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organic matter when compared to the individual techniques alone. The use of proximal 

sensing techniques to determine total soil Cd concentration in New Zealand agricultural 

soils has the potential to improve the scale and scope of long-term repeated monitoring 

of soil Cd concentration required under the framework of the national Tiered Fertiliser 

Management System. Reflectance spectroscopy could potentially be implemented to 

monitor plant-available and potentially-available soil Cd fractions to minimise plant Cd 

uptake. The use of a large soil spectral library to assess the local Cd concentration in 

agricultural soils could reduce the analytical cost to the farmers and allow intensive spatial 

and temporal monitoring of pastoral farms based on spectral analysis only. The use of in-

situ and laboratory proximal sensor data to calculate bioconcentration and translocation 

factors could potentially support the evaluation of Cd food chain transfer risks. The 

spectral library developed from this doctoral study, including soil and plant root and 

aboveground biomass pXRF, vis-NIR, and MIR spectra with a wide range of Cd 

concentration can be used as reference materials for field level and airborne remote 

sensing studies. 
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Chapter 1  

Introduction   

1.1 Importance of Cd monitoring 

Cadmium (Cd) is a soil trace element (TE) with no essential function in biological 

processes (Gratão et al., 2006). At natural low concentrations, Cd has no environmental 

and health impact (Hooda, 2010). However, soil Cd concentration has increased in many 

places worldwide as a function of both geogenic and anthropogenic activities (Nriagu and 

Pacyna, 1988). Geogenic pathways for increased Cd input into soils are hydrothermal 

activities and the weathering of Cd-rich minerals (Kabata-Pendias, 2010). Anthropogenic 

sources of Cd are phosphate fertiliser and pesticide applied to agricultural lands, waste 

disposal, and mining and refining activities (Martin et al., 2017; Turnbull et al., 2019). 

Elevated concentrations of soil Cd may enhance plant-available concentrations, leading 

to uptake and accumulation of this TE in edible plant tissues of economically important 

forage herbs such as chicory (Cichorium intybus L.) (Stafford et al., 2016). As a 

consequence, year-round pastoral grazing can expose animals (e.g., sheep and dairy 

cattle) to long-term dietary accumulation of Cd (Roberts et al., 1994). Such exposures can 

have adverse effects on animal-based food product quality, resulting in dietary and trade 

risks when provisional safe limits for Cd are exceeded (ATSDR, 2012; Clemens et al., 

2013; McDowell and Gray, 2022). Long-term ingestion of Cd via food, drink, skin contact 

with soil and water with an elevated level of Cd, or tobacco smoking, has been related to 

human health problems including kidney and bone damage (e.g., Itai-itai disease in 

Japan) and increased cancer risks (Godt et al., 2006; Järup and Åkesson, 2009; Nogawa 

et al., 2004). 

International and national regulations are in place to minimise Cd risks to health, trade, 

land use flexibility, and the environment (CCME, 1999; FAO/WHO, 2011; FSANZ, 

2016; MIEF, 2007). The FAO and WHO joint committee has set the tolerable limit for 

Cd at 7 µg/kg body weight/week (FAO/WHO, 2011). The Food Standards Australia New 

Zealand has set the maximum level of 0.1 and 0.05 mg Cd/kg fresh weight in leafy 

vegetables and animal meat, respectively (FSANZ, 2016). Europe and Canada have 



 
 
2 

established soil guideline values of around 1.5 mg/kg soil (CCME, 1999; MIEF, 2007). 

In New Zealand, a National Cd Management Strategy (CMS) was developed in 2011 and 

then implemented a tiered fertiliser management system (TFMS) to minimise risks and 

manage Cd accumulation in agricultural soils (CWG, 2011). The TFMS sets out 

increasingly stringent restrictions on the choice and rate of phosphate fertiliser application 

as total soil Cd concentration increases above the background concentration of 0.6 mg 

Cd/kg soil (Fertiliser Association, 2019). In addition, regional soil quality monitoring 

programmes assess soil Cd to limit  the accumulation of this TE in soil and its transfer to 

water sources (Waikato Regional Council, 2016).  

Cadmium analysis is critical to the successful implementation of any Cd management 

strategy. Reference methods for total Cd analysis are based on sample preparation 

including dissolving Cd from the matrix (e.g., soil, plant) with strong acids before 

quantifying Cd in a liquid solution (Kovács et al., 2000). These wet chemistry methods 

have been developed with knowledge of the interaction and association of Cd with the 

solid matrix (Tessier et al., 1979). Sequential extraction methods are used to investigate 

the distribution of Cd and other TE in the soil solid phase (Tessier et al., 1979). Additional 

insight into soil Cd fractions may help to understand Cd mobility and plant availability 

(Gleyzes et al., 2002). Among Cd fractions, the amount of exchangeable Cd is generally 

used as a proxy for plant-available Cd, whereas acid soluble and organic matter bound 

Cd can become plant-available with soil properties such as an acidic soil pH, high cation 

exchange capacity, and the dissolution of Fe/Mn oxides (Adriano, 1986; Hooda, 2010; 

Naidu et al., 1994). Such information is essential to understand plant Cd uptake 

(Krishnamurti, 2008). In addition, plant Cd analysis can provide important information 

to evaluate food chain transfer risks from pastoral grazing systems (Loganathan et al., 

1999).  

Studies comparing the relationship between soil type (e.g., Allophanic and non-

Allophanic soils) on the distribution and plant uptake of Cd in New Zealand agricultural 

soils have been conducted, but such studies have generally had limited scope (Cavanagh 

et al., 2019; Gray et al., 2000; Stafford et al., 2018c). Gray et al. (1998) used four soil 

orders and a total of six soil samples to compare the influence of soil pH and contact time 

on Cd sorption and desorption. Stafford et al. (2018c) compared total Cd concentration 

between two long-term (>50 years) dairy farms with contrasting soil types. Gray et al. 

(2000) used a total of 12 samples representing seven soil orders to study soil Cd fractions. 
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Salmanzadeh et al. (2016) studied Cd fractions in two soil types on a total dataset of 30 

samples. Cavanagh et al. (2019) compared plant Cd uptake in two contrasting soil types 

with soil Cd concentrations below 1 mg Cd/kg soil. Literature therefore shows that soil 

types influence total soil Cd and Cd fractions, as well as plant uptake. A better 

understanding of soil Cd fractions and Cd accumulation in plants growing in soils of 

contrasting soil Cd concentrations can contribute to the effective management of this TE. 

Wet chemistry methods for intensive Cd monitoring are associated with time-consuming 

sample processing, rigorous health and safety requirements as well as standardisation and 

repeatability protocols that lead to an increase in total analysis cost (Stafford et al., 

2018b). To reduce the cost of wet chemistry laboratory analysis, soil Cd predictions using 

factors that control Cd availability including soil pH, soil organic matter content, and total 

Fe have been proposed (Reiser et al., 2014). Similarly, estimates of plant Cd concentration 

based on soil properties have been proposed (Anderson et al., 2022; Cavanagh et al., 

2019; Yi et al., 2020). However, the accuracy of such linear regression models depends 

on soil type, land use, and climatic conditions, which are highly variable (Cavanagh, 

2014; Gray and Cavanagh, 2022; Gray et al., 2019a). An alternative approach is the use 

of novel technologies such as proximal sensing techniques. Such technology could 

potentially be used to determine Cd concentrations in New Zealand agricultural soils, 

improving the scale and scope of long-term repeated monitoring of Cd concentrations 

required under the framework of the TFMS.  

1.2 Cd assessment using proximal sensing techniques  

Proximal sensors record the response of a matrix to electromagnetic radiation when the 

detector is in contact or proximity (Viscarra Rossel et al., 2011). Proximal sensing 

techniques are non-destructive and provide spectra of the matrix containing extensive 

information on the molecular and compositional chemistry, allowing analysis of multiple 

soil properties (Soriano-Disla et al., 2014). These techniques can acquire data rapidly and 

represent a cost-effective way to cover spatial and temporal variations required for data-

driven decision-making processes (Shepherd et al., 2022). Proximal sensing using 

spectroscopy has been established as a reliable method to assess the physical, chemical, 

and biological properties of a variety of matrices including soil and plant (Brevik et al., 

2016; Shepherd and Walsh, 2002). Proximal sensing techniques have been widely tested 
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calibrated using reference laboratory results by applying chemometric methods to assess 

qualitative and quantitative properties of interest (Nocita et al., 2015). Partial least squares 

(PLS) regression is one of the most successfully used algorithms to analyse proximal 

sensor data to assess soil properties including Cd concentration (Nawar et al., 2019). In 

addition, for large datasets, advanced chemometric methods including data fusion, model 

fusion, model averaging, and memory based algorithms have been implemented to assess 

soil properties including Cd concentration (Blaschek et al., 2019; Hong et al., 2019; 

O'Rourke et al., 2016b; Xu et al., 2020). Data fusion combines the spectral response of 

two or more sensors to increase predictive accuracy (Viscarra Rossel et al., 2006). The 

PLS-support vector machine (PLS-SVM) model fusion approach combines features of 

PLS to perform matrix decomposition of sensor and concentration data to extract latent 

variables and SVM to consider non-linear relationship between the spectral response and 

concentration data (Blaschek et al., 2019). Model averaging methods such as Granger 

Ramanathan model averaging (GRA) combines model outputs based on individual sensor 

data into a single prediction model (O'Rourke et al., 2016b). Memory-based algorithms 

including the LOCAL algorithm use a single regression algorithm to develop prediction 

models specific to each sample (Shenk et al., 1997). 

Studies reporting the applicability of proximal sensing techniques to large-scale soil Cd 

monitoring (O'Rourke et al., 2016a; Xu et al., 2020) and the assessment of low Cd 

concentration soils are limited (Stafford et al., 2018b; Wang et al., 2017). Stafford et al. 

(2018b) estimated total soil Cd concentrations at two dairy farms based on the significant 

relationship between total soil Cd and vis-NIR predicted soil total carbon and total 

nitrogen. Only vis-NIR spectroscopy has been used to assess soil Cd fractions (Cipullo et 

al., 2019). Studies applying proximal sensing techniques to estimate plant uptake of Cd 

from low Cd concentration soils are similarly limited. Visible-NIR has been used to 

quantify plant Cd only at high concentrations (up to 800 mg Cd/kg aboveground biomass) 

(Feng et al., 2019), whereas MIR has been used for assessing plant composition, 

plasticity, and disease (Largo-Gosens et al., 2014; Palacio et al., 2014; White et al., 2011; 

Zhang et al., 2017). Studies using pXRF to quantify TE concentration in plant samples 

are limited (McGladdery et al., 2018; McLaren et al., 2012).  

Controlled experiments using specific soil types and known concentrations of Cd 

including plants can be used to identify important spectral regions by deriving PLS 

loadings or variable importance in projection (VIP) that may contribute to the assessment 
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Chapter 2  

Literature review  

2.1 Cadmium and other TE in New Zealand 

agricultural soils 

2.1.1 Origin and occurrence 

Understanding TE abundance and variation in natural ecosystems is important for 

environmental management, agricultural production, and for protecting human health 

(Keesstra et al., 2016; Shrestha et al., 2021; Stojsavljevic et al., 2021). Trace elements 

such as cadmium (Cd), copper (Cu), and zinc (Zn) occur naturally in soils at low 

concentrations that cause no environmental concern (Hooda, 2010). Some of these TE, 

such as Cu and Zn, are essential elements for living organisms, and deficiency can cause 

health problems (Marschner, 2012; Prasad, 2012). However, soil TE concentrations can 

increase to above background or normal levels because of both geogenic and 

anthropogenic activities (Fig. 2.1 example Cd; Martin et al. (2016); Nriagu and Pacyna 

(1988)). Common geogenic pathways for increasing TE input are geothermal activity, 

volcanic eruptions, weathering and soil erosion (Kabata-Pendias, 2010; Zanders, 1998), 

while anthropogenic activities include phosphate fertiliser and pesticide application to 

agricultural land, waste disposal, vehicle emissions, and mining and refining activities 

(Harvey et al., 2017; Kubier et al., 2019; Morgan, 2010). Elevated TE concentrations in 

soil may enhance TE phyto-availability, leading to accumulation in plants and transfer 

through the food chain, potentially causing environmental, economic, and health risks 

(Alloway, 2013). Multiple edaphic and management factors influence the availability and 

mobility of TE in soils (Fig. 2.1). 
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Fig. 2.1 Factors affecting mobility and accumulation of Cd in different soil fractions.  

 

The concentration of Cu and Zn described in historical maps of New Zealand soils are 

categorised into <5 to >40 mg Cu/kg soil and <30 to >100 mg Zn/kg soil in the top 15 cm 

of the soil profile (Table 2.1; Soil Bureau (1962)). According to the New Zealand Soil 

Classification (NZSC) orders (Hewitt et al., 2021), Podzol soils show the lowest average 

(7 mg Cu/kg soil) total Cu concentration, whereas Allophanic soils show the highest 

average (27 mg Cu/kg soil) (Table 2.1). For Zn, the lowest average concentration is found 

in Pumice soils (39 mg Zn/kg soil) and the highest average in Granular soil (87 mg Zn/kg 

soil) (Table 2.1). Ultic soils show the lowest average Cd concentration (0.09 mg Cd/kg 

soil) whereas Al lophanic soils often have the highest average concentration (0.74 mg 

Cd/kg soil) (Table 2.1). Allophanic and Pumice soils, formed from volcanic parent 

materials (Hewitt, 2010), contain more Cd than other soil orders (Table 2.1; Cavanagh 

(2014)). The highest reported Cd concentration is 2.93 mg Cd/kg soil for Allophanic soils 

under long-term dairy farming (Table 2.1; Abraham (2018)). The background Cd 

concentration in soil ranges between 0.03 and 0.14 mg Cd/kg soil, whereas Cd 
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2.2.1 Total Cd concentration analysis 

Reference laboratory methods for total TE (including Cd) concentration analysis use 

acids e.g., hydrofluoric acid (HF), hydrochloric acid (HCl), nitric acid (HNO3), sulphuric 

acid (H2SO4), perchloric acid (HClO4), including occasionally hydrogen peroxide (H2O2) 

alone or in combination to dissolve the solid matrix and release TE into solution (Du 

Laing, 2010). For example, HCl dissolves phosphates, carbonates, and some oxides and 

sulphides, whereas HNO3 attacks matrices that are not dissolved by HCl (Hooda, 2010). 

The most widely used digestion acid mixture is aqua regia (1:3 HCl:HNO3) 

(Salmanzadeh, 2017) due to its high oxidising ability. Hydrofluoric acid dissolves silica-

based soil matrices (Hooda, 2010); however, its use in chemical analysis is limited due to 

its toxic nature (Zanders, 1998). Determination of Cd and other TE concentrations in 

digested aliquots can be made using inductively coupled plasma-atomic emission and 

mass spectrometry (ICP-AES and ICP-MS) (Kovács et al., 2000) and graphite furnace 

atomic absorption spectrometry (GFAAS) (Gray et al., 1999c).  

2.2.2 Sequential extraction of soil Cd 

The chemical forms of Cd and other TE in the soil solid phase can be studied using 

sequential extraction procedures, which recover elements from operationally defined soil 

fractions (Fig. 2.1; Adriano (1992)). Sequential extraction provides information about the 

origin, mode of occurrence, mobility, and biological availability of elements in the soil 

and such information is essential to understand plant uptake (Krishnamurti, 2008). When 

using a sequential extraction procedure, between three to ten steps are needed, applying 

extractants of increasing reactivity and strength. Sequential extraction methods broadly 

separate Cd into five geochemical fractions: exchangeable, acid soluble, metal oxides 

bound, organic matter bound, and residual fraction (Table 2.3; Gleyzes et al. (2002)). 

Among the sequential extraction methods described in the literature, that of Tessier et al. 

(1979) is the most common method in use (Du Laing, 2010).  
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Fig. 2.4 Laboratory scanning by pXRF sensor: a) SRM2711a reference, b) soil, c) plant aboveground biomass, and d) plant root samples, e) 

Olympus VCR pXRF instrument, f) pXRF spectra, vis-NIR sensor: g) white reference Spectralon, h) soil, and i) plant aboveground biomass 

samples in the sample holders, j) ASD FieldSpec4 spectroradiometer, k) vis-NIR reflectance spectra, MIR sensor: l) validation plate, m) soil and 

plant samples in 48 wells microplate, n) FTIR spectrometer with HTS-XT (Tensor II), and o) MIR reflectance spectra. 
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2.4.1 Spectral data pre-processing methods 

Spectra pre-processing refers to any mathematical treatment of the raw spectral data 

before use in the development of a prediction model (Fig. 2.5; Table 2.8). Spectral data 

pre-processing is required to remove multiple artefacts in the raw spectra including noise 

(Clingensmith et al., 2019), the effect of light scattering, spectral interference, baseline 

shift, and to remove irrelevant information (Table 2.8; Angelopoulou et al. (2017)). This 

step is also useful to correct any differences in soil spectra due to grain size (Shamsoddini 

et al., 2014). Furthermore, pre-processing enhances wavelength signals relevant to soil 

properties for predictive modelling (Angelopoulou et al., 2017). Different pre-processing 

techniques may result in dissimilar predictive accuracy and wavelengths of importance 

for TE prediction (Liu et al., 2017; Shin et al., 2019). Hence, the choice of spectral data 

pre-processing has a significant role in TE predictive modelling (Kemper and Sommer, 

2002).  

Among pre-processing methods, log transformation (Bray et al., 2009) and Savitzky-

Golay filters (Savitzky and Golay, 1964) are applied either alone or in combination before 

other pre-processing (Table 2.8). There are specific pre-processing methods that account 

for baseline shift (e.g., detrending, derivatives), light scattering effect (standard normal 

variate, robust normal variate, multiplicative scatter correction, continuum removal, 

normalisation) or variation from external factors (orthogonal signal correction) and are 

referred to as first level pre-processing methods (Table 2.8; Campos and Reis (2020)). 

Among these, first-order derivative transformation is one of the most common pre-

processing method to normalise spectra and intensify spectral signals to yield 

substantially more information on which calibration can be based (Table 2.8; Kemper and 

Sommer (2002)). In many cases, derivative transformations are applied in combination 

with Savitzky-Golay filters (Khosravi et al., 2018). Another common pre-processing 

method is continuum removal, which highlights the energy absorption feature of minerals 

(Table 2.8; Rathod et al. (2015b)). 

Second level pre-processing methods include mean centring and variance scaling 

(Campos and Reis, 2020). Mean centring (the process of subtracting the mean of each 

variable from the column of the data matrix) helps to avoid baseline offset in the 

predictors. Variance scaling, achieved by dividing variables by their respective standard 
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deviations, is used to impose equal weights on the data sets containing variables with 

different units and scales (Campos and Reis, 2020). Third level pre-processing method, 

described by Campos and Reis (2020) as multiblock analysis, can find associations 

between information from multiple sources and assigns weights to each data block before 

use in model construction. 

There are also pre-processing methods used for specific instruments. These include splice 

correction for vis-NIR (Stevens and Ramirez Lopez, 2020), constant offset elimination 

for MIR (Moros et al., 2009), and Coiflet 3 for pXRF spectral data (Li et al., 2017). Before 

using spectral data as input for algorithms, some other data filtering and separation 

techniques are used to increase the reliability and robustness of the prediction model.  

2.4.2 Outlier detection and sampling methods 

For outlier detection in the spectral dataset, Mahalanobis distance is the most used method 

(Blaschek et al., 2019). Mahalanobis distance accounts for the fact that two spectra may 

show similarity for properties of two samples due to the highly correlated wavelengths in 

the spectra (Wadoux et al., 2021a). Other methods including principal component 

analysis, Euclidian distance, and correlation dissimilarity are also used (Table 2.9).  

For separating the sample dataset into training and test sets, different sampling methods 

are used including the Kennard-Stone sampling, K-means clustering, and conditioned 

Latin hypercube sampling (Table 2.10). Kennard-Stone sampling is the most common 

method in chemometric analysis (Table 2.10; Ng et al. (2018)).  
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Table 2.8 Selected spectral data pre-processing methods for predictive modelling using proximal sensor data. 

Artefacts 
Pre-
processing 
methods 

Description Aim Comments Use in predictive 
modelling of TE References 

Light scatter 
(additive or 
multiplicative 
perturbations) 

Log 
transformation 

Calculates log10(1/R); where R is the 
reflectance value. 

Remove the scattering 
effect. 

Usually, the first 
step in vis-NIR 
spectra pre-
processing. 

In MIR, used to develop a 
predictive model based on 
principal component 
analysis. 

(Bray et al., 
2009) 
 

Continuum 
removal 

Generates new spectral data by 
dividing the envelope curve of a 
continuum on raw reflectance spectra. 

Effective at isolating 
specific absorption 
features, removing the 
effects of changing slopes 
and overall reflectance 
levels. 

Removes humidity 
differences 
between targets 
and illumination 
between shots. 

With support vector 
machine regression 
model, this pre-processing 
was chosen for predicting 
Cd. 

(Clark and 
Roush, 1984; 
Gholizadeh et al., 
2015) 

Robust 
normal variate 

Row-wise scaling operation that 
removes the spectrum median from 
all the spectrum variables and divides 
them by the spectrum robust standard 
deviation. 

Ensures more efficient 
light scatter corrections. 

The percentile 
approach is more 
robust than the 
mean and less 
sensitive to 
extreme values. 
 

Not yet applied for TE 
predictions. 

(Guo et al., 1999) 

Noise Savitzky-
Golay filters 

Local fitting of low-order 
polynomials and their subsequent use 
as an efficient filtering scheme. 

Reduce the artificial noise 
caused by the proximal 
sensor instrument. 

An optimal value 
for Savitzky-Golay 
filters is 
determined by trial 
and error. 

The most common pre-
processing method 
applied to predict TE. 

(Khosravi et al., 
2018; Savitzky 
and Golay, 1964; 
Wang et al., 
2014) 

Baseline shift Derivatives Calculates the derivative of the 
spectra measured as per the variable 
number (index) or another relevant 
axis scale (wavelength). 

Remove additive constant 
background effects (1st 
derivative). Remove 
baseline linear slope 
variations and additive 
effective (2nd derivative). 

Because 
derivatives de-
emphasise lower 
frequencies and 
prioritise higher 
frequencies, they 
tend to accentuate 
noise. 

Increase correlation 
between reflectivity and 
TE concentration, limit 
the influence of partial 
linearity (1st derivative); 
Prediction model using 
2nd derivative spectra 
quantified Cd accurately 
than other pre-processing. 

(Brown et al., 
2000; Chen et al., 
2015; 
Shamsoddini et 
al., 2014; 
Todorova et al., 
2014) 
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With the availability of multiple proximal sensor instruments in soil laboratories, 

combining the sensor data from two or more proximal sensor instruments can boost the 

predictive power achieved from a single sensor (Fig. 2.5; O'Rourke et al. (2016b)). A 

synergistic combination of two or more proximal sensors can be achieved by: (1) data 

fusion (Wang et al., 2015), and (2) model averaging (O'Rourke et al., 2016b). The 

integrated power of multiple sensors either by sensor data fusion or a combination of 

individual sensor data-based model output can improve accuracy and reduce the 

uncertainty of prediction models developed for quantitative and qualitative assessment.  

2.4.3.1 Single regression algorithms 

Partial least squares (PLS) regression is one of the most successfully used algorithms in 

analysing data from proximal sensor instruments (Nawar et al., 2019). The PLS 

regression can also be used as a dimensionality reduction technique because it performs 

matrix decomposition on the spectra (predictors) and soil and plant properties data 

(target0 to extract latent variables that maximise the covariance between predictors and 

target properties (Table 2.11). Support vector machine (SVM) is an instance-based 

algorithm, which typically builds a database using similarity to find the best match and 

predict matrix properties (Table 2.11; Brownlee (2019)). With SVM, large outliers have 

a limited effect on the model equation (Kuhn and Johnson, 2013). The inclusion of linear 

, polynomial, or radial basic function and hyperbolic tangent kernel functions to 

encompass linear and non-linear functions of the predictors gives this algorithm more 

predictive power than PLS (Gholizadeh et al., 2015). However, SVM is suitable for 

limited size datasets, and may result in overfitted models without the possibility of using 

them for general purposes when non-linear kernels are used and pairwise distances 

between samples are large (Han and Jiang, 2014). Random forest (RF) is an ensemble 

learning method that combines Breiman's bagging approach and random selection of 

wavelengths to construct multiple decision trees (Table 2.11; Breiman (2001)). A random 

forest model achieves variance reduction by selecting robust and complex decision trees 

exhibiting low bias. Each tree is selected independently of all previous trees. However, 

the ensemble nature of random forests makes it difficult to understand the relationship 

between the predictors and target properties (Thompson, 2019). Random forest may have 

higher predictive accuracy than PLS but may be of limited use due to the inability to  
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of two sensor data generating outer products (Table 2.12; Jaillais et al. (2005)). Low-level 

fusion can lead to redundancy problems which may reduce overall model performance, 

whereas high-level fusion is computationally intensive. Therefore, middle-level fusion 

has become more common for improved predictive modelling (Table 2.12). Data fusion 

of pXRF and vis-NIR has been used in multiple studies, but examples of the inclusion of 

MIR with pXRF and vis-NIR are limited (Table 2.12; Li et al. (2021); O'Rourke et al. 

(2016b)). 

 

Table 2.12 Selected data fusion methods for combining sensor data from different 

proximal sensing techniques for predictive modelling. 

Data fusion 
methods 

Main features 
Proximal 
sensing 
techniques 

TE assessed Limitation s References 

Low-level 
fusion 

Concatenating spectral 
data of different sensors. 

pXRF + vis-
NIR 

As, Cd, Cr, 
Ni, Pb 

Computationally 
intensive due to 
data size; may 
reduce 
performance due to 
the redundant 
spectra. 

(Xu et al., 2020) 

TXRF1 + MIR Cu, Zn (Towett et al., 
2015b) 

vis-NIR + 
MIR 

Not yet tested (Ng et al., 2019) 

      

Middle level 
fusion 

Important spectra 
contributing to the TE 
quantification are 
selected from individual 
sensors. 

pXRF + vis-
NIR 

As, Cd, Cr, 
Ni, Pb 

Computationally 
less intensive 
compared to low-
level fusion. 

(Xu et al., 2020) 

Principal components 
from vis-NIR spectra are 
combined with raw 
spectra of pXRF. 

pXRF + vis-
NIR 

 Pb (Pozza et al., 
2020) 

Concatenating principal 
components from 
different sensor spectra. 

pXRF + vis-
NIR 

Not yet tested (Zhang and 
Hartemink, 
2020) 

      

High level 
fusion 
(Outer 
product 
analysis) 

Emphasise the co-
evolution of spectral 
regions in signals 
acquired in two spectral 
regions (sensors). 

pXRF + vis-
NIR 

As, Cd, Cr, 
Ni, Pb 

Computationally 
intensive due to 
very large matrix 
generated; only 
data from two 
sensors have been 
combined. 

(Jaillais et al., 
2005; Xu et al., 
2020) 

vis-NIR + 
MIR 

Not yet tested  (Ng et al., 2019) 

TXRF1 = Total X-ray fluorescence spectroscopy 
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measures depend on the scale of the data (Wadoux et al., 2021a). Whereas nRMSE is 

independent of the scale of the data, so easier to understand and compare accuracy of 

prediction models based on different scale dataset (Pullanagari et al., 2016). The CCC 

measures agreement between measured and predicted values in the prediction model 

whereas R2 value measures the percentage of target property (measured values) variance 

explained by the prediction model (Lin, 1989). The RPIQ can be used to compare 

performance of difference models to evaluate improvement (Bellon-Maurel et al., 2010).  

2.5 Using large spectral librar ies for local soil Cd 

quantification  

A soil spectral libraries (SSL) is a collection of spectral, physical, chemical, biological, 

and spatial information on soil samples with the record of the relationship between soil 

properties and their spectral response (Viscarra Rossel et al., 2016). Such SSLs are the 

basis for the wider application of these proximal sensing techniques to accurately estimate 

soil properties (Shepherd and Walsh, 2002). Availability of SSLs at large scales e.g., 

regional/national, continental, and global, can potentially reduce the need to collect large 

numbers of soil samples and to analyse these using reference laboratory methods to 

develop calibration models for predicting soil properties locally (Table 2.14; Brown 

(2007); Sila et al. (2016); Viscarra Rossel et al. (2016)). In this way, a robust SSL can 

reduce or completely mitigate the need for routine wet chemistry analysis as a part of 

model development (Rossel et al., 2008; Shepherd and Walsh, 2002). The robustness of 

large SSLs is directly related to the data size, representative pedo-diversity, and coverage 

of soil properties (e.g., the concentration range of TE as Cd) of interest (Viscarra Rossel 

et al., 2016). However, large SSLs may require additional steps such as (1) selection of a 

large SSL subset, (2) spiking with local samples, (3) giving weights to local samples, 

and/or (4) selection of algorithm before model development and predict the property of 

interest in local samples (Brown et al., 2006; Greenberg et al., 2022; Ng et al., 2022a; 

Wetterlind and Stenberg, 2010).  

The selection of a suitable subset of samples from the large SSL can be made based on 

(1) common characteristics e.g., similarity of land use (Moura-Bueno et al., 2020), and/or 

(2) spectral similarity e.g., using principal component analysis (PCA) to find samples 

from the large library in the closer spectral distance with the targeted local samples 
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(Nawar and Mouazen, 2018). Li et al. (2020) found that reducing the geographical 

coverage of a large-scale SSL increases the accuracy of a prediction model (Table 2.14). 

Spiking refers to adding representative samples from a local area into the SSL (e.g., 

regional, national, continental, or global SSLs) or its subset to develop a prediction model 

(Brown, 2007). Two methods have been proposed to add local samples to the SSL or its 

subset: (1) spectral similarity, as assessed by PCA (Nawar and Mouazen, 2017b); and (2) 

the use of concentration values (Table 2.14; Guerrero et al. (2010)). When using 

concentration values, methods as conditioned Latin hypercube sampling, Kennard-Stone 

sampling, Mahalanobis distance (distance between a sample and a distribution), and 

Shannon H index (measure diversity in the dataset) methods have been considered to 

make the sampling effort unbiased (Table 2.10; Guerrero et al. (2010); Li et al. (2020)).  

Guidelines have been proposed for considering the appropriate number of samples that 

should be added to large SSLs to improve predictions such as Li et al., (2020) stated that 

15% should be added to district level SSL, while Nawar and Mouazen (2017) suggested 

70% for continental level SSL. Another method to improve the performance of a 

prediction model developed using a SSL to quantify local samples is giving extra weight 

to the spiked local samples (Greenberg et al., 2022). Sankey et al. (2008) showed better 

large-scale model performance by giving higher weight to local samples when compared 

to a model that contains no local samples.  

Visible-NIR and MIR proximal sensor-based SSLs have been used to predict soil 

properties as soil organic carbon and total nitrogen locally (Table 2.14; Li et al. (2020); 

Sanderman et al. (2021)). For example, spiking has been applied to quantify soil carbon 

content (Kuang and Mouazen, 2013). Testing how a pXRF sensor-based large SSL (e.g., 

regional) improve the prediction of a soil property as Cd concentration locally would need 

further research. Moreover, the large SSL, compiling data from different sensors (pXRF, 

vis-NIR, and MIR) could potentially be used to assess multiple soil properties including 

Cd concentration at a local scale.  

Different algorithms have been tested to predict local soil properties using a large SSL 

(Table 2.14). The prediction model developed using a SSL or its subset spiked with a 

representative local samples as input for PLS regression has been shown to generate 

optimal model to quantify local soil properties (Table 2.14; Brown (2007); Nawar and 

Mouazen (2017b); Wetterlind and Stenberg (2010)). Among different algorithms, 
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2.6 Summary and research gaps 

The use of proximal sensing techniques to determine total soil Cd concentrations in New 

Zealand agricultural soils has the potential to improve the scale and scope of long-term 

regular monitoring of soil Cd required under the framework of TFMS (Section 2.1.4). To 

date, proximal soil sensing techniques have focused on the potential to quantify high total 

soil Cd in the contaminated lands and mining areas (Nawar et al., 2019), which are 

relatively low in agricultural soils (<3 mg Cd/kg soil; Tables 2.1 and 2.2). The direct 

quantification of agricultural total soil Cd using pXRF alone is hampered by the low 

detection limit for Cd associated with this technique (>3 mg Cd/kg soil; Table 2.6; 

Lemière (2018)). However, the raw XRF spectra can be used to develop calibration 

models for local samples that have lower limits of detection (O'Rourke et al., 2016a). Site 

specific soil properties must be considered in model development as soil moisture, soil 

organic matter, and particle size can all interfere with and attenuate X-ray signals limiting 

the accuracy of predictions (Section 2.3.1; Ravansari et al. (2020)). 

Inexpensive TE monitoring using proximal sensors requires development of a robust SSL 

including enough samples representing soil orders, parent materials, climatic conditions, 

and land uses from across the country (Section 2.5). Geochemical soil baseline surveys 

conducted at a regular spacing across the country can be the representative source of soil 

samples for constructing a SSL. In New Zealand, GNS Science, a crown research institute 

conducting research in geological and earth system processes, conducts such geochemical 

soil baseline surveys collecting samples at regular 8 km spacing and reference laboratory 

analyses are performed to quantify the total soil concentration of 65 elements, including 

Cd (Martin et al., 2016). These soil samples are available for scanning by proximal 

sensors to develop a national scale SSL. The SSLs have been developed for global scale 

(using vis-NIR) and national scale (MIR) but there is no report of a SSL based on XRF 

spectra (Gogé et al., 2014; Viscarra Rossel et al., 2016). There is a good opportunity for 

SSLs to include information from three proximal sensors: pXRF, vis-NIR, and MIR to 

contribute to reliable and cost-effective monitoring of TE at low concentrations.  

A robust SSL developed from regional scale surveys could improve the future prediction 

of Cd concentration across areas characterised by soil diversity and contrasting Cd 

concentrations characteristic of farm-scale mapping. Calibration models containing large 
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al., 2016)), as well as Cd accumulation at non-toxic soil Cd concentrations. Controlled 

experiments which collect spectral data from soils with increasing Cd concentration (e.g., 

above concentrations detected in New Zealand; Table 2.1) and with contrasting soil 

properties covering the expected pedo-diversity within a target location, can contribute to 

the development of a more representative spectral library which can be used to quantify 

plant Cd using proximal sensing techniques (Rathod et al., 2013; Sridhar et al., 2007; 

Viscarra Rossel et al., 2016).  
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Cu/kg, 0.63 mg Ni/kg, and 3.90 mg Zn/kg, respectively. For Cd and Hg, Granger-

Ramanathan model averaging of outputs from PLS-SVM models using pXRF, vis-NIR, 

and MIR data performed optimally with CCC>0.80 and RMSE of 0.03 mg Cd/kg and 

0.01 mg Hg/kg, respectively. This study showed that quantitative prediction models for 

As, Cd, Cr, Cu, Hg, Ni, Pb, and Zn could be successfully implemented at local- and 

national-scale and for long-term monitoring of soil TE at concentrations below pXRF 

detection limits and with reduced matrix interference from organic matter than from 

individual techniques alone. 

3.1 Introduction  

Understanding TE abundance and variation in natural ecosystems is important for 

environmental management, agricultural production, and for maintaining human health 

(Keesstra et al., 2016; Shrestha et al., 2021; Stojsavljevic et al., 2021). Arsenic (As), 

cadmium (Cd), chromium (Cr), copper (Cu), mercury (Hg), nickel (Ni), lead (Pb), and 

zinc (Zn) occur naturally in soils at concentrations that typically cause no environmental 

or health concerns (Hooda, 2010). Some TE, such as Cu and Zn, are essential elements 

for living organisms, and deficiency in these elements can cause health problems 

(Marschner, 2012). Background concentrations of these TE in soil have increased in many 

places worldwide (both urban and rural) as a function of geogenic and anthropogenic 

activities (Martin et al., 2016; Nriagu and Pacyna, 1988; Turnbull et al., 2019). Common 

geogenic pathways for increasing TE input into soils are geothermal activity, volcanic 

eruptions, weathering, and soil erosion (Kabata-Pendias, 2010), while anthropogenic 

activities include phosphate fertiliser and pesticide application to agricultural land, waste 

disposal, vehicle emission, and mining and refining activity (Harvey et al., 2017; Morgan, 

2010; Tay et al., 2021). Elevated TE concentrations in soil may enhance TE 

bioavailability, leading to their accumulation in plants and transfer through the food 

chain, potentially causing environmental, economic, and health risks (Alloway, 2013).  

Geochemical soil baseline surveys have been used worldwide to assess and quantify soil 

TE contamination at regional- to continental scales (de Caritat and Cooper, 2016; Li et 

al., 2014; Martin et al., 2016; Reimann and de Caritat, 2012; Salminen et al., 2005; 

Turnbull et al., 2019). Soil TE quantification traditionally uses wet chemistry analytical 

techniques (e.g., inductively coupled plasma mass spectrometry), which are expensive 
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available water-holding capacity (Bao et al., 2017; Blaschek et al., 2019; Hong et al., 

2019). However, this PLS-SVM model fusion technique is yet to be tested for estimating 

background soil TE concentrations. Similarly, multiple sensor data can be combined by 

applying model averaging methods such as GRA to quantify TE (O'Rourke et al., 2016b; 

Pozza et al., 2020). Xu et al. (2019a) used the BMA technique to assess the organic matter 

and total nitrogen in soils, but this approach remains untested to predict TE.  

In the present study, a set of soil samples from a geochemical baseline survey covering 

southern New Zealand were used to test different approaches to determine soil TE 

concentrations. Spectral response information from pXRF, vis-NIR, and MIR applied in 

different combinations and with advanced chemometric methods (data fusion, model 

fusion, and model averaging) were assessed to: 1) quantify multiple soil TE (As, Cd, Cr, 

Cu, Hg, Ni, Pb, and Zn) using a systematic combination of information from proximal 

sensors (pXRF, vis-NIR, and MIR) via data fusion or model averaging, and PLS-SVM 

model fusion, 2) benchmark TE concentrations against the built-in pXRF calibration 

models, and 3) establish recommendations for the combination of spectra and 

chemometric methods estimating soil TE concentrations.  

3.2 Materials and methods 

3.2.1 Study area, soil sampling, and chemical analyses 

Soil samples (n=622), collected by GNS Science as a part of the baseline geochemical 

survey, were obtained from 0 to 20 cm depth from sites spaced 8 km apart covering c. 

40,000 km2 between sea level and 2000 metres above sea level within the Otago and 

Southland provinces of southern New Zealand (Fig. 3.1; Rattenbury et al. (2018)). Soil 

samples were taken from the centre and corners of a 20 m square and bulked in the field 

(Martin et al., 2016). The study area includes diverse geological parent materials, climatic 

conditions, land uses, and soil TE concentrations (Martin et al., 2016; Rattenbury et al., 

2014). The soil sample sites included 47% of arable land (Appendix 3.1). Dominant soil 

types include Brown (53%) and Pallic soils (24%) (following the New Zealand Soil 

Classification of Hewitt et al. (2021), Appendix 3.1). Reference laboratory analysis for a 

suite of elements was conducted on a subsample (0.5 g) that was digested with 10 ml of 

a solution containing equal parts of concentrated HCl, HNO3, and H2O (1:1:1) for an hour 
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in a heating block or hot water bath (Martin et al., 2016). The digested aliquot was 

analysed in a PerkinElmer ELAN 9000 inductively coupled plasma mass spectrometer 

(ICP-MS) to quantify total concentrations of Al, As, Cd, Cr, Cu, Fe, Hg, Ni, Pb, and Zn 

(Gazley et al., 2020; Martin et al., 2016). Soil total carbon (C) concentrations were 

measured using a sub-180 µm subsample (5 g) in a LECO CS230 element analyser 

(Martin et al., 2016).  

 

 
Fig. 3.1 A location diagram showing a) the sampling regional area within New Zealand 

and b) the detailed site locations (triangles and dots) spaced approximately 8 km apart in 

southern New Zealand. The site locations are separated into a training set (black triangles) 

and a testing set (black dots) using the Kennard-Stone sampling method. Provinces are 

indicated in bold text and cities are in regular font. (Map source: LINZ Data Service, 

2021). 

 







56 
 

fusion, and model averaging. These steps were performed using the R package prospectr 

(Stevens and Ramirez Lopez, 2020). 

3.2.4 Modelling framework  

The R statistical environment (R Core Team, 2021) was used to perform all chemometric 

analysis. The spectral data and reference laboratory results were used to develop 

calibration models based on training sets. Then, the models were validated by using the 

hold-out testing sets. All concentration values were log-transformed then mean centred 

and variance scaled before use in the predictive modelling to avoid detrimental effects of 

the skewness observed in the TE data (Section 2.4.1). During model development, hyper-

parametrisation of the different prediction methods tested was carried out using 10-fold 

repeated cross-validation (18 repeats), with the optimal set of parameters chosen based 

on the empirically optimal model yielding the smallest RMSE value. 

Prediction models were developed using either PLS or a model fusion of PLS with 

support vector machine (SVM) (Section 2.4.3.2). The PLS regression used the R package 

pls (Mevik et al., 2020), wrapped in the caret package (Kuhn et al., 2021). For PLS-SVM 

model fusion, the optimal set of latent variables extracted from a PLS was then used as 

inputs for a SVM model (Blaschek et al., 2019) using a polynomial function as 

implemented in the R package kernlab (Karatzoglou et al., 2004) (Fig. 3.2).  

 

 

Fig. 3.2 A flow diagram of the model fusion process in the study. 
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Table 3.2 Correlation matrix among total soil concentrations of TE (As, Cd, Cr, Cu, Hg, 

Ni, Pb, and Zn) and spectrally active soil components (Al, C, and Fe) for the combined 

dataset used for training and testing. 

 
As Cd Cr  Cu Hg Ni Pb Zn Al  C 

As 
          

Cd -0.05 
         

Cr 0.08 0.36***  
 

 
      

Cu 0.32***  0.26***  0.55***    
     

Hg -0.23***  0.23***  0.15***  0.00   
    

Ni 0.34***  0.27***  0.72***  0.72***  -0.15***    
   

Pb 0.42***  -0.10* 0.03 0.33***  -0.15***  0.23***    
  

Zn 0.37***  0.39***  0.49***  0.69***  -0.11** 0.70***  0.37***    
 

Al  -0.01 0.34***  0.66***  0.56***  0.33***  0.44***  0.05 0.45***    
C -0.25***  0.21***  0.13** -0.07 0.56***  -0.13** -0.14***  -0.08* 0.32***   
Fe 0.41***  0.19***  0.65***  0.77***  0.08 0.68***  0.31***  0.62***  0.73***  0.01 
Level of significance: *p<0.05; **p<0.01; ***p<0.001 

 

3.3.2 Performance of prediction models quantifying TE  

In general, models using a particular combination of proximal sensors information via 

data fusion or model averaging outperformed those models obtained from a single sensor 

(Fig. 3.3; Appendices 3.2 and 3.4). This is evidenced by reduced RMSE and bias, and 

increased R2, CCC, and RPIQ, suggesting improved accuracy of estimations for multiple 

TE (Fig. 3.3; Appendix 3.2). Among three proximal sensors, PLS-SVM based models 

using pXRF data performed fairly to quantify As, Cr, Cu, Hg, Pb, Ni, and Zn, whereas 

vis-NIR data performed satisfactorily predicting Cd with relatively low RMSE (Fig. 3.3; 

Appendices 3.2 and 3.4). Models using MIR data did not outperform other sensors to 

quantify TE (Appendix 3.2). 

The PLS-SVM models using fused pXRF and MIR data performed well predicting As, 

Cr, and Pb concentrations (Fig. 3.3a; Appendix 3.2). These models showed CCC of 0.97 

and RMSE of 0.57 mg As/kg, 1.14 mg Cr/kg, and 1.05 mg Pb/kg, respectively (Fig. 3.3a; 

Appendix 3.2). The PLS-SVM models, using fused pXRF and vis-NIR data, performed 

very well when predicting Cu, Ni, and Zn concentrations (CCC, 0.98; RMSE, 1.09 mg 

Cu/kg, 0.63 mg Ni/kg, and 3.90 mg Zn/kg, respectively; Fig. 3.3b; Appendix 3.2).
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Fig. 3.3 Measured versus predicted concentrations of a) As, Cr, and Pb, b) Cu, Ni, and 

Zn, and c) Cd and Hg for the testing set based on the optimal model using a combination 

of proximal sensors data coupled with chemometric methods (black dots; performance 

statistics in black letters) and the built-in pXRF calibration (grey diamonds; performance 

statistics in grey letters). A black diagonal line going through the origin is a 1:1 line. 

Spectral data fusion of pXRF + MIR as input for PLS-SVM performed optimally for As, 

Cr, and Pb. Spectral data fusion of pXRF + vis-NIR as input for PLS-SVM performed 

optimally for Cu, Ni, and Zn. GRA of PLS-SVM model-based outputs of pXRF, vis-NIR, 

and MIR data performed optimally for Cd and Hg. Both Cd and Hg concentrations were 

below the lower detection limit of the pXRF built-in calibration. 
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3.4.2 Comparison of performance of optimal TE prediction 

models with published studies 

These results demonstrate the feasibility of predicting As, Cr, and Pb by fusing pXRF and 

MIR data (Fig. 3.3a). Other studies (O'Rourke et al., 2016b; Xu et al., 2020) have been 

less successful in assessing these TE concentrations in soil either using data fusion or 

other computationally intensive methods such as outer product analysis or Cubist (Table 

3.3). Previous studies have also used GRA model averaging to determine As, Cr, and/or 

Pb concentrations using pXRF, vis-NIR, and/or MIR with Cubist models performing 

poorly (Table 3.3; O'Rourke et al. (2016a); Pozza et al. (2020)). In contrast to the optimal 

models constructed for Cu, Ni, and Zn concentrations through fusing pXRF and vis-NIR 

data reported in this study (Fig. 3.3b), past attempts at data fusion and random forest 

regression of total XRF and MIR, have quantified extractable Cu and Zn with poor 

accuracy (Table 3.3; Towett et al. (2015b)). 

3.4.3 Model fusion and model averaging for TE predictions 

This study demonstrates that PLS-SVM is an effective approach to predict TE using the 

proximal sensors tested here, particularly when applying data fusion or model averaging 

(Fig. 3.3; Appendix 3.2). The PLS-SVM has been previously applied to predict a range 

of soil properties, including available water-holding capacity and soil organic carbon 

content using vis-NIR data only (Blaschek et al., 2019; Hong et al., 2019). The PLS-SVM 

model fusion combines features of PLS and SVM for improved TE predictions. The PLS 

algorithm performs matrix decomposition on the spectral and TE concentration data to 

extract latent variables (Bao et al., 2017) and this helps to (1) reduce data redundancy 

(Hong et al., 2019) and (2) remove noise (Blaschek et al., 2019) and matrix interference 

caused mainly by soil organic matter in XRF spectra (Ravansari and Lemke, 2018). The 

use of SVM regression on PLS latent variables takes into account the non-linear spectral 

association between TE and spectrally active soil components (Blaschek et al., 2019). 
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pasture cover of the sampled farms was chicory or plantain (56%), while the remaining 

pastures were under ryegrass/white clover. Soil samples covered soil orders representing 

the major agricultural soils in New Zealand as per NZSC, including Allophanic (57%), 

Pumice (16%), Organic (11%), Pallic (7%), Brown (5%), Gley (2%), and Recent (1%) 

soils. A composite sample for each site in the farm was prepared by aggregating soil cores 

from 15 subsampling locations (Stafford, 2017). 

 

Fig. 4.1 A map of New Zealand outlining the general location of soil sampling areas in 

the North Island (Waikato region) and the South Island (Canterbury and Southland 

regions). 
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Fig. 4.2 Steps of sequential extraction of soil Cd fractions following Tessier et al. (1979) 

with modifications. 

 

After each extraction, the sample was centrifuged at 13,000 g for 30 minutes and the 

supernatant was filtered through Whattman no. 42 to obtain a solution for further analysis 
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The principal component analysis (PCA) of spectral data was performed to reduce the 

multi-dimensionality of spectral data into a few principal components. Spectral data were 

centred before performing PCA. The distribution of Allophanic and non-Allophanic soil 

samples in the principal components space were plotted using the first two principal 

components describing the greatest amount of variance in the dataset.  

4.2.4 Modelling framework  

The R statistical environment (R Core Team, 2021) was used for all chemometric 

analysis. The spectral data (predictor variables) and reference laboratory Cd analysis 

results (target property) were used to cross-validate (which excludes the need to maintain 

separate calibration and validation sets) the individual sensor performance (Chodak et al., 

2007). All concentration values were log-transformed and then transformed using mean 

centring and variance scaling (Section 2.4.1; Table 2.8) before use in the predictive 

modelling to avoid detrimental effects of the skewness observed in the Cd concentration 

data (Bray et al., 2009). During model development, hyper-parametrisation of the 

different sensors tested was carried out using repeated k-fold cross-validation with 10 

folds and 25 repeats, with the optimal set of parameters chosen based on the simplest 

model within the one standard error of the empirically optimal model (Breiman et al., 

1984).  

Prediction models were developed using PLS regression (Section 2.4.3.1; Table 2.11). 

The PLS regression used the R package pls (Mevik et al., 2020) wrapped in the caret 

package (Kuhn et al., 2021). The variable importance in projection (VIP; Section 2.4.4) 

scores from PLS model based on each sensor data were calculated using varImp function 

in the R package caret (Kuhn et al., 2021). Spectral regions including VIP with a score 

of more than 50% were identified as the main contributors for quantitative model 

development. The VIP scores are based on the weighted sum of the absolute regression 

coefficients for each variable scaled to have a maximum value of 100 (Kuhn et al., 2021). 

4.2.5 Evaluation of model performance 

The predictive accuracy of the different models was assessed and compared calculating 

RMSE, R2, RPIQ (Bellon-Maurel et al., 2010), CCC (Lin, 1989), and bias. Details on 

performance statistics can be found in Section 2.4.5 of Chapter 2. These parameters were 







82 
 

 

Fig. 4.3 Regression of total soil Cd in relation to total soil phosphorus (P) concentration 

for all topsoil samples i.e., Allophanic (white circles; n=50) and non-Allophanic (grey 

dots; n=37) soils from long-term pastural farms in New Zealand. 

 

Total Cd showed a significant positive correlation with total P in both Allophanic (r=0.59, 

p<0.001) and non-Allophanic soils (r=0.78, p<0.001) and a significant positive 

correlation (r=0.42, p<0.01) with acid oxalate extractable Al in Allophanic soils (Table 

4.2). However, no correlation was observed in non-Allophanic soils (Table 4.2). Total Cd 

also showed a significant positive correlation (r=0.44, p<0.001) with total C in non-

Allophanic soils only (Table 4.2). 
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Table 4.2 Correlation analysis among total soil Cd and exchangeable, acid soluble, 

organic matter bound, metal oxides bound, and residual Cd with selected soil chemical 

properties measured for Allophanic (n=50) and non-Allophanic soils (n=37).  

Chemical properties 
  Cadmium    

Total  Exchangeable Acid 
soluble 

Metal oxides 
bound 

Organic 
matter bound Residual 

All soils (n=87) 
P 0.80***  0.66***   0.79***   0.79***  0.67***  0.50***  
C 0.42***  0.17  0.45***   0.29 0.57***  0.30** 
N 0.52***  0.27*  0.53***   0.40** 0.63***  0.38***  
CEC 0.43***  0.20  0.47***   0.30* 0.62***  0.35***  
Alo 0.53***  0.31**  0.51***  0.62***  0.43***  0.65***  
Feo 0.29** 0.26*  0.24*  0.33** 0.04 0.45***  
Sio 0.50***  0.40***   0.49***  0.62***  0.30** 0.52***  
pH -0.07 -0.12 -0.15  0.00 -0.21 0.00 
Allophanic soils (n=50)  
P  0.59***  0.55***   0.63***  0.67***   0.58***   0.60***  
C  0.16 -0.04  0.28*  0.33 0.22  0.38 
N  0.30* 0.04  0.34*  0.40**  0.26  0.48***  
CEC  0.36** 0.09  0.43**  0.41**  0.35*  0.44** 
Alo  0.42** 0.21  0.48***   0.55**  0.43**  0.62***  
Feo  0.13 0.05  0.17  0.14 -0.05  0.33* 
Sio  0.52***  0.26  0.52***  0.57***   0.46***   0.61***  
pH -0.24 -0.09 -0.28*  -0.26 -0.26 -0.11 
non-Allophanic soils (n=37)  
P  0.78***  0.40* 0.81***  0.65***   0.70***  -0.01 
C  0.44***  0.37* 0.75***   0.44** 0.76***   0.29 
N  0.61***  0.40* 0.74***   0.40* 0.79***   0.26 
CEC  0.49** 0.27 0.62***   0.28 0.75***   0.31 
Alo  0.07 -0.52** -0.11 -0.02 0.10  0.53***  
Feo -0.20 -0.08 -0.25 -0.11 -0.28  0.35* 
Sio -0.40* -0.51** -0.51** -0.30 -0.45** -0.05 
pH -0.19 -0.48** -0.29  0.02 -0.33* -0.02 
Alo=Acid oxalate extractable Al, Feo=Acid oxalate extractable Fe, Sio=Acid oxalate extractable Si, 
CEC=Cation exchange capacity; p value <0.05=*, <0.01=**, and <0.001=*** 
 
 

4.3.3 Cadmium fractions  

Sequential extraction separated Cd into one of five operationally defined fractions: 

exchangeable, acid soluble, metal oxides bound, organic matter bound, and residual Cd 

(Fig. 4.4). For all the soils studied, there was a significant relationship (R2=0.90, p<0.001) 

between total soil Cd and sum of Cd extracted in the individual fractions (Fig. 4.4a). The 

average concentration of Cd in each of the fractions: exchangeable, acid soluble, organic 

matter bound, metal oxides bound, and residual Cd was 0.12, 0.11, 0.09, 0.12, and 0.02 

mg Cd/kg soil, respectively (Fig. 4.4b).  
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Fig. 4.4 Soil Cd sequential extraction analysis: a) total soil Cd against the sum of five Cd 

fractions for Allophanic (white circles) and non-Allophanic (grey dots) soils. The 

diagonal centre line from the origin is a 1:1 line. b) the mean distribution of Cd between 

the fractions expressed as concentration (mg Cd/kg), and c) the distribution of Cd between 

the fractions expressed as a percentage of the sum of five Cd fractions for Allophanic and 

non-Allophanic soils (n=87). Significance of mean comparison is presented as p<0.05=*, 

p<0.01=**, and p<0.001=***. 

 

On average, Cd concentration in all the fractions were significantly higher (p<0.01) in 

Allophanic soils than non-Allophanic soils (Fig. 4.4b). The metal oxides bound Cd 

fraction average concentration was higher (0.18 mg Cd/kg soil) than other fractions in 

Allophanic soils (Fig. 4.4b). Exchangeable Cd average concentration (0.09 mg Cd/kg 

soil) were higher than other fractions in non-Allophanic soils (Fig. 4.4b). On average, 

both Allophanic and non-Allophanic soils showed very low amounts of average residual 

Cd (0.03 mg Cd/kg soil and 0.02 mg Cd/kg soil, respectively) (Fig. 4.4b).  

For all soils studied, a substantial proportion of Cd (71.3%) was found in the 

exchangeable and potentially-available forms i.e., acid soluble and organic matter bound, 

while about 23.3% was bound to metal oxides (Fig. 4.4c). The proportion of Cd in the 

residual fraction was always very low (5.4%; Fig 4.4c). Comparing Cd fractions between 

the Allophanic and non-Allophanic soils, metal oxides bound Cd was significantly higher 

(p<0.001) in Allophanic soils (27.9%) than non-Allophanic soils (18.6%) (Fig. 4.4c). 

Exchangeable and organic matter bound Cd were significantly higher (p<0.05) in non-
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Fig. 4.5 Principal component analysis (PC1 and PC2) of a) vis-NIR, b) MIR, and c) pXRF 

for Allophanic (n=47, white circles) and non-Allophanic (n=37, grey dots) soils. Spectral 

variance explained by each principal component is shown in % value inside the bracket. 

 

4.3.5 Model predictions of total Cd and Cd fractions 

To quantify total Cd and Cd present in each of the five fractions considered, prediction 

models were developed using proximal sensor data from vis-NIR, MIR, and pXRF 

sensors independently as input for the PLS algorithm to quantify total Cd and Cd fractions 

(Figs 4.6 and 4.7; Table 4.3). In general, PLS models vis-NIR data as input outperformed 

those models based on MIR and pXRF data to quantify total, acid soluble, and organic 

matter bound Cd (Figs 4.6 and 4.7; Table 4.3). This is evidenced, after cross-validation, 

by reduced RMSEcv, nRMSEcv, and biascv, and increased R2cv, CCCcv, and RPIQcv, 

suggesting improved acccuracy of estimations of total Cd and Cd fractions (Figs 4.6, 4.6; 

Table 4.3). Models using MIR or vis-NIR data outperformed pXRF data to predict 

exchangeable Cd (Figs 4.6, 4.7b, and 4.7e; Table 4.3). The performance of PLS models, 

using proximal sensors considered in this study, was relatively poor when quantifying 

both metal oxides bound and residual Cd (Figs 4.6, 4.7d, and 4.7f). 
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Fig. 4.6 Normalised root mean square error (nRMSE) percentage for model prediction of 

total soil Cd and five Cd fractions: exchangeable, acid soluble, metal oxides bound, 

organic matter bound, and residual Cd using individual pXRF, vis-NIR, MIR proximal 

sensor data as input for PLS. 

 

Prediction model using vis-NIR data as input quantified total Cd with nRMSEcv of 26% 

and CCCcv of 0.85 (Figs 4.6 and 4.7a; Table 4.3). Models using either MIR or pXRF data 

also predicted total Cd with less success than the model using vis-NIR data (nRMSEcv of 

30% and 31% and CCCcv of 0.77 and 0.75, respectively; Figs 4.6 and 4.7a; Table 4.3). 

Models using MIR or vis-NIR data assessed exchangeable Cd with nRMSEcv of 40% and 

CCCcv of 0.57 (Figs 4.6b and 4.7b; Table 4.3). For acid soluble and organic matter bound 

Cd, the best prediction results were obtained by models using vis-NIR data (Figs 4.6, 4.7; 

Table 4.3). These optimal models for acid soluble and organic matter bound Cd performed 

relatively well, with nRMSEcv of 11% and 33% and CCCcv 0.97 and 0.84, respectively 

(Figs 4.6, 4.7c, and 4.7e; Table 4.3).  
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Fig. 4.7 Measured vs predicted concentrations of a) total, and Cd fractions in b) 

exchangeable, c) acid soluble, d) metal oxides bound, e) organic matter bound, and f) 

residual Cd for the cross-validation (cv) set (n=84) including Allophanic (white circles) 

and non-Allophanic (grey dots) soils by models using vis-NIR, MIR, and pXRF spectral 

data as input for PLS. A black diagonal line going through the origin is a 1:1 line. 
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spectroscopy with minimum sample preparation could potentially be deployed for cost-

effective analysis of total Cd from pastoral farm samples for effective implementation of 

Cd monitoring programmes such as the TFMS in New Zealand. Reflectance spectra 

captured the association of Cd with spectrally active soil components for accurate 

assessment of total Cd and distribution of Cd in available and potentially-available 

fractions (i.e., exchangeable, acid soluble, and organic matter bound Cd). Reflectance 

spectroscopy techniques showed potential to monitor the distribution of Cd fractions in 

agricultural soil to minimise plant Cd uptake and subsequent food chain transfer risks. 

Soil spectral libraries developed at a regional or national scale can potentially reduce the 

number of farm samples required to be sent for reference laboratory analysis, thereby 

underpinning the wider implementation of proximal sensing techniques.  
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Chapter 5  

Rapid analysis of local soil cadmium 

concentration using a regional soil spectral 

library  

 

Abstract 

Proximal sensors including vis-NIR, MIR, and pXRF sensors have been proposed as 

rapid and cost-efficient techniques to monitor total soil Cd concentration. Proximal 

sensor-based Cd analysis can benefit from soil spectral libraries (SSLs) covering large 

extensions (e.g., regional, as in the Chapter 3). However, the prediction accuracy of these 

large libraries is of limited use when directly applied to targeted local scales such as 

agricultural soils (e.g., farm-scale, see Chapter 4). In this Chapter, the regional SSL (from 

soils covering Otago and Southland regions) was used to assess the Cd concentration in 

a local set (from agricultural soils taken more locally). Multivariate statistical analysis 

including PLS regression and LOCAL algorithms were used to find the optimal strategy 

that combines spectral information and total Cd concentration data. Prediction models 

based on the regional SSL and subsets selected either by (1) spectral and/or (2) land use 

similarity with the local set and also spiking with selected local set samples, were 

developed to assess the Cd concentration in the local set. The prediction model using MIR 

data of the regional SSL pastoral soil subset (n=283) spiked with 12 local samples 

weighted (×4) as input for LOCAL algorithm performed optimal to quantify local Cd 

concentration with an RMSE of 0.22 mg Cd/kg, CCC of 0.78, and RPIQ of 1.93. This 

study developed a systematic strategy to customise models based on proximal sensors to 

accurately quantify Cd at a farm scale while leveraging a SSL containing data from three 

proximal sensors. The large SSL can be used to quantify total soil Cd concentration in 

the TFMS with relatively little extra effort as implemented in New Zealand. The gap of 

soil orders and Cd concentration range between the SSL and local set should be filled by 

spiking SSL with selected local samples for accurate local Cd prediction.  
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information on soil samples to understand the relationship between soil properties and 

their spectral response (Viscarra Rossel et al., 2016). Large-scale SSLs can be used to 

develop calibration models for local applications reducing the number of local samples 

to be analysed by reference laboratory method (Brown, 2007; Sila et al., 2016).  

Large SSLs, including regional/national, continental, and global coverage, show 

limitations in their ability to accurately quantify soil properties at very local scales (Gogé 

et al., 2014; Kuang and Mouazen, 2013). The SSL may be limited by (1) spectral 

characteristics, (2) land use, (3) soil types, and (4) the range of values for soil property in 

concern compared to the local set. There are different strategies to overcome such 

limitations while developing a calibration model based on the large SSL to assess soil 

property in a local set: (1) targeted selection of a subset of samples from the large SSL; 

(2) spiking the large SSL using selected samples from a local set (with or without 

weights); and (3) selection of algorithm (Brown et al., 2006; Ramirez-Lopez et al., 2013; 

Wetterlind and Stenberg, 2010).  

Different methods for the selection of the best subset of samples from the large SSL have 

been proposed based on: (1) spectral similarity, (2) stratified sampling, and (3) land-use 

type (Lobsey et al., 2017; Shi et al., 2015). Gomez et al. (2020) used a SSL subset with 

similar MIR spectra to target samples to predict soil organic carbon, achieving a reduction 

of RMSE (from 16 to 4.5 g C/kg soil) with an increased R2 (from 0.64 to 0.97). Moura-

Bueno et al. (2020) stratified vis-NIR SSL spectra by land-use type to quantify soil 

organic carbon content in local samples with an improved accuracy of RMSE (reduced 

from 1.02% to 0.67%) and R2 (increased from 0.76 to 0.88).  

Spiking, on the other hand, is a procedure that adds a few representative samples from 

local set samples into the large SSL filling the gap of spectral characteristics, land use, 

soil type, and/or concentration range (Sankey et al., 2008). When spiking a large SSL, a 

proportion of local samples are still analysed using reference laboratory methods, which 

incurs extra cost (Hong et al., 2018). Two approaches have been proposed to add local 

samples into SSL-based models: (1) select spectrally similar local samples by principal 

component analysis (PCA) and (2) use of concentration values to select local samples to 

fill the gap (Guerrero et al., 2010). The optimal number of local samples required to 

develop augmented SSL-based models can range from 15% to 70% for regional to 

continental level SSL, respectively (Li et al., 2020; Nawar and Mouazen, 2017a). Finally, 
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PLS or LOCAL algorithms (Fig. 5.2). The R package pls (Mevik et al., 2020) was used 

for PLS regression. Hyper-parametrisation of PLS-based prediction models were carried 

out using cross-validation with 10-fold splits and 25 repeats using the R package caret 

(Kuhn et al., 2021). The optimal set of parameters chosen was based on the simplest 

model within the 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 with 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. The PLS was used to select 

unique samples to use as predictors and validated by the nearest neighbour. Multiple PLS 

cross-validation (i.e., between a minimum of four and a maximum of 25 components) 

were used to develop PLS models and predict, which were then weighted and averaged 

to obtain the final predicted value (Shenk et al., 1997). 

5.2.2.2 Selection of samples 

For prediction model development, regional SSL subsets were selected based on spectral 

similarity and land use (Fig. 5.2). The SSL samples spectrally similar to local samples 

were selected using PCA of each sensor data (vis-NIR, MIR, and pXRF) from the SSL 

and local set. Spectral data were centred before performing PCA. The distances of a SSL 

sample from the local set were summed. A SSL sample with the least added distance 

value was considered the most similar. Consequently, the regional SSL (R625) samples 

were clustered into R200, R250, R300, R350, R400, R450, R500, and R550 (Fig. 5.3). 

Based on pastoral use, 283 samples in the SSL were selected and termed RP283 (Fig. 

5.3).  

5.2.2.3 Spiking 

Regional SSL subsets selected based on spectral and land use similarity were 

independently spiked using selected local samples (Fig. 5.2). A test set (20%) of 18 

samples selected from the local set using the Kennard-Stone sampling method were 

included in the SSL-based prediction model to check improvement in the predictive 

accuracy (Fig. 5.2). Three selection methods were implemented to assess the test set: (1) 
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samples containing Cd concentration of 0.60 mg/kg or more to fill the Cd concentration 

gap in the SSL (L6); (2) Allophanic and Pumice soil orders samples (L12) to fill the soil 

order gap in the SSL; and (3) the test set (L18). In addition, test set samples used for 

spiking were given weights of four, seven, and nine times and checked for improvement 

in the accuracy without weight (Greenberg et al., 2022). 

5.2.2.4 Model performance assessment 

The accuracy of prediction models was calculated and compared using performance 

statistics including RMSE, R2, RPIQ (Bellon-Maurel et al., 2010), CCC (Lin, 1989), and 

bias. Details on performance statistics can be found in Section 2.4.5 of Chapter 2. These 

parameters were calculated using the R package spectacles (Roudier, 2021). 

5.2 Results 

5.2.2 Spectral similarity   

The PCA of vis-NIR, MIR, and pXRF spectra for the first two principal components show 

the spread of samples in the regional SSL and local set as per spectra characteristics (Fig. 

5.3). The PCA of spectral data showed similarity among samples in the SSL and the local 

set decreased in the order vis-NIR, followed by MIR, and pXRF (Fig. 5.3). The first two 

principal components of the pXRF spectra explained 94% spectral variance, with this 

value reducing to 69% and 68% for the MIR and vis-NIR spectra, respectively (Fig. 5.3). 

Both the large SSL and local set were in proximity in the principal component space of 

MIR spectra than vis-NIR and pXRF (Fig. 5.3).  

5.2.3 Prediction of Cd locally using a subset from the regional 

SSL 

Regional SSL subsets selected based on the similarity of spectra and land use were 

employed to predict the Cd concentration in the local set samples, aiming for improved 

accuracy (Figs 5.4 and 5.6; Appendix 5.1). A Cd prediction model based on the selection 

of 550 samples from the large SSL (R550 from vis-NIR PCA; Fig. 5.4) as input for  
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Fig. 5.3 Principal component analysis (PC1 and PC2) of (a) vis-NIR, (b) MIR, and (c) pXRF spectra for the regional SSL (n=625) including 

pasture (black dots) and non-pasture (grey dots) and the local set pasture (n=87; rectangles) samples. Spectral variance explained by each principal 

component is shown in % value inside the bracket. Distance between two datasets is indicated by a black dashed line joining centroids (black 

triangles) of each dataset.
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5.2.4 Predictions of Cd locally by spiking regional SSL subsets 

Soil Cd prediction models based on spiked large SSL subsets R450 (from MIR PCA) and 

RP283 MIR data as input for LOCAL algorithm performed reasonably well with  

 

 
Fig. 5.5 Root mean square error (mg Cd/kg) of Cd concentration predicted for local 

samples (n=87) using each of the three proximal sensor data: vis-NIR (triangles), MIR 

(circles), and pXRF (rectangles) using regional SSL subsets a) pastoral soil RP283, b) 

vis-NIR spectra PCA selected R550, c) MIR spectra PCA selected R450, and d) pXRF 

spectra PCA selected R500 spiked with extra weighted (×4, ×7, ×9) local SSL set samples 

(L6, L12, L18) as input for PLS (white coloured shapes) and LOCAL (black coloured 

shapes) algorithms.  
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Fig. 5.6 Measured versus predicted Cd concentration (mg Cd/kg) for the local set (n=87) 

including Allophanic (black) and non-Allophanic (grey) samples based on optimal 

calibration models using individual proximal sensor data: vis-NIR (triangle), MIR 

(circle), or pXRF (rectangle) from 1) the regional SSL pastoral soil subset (a) and 

spectrally similar subsets (b, c, d) and 2) spiked regional SSL subsets as input for PLS 

(hollow shapes) or LOCAL (black coloured shapes) algorithms. 
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Vegetation indices have also been developed using in-situ vis-NIR data as indicators of 

vegetation and soil conditions including toxic Cd concentration (Kooistra et al., 2004; 

Wu et al., 2019). Vegetation indices are unitless ratios or linear combinations of two or 

more spectral bands, which enhance plant spectral signal and reduce background effect 

(Rathod et al., 2013). Vegetation indices have shown a good relationship with Cd at plant 

toxic concentration (Feng et al., 2019). Further, vegetation index calculated with remote 

sensing data can be validated using a vegetation index measured using in-situ reflectance 

spectra (Xue and Su, 2017).  

In general, TE experiments are conducted to determine bio-toxicity levels with respect to 

plant growth and development (Jones et al., 2008). Such experiments can also generate 

knowhow on the concentration effect of target analyte such as Cd in plants (Sridhar et al., 

2007). With the advancement of spectroscopy, such experiments have been used to 

investigate the effect of different concentrations in the spectral characteristics and to 

develop vis-NIR spectroscopy-based statistical models (Rathod et al., 2015b; Sridhar et 

al., 2007). Using a concentration gradient above the values of Cd usually found in soils 

(e.g., Chapters 3 and 4), mathematical modelling becomes easier (Chen et al., 2019), 

giving the opportunity to develop robust Cd prediction models not easily generated using 

natural soils. Including plant in such experiments can be used to quantify the difference 

in plant uptake and spectral characteristics as a function of concentration. The objectives 

of the research described in this Chapter were to 1) assess the effect of increasing soil Cd 

concentration on plant biomass and Cd uptake, 2) apply vegetation indices to detect plant 

Cd concentration rapidly, and 3) to predict the concentration of Cd in soil, plant 

aboveground biomass, and root using laboratory MIR, pXRF, vis-NIR and in-situ vis-

NIR spectra. To achieve these objectives, soil and plant samples were taken periodically 

from two glasshouse experiments set up in contrasting soils (one Pallic and another 

Allophanic soil) with controlled amendment of increasing Cd concentrations into pots 

growing chicory plants, were scanned, both in in-situ and in the laboratory.  
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6.2.2 Soil sampling, aboveground biomass harvest, and root 

separation 

In both experiments, soil samples were taken from each pot, using a corer (2.80 cm 

diameter, 11.8 cm depth) to extract a soil column (Fig. 6.1g) from one spot. In experiment 

I, samples were taken on days 0 (following incubation and before seedling transplant), 

21, 45, 60, 73, 101, and 127 (Fig. 6.2a). In experiment II, samples were taken on days 0, 

21, 45, 60, 97, and 132 (Fig. 6.2b). Each sampling spot was backfilled with the 

corresponding soil taken from an additional pot (equivalent Cd concentration treatment) 

maintained at the same experimental conditions. Soil sampling sites were rotated 

clockwise around each pot, with the backfilled soil sampling location marked on the 

parallel top edge of the pot with a coloured line. All soil samples were air-dried and sieved 

sub-2 mm for further analysis. 

In both experiments, chicory aboveground biomass was harvested three times after 

reaching a plant height of 25 cm (Fig. 6.2; Powell et al. (2007)). Aboveground biomass 

was harvested 7 cm above the soil surface (Fig. 6.1l; Li and Kemp (2005)). Plants regrew 

after the first and second harvests. The final harvest of aboveground and root biomass 

was accomplished after the last soil sampling (Fig. 6.1m). In experiment I, aboveground 

biomass was harvested on days 73, 101, and 127 and root biomass on day 127 (Fig. 6.2a). 

In experiment II, aboveground biomass was harvested on days 60, 97, and 132, and root 

biomass on day 132 (Fig. 6.2b).  

Roots were cleaned with tap water to remove soil, while aboveground biomass was rinsed 

with tap water. Aboveground and root biomass were separated (Fig. 6.1m), and oven-

dried (60°C for three days) for dry matter yield (g DM per pot) and aboveground biomass 

and root Cd (mg Cd per kg DM) assessment. Dry matter yield per pot was converted to 

yield per ha (Equation 1). Dried plant samples were finely ground for further analysis. 

Dry matter yield (kg/ha) = Dry matter yield (g/kg soil) x Soil weight (kg/ha).        (1) 

where, Dry matter yield (g/kg soil) = Dry matter yield (g/pot)/Soil weight (kg/pot)  

Soil weight (kg/ha) = bulk density (kg/m3) x pot soil depth (m) x 10,000 m2  
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Fig. 6.1 Glasshouse experiments activities and details: a) pot dimensions, b) potted weighed soil, c) spraying Cd solution in the pot soil spread on 

a plastic sheet, d) soil homogeneously mixing with Cd solution, e) refilling pots with soil amended with Cd solution, f) pot soil incubation, g) a 

soil core sampling after incubation, h) transplanting chicory seedling in a pot, i) periodic in-situ soil scanning, j) periodic non-repeated spot soil 

core sampling, k) leaf clip scanning, l) aboveground biomass harvest, m) final aboveground biomass and root harvest, and n) in-situ and laboratory 

soil and leaf clip vis-NIR reflectance spectra from experiments I and II.
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a) Experiment I  

 

b) Experiment II  

 

Fig. 6.2 Plant growth photographs with dates aligned with in-situ soil scanning, soil core 

sampling, leaf clip scanning, and aboveground biomass harvest activities in experiments 

a) I and b) II. Pot diameter was 14.3 cm. 
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the optimal set of parameters chosen based on the simplest model within the one standard 

error of the empirically optimal model (Breiman et al., 1984).  

6.2.6 Evaluation of model performance 

The predictive accuracy of constructed models was assessed and compared using several 

performance statistics: RMSE, R2, RPIQ (Bellon-Maurel et al., 2010), CCC (Lin, 1989), 

and bias. These parameters were determined using the R package spectacles (Roudier, 

2021). The normalised RMSE value was calculated as a ratio of RMSE to mean Cd 

concentration (Pullanagari et al., 2016). Details on performance statistics can be found in 

Section 2.4.5 of the Chapter 2. The R package caret (Kuhn et al., 2021) was used to 

identify variable importance in projection contributing to predictions.  

6.2.7 Calculations of vegetation indices, bioconcentration 

factors, and translocation factor 

Seven vegetation indices (Table 6.2) relating to pigments (especially chlorophyll) and 

lignin content were calculated using in-situ reflectance spectra (Jordan, 1969). These 

indices were selected after assessing the correlation between wavelengths and plant Cd 

concentration.  

The predicted Cd concentration for soil, aboveground biomass, and root samples were 

used to calculate bioconcentration and translocation factors. A prediction model using 

laboratory vis-NIR spectra as input for PLS was used to predict Pallic soil Cd. A model 

using laboratory pXRF spectra as input for PLS was used to predict Allophanic soil and 

root Cd. A model using in-situ spectra as input was used to predict plant aboveground 

biomass Cd concentration.  
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of added soil Cd concentrations on the aboveground biomass of each harvest, total 

aboveground and root biomass in each experiment, plant Cd accumulation, 

bioconcentration and translocation factor values were analysed using one-way ANOVA 

analysis. For the significant (p<0.05) main effect, the difference between treatment means 

was tested using the least significance difference (LSD) test.  

Correlation analysis between plant Cd concentration in the first harvest and in-situ spectra 

collected before the first harvest was performed using the rcorr function of the R package 

Hmisc (Harrell and DuPont, 2021). Regression analysis between vegetation indices and 

plant aboveground biomass Cd concentration, and measured and predicted TF, were 

performed and tabulated and/or presented graphically as needed.  

6.3 Results 

6.3.1 Plant biomass  

One-way ANOVA showed no significant effect of amended soil Cd concentrations on 

the aboveground biomass in each harvest, the total aboveground and root biomass in each 

of the two experiments (Table 6.3). In experiment I, chicory average aboveground 

biomass was 3398 kg DM/ha, 1491 kg DM/ha, and 1545 kg DM/ha in the first, second, 

and third harvests, respectively (Table 6.3). The average total aboveground biomass was 

6608 kg DM/ha, the average root biomass was 5952 kg DM/ha, and the average root: 

shoot ratio was 0.90 (Table 6.3). In experiment II, the average aboveground biomass was 

486 kg DM/ha, 1259 kg DM/ha, and 1706 kg DM/ha in the first, second, and third 

harvests, respectively (Table 6.3). The average total aboveground biomass was 3415 kg 

DM/ha, the average root biomass was 3032 kg DM/ha, and the average root: shoot ratio 

was 0.87 (Table 6.3). 

6.3.2 Soil and plant Cd concentrations 

The background soil Cd concentration for the soils used in the study (0 mg added Cd/kg 

soil) was 0.21 mg Cd/kg for the Pallic soil (Experiment I) and 0.46 mg Cd/kg for the 

Allophanic soil (Experiment II) (Table 6.1). Amendment with Cd resulted in a   
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Table 6.3 Chicory temporal biomass in the glasshouse experiments I and II with amended increasing soil Cd concentrations. 

Experiments 

Added Cd 
concentrations 
(mg/kg soil) 

First  Second Third  Total 
aboveground 

biomass 

Total 
root 

 First  Second Third  Total 
aboveground 

biomass 

Total 
Root 

Root: 
Shoot 
ratio  

Harvest  Harvest 

g DM/pot  kg DM/ha 
Experiment I 0 4.02 1.62 2.03 8.04 7.98  3196 1287 1609 6390 6343 0.99 

0.5 4.82 1.75 2.16 8.73 7.73  3828 1390 1718 6936 6137 0.88 
0.75 4.68 1.88 1.81 8.37 7.06  3714 1494 1440 6648 5607 0.84 
1.0 4.44 1.85 1.72 8.36 7.24  3528 1470 1367 6642 5748 0.87 
2.0 4.20 2.03 2.08 8.57 7.89  3335 1616 1651 6811 6265 0.92 
3.5 3.59 1.99 1.88 7.73 7.95  2850 1581 1492 6142 6317 1.03 
5.0 4.20 1.99 1.93 8.12 7.07  3337 1581 1535 6454 5619 0.87 

Average 4.28 1.88 1.94 8.32 7.49  3398 1491 1545 6608 5952 0.90 
Added Cd concentration effect ns ns ns ns ns  ns ns ns ns ns ns 
Experiment II  0 0.60 1.82 2.36 4.29 3.57  444 1340 1739 3158 2624 0.83 

0.5 0.69 1.61 1.94 4.23 4.04  506 1181 1424 3112 2974 0.96 
0.75 0.71 1.82 2.25 4.78 3.95  524 1336 1658 3518 2906 0.83 
1.0 0.73 1.62 2.22 4.57 3.99  537 1191 1632 3360 2939 0.87 
2.0 0.72 1.73 2.32 4.77 4.47  530 1273 1708 3511 3286 0.94 
3.5 0.64 1.68 2.46 4.78 4.52  467 1238 1811 3516 3323 0.95 
5.0 0.49 1.70 2.80 4.98 4.01  358 1249 2059 3666 2949 0.80 

Average 0.66 1.71 2.32 4.64 4.12  486 1259 1706 3415 3032 0.87 
Added Cd concentration effect ns ns ns ns ns  ns ns ns ns ns ns 
ns=Non-significant
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Fig. 6.3 Cadmium bioconcentration factors (BCF root, BCF aboveground biomass) and translocation factor (TF) values calculated using predicted 

Cd concentrations in the final soil and chicory total root and aboveground biomass from a) experiment I and b) experiment II. C) Regression 

analysis of predicted TF in relation to measured TF for chicory Cd accumulation in experiment II.
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this value reduced to 89% and 74% for the laboratory vis-NIR and MIR spectra, 

respectively (Fig. 6.4c).  

 

 

Fig. 6.4 Principal component analysis (PC1 and PC2) of laboratory and in-situ spectra for 

a) soil, b) aboveground biomass, and c) root samples from experiments I (Pallic soil: grey 

dots) and II (Allophanic soil: black dots). 
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6.8). In general, models predicted well to quantify the Cd in root, while models 

quantifying Cd in soil and aboveground biomass performed variably (Figs 6.6 and 6.7; 

Appendices 6.5 and 6.6). Models using laboratory vis-NIR data performed satisfactorily 

quantifying Cd in soil and plant aboveground biomass and root (Figs 6.6 and 6.7; 

Appendices 6.5 and 6.6). Models developed using in-situ vis-NIR predicted plant 

aboveground biomass Cd well, whereas quantification was poor for soil Cd (Figs 6.6 and 

6.7; Appendices 6.6). Models using MIR spectra performed consistently well quantifying 

Cd in all three matrices (Figs 6.6 and 6.7; Appendices 6.5 and 6.6). Models using pXRF 

data performed well to assess Cd even with a relatively low sample size (Allophanic soil: 

n=112; root: n=28) (Fig. 6.7; Appendix 6.6).  

 

 

Fig. 6.6 Normalised root mean square error (RMSE) percentage for model prediction of 

total Cd in experiment I samples of soil (Pallic soil; n=224), and experiment II samples 

of soil (Allophanic soil; n=112), aboveground biomass (n=82), and root (n=28) using 

laboratory MIR, pXRF, and vis-NIR and in-situ vis-NIR sensor data as input for PLS. 

Except root samples, all other samples were also scanned in-situ using a vis-NIR sensor 

to develop Cd prediction models.  

 

Models using laboratory vis-NIR spectra quantified Cd in Pallic soil well with nRMSEcv 

of 22% and CCCcv of 0.97 (Figs 6.6 and 6.7; Appendix 6.5). Models using laboratory 
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pXRF and vis-NIR spectra quantifying Cd in Allophanic soil performed well (Figs 6.5 

and 6.6; Appendix 6.6). These models showed nRMSEcv of 16% and 17% and CCCcv of 

0.95 and 0.97, respectively (Figs 6.5 and 6.6; Appendix 6.6). A model using in-situ vis- 

 

 

Fig. 6.7 Measured vs predicted concentration of Cd for the cross-validation set of a) 

experiment I samples of Pallic soil (n=224), and experiment II samples of b) Allophanic 

soil (n=112), and c) aboveground biomass (n=82) and root (n=28) using laboratory MIR, 

pXRF, and vis-NIR, and in-situ vis-NIR spectra as input for PLS.  
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Chapter 7  

Key findings of the study, their implications for 

New Zealand agriculture, and opportunities for 

future work   

 

7.1 Introduction  

Implementation of proximal sensing techniques can potentially be a cost-effective and 

rapid alternative to monitor Cd levels for effective Cd management in agricultural soils 

according to the tiered fertiliser management system. Although application of such 

techniques has shown success in monitoring elevated Cd concentrations in mining and 

contaminated areas, these techniques are understudied to quantify low Cd concentration 

in agricultural soils (Song et al., 2012; Stafford et al., 2018b). Spectral data from vis-NIR, 

MIR, and pXRF has been successfully used to quantify Cd concentrations at local and 

national scales (O'Rourke et al., 2016b; Siebielec et al., 2004). However, the possibility 

of using global prediction models for Cd prediction at a local-scale is poorly explored 

(Ng et al., 2022a). In addition to quantifying Cd concentration in soil, using proximal 

sensing techniques to assess Cd levels in forage plant species such as chicory, may 

improve the understanding of Cd food chain transfer risks from agricultural systems 

(Gray and Cavanagh, 2022). 

This doctoral study was conducted to develop robust prediction models using proximal 

sensing techniques including vis-NIR, MIR, and pXRF sensors independently or in 

combination, allowing accurate assessment of low Cd concentration from regional- to 

farm-scale. In this Chapter, key findings from the research work performed over a scale 

range from the region, farm, and pot and with a wide range of Cd concentrations are 

integrated and discussed in the context of the knowledge gap described in the Chapter 2. 

To enhance the predictive power of proximal sensing techniques in this work, 
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2360 Carbonates (Ben-Dor and Banin, 1990b), (Soriano-
Disla et al., 2014) 

2426 Organic matter (Morra et al., 1991) 
2445 Illite  (Rossel and Behrens, 2010)  
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Appendix 3.2 Validation results of regression models for the testing set predicting soil TE (As, Cd, Cr, Cu, Hg, Ni, Pb, and Zn) concentrations 

using pXRF, vis-NIR, and MIR spectral data coupled with data fusion, model fusion, and model averaging methods. 

Chemometric 
methods Input spectra  

As Cd Cr Cu 
RMSE R2 CCC RPIQ Bias RMSE R2 CCC RPIQ Bias RMSE R2 CCC RPIQ Bias RMSE R2 CCC RPIQ Bias 

PLS 
    

                 

Single sensor 
pXRF 1.31 0.69 0.81 2.20 -0.12 0.06 0.18 0.42 1.12 -0.01 2.44 0.71 0.81 2.07 -0.21 2.57 0.80 0.89 2.89 0.21 
vis-NIR 1.60 0.54 0.71 1.79 -0.25 0.05 0.56 0.62 1.52 -0.02 2.67 0.64 0.79 1.89 0.03 3.43 0.62 0.77 2.17 -0.34 
MIR 1.88 0.38 0.60 1.53 -0.06 0.06 0.24 0.41 1.19 -0.02 3.19 0.48 0.65 1.58 -0.10 4.68 0.34 0.56 1.59 -0.74 

Combination of sensors  
    

                

Data fusion 

pXRF + vis-NIR 1.30 0.69 0.83 2.21 0.13 0.06 0.25 0.46 1.18 -0.02 2.06 0.79 0.88 2.46 -0.17 2.36 0.82 0.91 3.15 -0.24 
pXRF + MIR 1.66 0.51 0.71 1.73 0.04 0.06 0.23 0.47 1.21 -0.01 2.67 0.65 0.80 1.89 -0.12 3.04 0.75 0.86 2.45 0.23 
vis-NIR + MIR 1.66 0.51 0.70 1.73 -0.17 0.06 0.31 0.47 1.26 -0.02 3.48 0.48 0.70 1.45 0.06 4.41 0.51 0.71 1.68 0.26 
pXRF + vis-NIR + MIR 1.49 0.62 0.78 1.93 0.12 0.05 0.35 0.53 1.36 -0.01 2.43 0.71 0.84 2.08 -0.09 3.12 0.75 0.86 2.38 0.25 

Model averaging 

GRA 

pXRF, vis-NIR 1.24 0.72 0.84 2.32 <0.001 0.04 0.60 0.75 1.79 <0.001 1.94 0.81 0.89 2.60 <0.001 2.27 0.83 0.91 3.28 <0.001 
pXRF, MIR 1.28 0.70 0.82 2.24 <0.001 0.05 0.32 0.48 1.38 <0.001 2.16 0.76 0.87 2.34 <0.001 2.45 0.80 0.89 3.03 <0.001 
vis-NIR, MIR 1.57 0.55 0.71 1.83 <0.001 0.04 0.59 0.74 1.77 <0.001 2.53 0.68 0.81 2.00 <0.001 3.33 0.63 0.78 2.23 <0.001 
pXRF, vis-NIR, MIR 1.24 0.72 0.84 2.32 <0.001 0.04 0.61 0.76 1.83 <0.001 1.90 0.82 0.90 2.65 <0.001 2.26 0.83 0.91 3.28 <0.001 

  

BMA 

pXRF, vis-NIR 1.24 0.72 0.83 2.32 <0.001 0.04 0.60 0.75 1.79 <0.001 1.94 0.81 0.89 2.60 <0.001 2.27 0.83 0.91 3.28 <0.001 
pXRF, MIR 1.29 0.69 0.82 2.22 <0.001 0.05 0.32 0.48 1.38 <0.001 2.16 0.76 0.87 2.34 <0.001 2.45 0.80 0.89 3.03 <0.001 
vis-NIR, MIR 1.58 0.54 0.70 1.82 <0.001 0.04 0.59 0.74 1.77 <0.001 2.53 0.68 0.80 1.99 <0.001 3.35 0.63 0.77 2.22 <0.001 
pXRF, vis-NIR, MIR 1.24 0.72 0.83 2.32 <0.001 0.04 0.61 0.75 1.82 <0.001 1.92 0.81 0.90 2.63 <0.001 2.27 0.83 0.91 3.28 <0.001 

PLS-SVM 
     

                

Single sensor 
pXRF 0.83 0.87 0.93 3.47 0.05 0.06 0.28 0.50 1.29 -0.01 1.52 0.89 0.94 3.32 0.22 1.38 0.93 0.97 5.29 0.15 
vis-NIR 1.52 0.58 0.73 1.89 -0.25 0.04 0.66 0.72 1.76 -0.01 2.40 0.71 0.82 2.11 -0.25 3.10 0.69 0.82 2.39 -0.43 
MIR 1.71 0.47 0.66 1.68 0.07 0.05 0.34 0.54 1.35 -0.01 2.95 0.57 0.74 1.71 0.16 4.21 0.44 0.64 1.76 -0.27 

Combination of sensors  
    

             
   

Data fusion 

pXRF + vis-NIR 0.65 0.93 0.96 4.39 0.16 0.05 0.47 0.62 1.50 -0.01 1.19 0.93 0.96 4.23 -0.05 1.09 0.96 0.98 6.81 <0.001 
pXRF + MIR 0.57 0.94 0.97 5.04 0.11 0.05 0.41 0.61 1.46 -0.01 1.14 0.94 0.97 4.45 0.09 1.16 0.97 0.98 6.38 0.25 
vis-NIR+MIR 1.65 0.50 0.69 1.74 -0.09 0.05 0.51 0.64 1.56 -0.01 2.77 0.64 0.80 1.82 -0.13 2.74 0.76 0.87 2.71 -0.28 
pXRF + vis-NIR + MIR 1.57 0.57 0.70 1.83 -0.35 0.05 0.55 0.64 1.59 -0.01 2.54 0.68 0.80 1.99 0.27 2.81 0.75 0.87 2.64 -0.17 

Model averaging 

GRA 

pXRF, vis-NIR 0.81 0.88 0.94 3.54 <0.001 0.03 0.70 0.82 2.08 <0.001 1.30 0.91 0.96 3.89 <0.001 1.48 0.93 0.96 5.03 <0.001 
pXRF, MIR 0.82 0.88 0.93 3.51 <0.001 0.05 0.44 0.61 1.52 <0.001 1.38 0.90 0.95 3.67 <0.001 1.51 0.93 0.96 4.93 <0.001 
vis-NIR, MIR 1.49 0.59 0.74 1.93 <0.001 0.03 0.70 0.83 2.09 <0.001 2.29 0.73 0.85 2.20 <0.001 3.01 0.70 0.83 2.47 <0.001 
pXRF, vis-NIR, MIR 0.81 0.88 0.94 3.54 <0.001 0.03 0.73 0.84 2.17 <0.001 1.28 0.92 0.96 3.94 <0.001 1.48 0.93 0.96 5.03 <0.001 

  

BMA 

pXRF, vis-NIR 0.82 0.88 0.93 3.50 <0.001 0.03 0.70 0.82 2.08 <0.001 1.30 0.91 0.96 3.89 <0.001 1.49 0.93 0.96 4.97 <0.001 
pXRF, MIR 0.82 0.88 0.93 3.49 <0.001 0.05 0.44 0.61 1.52 <0.001 1.38 0.90 0.95 3.67 <0.001 1.51 0.93 0.96 4.92 <0.001 
vis-NIR, MIR 1.50 0.59 0.74 1.92 <0.001 0.03 0.70 0.82 2.09 <0.001 2.30 0.73 0.84 2.20 <0.001 3.03 0.70 0.82 2.45 <0.001 
pXRF, vis-NIR, MIR 0.82 0.88 0.93 3.51 <0.001 0.03 0.73 0.84 2.17 <0.001 1.29 0.92 0.96 3.90 <0.001 1.49 0.93 0.96 4.97 <0.001 
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Appendix 3.2 (continued) 

Chemometric 
methods Input spectra 

Hg Ni Pb Zn 
RMSE R2 CCC RPIQ Bias RMSE R2 CCC RPIQ Bias RMSE R2 CCC RPIQ Bias RMSE R2 CCC RPIQ Bias 

PLS 
   

                  

Single sensor 
pXRF 0.02 0.49 0.69 1.74 <0.001 1.47 0.79 0.88 2.90 0.28 2.14 0.75 0.84 2.42 0.66 6.81 0.90 0.94 3.52 0.20 
vis-NIR 0.02 0.61 0.73 2.11 <0.001 1.76 0.70 0.83 2.41 0.13 3.42 0.30 0.50 1.51 0.12 15.92 0.42 0.59 1.51 -4.82 
MIR 0.02 0.45 0.62 1.78 -0.01 2.56 0.39 0.61 1.66 -0.10 3.45 0.31 0.51 1.50 -0.35 20.68 0.22 0.46 1.16 -1.45 

Combination of sensors  
    

             
   

Data fusion 

pXRF + vis-NIR 0.02 0.55 0.69 1.94 -0.01 1.23 0.85 0.92 3.45 0.14 1.95 0.77 0.87 2.64 0.22 6.18 0.91 0.95 3.88 -1.16 
pXRF + MIR 0.02 0.54 0.71 1.95 <0.001 1.76 0.71 0.84 2.41 0.11 2.05 0.75 0.86 2.52 0.14 7.50 0.87 0.93 3.20 -1.29 
vis-NIR + MIR 0.02 0.61 0.75 2.12 <0.001 2.58 0.48 0.69 1.64 0.05 3.35 0.35 0.57 1.54 -0.23 17.59 0.38 0.61 1.36 -2.08 
pXRF + vis-NIR + MIR 0.02 0.60 0.75 2.06 <0.001 1.48 0.79 0.89 2.88 0.02 2.01 0.76 0.87 2.57 0.19 7.67 0.86 0.92 3.13 -1.06 

Model averaging 

GRA 

pXRF, vis-NIR 0.02 0.63 0.78 2.27 <0.001 1.22 0.85 0.92 3.48 <0.001 1.98 0.76 0.87 2.60 <0.001 5.57 0.92 0.96 4.31 <0.001 
pXRF, MIR 0.02 0.59 0.74 2.13 <0.001 1.39 0.81 0.89 3.05 <0.001 2.00 0.76 0.86 2.58 <0.001 6.42 0.90 0.95 3.74 <0.001 
vis-NIR, MIR 0.02 0.63 0.77 2.24 <0.001 1.71 0.71 0.83 2.48 <0.001 3.31 0.34 0.51 1.56 <0.001 14.73 0.45 0.62 1.63 <0.001 
pXRF, vis-NIR, MIR 0.02 0.64 0.78 2.30 <0.001 1.22 0.85 0.92 3.48 <0.001 1.98 0.76 0.87 2.61 <0.001 5.52 0.92 0.96 4.35 <0.001 

  

BMA 

pXRF, vis-NIR 0.02 0.63 0.77 2.26 <0.001 1.22 0.85 0.92 3.48 <0.001 2.00 0.76 0.86 2.59 <0.001 5.57 0.92 0.96 4.31 <0.001 
pXRF, MIR 0.02 0.59 0.74 2.13 <0.001 1.39 0.81 0.89 3.05 <0.001 2.02 0.76 0.86 2.56 <0.001 6.42 0.90 0.95 3.74 <0.001 
vis-NIR, MIR 0.02 0.62 0.76 2.22 <0.001 1.73 0.70 0.83 2.46 <0.001 3.31 0.34 0.50 1.56 <0.001 14.78 0.45 0.61 1.62 <0.001 
pXRF, vis-NIR, MIR 0.02 0.64 0.77 2.27 <0.001 1.22 0.85 0.92 3.48 <0.001 2.00 0.76 0.86 2.59 <0.001 5.56 0.92 0.96 4.32 <0.001 

PLS-SVM  
    

            
    

Single sensor 
pXRF 0.02 0.70 0.83 2.26 <0.001 1.03 0.91 0.95 4.13 0.34 1.20 0.91 0.95 4.14 0.18 4.14 0.96 0.98 5.72 0.56 
vis-NIR 0.02 0.67 0.77 2.28 <0.001 1.57 0.76 0.87 2.71 0.10 3.33 0.34 0.53 1.55 0.08 13.57 0.56 0.72 1.77 -3.19 
MIR 0.02 0.61 0.76 2.13 <0.001 2.32 0.49 0.68 1.83 -0.19 3.28 0.38 0.59 1.58 -0.42 16.28 0.38 0.60 1.47 -2.46 

Combination of sensors  
    

            
    

Data fusion 

pXRF + vis-NIR 0.02 0.64 0.77 2.15 -0.01 0.63 0.96 0.98 6.71 0.04 1.15 0.92 0.96 4.48 0.09 3.90 0.96 0.98 6.15 0.17 
pXRF + MIR 0.02 0.66 0.79 2.30 <0.001 1.03 0.90 0.95 4.11 0.08 1.05 0.93 0.97 4.94 0.07 4.30 0.95 0.98 5.59 0.02 
vis-NIR+MIR 0.01 0.71 0.80 2.42 <0.001 1.67 0.74 0.86 2.54 -0.18 3.03 0.46 0.66 1.71 -0.25 12.37 0.64 0.79 1.94 -1.91 
pXRF + vis-NIR + MIR 0.02 0.69 0.81 2.39 <0.001 1.59 0.76 0.87 2.67 -0.20 3.00 0.47 0.66 1.72 -0.29 11.62 0.67 0.81 2.06 -2.01 

Model averaging 

GRA 

pXRF, vis-NIR 0.01 0.74 0.85 2.68 <0.001 0.87 0.93 0.96 4.90 <0.001 1.40 0.88 0.94 3.69 <0.001 4.13 0.96 0.98 5.81 <0.001 
pXRF, MIR 0.01 0.73 0.84 2.63 <0.001 0.95 0.91 0.95 4.49 <0.001 1.42 0.88 0.94 3.63 <0.001 4.47 0.95 0.97 5.37 <0.001 
vis-NIR, MIR 0.01 0.70 0.83 2.52 <0.001 1.53 0.77 0.87 2.78 <0.001 3.16 0.40 0.57 1.63 <0.001 12.82 0.58 0.74 1.87 <0.001 
pXRF, vis-NIR, MIR 0.01 0.75 0.86 2.73 <0.001 0.87 0.93 0.96 4.91 <0.001 1.40 0.88 0.94 3.69 <0.001 4.10 0.96 0.98 5.85 <0.001 

  

BMA 

pXRF, vis-NIR 0.01 0.74 0.85 2.68 <0.001 0.87 0.93 0.96 4.90 <0.001 1.41 0.88 0.94 3.68 <0.001 4.13 0.96 0.98 5.81 <0.001 
pXRF, MIR 0.01 0.73 0.84 2.63 <0.001 0.96 0.91 0.95 4.44 <0.001 1.44 0.88 0.93 3.59 <0.001 4.48 0.95 0.97 5.35 <0.001 
vis-NIR, MIR 0.01 0.70 0.82 2.52 <0.001 1.54 0.76 0.87 2.76 <0.001 3.18 0.39 0.56 1.62 <0.001 12.88 0.58 0.73 1.86 <0.001 
pXRF, vis-NIR, MIR 0.01 0.74 0.85 2.72 <0.001 0.87 0.93 0.96 4.90 <0.001 1.41 0.88 0.94 3.67 <0.001 4.13 0.96 0.98 5.82 <0.001 

Performance statistics results of the optimal models are in bold letters. 
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Appendix 3.3 Measured versus predicted Cd concentration (mg Cd/kg) for the testing set 

using vis-NIR (black dots; performance statistics in black letters) and pXRF (grey 

diamonds; performance statistics in grey letters) spectra as input for PLS-SVM. 
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Appendix 3.4 Measured versus predicted concentrations of a) As, Cr, and Pb, b) Cu, Ni, 

and Zn, and c) Cd and Hg for the testing set based on the optimal model using a 

combination of proximal sensors coupled with chemometric methods (black dots; 

performance statistics in black letters) and pXRF spectra as input for PLS-SVM (grey 

diamonds; performance statistics in grey letters). A black diagonal line going through the 

origin is 1:1 line. Spectral data fusion of pXRF + MIR as the input for PLS-SVM 

performed optimally for As, Cr, and Pb. Spectral data fusion of pXRF + vis-NIR as input 

for PLS-SVM performed optimally for Cu, Ni, and Zn. GRA of PLS-SVM model-based 

outputs of pXRF, vis-NIR, and MIR data performed optimally for Cd and Hg. 
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Appendix 5.2 Validation results of prediction models using proximal sensor (vis-NIR, 

MIR, or pXRF) data of regional SSL subsets as input for PLS and LOCAL algorithms 

predicting total soil Cd concentration in local samples (n=87). Regional SSL subsets 

including R200, R250, R300, R350, R400, R450, R500, R550 were selected by PCA of 

each vis-NIR, MIR, and pXRF proximal sensor data from the regional SSL and local set. 

The regional SSL (R625) and regional SSL pasture subset (RP283) are also included. 

Datasets RMSE R2 RPIQ CCC Bias  RMSE R2 RPIQ CCC Bias 
PLS  LOCAL  

vis-NIR            
R200 0.52 0.18 0.84 0.08 -0.40  0.52 0.09 0.84 0.07 -0.40 
R250 0.58 0.32 0.75 0.43 0.20  0.48 0.39 0.90 0.21 -0.39 
R300 0.55 0.34 0.79 0.46 0.20  0.42 0.29 1.04 0.34 -0.29 
R350 0.59 0.32 0.74 0.43 0.21  0.40 0.23 1.08 0.40 -0.21 
R400 0.55 0.34 0.79 0.45 0.24  0.41 0.30 1.07 0.49 -0.17 
R450 0.53 0.33 0.82 0.46 0.22  0.41 0.28 1.05 0.46 -0.19 
R500 0.69 0.30 0.62 0.37 0.30  0.41 0.28 1.06 0.47 -0.17 
R550 0.77 0.29 0.56 0.34 0.35  0.37 0.32 1.16 0.53 -0.12 
R625 0.78 0.31 0.56 0.33 0.43  0.44 0.16 0.99 0.37 -0.16 
RP283 0.47 0.30 0.93 0.47 0.16  0.45 0.08 0.96 0.28 -0.05 
MIR      

 
     

 

R200 0.55 0.03 0.78 0.01 -0.44  0.47 0.09 0.93 0.10 -0.33 
R250 0.56 0.02 0.77 0.01 -0.44  0.50 0.13 0.86 0.08 -0.38 
R300 0.57 0.00 0.75 0.00 -0.46  0.54 0.02 0.80 0.03 -0.41 
R350 0.57 0.00 0.75 0.00 -0.46  0.57 0.00 0.77 0.00 -0.44 
R400 0.58 0.00 0.75 0.00 -0.46  0.52 0.18 0.83 0.09 -0.41 
R450 0.58 0.00 0.75 0.00 -0.46  0.46 0.17 0.94 0.16 -0.33 
R500 0.57 0.00 0.75 0.00 -0.46  0.53 0.02 0.81 0.05 -0.40 
R550 0.57 0.00 0.76 0.00 -0.45  0.54 0.04 0.81 0.07 -0.40 
R625 0.58 0.00 0.75 0.00 -0.46  0.59 0.00 0.73 0.00 -0.47 
RP283 0.38 0.33 1.13 0.21 -0.24  0.51 0.05 0.86 0.07 -0.37 
pXRF     

 
     

 

R200 0.64 0.10 0.67 0.01 -0.55  0.54 0.07 0.80 0.07 -0.42 
R250 0.59 0.09 0.73 0.04 -0.49  0.54 0.05 0.80 0.05 -0.42 
R300 0.64 0.10 0.68 0.01 -0.54  0.53 0.06 0.81 0.05 -0.42 
R350 0.65 0.11 0.67 0.01 -0.55  0.55 0.09 0.78 0.06 -0.45 
R400 0.65 0.11 0.67 0.01 -0.55  0.58 0.07 0.74 0.04 -0.48 
R450 0.65 0.11 0.67 0.01 -0.55  0.58 0.10 0.75 0.04 -0.48 
R500 0.50 0.04 0.86 0.14 -0.31  0.59 0.06 0.74 0.03 -0.48 
R550 0.64 0.11 0.67 0.01 -0.55  0.59 0.06 0.74 0.04 -0.48 
R625 0.52 0.04 0.83 0.16 -0.25  0.54 0.11 0.80 0.07 -0.43 
RP283 0.59 0.11 0.73 0.03 -0.49  0.54 0.02 0.81 0.03 -0.41 

Optimal model outputs based on land use and each sensor data are in bold letters.  
 
 
 
 
 
 
 



194 
 

Appendix 5.3 Validation results of prediction models using proximal sensor data of 

selected regional SSL subsets spiked with weighed local samples as input for PLS and 

LOCAL algorithms predicting total soil Cd concentration in local set (n=87). 

Datasets/ Proximal sensors Spiking/ 
Weighing 

RMSE R2 RPIQ CCC Bias  RMSE R2 RPIQ CCC Bias 
PLS  LOCAL  

RP283             
vis-NIR L6 0.39 0.31 1.12 0.53 0.01  0.31 0.34 1.39 0.58 -0.04 

L6×4 0.36 0.39 1.20 0.60 -0.02  0.29 0.41 1.50 0.63 -0.06 
L6×7 0.39 0.30 1.10 0.53 -0.02  0.28 0.45 1.55 0.67 -0.03 
L6×9 0.40 0.30 1.08 0.52 -0.01  0.28 0.44 1.55 0.65 -0.05 
L12 0.32 0.36 1.34 0.60 -0.01  0.28 0.48 1.57 0.66 -0.10 
L12×4 0.33 0.33 1.31 0.57 -0.04  0.26 0.53 1.65 0.68 -0.10 
L12×7 0.31 0.38 1.38 0.61 -0.06  0.28 0.51 1.57 0.66 -0.12 
L12×9 0.31 0.40 1.42 0.62 -0.07  0.27 0.52 1.60 0.67 -0.11 
L18 0.37 0.27 1.18 0.51 -0.01  0.28 0.43 1.56 0.63 -0.07 
L18×4 0.38 0.27 1.13 0.51 -0.02  0.30 0.39 1.43 0.59 -0.11 
L18×7 0.34 0.34 1.29 0.58 -0.03  0.26 0.57 1.64 0.70 -0.12 
L18×9 0.32 0.37 1.36 0.61 -0.04  0.29 0.49 1.52 0.64 -0.13 

MIR L6 0.27 0.39 1.60 0.55 0.02  0.25 0.55 1.76 0.72 -0.05 
L6×4 0.28 0.42 1.56 0.58 0.08  0.25 0.56 1.77 0.74 -0.06 
L6×7 0.27 0.43 1.58 0.58 0.08  0.25 0.54 1.74 0.72 -0.05 
L6×9 0.27 0.43 1.60 0.59 0.07  0.24 0.56 1.79 0.73 -0.05 
L12 0.27 0.39 1.58 0.52 -0.01  0.23 0.64 1.87 0.75 -0.10 
L12×4 0.27 0.42 1.60 0.52 -0.03  0.22 0.66 1.93 0.78 -0.08 
L12×7 0.28 0.41 1.53 0.54 -0.09  0.25 0.60 1.76 0.74 -0.10 
L12×9 0.27 0.44 1.58 0.59 -0.09  0.23 0.63 1.86 0.77 -0.09 
L18 0.28 0.38 1.53 0.47 -0.06  0.24 0.57 1.78 0.72 -0.08 
L18×4 0.29 0.41 1.50 0.45 -0.09  0.24 0.60 1.83 0.74 -0.08 
L18×7 0.27 0.49 1.60 0.60 -0.11  0.23 0.60 1.85 0.76 -0.07 
L18×9 0.26 0.52 1.64 0.62 -0.10  0.23 0.63 1.86 0.77 -0.08 

pXRF L6 0.46 0.09 0.95 0.16 -0.30  0.38 0.21 1.15 0.45 -0.07 
L6×4 0.47 0.05 0.92 0.23 -0.03  0.36 0.22 1.19 0.46 -0.07 
L6×7 0.46 0.05 0.94 0.22 0.00  0.36 0.21 1.20 0.44 -0.10 
L6×9 0.49 0.04 0.88 0.20 -0.01  0.35 0.24 1.22 0.44 -0.13 
L12 0.22 0.46 0.87 0.65 -0.03  0.33 0.31 1.31 0.51 -0.13 
L12×4 0.38 0.12 1.14 0.29 -0.14  0.35 0.25 1.23 0.46 -0.14 
L12×7 0.38 0.12 1.14 0.31 -0.13  0.34 0.30 1.26 0.46 -0.16 
L12×9 0.38 0.11 1.13 0.31 -0.11  0.34 0.32 1.27 0.48 -0.17 
L18 0.44 0.09 0.98 0.17 -0.28  0.34 0.30 1.28 0.49 -0.14 
L18×4 0.41 0.07 1.07 0.19 -0.20  0.34 0.32 1.28 0.51 -0.15 
L18×7 0.36 0.20 1.20 0.36 -0.17  0.35 0.31 1.22 0.45 -0.19 
L18×9 0.35 0.23 1.23 0.38 -0.17  0.35 0.32 1.23 0.45 -0.19 

vis-NIR PCA selected R550 
vis-NIR L6 0.54 0.31 0.81 0.45 0.16  0.32 0.44 1.34 0.59 -0.17 

L6×4 0.38 0.30 1.14 0.53 -0.08  0.31 0.49 1.39 0.62 -0.17 
L6×7 0.33 0.35 1.29 0.57 -0.10  0.29 0.54 1.47 0.69 -0.13 
L6×9 0.39 0.31 1.10 0.53 -0.10  0.32 0.48 1.36 0.64 -0.15 
L12 0.43 0.28 1.00 0.49 0.01  0.27 0.59 1.60 0.69 -0.15 
L12×4 0.36 0.28 1.22 0.51 -0.10  0.29 0.51 1.50 0.64 -0.15 
L12×7 0.37 0.28 1.16 0.51 -0.09  0.29 0.53 1.48 0.65 -0.16 
L12×9 0.37 0.30 1.16 0.53 -0.10  0.29 0.55 1.52 0.66 -0.16 
L18 0.41 0.31 1.05 0.53 0.05  0.31 0.44 1.42 0.59 -0.15 
L18×4 0.36 0.27 1.21 0.51 -0.06  0.27 0.57 1.59 0.68 -0.14 
L18×7 0.37 0.26 1.16 0.50 -0.06  0.28 0.56 1.54 0.67 -0.15 
L18×9 0.34 0.29 1.27 0.52 -0.08  0.30 0.46 1.43 0.62 -0.14 
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Datasets/ Proximal sensors Spiking/ 
Weighing 

RMSE R2 RPIQ CCC Bias  RMSE R2 RPIQ CCC Bias 
PLS  LOCAL  

MIR PCA selected R450 
MIR L6 0.44 0.14 0.99 0.10 -0.29  0.28 0.51 1.57 0.69 -0.09 

L6×4 0.29 0.29 1.48 0.47 -0.02  0.31 0.42 1.39 0.64 -0.04 
L6×7 0.32 0.20 1.35 0.38 -0.05  0.29 0.45 1.47 0.66 -0.04 
L6×9 0.29 0.33 1.51 0.52 0.03  0.29 0.47 1.50 0.69 -0.01 
L12 0.40 0.15 1.09 0.14 -0.24  0.30 0.42 1.47 0.63 -0.06 
L12×4 0.35 0.17 1.23 0.28 -0.15  0.27 0.48 1.60 0.69 -0.05 
L12×7 0.30 0.35 1.42 0.57 -0.08  0.24 0.59 1.80 0.76 -0.06 
L12×9 0.32 0.26 1.37 0.41 -0.11  0.26 0.52 1.66 0.71 -0.07 
L18 0.39 0.16 1.10 0.15 -0.23  0.28 0.46 1.57 0.67 -0.06 
L18×4 0.34 0.28 1.26 0.34 -0.17  0.26 0.55 1.69 0.72 -0.07 
L18×7 0.29 0.43 1.49 0.62 -0.10  0.24 0.62 1.83 0.77 -0.07 
L18×9 0.28 0.48 1.57 0.66 -0.09  0.24 0.61 1.79 0.75 -0.08 

pXRF PCA selected R500 
pXRF L6 0.48 0.09 0.89 0.14 -0.35  0.35 0.24 1.25 0.49 0.00 

L6×4 0.49 0.05 0.88 0.23 0.01  0.38 0.18 1.14 0.42 -0.03 
L6×7 0.50 0.04 0.86 0.19 0.02  0.40 0.15 1.09 0.39 -0.04 
L6×9 0.52 0.08 0.84 0.26 0.06  0.40 0.13 1.08 0.35 -0.08 
L12 0.45 0.09 0.97 0.21 -0.26  0.32 0.31 1.35 0.52 -0.11 
L12×4 0.46 0.08 0.94 0.25 -0.17  0.33 0.28 1.31 0.50 -0.09 
L12×7 0.38 0.13 1.13 0.32 -0.13  0.34 0.24 1.26 0.46 -0.09 
L12×9 0.43 0.10 1.00 0.28 -0.15  0.34 0.24 1.27 0.45 -0.10 
L18 0.44 0.08 0.99 0.21 -0.23  0.35 0.30 1.24 0.49 -0.16 
L18×4 0.48 0.07 0.91 0.23 -0.18  0.35 0.30 1.23 0.49 -0.15 
L18×7 0.36 0.21 1.20 0.36 -0.18  0.35 0.34 1.22 0.50 -0.18 
L18×9 0.37 0.20 1.17 0.40 -0.15  0.36 0.31 1.20 0.49 -0.17 

Optimal model outputs based on land use and each sensor data are in bold letters.  
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Appendix 6.3 Measured temporal plant aboveground biomass and root Cd concentration 

in the glasshouse experiments I and II amended with increasing soil Cd concentrations. 

Added soil Cd concentrations 
(mg Cd/kg) 

Experiment I Experiment II  
First  First  Second Third  Root Aboveground biomass harvest 

Cd concentration (mg Cd/kg)  
0 3.93a 2.91a 3.05a 3.52a 1.27a 
0.5 12.74ab 7.38ab 8.41ab 14.81b 2.69b 
0.75 15.81bc 10.60b 14.30b 13.26b 2.99b 
1 25.17c 10.21b 12.58b 14.47b 4.02c 
2 42.34d 16.03c 32.01c 23.63c 6.68d 
3.5 39.84d 24.73d 41.71d 32.20c 9.39e 
5 58.56e 28.29d 50.98e 41.00d 16.79f 
Average 28.34 14.31 23.29 20.41 6.69 
Added Cd concentrations effect <0.001 <0.001 < 0.001 <0.001 <0.001 
Least significant difference 11.80 5.04 9.18 8.71 0.87 

 

 

 

Appendix 6.4 Soil pH measured for final soil samples from control (grey colour) and 

chicory (black) pots containing Pallic (experiment I) and Allophanic (experiment II ) soils. 
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Appendix 6.5 Cross-validation results of PLS models predicting Cd concentration in the Pallic soil and chicory aboveground biomass samples 

from experiment I using laboratory vis-NIR, MIR, and pXRF spectra. 

Sampling days N Matrices Minimum  Mean vis-NIR MIR  pXRF 
(mg Cd/kg) RMSE R2 RPIQ CCC Bias RMSE R2 RPIQ CCC Bias RMSE R2 RPIQ CCC Bias 

Day 0 56 Soil 0.18 1.92 0.47 0.92 5.16 0.96 -0.01 0.72 0.82 3.34 0.88 -0.16 0.42 0.93 5.80 0.97 -0.03 
Day 45 56 Soil 0.19 1.90 0.35 0.95 7.34 0.97 -0.03 0.53 0.90 4.88 0.95 0.00 0.34 0.96 7.53 0.98 -0.04 
Day 60 56 Soil 0.18 1.87 0.69 0.82 3.74 0.91 -0.03 0.82 0.77 3.17 0.87 -0.05 0.66 0.84 3.91 0.92 0.00 
Day 73 56 Soil 0.19 1.81 0.34 0.96 7.40 0.98 -0.01 0.49 0.91 5.14 0.96 -0.02 0.35 0.96 7.22 0.98 -0.03 
Day 101 56 Soil 0.18 1.63 0.36 0.95 6.99 0.97 -0.03 0.38 0.95 6.59 0.97 -0.07 0.39 0.94 6.37 0.97 -0.03 
Day 127 56 Soil 0.17 1.79 0.65 0.87 3.59 0.93 0.01 0.47 0.92 5.02 0.96 -0.03 0.57 0.88 4.10 0.93 -0.07 
Day 60, 73, 
101, 127 224 Soil 0.17 1.88 0.42 0.93 5.94 0.97 -0.01 0.78 0.78 3.24 0.88 -0.05 0.76 0.79 3.30 0.89 -0.06 

Day 0, 45, 60, 
73, 101, 127 336 Soil 0.17 1.82 0.86 0.72 2.93 0.84 -0.12 1.15 0.52 2.18 0.69 -0.23 1.10 0.57 2.28 0.74 -0.17 

Day 73 28 Aboveground biomass 3.47 28.34 9.60 0.81 2.77 0.90 0.17 14.89 0.47 1.79 0.58 -3.61 8.46 0.82 3.15 0.90 -0.76 
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Appendix 6.6 Cross-validation results of PLS models predicting Cd concentration in the Allophanic soil and chicory aboveground biomass and 

root samples from experiment II using laboratory vis-NIR, MIR, and pXRF spectra.  

Sampling days N Matrices 
Minimum  Mean vis-NIR MIR  pXRF 

(mg Cd/kg) RMSE R2 RPIQ CCC Bias RMSE R2 RPIQ CCC Bias RMSE R2 RPIQ CCC Bias 
Day 0 56 Soil 0.41 1.99 0.26 0.97 9.10 0.98 0.00 0.42 0.91 5.69 0.96 -0.04 0.34 0.94 7.03 0.97 -0.03 
Day 21 56 Soil 0.41 1.99 0.55 0.85 4.43 0.92 -0.03 0.39 0.92 4.95 0.95 -0.06 024 0.97 9.49 0.98 -0.01 
Day 0, 21 112 Soil 0.41 2.01 0.35 0.94 6.80 0.97 -0.02 0.82 0.66 2.89 0.80 -0.14 0.32 0.95 5.49 0.95 -0.06 
Day 60 27 Aboveground 

biomass 2.41 13.79 6.87 0.47 1.88 0.67 -1.07 5.23 0.67 2.47 0.78 -1.09 3.71 0.83 3.48 0.91 -0.39 

Day 97 27 Aboveground 
biomass 2.44 22.27 5.97 0.88 4.79 0.94 -0.77 5.27 0.91 5.43 0.95 -0.60 11.22 0.71 2.55 0.83 0.36 

Day 132 28 Aboveground 
biomass 3.36 20.41 8.92 0.56 1.99 0.74 -1.08 8.33 0.63 2.13 0.79 -0.99 9.79 0.48 1.81 0.69 -1.25 

Day 60, 97, 
132 82 Aboveground 

biomass 2.41 18.84 7.13 0.76 2.57 0.87 -0.47 9.53 0.52 1.89 0.67 -2.40 10.49 0.46 1.71 0.64 -2.30 

Day 132 28 Root 0.86 6.69 2.21 0.81 2.59 0.89 -0.44 2.32 0.72 2.09 0.81 -0.36 0.63 0.98 7.75 0.99 -0.02 
Day 60 and 97 
(aboveground 
biomass), Day 
132 
(aboveground 
biomass + root) 

110 
Aboveground 
biomass + 
root 

0.86 15.75 6.73 0.76 2.82 0.87 -0.55 13.04 0.17 1.46 0.21 -4.02 11.31 0.37 1.68 0.46 -3.23 
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Appendix 6.7 Cross-validation results of PLS models predicting Cd concentration in experiment I and II combined soil and plant aboveground 

biomass samples using laboratory vis-NIR, MIR, and pXRF spectra. 

Matrices N 
Minimum  Mean  vis-NIR MIR  pXRF 

(mg Cd/kg) RMSE R2 RPIQ CCC Bias RMSE R2 RPIQ CCC Bias RMSE R2 RPIQ CCC Bias 
Soil (All combined) 448 0.17 1.87 1.02 0.57 2.25 0.73 -0.17 0.76 0.75 3.02 0.86 -0.10 1.53 0.10 1.51 0.16 -0.51 
Soil (Day 0) 112 0.18 1.95 0.35 0.95 6.74 0.97 -0.02 0.33 0.95 7.12 0.98 -0.01 0.91 0.65 2.62 0.79 -0.15 
Aboveground biomass 110 2.41 21.26 9.87 0.68 2.19 0.82 -0.81 11.56 0.52 1.87 0.66 -3.19 7.30 0.82 2.96 0.90 -0.27 
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Appendix 6.8 Cross-validation results of PLS models predicting Cd concentration in soil 

and plant aboveground biomass samples from experiments I and II using in-situ vis-NIR 

spectra. 

Experiment/ 
sampling day N Matrices 

Minimum  Mean 
RMSE R2 RPIQ CCC Bias (mg Cd/kg) 

Experiment I        
Day 0 56 Soil 0.18 1.92 1.39 0.35 1.74 0.45 -0.46 
Day 45 56 Soil 0.19 1.90 1.53 0.18 1.68 0.32 -0.50 
Day 60 56 Soil 0.18 1.87 0.67 0.83 3.88 0.91 -0.07 
Day 73 56 Soil 0.19 1.81 0.69 0.82 3.24 0.91 -0.06 
Day 101 56 Soil 0.18 1.63 1.65 0.11 1.54 0.14 -0.60 
Day 127 56 Soil 0.17 1.79 1.57 0.17 1.32 0.16 -0.56 
Day 60, 73, 101, 
127 224 Soil 0.17 1.78 1.67 0.06 1.49 0.08 -0.61 

Day 0, 45, 60, 
73, 101, 127 336 Soil 0.17 1.82 1.72 0.02 1.46 0.04 -0.64 

Day 73 28 Aboveground biomass 3.47 28.34 15.79 0.43 1.69 0.54 -5.26 
Experiment II         
Day 0 56 Soil 0.41 1.99 0.18 0.98 13.25 0.99 -0.01 
Day 21 56 Soil 0.41 1.99 0.49 0.88 4.91 0.93 -0.06 
Day 0, 21 112 Soil 0.41 1.99 0.31 0.95 7.61 0.97 -0.01 
Day 60 27 Aboveground biomass 2.41 13.79 4.75 0.75 2.71 0.86 -0.18 
Day 97 27 Aboveground biomass 2.44 22.27 5.15 0.92 5.55 0.96 -0.03 
Day 132 28 Aboveground biomass 3.36 20.41 7.54 0.68 2.35 0.82 -0.76 
Day 60, 97, 132 110 Aboveground biomass 2.41 18.84 5.31 0.86 3.45 0.93 -0.50 
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Appendix: Explanation of Covid-19 impacts 
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