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Abstract 

Cadmium (Cd) accumulation in agricultural soils due to long-term phosphate fertiliser 

applications has raised concerns in New Zealand and globally due to the potential toxicity 

of Cd in food products. Elevated soil Cd concentration can enhance Cd availability for 

plant uptake, increasing the risk of food chain transfer. Cadmium management is 

generally achieved through reference laboratory methods to estimate Cd concentration in 

soil and plant samples. Reference laboratory methods of Cd analysis are precise; however, 

sample preparation and associated resource cost make them expensive. As a 

complementary method, proximal sensing techniques including visible-near-infrared 

(vis-NIR: 350–2500 nm), mid-infrared (MIR: 4000–400 cm-1) reflectance and portable 

X-ray fluorescence (pXRF: 0–40 keV) spectroscopy have been successfully used to 

monitor elevated Cd levels in mining areas and in plants showing stress or toxicity 

symptoms due to Cd. However, application of such technologies in agricultural soils with 

low Cd concentration are relatively understudied. Hence, this study was conducted to 

amplify the power of three proximal sensing techniques to quantify Cd in soil samples 

from diverse soil orders, climatic conditions, land uses, and vegetations and plant samples 

for cost-effective Cd monitoring at regional to farm scale.  

In this doctoral study, soil and plant samples were scanned using vis-NIR, MIR, and 

pXRF sensors. Topsoil samples were obtained from (1) the Otago-Southland regional 

survey (n=622), (2) a pastoral farm survey (n=87) including dairy and sheep and beef 

farms with long-term phosphate fertiliser application history, and (3) two independent 

glasshouse experiments using Pallic and Allophanic soils amended with increasing soil 

Cd concentrations, and with or without a model forage herb, chicory (Cichorium intybus 

L.). In both experiments, chicory aboveground biomass and root samples were scanned 

using the three sensors, along with a periodic collection of vis-NIR spectra from soil and 

plant in-situ. Total Cd was determined in all samples, while the distribution of Cd among 

geochemical fractions was studied in the pastoral farm survey samples only. Reference 

laboratory results and spectral information were combined to develop models for accurate 

Cd predictions.  

For regional survey samples (n=622, 0.01–0.56 mg Cd/kg) including agricultural soils 

(47%), validation (v) results (n=124, 0.01–0.43 mg Cd/kg) showed Granger-Ramanathan 
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model averaging of outputs from models using individual pXRF, vis-NIR, and MIR data 

as input for partial least squares (PLS) – support vector machine regression performed 

optimally to quantify total soil Cd with normalised root mean square error (nRMSEv) of 

37% and concordance correlation coefficient (CCCv) of 0.84. For agricultural soils (n=84, 

0.10–1.20 mg Cd/kg), cross-validation (cv) results of models using individual vis-NIR, 

MIR, and pXRF data as input for PLS performed with nRMSEcv of 26%, 30%, and 31% 

and CCCcv of 0.85, 0.77, and 0.75 respectively. For acid soluble (0.01–0.27 mg Cd/kg) 

and organic matter bound (0.02–0.27 mg Cd/kg) Cd, models using vis-NIR data 

performed with nRMSEcv of 11% and 33% and CCCcv of 0.97 and 0.84, respectively. For 

exchangeable (0.003–0.25 mg Cd/kg) Cd, a model using MIR data as input performed 

with nRMSEcv of 40% and CCCcv of 0.57. Using the Otago and Southland regional survey 

soil samples spectra as a soil spectral library (SSL), Cd concentration in the local set 

(agricultural soil samples) were quantified. A model using MIR data from the regional 

SSL pastoral soil subset (n=283, 0.01–1.31 mg Cd/kg) spiked with selected local set 

samples (n=12) with weights (×4) as input for LOCAL algorithm quantified local soil Cd 

with nRMSE of 38% and CCC of 0.78.  

In the glasshouse experiments, Cd translocation factor (TF) values for chicory were 

calculated using proximal sensor data and the results showed a significant relationship 

(R2=0.74, p<0.001) between measured and predicted TF values. A model using in-situ 

leaf clip vis-NIR spectra showed optimal performance to assess Cd concentration in 

aboveground chicory biomass with nRMSEcv of 28% and CCCcv of 0.93. Among 

vegetation indices calculated ‘blue green index 2’ showed a significant (p<0.01) R2 value 

(0.19, 0.36) in both experiments. Models using pXRF spectra as input showed optimal 

performance to predict chicory root (n=28, 0.86–25.79 mg Cd/kg) and Allophanic soil 

(n=112, 0.41–4.81 mg Cd/kg) Cd with nRMSEcv of 16% and 9% and CCCcv of 0.95 and 

0.99, respectively. A model using laboratory vis-NIR spectra showed optimal 

performance to quantify Pallic soil Cd (n=336; 0.17–5.45 mg Cd/kg) with nRMSEcv of 

22% and CCCcv of 0.97.  

Optimal prediction models using proximal sensor data can potentially be used for rapid 

cost-effective analysis of Cd concentration in soil and plant samples. Quantitative models 

for soil Cd using a combination of complementary proximal sensors data and 

chemometrics could feasibly be deployed for long-term monitoring of soil Cd at 

concentrations below pXRF detection limits and with reduced matrix interference from 
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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 
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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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to predict the Cd concentration in contaminated soils (Nawar et al., 2019). The reflectance 

spectroscopy techniques visible-near-infrared (vis-NIR: 350–2500 nm) and mid-infrared 

(MIR: 4000–400 cm-1) assess soil Cd based on the association of this TE with spectrally 

active soil components including soil organic matter and Al–, Fe–, and Mn–containing 

minerals (Soriano-Disla et al., 2014; Wu et al., 2010). Soil vis-NIR spectra contain 

overtones and combinations of vibrations of molecular bonds and functional groups (Ben-

Dor, 2002). Leaf reflectance spectra relate to pigment content, cell structure, and 

biochemical composition and changes, which could be related to the deposition of Cd 

within plant tissues (Bandaru et al., 2010; Kooistra et al., 2004; Rathod et al., 2015a; 

Sharma and Dubey, 2006). Soil MIR spectra correspond to the fundamental vibrations 

due to the presence of specific Al–, Fe–, and Mn–containing minerals and organic 

functional groups (Siebielec et al., 2004). Plant MIR spectra contain fingerprints of 

stretching and bending vibrations of fundamental organic bonds (Artz et al., 2008; Usman 

et al., 2019). The X-ray fluorescence spectroscopy technique (portable XRF: 0–40 keV) 

detects specific fluorescent photons released by elements including Cd within the analyte 

matrix (Kalnicky and Singhvi, 2001). Portable-XRF can directly quantify Cd in both soil 

and plant matrices (Rouillon and Taylor, 2016; Towett et al., 2015a). However, there are 

challenges associated with the use of pXRF to estimate multiple trace elements at low 

(background) concentrations (Padilla et al., 2019; Ravansari et al., 2020; Rouillon and 

Taylor, 2016). 

Spectral libraries are being developed around the world as a basis for the wider 

application of these proximal sensing techniques for the accurate estimation of soil and 

plant properties at a local scale (Brown, 2007; Shepherd and Walsh, 2002). A spectral 

library uses both spectra and reference laboratory results to develop the knowledge basis 

for the relationship between matrix property and spectral response (Viscarra Rossel et al., 

2016). Soil spectral libraries (SSLs) have been developed for vis-NIR and MIR sensors 

at contrasting scales: local, regional/national, continental, and global (Demattê et al., 

2019; Summerauer et al., 2021; Viscarra Rossel et al., 2016). In the context of New 

Zealand, vis-NIR and MIR SSLs are being developed by Manaaki Whenua – Landcare 

Research for soil properties including soil total carbon, moisture, and pH (Blaschek et al., 

2019; Malone et al., 2018; Roudier et al., 2020).  

Advances in chemometrics have amplified the application of proximal sensing techniques 

for data-driven soil research (Wadoux et al., 2021b). Spectral information (predictors) is 
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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 



 

 

6 

of low Cd concentrations on agricultural farms (Farrés et al., 2015; Kuhn and Johnson, 

2013; Rathod et al., 2018). Controlled experiments have been conducted to assess plant 

Cd accumulation at toxic concentrations using vis-NIR spectroscopy (Rathod et al., 

2015a; Sridhar et al., 2007). A robust spectral library developed from a large-scale survey 

could improve the prediction of Cd concentrations across areas with different soil types 

and plants with a wide concentration range that is characteristic of farm-scale mapping. 

Moreover, pXRF spectroscopy technique is less used to assess Cd concentration in 

agricultural soils. The possibility of using a large-scale spectral library to quantify local 

Cd has been poorly explored (Ng et al., 2022a).  

This thesis fills the knowledge and resource gap on the potential of using proximal 

sensing techniques including vis-NIR, MIR, and pXRF independently and in combination 

to quantify low Cd concentrations at regional and farm scales. Widespread use of 

proximal sensing techniques as an accurate, rapid, non-destructive, and cost-effective 

method to monitor Cd would inform management practices for this TE, to protect highly 

productive lands from losing their land use flexibility (CWG, 2011; Drewry et al., 2021; 

Ministry for the Environment and Ministry for Primary Industries, 2022).  

1.3 Research objectives 

This thesis aims to develop robust prediction models using proximal sensors data 

including vis-NIR, MIR, and pXRF independently or in combination allowing accurate 

assessment of low Cd concentrations from regional to farm scale. The specific research 

objectives are: 

• To quantify Cd and other TE (As, Cr, Hg, Mn, Ni, Pb, and Zn) in samples collected 

from a previous geochemical baseline soil survey of the Otago and Southland regions 

of New Zealand. 

• To predict total Cd and distribution of Cd in geochemical fractions in a local dataset 

of agricultural soil samples collected from a previous study. 

• To determine the potential of customising prediction models using sensor data to 

predict local soil Cd concentrations (agricultural soils) while leveraging a large soil 

spectral library (Otago-Southland). 

• To quantify soil and plant Cd in chicory plants growing in a controlled environments 

with two distinct soils treated with increased concentrations of Cd. 
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1.4 Thesis outline 

This thesis consists of seven chapters, including an introduction (Chapter 1), a literature 

review (Chapter 2), presentation of research works undertaken (Chapters 3–6), and a 

presentation of key findings, implications, and opportunities for future work (Chapter 7). 

Chapter 1 introduces the research topic focusing on the application of proximal sensing 

techniques to assess the Cd concentrations in soil and plant samples and 

defines the objectives of this doctoral study. 

Chapter 2 reviews the knowledge on i) the status, sources, and factors affecting the 

movement of Cd and other TE in New Zealand soils, ii) wet chemistry 

methods for total Cd and Cd fractionation analysis, and iii) the principles and 

applications of proximal sensing techniques to assess Cd and other TE. 

Chapter 3 deploys proximal sensing techniques in combination with chemometric 

methods including PLS, PLS-SVM model fusion, sensor data fusion, and 

GRA model averaging to quantify low concentrations of Cd and other TE 

(As, Cr, Cu, Hg, Ni, Pb, and Zn) in samples collected and analysed from a 

previous geochemical baseline survey in Otago and Southland regions of New 

Zealand. 

Chapter 4 reports the results of work that aimed to predict concentrations of total Cd and 

Cd fractions using PLS in a local set including only agricultural soil samples 

collected from a previous study. 

Chapter 5 describes a strategy to customise prediction models using proximal sensor data 

as input for PLS and LOCAL algorithms to quantify local soil Cd at a farm 

scale while leveraging a soil spectral library (Otago and Southland regions). 

Chapter 6 analyses reflectance and fluorescence spectra as input for PLS to assess Cd 

concentrations in soil and plant samples from controlled glasshouse 

experiments using Pallic and Allophanic soils with elevated soil Cd 

concentrations and chicory as a model forage crop species.  

Chapter 7 presents the key findings of the doctoral study with implications for Cd 

monitoring and management and outlines opportunities for future work. 
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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 Allophanic 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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concentration in pastoral soils ranges between 0.10 and 0.75 mg Cd/kg soil with an 

average value of 0.43 mg Cd/kg soil (Table 2.1; Rys et al. (2008)). 

 

Table 2.1 Concentrations of Cd, Cu, and Zn (mg/kg soil) in New Zealand soils 

summarised as per historical data, the NZSC soil orders, and land uses. 

Sources 

Cd  Cu Zn 

Min. Mean Max. Min. Mean Max. Min. Mean Max. 

mg/kg soil 

Historical data1 – – – < 5 – > 40 < 30 – > 100 

NZSC soil orders2 

Allophanic 0.05 0.74 2.93 7.00 27.77 65.00 30.00 60.92 176.00 

Brown 0.00 0.19 2.08 2.36 18.50 26.75 7.50 57.09 133.20 

Gley 0.02 0.32 0.90 4.85 18.09 37.50 20.00 63.96 163.30 

Granular 0.05 0.52 0.65 11.00 19.30 75.00 50.00 87.18 119.00 

Melanic 0.10 0.25 0.56 6.61 23.32 74.65 33.70 76.10 148.60 

Organic 0.03 0.42 1.52 7.50 21.34 60.00 17.50 42.29 96.00 

Pallic 0.01 0.17 0.64 3.00 11.94 17.50 10.20 60.45 203.90 

Podzol 0.01 0.11 0.25 4.45 7.39 48.52 26.30 51.65 105.20 

Pumice 0.04 0.47 1.64 4.00 10.85 20.00 25.00 39.06 71.00 

Recent 0.03 0.16 0.45 5.00 21.13 51.00 30.00 74.65 160.00 

Ultic  0.06 0.09 0.67 2.50 9.84 41.00 9.00 40.71 110.00 
Land use3          

Background 0.03 – 0.14 7.60 11.55 16.00 22.00 28.29 34.86 

Pasture 0.10 0.43 0.75 11.30 13.52 16.70 50.70 59.51 66.60 
1(Soil Bureau, 1962) 
2(Cavanagh, 2014; Hewitt, 2010; Jeyakumar et al., 2010; Longhurst, 2006; Martin et al., 2017; 

Salmanzadeh et al., 2016; Stafford et al., 2018c; Taylor et al., 2007; Thompson-Morrison, 2017) 
3(Cavanagh et al., 2015; Martin et al., 2017; McDowell et al., 2013; Salmanzadeh et al., 2016; Taylor et al., 

2010) 

 

2.1.2 Accumulation of Cd in New Zealand agricultural soils 

and plants 

New Zealand research published during the 1990s highlighted the existence of Cd 

concentrations above the background level in agricultural soils (Roberts et al., 1994; 

Zanders, 1998). Continuous application of phosphate fertiliser over the past 70 years for 

agricultural production containing traces of Cd (Abraham, 2018) has unintentionally 

augmented the Cd concentration in some agricultural soils (Fig. 2.1; Table 2.1). 

Compared to other farm management types, land subject to long-term intensive dairy 

production has recorded the highest Cd concentrations, up to 2.93 mg Cd/kg soil 

(Abraham, 2018). 
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In soil with elevated Cd concentration, a fraction of total soil Cd exists in a form that is 

available for plant uptake (Fig. 2.1; Gray et al. (1999b)). Consequently, plants can uptake 

and accumulate soil Cd in their biomass (Gray et al., 1999a). Many cultivated crops, such 

as cereals (Gray et al., 2019b), vegetables (Cavanagh et al., 2019; Gray et al., 2019a), and 

pasture herbs (Stafford et al., 2016), are known to accumulate Cd. Cadmium 

accumulation by different plant species decreases in the order of leafy vegetables>root 

vegetables>grain crops (Gray et al., 1999a). Amongst pasture herbs cultivated in New 

Zealand, chicory (Cichorium intybus L.) accumulated the greatest concentration of Cd: a 

comparative study by Stafford et al. (2016) of a range of pasture species grown in a 

greenhouse showed a Cd concentration in chicory of up to 1.64 mg Cd/kg dry matter 

while the dominant pasture crops ryegrass/white clover accumulated 0.06 to 0.12 mg 

Cd/kg DM (Stafford et al., 2016). Consequently, year-round grazing on pasture can 

potentially expose animals (e.g., sheep, dairy cattle) to long-term dietary accumulation of 

Cd (Roberts et al., 1994), especially where there is increased abundance of chicory in an 

animal’s diet. Such exposure can have a potentially adverse effect on animal food product 

quality resulting in dietary (Godt et al., 2006) and trade risks (Kim, 2005) when the 

provisional safe limit for Cd uptake is exceeded (ATSDR, 2012; Clemens et al., 2013; 

McDowell and Gray, 2022).  

2.1.3 Adverse health effects of long-term Cd ingestion 

Exposure to Cd can happen through ingestion of food prepared from plants and animals 

exposed to elevated levels of total soil Cd, smoking tobacco, inhaling Cd from air polluted 

by vehicles and industrial emissions, and through working or playing in soil or water with 

elevated Cd levels (Godt et al., 2006). Long-term ingestion of Cd has been related to renal 

dysfunction, bone damage (e.g., Itai-itai disease in Japan), reproductive and gastro-

intestinal disorders, respiratory and skin problems, as well as cancers (Järup and Åkesson, 

2009; Nogawa et al., 2004). To minimise further Cd accumulation risks in New Zealand 

agricultural soils, a Cd management strategy is being actively pursued (CWG, 2011).  
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2.1.4 Regulation and management of soil Cd in New Zealand 

agriculture 

The New Zealand government formed the national Cadmium Management Strategy 

(CMS) in 2011 to minimise Cd accumulation risk on health, trade, land use flexibility, 

and the environment over 100 years (CWG, 2011). A key component of the CMS is the 

Tiered Fertiliser Management System (TFMS) which aims to control the accumulation of 

Cd in agricultural soil by regulating future phosphate fertiliser applications.  

The TFMS defines five Cd tier levels based on soil Cd concentrations, each with a total 

Cd concentration trigger value as a guideline for phosphate fertiliser application: 0.6 mg 

Cd/kg soil (tier 1), 1.0 mg Cd/kg soil (tier 2), 1.4 mg Cd/kg soil (tier 3), and 1.8 mg Cd/kg 

soil (tier 4) (Table 2.2). At the lower tiers, the choice and rate of phosphate fertiliser 

application are flexible; however, constraints on phosphate fertiliser use (and as a result, 

Cd addition to soil) increase at the higher tiers. At a soil Cd concentration of 1.8 mg Cd/kg 

soil, a farmer is restricted from applying any phosphate fertiliser to land (Table 2.2).  

 

Table 2.2 Phosphate fertiliser choice and rate prescribed by the TFMS based on total soil 

Cd concentrations (Abraham, 2018; Fertiliser Association, 2019). 

Tiers 

Total soil 

Cd (mg/kg) 

Phosphate fertiliser 

(kg/ha/year) Descriptions 

280* 220* 100* 

0 <0.6    • Total soil Cd concentration is within the natural 

background concentrations. 

• Phosphate fertiliser type and rate can be chosen. 

1 0.6 to <1.0 45 60 60–80 • Implementation of an appropriate management 

strategy is required to minimise soil Cd 

accumulation. 

2 1.0 to <1.2 35 45 45–80 • Moderate restriction on the application of 

phosphate fertiliser type and rate. 1.2 to <1.4 25 30 30–75 
      

3 1.4 to <1.5 20 25 25–55 • High restriction on the application of phosphate 

fertiliser type and rate. 1.5 to <1.6 15 20 20–45 

1.6 to <1.7 12.5 15 15–40 

1.7 to <1.8 7.5 10 10–25 
      

4 ≥1.8  

 
• No phosphate fertiliser application. 

• Detailed site-specific soil testing for total Cd 

concentration. 

• Change land use and/or ploughing to a depth of at 

least 30 cm. 

*Choice and rate as per Cd loading (mg Cd/kg P) in phosphate fertiliser. 
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During the revision of TFMS in 2019, an additional stepped reduction in phosphate 

fertiliser application recommendation was introduced in tiers 2 and 3 to extend the time 

necessary to reach the upper soil Cd threshold (Table 2.2).  

The TFMS is a voluntary system, and to participate in the TFMS, an average dairy farm 

of size 150 ha should be divided into three land management units (LMU); each LMU 

should include six monitoring paddocks (for example, Fig. 2.2; Fertiliser Association 

(2016)). One composite sample prepared from 15–20 topsoil (0–15 cm) cores should be 

taken from each monitoring paddock for total soil Cd concentration using an approved 

laboratory analysis method. Repeated total Cd testing in an accredited laboratory is 

recommended every five years to assess the long-term trend of total soil Cd concentration, 

which increases the long-term costs for farmers (Fertiliser Association, 2016). 

 

 

Fig. 2.2 Sampling scheme representation of the Tiered Fertiliser Management System 

showing each composite soil sample (black dots) containing 15–20 cores from a transect 

(black line) of each six monitoring paddock (demarked areas) representing each three 

land management units (LMUs shown in white, blue and red colours) in an average dairy 

farm of 150 ha size (Fertiliser Association, 2019). 
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2.1.5 Factors affecting mobility and accumulation of Cd in soils  

Cadmium exists in soil as either water-soluble forms or insoluble organo-metallic 

complexes (Hooda, 2010). In an aqueous solution, Cd generally occurs as a divalent 

cation (Cd2+) which can bond with anions to form water-soluble complexes such as 

CdCl+, CdCl2
0, CdCl3

-, or CdSO4
0. Cadmium can also form soluble complexes with 

dissolved organic matter (Kubier et al., 2019). Under acidic conditions, species including 

CdCl+, CdCl2
0, CdNO3

+, Cd(SO4)2
2- are possible whereas under alkaline conditions 

species including CdHCO3
-, CdCO3

0, Cd(CO3)2
2-, CdOH+, Cd(OH)2

0, Cd(OH)3
-, 

Cd2OH3+ are dominant (Fig. 2.3b). In the solid phase, Cd can be sorbed onto mineral 

surface functional groups including Fe–OCd+, Fe–OHCd2+; form stable complexes 

including (FeO)2HCdPO3H0; or precipitate as CaCdCO3 and Cd3(PO4)2 (Bolan et al., 

2003b). Cadmium can also be sorbed to soil organic matter via interaction with functional 

groups (e.g., carboxylic and phenolic groups) to form organic ligand–Cd2+, organic 

ligand–Cd- chemical structures (Fig. 2.1; Loganathan et al. (2012)).  

The movement of Cd from one fraction to another depends on multiple soil properties, 

such as soil pH, redox potential, ionic strength, soil organic matter, clay minerals, cation 

exchange capacity (CEC), metal oxides, anion exchange capacity, and liming (Fig. 2.1; 

Adriano (1986); Gray et al. (2019b); Naidu et al. (1994); Stafford et al. (2018c); 

Temminghoff et al. (1995); Yuan and Lavkulich (1997)). The exchangeable Cd fraction 

is generally used to assess the availability of Cd to plants (Fig. 2.1; Gleyzes et al. (2002)). 

The sorption and desorption of Cd control movement of the exchangeable Cd fraction 

to/from other soil fractions (Fig. 2.1; Loganathan et al. (2012)).  

2.1.5.1 Soil pH, redox potential, and ionic strength 

Soil solution pH and redox potential (Eh) are the most critical factors influencing Cd 

solubility in soil (Fig. 2.3a; Hooda (2010)). At soil pH below 6, there is an increase in the 

activity of acidic cations in soil solution (H+, Fe3+, Al3+), and their positively charged 

hydroxides, which compete with Cd2+ cations for pH-dependent sites on the soil solid 

phase (e.g., electrostatic negatively charged sites of surfaces in clays and organic matter 

contributing to CEC), promoting the release of Cd species into solution (Fig. 2.1; Cottenie 

and Verloo (1984)). At high soil pH, Cd cations bind to the hydroxyl ion forming CdOH+ 
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(Naidu et al., 1994) or carbonates to form CdHCO3
+ (Xian and Shokohifard, 1989), and 

can also adsorb onto pH-dependent negatively charged soil surfaces (Fig. 2.3b). 

Cadmium tends to be more mobile in oxidising conditions than in reducing conditions 

(Fig. 2.3a; Förstner (1993)). In oxidising conditions (positive Eh), Fe (III) and Mn (III-

IV) are present mainly as insoluble hydrated oxides and Cd is released from the metal 

oxides fraction to the exchangeable fraction (Fig. 2.1; Hooda (2010)). In contrast, under 

reducing conditions, the presence of sulphides in the soil can cause cadmium sulphide 

(CdS) to precipitate (Adriano, 1986). Under oxidising conditions, Cd has a lower sorption 

affinity to metal oxides than other TE (e.g., Cu, Zn, Co) and this leads to a relatively 

higher Cd concentration in the exchangeable fraction than other TE (Hooda, 2010).  

 

 

Fig. 2.3 a) Trace elements mobility as a function of redox potential and pH changes in 

solid waste material, broadening arrows represent increasing mobility; from Förstner 

(1993) © copyright#1993, reprinted by permission of Informa UK Limited, trading as 

Taylor & Francis Group, http://www.tandfonline.com and b) Concentration versus pH 

diagram showing Cd speciation from pH 4 to 7 for a solution with the composition of Cd 

(10-6.4 M), Cl (10-3 M), ΣCO2 (10-3 M) and SO4 (10-3 M); Reprinted from Kubier et al. 

(2019), Copyright (2019), with permission from Elsevier. 
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Changes in the ionic strength of soil solution will often cause soil pH variation and hence 

changes in Cd sorption (Fig. 2.1; Salmanzadeh (2017)). Higher soil ionic strength means 

more cations compete for exchange sites (at clay surfaces or SOM), leaving Cd and other 

TE in the exchangeable fraction (Fig. 2.1; Temminghoff et al. (1995)). The ability of 

cations to compete for exchange sites with an increase in ionic strength is dependent upon 

the size-to-charge ratio of the cations (e.g., Al3+>Ca2+>K+>Na+; Wang et al. (2010); 

Zanders (1998)). Increasing ionic strength generally leads to the release of TE in the 

order: Cd>Zn>Cu (Spark et al., 1995) from sorption surfaces to the solution phase (Fig. 

2.3a).  

2.1.5.2 Clay minerals and soil organic matter 

In soils, clay minerals are a significant source of negative surface charge (Hooda, 2010), 

influencing CEC. In the 2:1 layer silicate clays, characterised by a large permanent 

negative charge, Cd and other TE are electrostatically attracted (i.e., exchangeable) 

because of non-specific sorption (Loganathan et al., 2012). In 1:1 silicate clay, containing 

terminal Al–OH or Fe–OH functional groups, strong covalent bonds can be formed with 

cations including those of TE because of specific sorption (Fig. 2.1; Loganathan et al. 

(2012)). Poorly ordered alumino-silicate clay minerals (such as allophane and imogolite) 

contain high variable charge (pH-dependent) showing high specific sorption capacity 

(Christensen and Haung, 1999), thus influencing the retention of TE. Al, Fe and Mn 

oxides and hydroxides also represent variable charged minerals with strong specific 

sorption capacity for TE (Fig. 2.1; Christensen and Haung (1999)). The specific 

adsorption of Cd onto clay mineral and metal oxide surfaces ultimately leads to the 

transfer of available Cd to the so-called “residual soil Cd fraction” with time (Fig. 2.1; 

Kubier et al. (2019)). 

Soil organic matter (SOM), at the pH of most soils in New Zealand, is negatively charged 

and can be a significant contributor to CEC (Hooda, 2010). Cadmium can be held by 

terminal functional groups such as carboxylic (−COOH) and phenolic (−COH) due to 

electrostatic attraction that results in non-specific sorption of the TE (Loganathan et al., 

2012). The general order of affinity of different TE with SOM is: 

Cu2+>Cd2+>Co2+>Mn2+>Zn2+ (Bolan et al., 2003b). Cadmium sorption by SOM at high 

pH is more stable due to the formation of organo-metallic complexes (Hooda, 2010). In 



18 

 

these conditions, specific sorption of Cd onto SOM surfaces is possible by forming 

covalent bonds, which are relatively strong, between Cd and multiple carboxyl and acid 

hydroxyl groups (Fig. 2.1; Young (2013)).  

2.1.5.3 Other factors: anions in the soil solution, liming 

Phosphate minerals, such as hydroxy-apatite, can bound Cd via surface complexation or 

co-precipitation where Cd2+ substitutes for Ca2+ at higher pH (Fig. 2.1; Bolan et al. 

(2003a)). Other anions such as chloride (Cl-) decrease sorption by forming CdCl+, which 

is more soluble than Cd2+ (Bolan et al., 1999). Liming adds free CaCO3 to the soil, which 

reduces the solubility of Cd by forming Cd carbonate (i.e., an acid-soluble fraction) 

(Marković et al., 2019), which is only sparingly soluble or may precipitate, contributing 

to a residual form of Cd in soil (Fig. 2.1; Kubier et al. (2019)).  

2.2 Cadmium analysis 

Soil analysis is critical to any soil Cd management strategy based on total soil Cd 

concentration (Fig. 2.1; Table 2.3). Monitoring of soil Cd concentration under the TFMS 

typically relies on wet chemistry methods which are associated with a time-consuming 

process of sample preparation and analysis (Du Laing, 2010). Wet chemistry methods 

using sequential extractions can provide additional insight into Cd and other TE 

distributions among different soil components (e.g., metal oxides bound, organic matter 

bound). As an alternative to wet chemistry methods, several non-destructive techniques 

have been developed. These include instrumental neutron activation analysis, particle-

induced X-ray emission, and X-ray absorption near edge structure spectroscopy. Those 

can allow direct measurement of Cd and other TE in soil samples (Du Laing, 2010; 

Siebers et al., 2013). However, these non-destructive techniques have a range of 

restrictions, such as limited sensitivity and limited portability, which can hinder the 

widespread use of these techniques (Du Laing, 2010), whereas proximal sensing 

techniques based on reflectance and fluorescence spectroscopy have proven useful in 

measuring multiple soil properties (Viscarra Rossel et al., 2006), including TE 

concentration (Nawar et al., 2019).  
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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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Table 2.3 Fractions of Cd obtained following sequential extraction methods (Gleyzes et 

al., 2002; Tessier et al., 1979). 

Fractions Target phases Mainly extracted geochemical forms 

F1 Exchangeable Weakly sorbed Cd (soluble and exchangeable) 

F2 Acid soluble pH sensitive, non-specifically sorbed Cd on the solid 

surface 

F3 Metal oxides bound Cd associated with amorphous or crystalline Fe, Mn, and 

Al oxides 

F4 Organic matter bound Cd sorbed to organic matter fraction 

F5 Residual Cd mainly associated with primary and secondary minerals 

in the crystalline lattice  

 

In New Zealand, soil Cd fractions were studied using different sequential extraction 

procedures including the Tessier method (Table 2.4; Bolan et al. (2003a); Gray et al. 

(2000); Salmanzadeh et al. (2016)). Though some fractions are common in all three 

sequential extraction methods, organic matter bound fraction is at the second last of the  

 

Table 2.4 Sequential extraction methods used for Cd fractionation of New Zealand soils. 

Methods/Fractions Extractants 
Soil (g): 

Solution (ml) 
Conditions 

Tessier et al. (1979)   

Exchangeable 1.0 M MgCl2.6H2O (pH 7) 1 in 8 Shaking 40 rpm 1 h 

Acid soluble 1.0 M CH3COONa.3H2O (pH 

5) 

1 in 8 Shaking 40 rpm 5 h 

Metal oxides bound 0.04 M NH2OH.HCl in 25% 

(v/v) CH3COOH 

1 in 20 Refluxed 6 h at 96±3⁰C 

    

Organic matter bound 0.02 M HNO3+30% H2O2 (pH 

2) 

1 in 3+5 Refluxed 2 h at 85±2⁰C 

30% H2O2 (pH 2) 1 in 3 Refluxed 3 h at 85±2⁰C 

3.2 M NH4CH3CO2 in 20% 

HNO3 

1 in 5 diluted to 

20 

Shaking 40 rpm 30 min 

    

Residual  concentrated HNO3 1 in 10 Digestion 2 h at 120⁰C 

Sposito et al. (1982)   

Soluble + exchangeable 0.5 M KNO3 1 in 12.5 Shaking 16 h 

Organic-bound 0.5 M NaOH 1 in 20 Shaking 16 h 

Inorganic-bound 0.05 M Na2EDTA 1 in 25 Shaking 6 h 

Residual 4 M HNO3 1 in 25 Refluxed 16 h at 80⁰C 

Shuman (1985)    

Exchangeable 0.01 M Ca(NO3)2 5 in 30 Shaking 2 h 

Organic-bound 3.5% NaOCl (pH 8.5) 5 in 10 Boiling water bath 30 min 

(repeat once) 

Amorphous Fe oxides 

bound 

0.2 M (NH4)2C2O4.H2O 2 in 25 Shaking 4 h in the dark 

Crystalline Fe oxide 

bound 

0.2 M (NH4)2C2O4.H2O+0.2 

M H2C2O4+0.1 M ascorbic 

acid (pH 3) 

2 in 25 Boiling water bath 30 min 

Residual concentrated HNO3 0.5 in 10 Microwave digestion 
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sequence in Tessier et al. (1979) procedure whereas in the other two protocols it is 

extracted after the exchangeable fraction (Table 2.4). Operationally defined fractions and 

chemicals used for extracting individual fractions differed as per extraction methods, 

whereas concentrated HNO3 was commonly used to extract residual fraction (Table 2.4).  

Recovery after sequential extraction ranges from 80–116% of total soil Cd (Table 2.5). 

Salmanzadeh et al. (2016) found concentrations of 0.2 mg Cd/kg in the exchangeable 

fraction, 0.05 mg Cd/kg in the acid soluble fraction, 0.25 mg Cd/kg in the metal-oxides 

bound fraction, 0.17 mg Cd/kg in the organic matter bound fraction, and 0.04 mg Cd/kg 

in the residual fraction (modified Tessier method) for a Waikato Allophanic soil under 

long-term pastoral land use (total Cd 0.8 mg/kg) (Table 2.5). Gray et al. (2000) found that 

only 3% of total Cd was recovered from the exchangeable fraction for both Allophanic 

and non-Allophanic soil following the extraction method by Shuman (1985), whereas 

Bolan et al. (2003a) quantified 34% of total Cd in the exchangeable fraction following 

the extraction method described by Sposito et al. (1982) (Table 2.5). 

 

Table 2.5 Recovery percentage of total soil Cd in each fraction from sequential extraction 

studies of New Zealand soils. 

Soil type/References N 

Total 

Cd 

(mg/kg) 

Recovery 

% of total 

Total recovery in each fraction (%) 

Exchangeable 
Acid 

soluble 

Metal 

oxides 

bound 

Organic 

matter 

bound 

Residual 

Allophanic soil  
       

Salmanzadeh et al. (2016) 30 0.80 89 28 7 35 24 6 

Gray et al. (2000) 12 1.04 116 3 * 17 38 42 

Bolan et al. (2003a) 2 0.3 109 34 * 37 17 12 

Non-Allophanic soil 
      

Salmanzadeh et al. (2016) 30 0.78 87 29 7 35 22 6 

Gray et al. (2000) 12 0.23 116 3 * 25 34 38 

*Acid soluble fraction is not separately defined in these studies. 
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2.3 Cadmium assessment using proximal sensing 

techniques 

Proximal sensing using spectroscopy has been evolving as a reliable soil testing method 

for quantitative and qualitative assessment of multiple physical, chemical, and biological 

properties in a fast and highly reproducible way (Brevik et al., 2016; Poggio et al., 2018; 

Shepherd and Walsh, 2002; Vasques et al., 2014). Proximal sensors are being widely 

deployed in a range of portable and handheld spectrometers (Nocita et al., 2015). 

Proximal sensors record the response of a matrix (e.g., soil, plant) to electromagnetic 

radiation (Viscarra Rossel et al., 2011; Xu et al., 2020). Spectral information (predictors) 

is calibrated using reference laboratory results (target property) by applying chemometric 

methods to assess qualitative and quantitative properties of interest (Nocita et al., 2015). 

Portable X-ray fluorescence (pXRF) spectroscopy quantifies total TE concentration 

directly, using built-in calibration models using a limited range of TE concentrations and 

spectral response of standard matrices (Lemière, 2018). However, TE detection using 

reflectance spectroscopy (e.g., visible-near-infrared (vis-NIR) or mid-infrared (MIR) 

spectroscopy) is based on the spectral response of spectrally active soil components (e.g., 

soil organic matter and Al–, Fe–, and Mn–containing minerals) with which TE are 

associated (Siebielec et al., 2004). This is because TE are spectrally “featureless” in 

reflectance spectra (Kooistra et al., 2001; Wu et al., 2010; Wu et al., 2007; Xia et al., 

2007). Literature describing the prediction of multiple soil properties using spectral data 

is extensive (Nawar et al., 2019; Rossel and Webster, 2012). For Cd and other TE 

assessment in agricultural soil and plant samples, pXRF, vis-NIR, and MIR spectroscopy 

has shown a potential for wider applications (Fig. 2.4).  

2.3.1 Portable X-ray fluorescence spectroscopy  

Portable-XRF is a handheld sensor to capture spectral information across the 0–40 keV 

(0.001–10 nm) range of the electromagnetic spectrum. This sensor detects specific 

fluorescent photons released by each element within the analyte matrix, which enables 

quantitative and qualitative assessment of elements from sodium (Na) to uranium (U) 

(Kalnicky and Singhvi, 2001). Element-specific energy bands (Kα) enable elemental 

analysis using pXRF sensors, for example, 6.40 keV for Fe and 23.17 keV for Cd (Fig. 

2.4; Table 2.6; Elam et al. (2002)). 
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Portable-XRF spectroscopy has become a well-established technique for screening 

elements in soils, including As, Pb, and Hg (Tables 2.6 and 2.7; Lemière (2018)). This 

spectroscopy technique quantifies elemental concentration based on either a built-in 

calibration model developed from X-ray response data of a limited matrix concentration 

range, or an analysis of raw spectra with chemometric methods for a local concentration 

range (O'Rourke et al., 2016a). However, the application of pXRF spectroscopy is 

constrained by detection limits (Table 2.7) which rarely approach those of wet chemistry-

based methods, as well as matrix interference due to moisture, soil organic matter, and 

particle size (Padilla et al., 2019; Ravansari et al., 2020). There are no reported studies 

quantifying Cd fractions using pXRF. Studies using pXRF to quantify TE in plant 

samples are limited (McGladdery et al., 2018; McLaren et al., 2012; Towett et al., 2015a) 

and this technique has not yet been rigorously tested to quantify plant Cd concentrations.  

 

Table 2.6 X-ray absorption and emission energies of TE and spectrally active soil 

components (Elam et al., 2002). 

Elements 
LOD 

(ppm)* 

K edge Kα1 Kβ1 L3 edge Lα1 Lβ2 

Energy value (keV) 

Trace elements   

As 2 11.867 10.543 11.726    
Cd 5 26.711 23.173 26.093    
Cr 15 5.939 5.900 6.492    
Cu 5 8.979 8.046 8.904    
Hg 1 83.102 70.818 80.255 12.284 9.989 11.906 

Ni 5 8.333 7.480 8.267    
Pb 3 88.005 74.970 84.939 13.419 10.839 12.955 

Zn 3 9.659 8.637 9.570    
Spectrally active soil components    
Al 650 1.559 1.486 1.557    
C# – 0.284 0.277 –    
Fe 7 7.112 6.405 7.059    

*LOD=Limit of detection is the lowest quantity of an element in parts per million (ppm) that built-in 

calibration in portable X-ray fluorescence spectroscopy (pXRF) Olympus Vanta instrument with rhodium 

anode can detect in an interference-free silica blank.  
#No mention of LOD value for carbon. 

 

2.3.2 Visible-near-infrared spectroscopy  

A vis-NIR spectrometer uses a sensor to record the reflected and emitted light from the 

matrix in the 350–2500 nm (25000–4000 cm-1) region of the electromagnetic spectrum  
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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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(Fig. 2.4). Soil vis-NIR spectra capture overtones and combinations of vibrational 

molecular bonds and functional groups (Table 2.7). Among spectroscopy techniques, vis-

NIR spectroscopy is the most widely used for soil TE estimation due to its broad 

applicability to quantify multiple soil properties, ease of sample preparation, and 

instrument cost (Table 2.7; Nawar et al. (2019)). 

Soriano-Disla et al. (2014) described the application of vis-NIR spectra to quantify soil 

components across several ranges of the electromagnetic spectrum that can be associated 

with soil Cd: 400–850 nm (soil colour, Fe oxides, and soil organic matter), 1300–1450 

nm (Al–, Fe–, and Mn–containing minerals), 1800–2000 nm (Al–, Fe–, and Mn–

containing minerals and soil organic matter), and 2200–2500 nm (Mg–, Al–, Fe–, and 

Mn–containing minerals and soil organic matter) (Appendix 2.1). In-situ vis-NIR spectra 

have been used to assess plant growth, stress, and nutritional status by calculating 

vegetation indices (Appendix 2.2). A vegetation index is a unitless ratio or linear 

combination of two or more selected spectral bands, which is used to maximise plant 

spectral signal and minimise background effect (Rathod et al., 2013). In a comparison of 

in-situ- versus lab-based vis-NIR sensors to quantify soil Cd, the field generated spectra 

had lower predictive accuracy than laboratory-generated spectra due to changes in the 

particle size, moisture content, and illumination conditions experienced in the field 

(Zhang et al., 2019). Visible-NIR spectroscopy has been used to assess the fractions of 

TE including Cd in contaminated soils including landfill sites and TE polluted areas 

(Chakraborty et al., 2017; Chodak et al., 2007; Cipullo et al., 2019). Both in-situ and 

laboratory vis-NIR spectroscopy has been used to quantify plant TE at high 

concentrations showing stress or toxic effect in the plant (Cao et al., 2021; Cui et al., 

2021; Feng et al., 2019; Sridhar et al., 2007) whereas possibility to use to quantify TE at 

low concentrations in plants deserves further study.  

2.3.3 Mid-infrared spectroscopy 

Mid-IR sensor records diffuse reflectance spectra across the 4000–400 cm-1 (2500–25000 

nm) range of the electromagnetic spectrum and detects fundamental vibrations of 

molecular bonds and functional groups in an analyte matrix (Fig. 2.4; Table 2.7; O'Rourke 

et al. (2016a); Siebielec et al. (2004)). In soil MIR spectra, regions including the 3000–

2700 cm-1 (minerals including gibbsite), 2929–2855 cm-1 (alkyl compounds), 2130–1700 
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cm-1 (metal–carbonyl bonds) and 1100–1000 cm-1 (quartz) are considered important for 

TE quantification (Appendix 2.3; Janik et al. (1998); Niazi et al. (2015); Wang et al. 

(2017)).  

Soil MIR spectra exhibit typical peaks and shallows due to the presence of specific Al–, 

Fe–, and Mn–containing minerals, such as gibbsite (3528 cm-1 and 3461 cm-1), kaolinite 

(3599 cm-1), and quartz (1100–1000 cm-1, 800 cm-1); TE are commonly associated with 

these minerals in soil (Table 2.7; Appendix 2.3). Studies have used MIR sensors to 

quantify carbon fractions in the soil (Baldock et al., 2013), which shows potential to 

assess the soil Cd fractions as well. Mid-IR spectroscopy has also been used for the 

assessment of a range of characteristics of plant, including root composition, plasticity 

and disease (Largo-Gosens et al., 2014; White et al., 2011; Zhang et al., 2017). 

2.4 Chemometrics for predictive modelling  

Proximal sensors record light reflection and absorption across a defined wavelength range 

of the electromagnetic spectrum (e.g., X-ray, vis-NIR, MIR) when a detector is in contact 

or proximity (Viscarra Rossel et al., 2011). The sampling frequency is high, which often 

leads to a large number (i.e., hundreds to thousands) of wavelength readings. These 

correspond to n-dimensions, where n is the number of wavelengths. Individual 

wavelength values are highly correlated, requiring intense pre-processing via 

dimensionality reduction, or feature selection approaches (Ghamisi et al., 2017). Massart 

et al. (1997) describe chemometrics as a chemical discipline that uses mathematics, 

statistics, and formal logic to (a) design or select optimal experimental procedures, (b) 

provide maximum relevant chemical information by analysing chemical data, and (c) 

obtain knowledge about chemical systems. In the context of proximal sensing techniques, 

chemometric methods are used to uncover relationships within input data, both predictors 

(spectral data) and soil and plant property results (target) variables, to predict target 

property; this is described as predictive modelling (Fig. 2.5; Kuhn and Johnson (2013)).  

In a supervised modelling approach, a training data set with known predictors and soil 

and plant property data are used to develop a quantitative calibration model which is 

evaluated for its predictive accuracy using an independent test set, referred to as a 

validation model (Hutengs et al., 2021; Li et al., 2021; Thomas et al., 2021; Trucano et 

al., 2006). Predictive modelling that uses a good proportion of soil and plant property data 
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is known as a supervised technique (Fig. 2.5), whereas predictive modelling using fewer 

soil and plant property data is known as a semi-supervised technique. Predictive 

modelling based solely on spectral data is an unsupervised technique (Kuhn and Johnson, 

2013).  

 

 

Fig. 2.5 A flow diagram of prediction model development procedure assessing soil and 

plant properties (including Cd quantification) using proximal sensing techniques 

including pXRF, vis-NIR, and MIR. ‘+’ sign is for concatenating multi-sensor data.  
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Table 2.7 Key features of selected proximal sensing techniques used to assess TE concentrations. 

Proximal sensing 

techniques 
portable X-ray fluorescence Visible -near-infrared Mid-infrared 

Wavelength (nm) 0.001−10 350−2500 2500−25000 

Principle • Fluorescence energy is released during the 

excitation of the element from the ground state.  

• XRF directly records the signal from TE. 

 

• Records spectral response of overtones and combination 

of vibrations of molecular bonds and functional groups in 

the matrix. 

• Vis-NIR records signals of spectrally active soil 

components with which TE are associated. 

• Records spectral response of fundamental 

vibrations of molecular bonds and functional 

groups in the matrix. 

• MIR records signals of spectrally active soil 

components with which TE are associated. 
    

Advantages • Direct TE quantification is possible using built-

in calibration model. 

• Analytical results are comparable with 

inductively coupled plasma atomic emission 

spectrometry (ICP-AES) quantification for Mn, 

Fe, Cu, Zn, Cd and Pb in contaminated soils. 

• Many wavelengths in the visible region (400–780 nm) of 

soil spectra correlate with TE due to their strong bonding 

with organic matter and iron minerals. 

• Carbonate (CO3), AlOH, FeOH, MgOH, S, and hydrated 

sulphate (SO4) can be detected. 

• Provides information-rich data as organic 

functional groups have characteristic and well 

delineated absorption bands in the spectral 

region.  

• Calibration data are generic and can be 

transferred from instrument to instrument. 
    

Limitations • Can penetrate up to 2 to 5 mm only. 

• Concentration results may suffer absorption 

(lower value) and enhancement (higher value) 

effects due to matrix interference by soil 

moisture, soil organic matter, and particle size.  

• Concentration over-reporting due to spectral 

overlapping. 

• Recommended for air-dried sieved (2 mm) 

samples. 

• No penetration. 

• Very low chemical specificity.  

• Functional groups such as C=O and C-N do not produce a 

distinct, identifiable spectrum. 

• Indirect quantification of soil TE based on their 

relationship with spectrally active soil components (e.g., 

soil organic matter, Al–, Fe–, and Mn–containing 

minerals). 

• Recommended for air-dried sieved (2 mm) samples. 

• No penetration. 

• Available energy in the MIR region decreases 

substantially with wavelength. 

• Indirect quantification of TE is based on their 

relationship with spectrally active soil 

components (e.g., soil organic matter, Al–, Fe–, 

and Mn–containing minerals). 

• Recommended for air-dried sieved (0.5 mm) 

samples. 
    

Use in TE 

assessment 
• TE can be detected and quantified directly 

above the limit of detection.  

• Raw XRF spectra analysis using chemometric 

methods can quantify lower Cd concentrations 

than the detection limit of built-in calibration 

model. 

• Used for in-situ measurement of 4–70 mg 

Cd/kg soil, 17–3988 mg Cu/kg soil, and 36.3–

24187 mg Zn/kg soil. 

• Not yet used for quantification of TE fractions. 

• A low concentration of TE has been predicted by models 

using vis-NIR spectra based on TE association with 

spectrally active soil components. 

• Correlation between soil organic matter and TE has been 

used to develop TE prediction models.  

• Used to determine agricultural soil concentration range of 

0.01–216 mg Cd/kg soil, 0.2–2397 mg Cu/kg soil, and 0.1–

9082 mg Zn/kg soil. 

• Used for assessing TE fractions. 

• Used for predicting the agricultural soil 

concentration range of 0.005–199 mg Cd/kg 

soil, 0.2–391 mg Cu/kg soil, and 1.5–4500 mg 

Zn/kg soil. 

• Used for carbon fractionation but not yet used 

for analysing TE fractions. 

References (Caporale et al., 2018; Lemière, 2018; Ravansari 

and Lemke, 2018; Rouillon and Taylor, 2016; 

Weindorf et al., 2012; Wu et al., 2012; Xu et al., 

2020) 

(Chang et al., 2001; Lamine et al., 2019; O'Rourke et al., 

2016a; Reeves III and Smith, 2009; Roberts et al., 2018; 

Shamsoddini et al., 2014; Stafford et al., 2018b; UAE, 2020; 

Wu et al., 2009; Zhang et al., 2019) 

(Dong et al., 2011; Gromski et al., 2015; McCarty 

et al., 2002; Rajendram and Devey, 2011; 

Siebielec et al., 2004; Soriano-Disla et al., 2013) 
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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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Table 2.9 Selected outlier detection methods for predictive modelling using proximal sensor 

data. 

Outlier detection 

methods 
Formulas Features References 

Mahalanobis 

distance 
D(xa,xb) = √(𝑥𝑏 − 𝑥𝑎)𝐶−1(𝑥𝑏 − 𝑥𝑎)𝑇 

For two spectra xa and xb with b bands, 

C is the variance-covariance matrix 

between the spectra. 

Accounts for correlation 

between specific 

wavelengths in the 

spectra. 

(Ranga Suri et 

al., 2019; 

Wadoux et al., 

2021a) 

   

Euclidian distance D(xa,xb) = √(𝑥𝑏 − 𝑥𝑎)𝐼−1(𝑥𝑏 − 𝑥𝑎)𝑇 

Where I is the identity matrix. 

The most common 

method to find a distance 

between two points. 

   

Principal 

component analysis 

X = TPT 

Where X is the matrix of size n x b 

containing the spectra, where n is the 

number of spectra and b is the number 

of wavelengths, T = XP is the matrix 

of scores of size n x d, where d is the 

number of principal components; and 

P is the loading matrix of size d x b. 

The superscript T means the transpose 

of the matrix.  

A statistical technique 

used to examine the 

inter-relations among 

spectra in the dataset and 

to identify their 

underlying structure. 

   

Correlation 

dissimilarity 
Corr diss(xa,xb)=

1−𝑟(𝑥𝑎,𝑥𝑏)

2
 Correlation dissimilarity 

is based on Pearson’s r 

correlation coefficient 

between spectra. 

 

2.4.3 Predictive modelling  

Several algorithms can be used to develop prediction models for quantitative and qualitative 

assessment of soil and plant properties, including Cd concentration, using regression and 

classification algorithms (Fig. 2.5; Table 2.11). Some algorithms, such as partial least squares 

(PLS) regression, are specific for quantitative assessment whereas others such as support vector 

(SVM), can be used for both quantitative and qualitative evaluation. Algorithms can be divided 

into linear and non-linear types (Table 2.11; Kuhn and Johnson (2013)). Linear algorithms 

consider linear relationships between predictors and soil and plant property (e.g., PLS) whereas 

non-linear algorithms are used when non-linear relationships exist between predictors and 

target soil and plant property (e.g., neural networks, SVM; Table 2.11). Among non-linear 

algorithms, tree- and rule-based algorithms use bootstrapping and rules in conjugation, for 

example, random forest and cubist methods (Kuhn and Johnson, 2013). Furthermore, model 

fusion approach e.g., PLS-SVM can benefit from the best of two or more algorithms to develop 

a prediction model (Bao et al., 2017; Blaschek et al., 2019). 
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Table 2.10 Selected sampling methods to separate training and testing sets for predictive modelling using proximal sensor data.  

Sample 

selection 

methods 

Definitions Main characteristics Limitations References 

Random 

selection 

Select samples randomly without 

considering sample characteristics and 

distribution. 

• The simplest way of selecting samples.  

• An unbiased method. 

More samples are required to 

achieve the representativeness of 

the data. 

(Ng et al., 

2018) 

Similarity 

analysis 

Select samples based on spectral 

similarity by principal component 

analysis; Define the most similar 

samples using searching criteria based 

on the k-nearest neighbours or 

Mahalanobis distance. 

• Project the spectra into low dimensional 

orthogonal variables. 

• Compute and evaluate spectral 
similarity/dissimilarity matrices. 

• Remove irrelevant spectra from a reference set. 

Requires multiple steps. (Nawar and 

Mouazen, 

2018) 

Kennard-Stone Sequentially select samples with the 

largest distance in the soil and plant 

property result data in the training set. 

• Sequential and deterministic procedure.   This algorithm picks extreme 

spectra, producing a good 

calibration for specific soil 

properties, but poor calibration 

for other properties.  

(Kennard and 

Stone, 1969) 

Duplex Like Kennard-Stone, this algorithm 

selects samples from large multivariate 

data. 

• Allows selecting both calibration and validation 

samples that are independent.  

• Can be used when a larger training set is 

desired than a testing set. 

Replicates are divided equally in 

the training and testing set. 

(Snee, 1977) 

OptiSim Optimisable K-Dissimilarity Selection 

adjusts the balance between 

representativeness and diversity in the 

samples. 

• Includes maximum and minimum dissimilarity-

based selection as special cases.  

• Mimic representativeness of selections based 

on hierarchical clustering. 

Requires input parameter 

threshold (ε) which is defined as 

the minimal distance between 

“dissimilar” objects. 

(Clark, 1997) 

K-means 

clustering 

Select samples randomly after 

stratifying into similar groups 

(clusters). 

• Partitions data into clusters with similar 

properties, and then random sampling is used to 

select representative samples from the strata. 

This algorithm does not partition 

the data effectively for a large 

dataset. 

(Ng et al., 

2018) 

conditioned 

Latin 

Hypercube 

Sampling  

Select samples that optimally represent 

the multivariate distribution of the 

input dataset. 

• Stratify samples in presence of ancillary data.  

• Provide a more robust sampling algorithm 

regardless of sampling size. 

Availability of complete 

ancillary information. 

(Minasny and 

McBratney, 

2006) 
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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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Table 2.11 Selected algorithms for predictive modelling using proximal sensor data. 

Model 

types 
Algorithms Definitions Main characteristics Limitations Use in TE assessment References 

Linear Partial least 

squares 

(PLS) 

A method to relate a single soil 

and plant property or a matrix 

of soil and plant properties to 

predictors. 

Maximisation of the 

covariance between the 

latent variables and the 

response. 

Requires a high signal-to-

noise ratio; Risk of 

overlooking “real” 

correlation and sensitivity 

to the relative scaling of the 

descriptor variables. 

For 0.08–1.44 mg Cd/kg 

soil, RMSE value was 

observed below 0.2 mg 

Cd/kg soil using the PLS 

model for vis-NIR and 

MIR. 

(Acharjee, 

2012; Cramer, 

1993; Song et 

al., 2012) 

Non-linear  Support 

vector 

machine 

(SVM)  

A pattern recognition method 

based on statistical learning 

theory, for small non-linear and 

high-dimensional samples. 

Ability to balance between 

accuracy attained on a 

given finite amount of 

training patterns and 

generalise to unknown 

samples. 

Choice of the kernel 

function; speed and size in 

training and testing. 

TE prediction using first-

order derivative pre-

processing and SVM 

regression outperformed 

PLS regression. 

(Chen et al., 

2015; Cunha et 

al., 2020; 

Gholizadeh et 

al., 2015; Patle 

and Chouhan, 

2013) 

Tree- and 

rule-based  

Random 

forest (RF) 

An ensemble learning method 

that combines a bagging 

approach and random selection 

of predictors (wavelengths) to 

construct multiple decision 

trees.  

Each note is split using the 

best among a subset of 

predictors randomly chosen 

at that node, which is a 

robust classifier against 

overfitting.  

 RMSE=0.08 mg/kg soil 

for 0.03–6.79 mg Cd/kg 

soil 

(Chen et al., 

2015; Cipullo et 

al., 2019; 

Minasny et al., 

2013; O'Rourke 

et al., 2016b; 

Thompson, 

2019) 

Model 

fusion 

PLS-SVM PLS latent variables are used as 

input in SVM regression. 

Captures non-linear 

association of 

concentrations with soil 

spectral response 

 This study (Blaschek et al., 

2019; Hong et 

al., 2019) 

RF-SVM RF selected variables important 

for prediction are used as input 

in SVM regression.  

  Not used for TE yet. (Rustam et al., 

2019) 
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extrapolate outside of the input target soil and plant property data range (Douglas et al., 

2019).  

2.4.3.2 Model fusion 

Model fusion (also known as model hybridisation) refers to a combination of two or more 

algorithms, used in a sequence while developing a prediction model (Liu et al., 2021; 

Rustam et al., 2019). Model fusion techniques including PLS–SVM (Bao et al., 2017; 

Blaschek et al., 2019; Hong et al., 2019), partial model tree (Hao et al., 2016), RF–SVM 

(Rustam et al., 2019), penalised spline regression–RF (Chakraborty et al., 2015) have all 

been used for accurate prediction of multiple soil properties (Table 2.11). The PLS-SVM 

combines features of PLS and SVM to predict soil properties. The PLS performs matrix 

decomposition of predictor and target property data to extract latent variables (Bao et al., 

2017) which contributes in (1) reducing data redundancy (Hong et al., 2019), (2) 

removing noise (Blaschek et al., 2019), and (3) reducing matrix interference from soil 

organic matter in XRF spectra. These latent variables can then be used in combination 

with SVM based regression which considers the non-linear relationship between 

predictors and target property (Blaschek et al., 2019). However, the potential of model 

fusion techniques for soil TE prediction remains unexplored (Table 2.11). 

2.4.3.3 Data fusion 

The spectral response detected by one proximal sensor can be expanded by sensor data 

fusion of more than one instrument (e.g., a combination of pXRF, vis-NIR, and MIR, or 

vis-NIR and MIR) to increase predictive accuracy. Data fusion methods can be classified 

as low-, middle-, and high-level fusion (Table 2.12; Xu et al. (2020)). Low-level data 

fusion is achieved through the concatenation of spectral data from two or more proximal 

sensors (Xu et al., 2020). Middle-level fusion involves wavelength selection and 

dimensionality reduction of an individual or multiple sensor data implementing different 

techniques including principal component analysis (PCA), genetic algorithm (search-

based algorithm; based on the concept of natural selection and genetics), variable 

importance in projection (VIP; based on the importance score given to each wavelength 

for prediction of a property in concern) (Table 2.12; Stefansson et al. (2020)). High-level 

fusion is based on outer product analysis, which is defined as a mathematical combination 
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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 Limitations 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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2.4.3.4 Model averaging  

Model averaging is the procedure of combining model outputs based on individual 

sensors into a single prediction model (O'Rourke et al., 2016b). Model averaging allows 

the processing of information from two or more proximal sensors, including their 

associated uncertainty (Abbott, 2014). Model averaging addresses problems such as data 

redundancy, increasing data size, and longer computation time associated with data fusion 

(Abbott, 2014). Granger-Ramanathan model averaging (GRA), Bates-Granger or 

variance weighted averaging (VWA) (O'Rourke et al., 2016b), and Bayesian model 

averaging (BMA) (Xu et al., 2019a) methods have been used to predict TE concentrations 

in soils (Table 2.13). In one study, the synergistic use of vis-NIR, MIR, and pXRF through 

GRA model averaging resulted in the improved predictive accuracy of soil TE 

concentration when compared with the output of the individual proximal sensors (Table 

2.13; O'Rourke et al. (2016a)). Model averaging improves predictive accuracy and 

robustness (Abbott, 2014). It is achieved by combining multiple models into a single 

prediction by reducing (1) the dominance of a single model in the final predictions and 

(2) the likelihood of aberrant prediction (O'Rourke et al., 2016b). However, in all reported 

studies the level of improvement was limited due to the inclusion of sensors generating 

indirect methods of prediction relying on outputs from the models developed using a 

linear or non-linear algorithm (O'Rourke et al., 2016a; O'Rourke et al., 2016b; Pozza et 

al., 2020; Xu et al., 2020; Xu et al., 2019a).  

Granger-Ramanathan model averaging method uses the ordinary least squares 

combination method to estimate the weights and the intercept for the combination of 

predictions (Granger and Ramanathan, 1984). The TE concentration can be calculated as 

multiple linear equations for y after GRA according to Equation 1: 

yGRA = b + ∑ (𝑊𝑖 +𝑖
1 𝑋𝑖)        (1) 

Where b is the intercept and Wi is the combination weight given to the individual model 

predictions Xi based on ith sensor (pXRF, vis-NIR, and/or MIR) in the model averaging 

algorithm.  
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Table 2.13 Main features and limitations of selected model averaging techniques for 

predictive modelling using proximal sensing techniques. 

Model 

averaging 

methods 

Main features 

Proximal 

sensing 

techniques  

Use in TE 

assessment  
Limitations References 

Granger 

Ramanathan 

model 

averaging 

Ordinary least 

squares are used to 

solve the weight of 

the sensor 

outcomes. 

pXRF, vis-

NIR, MIR 

For As, 

RMSE of 3.68 

mg/kg 

compared to 

5.25 mg/kg 

using pXRF. 

 

The level of 

improvement is 

limited by the 

algorithm used 

to develop the 

prediction 

model. 

(O'Rourke et al., 

2016a) 

pXRF, vis-NIR For Cr, RMSE 

of 10.33 

mg/kg 

compared to 

12.19 mg/kg 

using pXRF. 

(O'Rourke et al., 

2016b) 

(Pozza et al., 2020; 

Xu et al., 2020) 

      

Bayesian model 

averaging 

Considers the 

uncertainty of the 

model itself. 

pXRF, vis-

NIR, MIR 

Similar 

performance 

as GRA. 

Compared to 

GRA, 

complexity in 

the algorithm. 

This study 

      

Variance 

weighted 

averaging 

Assumes that the 

variances from 

each model 

outcome are 

uncorrelated. 

pXRF, vis-NIR For cobalt, 

RMSE of 2.05 

mg/kg 

compared to 

2.91 using vis-

NIR. 

Underperforme

d compared to 

GRA 

(O'Rourke et al., 

2016b) 

 

 

The Bayesian model averaging (BMA), a linear model, posterior distribution (p) of the 

final TE concentration (𝑦𝐵𝑀𝐴) can be expressed as Equation 2 (Clyde, 1999): 

p(yBMA|ymeasured) =  ∑ pi
1 (yBMA|ymeasured, yi)p(yi|ymeasured)      (2) 

Where 𝑦𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑  is the measured TE concentration, and 𝑦𝑖 is the TE concentration output 

given by the prediction model based on the ith proximal sensor (pXRF, vis-NIR and/or 

MIR) for the 𝑦𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑  concentration.  

BMA posterior distribution of 𝑦𝐵𝑀𝐴 is a weighted average of the posterior distribution of 

𝑦𝐵𝑀𝐴 under each of the sensors, weighted by their posterior model probabilities. The 

posterior model probability of 𝑦𝑖 is expressed as Equation 3 (Clyde, 2020):  

p(yBMA|ymeasured) =  
p(ymeasured|yi)p(yi)

∑ pn
i=1 (ymeasured|yi)p(yi)

         (3) 



40 

 

where 𝑝(𝑦𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑|𝑦𝑖) is the integrated likelihood of 𝑦𝑖 which can be calculated by JZS 

prior distribution for regression coefficients (Clyde, 2020). 

2.4.3.5 Memory based learning algorithms 

Memory based learning (MBL) algorithms use single regression algorithms to develop 

prediction model specific to each sample (Shenk et al., 1997). These algorithms including 

locally weighted regression (Naes et al., 2002), LOCAL (Shenk et al., 1997), SBL 

(Ramirez-Lopez et al., 2013), and RS-LOCAL (Lobsey et al., 2017), are implemented to 

quantify local sample soil properties using a spectral library (Ng et al., 2022b). The 

method of selection of SSL subset to predict the property of a new sample may differ as 

per MBL algorithm. To select calibration samples, the LOCAL algorithm uses 

Mahalanobis distance, whereas in SBL distance matrices calculated in the principal 

component space is used (Ramirez-Lopez et al., 2013; Shenk et al., 1997).  

2.4.4 Identifying spectral regions of importance for Cd 

prediction 

Both PLS loadings and variable importance in projection (VIP) scores given to 

wavelengths in the optimal prediction model show relevance of the specific spectral 

regions to assess the association of target soil or plant property (e.g., Cd concentration) 

with matrix components (e.g., soil organic matter or plant cell structure). PLS loadings 

define the linear combination of the predictors that maximises covariance with the target 

property (Kuhn and Johnson, 2013). To determine PLS loadings, first PLS determines 

underlying (latent) relations among predictors (sensor data), which are highly correlated 

to the target property (Kuhn and Johnson, 2013). This relationship is numerically 

summarised as a vector of weights also known as a “direction”. Then, predictor data are 

orthogonally projected onto the “direction” to generate scores. The scores are then used 

to generate loadings, which measure the correlation of the score vector to the original 

predictors.  

PLS VIP scores summarise the influence of the individual wavelength on the PLS model. 

The VIP scores are calculated as the weighted sum of squares of the PLS weights, which 

consider the amount of explained target property (e.g., Cd concentration) variance in each 
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extracted latent variable (Farrés et al., 2015). The scores can be scaled to have a maximum 

value of 100 for ease of understanding (Kuhn et al., 2021). 

2.4.5 Performance statistics assessing quantitative predictive 

models  

The predictive accuracy of constructed models can be assessed and compared using a 

combination of several performance statistics: root mean square error (RMSE, Equation 

(4)), normalised RMSE (nRMSE, Pullanagari et al. (2016); Equation (5)), coefficient of 

determination (R2, Equation (6)), ratio of performance to interquartile distance (RPIQ; 

Bellon-Maurel et al. (2010); Equation (7)), Lin’s concordance correlation coefficient 

(CCC; Lin (1989); Equation (8)), and bias (Equation (9)). 

RMSE = predicted – measured = √
∑ (y

i 
– xi)

2n
i=1

n
       (4) 

𝑛𝑅𝑀𝑆𝐸 =  
𝑅𝑀𝑆𝐸

𝑀𝑒𝑎𝑛
            (5) 

R2 = 1 – 
Sum of squareresidual

Sum of squaretotal

=1 – ∑
(xi – y

i
)

2

(y
i
 – µ

y
)

2
n
i=1             (6) 

RPIQ = 
Q3– Q1

RMSE
             (7) 

CCC =  
2rsxsy

sx
2 + sy

2  + (µx – µy)
2           (8) 

Bias =  
∑ (yi – xi)n

i=1

n
            (9) 

For a dataset of n samples, 𝑥𝑖 is a measured TE concentration of the ith sample with an 

associated predicted value yi, µ𝑥 is the mean value for measured concentrations and µ𝑦 is 

the mean value for predicted concentrations; and 𝑠𝑥
2 and 𝑠𝑦

2 are the corresponding 

variances. In Equation (7), Q1 and Q3 are the first and third quartile values of measured 

TE concentrations. In Equation 8, 𝑟 is the correlation coefficient between the measured 

and predicted TE concentrations.  

Among statistical parameters, RMSE shows overall accuracy of the prediction model 

whereas Bias measures systematic error in the predictions made by the model. Both 
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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 libraries 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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LOCAL algorithm could potentially be applied to assess low Cd concentrations using a 

large SSL.  

 

Table 2.14 Selected references quantifying local soil properties using soil spectral 

libraries (SSLs). 

Soil 

properties  
SSLs (size) 

Local 

samples (size) 
Algorithms  

RMSE 

(g/kg) 
R2 References 

vis-NIR       

Soil 

organic 

carbon 

NRCS1, US 

global 

spectra 

database 

(4184) 

Uganda 

catchment 

area (1845) 

Boosted 

Regression 

Trees (BRT) 

 

2.6 

0.55 (Brown, 

2007) 

Montana, 

USA 

(225,52,54) 

PLS 3.8, 6.7, 

26.2 

0.89 (Sankey et 

al., 2008) 

European 

continental 

dataset (529) 

Hessleskew 

(122); Hagg 

(149) 

Multivariate 

Adoptive 

Regression 

Splines 

(MARS) 

 

0.6 

0.98 (Nawar and 

Mouazen, 

2017b) 

European 

Continental 
dataset 

(LUCAS2) 

(19969) 

Part of 

LUCAS as a 
local library 

PLS 3.6 0.84 (Nocita et al., 

2014) 

Sweden 

(396) 

Four farms 

(81, 94, 103, 

112) 

PLS 1.9–4.4  0.72–

0.87 

(Wetterlind 

and Stenberg, 

2010) 

China 

Zhejiang 

Province 

(714) 

Shoxing city 

(60), Jinhua 

city (66) 

PLS 1.88–2.10 0.86–

0.90 

(Li et al., 

2020) 

France 

(2126) 

Le Peyne 

catchment 

(144) 

fast Fourier 

transform 

local 

weighted 

(FFT-LW) 

3.2 0.5 (Gogé et al., 

2014) 

 Global SSL 

(17928) 

Australian 

farm (599), 

New Zealand 

farm (285) 

PLS 0.48 

(Australian 

farm); 1.16 

(New 

Zealand 

farm) 

0.78–

0.84 

(Kuang and 

Mouazen, 

2013) 

Total 

nitrogen 

Spain (1040) 4 sites 

(44,91,80,45) 

PLS <0.80 >0.90 (Guerrero et 

al., 2010) 

MIR       

Soil 

carbon 

fractions 

US National 

dataset 

(14000) 

Australian 

dataset (565) 

Local PLS 1.37 0.89 (Sanderman 

et al., 2021) 

Total 

carbon 

Africa Soil 

information 

services 

(1902) 

Central Africa 

(80) 

Memory 

based 

learning 

(MBL) 

0.02 0.79 (Summerauer 

et al., 2021) 

1NRCS=National Resources Conservation Service 
2LUCAS=Land Use and Coverage Area frame Survey 
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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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scale SSLs have been used to quantify soil properties, including soil carbon, at a local 

scale (Nocita et al., 2014), and these can be further developed for Cd quantification at a 

farm scale. With farm-scale Cd concentration quantified, a site-specific Cd management 

strategy can be implemented effectively. This would be of significant benefit to the 

ongoing performance of the TFMS to manage Cd levels in New Zealand agricultural soils. 

In comparison, reflectance spectra (vis-NIR, MIR) will only generate indirect information 

about TE concentration as these techniques detect the association of TE with spectrally 

active soil components (e.g., soil organic matter, Al–, Fe–, and Mn–containing minerals) 

(Sections 2.3.2 and 2.3.3; Wu et al. (2010)). Studies on the predictive performance of 

individual proximal sensors (pXRF, vis-NIR and/or MIR sensor) have mainly focused on 

contaminated soils with elevated TE concentrations (Caporale et al., 2018; Kemper and 

Sommer, 2002; Reeves III and Smith, 2009) and TE prediction accuracy can be improved 

by implementing chemometric approaches including model fusion techniques, such as 

PLS-SVM to reduce noise, outlier influence, and high dimensionality overfitting effect, 

and capture non-linear relation between TE concentrations and spectra (Section 2.4.3.2; 

Bao et al. (2017); Hong et al. (2019); Blaschek et al. (2019)). The pXRF can be combined 

with reflectance spectroscopy techniques (vis-NIR and/or MIR) either by data fusion 

(Section 2.4.3.3) or model averaging (Section 2.4.3.4) for improved prediction (Li et al., 

2021; O'Rourke et al., 2016b; Xu et al., 2020).  

The use of proximal sensors to assess total soil Cd, Cd fractions (especially Cd present in 

fractions available for plant uptake) and plant Cd concentrations can directly contribute 

to the aim of TFMS to reduce further Cd accumulation in New Zealand agricultural soils 

and the subsequent risks to the food chain through plant Cd uptake (CWG, 2011). The 

contribution of both total soil Cd and Cd fractions to plant uptake varies as a function of 

edaphic and environmental factors, and plant characteristics (Sections 2.1.2 and 2.1.5; 

Gray et al. (1999b); Stafford et al. (2018c)). Studies have been conducted to quantify soil 

TE fractions using vis-NIR sensors (Chakraborty et al., 2017; Cipullo et al., 2019), 

whereas MIR or pXRF sensor could also potentially ease assessing TE fractions. In the 

case of measuring plant Cd, pXRF or vis-NIR has been used to quantify plant TE (e.g., 

Cd, Fe, Mn, Pb, Zn) at toxic concentrations and that induce stress in plants (Feng et al., 

2019; McGladdery et al., 2018). There is a research opportunity to investigate whether 

proximal sensing could predict Cd concentration in plant samples (e.g., chicory roots and 

aboveground biomass; chicory is an important forage herb in New Zealand (Stafford et 
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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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Chapter 3  

Quantification of multiple soil trace elements by 

combining portable X-ray fluorescence and 

reflectance spectroscopy 

 

A manuscript from this Chapter has been published in the journal Geoderma: 

Shrestha, G.; Calvelo-Pereira, R.; Roudier, P.; Martin, A.P.; Turnbull, R.E.; Kereszturi, 

G.; Jeyakumar, P.; Anderson, C.W.N. 2022. Quantification of multiple soil trace elements 

by combining portable X-ray fluorescence and reflectance spectroscopy. Geoderma 409, 

115649. https://doi.org/10.1016/j.geoderma.2021.115649  

 

Abstract 

Several combinations of proximal sensors, pXRF, vis-NIR, and MIR spectroscopy were 

assessed to quantify multiple soil TE with reliable accuracy. A total of 622 topsoil 

samples (0–20 cm depth) collected at a regular 8 km spacing across southern New 

Zealand were analysed for TE concentrations by a reference laboratory method and 

scanned using pXRF, vis-NIR, and MIR. The laboratory results and spectral information 

were used to develop robust models which enabled the prediction of soil concentrations 

of arsenic (As), cadmium (Cd), chromium (Cr), copper (Cu), mercury (Hg), nickel (Ni), 

lead (Pb), and zinc (Zn). Chemometric approaches including spectral data fusion, PLS-

SVM model fusion, and model averaging were tested to obtain optimal quantitative TE 

predictions in the samples. Validation of PLS-SVM based models on held-out samples 

showed the combination of pXRF and MIR performed optimally for predicting As, Cr, 

and Pb concentrations with CCC of 0.97 and RMSE of 0.57 mg As/kg, 1.14 mg Cr/kg, 

and 1.05 mg Pb/kg, respectively. Fusion of pXRF and vis-NIR data performed optimally 

for quantifying Cu, Ni, and Zn concentrations with CCC of 0.98 and RMSE of 1.09 mg 

https://doi.org/10.1016/j.geoderma.2021.115649


50 

 

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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and time demanding (Nocita et al., 2015). Given the importance of TE monitoring such 

as Cd monitoring under the TFMS implemented as a part of the cadmium management 

strategy (CMS) in New Zealand (CWG, 2011), the use of proximal sensors has been 

proposed as an alternative soil TE testing procedure (Shepherd and Walsh, 2002), and 

success has been reported for measuring As, Cd, Cr, Pb, and Zn in contaminated soils 

(Cheng et al., 2019; Niazi et al., 2015; Xu et al., 2019b).  

The current study investigated three proximal sensing techniques, pXRF, vis-NIR, and 

MIR. The pXRF measures TE concentrations directly, while vis-NIR and MIR quantify 

TE based on their relationship with spectrally active soil components (e.g., soil organic 

matter and Al–, Fe–, and Mn–containing minerals) (Lemière, 2018; Soriano-Disla et al., 

2014; Wu et al., 2010). The effectiveness of pXRF as an analytical tool is based on (1) 

the built-in calibration model developed using spectral response of the limited 

concentrations range and standard matrices or (2) analysis of the raw spectra with 

chemometric methods (O'Rourke et al., 2016a) and the application of pXRF to quantify 

TE in the soil is constrained by (1) detection limits rarely approaching those of laboratory-

based techniques and (2) soil matrix interferences due to soil moisture content, soil 

organic matter, and particle size distribution (Padilla et al., 2019; Ravansari and Lemke, 

2018; Rouillon and Taylor, 2016). Therefore, there are challenges associated with the use 

of pXRF to estimate multiple TE at low (background) concentrations. Interferences can 

be overcome by combining pXRF spectra with vis-NIR and/or MIR spectra using 

chemometric methods (data fusion or model averaging). These approaches are 

traditionally employed one technique at a time and/or with a focus on an individual TE 

(e.g., Cu or Pb) (O'Rourke et al., 2016b; Pozza et al., 2020). 

The simple concatenation of raw spectra from different sensors causes data redundancy, 

limiting improvements in predictive accuracy (Liu et al., 2021; O'Rourke et al., 2016a; 

Soriano-Disla et al., 2014). Wavelength selection, dimensionality reduction, and spectra 

exploration methods (e.g., principal component analysis, outer product analysis) have 

been used to combine multiple sensor data (Benedet et al., 2020; Javadi et al., 2021) for 

improved TE prediction in contaminated sites (Gholizadeh et al., 2021; Xu et al., 2020). 

Alternatively, PLS performs matrix decomposition on the spectral and concentration data 

to extract latent variables (reducing noise) (Blaschek et al., 2019). These latent variables 

can then be used in combination with SVM based non-linear regression, which has been 

successfully implemented to quantify soil properties such as organic matter content and 
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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). 
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3.2.2 Sample preparation 

Air-dried sub-2 mm representative subsamples were scanned using three proximal 

sensing techniques: pXRF, vis-NIR, and MIR (Section 2.3). For pXRF, a cylindrical 

plastic cup 22 mm height by 14 mm in diameter was filled with air-dried, sub-2 mm soil 

and covered with a 4 µm thick polypropylene transparent film (Fig. 2.4a-f). For vis-NIR, 

soil samples were scanned in triplicate. For MIR, soil samples were milled using a Retsch 

mortar grinder (RM200, Germany) for 30 seconds. Homogenised, finely-ground samples 

(four replicates per sample) were placed in an aluminium plate with 48 wells and vertical 

gutters in-between lines of 8 wells (Fig. 2.4m).  

3.2.3 Spectral data collection and pre-processing  

An Olympus Vanta C series pXRF spectrometer containing a rhodium anode was used to 

measure XRF spectra (0–40 keV) in Geochem mode (2 beams) (Fig. 2.4e). This 

instrument reaches 40 keV while in operation for beam 1 and 9.98 keV for beam 2. Beam 

1 is set for quantifying “heavy elements” including As, Cd, Cr, Cu, Fe, Hg, Ni, Pb, and 

Zn concentrations. Beam 2 is to quantify “light elements” including Al concentrations. 

The silicon drift detector has the expected resolution of 133 eV, recording fluorescence 

response for 2048 wavelengths. A stainless-steel alloy chip was used to check the built-

in calibration of the pXRF instrument. To assess the concentration measurement 

performance of the built-in pXRF calibration, a standard reference material (SRM) 

SRM2711a of the National Institute of Standards and Technology was scanned every 20 

samples (Fig. 2.4a). The average recovery was calculated using the equation (pXRF 

measurement/SRM reference value [recovery]) for each TE (Weindorf and Chakraborty, 

2020). Recovery of TE concentrations in SRM2711a were As [0.78], Cd [1.00], Cr [2.25], 

Cu [1.09], Hg [1.73], Ni [1.39], Pb [0.97], and Zn [1.02]. Built-in calibration for the pXRF 

instrument has detection limits of 2 mg As/kg, 5 mg Cd/kg, 15 mg Cr/kg, 5 mg Cu/kg, 1 

mg Hg/kg, 5 mg Ni/kg, 3 mg Pb/kg, and 3 mg Zn/kg soil (Table 2.6). Exposure time for 

beam 1 and beam 2 was 60 seconds each, with measurements taken once per sample. For 

this study, beam 1 raw spectra were used after removing the first 24 wavelengths data 

with zero spectral response values. The TE concentrations reported by the built-in pXRF 

calibration model were also exported for comparison.  
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An ASD FieldSpec 3 spectroradiometer (Analytical Spectral Devices Inc., Boulder, 

Colorado, USA) fitted with a contact probe containing a 4.5 W halogen bulb as a light 

source was used to record the vis-NIR spectral response of the prepared soil samples 

between 350 and 2500 nm (Fig. 2.4j). The instrument was calibrated using a Spectralon 

white reference panel after every ten spectra measurements, using a procedure described 

by Blaschek et al. (2019) (Fig. 2.4g). The reflectance spectra recorded for each scan were 

an average of 50 internal readings within the scanning period. Reflectance spectra were 

then imported into the R statistical environment (R Core Team, 2021). Pre-processing of 

the spectra included splice correction to remove the artefactual steps occurring at the 

interface between the three detectors covering the instrument spectral range. The noisiest 

part of the spectra (350 to 399 nm) was also discarded. The resulting reflectance spectra 

were then transformed to pseudo-absorbance using the log10 (1/R) formula, where R is 

the reflectance, then derived and smoothed using a Savitzky-Golay filter (first-order 

derivative, window size of nine and second-order polynomial) (Savitzky and Golay, 

1964).  

A Fourier-transform infrared spectrometer (Vertex 70, Bruker, Germany) equipped with 

a microplate reader extension for high throughput screening infrared spectroscopy 

equipment (HTS-XT, Tensor II, Bruker, Germany) was used to record MIR spectral 

response (Fig. 2.4n). The spectral range of the instrument covers 7498–600 cm-1 (i.e., 

1333–16666 nm). Liquid nitrogen was refreshed at the start of each session and the 

instrument was tested for performance qualification via the OPUS validation programme 

using a validation plate (Fig. 2.4l). Quality control was performed by scanning a 

permanent standard gold sample embedded in the microtiter plate (Fig. 2.4m) along with 

three organic-rich mineral reference soil samples on each plate. Raw MIR spectra (3578 

wavelengths) were exported using OPUS Lab version 7 software (Bruker, Germany), then 

derived and smoothed using a Savitzky-Golay filter (first-order derivative, window size 

of nine and second-order polynomial) (Savitzky and Golay, 1964).  

The Mahalanobis distance was used to remove outliers from the concatenated spectral 

dataset. Subsequently, the Kennard-Stone sampling method (Table 2.9) was used to 

separate the dataset into a training set (80%) and a testing set (20%), independently for 

each TE (Kennard and Stone, 1969). These same training and testing sets were maintained 

for prediction model development using three proximal sensors, data fusion, model 
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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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3.2.5 Combined use of proximal sensors data 

Proximal sensors’ data were combined either through spectral data fusion (Section 

2.4.3.3) or model averaging (Section 2.4.3.4). Spectral data fusion was done by 

concatenating the spectral data of the proximal sensors tested. Two methods of model 

averaging were tested, BMA (Clyde, 1999) as implemented in the R package BAS (Clyde, 

2020) and GRA (Granger and Ramanathan, 1984) as implemented in the R package 

GeomComb (Weiss and Roetzer, 2016).  

3.2.6 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 (Section 2.4.5). These parameters were calculated using the R package spectacles 

(Roudier, 2021). Statistical summaries and correlations were calculated and tabulated for 

the soil TE and spectrally active soil components using R packages psych (Revelle, 2021) 

and Hmisc (Harrell and DuPont, 2021).  

3.3 Results 

3.3.1 Concentrations of soil TE and spectrally active soil 

components  

The total concentrations of soil As, Cd, Cr, Cu, Hg, Ni, Pb, Zn, and selected spectrally 

active soil components Al, C, and Fe are summarised in Table 3.1. The mean 

concentrations of TE were 4.86 mg As/kg, 0.08 mg Cd/kg, 13.81 mg Cr/kg, 13.68 mg 

Cu/kg, 0.05 mg Hg/kg, 8.95 mg Ni/kg, 12.93 mg Pb/kg, and 48.95 mg Zn/kg soil (Table 

3.1). The TE concentrations were in general positively skewed, with Cd being the most 

skewed TE in the training set (skewness=2.35), and Cr the most skewed TE in the testing 

set (skewness=3.22; Table 3.1). Mean concentrations of spectrally active soil components 

were 16.52 g Al/kg, 42.41 g C/kg, and 21.37 g Fe/kg soil (Table 3.1). 
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Table 3.1 Statistical summary of total soil concentrations of TE (As, Cd, Cr, Cu, Hg, Ni, 

Pb, and Zn) and spectrally active soil components (Al, C, and Fe) in training and testing 

sets. 

Parameters 
As Cd Cr Cu Hg Ni Pb Zn  Al C Fe 

mg/kg  g/kg 

Training set    

Number of samples 488 490 496 491 491 493 494 489  490 480 495 

Minimum 0.30 0.01 3.50 1.24 0.00* 0.80 2.93 4.80  1.20 1.30 3.10 

1st Quartile 2.70 0.03 9.40 7.97 0.03 5.60 9.97 32.80  12.13 28.38 16.40 

Median 4.40 0.05 12.10 12.50 0.04 8.20 12.64 47.60  15.30 40.45 21.50 

Mean 4.91 0.07 13.94 14.16 0.05 9.25 13.19 48.61  16.95 43.29 22.07 

3rd Quartile 6.40 0.10 16.30 18.30 0.07 11.90 15.82 63.80  20.20 52.85 26.75 

Maximum 16.40 0.56 44.50 55.16 0.20 31.20 34.28 105.20  52.80 118.30 49.00 

Skewness 1.05 2.35 1.54 1.46 1.38 1.33 0.88 0.26  1.54 0.93 0.49 

Testing set             

Number of samples 124 124 124 122 113 118 120 118  118 120 124 

Minimum 1.00 0.01 3.10 1.56 <0.01* 1.00 4.39 6.50  4.40 9.30 5.10 

1st Quartile 2.70 0.05 9.45 7.62 0.03 5.70 9.01 37.15  11.55 31.28 14.10 

Median 3.95 0.07 11.85 11.10 0.05 7.30 11.43 48.50  13.85 37.40 17.95 

Mean 4.67 0.09 13.30 11.73 0.05 7.73 11.88 50.35  14.71 38.88 18.58 

3rd Quartile 5.60 0.12 15.32 15.05 0.07 9.95 14.18 61.15  17.23 46.30 22.23 

Maximum 20.80 0.43 60.20 25.56 0.13 17.50 26.28 95.20  28.70 77.70 40.40 

Skewness 2.24 1.92 3.22 0.58 0.63 0.54 0.94 0.23  0.78 0.32 0.57 

*Minimum Hg concentration reported was 0.0025 mg Hg/kg soil. 

 

The correlations among TE and spectrally active soil components (Al, C, and/or Fe) are 

shown in Table 3.2. Correlations were significant (p<0.001) and positive between Cr and 

Cu (r=0.55), Cr and Ni (r=0.72), Cu and Ni (r=0.72), Cu and Zn (r=0.69), and Ni and Zn 

(r=0.70) (Table 3.2). Among TE, Cd and Cr had a significant positive correlation (p<0.01, 

r>0.10) with Al, C, and Fe concentrations (Table 3.2). Arsenic, Ni, Pb, and Zn had a 

significant negative correlation (p<0.05, r>−0.07) with C concentrations (Table 3.2). 

Correlations between TE and spectrally active components were significant (p<0.001) 

positive for Cr and Cu with Al (r>0.50), Hg with C (r=0.56) and Cr, Cu, Ni, and Zn with 

Fe (r>0.60; Table 3.2). 
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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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For Cd and Hg, the best prediction results were obtained using GRA to average model 

outputs based on PLS-SVM regression of pXRF, vis-NIR, and MIR independently (Fig. 

3.3c, Appendix 3.2). These optimal models for Cd and Hg performed well, with CCC of 

>0.80 and RMSE of 0.03 mg Cd/kg and 0.01 mg Hg/kg, respectively (Fig. 3.3c, Appendix 

3.2). An examination of pXRF, vis-NIR, and MIR combination weights using GRA for 

Cd were 0.24, 0.99, and 0.27, respectively. For Hg, pXRF, vis-NIR, and MIR combination 

weights using GRA were 0.39, 0.40, and 0.22, respectively. When BMA was used instead 

of GRA, the performance of models estimating Cd and Hg was similar to or lower than 

the performance of GRA, for the same combinations (Appendix 3.2). Notably, Cd and 

Hg concentrations predicted are low (Table 3.1), which can explain the relatively inferior 

model performance compared to other TE (Appendix 3.2). 

3.3.3 Comparison of optimal prediction models with the built-

in pXRF calibration to quantify TE 

The best models quantifying multiple TE outperformed the direct quantification from the 

built-in pXRF calibration (Fig. 3.3). The built-in pXRF calibration performed with poor 

accuracy (i.e., non-optimal RMSE, CCC, and RPIQ) for most TE except Pb (Fig. 3.3; 

Appendix 3.5). For Pb, the built-in pXRF calibration performed well (RMSE=2.46 mg 

Pb/kg), with relatively high CCC (0.81), and RPIQ (2.10; Fig. 3.3a; Appendix 3.5). For 

predicting As, Cr, Cu, Ni, and Zn, the built-in pXRF calibration showed poor accuracy 

with high RMSE, non-optimal CCC, and RPIQ (Figs 3.3a and 3.3b; Appendix 3.5). Built-

in pXRF calibration did not quantify Cd and Hg due to their concentrations being below 

the detection limit of the pXRF instrument (5 mg Cd/kg, 1 mg Hg/kg; Fig. 3.3c; Appendix 

3.5). 

3.3.4 Important wavelengths for TE prediction 

The PLS loadings highlighted the relative importance of certain spectral regions, and 

these areas contributed to explain the performance of a particular prediction model (Fig. 

3.4). For As, Cr, and Pb, loadings showed the importance of the 3700–3000 cm-1 region 

(Al– and Fe–containing minerals) and 2130–1700 cm-1 region (metal–carbonyl (–CO)) 

of the MIR spectra (Fig. 3.4a; Appendix 2.3). For As, Cr, and Pb, the region of 6.40 keV  
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Fig. 3.4 PLS loadings for the first (black line) and second (grey line) latent variables in 

the optimal models using PLS-SVM model fusion with inputs from combinations of 

sensors: a) spectral data fusion of pXRF + MIR for As, Cr and Pb, b) spectral data fusion 

of pXRF + vis-NIR for Cu, Ni, and Zn, and c) GRA of PLS-SVM model outputs based 

on pXRF, vis-NIR, and MIR for Cd and Hg. The shaded areas in the vis-NIR region: i) 

soil colour, iron oxides, and soil organic matter (400–850 nm), ii) minerals (1300–1450 

nm), iii) Al– and Fe–containing minerals and soil organic matter (1800–2000 nm), and 

iv) Al– and Fe–containing minerals and soil organic matter (2200–2500 nm); in the MIR 

region: v) Al– and Fe–containing minerals (3700–3000 cm-1), vi) alkyl (2929–2855 cm-

1), vii) metal–carbonyl (2130–1700 cm-1), and viii) quartz (1100–1000 cm-1); and in the 

XRF region: ix) Al (1.48 keV) and x) Fe (6.40 keV). 
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(Fe) of XRF spectra was also important (Fig. 3.4a). For Cu, Ni, and Zn, several areas of 

vis-NIR spectra: 400–850 nm region (iron oxides and soil organic matter), 1300–1450 

nm (Al– and Fe–containing minerals), and 1800–2000 nm (Al– and Fe–containing 

minerals and soil organic matter) as well as 6.40 keV (Fe) of XRF spectral region were 

highlighted as important (Fig. 3.4b; Table 2.6; Appendix 2.1). For Cd and Hg, a larger 

suite of wavelengths was used (Fig. 3.4c). These were in the visible (400–850 nm, iron 

oxides and soil organic matter), the near-infrared (1300–1450 nm, Al– and Fe–containing 

minerals; 1800–2000 nm, Al– and Fe–containing minerals and soil organic matter), the 

mid-infrared (3700–3000 cm-1, Al– and Fe–containing minerals and soil organic matter; 

2929–2885 cm-1, alkyl (–CH3); 2130–1700 cm-1, metal–carbonyl (–CO)), and the XRF 

(1.48 keV, Al and 6.40 keV, Fe) regions of the electromagnetic spectrum (Fig. 3.4c; Table 

2.6; Appendices 2.1 and 2.3). 

3.4 Discussion 

3.4.1 Performance of the built-in pXRF calibration to quantify 

TE 

The built-in internal calibration of the pXRF instrument performed well for Pb, but poorly 

for the other TE (Fig. 3.3, Appendix 3.5). These results are in agreement with those of 

O'Rourke et al. (2016a), who also found fair accuracy in predicted Pb concentration, but 

poor accuracy for As, Cr, and Cu using the built-in pXRF calibration in Irish soils. For 

Zn, all soil concentration values were above the limit of detection by >3 mg Zn/kg; 

however, the built-in pXRF calibration still overestimated Zn concentration (mean of 

72.51 mg Zn/kg versus 50.35 mg Zn/kg) than reference laboratory results (Fig. 3.3; Table 

3.1; Appendix 3.5). This result is in agreement with Schneider et al. (2016) and O'Rourke 

et al. (2016a). Built-in pXRF calibration can successfully quantify some TE (e.g., Pb), 

whereas when measuring other TE at low concentrations, the pXRF should be recalibrated 

with local samples to yield accurate results. 
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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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Table 3.3 Comparison of optimal TE prediction models from this study with the selected previous studies. 

Proximal sensing techniques Chemometric methods TE 
Min. Mean Max.  Area  No. of 

samples 
Skewness 

RMSE 
R2 CCC RPIQ References 

mg/kg km2 mg/kg 

pXRF + vis-NIR  OPA Cubist As 0.20 12.45 37.37  1831 301 1.13 3.51 – 0.82 2.70 (Xu et al., 2020) 

pXRF, vis-NIR, MIR Cubist GRA 0.70 10.10 51.60  84,000 322 2.50 3.68 0.53 – 0.59 (O'Rourke et al., 2016a) 

pXRF + MIR PLS-SVM  0.30 4.86 20.80  40,000 612 1.60 0.57 0.94 0.97 5.04 This study 

pXRF + vis-NIR  OPA Cubist Cd 0.09 0.42 2.35  1831 301 2.70 0.15 – 0.82 1.39 (Xu et al., 2020) 

pXRF, vis-NIR, MIR Cubist GRA 0.01 0.60 5.00  84,000 322 2.70 0.41 0.35 – 0.56 (O'Rourke et al., 2016a) 

pXRF, vis-NIR, MIR PLS-SVM GRA 0.01 0.08 0.56  40,000 614 1.29 0.03 0.73 0.84 2.17 This study 

pXRF + vis-NIR Cubist Cr 9.87 43.54 95.62  1831 301 0.00 8.04 – 0.86 2.97 (O'Rourke et al., 2016a) 

pXRF, vis-NIR Cubist GRA 6.40 49.48 221.70  84,000 322 – 10.33 0.77 0.86 1.02 (O'Rourke et al., 2016b) 

pXRF + MIR PLS-SVM  3.10 13.86 60.20  40,000 620 2.25 1.14 0.94 0.97 4.45 This study 

TXRF + MIR RF Cu 0.001 2.00 24.00  100 700 – 2.10 0.57 – 1.09 (Towett et al., 2015b) 

pXRF, vis-NIR Cubist GRA 2.90 23.15 85.70  84,000 322 – 6.23 0.85 0.91 1.19 (O'Rourke et al., 2016b)) 

pXRF + vis-NIR PLS-SVM  1.24 13.68 55.16  40,000 613 1.97 1.09 0.96 0.98 6.81 This study 

pXRF, vis-NIR Cubist GRA Ni 4.38 20.76 51.97  1831 301 0.38 3.72 – 0.89 3.42 (Xu et al., 2020) 

pXRF, vis-NIR, MIR Cubist GRA 1.70 24.30 176.00  84,000 322 2.70 9.76 0.80 – 0.65 (O'Rourke et al., 2016a) 

pXRF + vis-NIR PLS-SVM  0.80 8.95 31.20  40,000 611 1.40 0.63 0.96 0.98 6.71 This study 

pXRF, vis-NIR Cubist GRA  Pb 3.20 143.20 2305.00  500 405 4.70 86.40 – 0.95 0.37 (Pozza et al., 2020) 

pXRF + vis-NIR OPA Cubist 0.78 23.35 169.45  1831 301 3.90 11.09 – 0.72 1.20 (Xu et al., 2020) 

pXRF, vis-NIR, MIR Cubist GRA 5.20 29.80 123.00  84,000 322 1.90 11.19 0.59 – 0.52 (O'Rourke et al., 2016a) 

pXRF + MIR PLS-SVM  2.93 12.93 34.28  40,000 614 0.92 1.05 0.93 0.97 4.94 This study 

TXRF + MIR RF Zn 0.001 2.00 37.00  100 700 – 4.30 0.08 – 0.28 (Towett et al., 2015b) 

pXRF, vis-NIR Cubist GRA 16.00 76.63 240.60  84,000 322 – 19.73 0.73 0.84 0.94 (O'Rourke et al., 2016b)) 

pXRF + vis-NIR PLS-SVM  4.80 48.95 105.20  40,000 607 0.25 3.90 0.96 0.98 6.15 This study 
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Taken individually, pXRF spectra as input for PLS-SVM outperformed both vis-NIR and MIR 

to quantify As, Cr, Pb, Cu, Ni, and Zn, due to the direct relation of pXRF spectral response 

with TE concentrations above the limit of detection (Appendix 3.2; Padilla et al. (2019)). For 

Cd with concentrations below the limit of detection, using vis-NIR spectra outperformed pXRF 

as input for PLS-SVM (Appendices 3.2 and 3.3). The pXRF predictions below the detection 

limit deviated from the measured values due to the overlapping of low-intensity L-line spectral 

response of Cd by strong K-line spectral response of the soil matrix mineral component 

containing K and Ca (Appendix 3.3; Elam et al. (2002); Stosnach (2005)). 

The improved performance of vis-NIR in Cd quantification is based on the indirect association 

of this TE with spectrally active soil components involved in its retention, i.e., soil organic 

matter and Al– and Fe–containing minerals (Kooistra et al., 2001), as indicated by (1) PLS 

loadings (Fig. 3.4c) and (2) a significant correlation between Cd and Al, C, and Fe 

concentrations (Table 3.2). However, the lack of a consistent association of Hg with Fe 

minerals (Fig. 3.4c; Table 3.2) limited the accuracy of models using vis-NIR data to quantify 

this element (Appendix 3.2). 

Models based on spectral data fusion of pXRF with vis-NIR or MIR reflectance spectra as input 

for PLS-SVM outperformed pXRF-based models alone for quantifying As, Cr, Pb, Cu, Ni, and 

Zn (Appendices 3.2 and 3.4). Models based on pXRF spectra performed fairly with some 

deviations from the measured concentrations due to spectral interferences caused by soil matrix 

components as organic matter and minerals containing Mg, Ca, Al, Fe, and Mn (Elam et al., 

2002; Ravansari and Lemke, 2018; Stosnach, 2005). Both organic matter and minerals (1) 

contribute to vis-NIR and/or MIR reflectance spectra and (2) regulate TE binding in soils 

(Kooistra et al., 2001), revealing indirectly associated TE (Fig. 3.4; Wu et al. (2010)), and thus 

TE quantification was more accurate and precise when reflectance spectra were combined with 

pXRF spectra (Appendices 3.2 and 3.4). 

Using PLS-SVM with the fused pXRF and MIR dataset emphasised the association of TE (e.g., 

As, Cr, and Pb) with Fe containing minerals (Fig. 3.4a; Appendix 2.3; Janik et al. (1998); Li et 

al. (2021); Niazi et al. (2015); Wang et al. (2017)). These associations were based on the 

correlation of As, Cr, and Pb concentrations with Fe concentration (Table 3.2). Similarly, 

applying PLS-SVM to the fused spectral dataset of pXRF and vis-NIR highlighted the 

associations of Cu, Ni, and Zn with Fe– and Al–containing minerals in specific regions of the 

vis-NIR spectra (Fig. 3.4b; Appendix 2.1; Ben-Dor (2002); Soriano-Disla et al. (2014); 
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Stenberg and Rossel (2010); Wang et al. (2015)). In addition, Cu, Ni, and Zn concentrations 

and Fe– and Al–concentrations were correlated (Table 3.2). Due to the ability to capture 

associations between TE and spectrally active soil components (Wu et al., 2010) found in 

nature (Martin et al., 2016), PLS-SVM succeeded in quantifying TE at low concentrations (Fig. 

3.3). 

Although both model averaging methods (GRA and BMA) performed with similar accuracy 

(Appendix 3.2), the simplicity of GRA method to implement and execute, and the wider history 

of use in soil TE quantification (Table 2.13; O'Rourke et al. (2016b); Pozza et al. (2020); Xu 

et al. (2020)), may prioritise the selection of GRA over BMA (Arsenault et al., 2015). Granger-

Ramanathan model averaging method improved the estimation of Cd and Hg (Appendix 3.2), 

assigning a higher combination weight to vis-NIR model output. This is explained by PLS 

loadings which highlight the association of Cd and Hg with soil organic matter and Al– 

containing minerals, and the association of Cd with Fe oxides and Al– and Fe–containing 

minerals in the vis-NIR spectra (Fig. 3.4c; Appendix 2.1; Kemper and Sommer (2002)). 

Furthermore, Cd and Hg concentrations were correlated to Al and C concentrations, and Cd 

concentration was also correlated to Fe concentration (Table 3.2). For samples with TE 

concentrations well below the pXRF detection limit, the XRF spectral response alone often 

does not suffice to accurately quantify TE (Benedet et al., 2020; Javadi et al., 2021). This 

instance may require adding information from vis-NIR and MIR spectra via model averaging 

(O'Rourke et al., 2016a). Through capturing these associations, GRA averaging of PLS-SVM 

based model outputs of each proximal sensor (pXRF, vis-NIR, and MIR) used to assess Cd in 

this research could be usefully deployed for detailed monitoring of soil Cd concentration on 

individual farms to support policy such as the cadmium management strategy for sustainable 

pasture management in New Zealand (CWG, 2011). The level of precision and accuracy 

reported in this study makes GRA approach a good candidate for quantifying the Cd 

concentration of New Zealand agricultural soils.  

3.4.4 Broader implications 

The soil dataset used in this study was collected across a large part of the South Island in New 

Zealand, where pedological diversity is high (Fig. 3.1; Appendix 3.1; Hewitt et al. (2021)). The 

dataset spans a broad range of soil orders, geology, climatic conditions, land uses, and soil TE 

concentrations (Table 3.1; Appendix 3.1). Despite this variability, the methods developed in 
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this study were able to successfully replicate the TE concentrations in the samples analysed by 

reference laboratory method (Appendix 3.2; Gazley et al. (2020); Martin et al. (2016)). This 

indicates, with strong confidence, that the prediction models from this study can be successfully 

applied in other regions of New Zealand and would also be applicable internationally. The 

systematic combination approach taken in this study could be further used to (1) reduce the 

economic costs of sample preparation and analytics, (2) facilitate detailed monitoring of TE 

concentrations on individual farms for sustainable soil management, as well as 3) extend the 

monitoring beyond total TE concentrations to include an assessment of TE fractions associated 

with soil components, such as soil organic matter and Al– and Fe–containing minerals (Chapter 

4; Chakraborty et al. (2017); Cipullo et al. (2019)). This advancement in soil testing could also 

be applied to other aspects of soil management (mineral composition, soil carbon storage, soil 

fertility management) because the spectral information gathered can be used to predict many 

other soil properties after proper validation (Nocita et al., 2015; Soriano-Disla et al., 2014; 

Zhang and Hartemink, 2020).  

With the portability of pXRF, vis-NIR, and MIR sensors, these proximal sensors can be directly 

deployed in field conditions including airborne remote sensing (Chakraborty et al., 2022). 

However, prediction models developed in this study were based on laboratory conditions 

(sample drying, sieving, homogenisation, and/or grinding). Edaphic and environmental 

variables such as soil moisture content and particle size can influence field spectral 

measurements (Lemière, 2018; Roudier et al., 2017). Hence, further work is required to 

validate these models for the application of these proximal sensors in field situations.  

3.5 Conclusions 

This study successfully quantified multiple TE concentrations in soil (As, Cd, Cr, Cu, Hg, Ni, 

Pb, and Zn) using different combinations of proximal sensors (pXRF, vis-NIR, and MIR). The 

rich dataset was then tested using a compressive suite of modelling approaches including PLS 

versus PLS-SVM model fusion, and single sensor predictions versus multi-sensor data fusion 

versus single sensor predictions averaging. The model fusion approach (PLS-SVM) 

systematically outperformed PLS regression, by considering non-linearities in the relationships 

between sensor data and variations in TE concentrations. For As, Cr, and Pb, the best predicted 

concentrations were obtained using PLS-SVM fused pXRF and MIR data. For Cu, Ni, and Zn, 

the best prediction results were obtained through fusing pXRF and vis-NIR data. For Cd and 
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Hg, GRA model averaging of PLS-SVM based model outputs of individual pXRF, vis-NIR, 

and MIR, performed the best although performance was not as good as for other TE. 

Additionally, the best model for each TE in this study systematically outperformed the built-in 

pXRF calibration results. The combination of chemometric methods resulted in (1) a better 

lower method of the detection limit of the pXRF alone, (2) reduced organic matter interference 

in the pXRF spectra, and (3) highlights the association between TE and spectrally active soil 

components (e.g., Al– and Fe–containing minerals) not evident from pXRF alone. Overall, the 

prediction models fitted for the different TE assessed performed with reliable accuracy. These 

methods can be applied for cost-effective TE analysis of soil samples collected from regional- 

to national-scale geochemical baseline surveys and for monitoring and reporting studies on 

specific TE concentrations, such as the New Zealand Cadmium Management Strategy. 
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Chapter 4  

Predicting total cadmium and cadmium fractions 

in agricultural soils using vis-NIR, MIR, and 

pXRF spectroscopy 

 

Abstract 

Long-term continuous application of phosphate fertiliser to sustain plant production has 

unintentionally accumulated Cd in some New Zealand agricultural soils. Monitoring of 

total soil Cd is recommended for effective management of soil Cd and to minimise plant 

accumulation. Compared to total Cd, analysing chemical forms by sequential extraction 

can provide information on soil Cd availability, distribution, and mobility to assess the 

potential plant Cd uptake accurately. A total of 87 air-dried topsoil (0–15 cm) samples 

from long-term pastoral farms with phosphate fertiliser application history in New 

Zealand were analysed by reference laboratory methods for total Cd and Cd distribution 

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

fractions. The data acquired using three proximal sensing techniques, vis-NIR, MIR, and 

pXRF spectroscopy were used as input for PLS regression to develop models predicting 

total Cd and Cd fractions. The average total soil Cd concentration was 0.58 mg Cd/kg 

soil. For total Cd, cross-validation (cv) results of models using individual vis-NIR, MIR, 

and pXRF data performed with nRMSEcv of 26%, 30%, and 31% and CCCcv of 0.85, 

0.77, and 0.75, respectively. For acid soluble and organic matter bound Cd, models using 

vis-NIR data performed with nRMSEcv of 11% and 33% and CCCcv of 0.97 and 0.84, 

respectively. For exchangeable, metal oxides bound, and residual Cd, models using MIR 

data performed with nRMSEcv of 40%, 67%, and 100% and CCCcv of 0.57, 0.61, and 

0.59, respectively. Proximal sensing techniques could potentially be applied to quantify 

total Cd and potential plant-available Cd fractions for effective implementation of Cd 

monitoring programmes such as the TFMS in New Zealand.  
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4.1 Introduction 

Agricultural intensification has raised concerns on soil health management in New 

Zealand and globally (Drewry et al., 2021; Lehmann et al., 2020; MacLeod and Moller, 

2006). Long-term continuous phosphate fertiliser application to sustain plant production 

during the last century, unintentionally increased Cd concentration in agricultural soils as 

this fertiliser contained traces of Cd (Abraham, 2018). Elevated concentration of soil Cd 

may enhance Cd availability, leading to uptake and accumulation of Cd in plant edible 

parts (Stafford et al., 2016). Consequently, year-round pastoral grazing can expose 

animals (e.g., sheep, dairy cattle) to long-term dietary accumulation of Cd (Roberts et al., 

1994). Such exposure can adversely affect animal food product quality, resulting in 

dietary and trade risks when provisional safe limits for Cd uptake are exceeded (ATSDR, 

2012; Clemens et al., 2013; McDowell and Gray, 2022). 

To minimise risks and manage soil Cd accumulation in New Zealand agricultural soils, a 

national Cadmium Management Strategy was developed in 2011 with the subsequent 

implementation of a TFMS (CWG, 2011). The TFMS recommends total soil Cd testing 

in an accredited laboratory repeated every five years to monitor the long-term trend in Cd 

concentration and mitigate its flow-on effect on the food chain. The TFMS sets out 

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

as total soil Cd concentration increases (Fertiliser Association, 2019).  

Total concentration analysis may not be enough to assess environmental risk, plant 

availability, and mobility of Cd (Kabata-Pendias, 2010). Only a portion of total soil Cd 

may be of immediate harm to the environment (Yi et al., 2020). In soil solution, Cd occurs 

as a free exchangeable divalent cation or can form soluble complexes with Cl and S or 

associate with dissolved organic matter (Kubier et al., 2019). Cadmium can also be sorbed 

onto the soil solid phase by: (1) interacting with carboxylic and phenolic functional 

groups forming organic ligand–Cd+, organic ligand–Cd- chemical structures with soil 

organic matter (Loganathan et al., 2012; Traina, 1999), (2) forming stable complexes with 

clays (Al– and Fe–containing minerals), or (3) precipitating as CaCdCO3 and Cd3(PO4)2 

compounds (Bolan et al., 2003b) (Detailed description in Section 2.1.5). 

Characterising soil Cd distribution among geochemical fractions (e.g., exchangeable, acid 

soluble, or organic matter bound Cd) is critical to assess available Cd and subsequent 
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plant Cd uptake (Krishnamurti, 2008). Exchangeable Cd is defined as weakly sorbed Cd 

pool in the soil, including both water-soluble and exchangeable species (Tessier et al., 

1979). The amount of exchangeable Cd is generally used as the proxy for phyto-available 

Cd in soil (Gleyzes et al., 2002). The Cd concentration in the exchangeable fraction is 

controlled by the sorption and desorption of Cd in other soil fractions (Loganathan et al., 

2012). As a consequence of changes in sorption/desorption, Cd may be liberated for 

leaching or uptake in plants, depending on soil properties such as pH, soil organic matter, 

the abundance of Al– and Fe–containing minerals, and cation exchange capacity (Gray et 

al., 2019b; Naidu et al., 1994; Stafford et al., 2018c; Yuan and Lavkulich, 1997). Hence, 

along with exchangeable fraction, acid soluble and organic matter bound Cd fractions 

may contribute to the plant Cd uptake (Chavez et al., 2016; El-Mufleh Al Husseini et al., 

2013). 

The chemical forms of Cd in the soil solid phase can be studied using sequential extraction 

methods, which recover target elements from geochemical fractions (Adriano, 1992). 

These methods broadly separate Cd into one of five operationally-defined fractions: 

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

Cd (Table 2.3; Section 2.2.2; Gleyzes et al. (2002)). Sequential extraction provides 

information about the origin, mode of occurrence, mobility, and availability of elements 

in the soil and this information is essential to understand plant uptake (Kabata-Pendias, 

2010; Krishnamurti, 2008). However, the recovery of total Cd, when compared to total 

extraction, is sometimes less than 100% (Bacon and Davidson, 2008). 

Proximal sensing techniques can potentially be a fast and cost-effective alternative to 

reference laboratory approaches (Nawar et al., 2019; Shepherd and Walsh, 2002). 

Proximal sensing techniques, such as vis-NIR (350–2500 nm), MIR (2500–25000 cm-1), 

and pXRF (0–40 keV) spectroscopy, have been assessed to quantify total Cd in 

contaminated soils (Kemper and Sommer, 2002; Padilla et al., 2019; Reeves III and 

Smith, 2009). For wider implementation of proximal sensors to quantify low total Cd 

concentration and Cd fractions in agricultural soils requires more extensive studies (Song 

et al., 2012; Stafford et al., 2018b; Wang et al., 2017). Stafford et al. (2018b) estimated 

site specific total soil Cd based on the significant relationship between Cd and model 

based on vis-NIR predicted soil total C and total N concentration. Similarly, vis-NIR has 

been used to assess exchangeable Zn and Pb in forest soils (Chodak et al., 2007) and 
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potentially-available Pb in contaminated agricultural soils (Paltseva et al., 2022). In other 

studies, vis-NIR has also been used to assess five As fractions in landfill site soils 

(Chakraborty et al., 2017), and the sum of exchangeable and acid-soluble fractions of As, 

Cd, Cr, Cu, Ni, Pb, and Zn in contaminated soils (Cipullo et al., 2019). These studies have 

used reflectance spectra (350–2500 nm) capturing response from spectrally active soil 

components (e.g., organic matter and Al–, Fe–, and Mn–containing minerals) with which 

Cd is bound (Kooistra et al., 2001; Wang et al., 2017). Other studies have used 

fluorescence spectra to capture response from elements in the matrix to directly estimate 

Cd and other TE concentrations (O'Rourke et al., 2016a). However, these sensors have 

not been examined to quantify low total Cd concentration and Cd fractions in New 

Zealand agricultural soils. 

The applicability of proximal sensing techniques to assess total soil Cd and Cd fractions 

concentrations can contribute to the cost-effective monitoring of Cd and minimise plant 

Cd accumulation in agricultural systems (Nocita et al., 2015). The potential of using 

proximal sensors to quantify low total Cd concentration and Cd fractions in agricultural 

soils requires more extensive studies for wider implementation (Cipullo et al., 2019; Song 

et al., 2012; Stafford et al., 2018b). However, these proximal sensors have been studied 

one sensor at a time, mostly under contaminated soils using limited samples and coverage. 

In the present study, agricultural soils exposed to long-term phosphate fertiliser 

application history from pastoral farms in New Zealand were assessed for total Cd and 

Cd fractions. This assessment was accomplished following (1) reference laboratory 

analysis and (2) proximal sensing techniques including individual vis-NIR, MIR, and 

pXRF sensors.  

4.2 Materials and methods 

4.2.1 Soil sampling and chemical analyses 

Soil samples were received from the previous study by Stafford (2017). Briefly, topsoil 

(0–15 cm) samples (n=87) from 30 commercial pastoral farms with long-term phosphate 

fertiliser application history were collected from the North Island (22) and South Island 

(8) of New Zealand (Fig. 4.1). Collected soils were from dairy (23) and sheep and beef 

farms (7) that were exposed to long-term phosphate fertiliser application. The dominant 
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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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Soil samples were air-dried and sieved through a 2 mm sieve. Soil pH was measured at a 

ratio of 10 g soil to 25 ml deionised water using a Hanna Instruments HI 2211 pH/ORP 

meter. Acid oxalate extractable aluminium (Alo), iron (Feo) and silicon (Sio) were 

extracted using 0.40 g soil in 40 ml acid oxalate solution at pH 3 mixed by end-over-end 

shaker for 4 h (Blakemore et al., 1987) then analysed by microwave-plasma atomic 

emission spectrometer (MP-AES 4200, Agilent, USA). Total phosphorus (P) was 

extracted digesting 1.0 g soil in the 4 ml mixture of concentrated sulphuric acid, 

potassium sulphate, and selenium at 350°C for 4 h and analysed by autoanalyser using 

nitric-vanadomolybdate acid colouring reagent (McKenzie and Wallace, 1954). Cation 

exchange capacity (CEC) was determined using 1.0 g soil mixed with 3.0 g sand for solid 

phase extraction with 1 M ammonium acetate (at pH 7) (Blakemore et al., 1987) and 

analysed by MP-AES for cations: sodium, magnesium, potassium, and calcium. Soil total 

C and N were determined after adding an equal amount of tungsten oxide to the sub-0.5 

mm 100 mg subsample, igniting it in the induction furnace and analysing it by a Vario 

MACRO cube elemental system (Elementar Analysensysteme GmbH, Hanau, Germany).  

4.2.2 Soil cadmium analysis 

4.2.2.1 Total Cd 

Total soil Cd was determined from a sub-2 mm 1 g subsample with 10 ml concentrated 

nitric acid (HNO3) left overnight and then digested for 2 h at 120°C in the heating block 

(Kovács et al., 2000). The remaining solution was made up to 25 ml volume with 2% 

HNO3 before analysing by the graphite furnace atomic absorption spectrometer (GFAAS 

PinAAcle 900Z, PerkinElmer, UK). For total Cd analysis, the certified reference material 

CRM 051-050 clay 2 sample with a concentration of 42.2 mg Cd/kg soil was used. The 

measured mean concentration of CRM 051-050 clay 2 was 43.5 mg Cd/kg with a range 

of 94–106% of the expected value.  

4.2.2.2 Sequential extraction of Cd  

The sequential extraction procedure of Tessier et al. (1979) was used in this work, with 

modifications. The procedure separates Cd into five operationally defined fractions: 

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

(Fig. 4.2; Table 2.3). 
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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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(Fig. 4.2). Residue from the previous step was washed using 8 ml of deionised water to 

remove any solution left before using it for the step. Filtered extracts were analysed for 

Cd by GFAAS. 

4.2.3 Sample scanning, spectra collection, and pre-processing 

Air-dried sub-2 mm representative soil subsamples were scanned using three proximal 

sensing techniques: vis-NIR, MIR, and pXRF. For vis-NIR scanning, soil samples were 

filled in a petri dish to a 10 mm depth (Viscarra Rossel et al., 2016). For MIR, sub-0.5 

mm subsamples (four replicates per sample) were placed in an aluminium microtiter plate 

with 48 wells and vertical gutters in-between lines of 8 wells including four replicates per 

sample. For pXRF, a cylindrical plastic cup 22 mm high by 14 mm in diameter was filled 

with air-dried, sub-2 mm soil and covered with a polypropylene transparent film of 4 µm 

thickness. 

Details on sensors and scanning methodology can be found in Chapters 2 (Table 2.7; Fig. 

2.4) and 3. Briefly, an ASD FieldSpec 3 spectroradiometer was used to record a vis-NIR 

(350–2500 nm) reflectance spectra which was an average of 50 internal readings within 

the scanning period. Each sample was scanned in triplicate, rotating clockwise 90 degree 

angle. The ASD probe was pushed in contact with samples, ensuring no external light 

interferes with the measurement. A Fourier-transform infrared spectrometer (Vertex 70, 

Bruker, Germany) equipped with a microplate reader extension for high throughput 

screening infrared spectroscopy equipment (HTS-XT, Tensor II, Bruker, Germany) was 

used to record diffuse MIR (7498–600 cm-1) reflectance spectra of samples (four 

replicates per sample). An Olympus Vanta C series pXRF instrument containing a 

rhodium anode was used to measure XRF spectra (0–40 keV) in Geochem (2 beams) 

mode using settings of 45 seconds for each beam and each sample was scanned twice.  

The Mahalanobis distance was used to remove outliers from the elemental dataset 

(Section 2.4.2). A sample having a Mahalanobis distance score >1 was considered an 

outlier. Three samples containing higher Cd concentration (1.59, 1.75, and 2.03 mg Cd/kg 

soil) were outliers and removed from the dataset before prediction model development. 

These steps were performed using the R package prospectr (Stevens and Ramirez Lopez, 

2020). 



 

79 

 

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 
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calculated using R package spectacles (Roudier, 2021). The normalised RMSE value was 

calculated dividing RMSE by the mean Cd concentration (Pullanagari et al., 2016). 

4.2.6 Other statistical analyses 

Statistical summary of soil chemical properties (total Cd, total P, total C, total N, CEC, 

acid oxalate extractable Al, Fe, and Si, and pH) was calculated and tabulated into two 

groups: Allophanic and non-Allophanic soils. Data were checked for normality using the 

Shapiro-Wilk normality test. Skewed data were transformed (e.g., log10, square root) as 

needed to obtain normally distributed data. The effect of broad soil groups (Allophanic 

and non-Allophanic) on soil properties were analysed using a Welch’s two-sample t-test. 

Correlation and regression analyses among relevant variables were performed, tabulated, 

and/or presented graphically as needed. 

4.3 Results 

4.3.1 Soil chemical properties 

A summary of key soil chemical properties determined for the 50 Allophanic and 37 non-

Allophanic soils used in this study is presented in Table 4.1. Total P and acid oxalate 

extractable Al concentrations in Allophanic soils (2.36 g P/kg and 3.09 g Al/kg soil, 

respectively) were higher (p<0.001) compared to non-Allophanic soils (1.30 g P/kg and 

0.78 g Al/kg soil, respectively) (Table 4.1). Mean values of total C, total N, CEC, and soil 

pH were not significantly different (p>0.05) between the Allophanic and non-Allophanic 

soils (Table 4.1). Total soil C concentration ranged from 2.21 to 42.67 g/kg (Table 4.1). 

In the non-Allophanic soil group, Organic soils (27% of the total) showed higher total 

carbon content (>15 g/kg) reaching up to 42.6 g/kg (Table 4.1). Soil pH ranged from 4.81 

to 6.44 (Table 4.1).  
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Table 4.1 Soil chemical properties of 50 Allophanic and 37 non-Allophanic topsoil (0−15 

cm) samples collected from 30 New Zealand pastoral farms. For each soil property, 

results (p-values) from the Welch’s two-sample t-test of both groups (Allophanic vs non-

Allophanic) are included. 

Chemical  

properties 

Allophanic soil  non-Allophanic soil 
p-value 

Min. Mean Max. Skew.  Min. Mean Max. Skew. 

Total Cd (mg/kg) 0.34 0.76 2.03 1.72  0.10 0.35 0.87 0.76 < 0.001 

Total P (g/kg) 0.78 2.36 3.61 -0.17  0.46 1.30 2.49 0.26 < 0.001 

Total C (%) 3.18 8.57 15.06 0.02  2.21 10.53 42.67 1.72 0.741 

Total N (%) 0.34 0.83 1.31 -0.39  0.21 0.72 1.70 0.71 0.107 

CEC (cmol/kg)1 15.03 33.40 48.21 -0.65  7.84 30.58 70.86 0.88 0.339 

Alo (g/kg)2 0.16 3.09 5.10 -0.49  0.18 0.78 1.48 0.07 < 0.001 

Feo (g/kg)3 0.31 0.83 1.47 0.29  0.15 0.52 1.30 1.14 < 0.001 

Sio (g/kg)4 0.02 0.60 1.10 -0.31  0.01 0.08 0.41 2.74 < 0.001 

Soil pH 4.95 5.61 6.08 -0.17  4.81 5.51 6.44 0.16 0.126 

CEC (cmol/kg)1 = Cation exchange capacity; Alo (g/kg)2 = Acid oxalate extractable Al; Feo (g/kg)3 = 

Acid oxalate extractable Fe; Sio (g/kg)4 =Acid oxalate extractable Si. 

 

4.3.2 Total Cd  

The average total Cd concentration across all soils was 0.58 mg Cd/kg soil (Table 4.1). 

Total Cd concentration was significantly higher (p<0.001) in Allophanic soils (0.76 mg 

Cd/kg) compared to non-Allophanic soils (0.35 mg Cd/kg) (Table 4.1). Total Cd 

concentration in Allophanic soils was positively skewed (1.72) with 14% of samples 

containing more than 1.00 mg Cd/kg with a maximum concentration of 2.03 mg Cd/kg 

(Table 4.1). Total Cd concentration in non-Allophanic soils was also positively skewed 

(0.76) with 8% of non-Allophanic samples representing Organic (5%) and Pumice (3%) 

soil orders having a total Cd concentration of more than 0.60 mg Cd/kg reaching a 

maximum of up to 0.87 mg Cd/kg (Table 4.1). 

A significant relationship (R2=0.58, p<0.001) between total Cd and total P concentrations 

was found among all soil samples (Fig. 4.3). Total Cd concentration showed a significant 

positive correlation (r≥0.25, p<0.01) with total C, total N, CEC, and acid oxalate 

extractable Al, Fe and Si, in soils (Table 4.2).  
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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).  



84 

 

 

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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Allophanic soils (30.4% and 22.5%, respectively) compared to Allophanic soils (25.6% 

and 18.9%, respectively) (Fig. 4.4c).  

For all soils combined, the Cd concentration in all five tested fractions showed a 

significant (p<0.05) positive correlation with total P (r≥0.50), acid oxalate extractable Al 

(r>0.30), Si (r>0.30), and total N (r>0.25) (Table 4.2). Acid soluble, organic matter 

bound, metal oxides bound, and residual Cd showed a significant positive correlation 

((r≥0.30, p<0.05) with the CEC of soils (Table 4.2). Acid soluble, metal oxides bound, 

and residual Cd showed a significant positive correlation (r>0.35, p<0.001) with total N 

(Table 4.2). Acid soluble, metal oxides bound, and residual Cd showed a significant 

positive correlation (r>0.20, p<0.05) with acid oxalate extractable Fe (Table 4.2). Acid 

soluble, organic matter bound, and residual Cd showed a significant positive correlation 

(r≥0.30, p<0.05) with total C (Table 4.2).  

4.3.4 Spectral similarity 

The principal component analysis of vis-NIR, MIR, and pXRF spectra for the first two 

principal components showed the spread of Allophanic and non-Allophanic samples as 

per spectra characteristics (Fig. 4.5). The PCA of vis-NIR spectra showed the greater 

separation between Allophanic and non-Allophanic soils, while in the MIR spectra 

allophanic soil showed low spectral variability and they were almost similar to non-

Allophanic soil (Fig. 4.5). The first two principal components of pXRF spectra explained 

90% spectral variance than MIR (74%) and vis-NIR (63%) (Fig. 4.5).  
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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). 

 



 

87 

 

 

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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Table 4.3 Cross-validation results of models predicting total soil Cd and Cd fractions in 

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

using vis-NIR, MIR, and pXRF spectral data as input for PLS.  

Cd  vis-NIR MIR pXRF 

RMSE R2 RPIQ CCC Bias RMSE R2 RPIQ CCC Bias RMSE R2 RPIQ CCC Bias 

Total 0.14 0.74 2.94 0.85 -0.017 0.16 0.65 2.51 0.77 -0.025 0.17 0.62 2.41 0.75 -0.026 

Exchangeable 0.04 0.39 1.90 0.57 -0.007 0.04 0.41 1.95 0.57 -0.007 0.04 0.26 1.73 0.43 -0.008 

Acid soluble 0.01 0.94 5.20 0.97 <0.001 0.03 0.70 2.33 0.76 -0.004 0.05 0.20 1.42 0.37 -0.01 

Metal oxides 

bound 

0.07 0.38 1.69 0.58 -0.014 0.06 0.46 1.81 0.61 -0.01 0.07 0.40 1.72 0.61 -0.011 

Organic 

matter bound 

0.03 0.73 2.81 0.84 -0.004 0.03 0.56 2.15 0.68 -0.006 0.05 0.19 1.58 0.35 -0.01 

Residual 0.02 0.41 1.27 0.60 -0.003 0.02 0.42 1.28 0.59 -0.003 0.02 0.11 0.99 0.28 -0.005 

Performance statistics of the optimal models are in bold letter. 

 

Variable importance in projection highlighted the importance of specific regions of vis-

NIR, MIR, and pXRF spectra for quantitative predictions of total Cd and Cd in each of 

the fractions considered (Fig. 4.8). For predicting total Cd, relevant variable importance 

in projection included: (1) in the vis-NIR spectra: the 400–850 nm region associated with 

soil organic matter and Fe oxides and the 2200–2500 nm region associated with Al– and 

Fe–containing minerals and soil organic matter (Fig. 4.8a), (2) in the MIR spectra: the 

3700–3000 cm-1 region associated with Al– and Fe–containing minerals and the 2130–

1700 cm-1 region that is due to metal–carbonyl interactions (Fig. 4.8a), and (2) 

considering the pXRF spectra; the regions at 3.5–4.2 keV and 13.5–14.5 keV were of 

relevance (Fig. 4.8a). 

For predicting exchangeable Cd, the VIP highlighted the 3700–3000 cm-1 (Al– and Fe–

containing minerals) and 2130–1700 cm-1 (metal–carbonyl) regions of the MIR spectra 

as important regions (Fig. 4.8b). For predicting acid soluble Cd, the 2200–2500 nm (Al– 

and Fe–containing minerals and soil organic matter complex) regions and 400–850 nm 

(soil organic matter and Fe oxides) regions of the vis-NIR spectra were important (Fig. 

4.8c). For predicting organic matter bound Cd, the 400–850 nm (soil organic matter and 

Fe oxides) and 2200–2500 nm (Al– and Fe–containing minerals and soil organic matter) 

regions of the vis-NIR spectra were important (Fig. 4.8e).  
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Fig. 4.8 Variable importance in projection (VIP) highlighting the importance of the 

selected regions in the vis-NIR, MIR, and pXRF spectra to quantify a) total Cd and Cd 

fractions in b) exchangeable, c) acid soluble, d) metal oxides bound, e) organic matter 

bound, and f) residual Cd. The shaded area in the vis-NIR region: i) soil colour, iron 

oxides, and soil organic matter (400−850 nm), ii) minerals (1300−1450 nm), iii) Al– and 

Fe–containing minerals and soil organic matter (1800−2000 nm), and iv) Al– and Fe–

containing minerals and soil organic matter complex (2200−2500 nm); in the MIR region: 

v) Al– and Fe–containing minerals (3700−3000 cm-1), vi) alkyl (2929−2855 cm-1), vii) 

metal–carbonyl (2130−1700 cm-1), viii) quartz (1100−1000 cm-1), ix) and x) water (3484 

and 3278 cm-1); and in the XRF region: xi) Al (1.48 keV), xii) Fe (6.40 keV), and xiii) 

Cd (23.17 keV). 
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4.4 Discussion 

Total soil Cd concentration reported in this study agreed with the total Cd concentration 

range found in similar New Zealand topsoils (Table 4.1; Abraham (2018); Salmanzadeh 

et al. (2016); Stafford (2017)). A significant positive relationship between total soil Cd 

and total soil phosphorus concentrations was found which is again in agreement with 

other studies in New Zealand agricultural soils suggesting phosphate fertiliser application 

as the primary source of Cd accumulation above background concentration (Fig. 4.3; 

Table 4.2; Longhurst et al. (2004); Zanders et al. (1999)).  

The pedogenic origin of the soil samples also influenced the total soil Cd concentration 

(Fig. 4.3; Gray et al. (1998); Stafford et al. (2018c)). Allophanic and Pumice soils (a non-

Allophanic soil order) formed from volcanic parent materials showed more Cd than other 

soil orders (Table 4.1; Appendix 5.1; Cavanagh (2014); Hewitt et al. (2021)). At the same 

time, Organic soils (a non-Allophanic soil order) rich in soil organic matter had higher 

total Cd compared to other non-Allophanic soils (Table 4.1; Appendix 5.1; Taylor et al. 

(2007)). In addition to total soil Cd concentration, soil pedogenesis should be considered 

for the successful implementation of cadmium management strategy such as the TFMS 

in New Zealand (Stafford et al., 2018c). 

4.4.1 Factors affecting total soil Cd and Cd fractions  

For the soil samples used in this study, which were from pastoral farms with long-term 

phosphate fertiliser application history, the main soil properties affecting Cd 

accumulation and distribution were Al containing minerals and soil organic matter (Table 

4.2; Loganathan et al. (2012); Yuan and Lavkulich (1997)). In Allophanic soils, Cd can 

be found sorbed to poorly ordered alumino-silicate clay minerals (such as allophane and 

imogolite) which contain high variable–charge (pH-dependent) and high specific sorption 

capacity (Table 4.2; Christensen and Haung (1999); Reiser et al. (2014)). This may be 

due to than non-Allophanic soils for pasture production (Hewitt, 2010). This 

characteristic of Allophanic soils contributes to the higher total P and Cd concentrations 

in Allophanic soil than non-Allophanic soil (Table 4.1). Cadmium can also be held on 

terminal functional groups of variable charged soil organic matter by electrostatic 

attraction or covalent bonding (Bolan et al., 2003b; Young, 2013). Cation exchange 

capacity is therefore known to influence the mobility of Cd sorbed to soil organic matter 
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(Table 4.2; Amacher et al. (1986); Stafford et al. (2018c)), and despite soil pH being a 

major determining factor of CEC, soil pH had no significant influence in total soil Cd 

concentration within the topsoils (Table 4.2; Salmanzadeh et al. (2016)).  

Though total Cd concentration was elevated in Allophanic soils, the proportion of Cd 

distributed between the plant-available and potentially-available fractions (i.e., 

exchangeable, acid soluble, and organic matter bound Cd) was relatively low when 

compared to that distribution of Cd fractions in non-Allophanic soils (Figs 4.4b and 4.4c). 

This effect of soil type on Cd availability is not considered yet in the New Zealand TFMS 

(Fertiliser Association, 2019; Stafford et al., 2018c). Previous studies showed that 

application of an equal amount of phosphate fertiliser to Allophanic and non-Allophanic 

soils resulted into more Cd availability in the non-Allophanic than Allophanic soils 

(Stafford et al., 2018a; Yi et al., 2020). This could lead to higher Cd accumulation in plant 

edible parts grown in non-Allophanic soils compared to Allophanic soils causing more 

risk of food chain transfer (Chapter 6; Cavanagh et al. (2019); Gray et al. (2019a)).  

This study, for the first time, has studied Cd fractions in a large number of topsoil 

representative of soil orders found in New Zealand agricultural soils (n=87) representing 

multiple soil orders (Appendix 4.1) compared to much smaller sample sizes (n≤30) in the 

previous studies in New Zealand (Fig. 4.4; Table 2.5; Gray et al. (2000); Salmanzadeh et 

al. (2016)). The distribution of Cd fractions in this set of soils from different parts of New 

Zealand were similar to the findings by Salmanzadeh et al. (2016) using only two soil 

orders (Allophanic and Gley) in the Waikato region (Table 2.5; Fig. 4.4).  

Exchangeable Cd concentration recovered were high in range in the present study than in 

the previous studies recovering a wide range of 3–34% (Fig. 4.4c; Table 2.5; Bolan et al. 

(2003a); Gray et al. (2000)) and this may be due to weathering of Al– and Fe–containing 

minerals and decomposition of organic matter bound Cd as a function of acidic soil pH, 

long-term exposure in the field environment and continuous addition of phosphate 

fertiliser for crop production (McBride and Li, 2022; Oliver et al., 2006). A poor 

correlation was observed between exchangeable Cd and acid oxalate extractable Al, Fe, 

and Si, total C and total N, respectively (Table 4.2; Kim and Fergusson (1991)).  

In Allophanic soils, the most significant proportion of total soil Cd was associated with 

the metal oxides bound fraction (Fig. 4.4c) and this may be a function of poorly ordered 

alumino-silicate clay minerals abundant in Allophanic soils showing high specific 
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sorption capacity to retain Cd (Fig. 4.4c; Table 4.2; Bolan et al. (2003a); Mann and Rate 

(1998)). This was indicated by significant correlations of metal oxides bound Cd with 

acid oxalate extractable Al, Fe, and Si (Table 4.2; Krishnamurti et al. (1995); 

Salmanzadeh et al. (2016)).  

The residual Cd concentration in this set of soils was very low (average 0.02 mg Cd/kg 

soil; Fig. 4.4b), particularly in comparison to the residual Cd concentration detected in 

other studies (0.05–0.4 mg Cd/kg soil) (Fig. 4.4c; Table 2.5; Gray et al. (1999b); Gray et 

al. (2000)). Accumulation of Cd in the soil residual fraction in recent years may have 

decreased due to a shift from high to low Cd sources of phosphate fertiliser since the 

1990s (Abraham, 2018). The data in this Chapter show that correlation coefficient value 

between total P and residual Cd was lower (r=0.50) than other fractions (r>0.65) (Table 

4.2; Kashem et al. (2011)).  

4.4.2 Predictions of total Cd in agricultural soils using 

proximal sensing  

The present study quantified total Cd concentration in agricultural soils using the three 

proximal sensing techniques: vis-NIR, MIR, and pXRF sensor. Rapid quantification of 

total Cd using proximal sensing techniques requiring minimum sample preparation has 

the potential for cost-effective analysis of total Cd at individual farms to successfully 

implement Cd monitoring programmes such as the TFMS in New Zealand (Fertiliser 

Association, 2019). Among the three proximal sensing techniques, the vis-NIR sensor is 

the most cost-effective instrument and has the highest accuracy (Fig.4.7a; Table 4.3; 

Nawar et al. (2019)). With inexpensive analysis cost for soil Cd compared to reference 

laboratory methods, more samples can be analysed with large spatial coverage for less 

expense (Shepherd and Walsh, 2007). This can be useful in generating spatial associations 

of soil Cd distribution across farms (Stafford et al., 2018c). Using proximal sensors in 

this way, a farm spatial aspect could be added to Cd management for more effective 

implementation of the New Zealand TFMS (Gray and Cavanagh, 2022). 

This study directly quantified total Cd using vis-NIR spectra as the input for PLS 

algorithm (Figs 4.6a and 4.7a; Table 4.3). A previous study by (Stafford et al., 2018b) 

performed indirect quantification of Cd based on the significant relationship between Cd 

and vis-NIR predicted soil total C and total N. The quantification of total Cd based on 
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vis-NIR relied on the association of Cd with spectrally active soil components: (1) soil 

organic matter, and (2) Al– and Fe–containing minerals (Kooistra et al., 2001; Song et 

al., 2012; Xu et al., 2020). In the current study, this association is indicated by (1) variable 

importance in projection of selected regions including spectral response from organic 

matter and minerals (Fig. 4.8a); and (2) a significant correlation between total Cd and 

total C, total N, acid oxalate extractable Al and Fe (Table 4.2; Christensen and Haung 

(1999); Gholizadeh et al. (2021); Young (2013)). The Cd quantification based on MIR 

relied on the association of Cd with Al– and Fe–containing minerals and metal–carbonyl 

bonds in the matrix (Janik et al., 1998; Wang et al., 2017), and this association is 

supported by variable importance in projection of the selected regions including spectral 

response from Al– and Fe–containing minerals and metal–carbonyl bonds (Fig. 4.8a). For 

pXRF, soil Cd concentration was below the built-in calibration model lower detection 

limit of 5 mg Cd/kg soil (Table 4.1). Therefore, the Cd prediction model was developed 

using pXRF spectra as input, which directly correlates with Cd concentration in the matrix 

(Chapter 3). 

4.4.3 Assessing the distribution of soil Cd fractions using 

proximal sensing 

This study tested, for the first time, whether proximal sensors using individual vis-NIR, 

MIR, and pXRF, predict Cd fractions in agricultural soils of New Zealand (Figs 4.6 and 

4.7; Table 4.3). The reflectance spectroscopy techniques showed the feasibility of 

predicting specific Cd fractions in agricultural soils. A model using vis-NIR data showed 

optimal performance to quantify Cd in the acid soluble and organic matter bound fractions 

(Figs 4.6 and 4.7; Table 4.3). A model using MIR data predicted exchangeable Cd 

relatively well (Figs 4.6 and 4.7; Table 4.3). In general, the metal oxides bound and 

residual Cd were predicted poorly or very poorly (Fig. 4.6; Table 4.3). Soil organic matter 

might have caused noise in the pXRF spectra with the least effect observed on the metal 

oxides bound fraction (Table 4.2; Fig. 4.8; Ravansari et al. (2020)).  

Accurate prediction of the acid soluble and organic matter bound Cd is relevant to the 

study of plant Cd accumulation as both are potentially-available fractions for plant uptake 

(Chavez et al., 2016; El-Mufleh Al Husseini et al., 2013; Gray et al., 2000). The accuracy 

achieved for exchangeable Cd in this study can be feasible to classify agricultural soils 
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with respect to the tier-based systems (Fig. 4.7b; Cécillon et al. (2009)). These results 

show the potential of using proximal sensing techniques for monitoring soil Cd fractions 

to minimise plant Cd uptake (Cipullo et al., 2019). 

The association of acid soluble and organic matter bound Cd with soil organic matter 

contributed to the prediction of these fractions using vis-NIR spectra (Figs 4.6, 4.8c, and 

4.8e; Tables 4.2 and 4.3; Gray et al. (2000); Kooistra et al. (2001); Krishnan et al. (1980)). 

The average accuracy of exchangeable Cd prediction in the present study (Figs 4.6 and 

4.7b; Table 4.3) agrees with previous studies that have quantified exchangeable TE 

including As, Cu, and Zn in contaminated soils (Chakraborty et al., 2017; Chodak et al., 

2007). An association between exchangeable Cd and Al– and Fe–containing minerals 

and/or soil organic matter may explain the prediction accuracy of Cd in this fraction (Fig. 

4.8b; Stenberg and Rossel (2010); Wang et al. (2017)). In the present study, exchangeable 

Cd was poorly correlated to acid oxalate extractable Al and Fe and total C and total N 

(Fig. 4.7b; Table 4.2; Kim and Fergusson (1991)). Despite air-drying, the variable 

importance in projection (VIP) highlighted a masking effect by water at ~3484 and ~3278 

cm-1 of the MIR spectra (Fig. 4.8b; Appendix 2.3). This may have been due to a water 

bridging mechanism which could explain the poor accuracy of exchangeable Cd 

prediction (Fig.4.8b; Chakraborty et al. (2017); Sposito (1984)). In addition, the presence 

of exchangeable Cd in inorganic forms (e.g., CdCl+, Cd(NO3)2), which have no influence 

on reflectance spectra, might have reduced the accuracy of using reflectance spectra 

(Bolan et al., 1999; Li et al., 2021; Moros et al., 2009).  

Metal oxides bound and residual Cd fractions were not accurately predicted using the 

proximal sensing techniques deployed (Figs 4.6e and 4.6f; Table 4.3; Chakraborty et al. 

(2017)). The very low concentration range of the residual Cd fractions limited the 

possibility of detecting and predicting this TE fraction using a proximal sensor (Figs 4.7d 

and 4.7f; Xie et al. (2012)). Residual Cd reflects both Cd from parent materials and that 

historically has moved from other fractions into the residual fraction with time (Abraham, 

2018; Kubier et al., 2019).  

4.5 Conclusions 

Rapid quantification of agricultural total soil Cd concentration (<2 mg Cd/kg soil) using 

either of the three proximal sensing techniques including vis-NIR, MIR, and pXRF 
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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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5.1 Introduction 

Cadmium is a soil TE, which at elevated plant-available concentration can transfer 

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

(Alloway, 2013). The historical application of phosphate fertiliser containing trace 

amounts of Cd to New Zealand agricultural soils has underpinned the implementation of 

a TFMS to monitor and manage Cd accumulation in agricultural soils (Abraham, 2018; 

CWG, 2011). Proximal sensing techniques, including vis-NIR, MIR, and pXRF 

spectroscopy, either independently or combined via GRA, predicted soil Cd 

concentration (Chapters 3 and 4); thus there is an opportunity to reduce the cost of 

analysis when it is of relevance monitoring Cd at contrasted spatial scales (Nawar et al., 

2019; Shrestha et al., 2022).  

Visible-NIR and MIR sensors have been used to quantify multiple soil properties, 

including soil C and N, at a local scale (Nawar and Mouazen, 2017b; Sanderman et al., 

2021; Sankey et al., 2008). The reflectance spectra have been used to quantify soil Cd 

depending on Cd co-varying with spectrally active soil components including soil organic 

matter and Al– and Fe–containing minerals (Soriano-Disla et al., 2014). In contrast, 

pXRF sensor quantifies soil Cd (and other elements) using a built-in calibration model 

depending on the concentration (Padilla et al., 2019) given that it is above the detection 

limit of the instrument used (e.g., 5 mg Cd/kg soil for the Olympus Vanta C series 

instrument; Table 2.6) (Rouillon and Taylor, 2016). The choice of proximal sensing 

technique used is determined by cost, portability, and the precision required (Nawar et 

al., 2019).  

Besides, long-term repetitive Cd analysis of samples in an accredited reference laboratory 

required under the TFMS necessitates time-consuming destructive sample processing 

using strong acids (Fertiliser Association, 2019; Nocita et al., 2015). Soil analysis using 

proximal sensors is non-destructive, rapid, and requires minimum sample preparation 

without any chemical treatments and is hence cost-effective (Nduwamungu et al., 2009). 

The associated savings could be used to increase sampling intensity over space and time 

to include spatial soil heterogeneity (Nocita et al., 2015).  

The development of SSL is the basis of the wider application of proximal sensing 

techniques to environmental monitoring (Shepherd and Walsh, 2002). Soil spectral 

libraries are obtained by compiling spectral, physical, chemical, biological, and spatial 
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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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besides spiking, giving weights (i.e., multiple entries of the same sample) to the added 

local samples can also be a cost-effective solution to increase the representativeness of 

local samples in the SSL-based models (Greenberg et al., 2022).  

Algorithms have also shown influence in predicting local sample characteristics using 

large SSL (Brown, 2007; Gogé et al., 2014; Ramirez-Lopez et al., 2013). Partial least 

squares regression is the most frequently used algorithm (Li et al., 2020; Nocita et al., 

2014). Memory-based learning algorithms, such as LOCAL, have also been gaining 

popularity due to their ease of implementation, computational speed, and accuracy 

(Sanderman et al., 2021; Shenk et al., 1997; Summerauer et al., 2021). 

Cadmium monitoring in agricultural farms can benefit from developing SSL covering 

large areas (e.g., regional, as in Chapter 3). However, the predictive performance of these 

SSLs is poor when directly applied to targeted agricultural soils (e.g., farm-scale, see 

Chapter 4). This Chapter addresses: 1) how to use SSL for predicting Cd concentration 

in local samples by applying spectral and land use similarity and 2) how to spike SSL to 

fill the gap of representativeness of local samples to quantify Cd concentration in local 

samples by vis-NIR, MIR, and pXRF spectroscopy. This chapter used the regional SSL 

from the Chapter 3 and the local set of agricultural soils from the Chapter 4 to achieve 

these objectives. 

5.2 Materials and methods 

5.2.1 Regional soil spectral library and local set 

The regional SSL for Otago and Southland (Chapter 3) contains topsoil (0−20 cm) 

samples (n=625) collected at a regular 8 km spacing covering c. 40,000 km2 between sea 

level and 2,000 m above sea level within the Otago and Southland regions, New Zealand 

(Appendix 5.1; Martin et al. (2016); Shrestha et al. (2022)). Samples within this SSL were 

collected from pasture (45%) and other land uses (55%) (Appendix 5.1). The dominant 

soil types across the SSL were non-Allophanic soils including Brown (53%) and Pallic 

(24%) soils (Fig. 5.1a; Appendix 5.1; Hewitt et al. (2021)). The total soil Cd concentration 

range across samples in this SSL was 0.005−1.31 mg Cd/kg with an average of 0.08 mg 

Cd/kg (Fig. 5.1b; Appendix 5.1).  
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The local set (Chapter 4) contained topsoil (0−15 cm) samples (n=87) collected from 30 

commercial pastoral farms with long-term phosphate fertiliser application history across 

the North Island (22) and South Island (8) in New Zealand. Details on soil sampling sites 

and the method of sampling can be found in the Chapter 3 (see also Stafford (2017)). Soil 

types represented by the local set were both Allophanic and non-Allophanic soils with 

the dominant soil samples (Allophanic 57% and Pumice 16%) not represented in the 

regional SSL (Fig. 5.1a; Appendix 5.1). The total soil Cd concentration range for the local 

set was from 0.10 to 2.03 mg Cd/kg with an average of 0.58 mg Cd/kg (Fig. 5.1b; 

Appendix 5.1).  

 

 

Fig. 5.1 a) Number of samples included in the NZSC soil orders following Hewitt (2010) 

and b) Cd concentration density plot of the regional SSL (black) and local set (grey).  

 

5.2.1.1 Spectral data collection and pre-processing 

The soil sample preparation, spectral data collection, and pre-processing followed the 

methods detailed in Chapters 3 and 4. For both the regional SSL and local set (Fig. 5.2), 

vis-NIR (350−2500 nm) reflectance spectra of the prepared samples (air-dried, sub-2 mm 
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soil) were collected using an ASD FieldSpec 3 spectroradiometer (Analytical Spectral 

Devices Inc., Boulder, Colorado, USA) fitted with a contact probe containing a 4.5 W 

halogen bulb as a light source (Fig. 2.4j). Pre-processing of the vis-NIR spectra included 

splice correction, discarding the noisiest part of the spectra (350−399 nm). The spectral 

data were converted to pseudo-absorbance (log10(R)) and finally derived and smoothed  

 

 

Fig. 5.2 A workflow diagram of the strategy applied to quantify Cd concentration in local 

samples using the regional SSL in the study. 
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using a Savitzky-Golay filter (first-order derivative, window size nine, and second-order 

polynomial) (Savitzky and Golay, 1964). 

Mid-infrared (7498−600 cm-1) diffuse reflectance spectra of the prepared samples (air-

dried and milled using a Retsch RM200 mortar grinder for 30 seconds) were collected 

using a FTIR spectrometer (Vertex 70, Bruker, Germany) equipped with a microplate 

reader extension for high throughput screening infrared spectroscopy equipment (HTS-

XT, Tensor II, Bruker, Germany) (Fig. 2.4n). Raw MIR spectra were derived and 

smoothed using a Savitzky-Golay filter (first-order derivative, window size nine, and 

second-order polynomial) (Savitzky and Golay, 1964). 

The X-ray fluorescence spectra (0−40 keV) of the prepared samples were collected using 

an Olympus Vanta C series pXRF instrument containing rhodium anode in Geochem 

mode (2 beams) (Fig. 2.4e). Air-dried and sieved to sub 2 mm samples were packed into 

a cylindrical plastic cup 22 mm height by 14 mm diameter and covered with a 4 µm thick 

polypropylene transparent film). For this study, beam 1 raw spectra were used after 

removing the first 24 wavelength data with zero spectral response values. The pXRF 

instrument has a built-in detection limit of 5 mg Cd/kg soil (Table 2.6). 

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 the regional SSL and local set 

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

components describing the greatest amount of variance in the datasets.  

5.2.2 Developing a strategy to quantify Cd concentration in 

local samples using a regional SSL 

5.2.2.1 Model development 

All chemometric analysis was performed in the R statistical environment (RStudio Team, 

2021). Three proximal sensing techniques: vis-NIR, MIR, and pXRF sensor data were 

independently used as input in the algorithms tested (Fig. 5.2). Total Cd concentration 

values were log-transformed and then mean centring and variance scaling was performed 

before use in the predictive modelling. Prediction models were developed using either 
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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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LOCAL algorithm performed with reasonable accuracy, showing a relatively low RMSE 

(0.37 mg Cd/kg), relatively high CCC (0.53), and RPIQ (1.16) (Fig 5.4a, Appendix 5.2). 

Independent of the sensors considered, models based on a lower number of samples (e.g., 

250, 350) performed with poor accuracy in general while predicting soil Cd locally (Fig. 

5.4; Appendix 5.2). Prediction models using sensor data of pastoral soil subset (RP283) 

as input for PLS or LOCAL algorithms performed with similar accuracy (RMSE of 0.38–

0.59 mg Cd/kg) than of spectrally similar subsets (Fig. 5.4; Appendix 5.2). Among the 

three proximal sensors, model using MIR data of RP283 as input for PLS performed 

optimal with an RMSE of 0.38 mg Cd/kg, CCC of 0.21, and RPIQ of 1.13 (Fig 5.4; 

Appendix 5.2). 

 

 

Fig. 5.4 Root mean square error (mg Cd/kg) of Cd concentration for local samples (n=87) 

predicted using independently three proximal sensors: vis-NIR (triangles), MIR (circles), 

and pXRF (rectangles) data of regional SSL subsets as input for PLS (hollow shapes) and 

LOCAL (black coloured shapes) algorithms. Regional SSL subsets (R200, R250, R300, 

R400, R450, R500, and R550) were selected after PCA analysis of individual sensor data 

of the regional SSL and local set. The regional SSL (R625) and the SSL pastoral soil 

subset (RP283) were included for comparison. The dashed line shows the mean Cd 

concentration (0.58 mg Cd/kg) of the local set. 
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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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relatively low RMSE values of 0.22−0.31 mg Cd/kg (Fig. 5.5c; Appendix 5.3). Prediction 

models based on spiking the large SSL subsets R550 (from vis-NIR PCA) and RP283 

vis-NIR data as input for LOCAL algorithm performed a moderate accuracy with RMSE 

values of 0.26–0.32 mg Cd/kg (Figs 5.5a and 5.5b; Appendix 5.3). Models based on 

spiking the large SSL subsets R500 (from pXRF PCA) and RP283 pXRF data as input 

for LOCAL algorithm showed poor performance, with relatively high RMSE values of 

0.32–0.40 mg Cd/kg (Figs 5.5a and 5.5d). The LOCAL algorithm outperformed PLS 

when spiked SSL subsets were used (Fig. 5.5; Appendix 5.3). It is worth noting that 

models based on LOCAL algorithm performed much more evenly regardless of the 

weights (RMSE variation of 5%), while models based on PLS regression algorithm were 

severely influenced by the weights (RMSE variation of 11%) (Fig. 5.5; Appendix 5.3). 

Prediction models quantifying Cd using MIR data from spiked SSL subsets outperformed 

models using vis-NIR and pXRF data (Fig 5.e; Appendix 5.3). Mid-IR data from 

RP283+L12×4 as input for LOCAL algorithm performed optimal with an RMSE of 0.22, 

CCC of 0.78, and RPIQ of 1.93 (Figs 5.5 and 5.6e). Spiked SSL subsets including one or 

more high Cd concentration local samples (0.6–2.0 mg Cd/kg) and filling the soil orders 

gap improved the accuracy of local sample prediction (Figs 5.6e−h). 

5.2.5 Important wavelengths to predict Cd locally using 

regional SSL subsets, and spiked regional SSL subsets 

The PLS loadings highlighted the relative importance of certain spectral regions, and 

these areas contributed to explain the performance of a particular prediction model 

developed using the regional SSL, local set, regional SSL subsets, and spiked regional 

SSL subsets (Fig. 5.7). For Cd prediction using vis-NIR data, loadings showed the 

importance of the 1300–1450 nm, 1800–2000 nm, and 2200–2500 nm regions (Fig. 5.7a), 

which corresponds to stretching and bending of molecular OH, H2O, OH bonds to Al−, 

Mg− and Fe− containing minerals and soil organic matter (Soriano-Disla et al., 2014). 

The general pattern of PLS loadings matched between local set and the regional SSL, 

while importance of the 400–850 nm region (containing organic matter and Fe oxides) 

differed between these two sets (arrow; Fig. 5.7a).  

For Cd prediction using MIR data, loadings showed the importance of the 3700–3000 cm-

1 and 2130–1700 cm-1 (Figs 5.7b and 5.7c; Appendix 2.3), which corresponds to  



 

 
 

111 

 

 
Fig. 5.7 PLS loadings of Cd concentration and spectral response for the regional soil 

spectral library (RSSL), local set, and selected regional SSL subsets a) R550, b) RP283, 

c) R450, and d) R500 and their optimal performing spiked sets. The shaded areas in the 

vis-NIR region: i) soil colour, iron oxides, and soil organic matter (400−850 nm), ii) 

minerals (1300−1450 nm), iii) Al– and Fe– containing minerals and soil organic matter 

(1800−2000 nm), and iv) Al– and Fe– containing minerals and soil organic matter 

(2200−2500 nm); in the MIR region: v) Fe– and Al– containing minerals (3700−3000 

cm-1), vi) alkyl (2929−2855 cm-1), vii) metal–carbonyl (2130−1700 cm-1), and viii) quartz 

(1100−1000 cm-1); and in the XRF region: ix) Al (1.48 keV) and x) Fe (6.40 keV). Arrows 

show the regions where PLS loadings for the regional SSL and local set differ. 
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fundamental vibrations of metal–carbonyl bonds, and the OH group of Al– and Fe–

containing minerals and H2O respectively (Wang et al., 2017; Zimmermann et al., 2007). 

The importance of the 3700–3000 cm-1 (Al– and Fe–containing minerals region) and 

2130–1700 cm-1 (metal–carbonyl region) regions were dissimilar between the regional 

SSL and local set (arrow; Figs 5.7b and 5.7c).  

For Cd prediction using pXRF data, loadings showed the importance of 1.48 keV and 

6.40 keV regions, corresponding to Al and Fe respectively (Fig. 5.7d). The PLS loadings 

for the local set were different to the regional SSL set for both Al and Cd (arrow; Fig. 

5.7d). Spiked regional SSL subsets were more similar in PLS loadings to the local set for 

MIR spectra than vis-NIR and pXRF (Fig. 5.7). 

5.3 Discussion 

5.3.2 Applicability of the regional SSL for local prediction of 

Cd concentration 

For the first time, this study used a SSL with data from three proximal sensors (vis-NIR, 

MIR, and pXRF spectroscopy) to rapidly quantify total soil Cd in samples obtained 

locally (agricultural soils). The accuracy achieved in this study to quantify total soil Cd 

which has no direct response to reflectance spectra (Kooistra et al., 2001; Wu et al., 2010) 

was reasonable (Fig. 5.6e). Proximal sensors have generally been restricted to measure 

soil properties those have spectral response in the reflectance spectra, including soil 

carbon, nitrogen, and clay content (Nocita et al., 2014; Stenberg and Rossel, 2010; Wu et 

al., 2010).  

The optimal prediction model developed using MIR data as input from the regional SSL 

pastoral soil subset (RP283) spiked with weighed local samples (Fig. 5.6e) could be 

implemented for environmental monitoring, such as the TFMS designed to monitor and 

manage Cd concentration in New Zealand agricultural soils (Gray and Cavanagh, 2022). 

Such approach could reduce the analytical cost to the farmers and allow intensive spatial 

and temporal monitoring of pastoral farms based on spectral analysis only (Shepherd and 

Walsh, 2002). In the current study, the optimal model included 12 out of 87 (14%) local 

samples analysed by the reference laboratory method, while models using proximal 
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sensor data were implemented to analyse the remaining samples. Given that a large SSL 

is available, the increase in analytical cost can be considered moderate. 

5.3.3 Role of spiking in model performance 

The prediction accuracy of models based on the regional SSL with or without adding 

local samples (spiking) to quantify Cd in local samples relied mainly on the similarity of 

(1) spectra distribution (Gogé et al., 2014) in the principal component space (Fig. 5.3), 

and (2) association of Cd with spectrally active soil components including soil organic 

matter and Al– and Fe–containing minerals (Ng et al., 2022a) as observed in the PLS 

loadings (Fig. 5.7).  

When the prediction accuracy of models based on spiked SSL subsets were compared, 

those models developed using MIR data were relatively accurate in estimating Cd locally 

(Figs 5.5 and 5.6; Appendix 5.3; Sanderman et al. (2021)). This quantification was 

possible due to the observed similarity in the PLS loadings of MIR spectra between the 

spiked SSL pasture subset and the local set (Fig. 5.7b) indicating that Cd in both sets were 

associated with Al– and Fe–containing minerals (3700–3000 cm-1) and metal–carbonyl 

groups (2100–1730 cm-1) (Appendix 2.3; Janik et al. (1998); Niazi et al. (2015); Wang et 

al. (2017)).  

Noise from overtones captured by the vis-NIR spectra from the fundamental vibrations 

of molecular bonds and functional groups (Siebielec et al., 2004; Stenberg and Rossel, 

2010) limited the accuracy of prediction models using this sensor data (Figs 5.6e and 5.6f; 

Appendix 5.3). In general, the poor performance of models using pXRF data to quantify 

Cd in local samples may be mainly related to the low Cd concentration in the regional 

SSL samples (average=0.08 mg. Cd/kg soil; Fig. 5.1b) (Lemière, 2018; Weindorf and 

Chakraborty, 2020).  

The moderated success in predicting Cd achieved by the selection method may have been 

influenced by the limited comprehensiveness of the regional SSL used in this study (Figs 

5.1, 5.4, and 5.6a-d; Appendix 5.1; Gomez et al. (2020)). The regional SSL in the current 

study is dominated by Brown soils (53%) order, the absence of Allophanic soils, while 

the Cd concentration distribution is skewed to the right with mostly less than 0.5 mg 

Cd/kg soil, and contrasted land-use types, with more than 50% samples represent non-
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pasture land use (Chapter 3; Appendix 5.1). The “bias” found in the regional SSL may 

have caused poor predictive accuracy due to: (1) the difference in spectral similarity of 

soil types to Allophanic and Pumice soil present in the local set (Fig. 4.5; Chapter 4; 

Asgari et al. (2020)), (2) difference in the spectral characteristics of non-pastoral samples 

in the regional SSL to only pastoral samples in the local set (Fig. 5.3), and (3) soil depth 

difference between the local set (0−15 cm) and the SSL (0−20 cm) which might have 

created noise to predict Cd using the regional SSL (Moura-Bueno et al., 2020).  

Selecting representative samples with common land use in both the regional SSL and 

local set increased the success when predicting Cd locally up to a point (i.e., RP283; Fig. 

5.6a). This finding is in line with Moura-Bueno et al. (2020) who found that land use-

based selection of a vis-NIR SSL subset for soil organic carbon prediction in local 

samples outperformed other selection methods such as geographic regions, soil texture 

class, and spectral similarity. This selection method based on land use (up to a moderate 

number of samples of 283) promoted that the samples included later in the model were 

(1) spectrally similar and (2) the range of Cd concentration was comparable (Figs 5.1, 

5.3, and 5.7b) as shown by Lobsey et al. (2017) for local carbon prediction using the 

spectral library.  

Selection based on spectral similarity alone (e.g., using PCA) may allow a moderately 

accurate prediction of Cd (Fig. 5.4). Nawar and Mouazen (2018) also described superior 

accuracy when predicting soil carbon locally (based on the vis-NIR sensor) by analysing 

similarity with PCA. Principal component analysis selected a subset of samples 

contributing to predict soil carbon, while the Kennard-stone sampling and random 

selection methods were less successful in their study (Nawar and Mouazen, 2018).  

Spiking (particularly in combination with selection and weighing: RP283+L12×4; Figs 

5.6 and 5.7) provided an additional advantage when predicting Cd locally, improving the 

accuracy of prediction models based on MIR data from SSL subsets with local samples 

by 27% (Fig. 5.6; Appendix 5.1). The improvement in Cd prediction may be caused by 

spiking the SSL subset with 12 local samples including Allophanic and Pumice soils and 

≥0.6 mg Cd/kg, thus filling key gaps in the database (pedodiversity and concentration) 

(Brown, 2007; Guerrero et al., 2010; Wetterlind and Stenberg, 2010).  

Regarding the algorithms considered in this study, LOCAL and PLS, LOCAL was robust 

while PLS was sensitive to spiking and weights (Figs 5.5 and 5.6; Appendices 5.1 and 
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5.2). Thus, LOCAL algorithm should be preferred for consistency. The LOCAL 

algorithm selects similar but unique sample spectra and discards duplicates (Shenk et al., 

1997). LOCAL algorithm approach of selecting similar spectra from the SSL and 

developing a local model specific to the dataset showed better performance than PLS 

(Dangal et al., 2019). In contrast, PLS selects latent variables based on co-variance in the 

dataset showing improved accuracy with higher weights for spiked samples (Greenberg 

et al., 2022; Jiang et al., 2017). Quantitative representation with spiking and weights in 

PLS improved Cd prediction but did not reach the same accuracy as spiking without 

weights in LOCAL algorithm (Figs 5.5 and 5.6; Appendices 5.1 and 5.2).  

5.3.4 Practical implications and limitations of SSLs 

National level soil monitoring can benefit from building a national SSL, which could 

contribute to a cost-effective assessment of soil properties including Cd concentration at 

the local scale using proximal sensors (Ng et al., 2022a). The SSLs developed by 

institutions and countries available in the public domains (e.g., Mendes et al. (2022); 

Viscarra Rossel et al. (2016)) using sensors with different specifications may require 

standardisation before they can be applied to different setups (also known as calibration 

transfer) to quantify soil properties (Pittaki-Chrysodonta et al., 2021; Sanderman et al., 

2021). The development of (pedo-)transfer functions correcting field variations of soil 

moisture, texture, and matrix effect for each soil type are essential to use the SSLs to 

monitor local soil properties on the go including airborne and spaceborne (hyperspectral) 

remote sensing (Kuang and Mouazen, 2013; Minasny et al., 2011; Wang et al., 2022). 

5.4 Conclusions 

Soil spectral libraries could potentially be used to quantify total soil Cd in local samples 

to support Cd monitoring. This study developed a strategy to customise a prediction 

model using individual proximal sensor data that could accurately quantify Cd at a farm 

scale while leveraging a soil spectral library containing data from three proximal sensors. 

Overall, models using MIR sensor data as input for LOCAL algorithm outperformed vis-

NIR and pXRF to quantify Cd at low concentration (≤2 mg Cd/kg). This study provided 

a mechanistic explanation of accurate Cd quantification through SSL subset selection and 

spiking using PLS loadings. Mid-IR sensor quantified Cd associated with similar 
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spectrally active soil components in the regional SSL and local set for accurate prediction. 

Selection of SSL subset with similar land use to local samples improved total soil Cd 

prediction. In the scenario where there is a lack of land use information, a SSL subset 

with a similarity of spectra in the principal component space to local samples can be 

useful for predictive modelling. For SSLs which are limited in coverage of soil orders 

and Cd concentration, spiking the SSL subset using local samples that “fill the gap” can 

improve prediction accuracy. Using spectral data, the Kennard-Stone sampling method 

can efficiently select local samples to be included in the SSL-based model. Developing 

SSL at the national scale covering all pedogenic variations, land uses, and soil properties 

of concern can make local sample characterisation inexpensive and rapid for data driven 

decision making processes.  
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Chapter 6  

Analysis of reflectance and fluorescence spectra 

to assess cadmium in soil and plant: glasshouse 

experiments with chicory (Cichorium intybus L.) 

 

Abstract 

Regular soil Cd assessment has been implemented as a part of the Cd monitoring strategy 

in New Zealand to reduce the environmental, economic, and health risks of Cd 

accumulation in agricultural soils. Proximal sensing techniques including vis-NIR, MIR, 

and pXRF spectroscopy are increasingly considered as an inexpensive complement to 

reference laboratory methods. Using proximal sensors to estimate Cd in plants, along with 

Cd in soils, will help to monitor Cd accumulation and translocation by plants. Two 

independent glasshouse experiments were conducted using Pallic soil (experiment I) and 

Allophanic soil (experiment II) amended with increasing Cd concentrations (0, 0.5, 0.75, 

1.0, 2.0, 3.5, and 5 mg Cd/kg soil), with and without chicory (Cichorium intybus L.) plants 

with four replicates of each treatment combination. Soil and plant aboveground biomass 

were sampled periodically and plant roots were harvested at the end of each experiment. 

In-situ soil and leaf clip vis-NIR spectra were collected and representative prepared soil 

and plant samples were scanned using vis-NIR, MIR, and pXRF sensors in the laboratory. 

Cross-validated prediction models to quantify Cd concentration in soil and plant samples 

were developed implementing partial least squares regression analysis of pre-processed 

spectra. Model predictions were used to estimate Cd bioconcentration and translocation 

factor values for chicory. There was a significant relationship (R2=0.74, p<0.001) 

between measured and predicted translocation factor values. There was a significant 

relationship (R2=0.36; p<0.001) between plant above-ground biomass Cd and a blue 

green index 2 (R450/R550). A model using in-situ leaf clip vis-NIR spectra quantified plant 

above-ground biomass Cd (n=82, 2.40–56.77 mg Cd/kg) reasonably well with nRMSEcv 

of 28% and CCCcv of 0.93. A model using laboratory vis-NIR spectra predicted well Cd 
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in Pallic soil (n=224; 0.17–5.45 mg Cd/kg) with nRMSEcv of 22% and CCCcv of 0.97. 

Models using pXRF spectra assessed Cd concentration in Allophanic soils (n=112, 0.41–

4.81 mg Cd/kg) and plant root (n=28, 0.86–25.79 mg Cd/kg) very well with nRMSEcv of 

16% and 9% and CCCcv of 0.95 and 0.99, respectively. The quantitative prediction 

models developed in this study showed potential to rapidly assess soil and plant Cd 

concentrations and to calculate translocation factor values for evaluating Cd food chain 

transfer risks.  

6.1 Introduction  

Plant Cd accumulation from agricultural soils with long-term phosphate fertiliser 

application history has raised public concern due to the potential health impact of Cd in 

food product (Morgan, 2010). Soil-to-plant transfer is the major pathway for human and 

animal exposure to Cd (Järup and Åkesson, 2009). Studies have shown that agricultural 

soil Cd concentration have increased from background level (Abraham, 2018; Cavanagh 

et al., 2015; Reiser et al., 2014) and at elevated soil concentrations, phyto-available Cd 

may also increase (Ubeynarayana et al., 2021). Soil Cd availability for plant uptake is 

influenced by multiple edaphic and management factors including soil pH, organic matter 

content, clay minerals, and liming (Christensen and Haung, 1999; Cottenie and Verloo, 

1984; Loganathan et al., 2012; Marković et al., 2019).  

Plants including forage herb species such as chicory (Cichorium intybus L.) accumulate 

phyto-available Cd from the soil to root and then translocate this TE to aboveground 

biomass (Abe et al., 2008; McKone and Maddalena, 2007). The Cd bioconcentration 

factor (BCF) can be defined as a plant’s ability to accumulate Cd and is a function of the 

soil Cd concentration (Zayed et al., 1998), while the Cd translocation factor (TF) can be 

defined as a plant’s ability to translocate root accumulated Cd to aboveground biomass 

(Mattina et al., 2003). Literature studies have shown that for plants grown in soil 

containing 0.2 to 11 mg Cd/kg soil, Cd BCF and TF values were found in a wide range 

(Cd BCF root biomass: 0.9–1011, Cd BCF aboveground biomass: 0.1–453, and Cd TF: 

0.3–29) (Abe et al., 2008; Guérin et al., 2022; Stafford et al., 2016; Yang et al., 2021). 

Consumption of plants with a high Cd BCF or high TF may expose pasture grazing 

animals to dietary accumulation of Cd (Anderson et al., 2022; Lee et al., 1996).  
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Proximal sensing techniques including vis-NIR (350–2500 nm), MIR (4000–400 cm-1), 

and pXRF (0–40 keV) spectroscopy are widely deployed to assess total soil Cd in mining 

areas and across contaminated agricultural soils (Nawar et al., 2019). The use of proximal 

sensors to estimate Cd concentration in plant samples is limited to concentration inducing 

stress or toxicity in the plant (Artz et al., 2008; Shi et al., 2016; Sridhar et al., 2007). 

Cadmium assessment in soil using reflectance spectroscopy is linked to the association of 

Cd with spectrally active soil components including soil organic matter and Al–, Fe–, and 

Mn–containing minerals (Soriano-Disla et al., 2014) whereas spectral information from 

plants may indicate changes in pigment content, cell structure, and biochemical 

composition maybe due to Cd accumulation (Rathod et al., 2018; Shi et al., 2016).  

Portable-XRF and vis-NIR spectroscopy has been used to estimate Cd at concentration 

that will induce stress or toxic effect in plants such as Festuca sp., Miscanthus 

sacchariflorus, and Phalaris aurundinacea (Feng et al., 2019; Götze et al., 2010; 

McGladdery et al., 2018). Mid-IR spectroscopy has been applied to assess plant 

composition, plasticity, and disease as this technique is capable of distinguishing the 

principal chemical classes such as carbohydrates, proteins, and fats through the 

fundamental vibrational characteristics of their structural chemical bonds (Artz et al., 

2008; Largo-Gosens et al., 2014; Zhang et al., 2017). Using pXRF spectra as input for 

simple linear regression model developed to predict Cd, McGladdery et al. (2018) 

estimated plant Cd concentration (10–265 mg Cd/kg dry matter) with RMSE of 0.07 mg 

Cd/kg, R2 of 0.75, and RPIQ of 3.27. Most of these studies scanned plant materials in 

laboratory conditions, i.e., dried, ground/sieved samples.  

In-situ plant vis-NIR spectra have shown promising results in assessing plant Cd 

accumulation to toxic concentration (Rathod et al., 2015a; Sridhar et al., 2007). In-situ 

measurement is taken in the field in proximity or contact with the plant. The resulting 

plant spectra contain information on differences in pigment content, leaf thickness, and 

biochemical composition that may be due to Cd accumulation (Bandaru et al., 2010; 

Rosso et al., 2005). Feng et al. (2019) used in-situ vis-NIR spectra as input for PLS and 

developed prediction models to estimate Cd in leaves (up to 800 mg Cd/kg DM) and roots 

(up to 12000 mg Cd/kg) with R2 0.87 and 0.88, and RMSE of 92 mg Cd/kg DM and 1640 

mg Cd/kg DM, respectively.  
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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 Materials and methods  

6.2.1 Experiment set up and management 

Two independent glasshouse experiments (I and II) were conducted during 2020–2021. 

Topsoils (0−20 cm) were collected from two typical dairy farms with contrasting and 

characteristic agricultural soil types in New Zealand, one Pallic soil and another 

Allophanic soil (Hewitt et al., 2021). For experiment I, an Argillic-fragic Perch-gley 

Tokomaru Pallic Soil (Planosols as per World Reference Base; Aeric Kandiaqualf as per 

United States Soil taxonomy) was collected from Dairy No. 4 farm of Massey University, 

Manawatu campus in January 2020. For experiment II, a Typic Orthic Allophanic soil 

(Andosols as per World Reference Base; Typic Hapludand as per United States Soil 

taxonomy) was collected from a commercial dairy farm in Stratford, Taranaki in October 

2020. The physical and chemical properties of these two soils are summarised in Table 

6.1. Cadmium concentration in both soils were within the background levels obtained in 

New Zealand (Cavanagh et al., 2015). Total soil Cd concentration in the Allophanic soil 

was higher than in the Pallic soil, and this may be related to (1) the influence of parent 

material and/or (2) a history of greater amount of phosphate fertiliser input to the 

Allophanic soil as observed in the total phosphorus concentration for the two soil types 

(Table 6.1; Chapter 4; Hewitt et al. (2021); Longhurst et al. (2004)).  

 

Table 6.1 Soil physical and chemical properties of Pallic and Allophanic soils (0−20 cm) 

used in the study.  

Soil properties Experiment I Experiment II 

NZ soil classification order1 Pallic Allophanic  

Physical properties2   

Bulk density (g/cm3) 1.01 0.70 

Soil texture Silt loam Loam 

Chemical properties2   

Total Cd (mg/kg) 0.21 0.46 

Soil pH 5.30 5.62 

Total C (%) 7.62 9.84 

Total N (%) 0.26 0.82 

Total P (mg/kg)  0.44 1.94 

CEC (cmol/kg) 22 17 
1Hewitt (2010), 2Blakemore et al. (1987) 
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At both sites, topsoil was collected, air-dried, and sieved to sub-4 mm. Based on bulk 

density, 1500 g Pallic soil (experiment I) and 1127 g Allophanic soil (experiment II) was 

used to fill 2 L plastic pots to 11.8 cm depth with a soil volume of 1485 cm3 (Table 6.1; 

Figs 6.1a and 6.1b). Soil was amended with seven increasing Cd concentrations 

treatments: 0 (control), 0.50, 0.75, 1.0, 2.0, 3.5, and 5.0 mg Cd/kg soil. Cadmium was 

sprayed evenly to weighed soils using the corresponding volume taken from 0.08 mg 

Cd/ml solution prepared using cadmium chloride (CdCl2.2.5H2O) that would give the 

target soil Cd concentrations (Figs 6.1c, 6.1d, and 6.1e). Following careful soil mixing, 

the potted soil was watered to 70% field capacity using deionised water. Then pots were 

kept at 25°C for a 15-day period (Kim, 2006). This process was repeated for two further 

cycles allowing Cd to adsorb within the soil matrix (Ubeynarayana et al., 2021). 

For each experiment, eight replicate pots per Cd treatment were used for a total number 

of 56 pots. Out of the eight pots per Cd treatment, four were planted with chicory 

(Cichorium intybus L. cultivar “Puna II”) and four were left as unplanted control (Fig. 

6.1l). Additionally, one unplanted control pot for each Cd concentration treatment was 

maintained to backfill the soil sampling spot. Chicory seedlings were initially grown in a 

controlled temperature room at 21°C with a 12-hour photoperiod. Two seeds were placed 

near the surface of each hole of the seedling tray filled with propagation sand. Water 

content was maintained manually to keep the propagation sand moist. Two chicory 

seedlings each in the appropriate pots were transplanted after 17 days of seed sowing on 

22 June 2020 and 19 March 2021 for experiments I and II, respectively (Fig. 6.2). All 

pots were watered regularly to reach 70% water-holding capacity. Pots were kept inside 

the controlled temperature room at 21°C with a 24-hour photoperiod for a week after 

transplanting to ensure establishment. After a week, one seedling was removed from each 

pot and pots were transferred to a glasshouse.  

Both experiments were carried out in the glasshouse conditions at a mean day/night 

temperature of 19°C (15–28°C) over the length of both experiments. Lights were used to 

maintain a 12-hour photoperiod. All pots were laid out in a completely randomised design 

and rotated weekly. Soil water content was maintained at up to 70% water-holding 

capacity throughout the two experiments by regular watering. No mineral fertilisers were 

added. Experiments were carried out 18 weeks after transplanting (experiment I, 127 days 

and experiment II, 132 days) (Fig. 6.2).  
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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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6.2.3 Soil and plant Cd analyses 

Soil and plant samples collected from each sampling event were analysed for total Cd 

concentration. Briefly, total Cd was determined from a sub-2 mm 1 g (soil) or 0.1 g (plant) 

subsample digested with 10 ml concentrated nitric acid (HNO3) in the heating block for 

2 h (Kovács et al., 2000). The remaining solution was filled to a standard 25 ml volume 

with 2% HNO3 before analysing in the graphite furnace atomic absorption spectrometer 

(GFAAS PinAAcle 900Z, PerkinElmer, UK).  

Laboratory Cd analysis was continuously disrupted due to Covid-19 lockdowns and 

associated workplace and travel restrictions during 2021. Consequently, only a subset of 

samples (448 soil samples, 110 aboveground biomass samples, and 28 root samples; 

Appendix 6.1), covering Cd concentration variability, were analysed by GFAAS. 

6.2.4 Spectral data collection and pre-processing 

6.2.4.1 In-situ vis-NIR spectra of soil and plant 

At each soil sampling (Fig. 6.2), in-situ soil was scanned in three spots in each pot using 

an ASD FieldSpec 4 spectroradiometer collecting ten vis-NIR spectra from each spot 

(Figs 6.1i and 6.2n). The instrument was calibrated using a Spectralon white reference 

panel at the start and after every ten spectra measurements. At each harvest, three newly 

developed leaves in each pot were scanned by a leaf clip connected to the ASD FieldSpec 

4 spectroradiometer through optic fibre, collecting 30 total spectra per pot (Fig. 6.1k).  

6.2.4.2 Laboratory scanning of soil, plant aboveground biomass, and 

root samples  

Air-dried soil and fine ground plant subsamples were scanned using the three proximal 

sensing techniques: vis-NIR, MIR, and pXRF sensors in the laboratory. Details on sensors 

and scanning can be found in Chapters 2 (Fig. 2.4), 3, and 4. Briefly, an ASD FieldSpec 

3 spectroradiometer was used to record a vis-NIR (350–2500 nm) reflectance spectra 

which was an average of 50 internal readings within the scanning period (Fig. 2.4j). Each 

sample was scanned in triplicate, rotating petri dish containing sample clockwise 90° 

angle. A Fourier-transform infrared spectrometer (Vertex 70, Bruker, Germany) equipped 
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with a microplate reader extension for high throughput screening infrared spectroscopy 

equipment (HTS-XT, Tensor II, Bruker, Germany) was used to record diffuse MIR 

(7498–600 cm-1) reflectance spectra of samples (four replicate per sample) (Fig. 2.4n). 

An Olympus Vanta C series pXRF instrument containing a rhodium anode was used to 

measure XRF (0–40 keV) spectra in Geochem mode (2 beams) applying settings of 45 

seconds for each beam and each sample was scanned duplicate (Fig. 2.4e).  

6.2.4.3 Spectra pre-processing 

Spectra collected from in-situ and laboratory scanning were pre-processed before further 

analysis. The data processing follows the method described in Chapters 2, 3 and 4. 

Briefly, from in-situ and laboratory vis-NIR spectra from both soil and plant samples, the 

noisiest part of the spectra 350–399 nm was discarded. In MIR spectra, only the 4000–

605 cm-1 part of the spectra was used for predictive modelling. Reflectance spectra were 

derivated and smoothed using a Savitzky-Golay filter (first-order derivative, window size 

of nine and second-order polynomial) (Savitzky and Golay, 1964). From pXRF data, 

beam 1 raw spectra were used after removing the first 24 wavelength data with zero 

spectral response values. The principal component analysis (PCA) of spectral data was 

performed to reduce the multi-dimensionality of spectral data into few principal 

components. Spectral data were centred before performing PCA. The distribution of 

experiments I and II soil, plant aboveground biomass, and root samples in the principal 

components space were plotted using the first two principal components describing the 

greatest amount of variance in the datasets.  

6.2.5 Modelling framework 

Predictive models to quantify Cd in soil (Pallic and Allophanic soils) and plant 

(aboveground biomass and root) samples were developed using the spectral information 

from both in-situ and laboratory scanning as input for PLS regression (Wold et al., 1983). 

Datasets used for predictive modelling included the reference laboratory Cd analysis 

results from experiment I Pallic soil (n=336) and aboveground biomass (n=28), and 

experiment II Allophanic soil (n=112), aboveground biomass (n=82), and root (n=28). 

During the model development, hyper-parametrisation of the prediction method tested 

was carried out using repeated k-fold cross-validation with 10 folds and 25 repeats, with 
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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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Table 6.2 Vegetation indices used in the study. 

Vegetation indices Formulas Biological parameters References 

Blue green index 2 R450/R550 A low value indicates 

stress due to low 

chlorophyll or high lignin 

content. 

(Zarco-Tejada et 

al., 2005) 

    

Modified 

chlorophyll 

absorption ratio 

index 1 

((R700 − R670) − 0.2  (R700 − 

R550))  (R700/R670) 

A high value indicates 

low chlorophyll content, 

and high leaf area index. 

(Daughtry et al., 

2000) 

    

Red green 

reflectance ratio  

sum (R600:R699))/sum 

((R500:R599)) 

A high value of this index 

indicates increase in 

anthocyanin pigment to 

detoxify accumulated Cd 

(Dai et al., 2006; 

Gamon and 

Surfus, 1999) 

    

Simple ratio index 

6 
R672/(R550  R708) A high value indicates 

high total carotenoids 

content maybe due to less 

Cd accumulation.  

(Datt, 1998; Fan 

et al., 2023) 

    

Transformed 

chlorophyll 

absorption in 

reflectance index 

3  ((R700 – R670) – 0.2  ((R700 

– R550)  (R700 / R670))) 

A high index value means 

less chlorophyll content. 

(Haboudane et 

al., 2002) 

 

Two Cd BCFs for each treatment and experiment were calculated as a ratio of chicory 

root or aboveground biomass to soil Cd concentration (Equations (2) and (3); Ait Ali et 

al. (2002)). The Cd TF for each treatment and experiment was calculated as a ratio of 

chicory aboveground biomass to root Cd concentration (Equation (4); Mattina et al. 

(2003)).  

Cd BCF root =  
Plant root Cd concentration (mg Cd/kg)

Soil Cd concentration (mg Cd/kg)
          (2) 

Cd BCF aboveground biomass =  
Plant aboveground biomass Cd concentration (mg Cd/kg DM)

Soil Cd concentration (mg Cd/kg)
 …..(3) 

Cd TF =  
Plant aboveground biomass Cd concentration (mg Cd/kg DM )

Plant root Cd concentration (mg Cd/kg DM)
           (4) 

6.2.8 Statistical analyses 

The R statistical environment was used to perform all statistical analyses (R Core Team, 

2021). The distribution of the quantitative data was assessed using the Shapiro-Wilk 

normality test. Outliers were removed and non-normal data were transformed before 

further statistical analysis. Statistical summary of soil and plant aboveground biomass 

and root Cd concentrations in each experiment were determined and tabulated. The effect 
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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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concentration range of 0.52 to 5.45 mg Cd/kg for experiment I and 0.84 to 4.81 mg Cd/kg 

soil for experiment II (Table 6.4). For chicory plants growing on the control treatment (0 

mg added Cd/kg soil), the average Cd concentration was 3.93 mg Cd/kg DM in 

aboveground biomass for experiment I and 3.16 mg Cd/kg DM in aboveground biomass 

and 1.27 mg Cd/kg DM in root biomass for experiment II (Table 6.4; Appendix 6.2). 

Amendment of soil with increasing Cd concentrations resulted in an aboveground 

biomass Cd concentration range of 3.47 to 74.48 mg Cd/kg DM for experiment I and 2.40 

to 56.77 mg Cd/kg DM for experiment II; and in a root biomass Cd concentration range 

of 0.86 to 25.79 mg Cd/kg DM for experiment II (Table 6.4; Appendix 6.2). Chicory 

aboveground biomass and root Cd concentration were significantly different among 

treatments (p<0.05) (Appendix 6.3).  

 

Table 6.4 Measured soil and chicory aboveground and root biomass Cd concentrations 

in the glasshouse experiments I and II with amended increasing soil Cd concentrations. 

Parameters 

Experiment I Experiment II 

Soil 

Chicory 

Soil 

Chicory 

Aboveground 

biomass 

*Root 

biomass 

Aboveground 

biomass 

Root 

biomass 

mg Cd/kg soil mg Cd/kg DM mg Cd/kg soil mg Cd/kg DM 

Number of samples 336 28 – 112 82 28 

Minimum 0.17 3.47 – 0.41 2.40 0.86 

Mean 1.89 24.21 – 1.82 18.84 6.69 

Maximum 5.45 74.48 – 4.81 56.77 25.79 

Skewness 0.89 0.90 – 1.01 0.90 1.52 

*No root samples were analysed from experiment I.  

 

6.3.3 Cadmium bioconcentration and translocation factors 

The Cd BCF and TF values for chicory were calculated using predicted Cd concentration 

of soil and chicory aboveground and root biomass (Fig. 6.3). The Cd BCF values for 

chicory root were significantly different among treatments in both experiments I (p<0.01) 

and II (p<0.05) (Fig. 6.3). The Cd BCF values were in the range of 2.6–12.4 (Figs 6.3a 

and 6.3b). In experiment I, BCF values were in the range of 2.8–12.4 (Fig. 6.3a). In 

experiment II, BCF values were in the range of 2.6–4.1 (Fig. 6.3b). The Cd BCF values 
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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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for chicory aboveground biomass values were significantly (p<0.05) different among 

treatments in both experiments (Figs 6.3a and 6.3b). The BCF values were in the range 

of 9.0–30.8 (Figs 6.3a and 6.3b). In experiment I, BCF values were in the range of 12.7–

30.8 (Fig. 6.3a). In experiment II, BCF values were in the range of 9.0–11.8 (Fig. 6.3b). 

The Cd TF values for chicory were in the range of 2.2–6.1 (Figs 6.3a and 6.3b). The TF 

values were significantly different among treatments in experiment I (p<0.01) (Fig. 6.3a). 

In experiment I, the TF values were in the range of 2.2–6.1 (Fig. 6.3a). In experiment II, 

TF values were in the range of 2.4–3.9 (Fig. 6.3b). A significant relationship (R2=0.74, 

p<0.001, n=27) between predicted and measured TF was found for samples in experiment 

II (Fig. 6.3c). 

6.3.4 Spectral similarity 

The PCA plots presented in Figure 6.4 show the clustering of soil, aboveground biomass, 

and root samples in experiments I and II as per spectra characteristics (Fig. 6.4). 

Following PCA, the space defined by the first two principal components showed a 

clustering of soil and plant aboveground biomass samples into two clusters of experiment 

I and II separately as per laboratory vis-NIR, MIR, and pXRF spectra (Figs 6.4a and 6.4b), 

which can be interpreted as prediction models should be developed independently for 

each experiment. Whereas, following PCA, the space defined by the first two principal 

components showed some overlap between experiment I and II samples of soil and plant 

aboveground biomass as per in-situ vis-NIR spectra and of root biomass as per laboratory 

pXRF spectra (Figs 6.4a and 6.4b); this can be interpreted as a common prediction model 

can be developed combining spectral data from two experiments or a prediction model 

developed from one experiment can be used to predict the Cd concentration in the samples 

of another experiment. The first two principal components (PC1 and PC2) of soil pXRF 

spectra explained 99.5% spectral variance, with this value reduced to 98.5%, 85%, and 

82% for the MIR, in-situ vis-NIR, and laboratory vis-NIR spectra, respectively (Fig. 

6.4a). The first two principal components of aboveground biomass pXRF spectra 

explained 95% spectra variance, with this value reduced to 86%, 80%, and 67% for the 

laboratory vis-NIR, in-situ vis-NIR, and MIR spectra, respectively (Fig. 6.4b). The first 

two principal components of root pXRF spectra explained 96% spectral variance, with 
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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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6.3.5 Using in-situ spectra and vegetation indices to assess plant 

Cd concentration 

Averaged in-situ spectra from aboveground chicory biomass showed variation in the 

spectral response in the 700–1350 nm region in both experiments (cell structure; Fig. 

6.5a). In general, the reflectance of plants in this region showed a difference for those 

grown in both soils amended with more than 2 mg Cd/kg soil when compared to those 

with less than 2 mg Cd/kg (Fig. 6.5a). Linear correlations were significant (r=-0.8–0.7;  

 

 

Fig. 6.5 a) In-situ vis-NIR reflectance spectra averaged for each Cd treatment, and b) 

linear correlations between transformed in-situ spectra wavelengths and plant 

aboveground Cd concentration measured before the first harvest in experiments I and II. 
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The black part of the line represents significant correlations (p<0.05) whereas the grey 

part represents non-significant correlations. The shaded area in the vis-NIR region: 350–

700 nm (pigments), 700–1350 nm (cell structure), 1350–2500 nm (biochemical 

composition). Grey vertical lines represent 450 nm (blue), 510 nm (green), 680 nm (red), 

and 670–780 nm (red edge position).  

p<0.05, n=28) between plant aboveground biomass Cd concentration in the first harvest 

and the specific regions of in-situ spectra collected before the first harvest in both 

experiments (Fig. 6.5b). Correlation values of more than 0.4 or less than -0.4 were 

significant in this analysis (Fig. 6.5b). In experiment I, a negative correlation (r=-0.5; 

p<0.05; n=28) was observed at 664 nm and a positive correlation (r=0.6; p<0.05; n=28) 

at 778 nm (Fig. 6.5b). In experiment II, a strong negative correlation (r=-0.8; p<0.05; 

n=28) (6.5b) was observed at 476 nm and a strong positive correlation (r=0.7; p<0.05; 

n=28) was observed at 1079 nm (Fig. 6.5b). A significant relationship (R2=0.15–0.36; 

p<0.05) between vegetation indices and plant aboveground biomass Cd concentration 

was found in both experiments (Table 6.5). In experiment I, simple ratio index 6 showed 

the highest R2 value of 0.23 (Table 6.5). In experiment II, blue green index 2 showed the 

highest R2 value of 0.36 (Table 6.5).  

 

Table 6.5 Regression analysis of vegetation indices in relation to aboveground biomass 

Cd concentration measured for the first harvest in experiments I (n=28; 3.47–74.48 mg 

Cd/kg DM) and II (n=27; 2.40–32.11 mg Cd/kg DM). 

Vegetation indices 
Experiment I Experiment II 

R2 p-value R2 p-value 

Blue green index 2 0.19 <0.05 0.36 <0.001 

Modified chlorophyll absorption ratio index 1 0.18 <0.05 0.26 <0.01 

Red green reflectance ratio  0.15 <0.05 0.30 <0.01 

Simple ratio index 6 0.23 <0.01 0.25 <0.01 

Transformed chlorophyll absorption in 

reflectance  
0.20 <0.05 0.17 <0.05 

 

6.3.6 Prediction of soil and plant Cd using laboratory spectra  

Cross-validation prediction models were used to quantify Cd in soil and chicory 

aboveground biomass and root samples (Figs 6.6 and 6.7; Appendices 6.5, 6.6, 6.7, and 
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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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Fig. 6.8 Variable importance in projection (VIP) highlighting the importance of specific 

regions of laboratory MIR, pXRF, and vis-NIR, and in-situ vis-NIR spectra to quantify 

soil Cd in a) Pallic soil (experiment I) and b) Allophanic soil (experiment II). The shaded 

area in the vis-NIR region: i) soil colour, iron oxides, and soil organic matter (400−850 

nm), ii) minerals (1300−1450 nm), iii) Al– and Fe–containing minerals and soil organic 

matter (1800−2000 nm), and iv) Al– and Fe–containing minerals and soil organic matter 

complex (2200−2500 nm); in the MIR region: v) Al– and Fe–containing minerals 

(3700−3000 cm-1), vi) alkyl (2929−2855 cm-1), vii) metal–carbonyl (2130−1700 cm-1), 

viii) quartz (1100−1000 cm-1); and in the XRF region: ix) Al (1.48 keV), x) Fe (6.40 keV), 

and xi) Cd (23.17 keV).  



 

141 

 

 

Fig. 6.9 Variable importance in projection (VIP) highlighting the importance of specific 

regions of laboratory MIR, pXRF, and vis-NIR, and in-situ vis-NIR spectra to predict 

plant Cd in a) aboveground biomass and b) root. The shaded area in the vis-NIR region: 

xii) pigments (350–700 nm), xiii) cell structure (700–1350 nm), xiv) biochemical 

composition (1350–2500 nm). Grey vertical lines represent xv) blue (450 nm), xvi) green 

(510 nm), xvii) red (680 nm) and the red edge position (670–780 nm). In the MIR region: 

xviii) O–H and N–H stretching vibration (3500–3000 cm-1), xix) CH3 and CH2 stretching 

vibration (3000–2800 cm-1), xx) ester-containing compounds commonly found in 

membrane lipid and cell wall pectin; amide I and II in proteins and vibrations of aromatic 

ring like lignin derivatives (1800–1200 cm-1), xxi) cellulose in the leaves characterised 

by C–H bending or C–O or C–C stretching (1100–1000 cm-1). Grey vertical lines 

represent xxii) CH3 and CH2 bending motion (1460–1400 cm-1), xxiii) C–O stretching in 

ester and amide III (1235–1153 cm-1). In the XRF region: xxv) Al (1.48 keV), xxvi) Fe 

(6.40 keV) and xxvii) Cd (23.17 keV). 
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NIR spectra predicting Cd in plant aboveground biomass performed reasonably well 

(nRMSEcv=28%, CCCcv=0.93; Figs 6.5 and 6.6; Appendix 6.8). A prediction model using 

pXRF data predicting Cd in root performed very well with nRMSEcv of 9% and CCCcv of 

0.99 (Figs 6.5 and 6.6; Appendix 6.4). 

The PLS variable importance in projection highlighted the relative importance of certain 

spectral regions, and these areas contributed to explain the performance of a particular 

prediction model (Figs 6.8 and 6.9). To quantify Cd in Pallic soil, variable importance in 

projection showed the importance of several regions of laboratory vis-NIR spectra: 400–

850 nm (iron oxides and soil organic matter), 1800–2000 nm (Al– and Fe–containing 

minerals and soil organic matter), and 2200–2500 nm (Al–OH or Fe–OH bearing 

minerals and soil organic matter complex) regions (Fig. 6.8a; Appendix 2.1). To quantify 

Cd in aboveground biomass, variable importance in projection showed the importance of 

the regions 700–1350 nm (cell structure) and 1350–2500 nm (biochemical composition) 

in in-situ vis-NIR spectra (Fig. 6.9a). To quantify Cd in Allophanic soils and root, variable 

importance in projection showed the importance of the Al (1.48 keV), Fe (6.40 keV), and 

Cd (23.17 keV) regions in pXRF spectra (Fig. 6.8b and 6.9b).  

6.4 Discussion 

In this Chapter, three proximal sensors (vis-NIR, MIR, and pXRF) were assessed 

independently to quantify Cd in agricultural soil and chicory (aboveground biomass and 

root) samples (Figs 6.6 and 6.7). This study evaluated the effect of wide concentrations 

of soil Cd on plant biomass and Cd uptake, applied vegetation indices as an indicator of 

plant Cd concentration, and quantified soil and plant Cd using in-situ and laboratory 

scanning data. 

6.4.1 Effect of amended soil Cd in plant biomass, plant 

accumulation, and factors of Cd phyto-availability  

Plant biomass was not affected by the added increasing Cd concentrations in the current 

study (Table 6.3), which is in agreement with Ubeynarayana et al. (2021), who found a 

non-significant difference in chicory aboveground biomass after 60 days (0.25–0.33 g 

DM/pot) for a soil Cd concentrations of up to 1.6 mg Cd/kg. Stafford et al. (2016) also 
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showed no significant effect of plant Cd concentration (1.48–1.96 mg/kg DM) on 

aboveground biomass (1511–1775 kg DM/ha). In addition, coefficient of determination 

(R2) values obtained between vegetation indices and plant aboveground biomass Cd 

concentration in the current study were low when compared to those described in studies 

using toxic Cd concentrations (Feng et al., 2019; Götze et al., 2010; Wang et al., 2018). 

Feng et al. (2019) determined R2 value of 0.70 between a vegetation index and 

aboveground biomass Cd concentration in a range of 1 to 1046 mg Cd/kg DW. Kooistra 

et al. (2004) calculated R2 value of 0.49 between a vegetation index and soil samples 

taken from grass vegetation (n=18) with a mean Cd concentration of 7.3 mg Cd/kg soil. 

To avoid the toxic effect of less than 10 mg Cd/kg soil concentration, plant accumulated 

Cd is generally complexed with organic acids and transported to the cell wall, vacuoles, 

or leaf trichomes (Lai and Chen, 2006; Sharma and Dubey, 2006). Deposition of Cd in 

cell structure, leaf thickness, or intercellular space was indicated by variable importance 

in projection for aboveground biomass, and a significant correlation between Cd 

concentration and 750–1350 nm region of in-situ leaf clip vis-NIR spectra (Figs 6.3 and 

6.8; Bandaru et al. (2010); Gitelson et al. (2006); Gitelson et al. (2001)).  

Accumulation of Cd in chicory (aboveground biomass and root) samples was high in this 

study, particularly when compared to those values found in the previous studies (Table 

6.5; Anderson et al. (2022); Stafford et al. (2016); Yang et al. (2021)). For a soil amended 

with Cd concentration of 1.6 mg Cd/kg soil, Ubeynarayana et al. (2021) found chicory 

accumulated a Cd concentration of 19 mg Cd/kg in aboveground biomass and 7 mg Cd/kg 

in root biomass after 60 days of plant growth. In another glasshouse experiment, the Cd 

concentration in chicory was 12 mg Cd/kg aboveground biomass after 49 days of plant 

growth in a soil Cd concentration of 1.21 mg Cd/kg soil (Crush et al., 2019). In contrast, 

in a field survey, Anderson et al. (2022) found chicory plants growing on soil with 0.40 

mg Cd/kg accumulated a Cd concentration of less than 1 mg Cd/kg DM. In a pot 

experiment where Cd was added through phosphate fertiliser, Stafford et al. (2016) found 

at 0.46 mg Cd/kg soil, chicory accumulated 1.86 mg Cd/kg DM. A field survey by 

Cavanagh et al. (2019) showed the Cd concentration in onion shoot grown on non-

Allophanic soil (0.011 mg/kg fresh weight) was higher in amount than Allophanic soil 

(0.015 mg/kg fresh weight) when compared to their soil Cd concentration (0.14 mg Cd/kg 

fresh soil and 0.77 mg Cd/kg fresh soil, respectively). The reason for the higher uptake 

and accumulation of Cd in chicory in the current study could be due to the presence of a 
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higher phyto-available concentration of Cd in the rhizosphere soil (Ubeynarayana et al., 

2021).  

Soil pH, organic matter content, CEC, and soil type could have influenced Cd phyto-

availability. McBride and Li (2022) conducted a soybean bioassay in contaminated soil 

(total Cd: 36.7 mg Cd/kg soil and modified Morgan extractable Cd: 7.97 mg Cd/kg soil) 

from an orchard where sewage sludge was applied 40 years before and found Cd phyto-

availability was still high even after 40 years of application due to reducing soil pH (6.26 

to 5.97) and declined soil organic matter content (12.3% to 8.72%). In a 6-year long field 

experiment, Jiang et al. (2018) found that phyto-availability of trace elements (Cu, Ni) 

increased in soil at pH 5.3. Marković et al. (2019) used a shaking method (10 revolutions 

per minute) to extract Cd from the soil at a solution ratio of 1 g to 20 ml over two months 

and found that fractional distribution was significantly correlated to soil pH, total organic 

carbon, and CEC of the soil. At the relatively low soil pH in the soils used in this study 

(Experiment I, Pallic soil, soil pH=5.30; Experiment II, Allophanic soil, soil pH=5.42), 

there is increased activity of acidic cations (H+, Fe3+, Al3+) in the soil solution, which 

compete with Cd2+ for pH-dependent sites (e.g., electrostatic negatively charged sites of 

clay and organic matter surfaces contributing to CEC), promoting Cd phyto-availability 

(Table 6.1; Appendix 6.1; Cottenie and Verloo (1984)).  

6.4.2 Bioconcentration and translocation factor values  

This study calculated bioconcentration and translocation factors for chicory using 

proximal sensor data, as laboratory vis-NIR data for soil, in-situ vis-NIR data for chicory 

aboveground biomass and pXRF data for chicory root biomass based on PCA analysis 

and/or prediction model results (Figs 6.4 and 6.7). The significant R2 value was obtained 

between measured and predicted TF values in this study (Fig. 6.3), which suggests the 

potential of using vis-NIR (for aboveground and soil) and pXRF (root) sensor data in 

evaluating Cd food chain transfer risk as well as Cd mass balance models (Gray and 

Cavanagh, 2022). Both BCF and TF values calculated in this study were within the range 

of the previous studies (Fig. 6.9; Table 6.6; Abe et al. (2008); Guérin et al. (2022); 

Stafford et al. (2016); Yang et al. (2021)). In the previous studies, for plant species 

including chicory, perennial ryegrass, and Amaranthus grown in Cd concentrations of 

0.2–11 mg Cd/kg soil, Cd BCF for root were in the range of 0.9 to 1011, Cd BCF for 
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aboveground biomass were in the range of 0.1 to 453, and Cd translocation factor were 

in the range of 0.3 to 29 (Table 6.6; Abe et al. (2008); Guérin et al. (2022); Stafford et al. 

(2016); Yang et al. (2021)). In all studies, both BCF and TF values were influenced by 

phyto-availability of Cd (added) in soil, the total soil Cd, soil properties, type, and 

duration of the experiment (i.e., glasshouse or field experiment), status of essential soil 

nutrients, and plant characteristics (Table 6.6). Plant’s defence mechanism drives the flow 

of Cd uptake from the soil in the root to aboveground biomass to dilute the toxic effect of 

Cd, which can be indicated by the TF values (Lai and Chen, 2006). 

 

Table 6.6 Cadmium bioconcentration factor (BCF) values for root and aboveground 

biomass, and translocation factor (TF) values for chicory determined in the selected 

previous studies. 

Soil Cd 

concentration 

(mg Cd/kg) 

Duration of the 

experiment 

(days) 

BCF root 
BCF 

aboveground 
TF  References 

0.17 60 127 453 3.6 (Abe et al., 2008)  

0.46 266 – 4.0 – (Stafford et al., 2016). 

1.21 49 – 7.4–10.9 – (Crush et al., 2019) 

1.60 60 – – 4.4 
(Ubeynarayana et al., 

2021)  

5.09 224 0.9 0.3 3.2 (Yang et al., 2021) 

10.7 156 2.3–2.9 0.3–0.4 6.3–28.8 (Guérin et al., 2022) 

 

6.4.3 In-situ scanning to assess plant Cd  

The deployment of in-situ leaf clip scanning could ease the rapid monitoring of Cd in 

pastoral farms. The accuracy achieved by models to predict aboveground biomass Cd 

concentration using in-situ vis-NIR leaf clip spectra in the current study (Fig. 6.7) is 

comparable to previous studies that have used plant canopy, airborne imaging, and 

laboratory hyperspectral imaging (Feng et al., 2019; Kooistra et al., 2004; Pullanagari et 

al., 2016). Kooistra et al. (2004) developed a PLS model using canopy vis-NIR spectra 

and predicted Cd concentration in grass samples with R2
cv value of 0.52 and nRMSEcv of 

18%. Pullanagari et al. (2016) used hyperspectral airborne imaging data (380–2500 nm) 

as input for PLS and predicted trace elements concentrations in the mixed pasture with 

R2
cv value of 0.68 and nRMSEcv of 17%. Feng et al. (2019) used vis-NIR hyperspectral 

imaging data as input for modified PLS and predicted leaf Cd with R2
v value of 0.91 and 
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nRMSEv of 20%. Compared to other in-situ spectra capturing methods, the leaf clip 

method is comparatively easy and fast, and obtained spectra contain detailed and specific 

information on pigment content, cell structure, and biochemical composition (Gholizadeh 

and Kopackova, 2019; Rathod et al., 2013). In this study, changes in cell structure which 

could be related to the deposition of Cd also suggested by (1) variable importance in 

projection showed the significance of the 700–1350 nm region of in-situ vis-NIR spectra 

for aboveground biomass Cd prediction (Fig. 6.9; Kooistra et al. (2004) ), (2) a significant 

correlation between the 700–1350 nm region of the vis-NIR spectra and plant 

aboveground Cd concentration might be associated with the interaction of Cd with cell 

wall polysaccharides and cell wall plasticity (Fig. 6.3b; Sharma and Dubey (2006)) and 

(3) reduced reflectance at higher Cd concentration which may be due to reduced leaf 

thickness and intercellular space causing decreased multiple scattering of incident 700–

1350 nm rays (Fig. 6.3a; Bandaru et al. (2010); Fu et al. (2020); Rosso et al. (2005)).  

6.4.4 Vegetation index as a rapid Cd detection tool 

This study tested previously developed vegetation indices to rapidly detect Cd in plant 

aboveground biomass (Tables 6.2 and 6.5). Among vegetation indices tested, “blue green 

index 2” developed by Zarco-Tejada et al. (2005), using a ratio of reflectance values at 

450 and 550 nm wavebands (Table 6.2), showed potential to use as a rapid tool to detect 

Cd in chicory (Table 6.5). Zarco-Tejada et al. (2005) found a significant relationship 

between blue green index 2 and the sum of chlorophyll a and chlorophyll b content in 

leaf. An increase in Cd content has been shown to reduce chlorophyll a and chlorophyll 

b pigment content in plant leaf (Fan et al., 2023). Scanning plants at an early stage of 

growth (day 60 in experiment II) resulted in a more significant relationship between index 

and plant Cd than at later stages (day 73 in experiment I) (Table 6.5; Gamon and Surfus 

(1999)). Additionally, the results of this work suggest that greater plant biomass in 

experiment I has diluted the Cd accumulation effect relative to experiment II (Table 6.3; 

Fan et al. (2023)).  

6.4.5 Laboratory scanning to assess soil and plant Cd  

In the literature, laboratory studies can be found comparing the three proximal sensors 

used in the current study to assess soil properties, including Cd concentration (Chapters 
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3, 4, and 5; O'Rourke et al. (2016a); Shrestha et al. (2022)). In addition to assess soil Cd, 

this study evaluated these three proximal sensors to quantify Cd in plant samples (Figs 

6.6 and 6.7). The performance of prediction models developed using pXRF data to 

quantify Cd in the root is in agreement with McGladdery et al. (2018), who used pXRF 

spectra data as input for simple linear regression to develop a Cd prediction model to 

accurately quantify Cd concentration (10–265 mg Cd/kg DM) in powdered plant samples 

with R2
v value of 0.75 and RMSEv of 0.07 mg Cd/kg. A reasonably good quantification 

of Cd in root samples may be related to (1) Cd concentration in the root matrix to be 

detected by the fluorescence energy of the sensor and (2) a low concentrations of 

interfering elements (e.g., Ca, K, Fe, Zn) in the root matrix (Elam et al., 2002; Nwafor et 

al., 2017; Stosnach, 2005).  

Differences in the performance of prediction models developed to quantify Cd in two soil 

types using one of three proximal sensors can be related to the difference in: (1) the 

association of soil Cd with spectrally active soil components involved in its retention, i.e., 

soil organic matter and Al–, Fe–, and Mn–containing minerals (Demattê et al., 2004; 

Kooistra et al., 2001), as indicated by relevant PLS variable importance in projection of 

vis-NIR spectra for Cd in Pallic soil (Fig. 6.7a), whereas in case of Allophanic soil pXRF 

spectral response to the soil Cd concentration and Al–, and Fe–containing minerals (Figs 

6.7b and 6.8b; Kalnicky and Singhvi (2001); O'Rourke et al. (2016a)).  

6.5 Conclusions 

This study successfully assessed a wide range of soil and plant Cd concentrations by 

analysing reflectance and fluorescence spectra. Although, amended soil Cd 

concentrations showed no significant effect in chicory biomass, in-situ leaf clip vis-NIR 

spectra showed differences in the 700–1350 nm (cell structure) region. There was also a 

significant correlation between spectral bands in the 700–1350 nm region of vis-NIR 

spectra and plant Cd concentrations. The blue green index 2, a vegetation index, can 

potentially be used for rapid Cd assessment on pastoral farms. This study suggests that 

vis-NIR and pXRF sensors can be used to evaluate food chain transfer risks associated 

with Cd accumulation in edible plant parts. Prediction models developed using proximal 

sensor data in this study could potentially contribute to cost-effective Cd monitoring in 

pastoral farms. 
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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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chemometric methods including sensors data fusion, model fusion, model averaging, and 

memory-based learning algorithms were used.  

7.2 Key findings 

Combinations of proximal sensors (pXRF, vis-NIR, and/or MIR) data and 

chemometric techniques successfully predicted low concentrations of eight TE in 

regional scale samples (Chapter 3) 

Topsoil (0–20 cm) samples (n=622) obtained from a previous geochemical baseline 

survey from sites spaced 8 km apart covering c. 40,000 km2, were accurately quantified 

for low concentrations of eight soil TE (As, Cd, Cr, Cu, Hg, Pb, Ni, and Zn) by prediction 

models using combinations of pXRF, vis-NIR, and/or MIR sensors data. A chemometric 

method PLS-SVM model fusion that has been successfully applied to assess other soil 

properties including available water-holding capacity and soil organic matter content 

(Bao et al., 2017; Blaschek et al., 2019), was applied along with data fusion or model 

averaging techniques to build prediction models using this large dataset that performed 

with better accuracy than previously published studies (Table 3.3). The current research 

has shown the PLS-SVM can accurately predict TE using proximal sensors, particularly 

when applying data fusion and/or model averaging (Fig. 3.3; Appendix 3.2). The PLS 

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

extract latent variables and this helps to reduce data redundancy and remove noise and 

matrix interference caused mainly by soil organic matter in XRF spectra (Bao et al., 2017; 

Blaschek et al., 2019; Hong et al., 2019; Ravansari and Lemke, 2018). The use of SVM 

regression on PLS latent variables considers the non-linear spectral association between 

TE and spectrally active soil components, contributing to successful predictions 

(Blaschek et al., 2019). 

The results of reference laboratory analysis of TE concentrations were compared against 

the built-in pXRF calibration model. Built-in pXRF calibration performed with 

comparable accuracy for Pb (Fig. 3.3; Appendices 3.2 and 3.5). For other TE (As, Cd, Cr, 

Cu, Hg, Ni, and Zn), recalibration of the pXRF with local samples was required to yield 

accurate results (Fig. 3.3; Appendices 3.2 and 3.4). Models using spectral data fusion of 

pXRF with vis-NIR or MIR reflectance data as input for PLS-SVM outperformed models 
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using pXRF data to quantify As, Cr, Pb, Cu, Ni, and Zn (Fig. 3.3; Appendices 3.2 and 

3.4). Models using pXRF spectra as input performed reasonably with some deviations 

from the measured concentrations due to the spectral interference caused by soil matrix 

components including organic matter and other mineral components such as Mg, Ca, Al, 

Fe, and Mn (Appendices 3.2 and 3.4; Elam et al. (2002); Stosnach (2005)). Both organic 

matter and minerals contribute to reflectance spectra and regulate TE binding in soils, 

revealing indirectly associated TE; and thus TE quantification was more accurate and 

precise when reflectance spectra were combined with pXRF spectra (Fig. 3.4; Appendices 

3.2 and 3.4; Kooistra et al. (2001); Wu et al. (2010)). 

Granger-Ramanathan model averaging improved the estimation of Cd and Hg, assigning 

a higher combination weight to the vis-NIR model output (Fig. 3.3; Appendix 3.4). This 

is explained by PLS loadings which highlight the association of Cd and Hg with soil 

organic matter and Al containing minerals, and the association of Cd with Fe oxides and 

Al– and Fe– containing minerals in vis-NIR spectra (Fig. 3.4c; Appendices 2.1 and 3.4; 

Kemper and Sommer (2002)).  

Each of the proximal sensing techniques vis-NIR, MIR, and pXRF showed 

comparable accuracy in assessing total soil Cd, reflectance spectroscopy techniques 

showed the potential to predict plant-available and potentially-available Cd 

fractions in agricultural soils (Chapter 4)  

Topsoil (0−15 cm) samples (n=87) from 30 pastoral farms with long-term phosphate 

fertiliser application history from across the North and South Islands were analysed for 

total Cd and the distribution of Cd among geochemical fractions (Fig. 4.1; Table 2.3). 

The main soil components affecting Cd accumulation were Al containing mineral 

surfaces and soil organic matter (Table 4.2; Loganathan et al. (2012); Yuan and Lavkulich 

(1997)). Cation exchange capacity strongly influenced the mobility of Cd sorbed to soil 

organic matter (Table 4.2; Amacher et al. (1986); Stafford et al. (2018c)). However, 

despite soil pH being a major determining factor of CEC, in this study, soil pH had no 

significant influence on total soil Cd concentration within the topsoil samples (Table 4.2; 

Salmanzadeh et al. (2016)).  

For this farm scale dataset, PLS-based cross-validation (which excludes the need to 

maintain separate calibration and validation sets) prediction models were developed using 
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individual sensor data as input (Chodak et al., 2007). The prediction model developed in 

this work quantifying total soil Cd based on vis-NIR data relied on the association of Cd 

with spectrally active soil components: (1) soil organic matter and (2) Al– and Fe–

containing minerals (Kooistra et al., 2001; Song et al., 2012; Xu et al., 2020) as indicated 

by (1) PLS variable importance in projection (VIP) of the selected regions including 

spectral response from organic matter and minerals (Fig. 4.8a) and (2) significant 

correlations between total soil Cd and total C, total N, acid oxalate extractable Al and Fe 

(Table 4.2; Gholizadeh et al. (2021); Christensen and Haung (1999); Young (2013)). 

Models quantifying total Cd based on MIR data relied on the association of Cd with Al– 

and Fe–containing minerals and metal–carbonyl bonds in the matrix (Janik et al., 1998; 

Wang et al., 2017), and this association is supported by variable importance in projection 

(VIP) of the selected regions including spectral response from Al– and Fe–containing 

minerals and metal–carbonyl bonds (Fig. 4.8a). Models quantifying total Cd based on 

pXRF relied on the direct relationship between pXRF spectral response and Cd 

concentration (Chapter 3; O'Rourke et al. (2016a)). 

Reflectance spectroscopy showed potential feasibility as a technique to predict plant-

available and potentially-available Cd fractions in agricultural soils. The accuracy of a 

Cd prediction model using vis-NIR data to assess acid soluble and organic matter bound 

Cd fractions (potentially-available fractions for plant uptake) relied on the association of 

these fractions with soil organic matter (Gray et al., 2000; Kooistra et al., 2001; Krishnan 

et al., 1980) as indicated by (1) PLS variable importance in projection (VIP) of selected 

regions including spectral response from soil organic matter (Figs 4.8c and 4.8e) and (2) 

significant correlations between total soil Cd and total C and total N (Table 4.2). The 

predictive accuracy achieved by a model quantifying exchangeable Cd using MIR spectra 

was influenced by (1) association between exchangeable Cd and Al– and Fe–containing 

minerals and/or soil organic matter (Fig. 4.8b; Stenberg and Rossel (2010); Wang et al. 

(2017)), (2) water bridging mechanism (Fig.4.8b; Chakraborty et al. (2017); Sposito 

(1984)), and (3) the possible presence of exchangeable Cd in inorganic forms (e.g., CdCl+, 

Cd(NO3)2) which does not influence reflectance spectra (Bolan et al., 1999; Li et al., 

2021; Moros et al., 2009). Metal oxides bound and residual Cd fractions were not 

accurately predicted (Figs 4.7d and 4.7f; Table 4.3; Chakraborty et al. (2017)) because of 

(1) occurrence of the significantly higher amount of reactive Al, Fe, and Si in Allophanic 
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soil but the limited correlation of Cd with these mineral components (Figs 4.5b, 4.6e, and 

4.6f) and (2) very low concentration range of residual Cd (Fig. 4.7f; Xie et al. (2012)).  

A large-scale soil spectral library quantified soil Cd concentration in local 

agricultural soil samples (Chapter 5) 

To test the possibility of using a SSL to quantify total Cd in local soil samples, a SSL 

developed from the Otago and Southland regional survey (n=625; 0.01–1.31 mg Cd/kg) 

data and the local set containing agricultural soils from a pastoral farm survey (n=87; 

0.10–2.03 mg Cd/kg; Chapter 4) were used. Individual sensor data-based prediction 

models developed using PLS and LOCAL algorithms were customised to predict local 

Cd concentration (agricultural samples) while leveraging a SSL. Spiking the regional SSL 

pastoral soil subset with selected local samples (particularly in combination with selection 

and weighing: RP283+L12×4; Figs 5.6 and 5.7) provided an additional advantage when 

predicting Cd locally, improving accuracy (reduced RMSE) by 42% compared to only 

SSL subset based prediction models (Fig. 5.6; Appendices 5.2 and 5.3). The improvement 

in Cd prediction was due to (1) spiking the large SSL pastural soils subset similar to the 

local set with 12 local samples including Allophanic and Pumice soils that had a known 

Cd concentration of ≥0.6 mg Cd/kg, thus filling key gaps in the database (pedodiversity 

and concentration) (Brown, 2007; Guerrero et al., 2010; Wetterlind and Stenberg, 2010) 

and (2) similarity of Cd association with Al– and Fe–containing minerals (3700–3000 

cm-1) and metal–carbonyl bonds (2100–1730 cm-1) in both sets as observed in the PLS 

loadings (Fig. 5.7c; Janik et al. (1998); Niazi et al. (2015); Wang et al. (2017)).  

In general, noise from overtones captured by the vis-NIR spectra from the fundamental 

vibrations of molecular bonds and functional groups (Fig. 5.7a; Siebielec et al. (2004); 

Stenberg and Rossel (2010)) limited the accuracy of models using this sensor data (Figs 

5.6b and 5.6f; Appendix 5.2). The poor performance of models using pXRF data (Figs 

5.6d and 5.6h) to quantify Cd in local samples may be mainly related to the low Cd 

concentration range of the regional SSL samples (average 0.08 mg. Cd/kg soil; Fig. 5.1b) 

(Lemière, 2018; Weindorf and Chakraborty, 2020).  
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Significant R2 value was obtained between measured and predicted Cd translocation 

factor values for chicory using proximal sensor data (Chapter 6)  

Two independent glasshouse experiments were conducted using Pallic and Allophanic 

soils amended with increasing Cd concentrations and with or without a model forage herb, 

chicory (Cichorium intybus L.). Chicory biomass was not affected by the added Cd 

concentrations in these experiments (Table 6.3; Stafford et al. (2016); Ubeynarayana et 

al. (2021)). This study calculated translocation factor (TF) values using proximal sensor 

data (Figs 6.3a and 6.3b) and showed a significant R2 value between measured and 

predicted TF values (Fig. 6.3c). 

For this dataset, cross-validation prediction models were developed using individual 

sensor data as input for PLS algorithm. A prediction model developed using in-situ leaf 

clip vis-NIR spectra showed optimal performance to assess aboveground biomass Cd 

concentration (Fig. 6.7). The accuracy of this technique was related to reflectance spectra 

capturing changes in cell structure and leaf thickness which could be related to cellular 

or intercellular deposition of Cd as indicated by (1) variable importance in projection 

highlighted the importance of the 700–1350 nm region of in-situ leaf vis-NIR spectra 

which is related to cell structure (Fig. 6.9; Kooistra et al. (2004) ), (2) significant 

correlation between the 700–1350 nm region of the vis-NIR spectra and plant 

aboveground Cd concentration which might be associated with the interaction of Cd with 

cell wall polysaccharides and cell wall plasticity (Fig. 6.3b; Sharma and Dubey (2006)), 

and (3) reduced reflectance at higher Cd concentrations which may be due to reduced leaf 

thickness and intercellular space causing decreased multiple scattering of incident 700–

1350 nm rays (Fig. 6.3a; Bandaru et al. (2010); Fu et al. (2020); Rosso et al. (2005)). 

The R2 value obtained between vegetation indices and plant aboveground biomass Cd 

concentration in this study was low when considered against the range of values 

(R2=0.15–0.36; Table 6.5) recorded in studies using toxic Cd concentrations (R2=0.49–

0.70; Feng et al. (2019); Kooistra et al. (2004)). Among the vegetation indices calculated, 

“blue green index 2” developed by Zarco-Tejada et al. (2005) showed a significant and 

higher R2 value (0.36, for experiment II) for plant aboveground Cd concentration than the 

other vegetation indices determined (Table 6.5).  

The performance of prediction models developed in the current study using pXRF data 

to quantify the Cd concentration in the root (Figs 6.6 and 6.7), was in agreement with 
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McGladdery et al. (2018), who used pXRF spectra data as the input for simple linear 

regression to develop a Cd prediction model to accurately quantify Cd concentration (10–

265 mg Cd/kg DM) in powdered plant samples with R2
v value of 0.75 and RMSEv of 0.07 

mg Cd/kg. A reasonably good quantification of Cd in the root samples may be related to 

a low concentrations of interfering elements (e.g., Ca, K, Fe, Zn) in the root matrix (Elam 

et al., 2002; Nwafor et al., 2017; Stosnach, 2005).  

Differences in the performance of prediction models developed to quantify Cd in two soil 

types using one of three proximal sensors can be related to differences in the association 

of soil Cd with spectrally active soil components involved in its retention, i.e., soil organic 

matter, and Al–, Fe–, and Mn–containing minerals (Bolan et al., 2003a; Demattê et al., 

2004; Kooistra et al., 2001), as indicated by relevant PLS variable importance in 

projection (VIP) of vis-NIR spectra for Cd in Pallic soil (Fig. 6.7a) and in case of 

Allophanic soil, the spectral response of pXRF to soil Cd concentration and Al– and Fe–

containing minerals (Figs 6.7b and 6.8b; O'Rourke et al. (2016a); Kalnicky and Singhvi 

(2001)). 

7.3 Implications for Cd monitoring and management 

in New Zealand agriculture 

This doctoral study has shown that proximal sensing techniques can rapidly analyse Cd 

concentration in soil and plant samples (Chapters 3, 4, and 6). Optimal prediction models 

were developed in this study used proximal sensor data independently or in combination, 

and these models can be deployed for long-term Cd monitoring at local-to-national scales 

(Chapters 3 and 4). The level of precision and accuracy reported in this study makes 

Granger-Ramanathan model averaging approach a good candidate that could feasibly be 

deployed for long-term monitoring of soil Cd at concentration below the pXRF detection 

limits and with reduced matrix interference from organic matter when compared to the 

individual techniques alone (Fig. 3.3; Appendix 3.2). The systematic combination 

approach taken in this study could be further used to (1) reduce the economic costs of 

sample preparation and analytics, (2) facilitate detailed monitoring of Cd concentration 

on individual farms for sustainable soil management, as well as (3) extend monitoring 

beyond total Cd concentration to include an assessment of Cd fractions associated with 
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soil components such as soil organic matter and Al– and Fe–containing minerals (Chapter 

3). 

The use of individual proximal sensing techniques (vis-NIR, MIR, and pXRF) to 

determine total soil Cd in New Zealand agricultural soils has the potential to improve the 

scale and scope of long-term repeated monitoring of soil Cd required under the framework 

of the TFMS (Figs 4.6 and 4.7a; Table 4.3). The reflectance spectroscopy techniques (vis-

NIR, and/or MIR) showed a good technical feasibility in their ability to predict Cd 

fractions in agricultural soils and this could be implemented to monitor soil Cd fractions 

for minimising plant Cd uptake (Figs 6.6 and 6.7). Prediction models using vis-NIR data 

assessing acid soluble and organic matter bound Cd are relevant to the study of plant Cd 

accumulation as both are potentially-available geochemical forms for plant uptake 

(Chavez et al., 2016; El-Mufleh Al Husseini et al., 2013; Gray et al., 2000). Models 

predicting exchangeable Cd using MIR could be feasibly deployed to classify agricultural 

soils with respect to the tier-based management system (Fig. 4.7b; Cécillon et al. (2009)) 

(Chapter 4). 

The optimal prediction model using MIR data from the regional SSL pastoral soil subset 

(RP283) spiked with weighed local samples quantifying Cd in local samples (Fig. 5.6e; 

Appendix 5.3) could be implemented for environmental monitoring, such as the TFMS 

designed to monitor and manage Cd concentration in New Zealand agricultural soils 

(Gray and Cavanagh, 2022). Such approach could reduce the analytical cost to the farmers 

and allow intensive spatial and temporal monitoring of pastoral farms based on spectral 

analysis only (Shepherd and Walsh, 2002). In the current study, the optimal model 

included 12 out of 87 (14%) local samples analysed using reference laboratory method, 

while remaining samples were assessed using proximal sensing techniques. Given that a 

large SSL is available, increase in the analytical cost can be considered moderate (Chapter 

5). 

Proximal sensor data, as in-situ leaf clip vis-NIR and laboratory pXRF, can be used to 

estimate Cd bioconcentration and translocation factor values in plants (Fig. 6.3). The 

significant R2 value between measured and predicted TF values obtained in this study 

shows the potential of using proximal sensor data to evaluate food chain transfer risks 

(Fig. 6.3c). A vegetation index, blue green index 2, can potentially be used as a rapid Cd 

detection tool for chicory at early stage of growth (Chapter 6).  
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The spectral library developed from the study containing soil and plant root and 

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

concentration (Chapters 3, 4, and 6) can be used as reference ground data for airborne to 

satellite-based monitoring (Nawar and Mouazen, 2017b; Pullanagari et al., 2016; 

Shepherd et al., 2022). 

7.4 Opportunities for future work 

This doctoral study allows the definition of key opportunities for the wider 

implementation of proximal sensing techniques for cost-effective analysis of Cd and other 

properties based on the reported success in developing robust prediction models using 

proximal sensor data including vis-NIR, MIR, and pXRF independently and in 

combination for accurate assessment of a wide range of Cd concentration found in New 

Zealand agricultural soil and plant samples. Optimal prediction models developed from 

this study could be successfully employed for soil and plant Cd assessment in the 

laboratory (or other controlled environments) using vis-NIR, MIR, and pXRF sensors. 

There is also an opportunity to use these proximal sensors to quantify total Cd on the farm 

without requiring samples to be taken to the laboratory. However, field-level validation 

of the optimal models developed in the current study would be first needed, considering 

the influence of soil moisture, radiation, particle size, and other environmental, plant, and 

edaphic factors. The Otago-Southland spectral library was developed from a regular 8 km 

spaced soil samples collected at the regional scale, and there is a good possibility of using 

this SSL for local scale Cd monitoring using the regular spacing sampling protocol of the 

survey. The transferability of the developed spectral library should be examined by 

collecting samples in regular spacing at a pastoral farm to prepare a Cd distribution map 

of the target farm. In addition, extending the potential of proximal sensors to assess Cd 

geochemical fractions by including more samples covering soil types, land uses, and 

geographic locations could potentially contribute to an effective system to monitor Cd 

fractions in agricultural soils to minimise plant Cd uptake and subsequent food chain 

transfer risks. For rapid plant Cd assessment, there is a good potential to apply the 

vegetation index “blue green index 2” in vegetable crops, but again this needs to be tested 

and verified. Cadmium uptake by vegetable crops and accumulation in edible plant parts 

directly influence human health. Developing proximal sensor-based prediction models to 

quantify Cd concentration in market gardens soils and their vegetable produces could 
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contribute to reduce health and trade risks. Furthermore, the transferability of Cd 

prediction models using in-situ vis-NIR leaf clip spectra to canopy spectra and then to 

airborne hyperspectral imaging has the potential to contribute to large-scale monitoring 

of Cd across agricultural farms. 

There is considerable interest in deploying the proximal sensors researched in this thesis 

to precision agriculture, soil and plant physical, chemical, and biological analysis, and the 

real-time monitoring of crop status, land use, and carbon by airborne and remote sensing 

platforms (Shepherd et al., 2022; Whitehead et al., 2021). The realisation of opportunities 

for future work suggested by this doctoral study could potentially contribute to 

developing economically and environmentally sustainable agricultural systems in New 

Zealand without losing the land use flexibility of highly productive lands that define the 

contribution of agriculture to New Zealand’s economic prosperity.  
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Appendices 

Appendix 2.1 Wavelengths assignments for overtones and combinations of fundamental 

molecular vibrations of soil constituents in the vis-NIR regions. 

Wavelengths (nm) Soil constituents References 

400 Ferric (Hunt and Slisbury, 1970) 

400 Iron oxides 
(Rossel and Behrens, 2010), (Soriano-

Disla et al., 2014) 

404 Iron oxides 
(Rossel and Behrens, 2010), (Soriano-

Disla et al., 2014) 

425 Iron 

(Grove et al., 1992), (Ben-Dor and 

Banin, 1995), (Ben-Dor and Banin, 

1990a) 

430 Ferrous (Hunt and Slisbury, 1970) 

434 Iron oxides 
(Rossel and Behrens, 2010), (Soriano-

Disla et al., 2014) 

444 Iron oxides 
(Rossel and Behrens, 2010), (Soriano-

Disla et al., 2014) 

450 Ferrous (Hunt and Slisbury, 1970) 

concave between 

450–850 
Iron oxides (Demattê et al., 2004) 

450 Iron oxides 
(Rossel and Behrens, 2010), (Soriano-

Disla et al., 2014) 

500 Iron oxides 
(Rossel and Behrens, 2010), (Soriano-

Disla et al., 2014) 

510 Ferrous (Hunt and Slisbury, 1970) 

529 Iron oxides 
(Rossel and Behrens, 2010), (Soriano-

Disla et al., 2014) 

550 Ferrous (Hunt and Slisbury, 1970) 

564.4 Organic matter (Krishnan et al., 1980) 

623.6 Organic matter (Krishnan et al., 1980) 

640 Iron 
(Ben-Dor and Banin, 1990a), (Grove et 

al., 1992), (Ben-Dor and Banin, 1995) 

650 Iron oxides 
(Rossel and Behrens, 2010), (Soriano-

Disla et al., 2014) 

650 Iron oxides 
(Rossel and Behrens, 2010), (Soriano-

Disla et al., 2014) 

700 Ferric (Hunt and Slisbury, 1970) 

870 Ferric (Hunt and Slisbury, 1970) 

884 Iron oxides 
(Rossel and Behrens, 2010), (Soriano-

Disla et al., 2014) 

900 Ferric (Demattê et al., 2004) 

900 Iron 

(Grove et al., 1992), (Ben-Dor and 

Banin, 1995), (Ben-Dor and Banin, 

1990a) 

900 Organic C Beck et al 1976 

900 Iron oxides 
(Rossel and Behrens, 2010), (Soriano-

Disla et al., 2014) 

920 Iron oxides 
(Rossel and Behrens, 2010), (Soriano-

Disla et al., 2014) 

1000 Ferrous (Hunt and Slisbury, 1970) 

1000 Iron (Hunt et al., 1974) 

1025 Iron 

(Grove et al., 1992), (Ben-Dor and 

Banin, 1995), (Ben-Dor and Banin, 

1990a) 
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Wavelengths (nm) Soil constituents References 

1075 Iron 

(Grove et al., 1992), (Ben-Dor and 

Banin, 1995), (Ben-Dor and Banin, 

1990a) 

1100 Organic matter (Ben-Dor and Banin, 1995) 

1220 Organic C Beck et al 1976 

1266.1 Iron 
(Ben-Dor and Banin, 1990a), (Grove et 

al., 1992), (Ben-Dor and Banin, 1995) 

1300 Smectite (Ben-Dor, 2002) 

1300–1450 
Active spectral region for Al containing 

smectites (2:1 configuration) 
(Ben-Dor, 2002) 

1400 Kaolinite, gibbsite (Grove et al., 1992) 

1400 Smectite (Cariati, 1983) 

1400 Kaolinite (Rossel and Behrens, 2010)  

1395–1415 Overtones of O–H stretch (Stenberg et al., 2010) 

1450 Water (Hunt and Slisbury, 1970)  

1456 Ca-Montmorillonite 
(Hunt and Slisbury, 1970), (Ben-Dor and 

Banin, 1990a) 

1600 Organic matter (Ben-Dor and Banin, 1995) 

1700 Organic matter (Ben-Dor and Banin, 1995) 

1726 Organic matter (Morra et al., 1991) 

1800 Carbonates 
(Ben-Dor and Banin, 1990b), (Soriano-

Disla et al., 2014) 

1800–1900 Smectite (Ben-Dor, 2002) 

1800 Organic matter (Ben-Dor and Banin, 1995) 

1900 

Clay mineral  

Strong (2:1) 

Weak (1:1) 

(Demattê et al., 2004) 

1900 Smectite (Cariati, 1983) 

1910 Ca-Montmorillonite 
(Hunt and Slisbury, 1970), (Ben-Dor and 

Banin, 1990a) 

1950 Water (Hunt and Slisbury, 1970) 

1978 Ca-Montmorillonite 
(Hunt and Slisbury, 1970), (Ben-Dor and 

Banin, 1990a) 

2000 Organic matter (Ben-Dor and Banin, 1995) 

2160 Al–OH (Rossel and Behrens, 2010)  

2200 Kaolinite (Demattê et al., 2004) 

2165–2207 
Al–OH bend plus O-H stretch 

combination 
(Stenberg et al., 2010) 

2200 Absorption due to Al–OH  (Stenberg et al., 2010) 

2200–2500 Smectite (Ben-Dor, 2002) 

2200–2500 
Combination vibrations involving a O-

H stretch and metal–OH bend 
(Stenberg et al., 2010) 

2200 Smectite (Cariati, 1983) 

2200 Smectite (Rossel and Behrens, 2010)  

2200–2400 Organic matter (Ben-Dor and Banin, 1995) 

2200 Illite (Rossel and Behrens, 2010)  

2200 Kaolinite (Rossel and Behrens, 2010)  

2208 Al–OH (Rossel and Behrens, 2010)  

2230 Al–OH (Rossel and Behrens, 2010)  

2259.8 Iron 
(Ben-Dor and Banin, 1990a), (Grove et 

al., 1992), (Ben-Dor and Banin, 1995) 

2265 Gibbsite (Demattê et al., 2004) 

2294.9 Iron 
(Ben-Dor and Banin, 1990a), (Grove et 

al., 1992), (Ben-Dor and Banin, 1995) 

2335 Carbonates 
(Ben-Dor and Banin, 1990b), (Soriano-

Disla et al., 2014) 

2340 Illite (Rossel and Behrens, 2010)  

2350 Carbonates 
(Ben-Dor and Banin, 1990b), (Soriano-

Disla et al., 2014) 
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Wavelengths (nm) Soil constituents References 

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 2.2 Vegetation indices developed using different wavelengths in the vis-NIR region. 

Vegetation indices Formulas References 

Anthocyanin reflectance 

index 1 
((1/R550) − (1/R700))  (Gitelson et al., 2001) 

Anthocyanin reflectance 

index 2 
R800  ((1/R550) − (1/R700))  (Gitelson et al., 2001) 

Blue green index 1 R400/R550 (Zarco-Tejada et al., 2005) 

Blue green index 2 R450/R550 (Zarco-Tejada et al., 2005) 

Blue red index 1 R400/R690 (Zarco-Tejada et al., 2005) 

Blue red index 2 R450/R690 (Zarco-Tejada et al., 2005) 

Cellulose absorption 

index  
0.5  (R2000 + R2200) − R2100 (Daughtry, 2001) 

Chlorophyll absorption 

ratio index  
((((R700 − R500)/R150)  R670 + R670 + (R550 - 

(((R700 − R500)/R150)  R550)))/ 

(((R700 − R500)/R150)^2 + 1)^0.5)  

(R700/R670) 

(Daughtry, 2001) 

Chlorophyll red index 

500 

(1/R515)/(1/R550) (Gitelson et al., 2006) 

Chlorophyll red index 

700 

(1/R515)/(1/R700) (Gitelson et al., 2006) 

Different vegetation 

index 
R780 − R670 (Buschmann and Nagel, 

1993) 

Greenness Index R554/R677 (Smith et al., 1995) 

Gitelson and Merzlyak 1 R750/R550 

 

(Gitelson and Merzlyak, 

1997) 

Gitelson and Merzlyak 2 R750/R700 (Gitelson and Merzlyak, 

1997) 

Healthy index  ((R534 − R698)/(R534 − R698)) − 0.5  R704 (Mahlein et al., 2013) 

Infrared percentage 

vegetation index  

R780/(R780 + R670) (Crippen, 1990) 

Lichtenthaler Indices 3 R400/R740 

 

(Lichtenthaler et al., 1996) 

Modified chlorophyll 

absorption ratio index 1 
((R700 − R670) − 0.2  (R700 − R550))  

(R700/R670) 

(Daughtry et al., 2000) 

Modified chlorophyll 

absorption ratio index 2 
(1.5  (2.5  (R800 − R670) − 1.3  (R800 − 

R550)))/sqrt((2  R800 + 1)^2 – (6  R800 − 5 

 R670) − 0.5) 

(Haboudane et al., 2004) 

Modified soil adjusted 

vegetation index  
0.5  (2  R800 + 1 − sqrt((2  R800 + 1)^2 − 

8  (R800 − R670))) 

(Qi et al., 1994) 

Modified simple ratio  ((R800/R670) − 1) / sqrt(R800/R670 + 1) (Chen, 1996) 

Modified triangular 

vegetation index 1 
1.2  (1.2  (R800 − R550) − 2.5  (R670 − 

R550)) 

(Haboudane et al., 2004) 

Modified triangular 

vegetation index 2 
(1.5  (1.2  (R800 − R550) − 2.5  (R670 − 

R550)))/sqrt((2  R800 + 1)^2 − (6  R800 − 5 

 sqrt(R670)) − 0.5) 

(Haboudane et al., 2004) 

Normalised difference 

index 1 
(R780 − R710)/(R780 − R680) (Datt, 1999) 

Normalised difference 

index 2 
(R850 − R710)/(R850 − R680) (Datt, 1999) 

Normalised difference 

index 3 
(R734 − R747)/(R715 − R726) (Vogelmann et al., 1993) 

Normalised difference 

vegetation index  

(R800 – R670)/(R800 + R670)  (Lichtenthaler et al., 1996) 

Normalised pigment 

chlorophyll index  

(R680 – R430)/(R680 + R430)  

 

 

(Peñuelas et al., 1994) 
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Vegetation indices Formulas References 

Optimised soil adjusted 

vegetation index  

((1+ 0.16)/(R800 – R670))/(R800 + R670 + 

0.61)) 

 

(Rondeaux et al., 1996) 

Photochemical 

reflectance index  

(R531 – R570)/(R531 + R570) 

 

 

(Gamon et al., 1992) 

Plant senescence 

reflectance spectra  

(R680 – R500)/R750 

 

(Merzlyak et al., 1999) 

Pigment specific 

normalised difference c 

(R800 – R470)/(R800 + R470) (Blackburn, 1998) 

Pigment specific simple 

ratio a 

R800/R680 (Blackburn, 1998) 

Pigment specific simple 

ratio b 

R800/R635 (Blackburn, 1998) 

Pigment specific simple 

ratio c 

R800/R470 (Blackburn, 1998) 

Ratio analysis of 

reflectance spectra  

R746/R513 (Gitelson and Merzlyak, 

1997) 

Renormalised difference 

vegetation index  

(R780 – R670)/(R780 + R670) (Roujean and Breon, 1995) 

Red edge normalised 

difference vegetation 

index  

(R750 – R705)/(R750 + R705) (Gitelson and Merzlyak, 

1994) 

Red green reflectance 

ratio  

sum (R600:R699))/sum ((R500:R599)) (Gamon and Surfus, 1999) 

Soil adjusted vegetation 

index  

((1+0.5) (R780 – R670))/(R780 + R670 + 0.5) (Huete, 1988) 

Simple ratio index R800/R670 

 

(Jordan, 1969) 

Simple ratio index 2 R800/R550 (Buschmann and Nagel, 

1993) 

Simple ratio index 3 R700/R670 (McMurtrey et al., 1994) 

Simple ratio index 4 R740/R720 (Vogelmann et al., 1993) 

Simple ratio index 5 R675/(R700  R650) (Chappelle et al., 1992) 

Simple ratio index 6 R672/(R550  R708) (Datt, 1998) 

Simple ratio index 7 R860/(R550  R708) (Datt, 1998) 

Simple ratio pigment 

index  

R430/R680 (Peñuelas et al., 1994) 

Structure insensitive 

pigment index  

(R800 – R445)/(R800 + R680) 

 

 

(PenUelas et al., 1995) 

Transformed chlorophyll 

absorption in reflectance  

 

3  ((R700 – R670) – 0.2  ((R700 – R550)  

(R700 / R670))) 

(Haboudane et al., 2002) 

Vogelmann red edge 

index 1  

R740/R720 

 

(Vogelmann et al., 1993) 

 Vogelmann red edge 

index 2 

(R734 – R747)/(R715 + R726) (Vogelmann et al., 1993) 

Zarco and Miller index R750/R710 (Zarco-Tejada et al., 2001) 
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Appendix 2.3 Wavenumbers assignments for fundamental MIR absorptions of soil 

constituents. 

Wavenumbers (cm-1) Soil constituents References 

3800 Kaolinite (Stenberg et al., 2010) 

3736 O–H, carbohydrate (Wang et al., 2017) 

3700–3000 Negative peak O–H of mineral 

compounds and H2O) 

(Zimmermann et al., 2007) 

3705 Kaolinite, negative (Janik et al., 1998) 

3695 Kaolinite (O–H)  (Rossel and Behrens, 2010) 

3695 Kaolinite, organic matter (Niazi et al., 2015) 

3690–3620 Kaolinite (Soriano-Disla et al., 2014) 

3657 Kaolinite, organic matter (Niazi et al., 2015) 

3631–3000 Smectite and gibbsite (Janik et al., 1998) 

3626 Kaolinite, organic matter (Niazi et al., 2015) 

3620 Clay minerals (Rossel and Behrens, 2010) 

3620 Smectite clay (Janik et al., 1998) 

3620–3630 Smectite and Illite (Soriano-Disla et al., 2014) 

3599 Kaolinite (Stenberg et al., 2010) 

3575 Hydroxyl (O–H) (Rossel and Behrens, 2010) 

3528 Gibbsite (Niazi et al., 2015) 

3484 Water (Rossel and Behrens, 2010) 

3461 Gibbsite (Niazi et al., 2015) 

3461 Kaolinite, organic matter (Niazi et al., 2015) 

3445 Smectite clay (Janik et al., 1998) 
3400–3300 Smectite and Illite (Soriano-Disla et al., 2014) 

3394 Hematite (Niazi et al., 2015) 

3394 Kaolinite, organic matter (Niazi et al., 2015) 

3330 Amine (Rossel and Behrens, 2010) 

3278 Water (Rossel and Behrens, 2010) 

3142 Goethite (–OH) (Niazi et al., 2015) 

3100 FeOOH (Soriano-Disla et al., 2014) 

3030 Aromatics (Rossel and Behrens, 2010) 

3000–2800 C-H stretch (Zimmermann et al., 2007) 

2930 Alkyl (Rossel and Behrens, 2010) 

2930–2850 Alkyl (Soriano-Disla et al., 2014) 

2929 Organic matter (Stenberg et al., 2010) 

2929–2855 Organic matter (Janik et al., 1998) 

2929–2855 Alkyl (Janik et al., 1998) 

2926–2850 carboxylates (Janik et al., 1998) 

2924 C-H (Wang et al., 2017) 

2850 Alkyl (Rossel and Behrens, 2010) 

2850 Organic matter (Stenberg et al., 2010) 

2520 Carbonates (Soriano-Disla et al., 2014) 

2130–1700 Metal–CO  (Wang et al., 2017) 

2000 Quartz (Stenberg et al., 2010) 

2000–1700 Quartz and kaolinite (Stenberg et al., 2010) 

1780–1900 Metal–CO–Metal (Wang et al., 2017) 

1870 Quartz (Stenberg et al., 2010) 

1789 Quartz (Stenberg et al., 2010) 

1750–1449 Organic matter (Janik et al., 1998) 

1750–1449 Carboxylic-protein-aromatic (Janik et al., 1998) 

1725 Carboxylic acids (Rossel and Behrens, 2010) 

1720 Carboxylic acid (Soriano-Disla et al., 2014) 

1720 Carboxylic acid (Niazi et al., 2015) 

1670 Protein amide (Soriano-Disla et al., 2014) 

1666 Carboxylic acid (Niazi et al., 2015) 

1645 Water (Rossel and Behrens, 2010) 

1640 Amides (Rossel and Behrens, 2010) 
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Wavenumbers (cm-1) Soil constituents References 

1639 C=O (Stenberg et al., 2010) 

1633 Carboxylates (Janik et al., 1998) 

1630 Water associated organic matter (Soriano-Disla et al., 2014) 

1610 Amine (Rossel and Behrens, 2010) 

1600 Carboxylate anion (Soriano-Disla et al., 2014) 

1600–1570 Aromatic group (Soriano-Disla et al., 2014) 

1546 –NH organic acids (Wang et al., 2017) 

1530 NH+C=N, humic acid (Stenberg et al., 2010) 

1530 Protein amide (Soriano-Disla et al., 2014) 

1465 Aliphatic (Rossel and Behrens, 2010) 

1464 Aliphatic -CH stretch (Soriano-Disla et al., 2014) 

1450 Carbonate bending vibration (Soriano-Disla et al., 2014) 

1449 Alkyl (Janik et al., 1998) 

1445–1350 Methyl (Rossel and Behrens, 2010) 

1430 Carbonates (Soriano-Disla et al., 2014) 

1415 Carbonate (Rossel and Behrens, 2010) 

1413 Carboxylates (Janik et al., 1998) 

1400 Carboxylate anion (Soriano-Disla et al., 2014) 

1370 NO3
2- (Wang et al., 2017) 

1350 Stretch bend of aliphatic groups (Soriano-Disla et al., 2014) 

1340–1065 C–O–H stretches (Zimmermann et al., 2007) 

1332 NO3
2- (Wang et al., 2017) 

1275 Phenolics (Rossel and Behrens, 2010) 

1275 C-OH stretching in phenol (Soriano-Disla et al., 2014) 

1170 Polysaccharides (Rossel and Behrens, 2010) 

1100–1000 Quartz (Soriano-Disla et al., 2014) 

1080 Quartz (Stenberg et al., 2010) 

1080 Si–O2 stretching (Soriano-Disla et al., 2014) 

1050 Carbohydrate (Rossel and Behrens, 2010) 

1050 Organic matter (Stenberg et al., 2010) 

1050 C–O stretching (Soriano-Disla et al., 2014) 

1022 Goethite or quartz (Niazi et al., 2015) 

1020 Al–OH (Stenberg et al., 2010) 

1019 Kaolinite Al–Si (Soriano-Disla et al., 2014) 

919 Al–OH (Stenberg et al., 2010) 

919 Al–OH stretching (Soriano-Disla et al., 2014) 

915 Al–OH, kaolinite (Rossel and Behrens, 2010) 

900 FeOOH (Soriano-Disla et al., 2014) 

885 Al Fe–OH, smectite (Rossel and Behrens, 2010) 

862 Al oxides (Janik et al., 1998) 

850 Al oxides (Janik et al., 1998) 

808–838 Ferrihydrite (Janik et al., 1998) 

830–730  Aromatic C-H bends (Zimmermann et al., 2007) 

824 Fe oxides (Janik et al., 1998) 

814 NO3
2- (Wang et al., 2017) 

814 Goethite (Zimmermann et al., 2007) 

800 Quartz (Stenberg et al., 2010) 

800 FeOOH (Soriano-Disla et al., 2014) 

800 Si-O2 stretching (Soriano-Disla et al., 2014) 

798,814 Goethite (Niazi et al., 2015) 

789 Fe oxides (Janik et al., 1998) 

764 Hematite (Niazi et al., 2015) 

706 Carbonate (Niazi et al., 2015) 

700 Quartz (Stenberg et al., 2010) 

700–600 Iron oxides (Soriano-Disla et al., 2014) 

700 Si-O2 stretching (Soriano-Disla et al., 2014) 

698 SO3
2- (Wang et al., 2017) 

552 SO4
2- (Wang et al., 2017) 

522 Gibbsite (Niazi et al., 2015) 
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Wavenumbers (cm-1) Soil constituents References 

428 Si–O or Fe–O (Niazi et al., 2015) 

413 Fe–O (Niazi et al., 2015) 

 

 

 

Appendix 3.1 Distribution of soil samples as per NZSC soil orders (Hewitt et al., 2021) and 

land uses. Equivalence between NZSC soil orders and World Reference Base (WRB) soil 

orders (IUSS Working Group WRB, 2015) is indicative. 

NZSC soil orders WRB soil orders 
Number of soil samples in each land use 

Arable land Non-arable land Total 

Brown Cambisols 108 224 332 

Gley Gleysols 15 1 16 

Melanic Phaeozems 4 7 11 

Organic Histosols 2 1 3 

Pallic Lixisols 96 53 149 

Podzols Podzols 7 10 17 

Raw Regosols 6 – 6 

Recent Fluvisols 34 14 48 

Semiarid Durisols 17 14 31 

Ultic Alisols 4 – 4 

Urban areas – – 2 2 

Water bodies – – 3 3 

Total 293 329 622 
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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 3.5 Built-in pXRF calibration measurements of soil total TE (As, Cd, Cr, Cu, 

Hg, Ni, Pb, and Zn) for the training and testing sets. 

TE 

pXRF 

LOD 

(ppm)* 

Training set  Testing set 

RMSE R2 CCC RPIQ Bias 
 

RMSE R2 CCC RPIQ Bias 

As 2 5.90 0.43 0.40 0.66 4.72  5.64 0.57 0.25 0.51 5.26 

Cd# 5 – – – – –  – – – – – 

Cr 15 49.46 0.12 0.08 0.14 29.35  50.40 0.16 0.05 0.10 35.82 

Cu 5 10.08 0.56 0.58 1.02 6.90  8.86 0.68 0.46 0.84 7.80 

Hg# 1 – – – – –  – – – – – 

Ni 5 10.67 0.39 0.37 0.59 7.00  10.25 0.35 0.24 0.41 7.23 

Pb 3 4.90 0.27 0.50 1.19 -1.39  2.46 0.71 0.81 2.10 -1.05 

Zn 3 26.49 0.58 0.53 1.19 21.05  24.26 0.81 0.58 0.99 22.16 
*LOD=Limit of detection is the lowest quantity of an element in parts per million (ppm) that can be detected 

in an interference-free silica blank with built-in calibration in portable X-ray fluorescence spectroscopy 

(pXRF) spectrometer.  
#All samples contained Cd and Hg concentrations well below the limit of detection of the built-in calibration 

in the pXRF spectrometer. 

 

Appendix 4.1 Distribution of agricultural soil samples used in the study as per NZSC soil 

orders (Hewitt et al., 2021). 

NZSC soil orders Number of samples 

Allophanic  50 

Pumice 14 

Organic 10 

Pallic 6 

Brown 4 

Gley 2 

Recent 1 

Total 87 
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Appendix 5.1 Statistical summary of Cd concentration in soil samples included in the regional SSL, regional SSL pastoral soils subset and local 

set as per the NZSC soil orders (Hewitt et al., 2021). 

Parameters 
 Allophanic Brown Gley Melanic Organic Pallic Podzols Pumice Raw Recent Semiarid Ultic Urban areas Water bodies 

mg Cd/kg 

Regional SSL                

Number of samples 625 – 333 16 11 3 149 17 – 6 50 31 4 2 3 

Minimum 0.005 – 0.005 0.02 0.03 0.03 0.005 0.01 – 0.005 0.01 0.02 0.06 0.10 0.02 

1st Quartile 0.03 – 0.02 0.07 0.11 0.05 0.04 0.05 – 0.01 0.04 0.05 0.06 – 0.04 

Median 0.06 – 0.04 0.10 0.13 0.06 0.07 0.08 – 0.02 0.08 0.08 0.06 – 0.05 

Mean 0.08 – 0.08 0.14 0.21 0.06 0.08 0.09 – 0.04 0.11 0.08 0.07 – 0.06 

3rd Quartile 0.11 – 0.09 0.13 0.29 0.08 0.11 0.10 – 0.06 0.15 0.11 0.08 – 0.08 

Maximum 1.31 – 1.31 0.61 0.56 0.10 0.35 0.24 – 0.10 0.37 0.23 0.09 0.11 0.10 

Skewness 5.28 – 5.94 2.27 0.85 0.09 1.79 1.22 – 0.57 1.44 0.90 0.53 – 0.16 

Regional SSL pasture subset               

Number of samples 283 – 103 16 6 2 96 8 – – 34 13 4 – 1 

Minimum 0.005 – 0.005 0.02 0.10 0.03 0.02 0.03 – – 0.03 0.02 0.06 – – 

1st Quartile 0.06 – 0.07 0.07 0.12 0.04 0.05 0.08 – – 0.06 0.05 0.06 – – 

Median 0.09 – 0.11 0.10 0.16 0.04 0.08 0.10 – – 0.11 0.07 0.06 – – 

Mean 0.12 – 0.14 0.14 0.25 0.04 0.09 0.09 – – 0.12 0.08 0.07 – 0.10 

3rd Quartile 0.14 – 0.18 0.13 0.34 0.05 0.12 0.10 – – 0.16 0.11 0.08 – – 

Maximum 1.31 – 1.31 0.61 0.56 0.06 0.32 0.11 – – 0.37 0.14 0.09 – – 

Skewness 5.36 – 4.90 2.27 0.67 0.00 1.52 -1.14 – – 1.17 0.12 0.53 – – 

Local set               
Number of samples 87 50 4 2 – 10 6 – 14 – 1 – – – – 
Minimum 0.10 0.34 0.16 0.22 – 0.33 0.11 – 0.10 – – – – – – 

1st Quartile 0.35 0.55 0.22 – – 0.47 0.11 – 0.25 – – – – – – 

Median 0.55 0.69 0.25 – – 0.48 0.14 – 0.36 – – – – – – 

Mean 0.58 0.75 0.23 – – 0.54 0.14 – 0.36 – 0.27 – – – – 

3rd Quartile 0.78 0.85 0.25 – – 0.59 0.17 – 0.44 – – – – – – 

Maximum 2.03 2.03 0.25 0.37 – 0.87 0.18 – 0.72 – – – – – – 

Skewness 1.51 1.72 -0.72  – – 0.63 0.05 – 0.32 – – – – – – 
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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.  
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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 6.1 Number of soil and plant aboveground biomass and root samples collected 

and analysed for Cd concentration in two glasshouse experiments. 

Sample matrices Experiments 
Total number of 

samples collected 

Number of samples 

analysed for total Cd 

Soil 
Experiment I 392 336 

Experiment II 336 112 

Aboveground biomass 
Experiment I 84 28 

Experiment II 82 82 

Root biomass 
Experiment I 28 0 

Experiment II 28 28 

Appendix 6.2 Measured Cd concentration in soil, chicory aboveground biomass and root 

samples in glasshouse experiments I and II as per amended increasing soil Cd 

concentrations.  

Added Cd 

concentrations (mg 

Cd/kg soil) 

Experiment I Experiment II 

N Min. Mean Max. Skew. N Min. Mean Max. Skew. 

Soil (mg Cd/kg soil) 

0 48 0.17 0.21 0.27 0.37 20 0.41 0.47 0.58 0.78 

0.5 48 0.52 0.61 0.71 -0.25 16 0.84 0.91 1.05 0.89 

0.75 48 0.61 0.88 1.12 0.29 16 0.96 1.12 1.28 0.14 

1 48 0.61 1.08 1.49 -0.44 16 1.12 1.27 1.45 0.09 

2 48 1.74 2.06 2.62 1.14 16 1.89 2.10 2.69 1.74 

3.5 48 2.92 3.31 3.77 0.35 16 2.85 3.40 3.87 -0.20 

5 48 4.69 5.03 5.45 0.03 12 4.35 4.63 4.81 -0.33 

Aboveground biomass (mg Cd/kg DM) 

0 4 3.47 3.93 4.78 0.64 12 2.40 3.16 3.97 -0.02 

0.5 4 10.66 12.74 14.22 -0.37 12 5.46 10.2 26.17 1.66 

0.75 4 10.05 15.81 23.33 0.35 12 6.53 12.72 21.3 0.46 

1 4 19.17 25.17 33.22 0.35 12 8.52 12.42 18.57 0.26 

2 4 34.27 42.34 50.02 -0.07 12 12.25 23.89 40.95 0.51 

3.5 4 30.65 39.84 51.03 0.26 12 19.33 32.88 51.50 0.62 

5 4 29.83 58.56 74.48 -0.59 10 25.98 40.18 56.77 0.05 

*Root biomass (mg Cd/kg DM) 

0 – – – – – 4 0.86 1.27 1.66 -0.03 

0.5 – – – – – 4 2.36 2.69 3.00 -0.04 

0.75 – – – – – 4 2.57 2.99 3.73 0.52 

1 – – – – – 4 3.03 4.02 4.97 -0.05 

2 – – – – – 4 6.07 6.68 7.66 0.41 

3.5 – – – – – 4 9.04 9.39 10.15 0.70 

5 – – – – – 4 16.17 19.79 25.79 0.50 

*Root biomass Cd for experiment I are not available. 
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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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