of 
representative farm-scale samples to the SSL, filling gaps in information 
(Sankey et al., 2008). Characteristics suggested to select and add farm- 
scale samples include: (a) spectral similarity, (b) proportional repre
sentation of samples (e.g., applying the Kennard-Stone algorithm 
(Arshad et al., 2021)), and/or (c) filling a concentration gap of a soil 
attribute of concern (Guerrero et al., 2010). Spiking with extra-weighted 
(i.e., multiple entries of the same sample) farm-scale samples have also 
been utilised to enhance representativeness (Greenberg et al., 2022). 
The regional-scale SSL or its subsets spiked with few farm-scale samples 
can be economical to improve estimation accuracy only if a small 
number (5–15%) of farm-scale samples are used (Nocita et al., 2015; 
Seidel et al., 2019; Viscarra Rossel et al., 2016). Other localisation 
methods include (i) data-driven heuristic searches, (ii) reusing feature 
representations, and (iii) combinations of the above (hybrid methods) 
(Viscarra Rossel et al., 2024). Hybrid methods can improve the accuracy 
of farm-scale soil attribute estimation using a regional- and/or national- 
scale SSL by combining the selection of SSL subsets similar to the farm- 
scale sample set and then addition of key data from farm-scale dataset to 
complement the information available prior to modelling using algo
rithms (Viscarra Rossel et al., 2024; Wetterlind and Stenberg, 2010).

Chemometric models relate sample spectra and attribute, implying 
that the specific algorithm employed for spectral localisation has a major 
role in generating an optimal output (Brown, 2007; Gogé et al., 2014; 
Ramirez-Lopez et al., 2013). Partial least squares (PLS) regression is a 
robust and commonly used when the prediction matrix includes noisy 
and collinear variables (Li et al., 2020; Nocita et al., 2014). LOCAL, a 

Fig. 1. The distribution of regional-scale soil spectral library (RSSL; black) and farm-scale sample set (grey) shown in a) A histogram of the number of samples per 
New Zealand soil classification (NZSC) soil orders (following Hewitt (2010)) and b) a density plot of distribution of cadmium (Cd) concentration.
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memory-based learning algorithm, is also used and develops optimal 
prediction models specific to each sample using limited computational 
power (Sanderman et al., 2021; Shenk et al., 1997; Summerauer et al., 
2021).

Cadmium monitoring in agricultural farm soils, essential to manage 
the risks associated with this potentially toxic trace element, could be 
improved using legacy regional-scale SSL (Ng et al., 2022; Shrestha 
et al., 2022). This study utilises a legacy, regional-scale SSL containing 
vis-NIR, MIR, and pXRF spectroscopic information as well as laboratory- 
derived Cd concentration results, to predict Cd levels in farm-scale 
samples. The objective of the study is to develop a comprehensive 
workflow for farm-scale Cd prediction using regional-scale SSL by 
implementing combination of spectral localisation techniques involving 
(1) three individual proximal sensor data, (2) similarity-based deter
ministic search methods based on attributes as spectral similarity and 
land use similarity, then (3) spiking with farm-scale samples with or 
without extra weights, and (4) two algorithms (PLS regression or LOCAL 
algorithm). The results of this study, developing a hybrid method 
enabling efficient use of regional-scale dataset for cost-effective esti
mation of farm-scale Cd with a reasonable accuracy, will be useful to 
researchers interested in monitoring farm-scale Cd distribution and 
policymakers involved in regional-scale decision making.

2. Materials and methods

2.1. Regional-scale soil spectral library and farm-scale sample set

Two datasets were used in this study: a regional-scale SSL (RSSL) 
comprising samples from a baseline soil geochemical survey in the South 

Island of New Zealand (Martin et al., 2016; Rattenbury et al., 2018; 
Shrestha et al., 2022) and a farm-scale set containing samples from 
pastoral soils (Shrestha et al., 2024).

The RSSL represents topsoil (0–20 cm, n = 625) samples collected at 
a regular 8 km spacing covering c. 40,000 km2 between sea level and 
2000 m above sea level within the Otago and Southland regions of New 
Zealand (Table S1; Martin et al. (2016); Rattenbury et al. (2018); 
Shrestha et al. (2022)). The most common (45%) land use in the RSSL 
was pasture (Table S1). Prevalent soil orders were Brown (53%) and 
Pallic (24%) soils as per the New Zealand Soil Classification (Hewitt 
(2010); Fig. 1a; Table S1). The measured soil Cd concentration ranged 
between 0.005 and 1.31 mg Cd/kg, with an average of 0.08 mg Cd/kg in 
the RSSL (Fig. 1b; Table S1).

The farm-scale (average farm size: 3 km2; range: 1–1800 km2 in NZ 
MfE (2021); Pāmu (2025)) set includes topsoil (0–15 cm, n = 87) sam
ples collected from representative pastoral (dairy, sheep, and beef) 
farms in the Waikato, Canterbury, and Southland regions of New Zea
land with a history of long-term application of Cd-rich phosphate fer
tiliser (see Fig. S1 in Shrestha et al. (2024); Stafford (2017)). Allophanic 
(57%) and Pumice (16%) soils predominated this dataset (Fig. 1a; 
Table S1). For this study, to visualise the effect of soil types on Cd 
estimation, samples were divided into two distinct groups: Allophanic 
that is characterised by Al-rich aluminosilicate clay minerals and high 
phosphorus retention capacity, and non-Allophanic that includes all 
other soils (Hewitt, 2010). In the farm-scale samples set, the soil Cd 
concentration ranged between 0.10 and 2.03 mg Cd/kg, with an average 
of 0.58 mg Cd/kg (Fig. 1b; Table S1).

Fig. 2. A workflow diagram showing hybrid spectral localisation technique followed in the study. The regional-scale soil spectral library (RSSL) contains total K (=
625) number of samples and farm-scale set contains total N (= 87) samples. I) RSSL subsets of sample size k were selected based on similarity (principal component 
analysis) of spectral data (k = 200, 250, 300, 350, 400, 450, 500, 550) of each sensor including visible-near-infrared (vis-NIR), mid-infrared (MIR), or portable X-ray 
fluorescence (pXRF) or similarity of land use (k = 283) with farm-scale sample set. Partial least square (PLS) regression and LOCAL algorithms were implemented to 
develop calibration models using individual spectral data to quantify soil cadmium concentrations in farm-scale samples. II) Optimal performing RSSL subsets from 
land use and each sensor data were spiked with small number of farm-scale samples (n = 6, 12, 18) with or without (+/− ) extra weights (e = 4, 7, 9) to optimise the 
calibration model. The structure of this diagram follows Viscarra Rossel et al. (2024).
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2.1.1. Sample preparation, spectral data collection, and pre-processing
For all soils, air-dried representative subsamples were scanned using 

three proximal sensors: vis-NIR, MIR, and pXRF. Visible-NIR (350–2500 
nm) reflectance spectra were recorded using an ASD FieldSpec3 spec
troradiometer (Analytical Spectral Devices Inc., Boulder, Colorado, 
USA) fitted with a contact probe containing a 4.5 W halogen bulb as a 
light source. For scanning, the probe was pushed in contact with the sub 
− 2 mm samples filled in Petri dishes to a 10 mm depth (Shrestha et al., 
2024; Shrestha et al., 2022).

Mid-infrared (7498–600 cm− 1) diffuse reflectance spectra were 
captured using a Fourier transformed infra-red (FTIR) spectrometer 
(Vertex 70, Bruker, Germany) equipped with a microplate reader 
extension for high throughput screening infrared spectroscopy equip
ment (HTS-XT, Tensor II, Bruker, Germany). For scanning, an 
aluminium microtitre plate with 48 wells and vertical gutters separating 
each line of 8 wells were packed with sub − 0.5 mm soil (4 wells per 
sample) prepared by grinding each sample in a Retsch RM200 mortar 
grinder for 30 s.

Pre-processing of vis-NIR spectra included splice correction, removal 
of the noisiest part of the spectra (350–399 nm) and then pseudo- 
absorbance (log10(R)) transformation. Both vis-NIR and MIR spectra 
were derived and smoothed using a Savitzky-Golay filter (first-order 
derivative, window size = 9, and second-order polynomial) (Savitzky 
and Golay, 1964).

The pXRF spectra (0–40 keV) were measured using an Olympus 
Vanta C series instrument with a rhodium anode and used in Geochem 
mode (2 beams). A cylindrical plastic cup (22 mm height by 14 mm 
diameter) was packed with sub − 2 mm soil and covered with 4 mm 
thick polypropylene film prior to each measurement (Shrestha et al., 
2022). Raw spectra (beam 1) were used after removing the first 24 
wavelength data with zero spectral response values.

The distribution of multi-dimensional spectral data was assessed 
following principal component analysis (PCA). Spectra from each sensor 
was mean centred before performing the PCA. For the combined dataset 
of RSSL and farm-scale sample set, maximum possible 712 principal 
components were computed. The distribution of all samples in the PCA 
space was plotted using the first two principal components describing 
the greatest amount of variance in the datasets.

2.2. Developing a spectral localisation technique to predict Cd 
concentration in farm-scale samples

In this study, a hybrid spectral localisation technique to predict Cd 
was developed in two steps, using vis-NIR, MIR, and pXRF data inde
pendently (Fig. 2). The first step was to develop Cd prediction models 
using the entire RSSL set and/or subsets selected by similarity of either 
spectra or land use with farm-scale sample set. In the second step, the 
selected RSSL subsets from the first step were spiked with a few farm- 
scale samples with or without extra weights (Fig. 2). Subsequently, 
selected spectra and Cd concentration data were used as input for che
mometric modelling (PLS regression, LOCAL algorithm) (Fig. 2). The 
models developed were evaluated by comparing their performance. All 
chemometric analyses were performed in the R statistical environment 
(RStudio Team, 2021). Total Cd concentration values were log- 
transformed, and then mean centring and variance scaling were per
formed, prior to use in the predictive modelling.

2.2.1. Step 1: selection of RSSL subsets
The RSSL subsets were selected based on two similarity criteria: (i) 

spectra and (ii) land use (Fig. 2). Samples from the RSSL spectrally alike 
to the samples in the farm-scale set were selected using PCA of each 
proximal sensor data (vis-NIR, MIR, or pXRF). The Mahalanobis distance 

Fig. 3. Principal component analysis (PCA) of (a) visible-near-infrared (vis-NIR), (b) mid-infrared (MIR), and (c) portable X-ray fluorescence (pXRF) spectra. Data 
are shown for the regional-scale soil spectral library (RSSL; n = 625), including pasture (black dots) and non-pasture (grey dots) samples, and the farm-scale sample 
set (n = 87; transparent rectangles). Spectral variance explained by two main principal components (PC1 and PC2) are shown as percentage (%) value within the 
brackets in both axes. The RSSL hull is shaded in pale green polygon and farm-scale sample set hull is shaded in pale pink polygon.
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values of a RSSL sample from each farm-scale sample were computed 
using R package resemble (Ramirez Lopez et al., 2016) and summed. The 
RSSL samples with the least-sum distance value to the farm-scale sample 
set were considered the most similar. Consequently, the RSSL (R625) 
was clustered into subsets: R200, R250, R300, R350, R400, R450, R500, 
and R550 (Fig. 2). A RSSL subset of all samples from pastoral (P) land 
use (a total of 283 samples) was included (RP283; Fig. 2).

2.2.2. Step 2: spiking with farm-scale samples with or without extra weights
Selected RSSL subsets (assessed as optimal from Step 1) were inde

pendently spiked with selected farm-scale samples (Fig. 2). The selection 
of farm-scale samples was based on: (1) a representative set of 20% of 
the farm-scale samples separated using the Kennard-Stone algorithm 
(Kennard and Stone, 1969) termed L18, (2) within the subset of 20% 
samples, 66% were chosen, including soil orders absent in the RSSL i.e., 
Allophanic and Pumice soils. This selection was termed L12, and (3) 
within the subset of 20% samples, 33% of samples were chosen that 
contained Cd concentrations absent in the RSSL. This selection was 
termed L6. Extra-weights (Greenberg et al., 2022) of four (×4), seven 
(×7), or nine (×9) were given to the spiked farm-scale samples (L18; 
L12; L6) (Fig. 2).

2.2.3. Modelling framework
The R package pls (Mevik et al., 2020) was used for PLS regression 

wrapped in the caret package (Kuhn et al., 2021). During model devel
opment, repeated cross-validation (10 folds, twenty-five repeats) was 
used for PLS hyper-parameterisation. The optimal number of latent 

variables retained in each model were chosen based on the root mean 
square error (RMSE), following one standard error of the empirically 
optimal model (Breiman et al., 1984).

The R package resemble (Ramirez Lopez et al., 2016) was used for 
LOCAL algorithm. For LOCAL algorithm, dissimilarity thresholds were 
set between 0.01 and 1 at 0.01 increments. The minimum size allowed 
for the neighbourhood was 80 and the maximum was set at the total 
number of samples in the training set. This algorithm selects unique 
samples to use as predictors, validated by the nearest neighbour. Mul
tiple regression cross-validation (i.e., between a minimum of four and a 
maximum of 25 components) were used to develop regression models, 
which were then weighted and averaged to obtain the final predicted 
value (Shenk et al., 1997). All prediction models developed using RSSL 
subsets and spiked RSSL subsets were evaluated using 10-fold cross- 
validation on the farm-scale sample set.

2.2.4. Model performance assessment
The predictive accuracy of the different models was assessed and 

compared (see details in Shrestha et al., 2022) calculating RMSE, coef
ficient of determination (R2), ratio of performance to interquartile dis
tance (RPIQ; Bellon-Maurel et al. (2010)), Lin's concordance correlation 
coefficient (CCC; Lin (1989)), and bias. Additionally, PLS loadings, 
linear combination of predictors maximising covariance with a target 
property (Kuhn and Johnson, 2013), generated for the optimal models 
were used to interpret the prediction results. The PLS loadings were 
plotted for RSSL, farm-scale sample set, selected RSSL subsets, and those 
RSSL subsets spiked with farm-scale samples with or without extra 

Fig. 4. Dot plots showing the root mean square error of cadmium (Cd) concentrations (mg Cd/kg) prediction for farm-scale samples (n = 87) using regional-scale soil 
spectral library (RSSL) subsets (R200, R250, R300, R350, R400, R450, R500, or R550), selected by principal component analysis of (a) visible-near-infrared (vis-NIR, 
triangles), (b) mid-infrared (MIR, circles), and (c) portable X-ray fluorescence (pXRF, rectangles) data, used as input for partial least squares (PLS) regression (hollow 
shapes) or LOCAL algorithm (black coloured shapes). The RSSL and RSSL pastoral samples subset (RP283) were included for comparison. The dashed line shows the 
average Cd concentration (0.58 mg Cd/kg) of the farm-scale sample set. The dotted line represents the minimum root mean square error value (0.37 mg Cd/kg) 
achieved by predictive modelling.
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weights for the visual assessment.

3. Results

3.1. Spectral characteristics of RSSL and farm-scale datasets

Fig. 3 shows the relative distribution of the RSSL and farm-scale 
datasets in the space defined by the first two principal components 
calculated from the (a) vis-NIR, (b) MIR, and (c) pXRF data. The first two 
principal components explain 68, 69, and 94% of the spectra variation 
for vis-NIR, MIR, and pXRF, respectively. In PC1 and PC2 space, the 
RSSL and farm-scale samples set show almost complete overlap for the 
vis-NIR data whereas the spectral similarity is less pronounced for MIR, 
and pXRF datasets (Fig. 3).

3.2. Predicting Cd in farm-scale samples using RSSL subsets

The models based on the RSSL subsets based on spectral similarity 
show a limited ability to predict Cd in farm-scale samples (Fig. 4; Ta
bles 1 and S2). The best model for Cd prediction was based on vis-NIR 
data from 550 samples (R550; Fig. 4) using LOCAL algorithm with a 
RMSE value of 0.37 mg/kg soil (CCC = 0.53; RPIQ = 1.16; Fig. 4a and 
Tables 1 and S2).

The prediction models developed from RSSL subsets selected based 
on land use (i.e., RSSL pastoral samples subset; RP283;) outperformed 
(relatively consistent RMSE, 0.38–0.59 mg Cd/kg) models developed 
from spectral similarity (RMSE: 0.37–0.77 mg Cd/kg; Fig. 4; Tables 1
and S2). Among the three proximal sensors, the model using MIR data 
from the RP283 subset as input for PLS regression quantified Cd in farm- 
scale sample set with RMSE of 0.38 mg Cd/kg soil (CCC = 0.21, RPIQ =
1.13; Figs. 4 and 6a; Tables 1 and S2).

Table 1 
Validation results of prediction models using proximal sensors: visible-near-infrared (vis-NIR), mid-infrared (MIR), or portable X-ray fluorescence (pXRF) data of I) 
regional-scale soil spectral library (RSSL) and selected RSSL subsets (optimal performing sets each featuring either land use similarity (RP283) or spectral similarity 
based on principal component analysis of vis-NIR (R550), MIR (R450), or pXRF (R500) and II) selected RSSL subsets from first step spiked with farm-scale samples (L, n 
= 6, 12, 18) with or without (+/− ) extra weights (×4, ×7, ×9) as input for partial least squares (PLS) regression or LOCAL algorithm predicting total soil cadmium (Cd) 
concentrations in farm-scale samples.

Proximal sensors Datasets PLS LOCAL

RMSE R2 CCC RPIQ Bias RMSE R2 CCC RPIQ Bias

I: RSSL and subset selection based on similarity of spectra and land use
vis-NIR

RSSL

0.78 0.31 0.33 0.56 0.43 0.44 0.16 0.37 0.99 − 0.16
MIR 0.58 0.00 0.00 0.75 − 0.46 0.59 0.00 0.00 0.73 − 0.47
pXRF 0.52 0.04 0.16 0.83 − 0.25 0.54 0.11 0.07 0.80 − 0.43
vis-NIR

RP283

0.47 0.30 0.47 0.93 0.16 0.45 0.08 0.28 0.96 − 0.05
MIR 0.38 0.33 0.21 1.13 ¡0.24 0.51 0.05 0.07 0.86 − 0.37
pXRF 0.59 0.11 0.03 0.73 − 0.49 0.54 0.02 0.03 0.81 − 0.41

vis-NIR
R450 0.53 0.33 0.46 0.82 0.22 0.41 0.28 0.46 1.05 − 0.19
R500 0.69 0.30 0.37 0.62 0.30 0.41 0.28 0.47 1.06 − 0.17
R550 0.77 0.29 0.34 0.56 0.35 0.37 0.32 0.53 1.16 ¡0.12

MIR
R450 0.58 0.00 0.00 0.75 − 0.46 0.46 0.17 0.16 0.94 ¡0.33
R500 0.57 0.00 0.00 0.75 − 0.46 0.53 0.02 0.05 0.81 − 0.40
R550 0.57 0.00 0.00 0.76 − 0.45 0.54 0.04 0.07 0.81 − 0.40

pXRF
R450 0.65 0.11 0.01 0.67 − 0.55 0.58 0.10 0.04 0.75 − 0.48
R500 0.50 0.04 0.14 0.86 ¡0.31 0.59 0.06 0.03 0.74 − 0.48
R550 0.64 0.11 0.01 0.67 − 0.55 0.59 0.06 0.04 0.74 − 0.48

II: Selected RSSL subsets spiked with farm-scale samples +/− extra weights
vis-NIR

RP283 + L6

0.39 0.31 0.53 1.12 0.01 0.31 0.34 0.58 1.39 − 0.04
MIR 0.27 0.39 0.55 1.60 0.02 0.25 0.55 0.72 1.76 − 0.05
pXRF 0.46 0.09 0.16 0.95 − 0.3 0.38 0.21 0.45 1.15 − 0.07
vis-NIR

RP283 + L12

0.32 0.36 0.60 1.34 − 0.01 0.28 0.48 0.66 1.57 − 0.10
MIR 0.27 0.39 0.52 1.58 − 0.01 0.23 0.64 0.75 1.87 − 0.10
pXRF 0.22 0.46 0.65 0.87 − 0.03 0.33 0.31 0.51 1.31 − 0.13
vis-NIR

RP283 + L18

0.37 0.27 0.51 1.18 − 0.01 0.28 0.43 0.63 1.56 − 0.07
MIR 0.28 0.38 0.47 1.53 − 0.06 0.24 0.57 0.72 1.78 − 0.08
pXRF 0.44 0.09 0.17 0.98 − 0.28 0.34 0.30 0.49 1.28 − 0.14
vis-NIR

RP283 + L12 × 4

0.33 0.33 0.57 1.31 − 0.04 0.26 0.53 0.68 1.65 − 0.10
MIR 0.27 0.42 0.52 1.60 − 0.03 0.22 0.66 0.78 1.93 ¡0.08
pXRF 0.38 0.12 0.29 1.14 − 0.14 0.35 0.25 0.46 1.23 − 0.14
vis-NIR

RP283 + L12 × 7

0.31 0.38 0.61 1.38 − 0.06 0.28 0.51 0.66 1.57 − 0.12
MIR 0.28 0.41 0.54 1.53 − 0.09 0.25 0.60 0.74 1.76 − 0.10
pXRF 0.38 0.12 0.31 1.14 − 0.13 0.34 0.30 0.46 1.26 − 0.16
vis-NIR

RP283 + L12 × 9

0.31 0.40 0.62 1.42 − 0.07 0.27 0.52 0.67 1.60 − 0.11
MIR 0.27 0.44 0.59 1.58 − 0.09 0.23 0.63 0.77 1.86 − 0.09
pXRF 0.38 0.11 0.31 1.13 − 0.11 0.34 0.32 0.48 1.27 − 0.17

vis-NIR
R550 + L6 0.54 0.31 0.45 0.81 0.16 0.32 0.44 0.59 1.34 − 0.17
R550 + L12 0.43 0.28 0.49 1.00 0.01 0.27 0.59 0.69 1.60 ¡0.15
R550 + L18 0.41 0.31 0.53 1.05 0.05 0.31 0.44 0.59 1.42 − 0.15

MIR
R450 + L6 × 7 0.32 0.20 0.38 1.35 − 0.05 0.29 0.45 0.66 1.47 − 0.04
R450 + L12 × 7 0.30 0.35 0.57 1.42 − 0.08 0.24 0.59 0.76 1.80 − 0.06
R450 + L18 × 7 0.29 0.43 0.62 1.49 − 0.10 0.24 0.62 0.77 1.83 ¡0.07

pXRF
R500 + L6 0.48 0.09 0.14 0.89 − 0.35 0.35 0.24 0.49 1.25 0.00
R500 + L12 0.45 0.09 0.21 0.97 − 0.26 0.32 0.31 0.52 1.35 ¡0.11
R500 + L18 0.44 0.08 0.21 0.99 − 0.23 0.35 0.30 0.49 1.24 − 0.16

Optimal model performance parameters based on land use and each sensor data are in bold letters. Performance statistics parameters include root mean square error 
(RMSE), co-efficient of determination (R2), concordance correlation co-efficient (CCC), ratio of performance to interquartile distance (RPIQ), and bias.
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3.3. Predicting farm-scale Cd using spiked RSSL subsets

The prediction models based on RSSL subsets spiked with farm-scale 
samples outperformed those models based solely on RSSL subsets 
(Figs. 5 and 6). Particularly, models using LOCAL algorithm out
performed those based on PLS regression when spiked RSSL subsets were 
used (Fig. 5; Tables 1 and S3). LOCAL models were less influenced by the 
extra weights (≈5% variation in RMSE) given to the included farm-scale 
samples, whereas PLS models were severely influenced by extra weights 
(>10% variation in RMSE; Fig. 6; Tables 1 and S3).

Localised models quantifying farm-scale Cd based on MIR data out
performed those models based on vis-NIR data (Figs. 5 and 6; Tables 1
and S3). The model based on MIR data from RSSL pastoral subset RP283, 
spiked with 12 extra weighted (×4) farm-scale samples (i.e., RP283 +
L12 × 4) as input for the LOCAL algorithm, quantified Cd optimally 
(RMSE = 0.22 mg Cd/kg; CCC = 0.78; RPIQ: 1.93) (Figs. 5 and 6e).

Prediction models using MIR data to predict soil Cd using R450 
subset (MIR PCA) or pastoral subset (RP283) spiked with farm-scale 
samples as input for the LOCAL algorithm performed with low RMSE 
(0.22–0.31 mg Cd/kg soil; CCC = 0.63–0.78; Fig. 5; Table S3). 

Fig. 5. Dot plots showing the root mean square error of cadmium (Cd) concentrations (mg Cd/kg) predictions for farm-scale samples (n = 87) using regional-scale 
soil spectral library (RSSL) subsets by a) visible-near-infrared (vis-NIR, triangles), mid-infrared (MIR, circles), or portable X-ray fluorescence (pXRF, rectangles) data 
and using a) RSSL pastoral samples subset RP283, b) vis-NIR principal component analysis (PCA) selected R550, c) MIR PCA selected R450, or d) pXRF PCA selected 
R500, spiked with farm-scale samples (L6, L12, or L18) with or without (+/− ) extra weights (×4, ×7, or ×9) as input for partial least squares (PLS) regression 
(hollow shapes) and LOCAL algorithm (black coloured shapes). The dash-dot line is the average Cd concentration (0.58 mg Cd/kg) in the farm-scale sample set. The 
dotted line is the minimum root mean square error (RMSE = 0.37 mg Cd/kg) achieved by predictive modelling using only RSSL subsets. The dashed line is the 
minimum RMSE (0.22 mg Cd/kg) obtained by predictive modelling using RSSL subset spiked with farm-scale samples with or without (+/− ) extra weights.
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Prediction models using vis-NIR data to predict soil Cd after spiking 
R550 subset (vis-NIR PCA) or pastoral subset (RP283) as input for the 
LOCAL algorithm performed with RMSE of 0.26–0.32 mg Cd/kg soil 
(CCC = 0.58–0.69; Fig. 5; Table S3). In general, models based on pXRF 
data performed poorly (RMSE = 0.32–0.40 mg Cd/kg soil; CCC =
0.35–0.52 Fig. 5d; Tables S2 and S3).

3.4. Important wavelengths

The PLS loadings highlight the relative importance of certain spectral 
regions which helped to explain the performance of a particular pre
diction model (Fig. 7). For Cd estimation, loadings showed the impor
tance of (1) 1300–1450 nm (Al- and Fe-clay minerals), 1800–2000 nm 
(clay minerals, soil organic matter), and 2200–2500 nm (soil organic 
matter–mineral complex) regions of the vis-NIR spectra; and (2) 
2130–1700 cm− 1 (metal–carbonyl (-CO) groups in soil organic matter) 
and 3700–3000 cm− 1 (minerals, soil organic matter) regions of the MIR 
spectra (Fig. 7).

4. Discussion

4.1. Farm-scale soil Cd concentration prediction

This study shows that a hybrid spectral localisation technique 
leveraging the useful but coarse information from a RSSL (samples 
collected at a regular 8 km spacing, covering an area c. 40,000 km2) is 
potentially applicable to develop models quantifying total soil Cd con
centration at farm-scales. The comprehensive workflow (Fig. 2) relies on 
the robust combination of similarity-based deterministic search 
methods, leading to proximal sensor data selection, optimal subset se
lection, and then spiking with farm-scale samples with or without extra 
weights (Fig. 2). This workflow leveraged RSSL information to assess 
farm-scale Cd concentrations (Fig. 6). These findings are encouraging for 
fast and indirect estimation of soil Cd using vis-NIR and MIR proximal 
sensors, despite the inherent complexity in predicting soil Cd and other 
trace elements (Kooistra et al., 2001; Wu et al., 2010). The Cd associated 
with spectrally active soil components (e.g., functional groups in soil 
organic matter; reactive Al and Fe; Fig. 7) is indirectly quantified 
because both soil organic matter and minerals, of variable spatial dis
tribution, control Cd speciation, transfer, and accumulation over time 
(Janik et al., 1998; Niazi et al., 2015; Wang et al., 2017). Thus, RSSL can 
potentially be repurposed to assess farm-scale samples, actively 
reducing analysis costs (Nawar et al., 2019; Shepherd and Walsh, 2002). 
The results highlight the relevance of developing SSL including 
regional/national scale pedological diversity (Shen et al., 2022; Viscarra 
Rossel et al., 2022), particularly when aligned with complementary 
studies such as soil geochemical baselines (Martin et al., 2016).

The hybrid technique developed to localise spectroscopic modelling 
involving multiple sensor data, similarity based search methods, spiking 
with farm-scale samples with or without extra weights, and algorithms 
that have been used independently, usually one at a time (Mendes et al., 
2022; Moura-Bueno et al., 2020). The potential to accurately predict Cd 
concentration depends on the coverage and diversity of the RSSL, in 
combination with the similarity between the regional- and farm-scale 
datasets (Figs. 1 and 3; Viscarra Rossel et al. (2022)). Here, key fea
tures were (i) land use or spectral similarity (as evaluated by PCA; Fig. 3; 
Gogé et al. (2014)) of the RSSL subset and (ii) spiking with extra 
weighted small (14%) proportion of farm-scale samples representing 
Allophanic and Pumice soil orders and with Cd concentrations of > 0.60 
mg Cd/kg soil; selected using the Kennard-Stone algorithm. Overall, the 
localisation technique efficiently addressed key information gaps 
(pedological diversity, Cd concentration) in the calibration model 
(Brown, 2007; Guerrero et al., 2010; Wetterlind and Stenberg, 2010).

The localised prediction models based on LOCAL algorithm were less 
influenced by extra weights given to the spiked farm-scale samples 
(Figs. 5 and 6; Tables 1, S2 and S3). The LOCAL algorithm selects similar 

Fig. 6. Measured versus predicted cadmium (Cd) concentrations (mg Cd/kg) 
for the farm-scale sample set (n = 87) based on optimal calibration models 
using I) selected RSSL subsets a) RSSL pastoral samples subset RP283 (MIR 
spectra) and RSSL subsets of spectral similarity (selected based on principal 
component analysis) b) vis-NIR, c) MIR, and d) pXRF and II) optimal per
forming RSSL subsets, selected from I, spiked with farm-scale samples with or 
without (+/− ) extra-weights for e) pastoral subset (using MIR data, circles) and 
each proximal sensor data: f) visible-near-infrared (vis-NIR, triangle), g) mid- 
infrared (MIR, circles), and h) portable X-ray fluorescence (pXRF, rectangles) 
as input for partial least squares (PLS) regression (hollow shapes) or LOCAL 
algorithm (black coloured shapes). Soil samples are coloured black for Allo
phanic and grey for non-Allophanic soils. Performance statistics parameters: 
root mean square error (RMSE), co-efficient of determination (R2), concordance 
correlation co-efficient (CCC), ratio of performance to interquartile distance 
(RPIQ), and bias.
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Fig. 7. Partial least squares (PLS) loadings for the regional-scale soil spectral library (RSSL, black), farm-scale sample set (red), and selected RSSL subsets (pink) a) 
R550, b) RP283, c) R450, or d) R500 and their best performing spiked with farm-scale samples with or without extra-weights (green). The shaded areas: i) soil colour, 
iron oxides, and soil organic matter (400–850 nm), ii) minerals, water related, and − OH bond (1300–1450 nm), iii) water bonded with Al– and Fe– containing 
minerals and soil organic matter (1800–2000 nm), iv) Hydroxyl bonded with Al– and Fe– containing minerals and soil organic matter (2200–2500 nm), v) Fe– and 
Al– containing minerals (3700–3000 cm− 1), vi) alkyl (2929–2855 cm− 1), vii) metal–carbonyl (2130–1700 cm− 1), viii) quartz (1100–1000 cm− 1), ix) Al (1.48 keV), 
and x) Fe (6.40 keV). Arrows show the regions where PLS loadings for the RSSL and farm-scale sample set differ.
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but unique sample spectra and discards duplicates (Shenk et al., 1997), 
which may constitute an advantage when developing localised models 
(Dangal et al., 2019).

In this study, selecting representative samples with common land use 
in both datasets improved the accuracy of localised Cd prediction 
models to some extent (i.e., RP283; Fig. 6a). This outcome is comparable 
to Moura-Bueno et al. (2020) who found land use-based selection of a 
vis-NIR SSL subset for soil organic carbon estimation in farm-scale 
samples is more accurate than other selection methods, such as 
geographic regions, soil texture class, or spectral similarity. Selecting an 
optimal number of samples of similar land use ensured the balanced 
inclusion of spectrally similar soils and comparable Cd concentrations in 
this study (Figs. 1, 3, and 7b).

4.2. Modelling constraints

Models developed using solely RSSL subsets, by themselves, were of 
limited application (Figs. 1, 4, and 6ad; Tables 1 and S1). Differences in 
Cd concentration range, soil orders, soil depth, and geography between 
the two datasets constrained accuracy of models based on RSSL or its 
subsets for farm-scale sample Cd prediction.

First, the overall low Cd concentrations in the RSSL set (average =
0.08 mg Cd/kg soil; Fig. 1b) than in the farm-scale sample set (average 
= 0.58 mg Cd/kg soil; Fig. 1b), resulted inaccurate predictions, notably 
for pXRF based models, despite spiking with extra weighted farm-scale 
samples (Lemière, 2018; Weindorf and Chakraborty, 2020). Second, 
differences in carbon concentration, which influences Cd distribution – 
among other attributes (Kooistra et al., 2001; Minasny et al., 2006), and 
changes notably with depth, impact model prediction due to a dilution 
effect. In this sense, RSSL samples, collected from 0 to 20 cm depth, 
showed relatively low total carbon (4.1%) than the farm-scale samples, 
collected from 0 to 15 cm depth (total carbon: 9.5%) (Kooistra et al., 
2001; Minasny et al., 2006; Shrestha et al., 2024; Shrestha et al., 2022). 
Third, soil order may also influenced model predictions, Brown soils 
(53% of samples in the RSSL) typically show low carbon concentration 
(total carbon: 4.3%) in contrast to Allophanic soils (58% of samples in 
the farm-scale sample set; total carbon: 8.5%) (Table S1; Shrestha et al. 
(2024); Shrestha et al. (2022)).

These differences between the two datasets may have conditioned 
the predictive performance of models based on vis-NIR data to quantify 
Cd (Figs. 6b and f; Tables 1 and S3). Overall, this is due to the increase in 
noise from multiple overtones associated with the fundamental vibra
tions of molecular bonds and functional groups (Siebielec et al., 2004; 
Stenberg and Rossel, 2010).

In this study, the geographical overlap between two datasets was low 
(RSSL included only the 20% of farm-scale samples), and this dissimi
larity, affecting the distribution of multidimensional spectral data 
(Fig. 3), could constrain similarity-based search and spiking and thus 
reduce model performance (Moura-Bueno et al., 2020). Geographical 
mismatch was indirectly associated to differences in soil orders in this 
study, as indicated above.

4.3. Future work

The main findings in this study suggest that building a comprehen
sive regional− /national- scale SSL could further contribute to a cost- 
effective assessment of multiple soil attributes at the farm-scale using 
proximal sensing techniques (Ng et al., 2022). There are country- and 
continent- scale SSL available in public domains (e.g., Mendes et al. 
(2022); Viscarra Rossel et al. (2016)), with information collected using 
proximal sensors with different specifications, requiring calibration 
transfer before they can be widely applied to estimate soil attributes 
(Pittaki-Chrysodonta et al., 2021; Sanderman et al., 2021). Investigating 
how a systematic assessment of geographical superposition between 
regional- and/or national-scale and farm-scale datasets, especially 
considering archived and legacy SSL (Nocita et al., 2015; Viscarra Rossel 

et al., 2016) would help to enhance model generalisation capacity and 
improve comparability among datasets deserves attention. Further 
development of (pedological-) transfer functions correcting variability 
(e.g., soil moisture and texture, matrix effect, pedological-diversity) is 
also needed (Minasny et al., 2011).

Significant and continuous investment to develop and/or use 
extensive SSL representing soil variations at multiple scales will improve 
environmental characterisation at local scales. It will further create the 
possibility of using of regional-scale SSL to monitor farm-scale soil 
variations and contaminants in near real-time, using, for example 
airborne and spaceborne hyperspectral remote sensing (Kuang and 
Mouazen, 2013; Wang et al., 2022). Further, with the integration of 
machine learning with one or more proximal sensor data, similarity 
based deterministic search methods, and algorithms can make real-time 
predictions of soil attributes.

5. Conclusions

Regional-scale SSL have successfully been used here to quantify soil 
Cd in farm-scale pastoral soils by developing a hybrid spectral local
isation technique, involving a comprehensive workflow for datasets 
including three proximal sensors data, spectral and land use similarity 
based deterministic search methods for subset selection, spiking with 
farm-scale samples with or without extra weights, and comparing two 
algorithms. This study, relative to earlier studies, shows the need to 
combine different similarity based, deterministic search methods to 
optimise calibration models. Developing national-scale SSL covering 
major pedological variations, land uses, and soil attributes of concern 
can make farm-scale sample characterisation rapid and inexpensive. 
Leveraging extensive SSL may help improve land management practices 
relevant to farmers, researchers, and policy makers.
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Brodský, L., Du, C.W., Chappell, A., Fouad, Y., Genot, V., Gomez, C., Grunwald, S., 
Gubler, A., Guerrero, C., Hedley, C.B., Knadel, M., Morrás, H.J.M., Nocita, M., 
Ramirez-Lopez, L., Roudier, P., Campos, E.M.R., Sanborn, P., Sellitto, V.M., 
Sudduth, K.A., Rawlins, B.G., Walter, C., Winowiecki, L.A., Hong, S.Y., Ji, W., 2016. 
A global spectral library to characterize the world’s soil. Earth Sci. Rev. 155, 
198–230. https://doi.org/10.1016/j.earscirev.2016.01.012.

Viscarra Rossel, R.A., Lee, J., Behrens, T., Luo, Z., Baldock, J., Richards, A., 2019. 
Continental-scale soil carbon composition and vulnerability modulated by regional 
environmental controls. Nat. Geosci. 12, 547–552. https://doi.org/10.1038/s41561- 
019-0373-z.

Viscarra Rossel, R.A., Behrens, T., Ben-Dor, E., Chabrillat, S., Demattê, J.A.M., Ge, Y., 
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