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ABSTRACT 

Advancing soil spectroscopy from laboratory to handheld applications to support site-specific 
sustainable phosphorus management. 

Sifan Yang, MSc. 

Soil phosphorus (P) dynamics are of agronomic and environmental importance. Near-infrared (NIR) 
and mid-infrared (MIR) soil spectroscopy offer rapid and cost-effective alternatives to traditional wet 
chemical tests. Testing soil P sorption capacity using traditional isothermal sorption experiments 
allows for the establishment of reference values and the definition of behavioural classes for 
integration into agronomic guidelines. The aim of this study was to develop infrared spectroscopy as 
a practical alternative, advancing from laboratory-based to handheld on-site testing of P sorption 
capacity, with reference to the refined Soil Index System that integrates soil P sorption characteristics 
to support agronomic decision-making for long-term, site-specific sustainable P management. Mineral 
topsoil samples (loss-on-ignition ≤ 20%, depth 0.05 - 0.20 m), covering 35,716 km2 of Ireland, were 
taken from the archive of the Tellus national programme.  

Calibration samples were characterised by P status and Langmuir sorption parameters, including P 
sorption maximum capacity (Smax, mg·kg⁻¹) and binding affinity from the wet chemical extractions. 
Segmented regression identified a significant change-point in P behaviour at Smax = 450.03 mg·kg−1, 
classifying soils into ‘low’ (SL) and ‘high’ (SH) P sorption capacities.  

Chemometric models for Smax prediction were developed using samples in a dry state. Benchtop 
(Bruker, 4000–400 cm⁻¹) and handheld (Agilent, 4000–650 cm⁻¹) MIR spectrometers were used to scan 
<0.100 mm (ball-milled) and <2 mm soil samples. In comparison, Agilent obtained spectral libraries 
contained more noise and less resolution. Unlike Bruker, ball milling preparation step significantly 
influenced the performance of Agilent. Handheld NIR instruments (InnoSpectra, 900–1700 nm, and 
NeoSpectra, 1350–2550 nm) were also evaluated for <2 mm samples. Only Agilent and NeoSpectra 
handheld instruments demonstrated potential for discriminating SL/SH soils. 

A systematic re-wetting experiment assessed moisture effects on <2 mm samples scanned with 
handheld NIR and MIR spectrometers. The External Parameter Orthogonalisation (EPO) algorithm 
successfully removed moisture effects. However, predictions from EPO-transformed wet spectra 
remained less accurate than those from dry samples. In practice, to simplify and improve the reliability 
of predictions from MIR spectroscopy, maintaining relatively dry field conditions is highly 
recommended. 

The findings in this thesis contribute to site-specific P management, water quality protection, and 
policy development for future studies.  
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1.1 Soil Phosphorus 

1.1.1 Background: Soil P for achieving food security and ecosystem sustainability 

The global population reached eight billion in mid-November 2022 and is projected to reach 9.7 billion 

by 20501. To meet the rising demand driven by population growth and dietary changes, particularly 

exacerbated by increased food insecurity after the COVID-19 pandemic, the Food and Agriculture 

Organization (FAO) estimates that global food production will have to increase by 60% by 20502,3. 

Phosphorus (P) is an essential plant nutrient, the second most important after nitrogen (N), and is 

critical for achieving optimum crop yields.  

Soil P is stored in various formations: (i) plant-available P, soluble in soil solution; (ii) labile-P, P held 

by soils that are likely to be transferred to plant-available P; and (iii) non-labile P. Less than 1% of the 

total P in soils is plant-available, i.e., in a form readily accessible for plant uptake4–6. However, a large 

amount of plant-unavailable P is stored in (i) organic matter (e.g., dead plant and animal residues, soil 

microorganisms, and humic substances), (ii) primary P minerals (e.g., apatite, strengite, and variscite), 

and (iii) P-bearing secondary minerals (e.g. clay minerals and iron-rich clay aggregates); in addition to 

(iv) the labile pool, where inorganic P is likely bound to soil clay minerals, iron (Fe), aluminium (Al) 

oxides and calcium carbonate (CaCO3)4,7,8. Over the past century, human existence has depended on 

producing P fertilisers and their application to agricultural soils to sustain food production9. 

The application of P fertilisers, including mineral fertilisers and organic amendments (e.g., manure and 

compost), is a conventional approach to quickly addressing P deficiency and maintaining P levels in 

natural soil pools10. P fertilisation contributes to increased crop yields by stimulating root growth, 

increasing drought tolerance, improving disease resistance, and facilitating nutrient and water 

absorption in the seedling5,11. In Europe, Ireland ranks among the highest in fertiliser use intensity (i.e., 

consumption per hectare)12. In 2015, Ireland was the ninth-highest fertiliser consumer among EU 

member states13, with an average application rate of 146.4 kg of artificial fertilisers per hectare of 

agricultural land, including 4.2 kg of P14.  
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The development of synthetic P fertilisers has contributed significantly to increased crop production 

per unit area; however, the associated environmental impacts have often gone unmeasured. For 

example, phosphate rock (PR), the primary raw material used in the production of nearly all 

commercial phosphate fertilisers, is a non-renewable resource. In Europe, PR is additionally 

considered as a strategic resource. Due to limited domestic PR reserves, Europe is predominantly a P 

importer and is therefore vulnerable to geopolitical tensions15–18. Since 2022, Irish farmers have faced 

a significant cost increases, experiencing a doubling to tripling of the cost of phosphate fertilisers19. 

Not only are PR reserves dwindling, but the quality of PR used globally is also steadily declining as high-

grade reserves become increasingly scarce. The use of low-grade PR increases the contamination of 

phosphate fertilisers with heavy metals (e.g., cadmium, lead); these toxic pollutants are subsequently 

released into water and soils20,21.  

On the other hand, P surpluses have been evidenced by studies comparing fertiliser inputs to P 

offtakes22–26. A unique characteristic of soil P is its low availability due to slow diffusion and strong 

fixation in mineral soils27. In many agricultural systems, the recovery of applied P by crops within a 

single growing season is very low, with more than 80% of applied P becoming immobile and 

unavailable for plant uptake due to adsorption, precipitation, or conversion into organic forms26–29. In 

a global terrestrial P fertilisation study, Luo et al. (2024)26 reported that, on average, only 12.6% of 

applied P is taken up by plants, while 67.2% of inorganic P fertilisers remain stored in soils. Legacy-P, 

defined as accumulated P from long-term fertiliser applications, is sorbed as labile-P or stored in 

secondary P minerals30,31. Agricultural soils with high legacy-P/labile-P exhibit reduced buffering 

capacity, increasing the susceptibility of newly applied P to environmental losses32. Numerous studies 

have shown that agricultural P losses to water have intensified significantly in recent years33–36. 

Globally, farmers apply approximately 25 million tonnes of P annually, of which about 14 million 

tonnes remain unused by crops, leading to a build-up of P in excess of crop requirements and 

increasing the risk of soil P loss, e.g., via surface runoff during periods of heavy rainfall37,38. One major 
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consequence is the significant contribution of P to eutrophication (e.g., the 2007 Algal Bloom Crisis), 

which is considered an endemic global problem26,39–42.  

Balancing food security and environmental sustainability while minimising the negative impacts of P 

fertilisation remains a significant challenge for sustainable agricultural management.                                                                    

1.1.2 Managing soil P: Legislation and agronomic use of soil testing 

Policies and advice are used to regulate fertiliser application, encouraging farmers to apply P fertilisers 

more responsibly with the objective of reducing losses to water. For example, the ‘Zero Pollution 

Action Plan’, launched within the European Green Deal that aims to reduce nutrient losses by 50% by 

2030, emphasises the need for improved management of N and P throughout their life cycle43. At the 

European level, although there is currently no comprehensive legal instrument specifically addressing 

soil protection44, the Nitrates Directive (Directive 91/676/EEC, OJ 1991 L 375, p. 1 ff.), the Water 

Framework Directive (WFD) (Directive 2000/60/EC, OJ 2000 L 327, p. 1 ff.), and the Habitats Directive 

(Directive 92/43/EEC, OJ 1992, L 206, p. 7 ff.) seek to protect water quality through reducing diffuse P 

loss from agricultural areas. In 2023, the European Commission proposed a Soil Monitoring Law, which 

aims to monitor and improve soil health in all EU Member States. As of 10th April 2025, a provisional 

political agreement has been reached between the European Parliament and the Council45.  

Ireland currently regulates N and P use through the Nitrates Action Programme (NAP), as set out in 

Statutory Instrument S.I. No. 113 of 202246,47. The agronomic Soil Index System for P measures soil 

test P (STP) based on Morgan’s extractable P (sodium acetate and acetic acid reagent with a pH of 4.8), 

providing a static assessment of plant-available soil P relative to crop/grass demand48. Tested 

Morgan’s P values are grouped into bands, with concentrations of 0 - 3 mg·L-1 and 3.1 – 5.0 mg·L-1 

corresponding to grassland soils at Index 1 and Index 2, respectively. Croplands (e.g., tillage and 

vegetable crops) require higher P levels for optimum production, with Index 2 corresponding to STP 

values of 3.1 – 6.0 mg·L-1. Soils at Index 1 or Index 2 are considered to have low levels of plant-available 

P and are expected to show a definite or likely response to P fertilisation. Index 3 is the target level for 
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the optimum P range for crop (6.1 - 10.0 mg·L-1) and grass growth (5.1 - 8.0 mg·L-1). When STP exceeds 

10 mg·L-1 for croplands or 8.0 mg·L-1 for grasslands, soils are classified as Index 4, indicating 

sufficient/excess plant-available P, where additional P application is not allowed49.  

Morgan’s solution has been effective for assessing P status in neutral to acidic Irish soils (e.g., by 

maintaining a stable reaction below pH 7.5); however, its inability to account for system dynamics, 

such as plant-driven P mobilisation or long-term P accumulation, limits its agronomic and ecological 

relevance. For example, in Ireland, a national soil survey showed that 55% of dairy farms, 61% of 

drystock farms, and 57% of tillage farms had soils classified as Index 1 and Index 2 in 2021. A decline 

in soil P levels was also observed in both grassland and tillage farms50. Although soil testing indicates 

that P fertilisation is needed to rebuild soil P levels and prevent the reversal of previous fertility gains, 

gaps remain in understanding the accumulation of legacy-P and its potential role in increasing the risk 

of P loss to water systems in the future. 

1.1.3 Soil P cycling: Sorption and desorption processes 

Soil P can be lost to water from both point sources (e.g. sewage treatment works, industrial discharges, 

septic tank systems or farmyard runoff entering watercourses via pipes or drains) and diffuse sources 

(e.g. surface runoff, leaching, or subsurface drainage from agricultural lands)38,51. With the 

identification and management of point-source water pollution, research focus has shifted to diffuse 

pollution from agricultural lands, which arises from multiple interacting factors52. Climate change53,54, 

land-use change55,56, vegetation coverage56, increasing population density57 and dietary changes58 etc. 

all contribute to soil P losses. For example, increased rainfall intensity and severe storms caused by 

climate change have led to a greater topsoil loss from agricultural land59. 

The movement, transformation, and availability of P within the soil-plant-environment continuum are 

governed by various processes within the soil P cycle (Figure 1-1), including plant uptake, desorption–

sorption, mineralisation–immobilisation, dissolution–precipitation, soil erosion and runoff to 

surrounding waterbodies60–62. For example, the plant-available P originates from (i) natural inorganic 
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P (Pi) released through primary mineral weathering; (ii) desorption of P from clay, Fe/Al oxides; (iii) 

dissolution of secondary minerals that bind P; (iv) mineralisation of organic P (Po) compounds derived 

from plant residues, microbial biomass; inputs from (v) mineral P fertilisers; and (vi) organic fertilisers. 

It is removed from the agricultural system through harvesting or through diffuse losses to surrounding 

water bodies, e.g., soil erosion and surface runoff. The mobilisation of Po is dependent on variables 

such as plant root systems, the activity of mycorrhizal fungi, bacterial, redox potential, soil type and 

pH63. Plant roots can exude phosphatases that mineralise Po, and organic acids (e.g., malic and citric 

acids) that solubilise mineral-bound P. Symbiotic arbuscular mycorrhizal fungi and ectomycorrhizal 

fungi also contribute to mobilising mineral-bound P by producing chelating compounds64,65.  

In this study we focused on Pi dynamics, e.g., sorption – desorption mechanisms. 

Figure 1-1. Schematic of the soil phosphorus cycle. Redrawn from Sims and Sharpley (2005)66. 
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Sorption broadly describes the transfer of P from the soil solution to the solid phase soil sorbents, and 

the inverse process is desorption. The main sorption mechanisms include inner-/outer-sphere 

adsorption, absorption, and precipitation on mineral surfaces67,68. Soil sorbents include clays, metal-

oxides/hydroxides (e.g., Fe and Al) and soil organic matter (SOM)68. For example, in acidic soils rich in 

Al or Fe oxides (e.g., gibbsite and goethite), outer-sphere (anion exchange) and inner-sphere (ligand 

exchange) sorption mechanisms facilitate the surface adsorption of phosphate. In alkaline calcareous 

soils, phosphate is often adsorbed and precipitated with calcium (Ca²⁺) and magnesium (Mg²⁺)27,68–70. 

Clay soils, with their small particle size and high specific surface area, often contain high levels of Fe/Al 

oxide minerals and typically exhibit high P sorption capacity71,72. However, the effects of SOM on P 

sorption in mineral soils are more complex. SOM can indirectly inhibit the crystallisation of Fe/Al 

oxides, potentially increasing P adsorption; while also directly competing with phosphate for 

adsorption sites, thereby reducing P adsorption27. For example, in highly weathered soils (e.g., lateritic 

soils), SOM has been found to be negatively correlated with P adsorption capacity73,74.  

Soil P sorption capacity is closely related to soil properties (e.g., soil mineralogy, SOM)75–79. In 

particular, soil pH is one of the most important factors influencing P dynamics28,69. This is because soil 

pH plays a key role in determining surface charge. Increasing soil pH (e.g., from 4 to 7) leads to a 

decrease in surface positive charge, resulting in reduced P outer-sphere adsorption. Ligand exchange 

of phosphate onto minerals also tends to decrease with increasing pH (e.g., pH < 7.5), while extremely 

acidic pH values (e.g., pH < 4.5) can also potentially limit surface adsorption (adsorption envelope 

phenomenon). In contrast, in calcareous soils, precipitation of Ca-phosphate minerals is favoured by 

increasing pH (e.g., pH from 6.5 to 8.5)69. 

In practice, understanding soil P sorption mechanisms has informed strategies for soil management 

and nutrient dynamics. For example, in highly P-fixing and poorly P-responsive soils, organic 

amendments can reduce P sorption by temporarily raising soil pH during decomposition (the rapid 

proton exchange between the soil and the organic amendments80–82) and by complexing Al³⁺ and Fe³⁺ 

ions with organic compounds, thereby decreasing the activity of P-fixing cations. In Ireland, liming 
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plays an important role in correcting soil acidity in agricultural soils. Panagos et al. (2022)83 analysed 

the Land Use/Land Cover Area Frame Survey (LUCAS) topsoil dataset (0–20 cm), where plant-available 

P was determined using the Olsen method. The study reported that in Ireland, the ratio of total P to 

plant-available P in agricultural topsoil was 18.3, compared to a European average of 17, suggesting 

lower P bioavailability and a greater proportion of total P retained as labile-P/legacy-P in Irish soils. 

Raising soil pH through liming improves the efficiency of applied mineral/organic P and enhancing the 

availability of labile-P/legacy-P by breaking ligand exchange bonds84. Maximum P availability is 

typically achieved at a soil pH of around 6.54,69. Soil test results reported by the Irish Farmers Journal 

from the Footprint Farms Programme show that 27% of samples fall within the pH range of 6.0 - 6.4, 

38% between 6.5 - 6.9, and only 3% have a pH below 6.085. These results highlight the impact of liming 

efforts to date and emphasise the ongoing importance of maintaining optimal pH levels to support 

effective P use and availability in Ireland. These results reinforce the effectiveness of liming highlight 

the importance of continued liming to optimise P use efficiency. 

1.1.4. Soil P sorption indicators 

Soil P sorption characteristics, such as the ‘sorption maximum’ and the ‘bonding strength between P 

and soil’, are traditionally derived from isothermal batch experiments. Standard isotherm equations 

used to fit P sorption data include the Temkin, Freundlich, Langmuir and Elovich equations86. Of these, 

the Freundlich models (Equation 1-1)74,87 and Langmuir models (Equation 1-2)18,72,78,88–90 are the most 

commonly used. The Langmuir model assumes monolayer adsorption onto a homogeneous surface 

with a finite number of identical binding sites and uniform sorption energies. In contrast, the 

Freundlich model describes adsorption on heterogeneous surfaces with variable sorption energies and 

no defined saturation limit, providing an empirical fit for complex soil systems91. 
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S = kfC
n, 

or written in logarithmic form as 

log S = log kf + n log C, 

(Equation 1-1) 

where S (mg·kg-1) is the P sorbed on solid phase; kf (L·kg-1) is the adsorption constant; C (mg·L-1) is 

the P concentration in soil water; and n is the affinity constant (n<1), which is equivalent to a binding 

energy (L·mg-1). 

For a range of Irish grassland soils derived from different parent materials, Daly et al. (2015)18 and 

Dunne et al. (2021)90 have demonstrated that the Langmuir model provided a good fit for describing 

soil P sorption dynamics. The maximum P sorption capacity of a soil (Smax) is an important parameter 

influencing soil P sorption behaviour. In P-deficient conditions, soils with high Smax replenish plant-

available P pools slowly during the ‘build-up’ phase62. As soil P concentration approaches its Smax, less 

P can be sorbed by the soil, resulting in higher soluble P concentrations and greater risk of P loss via 

runoff or leaching92. However, the sorption parameters derived from these models are empirical in 

nature66. Soil P sorption maximum varies with pH and ionic strength, yet the Langmuir model does not 

account for these variations mechanistically. Wang et al. (2016)93 noted that the value of the maximum 

sorption capacity determined using the Langmuir isotherm equation (Smax) does not represent the P 

sorption maximum in reality.  

The maximum buffer capacity (MBC, mg·kg-1) (Equation 1-3), derived from the Langmuir sorption 

parameters, is used to determine the soil P sorption capacity by measuring its ability to resist changes 

in P concentration in solution. A higher MBC reflects a stronger resistance to changes in solution P 

S =
k·Smax·C

1+k·C
, (Equation 1-2) 

where S (mg·kg-1) is the total amount of P sorbed; C (mg·L-1) is the concentration of P in solution 

after equilibration; Smax is the P sorption maximum (mg·kg-1); and k is a binding  affinity constant 

(L·mg-1). Phosphate sorption maximum (Smax) has been widely used to estimate soil capacity to 

adsorb P.  
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concentration (or buffering capacity) and a greater P sorption capacity94. The MBC is a variable, soil-

specific property that is influenced by factors such as soil types (e.g., clay soils)95, land use (e.g., 

wetlands restoration)96, management practices (e.g., long-term fertilisation)97, and soil amendments 

(e.g., biochar addition)98.  

MBC = Smax × k, (Equation 1-3) 

where Smax (mg·kg-1) and k (L·mg-1) are the Langmuir sorption parameters.  

An advantage of the batch technique is the ease of sample handling (straightforward soil-solution 

separation). It also allows precise control of soil-to-solution ratios and equilibration, enabling accurate, 

reproducible measurement of P sorption. However, it is time-consuming and costly for routine use. 

To save time and lower analytical costs, single-point sorption values have been investigated as 

indicators of sorption parameters, simplifying isotherm modelling by reducing data collection from 

multiple concentrations (e.g., six points) to a single measurement.  

The P Sorption Index (PSI) (Equation 1-4), which evaluates soil sorption capacity using a single added 

P concentration (e.g., 150 mg P per 100 g soil), was first introduced by Bache and Williams (1971)99 as 

an alternative to estimating Smax. The PSI is often used to estimate soil P sorption capacity in the 

calculation of the degree of soil P saturation (DPS)93,100. The DPS, defined as the ratio of sorbed P to 

the soil P sorption capacity (PSC) of the soil (DPS =
Sorbed P (mg·kg−1)

PSC (mg·kg−1) 
×  100%)101, indicates the potential 

ability of a soil to desorb soil P and is used as a risk indicator of P losses from agricultural land to 

surface/ground water 102; a higher DPS indicates a greater loss potential.  

PSI =
X

logC
 ,   (Equation 1-4) 

where C (mg·L-1) is the final P concentration at equilibrium, X is P sorbed (mg·kg-1). PSI is expressed in L·mg-1.  

According to sorption mechanisms (Section 1.1.3), PSC also estimated empirically using extractable 

metal concentrations102. For example, in non-calcareous sandy soils, PSC is strongly correlated with 

oxalate-extractable iron (Feₒₓ) and aluminium (Alₒₓ), and exhibits a linear relationship with the sum of 
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Alₒₓ and Feₒₓ (Equation 1-5)103,104. Oxalate extraction is not routinely used in most labs. Mehlich-3-

based methods have also been proposed as alternatives for estimating PSC (Equation 1-6)102,105,106.  

PSCOX = α(Feox + Alox),   (Equation 1-5) 

where 𝛼 is an empirical parameter calculated as the ratio of PSC to the corresponding to the extractable metal 

concentrations (mmol·kg−1); PSC is expressed in mmol·kg−1.  

For example, van der Zee et al. (1988)107 estimated PSC ≈ 0.5 × (Feox + Alox) and developed the DPS 

(DPS =
Oxalate−extractable P

Oxalate−extractable Al+Fe
×  100%)  to estimate the potential ability of a soil to desorb soil P. 

Maguire et al. (2001)108 evaluated DPS values of acidic soils from Northern Ireland and derived PSC =

0.57 · Alox + 0.28 · Feox + 1.28 · LOI + 24.2 (R2=0.95). The regression coefficient for Alₒₓ (α₁ = 0.57) was 

approximately twice that for Feₒₓ (α₂ = 0.28), suggesting that Alₒₓ played a more dominant role than 

Feₒₓ in determining soil P sorption capacity. Additionally, the presence of a positive intercept (β = 24.2) 

in the regression equation indicated that a significant portion of P sorption may be attributed to soil 

properties beyond Alₒₓ and Feₒₓ, such as SOM, which was found to be weakly but positively correlated 

with P sorption capacity.  

In Australia, the P buffering capacity (PBC) (Equation 1-7), which measures the soil’s ability to resist 

changes in solution P concentration when P is added or removed109,110, and the P buffer index (PBI) 

(Equation 1-8), which quantifies the soil’s capacity to immediately remove P from solution110,111, are 

commonly used to guide optimal fertilisation on highly weathered soils. 

PBC =
∆X

∆C
, (Equation 1-7) 

where ΔX is the change in P sorbed (mg·kg⁻¹); ΔC is the change in P concentration (mg·L⁻¹). 

PBI =
P sorbed 

Equilibrium P concentration
, (Equation 1-8) 

P sorbed (mg·kg-1); Equilibrium P concentration (mg·L-1). 
  

PSCMehlich−3 = α(FeMehlich−3 + AlMehlich−3),  (Equation 1-6) 
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1.1.5 Integrating soil P dynamics with test-based recommendations 

Low P use efficiency results in unnecessary economic costs and increases the risk of P loss due to 

legacy-P accumulation, both of which are closely linked to soil P availability and its behaviour under 

varying soil properties. Growing concerns over the long-term sustainability of P management in 

agroecosystems has led to increased interest in monitoring soil P dynamics and integrating P sorption 

indicators with soil test results to improve fertiliser recommendations. For example, Amrani et al. 

(1999)95 used MBC to assess P buffering in calcareous soils and recommended incorporating it into P 

requirement models to optimise yields under different soil types.  

In Australia, Colwell-P is widely used to relate soil P levels to crop yield responses. Across different 

field soils, a strong positive relationship has been observed between P fertiliser requirements and PBC 

values17. Burkitt et al. (2002)109 developed the PBI, a simple measurement of PBC, to describe a soil’s 

P fixation capacity, with a higher PBI value indicating greater P sorption and a higher Colwell-P level 

being required to meet crop P requirements. They proposed coupling PBI with the Colwell-P test to 

optimise fertiliser use and support sustainable practices. Building on this, Moody (2007)112 

quantitatively linked PBI to crop yield response by adjusting critical Colwell-P values (Colwell-P at 90% 

maximum yield) for five crops (annual medics, soybean, potato, wheat, and temperate pasture) to 

enhance the precision and sustainability of P management by accounting for variation in soil P sorbing 

characteristics. 

In Ireland, Dunne et al. (2021)90 assessed soil P sorption capacity employing Langmuir sorption 

isotherms. Visualisation of the P sorption isotherms showed that they were predominantly C-shaped 

(rapid P sorption with no clear plateau) and L-non-strict (gradually decreasing sorption rates) and 

corresponded to high Mehlich-3-aluminium (M3-Al) levels (702.5 - 2,460.8 mg·kg-1) and low M3-Al 

levels (2.5 - 698.5 mg·kg-¹), respectively. Dunne et al. (2021)62 also developed a conceptual framework 

for P management by defining sorption classes and integrating them with modified P indices. Hall et 

al. (2023)113 assessed P sorption characteristics by available Al concentrations, determined by Mehlich-
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3 extraction (M3-Al). Kriged variogram outputs showed a significant negative correlation with 

bioavailable P indices. Areas with high M3-Al concentrations (≥702.5 mg·kg⁻¹) predominantly exhibited 

low plant-available P values (<5 mg·L⁻¹). Conversely, regions with low Al concentrations (≤ 697 mg·kg⁻¹) 

showed moderate to high plant-available P concentrations, suggesting a higher likelihood of P 

remaining in the solution phase and posing a risk to local watercourses. Their mapping of soil P indices 

alongside M3-Al concentrations yielded a visual depiction of soil P behaviour, offering valuable insights 

that facilitate enhanced decision-making processes for P management and water quality preservation. 

However, unlike PBI112, the important sorption parameter (Langmuir) Smax does not have a defined 

threshold to indicate a change-point in sorption behaviour.  

Additionally, a significant limitation of routine laboratory isotherm testing is that it conflicts with the 

requirement for soil testing programmes to be timely and cost-effective. Exploring faster and more 

cost-effective methods for routinely assessing soil P sorption behaviour is essential for supporting 

farmers in adopting sustainable practices. Some efficient alternatives to wet chemical extractions for 

assessing soil P sorption dynamics include anion exchange resin membranes114, diffusive gradients in 

thin-films31, X-ray fluorescence spectroscopy115. In particular, infrared (IR) spectroscopy has emerged 

as a cost-effective, non-destructive method for the rapid soil characterisation, enabling the 

simultaneous prediction of multiple physical, chemical, and biological properties from a single 

spectrum116–118.  
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1.2 Soil Infrared Spectroscopy 

1.2.1 Theory of IR spectroscopy and applications in soil analysis 

Spectroscopy, known as ‘the light of knowledge’, studies the spectra resulting from the interaction of 

electromagnetic radiation (EMR) with matter, which exhibits both wave and particle properties119,120. 

EMR, as a wave, is characterised by its propagation speed (c), wavelength (λ), and frequency (ν). Its 

particle nature, associated with photons, is described by the energy (E). Table 1-1 summarises the 

relationships among various parameters associated with EMR. These quantities (c, λ, ν, and E) provide 

a scale for the electromagnetic spectrum (EMS), which is divided into regions based on energy 

transitions in matter (Figure 1-2).  

IR spectroscopy measures the absorption of EMR in the wavelength range of 800 to 100,000 nm. This 

range is typically divided into near-infrared (NIR, 800–2500 nm), mid-infrared (MIR, 4000–400 cm⁻¹), 

and far-infrared (FIR, 25 µm – 1 mm). Of these, NIR, along with visible to near-infrared (Vis–NIR, 350–

2500 nm), and MIR are the most widely used in soil spectroscopy, while FIR has seen limited 

application due to its low-energy radiation and strong water vapour interference121,122. As a type of 

vibrational spectroscopy, IR spectroscopy is based on molecular vibrational changes. When IR light 

irradiates a substance, specific wavelengths are selectively absorbed, exciting vibrations of covalent 

bonds within the molecule if (i) their natural vibrational frequency matches the incident radiation and 

(ii) the absorption induces a change in the molecular dipole moment119,123. The resulting spectrum 

displaying characteristic peaks (i.e., position, shape and intensity) reflects the presence and 

concentration (Beer–Lambert Law) of molecular functional groups, thereby supporting compound 

identification120,124.   
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Table 1-1. Parameters associated with electromagnetic radiation. 

Quantity Relationships Explanations  

Energy (E/J) 

𝐸 =  ℎ𝜈 

• h (Planck’s constant) = 6.6 × 10-34 J·s-1 

• v is the frequency 

The energy of EMR is directly 

proportional to its frequency (or 

wavelength as E = h
𝒄

𝝀 
). The 

phenomenon is known as Planck’s 

law.  

Frequency (v/Hz) 

𝑣 =
𝑐

𝜆 
 

• c is the velocity of radiation 

• λ is the wavelength 

Frequency of a beam of radiation is 

determined by the source and 

invariant. It is defined as the 

number of waves that can pass 

through a point in 1 s. It is 

expressed in cycles per second or 

in hertz (1 Hz = 1 cycle·s-1).  

Velocity (c/m·s-1) 

𝑐 = 𝑣𝜆 =
𝑣

𝜈  
 

• c (the velocity of radiation) = 3 × 108 m·s-1 

through a vacuum/air 

• 𝜈̅ is the wavenumber 

Velocity of radiation depends upon 

the composition of the medium 

through which it passes. All types 

of EMR travel with the same 

velocity and require no medium 

for their propagation. 

Wavelength (λ/nm) 𝜆 =
𝑐

𝜈 
 

The distance between two 

adjacent crests or troughs in a 

particular wave. It can be 

expressed in angstrom unit (Å) or 

nanometre (1 Å = 0.1 nm). 

Wavenumber (𝜈̅/cm-1) ν =
1

𝜆 
 

It is the reciprocal of wavelength λ 

and is expressed in per centimetre. 

It is defined as the total number of 

waves that can pass through a 

space in 1 cm. 
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Figure 1-2. Electromagnetic spectrum125–127. 
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Early soil spectroscopy was developed using NIR spectroscopy with monochromator-based scanners128. 

With the development of Fourier-transform infrared (FTIR) spectrometers (Michelson 

interferometers), IR spectroscopy using transmission and reflectance measurement modalities has 

become increasingly popular for soil characterisation (detailed in Section 1.2.5). Transmission IR 

spectroscopy using pressed potassium bromide matrix tablets was the earliest method for collecting 

FTIR spectra of soil minerals and organic components129,130. However, limitations include time-

consuming sample preparation, adjustment of path length and concentration for suitable intensity, 

and limited applicability in field soil studies have make it less widely used for quantitative soil analysis 

today129–134. Nowadays, soil spectroscopy focuses on measuring surface-reflected electromagnetic 

energy, where internal and external reflectance methods are used to capture spectral information 

that serves as a proxy for various soil properties. Attenuated total reflectance (ATR) spectroscopy 

utilising the phenomenon of total internal reflection resulting in an evanescent wave134. Extensive 

studies using ATR for investigating SOM and ions (e.g. nitrate, ammonium etc.) have been summarised 

in Tinti et al. (2015)133.  

Diffuse reflectance infrared Fourier-transform spectroscopy (DRIFTS), particularly mid-infrared DRIFTS 

(mid-DRIFTS), is commonly used in the soil spectroscopy studies135–142. It is generally considered 

advantageous in analysing many soil properties due to its ability to allow electromagnetic energy to 

penetrate and interact effectively with the soil matrix, capturing detailed information about soil 

constituents133,143. However, the signal intensity and spectral resolution in DRIFTS are influenced by 

sample surface geometry (e.g., particle size and porosity) and topography (i.e., surface shape), as 

described by the Kubelka-Munk theory (Equation 1-9)130,133. For example, Leue et al. (2010)144 found 

that both mid-DRIFT signal intensity and spectral resolution decrease with increasing quartz particle 

size, whereas DRIFT spectra of particles <70 μm can characterise quartz molecular structure. Soriano-

Disla et al. (2014)116 reviewed studies and recommended that ball-milling dried soil samples to <100 

μm is necessary to reduce specular reflectance and maximise homogeneity for MIR spectroscopy 

analysis. 
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f (R∞) =
(1−R∞)

2

2R∞
=

k

s
, (Equation 1-9) 

where 𝑅∞ is the absolute reflectance of the layer; 𝑘 is the molar absorption coefficient; and 𝑠 is a 

scattering coefficient, depending on particle size and distribution.  

Although ball-milling/grinding is important for optimising the reproducibility and accuracy of mid-

DRIFTS predictions, recent studies have investigated omitting this step to reduce time and cost, with 

most research focusing on carbon stock estimation (e.g., total carbon [TC] and soil organic carbon 

[SOC]) (Table 1-2). For example, Bachion de Santana and Daly (2022)145 compared MIR-based 

predictions of various soil properties (e.g., TC, SOC, clay, bulk density [BD], etc.) using ball-milled 

(<0.100 mm) and sieved-only (<2 mm) samples and found no significant differences in accuracy. The 

comparison of sample preparation conditions by Breure et al. (2022)146 similarly supported that MIR 

spectroscopy can reliably predict SOM, clay, and pH without the need for extensive preparation, 

demonstrating its potential to reduce both time and cost.  

Dunne et al. (2020)147 applied MIR spectroscopy to predict soil P sorption indicators and used ball-

milled samples. However, little is known about the effects of grinding on MIR spectra for soil P sorption 

prediction. Homogenising soil samples helps prevent specular reflection from large particles. However, 

this sample preparation step limits the advancement of portable MIR devices intended for on-site soil 

analysis.  
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Table 1-2. Comparison of soil properties predicted using laboratory-based mid-DRIFTS spectroscopy 

with and without the grinding step in sample preparation. 

Soil parameter  Sample preparation and soil particle size Prediction accuracy Ref. 

TC (%) Ball-milled (< 0.100 mm) R2
Val = 0.92 145 

TC (g·kg-1) Ball-milled (< 0.200 mm) R2
CV = 0.93 148 

TC (%) Ball-milled (< 0.100 mm) R2
CV = 0.97 149 

TC (%) Sieved (<2 mm) RVal
2 = 0.93 145 

TC (g·kg-1) Sieved (<2 mm) RCV
2 = 0.98 148 

SOC (g·kg-1) Ball-milled (< 0.200 mm)  R2
Val = 0.77 150 

SOC (%) Ball-milled (< 0.100 mm) R2
CV = 0.85 151 

SOC (%) Ball-milled (< 0.100 mm) R2
Val = 0.92 145 

SOC (%) Sieved (<2 mm) R2
Val = 0.93 152 

SOC (%) Sieved (<2 mm) R2
Val = 0.93 145 

SOC (%) Sieved (<2 mm) R2
Val = 0.94 153 

Total Nitrogen (TN, %) Ball-milled (< 180 µm) R2
Val = 0.85 118 

N (%) Ball-milled (< 0.100 mm) R2
Val = 0.94 145 

N (%) Dried, sieved (<2 mm) R2
Val = 0.93 145 

Clay (%) Ball-milled (< 0.100 mm) R2
Val = 0.87 145 

Clay (%) Dried, sieved (<2 mm) R2
Val = 0.88 145 

Clay (g·kg-1) Dried, sieved (<2 mm) R2
Val = 0.91 152 

Sand (%) Ball-milled (< 0.100 mm) R2
Val = 0.82 145 

Sand (g·kg-1) Ball-milled (< 0.200 mm) R2
Val = 0.90 150 

Sand (%) Dried, sieved (<2 mm) R2
Val = 0.80 145 

Sand (g·kg-1) Dried, sieved (<2 mm) R2
Val = 0.87 152 

pH (H2O) Ball-milled (< 0.200 mm) R2
Val = 0.54 150 

pH (H2O) Ball-milled (< 0.100 mm) R2
Val = 0.87 145 

pH (CaCl2) Ball-milled (< 0.100 mm) R2
Val = 0.88 145 

pH (H2O) Ball-milled (< 0.100 mm) R2
Val = 0.97 146 

pH (H2O) Dried, sieved (<2 mm) R2
Val = 0.81 152 

pH (H2O) Dried, sieved (<2 mm) R2
Val = 0.86 145 

pH (CaCl2) Dried, sieved (<2 mm) R2 = 0.89 145 

BD (g·cm3) Ball-milled (< 0.100 mm) R2
Val = 0.78 145 

BD (g·cm3) Ball-milled (< 0.100 mm) R2
Val = 0.81 154 

BD (g·cm3) Dried, sieved (<2 mm) R2
Val = 0.79 145 
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1.2.2 IR spectroscopy for soil characterisation and P dynamics prediction 

1.2.2.1 NIR 

NIR spectroscopy (800 nm – 2500 nm) is based on the overtones of vibrational modes involving 

functional groups such as O–H, C–H, N–H, sulphate ion (SO₄²⁻), and carbonate ion (CO₃²⁻), as well as 

on combination bands associated with molecules like H₂O and CO₂. These vibrational transitions 

correspond to specific wavelength regions, including the first overtone (1400–1900 nm), second 

overtone (1000–1400 nm), third overtone (800–1000 nm), and combination bands (1900–2500 nm). 

Absorptions in the visible region (350–800 nm) are primarily associated with iron-containing minerals 

such as hematite and goethite124. When combined with the near-infrared region, visible and near-

infrared (Vis–NIR) spectroscopy (350–2500 nm) has been widely applied in fields for soil analysis116,155.  

In general, absorption features in the (Vis-)NIR region are characterised by broad, overlapping, and 

relatively weak signals, making soil (Vis-)NIR spectra relatively more difficult to interpret compared to 

MIR spectra156. Nevertheless, (Vis-)NIR contains useful information for soil analysis, particularly due 

to its instrument portability, ease of use in remote sensing, and minimal sample preparation 

requirements157. Table 1-3 summarises some soil properties that are well predicted by (Vis-)NIR 

spectroscopy, such as soil moisture content (R2 = 0.86 - 0.97), total nitrogen [TN] (R2 = 0.80 - 0.97) and 

SOC (R2 = 0.60 - 0.98), where R² represents the coefficient of determination, indicating the proportion 

of variation in the reference data explained by the spectral model. In addition, (Vis-)NIR spectroscopy 

has shown good predictability for secondary soil properties, such as soil pH158, mineralogical 

properties (e.g., clay mineral composition, clay content, and mineral weathering/alteration 

degree)159,160, soil texture and structure157,160, electrical conductivity (EC)161, cation-exchange capacity 

(CEC)161,162, lime requirement (LR)117, BD163, etc. 

However, soil P has no direct vibrational response in (Vis-)NIR. Using NIR spectroscopy, a very weak 

correlation between predicted and actual soil P was reported by Krischenko et al. (1991)164 (R² = 0.42), 

Chang et al. (2001)162 (R² = 0.40), Thomasson et al. (2001)165 (R² = 0.49), and He et al. (2005)166 (R² = 
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0.46). Nevertheless, the literature also reports some successful cases, especially in the Vis-NIR region. 

For example, Daniel et al. (2003)167 used an artificial neural network to predict available-P from 

reddish-brown and black-clayey soils in Thailand, achieving R²Val = 0.86 from the laboratory-based Vis-

NIR spectra. In studies with limited soil texture variation (e.g., sandy soils), Bogrekci et al. (2004)168 

and Bogrekci and Lee (2005)169 reported strong correlations between Vis-NIR spectral data and soil P 

concentrations (Mehlich-1 P), with R²Val values of 0.87 and 0.92, respectively. The significant influence 

of soil texture on the accuracy of P prediction using Vis-NIR was also evidenced by Mouazen et al. 

(2010)170. Similarly, Reda et al. (2020)171 used NIR (1100–2500 nm) to predict available P (P-Olson), 

achieving improved accuracy (R2
Val = 0.77, and RPD Val = 1.90) by applying advanced support vector 

regression combined with a variable selection algorithm of genetic algorithm–partial least squares. 

When samples were grouped based on texture (e.g., clayey and loamy soils), prediction accuracy 

further improved, reaching R² Val = 0.83 and RPD Val = 3.11 for P-Olsen prediction.  

Additionally, various forms of P in agricultural soils can be indirectly predicted if they are collinear with 

NIR-active properties such as soil C and N. For example, Serrano et al. (2021)172 predicted P₂O₅ levels 

correlated with P fraction bound to SOM, achieving R²Val =0.76. Total P (TP) was predicted with R2
CV = 

0.76 by Abdi et al. (2012)173 and R2
CV = 0.88 by Reda et al. (2020)171. Studies also demonstrated 

moderate success (a median R² value of 0.65) in predicting P sorption using (Vis-)NIR spectroscopy in 

laboratory settings116,174. Recena et al. (2019)175 used Vis-NIR (400-2500 nm) and achieved good 

estimates of PBC (Section 1.1.4, describing the capability of the soil to replenish P in solution) (R²CV = 

0.78). However, their predictions of isotherm-derived parameters showed less optimising accuracy, 

with R²CV = 0.66 for Freundlich P sorption capacity and R²CV = 0.42 for Langmuir maximum P sorption 

capacity (Smax). Using the same chemometrics technique (partial least squares regression) with Vis–

NIR spectroscopy (350–2500 nm), Saidi et al. (2025)176 reported comparable prediction accuracies for 

PBC (R²Val = 0.68) and Langmuir Smax (R²Val = 0.48). However, they also attained higher accuracies using 

artificial neural networks, with R²Val = 0.85 for PBC and R²Val = 0.65 for Smax.  
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Table 1-3. Laboratory-based prediction accuracies for soil properties using (Vis-)NIR spectroscopy. 

Parameter Wavenumber ranges Accuracy Ref.  

Soil water (gravimetrically, %) [Vis-NIR] 350 – 2500 nm RPDVal = 1.95 163 

Soil water (gravimetrically) [Vis-NIR] 400 – 2498 nm RPDCV = 2.98 177 

Soil water (gravimetrically, %) [NIR] 12,000 - 3800 cm−1 RPDCV = 4.88 178 

Soil water (gravimetrically, g/g) [NIR] 700 – 2500 nm R2
Val = 0.85 161 

TN (g·kg-1) [NIR] 400 – 2498 nm RPDCV = 3.99 177 

TN (g·kg-1) [Vis-NIR] 350 – 2500 nm R2
Val = 0.80 179 

TN (%) [Vis-NIR] 350 – 2500 nm R2
Val = 0.84 180 

TN (g·kg-1) [Vis-NIR] 350–1070 nm  R2
Val = 0.97 181 

TC (g·kg-1) [Vis-NIR] 400 – 2498 nm RPDCV = 3.10 177 

Log10(SOC) [Vis-NIR] 350 – 2500 nm RPDVal = 2.17 163  

SOC (g·kg-1) [Vis-NIR] 400 – 2498 nm RPDCV = 3.26 177 

SOC (g·kg-1) [NIR] 12,000 - 3800 cm−1 RPDCV = 5.75 178 

SOC (dag·kg-1) [NIR] 810 – 2400 nm R2
Val = 0.60 127 

SOM (g·kg-1) [Vis-NIR] 450 – 2400 nm R2
Val = 0.75 182 

SOM (g·kg-1) [Vis-NIR] 350 – 2500 nm R2
Val = 0.80 179 

SOM (g·kg-1) [Vis-NIR] 350 – 2500 nm R2
Val = 0.82 180 

SOM (g·kg-1) [Vis-NIR] 350–1070 nm  R2
Val = 0.98 181 

Clay (%) [NIR] 400 – 2498 nm RPDCV = 2.02 177 

Clay (%) [Vis-NIR] 350 – 2500 nm RPDVal = 2.35 163  

Clay (%) [NIR] 700 – 2500 nm R2
Val = 0.72 161 

Clay (%) [Vis-NIR] 350 – 2500 nm R2
Val = 0.77 183 

Clay (g·kg-1) [NIR] 1100 – 2500 nm R2
CV = 0.82  175 

Clay (%) [Vis-NIR] 350 – 2500 nm R2
Val = 0.84 180 

Soil pH (H2O) [NIR] 12,000 - 3800 cm−1 RPDCV = 1.90 178 

pH (H2O) [Vis-NIR] 350 – 2500 nm RPDVal = 2.28 163  

Soil pH (CaCl2) [Vis-NIR] 400 – 2498 nm RPDCV = 3.26 177 

Soil pH (H2O) [NIR] 810 – 2400 nm R2
Val = 0.54 127 

Soil pH (CaCl2) [NIR] 810 – 2400 nm R2
Val = 0.57 127 

Soil pH (H2O) [NIR] 700 – 2500 nm R2
Val = 0.71 161 

Soil pH (H2O) [NIR] 1100 – 2300 nm R2
Val = 0.74 184 

Soil pH (KCl) [Vis-NIR] 350 – 2500 nm R2
Val = 0.82 179 

pH (H2O) [Vis-NIR] 350 – 2500 nm R2
Val = 0.86 179 
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Continued Table 1-3 

Parameter Wavenumber ranges Accuracy Ref.  

CEC (cmol(+)·kg−1) [Vis-NIR] 350 – 2500 nm RPDVal = 2.13 163  

CEC (cmol(+)·kg−1) [Vis-NIR] 400 – 2498 nm RPDCV = 3.10 177 

CEC (cmol(+)·kg−1) [NIR] 12,000 - 3800 cm−1 RPDCV = 3.46 178 

CEC (%) [Vis-NIR] 350 – 2500  R2
Val = 0.60 180 

CEC (cmol(+)·kg−1) [Vis-NIR] 350 – 2500  R2
Val = 0.74 183 

CEC (cmol(+)·kg−1) [NIR] 1100 – 2500 nm R2
CV = 0.75  175 

CEC (cmol(+)·kg−1) [Vis-NIR] 421 – 1745  R2
CV = 0.92 185 

BD (g·cm−1) [Vis-NIR] 350 – 2500 nm RPDVal = 1.87 163  

BD (g·cm−1) [Vis-NIR] 350 – 2500 nm R2
Val = 0.35 183 

BD (g·cm−1) [Vis-NIR] 350 – 2500 nm R2
Val = 0.63 179 

LR (mg·ha−1)  [NIR] 810 – 2400 nm R2
Val = 0.50 127 

Log10(TP) [Vis-NIR] 350 – 2500 nm RPDVal = 1.75 163 

TP (mg·kg−1) [NIR] 1100 – 2500 nm R2
CV = 0.26  175 

TP (g·kg−1) [Vis-NIR] 350 – 2500 nm R2
Val = 0.61 179 

TP (g·kg−1) [Vis-NIR] 250 – 2500 nm R2
CV = 0.66 186 

TP (%) [Vis-NIR] 350 – 2500 nm R2
Val = 0.66 180 

Log10(Available-P) [Vis-NIR] 350 – 2500 nm RPDVal = 1.39 163 

Olsen Extractable-P (mg·kg-1) [NIR] 1100 – 2500 nm R2
CV = 0.04  175 

Available-P (g·kg−1) [Vis-NIR] 350 – 2500 nm R2
Val = 0.43 180 

Available-P (g·kg−1) [Vis-NIR] 350 – 2500 nm R2
Val = 0.56 179 

Available-P (g·kg−1) [Vis-NIR] 450 – 2500 nm R2
Val = 0.65 182 

Available-P (g·kg−1) [Vis-NIR] 450 – 1100 nm R2 = 0.86 167 

Langmuir Smax (mg·kg−1) [Vis-NIR] 400–2500 nm R2
CV = 0.42  175 

Freundlich binding energy (L·mg-1) [NIR] 1100 – 2500 nm R2
CV = 0.58 175 

Langmuir Smax (mg·kg−1) [Vis-NIR] 350 - 2500 nm R2
Val = 0.65 176 

Freundlich sorption maximum (mg·kg-1) [Vis-NIR] 400–2500 nm R2
CV = 0.66  175 

MBC [Vis-NIR] 350 - 2500 nm R2
Val = 0.71 176 

PBC [Vis-NIR] 400–2500 nm R2
CV = 0.78  175 

PBC [Vis-NIR] 350 - 2500 nm R2
Val = 0.85 176 
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1.2.2.2 MIR  

Absorption in MIR spectroscopy arises from the fundamental bands of molecular vibrations and can 

be approximately divided into four regions: the X–H stretching region (4000–2500 cm⁻¹), the triple-

bond region (2500–2000 cm⁻¹), the double-bond region (2000–1500 cm⁻¹), and the fingerprint region 

(1500–600 cm⁻¹)134. For example, absorptions around 3700–3600 cm⁻¹ are related to O–H bonds in 

clay minerals (kaolinite, smectite/illite), and those around 2950–2850 cm⁻¹ are associated with C–H 

stretching vibrations in SOM. Absorptions within 1830–1650 cm⁻¹ correspond to C=O stretching 

vibrations in SOM, including functional groups such as ketones, esters, and carboxylic acids (e.g., –

COOH, near 1750 cm⁻¹). Silicon (Si)-bearing minerals (e.g., quartz), which lack overtone features in the 

NIR region, exhibit strong absorption peaks in the MIR region (e.g., fundamental O-Si-O stretching 

peaks near 1100 – 1000 cm⁻¹)133,145,187.  

Table 1-4 highlights studies that apply the advantages of laboratory-based MIR spectroscopy for 

quantitative analysis of various soil properties. Compared to (Vis-)NIR spectroscopy, which is based on 

weaker vibrational modes and produces broad, overlapping bands that hinder the resolution of 

specific chemical constituents, MIR spectroscopy has higher molecular sensitivity and stronger, more 

distinct absorption features that allow fingerprinting of specific chemical bonds188,189. Laboratory-

based MIR often yield more robust predictions of various soil properties than (Vis-)NIR, such as soil C 

contents (R2 = 0.77 – 0.99, with an median R2 = 0.93 compare to 0.80 for [Vis-]NIR), clay content (R2 = 

0.79 – 0.96, median R² = 0.90 vs. 0.80 for [Vis-]NIR), soil pH (R2 = 0.70 – 0.94, median R² = 0.87 vs. 0.73 

for [Vis-]NIR) and CEC (R2 = 0.34 - 0.95, average R² = 0.84 vs. 0.75 for [Vis-]NIR) (Table 1-3 and 1-4).  

As in the (Vis-)NIR region, soil P has no direct absorption features in the MIR region due to the low 

dipole moment of P–O bonds. For example, Ma et al. (2019)190 used diffuse reflectance (DRS), ATR, 

and photoacoustic (PAS) MIR techniques to predict available P in paddy soils; however, none of the 

predictions met the weakest performance criterion (RPIQ < 2), with R2
Val = 0.50 (DRS), R2

Val = 0.49 (ATR), 

and R2
Val = 0.45 (PAS), respectively. The poor predictability of soil P from MIR has also been reported 
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in other studies, with R² values ranging from 0.07 to 0.58 (Table 1-4). However, soil P sorption capacity 

is expected to be predictable as a secondary property. A review by Soriano-Disla et al. (2014)116 

concluded that studies predicting P sorption using MIR spectroscopy achieved a median R² = 0.83. For 

residual P after equilibration, similar prediction accuracies were reported by Minasny et al. (2009)191 

and Ramaroson et al. (2023)192, using equilibrium concentrations of 40 mg·P·L-1 and 60 mg·P·L-1, with 

R2
Val values of 0.79 and 0.77, respectively. A slightly higher accuracy for P sorption, assessed by residual 

P content, was achieved by Janik et al. (2009)193, with R2
Val values ranging from 0.84 to 0.87. For highly 

weathered Australian soils, Burkitt et al. (2006)194 successfully developed MIR models using ground 

samples to predict the PBI (Section 1.1.4, measuring the ability of soils to adsorb added P), achieving 

R² values ranging from 0.82 to 0.87195,196.  Forrester et al. (2015) 197 further evaluated benchtop (7800–

450 cm⁻¹) and portable (4000–800 cm⁻¹) MIR spectrometers using unground soil samples (<2 mm) for 

PBI prediction, achieving similar accuracy with R2
CV values of 0.82 and 0.87, respectively.  

However, for Irish soils, P current studies using MIR spectroscopy have yielded less accurate 

predictions of P sorption capacity. Dunne et al. (2020)147 used MIR spectroscopy (4000–450 cm⁻¹) to 

predict various P sorption indicators from ball-milled samples (<0.25 mm), achieving the highest 

accuracy for Langmuir Smax (isotherm 0 to 50 mg·L−1 range, R2
Val = 0.67), while predictions for 

Freundlich parameters (Freundlich binding energy with R2
Val = 0.34 – 0.39, Freundlich sorption 

maximum with R2
Val = 0.25 – 0.49) or MBC (Section 1.1.4 , R2

Val = 0.53 – 0.60) were less accurate.  
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Table 1-4. Laboratory-based prediction accuracies for soil properties using MIR spectroscopy. 

Parameter Wavelength ranges Sample Preparation Accuracy Ref.  

TN 4,000–600 cm−1 <500μm R2
CV = 0.75 198 

TN 4,000–600 cm−1 <250μm R2
CV = 0.76 198 

TN 4,000–600 cm−1 <120μm R2
CV = 0.80 198 

N (%) 4,000–600 cm−1 <2mm R2
Val = 0.93 145 

N (%) 4,000–600 cm−1 Ball-milled R2
Val = 0.94 145 

TC (%) 4,000–600 cm−1 Ball-milled R2
Val = 0.92 145 

TC (g·kg-1)  Ball-milled R2
CV = 0.93 148 

TC (%) 4,000–600 cm−1 <2mm R2
Val = 0.93 145 

TC 4,000–600 cm−1 <500μm R2
CV = 0.93 198 

TC 4,000–600 cm−1 <250μm R2
CV = 0.94 198 

TC 4,000–600 cm−1 <120μm R2
CV = 0.95 198 

TC (g·kg-1)  Ball-milled R2
Val = 0.95 199 

TC (%)  Ball-milled R2
CV = 0.97 149 

TC (g·kg-1)  <2mm R2
CV = 0.98 148 

Inorganic C (g·kg-1) 4,000–400 cm−1 Ball-milled R2
Val = 0.98 200 

SOC (g·kg-1)  Ball-milled R2
Val = 0.77 150 

SOC (g·kg-1) 4,000–400 cm−1 <500μm R2
Val = 0.78 201 

SOC 4,000–600 cm−1 <250μm R2
CV = 0.85 198 

SOC 4,000–600 cm−1 <500μm R2
CV = 0.91 198 

SOC 4,000–600 cm−1 <120μm R2
CV = 0.91 198 

SOC (%) 4,000–600 cm−1 Ball-milled R2
Val = 0.92 145 

SOC (%)  <2mm R2
Val = 0.93 152 

SOC (%) 4,000–600 cm−1 <2mm R2
Val = 0.93 145 

SOM (%) 4,000–400 cm−1 Ball-milled R2
Val = 0.94 200 

SOM (%) 4,000–600 cm−1 Ball-milled R2
Val = 0.99 202 

pH 4,000–400 cm−1 <500μm R2
Val = 0.70 201 

pH (H2O) 4,000–700 cm−1 <80μm R2
CV = 0.75 127 

pH (CaCl2) 4,000–700 cm−1 <80μm R2
CV = 0.86 127 

pH (H2O) 4,000–600 cm−1 <2mm R2
Val = 0.86 145 

pH (CaCl2) 4,000–600 cm−1 Ball-milled R2
Val = 0.88 145 

pH (CaCl2) 4,000–600 cm−1 <2mm R2
Val = 0.89 145 

pH  Ball-milled  R2
Val = 0.94 202 
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Continued Table 1-4 

Parameter Wavelength ranges Sample Preparation Accuracy Ref.  

CEC (mmol(+)·kg-1) 4,000–700 cm−1 <80μm R2
CV = 0.34 203 

CEC (cmol·kg-1) 4,000–600 cm−1 <2mm R2
Val = 0.82 145 

CEC 4,000–600 cm−1 <250μm R2
CV = 0.83 198 

CEC (cmol·kg-1) 4,000–600 cm−1 Ball-milled R2
Val = 0.85 145 

CEC 4,000–600 cm−1 <500μm R2
CV = 0.91 198 

CEC 4,000–600 cm−1 <120μm R2
CV = 0.95 198 

Clay (%) 4,000–400 cm−1 <500μm R2
Val = 0.79 201 

Clay (%) 4,000–600 cm−1 Ball-milled R2
Val = 0.87 145 

Clay (%) 4,000–600 cm−1 <2mm R2
Val = 0.88 145 

Clay 4,000–600 cm−1 <250μm R2
CV = 0.92 198 

Clay 4,000–600 cm−1 <500μm R2
CV = 0.94 198 

Clay 4,000–600 cm−1 <120μm R2
CV = 0.96 198 

Sand (dag·kg-1) 4000–700 cm−1 <80μm R2
CV = 0.74 127 

Sand (%) 4,000–400 cm−1 <500μm R2
Val = 0.79 201 

Sand (%) 4,000–600 cm−1 <2mm R2
Val = 0.80 145 

Sand (%) 4,000–600 cm−1 Ball-milled R2
Val = 0.82 145 

Sand 4,000–600 cm−1 <250μm R2
CV = 0.93 198 

Sand (%) 4,000–400 cm−1  R2 = 0.95 196 

Sand  4,000–600 cm−1 <500μm R2
CV = 0.95 198 

Sand 4,000–600 cm−1 <120μm R2
CV = 0.95 198 

LR (Mg·ha-1) 4000–700 cm−1 <80μm R2
CV = 0.75 127 

LR (t·ha-1) 4000–450 cm−1 Ball-milled R2
Val = 0.76 204 

LR (t·ha-1) 4,000–400 cm−1  R2 = 0.86 196 

BD (g·cm-3) 4,000–600 cm−1 Ball-milled R2
Val = 0.78 145 

BD (g·cm-3) 4,000–600 cm−1 <2mm R2
Val = 0.79 145 

BD (g·cm-3) 4,000–600 cm−1 Ball-milled R2
Val = 0.81 154 

Exchangeable-Al (mmol(+)·kg-1) 4000–700 cm−1 <80μm R2
CV = 0.43 127 

Al (g·kg-1) 4,000–600 cm−1 Ball-milled R2
Val = 0.72 145 

Oxalate Extractable-Al (%) 4000–1000 cm−1 <180 µm R2
Val = 0.82 118 

Al (g·kg-1) 4,000–600 cm−1 <2mm R2
Val = 0.83 145 

M3-Extractable-Al (mg·kg-1) 4000–1000 cm−1 <180 µm R2
Val = 0.95 118 

Bicarbonate Available-P  4000–250 cm−1 Ball-milled  R2
CV = 0.07 196 
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Continued Table 1-4 

Parameter Wavelength ranges Sample Preparation Accuracy Ref.  

Available-P (Colwell-P, mg·kg-1) 4000–700 cm−1 <80μm R2
CV = 0.20 127 

Available-P (Bray-P, mg·kg-1) 4000–500 cm− 1 <100 µm R2
Val = 0.28 193 

Available-P (M3-P, mg·kg-1) 4000–1000 cm−1 <180 µm R2
Val = 0.29 118 

Bicarbonate Available-P 4,000–400 cm−1 <200 μm R2
Val = 0.35 191 

Available-P (Olsen-P mg·kg-1) 4000–1000 cm−1 <180 µm R2
Val = 0.37 118 

Available-P (kg·ha-1) 4,000–400 cm−1 <500μm R2
Val = 0.38 201 

Available-P (Bray-1-P, mg·kg-1) 4000–1000 cm−1 <180 µm R2
Val = 0.41 118 

Available-P (Oxalate-P, mg·kg-1) 4000–1000 cm−1 <180 µm R2
Val = 0.43 118 

P2O5  4000–600 cm−1 <500μm R2
CV = 0.47 198 

P2O5 4000–600 cm−1 <250μm R2
CV = 0.52 198 

P2O5 4000–600 cm−1 <120μm R2
CV = 0.56 198 

Available-P (Bray-1-P, mg·kg-1) 4000–400 cm−1 <200 μm R2
Val = 0.58 191 

Freundlich binding energy (L·mg-1) 4000–450 cm⁻¹ <250 µm R2
Val = 0.39 147 

Freundlich sorption maximum (mg·kg-1) 4000–450 cm⁻¹ <250 µm R2
Val = 0.49 147 

MBC (L·kg-1) 4000–450 cm⁻¹ <250 µm R2
Val = 0.60 147 

PSI (L·kg-1) 4000–450 cm⁻¹ <250 µm R2
Val = 0.65 147 

Langmuir Smax (mg·kg-1) 4000–450 cm⁻¹ <250 µm R2
Val = 0.67 147 

P sorption capacity remaining (mg·kg-1) 4000–450 cm⁻¹ <250 µm R2
Val = 0.67 147 

P-sorption (mg·kg-1) 4000–400 cm−1 <200 μm R2
Val = 0.77 192 

P-sorption (mg·kg-1) 4000–400 cm−1 <200 μm R2
Val = 0.79 191 

PBI 4000–800 cm−1 <2mm R2
CV = 0.82 - 0.87 197 

P-sorption (mg·kg-1) 4000–500 cm−1 <100 μm R2
Val = 0.84 – 0.87 193 

P-sorption (mg·kg-1) 4000–250 cm−1 Ball-milled  R2
CV = 0.87 196 

P retention (%) 7498–600 cm−1 <180 µm R2
Val = 0.89 118 
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1.2.4 Comparison of NIR and MIR for predicting soil P sorption indicators 

Soil P sorption capacity can be predicted using IR-based models, as P sorption is closely related to the 

affinity of phosphate anions for soil components that exhibit characteristic responses in IR 

spectroscopy (e.g., Al/Fe oxides/hydroxides, SOM)117. In general, MIR spectroscopy has demonstrated 

better performance in predicting P sorption capacity, with an average reported R² of 0.83116 and the 

highest achieved validation accuracy of R² = 0.89118 (Table 1-4). In contrast, (Vis-)NIR spectroscopy has 

been less successful for predicting P sorption indicators, often yielding R² values below 0.70 (Table 1-

3), with an average R² of 0.65 reported by Soriano-Disla et al. (2014)116. For example, Ramaroson et al. 

(2023)192 compared MIR (4000-400 cm-1) and NIR (1100-2500 nm) spectroscopy for predicting PSI 

(Section 1.1.4, a surrogate for P sorption capacity derived from full isotherms) and achieved accuracy 

of R²Val = 0.77 from MIR and R²Val = 0.65 from NIR. For isotherm-derived parameters, the accuracy of 

predicting Langmuir P adsorption capacity (Smax) using partial least squares regression on Vis-NIR 

spectra is also lower compared to MIR, with R²Val = 0.42–0.48 for Vis–NIR175,176 and R² Val = 0.67 for 

MIR147. 

However, with regard to the prediction of Langmuir P sorption capacity, Smax, which is intended to 

be the predictive indicator for Irish soils in this study, MIR spectroscopy was found to be less successful 

compared to the median validation accuracy reported in Soriano-Disla et al. (2014)116 (R² = 0.83). The 

accuracy of R²Val = 0.67 achieved by Dunne et al. (2020)147 using benchtop MIR on dried, ball-milled 

soils was considered suitable only for rough screening purposes. Saidi et al. (2025)176 compared the 

performance of a linear model (partial least squares regression) and a non-linear model (artificial 

neural networks) for predicting Smax, with the R²Val improving from 0.48 to 0.65. Consequently, this 

thesis aimed to improve MIR-based Smax prediction accuracy by exploring various machine learning 

techniques (Section 1.3.5).  
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1.2.5 Infrared spectrometers 

1.2.5.1 Dispersive and Fourier-transform Infrared spectrometers 

NIR spectroscopy has gained popularity in soil research due to improvements in grating manufacturing 

techniques134. The most significant advances in IR spectroscopy, though, have come about as a result 

of the introduction of Fourier-transform spectrometers134. At the core of an FTIR spectrometer is the 

Michelson interferometer, consisting of two perpendicular mirrors, one fixed and one movable along 

a direction perpendicular to the plane. The reflected beams are recombined to generate a signal as a 

function of the path length difference, producing an interferogram, which is then measured and 

transformed into an IR spectrum by a computer using Fourier transformation134,205.  

Compared to a dispersive instrument using monochromator, an FTIR spectrometer offers the 

advantages of Fellgett (higher signal-to-noise ratio in less time), Jacquinot (higher energy flux for faster 

scanning), and Connes (internal laser reference without the need for external calibration), typically 

providing faster, more stable scans and higher signal-to-noise ratio (SNR)134,205,206. The Fellgett 

(multiplex) advantage arises because all wavelengths are measured simultaneously, resulting in a 

higher signal-to-noise ratio and shorter acquisition time. The Jacquinot (throughput) advantage results 

from the absence of entrance and exit slits, allowing greater radiant energy to reach the detector and 

enabling faster scanning. The Connes advantage stems from the use of an internal laser reference, 

which provides precise wavelength calibration and long-term spectral stability without the need for 

external calibration. However, the NIR wavelength range of 800–2500 nm allows dispersive elements 

to effectively resolve the spectrum while meeting spectral resolution requirements207. The absence of 

interferometers makes NIR spectrometers relatively easy to miniaturise for use in a portable version. 

Even today, both Fourier-transform NIR (FT-NIR) and dispersive NIR (DG-NIR) spectrometers are used, 

with DG-NIR being the superior choice in many cases208–210.  
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1.2.5.2 Instrumentation used in this thesis 

In this study, both benchtop and handheld spectrometers were used for MIR scanning. The used 

benchtop spectrometer was the FTIR Spectrometer INVENIO S® (Bruker, Massachusetts - USA), 

equipped with an HTS-XT microplate reader extension for diffuse reflectance measurements 

(hereafter referred to as ‘Bruker’) (Figure 1-3). The Bruker spectrometer has been widely used in 

previous studies to predict various soil parameters with high accuracy, including soil C and N contents, 

clay, pH, CEC, LM, BD, and P sorption indices, etc.145,147,154,188,211,212.  

Figure 1-3. Scanning setup for the Bruker benchtop MIR spectrometer in the laboratory. 

The used handheld MIR spectrometer was the Agilent 4300 FTIR (Agilent Technologies, Inc., Santa 

Clara, CA, USA), configured in diffuse reflectance mode (DRIFTS) with Happ-Genzel apodization 

(hereafter referred to as ‘Agilent’) (Figure 1-4). Shi et al. (2023)213 and Mammadov et al. (2024)214 used 

the same Agilent spectrometer as employed in this thesis. By scanning air-dried, <2mm sieved soil 

samples, Shi et al. (2023)213 obtained good estimations for SOM (RPD = 1.10 - 5.80) and TN (RPD = 1.70 

- 4.39); Mammadov et al. (2024)214 reported superior predictions for CaCO3, pH, SOC, and sand content. 
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Hutengs et al. (2019)215 also used the same Agilent device to prediction SOM from MIR spectra 

collected both directly in the field and from pre-treated (dried and ground) samples in laboratory 

scanning, achieving an accuracy of R2
rdCV = 0.63 and R2

rdCV = 0.86, respectively. The potential of the 

handheld same Agilent spectrometer for predicting LR in soil samples with surface heterogeneity and 

moisture variability was also investigated by Metzger et al. (2021)216.  

Figure 1-4. Scanning setup for the Agilent handheld MIR spectrometer in the laboratory. 

The portable NIR spectrometers used in this study included the IR-S-G1 (abbreviated as ‘Inno’, 900–

1700 nm) and the NeoSpectra scanner (Si-Ware Systems) (abbreviated as ‘Neo’, 1350–2550 nm) 

(Figure 1-5). The Neo spectrometer is a low-cost, handheld FT-NIR device based on micro-electro-

mechanical systems (MEMS) technology, fabricated using the silicon-based micromachining 

technique206,217. In contrast, the Inno spectrometer employs an optical bandpass filter based on a 

linear variable filter (LVF), which achieves wavelength selection through a continuous change in optical 

coating thickness along its wedged geometry206. Several studies have used the Neo spectrometer to 

evaluate its accuracy in predicting soil properties, supporting its potential application in soil science218–
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222. For example, Metzger et al. (2024)223 used the Neo spectrometer for in-field scanning to predict 

CEC (RPIQ = 5.55, R2 = 0.90), clay (RPIQ = 4.73, R2 = 0.95) and extractable magnesium (RPIQ = 2.95, R2 

= 0.78). 

Figure 1-5. Scanning setup for the (A) Inno and (B) Neo handheld NIR spectrometers in the laboratory. 

1.2.6 Applications of handheld IR spectroscopy for in situ soil analysis 

Applying handheld instruments further reducing sample transfer and preparation steps while 

enhancing spatial and temporal resolution. Handheld NIR spectrometers, which are less sensitive to 

moisture interference and allow direct scanning of moist, unprepared soils, are more commercially 

affordable and widely available for field applications. Studies used portable (Vis-)NIR devices for on-

site soil analysis, including the prediction of soil carbon contents (e.g., R² Val = 0.27 – 0.81)215,224–227, clay 

contents (R² Val = 0.78)228, pH (R² Val = 0.80)226 and soil N (R² Val = 0.76 – 0.97)225,226,229. However, in situ 

Vis–NIR estimates of soil P dynamics have resulted in unreliable accuracy. Wenjun et al. (2014)226 

applied a portable Vis–NIR spectrometer (350-2500 nm) to estimate available-P, yet the prediction 

accuracy was limited (R²Val = 0.43) compared to the laboratory-based models (R²Val = 0.43 – 0.86). 
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Portable MIR spectrometers offer a more affordable alternative to spectroscopy laboratories 

equipped with benchtop FTIR spectrometers coupled with high-throughput sampling accessories143,230. 

Although they typically limit the SNR, spectral range and stability compared to benchtop systems, 

many studies have found that portable MIR instruments perform comparably to benchtop 

spectroscopy in laboratory settings151,197,215,231–234. Reeves et al. (2010)231 found that a handheld MIR 

spectrometer (SOC-400, 4000–400 cm⁻¹) performed comparably to a benchtop spectrometer (Digilab 

FTS-7000, 4000–400 cm⁻¹) in predicting soil TC (R2
Val = 0.91 [handheld] vs. 0.90 [benchtop]) and TN 

(R2
Val = 0.88 vs. 0.86) from scans of air-dried and ground samples. Forrester et al. (2015)197 compared 

benchtop (4000–400 cm⁻¹) and handheld (4000–600 cm⁻¹) MIR spectrometers for predicting PBI using 

dried, unground samples. Although the prediction accuracy declined from R2
CV = 0.87 (benchtop) to 

R2
CV = 0.82 (handheld), the results were still comparable. Soriano-Disla et al. (2017)232 compared a 

benchtop MIR spectrometer (PerkinElmer Frontier, 4000–450 cm⁻¹) with two handheld instruments, 

the ExoScan-4100 and FlexScan-4200 (both 4000–750 cm⁻¹) for predicting various soil properties from 

dried and <2 mm sieved samples, and comparable prediction accuracies were also observed, including 

TC (R²Val = 0.94 [ExoScan], 0.95 [FlexScan], vs. 0.95 [benchtop]), SOC (0.67 and 0.68 vs. 0.64), clay (0.76 

and 0.81 vs. 0.78), pH (0.84 and 0.83 vs. 0.82), and CEC (0.82 and 0.81 vs. 0.79). For BD, although 

prediction accuracy was relatively low, it remained similar across instruments (0.39 and 0.40 vs. 0.42). 

For LR, Metzger et al. (2021)235 also concluded that handheld MIR spectroscopy can achieved 

comparable accuracy to benchtop measurements, with R²Val = 0.91 (handheld) vs. 0.87 (benchtop) on 

dried and sieved samples. 

Although handheld MIR spectrometers support the transition of MIR spectroscopy from laboratory to 

field, they remain less widely adopted than portable Vis–NIR instruments for in situ soil analysis. For 

example, Metzger et al. (2021)216 applied the Agilent-4300 for on-site soil scanning; however, the 

detected signal was too weak to yield meaningful spectra. Alongside environmental factors (e.g., 

rainfall, vegetation cover), surface roughness, and soil heterogeneity, soil moisture is a significant 

factor affecting soil MIR spectroscopy.  
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Soil water results in a broad absorption and specular reflection peaks that distort the spectrum and 

overlap spectral features236. Within the MIR region, the fundamental H-O-H stretching vibration for 

water produces a strong, broad, stretching vibration in the MIR near 3450–3250 cm−1 and a weaker 

bending vibration near 1630 cm−1 236. These vibrations overlap with features such as clay O–H 

stretching (∼3700 – 3620 cm−1)237. In the NIR region, the overtone and combination bands of water 

absorption (e.g., at 1400 and 1900 nm, from the first overtones of O–H stretching vibrations and 

combinations of H–O–H bending and O–H stretching vibrations) are significantly less intense than their 

fundamental vibrations in the MIR region237,238. Consequently, although MIR spectroscopy generally 

yields more accurate predictions than NIR under laboratory-pretreated conditions, the presence of 

soil moisture poses a greater challenge to MIR, limiting its suitability for use with fresh/wet soil 

samples215,237,239. For example, Reeves (2010)239 compared portable MIR and NIR spectrometers for 

predicting soil C on naturally moist samples and concluded that MIR calibrations were less robust than 

those of NIR. Soriano-Disla et al. (2014)116 reviewed the use of handheld (Vis-)NIR devices under field 

conditions, with median prediction accuracies of TN R² = 0.84. However, Yin et al. (2023)240 used a 

handheld MIR spectrometer (4000–650 cm⁻¹) to assess TN in situ in soils from typical black soil areas 

of China, achieving only R²Val = 0.71.  

The wet MIR spectroscopy for soil parameter predictions have been calibrated under laboratory 

conditions using re-wetted samples. For example, Dhawale et al. (2015)241 employed a prototype 

portable MIR spectrometer (1811 - 898 cm⁻¹) to predict SOM and soil texture (sand and clay content) 

using re-wetted (air-dried, <2 mm sieved) soil samples. The instrument achieved consistent accuracies 

for SOM (R2
Val = 0.62 for re-wetted vs. R2

Val = 0.58 for air-dried) and soil texture (sand: R2
Val = 0.82 vs. 

0.90; clay: R2
Val = 0.91 vs. 0.88), suggesting that moisture-specific calibration enables portable MIR 

spectrometers to effectively predict SOM and texture under the moisture condition. Similarly, Seidel 

et al. (2022)237 conducted a re-wetting experiment to calibrate handheld MIR spectroscopy for SOC 

prediction and reported comparable R² = 0.81 for re-wetted compared to R² = 0.88 for air-dried 

samples. However, re-wetting pre-treated samples (e.g., sieved and ground), which have altered soil 
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structure (e.g., aggregates, pore space), can lead to unrepresentative moisture distributions compared 

to field conditions. 

Using a portable MIR device in situ, Ji et al. (2016)242 employed the same MIR device (1811–898 cm⁻¹) 

previously tested by Dhawale et al. (2015)241 on laboratory re-wetted samples. Their predictions for 

SOM (R2
CV = 0.86), BD (R2

CV = 0.85), and CEC (R2
CV = 0.83) from in situ scanning were comparable to 

those obtained from laboratory spectroscopy on air-dried, <2 mm sieved samples (R²CV = 0.90, 0.92, 

and 0.81, respectively). Hutengs et al. (2019)215 used the handheld MIR device of Agilent-4300 (4000-

650 cm-1) to predicted SOC in situ and achieved an R² Val = 0.63. Greenberg et al. (2022)243 used the 

Agilent-4300 for in situ MIR scanning. Following extensive calibration procedures, ‘satisfactory’ 

prediction results (RPIQ ≥ 1.89) were obtained for SOC (RPIQVal = 3.3), TN (RPIQVal = 3.5), and clay 

content (RPIQVal = 2.1). Yin et al. (2023)240 also used the Agilent-4300 to assess TN and TP in situ, 

achieving an R²Val of 0.71 for TN. However, the prediction accuracy for TP only achieved an R²Val = 0.22. 

The infeasibility of using handheld MIR spectroscopy in situ to estimate available-P is consistent with 

the conclusion of Ji et al. (2016)242, who predicted M3-P with R²CV = 0.43. 

Most in situ IR spectroscopy studies have focused on primary soil properties (e.g., soil C and N 

contents). Few have attempted to study soil P dynamics. Although indicators of P sorption capacity 

are predictable, their estimation using portable IR spectroscopy under in situ conditions remains 

poorly understood.  
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1.3 Interpreting soil IR spectroscopy: Chemometrics and Machine Learning 

Although interest in soil spectroscopy dates back to the 1930s, advances in analytics and computing 

have popularised its use over the past two decades244. With the development of chemometrics and 

machine learning (ML) techniques, challenges such as the high dimensionality and collinearity of 

spectral data have been effectively addressed. 

Chemometrics is a subfield of chemistry. Linear latent projection methods such as Principal 

Component Analysis (PCA) and Partial Least Squares Regression (PLSR), have been foundational in 

chemometrics for decades245. Machine learning techniques, such as support vector machines (SVM), 

random forests (RF), and Cubist, tend to excel at handling large datasets, flexibly capturing non-linear 

relationships, and remaining robust to overfitting and noise246.  

1.3.1 Spectral Pre-processing 

Interpreting IR spectra is generally challenged by unavoidable contamination from factors such as 

inhomogeneous particle size, variable optical path length, and differences in measurement conditions 

(e.g., scanning time and resolution)189,247,248. Pre-processing is therefore often recommended as the 

first step in spectral data analysis to reduce interferences from instrumental noise (e.g., detector noise 

and laser fluctuations), physical scattering (e.g., fluorescence and Mie scattering), and systematic 

errors (e.g., calibration drift), and to enhance the SNR248–250. 

Common methods include multiplicative scatter correction (MSC) for light scattering; standard normal 

variate (SNV) for optical path variation; and Savitzky–Golay filtering (SG) for baseline correction and 

feature enhancement251,252 (Figure 1-6). Some advanced pre-processing techniques (e.g., deep 

learning-based) can provide modest improvements in predictive accuracy, however, they risk 

simultaneously compromising model transparency and interpretability253. In practice, these 

techniques are often applied sequentially to address different interference types and optimise pre-

processing results254–258. However, excessive pre-processing can also lead to information loss or 

introduce biases.  
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On the other hand, applying pre-processing techniques does not necessarily guarantee improved 

performance of multivariate models147,259–262. Barra et al. (2022)259 examined the impact of pre-

processing techniques of MSC and SNV on soil MIR and NIR spectral data and found that their 

effectiveness varied depending on soil composition and spectral characteristics. While MSC improved 

the prediction accuracy for SOM content (R2 increasing from 0.72 to 0.81), it had a negligible effect on 

soil texture predictions. In contrast, SNV preprocessing resulted in a decrease in model accuracy for 

high-clay-content soils, reducing R2 from 0.78 to 0.65 and increasing the root mean square error by 

15%. Salazar et al. (2023)262 scanned air-dried, <2mm sieved soil samples with a portable NIR 

spectrometer (1350 - 2500 nm) to predict broad indicators of soil fertility. Their results showed that 

using raw spectral data, rather than pre-processed spectra, yielded better performance for several 

soil properties, including TN, SOC, pH, clay content and exchangeable Ca2+. Dunne et al. (2020)147 also 

observed that raw MIR spectra chieved a higher accuracy for predicting Langmuir Smax (in the 0 – 

25 mg·L−1 P region, R2
Val=0.60) than SG (2nd derivative) pre-processed spectra (R2

Val=0.57). 
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Figure 1-6. Effect of different preprocessing tools on MIR spectra (portable Agilent 4300, dried 

<2 mm samples, laboratory-scanned; scaled by the Langmuir Smax value). A: raw spectra, B: MSC 

(to minimise light scattering in spectral data), C: SNV (to remove light scattering in spectral data), 

D: SG (to smooth spectral signals without distorting their underlying), E: first derivative (to enhance 

enhances resolution and corrects baseline shifts).  
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1.3.2 Spectral transfer and moisture correction  

The common pre-processing techniques (e.g., Section 1.3.1) are also applied to reduce moisture-

related spectral noise. For example, Gao et al. (2021)263 evaluated the effectiveness of various pre-

processing techniques (e.g., first- and second-order derivatives, MSC, SNV, SG, and their combinations) 

in reducing moisture-induced spectral variation to improve soil water content prediction using wet 

NIR spectra (900–1700 nm) across a moisture range of 6.13% to 37.83% (median 26.27%). The SG 

smoothing filter was found to be the most effective at reducing high-frequency spectral noise, 

improving prediction accuracy from R2
Val = 0.976, RPD = 3.707 (raw spectra) to R2

Val = 0.995, RPD = 

10.339 (SG pre-processed). Similarly, Seidel et al. (2022)237 applied SG filtering (with a second-order 

polynomial) to pre-process wet MIR spectra and achieved an R² = 0.87 for predicting SOC in soils 

maintained at a constant gravimetric water content (GMC) of 15%. Metzger et al., (2021)216 applied a 

pre-processing step using a 15-point moving average smoothing filter to correct wet MIR spectra from 

field-scanned samples (GMC < 15%) for LR prediction, reducing the deviation from laboratory 

reference values to from < 10 t·ha⁻¹ to <5 t·ha⁻¹. However, they also found that at higher field moisture 

levels (e.g., above the permanent wilting point, where plants cannot extract water), simple pre-

processing became insufficient to correct moisture effects in soil property predictions.  

To mitigate the distorting effects of water, mathematical techniques have been developed. For 

example, Ji et al. (2015)264 applied the direct standardization (DS) algorithm to transform field-

acquired Vis–NIR spectra (with soil volumetric water content of 40–50%, average 46.2%) into spectra 

that resemble laboratory-acquired spectra (air-dried and ground). Using PLSR on the DS-corrected 

field spectra, the prediction accuracy for SOM improved from R2
Val = 0.25 to R2

Val = 0.69. Other spectral 

transfer approaches such as continuous wavelet transform (CWT)265 and piece-wise direct 

standardization (PDS)266–268. However, studies have evaluated spectral transfer approaches and found 

them to be less effective than orthogonality-based corrections such as orthogonal signal correction 

(OSC) and external parameter orthogonalisation (EPO). For example, de Santana et al. (2019)266 

reported that the PDS corrected moist NIR spectra (GMC = 5–35% w/w) still resulted in limited 
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prediction performance for SOM, with an R²Val = 0.46. The less satisfactory of PDS for moisture 

correction was also observed by Munnaf and Mouazen (2022)268, who compared spectral transfer 

methods (DS and PDS) with orthogonality-based techniques (OSC and EPO), for Vis–NIR moisture 

correction in SOC prediction. Compared PLSR on non-corrected spectra yielded an R² = 0.58, DS-PLSR 

and PDS-PLSR yielded R² = 0.26 and 0.58, respectively, while orthogonality-based corrections (OSC-

PLSR and EPO-PLSR) improved SOC prediction to R² = 0.61 (OSC-PLSR) and 0.60 (EPO-PLSR).  

Especially for EPO, which works by decomposing and removing spectral variation caused by external 

parameters while preserving information relevant to the target property269, it is one of the most 

commonly applied approaches (Equation 1-10). Metzger et al. (2024)270 reported its use in over 50% 

of the reviewed studies due to its ease of understanding and straightforward application.  

𝐗 = 𝐗𝐏 + 𝐗𝐐+ 𝐑, (Equation 1-10) 

where moist soil spectra (X) can be decomposed into a combination of a useful part (XP, related to 

chemical responses), an external part (XQ, containing irrelevant information affected by water 

content and other external parameters), and an independent residual (R). 

In this review, most successful applications of EPO were employed for predicting soil C contents from 

wet spectra, particularly in the (Vis-)NIR region238,266,270–275. For example, Minasny et al. (2011)271 

applied EPO pre-processing coupled with PLSR to NIR spectra of re-wetted soil samples (GMC = 5–18%) 

for SOC prediction, improving R²Val from 0.59–0.77 to 0.82–0.89, comparable to air-dried <2 mm 

sieved samples (R²Val = 0.84). Using re-wetted Vis–NIR spectra, Wijewardane et al. (2016)272 applied 

EPO for moisture correction and coupled it with SVM, significantly improving prediction accuracies for 

TC (R²Val from 0.06 to 0.70), SOC (R²Val from 0.12 to 0.75), and inorganic C (R²Val from 0.08 to 0.70). de 

Santana et al. (2019)266 also applied EPO-PLSR to NIR spectra of re-wetted soil samples (5–35% w/w) 

and achieved SOM prediction accuracy (R²Val = 0.86, RPDVal = 2.02) equivalent to that of air-dried 

samples (R²Val = 0.86, RPDVal = 2.59). Yu et al. (2022)273 applied EPO-PLSR to moist Vis–NIR spectra from 
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both re-wetted archives and in situ soils, achieving similar SOC prediction accuracy (R²Val = 0.56 [re-

wetting] and 0.57 [in situ]), suggesting that laboratory re-wetted samples provide a cost-effective 

alternative for developing EPO matrices.  

Other commonly studied soil properties using EPO correction of wet (Vis-)NIR spectra also include 

N223,276 and clay content270,272,274,276–278. It has been less frequently studied for other parameters such 

as soil pH272, CEC272, and CaCO₃274. However, not all of these properties have been successfully 

predicted from EPO-pre-processed wet (Vis-)NIR spectra. For example, Wijewardane et al. (2016)272 

reported that EPO correction failed to improve predictions of soil pH and CEC, although this was likely 

due to the poor performance of the initial dry-ground models used to construct the EPO transfer.  

Fewer studies have explored the use of EPO to correct moisture effects in IR spectra for predicting soil 

P dynamics. Although Wijewardane et al. (2016)272 applied EPO to Vis–NIR spectra for soil extractable-

P (M3-P) prediction, no improvement in accuracy was observed. Additionally, to the best of our 

knowledge, few studies have evaluated the effectiveness of EPO in eliminating water in the MIR region. 

1.3.3 Chemometrics: PCA and PCR in soil spectral modelling  

Principal Component Analysis (PCA) is a widely applied multivariate technique used to reduce data 

dimensionality by transforming the original correlated variables into a smaller set of uncorrelated 

principal components (PCs). Each PC is derived from an eigenvector of the covariance matrix, with the 

corresponding eigenvalue representing the proportion of variance explained. Notably, a PCA 

performed on a p-variate dataset yields p components, while dimensionality reduction is achieved 

only when the first q (< p) components are considered sufficient to capture most of the multivariate 

variation, typically based on the cumulative percentage of variance explained by these q 

components279–281. As shown in (Equation 1-11), PCA decomposes the original spectral matrix X into 

multiplication of loading (P) and score (T) matrices, along with a residual matrix (E).  
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𝐗 = 𝐓 ∙ 𝐏T + 𝐄, (Equation 1-11) 

where X is an n × m matrix containing the spectral data, with n representing the number of spectra 

(i.e., samples) and m the number of spectral bands (wavelengths). The score matrix T = X·P, which 

projects X into a lower-dimensional space, has dimensions n × a, where a is the number of PCs. PCA 

aims to determine the loading matrix P, with dimensions a × m, such that the score vectors t1 … ta 

are arranged in descending order of variance and remain orthogonal. 

In environmental and agricultural studies, PCA is widely used to identify significant indicators and 

classify soil into categories, thereby simplifying soil quality assessment and supporting targeted 

management282,283. In soil spectroscopy, PCA bridges spectral and wet chemical data, facilitating 

interpretation and model development147,154,284,285. For example, Dunne et al. (2020)147 applied PCA to 

MIR spectra and found that loading plots revealed spectral features associated with soil properties 

influencing soil P dynamics, such as positive peaks related to SOM at 2892.9 cm⁻¹, 2857.1 cm⁻¹, and 

within 1821.4–1607.1 cm⁻¹; and peaks at 892.9 cm⁻¹ and 750.0 cm⁻¹ associated with Fe oxyhydroxides. 

Shi et al. (2023)154 also applied PCA to MIR spectra to investigate the relationship between spectral 

features and soil bulk density. The loading plot of PC1 (29% explanation of the variance) identified 

absorption bands around 3700 cm−1 and 1000–900 cm−1, attributed to clay minerals and indicative of 

soil texture, which were strongly correlated with BD. 

Principal Component Regression (PCR) combines PCA and multiple linear regression by first extracting 

principal component scores (T) from spectral data (X) and then regressing these scores against soil 

properties (Y) (Equation 1-12)279. PCR is often used for (Vis-)NIR spectral calibration and prediction 

(Table 1-5).  

𝐘 = β𝐓 + 𝐄 (Equation 1-12) 

where β denotes the vector of regression coefficients, found by solving β =
XTY

(XTX)
. E is a matrix of 

residuals, the same size than Y. 
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Table 1-5. Summary of studies predicting various soil attributes using PCR in IR soil spectroscopy.  

Soil parameters Spectral region nCal | nVal Accuracy Ref. 

TC (g·kg-1) VIS–NIR (400–2498 nm) 30 | 119 R2
Val = 0.87 162 

SOC (%) NIR (700–2500 nm) 121 | 40 R2
Val = 0.68 161 

SOC (%) UV–VIS–NIR (250–2500 nm) 121 | 40 R2
Val = 0.76 161 

TN (g·kg-1) VIS–NIR (400–2498 nm) 30 | 119 R2
Val = 0.85 162 

Clay (%) VIS–NIR (400–2498 nm) 30 | 119 R2
Val = 0.67 162 

Clay (%) NIR (700–2500 nm) 121 | 40 R2
Val = 0.75 161 

pH (H2O) VIS–NIR (400–2498 nm) 30 | 119 R2
Val = 0.57 162 

pH (H2O) NIR (700–2500 nm) 121 | 40 R2
Val = 0.70 161 

pH (H2O) UV–VIS–NIR (250–2500 nm) 121 | 40 R2
Val = 0.71 161 

CEC (mmol(+)·kg-1) UV–VIS–NIR (250–2500 nm) 121 | 40 R2
Val = 0.64 161 

CEC (mmol(+)·kg-1) NIR (700–2500 nm) 121 | 40 R2
Val = 0.67 161 

CEC (cmol(+)·kg-1) VIS–NIR (400–2498 nm) 30 | 119 R2
Val = 0.81 162 

Ca (mmol(+)·kg-1) NIR (700–2500 nm) 121 | 40 R2
Val = 0.72 161 

Ca (exch.) (cmol(+)·kg-1) VIS–NIR (400–2498 nm) 30 | 119 R2
Val = 0.75 162 

Fe (free) (%) NIR (700–2500 nm) 121 | 40 R2
Val = 0.49 161 

Fe (free) (%) UV–VIS–NIR (250–2500 nm) 121 | 40 R2
Val = 0.52 161 

Mehlich3-Fe (mg·kg-1) VIS–NIR (400–2498 nm) 30 | 119 R2
Val = 0.64 162 
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1.3.4 Partial Least Squares Regression 

Partial Least Squares Regression (PLSR), developed by Wold (1983)286, combines PCA and multiple 

regression to predict dependent variables (e.g., soil properties) by extracting orthogonal latent 

variables (LV, e.g., from spectral data), and is thereby also known as Projection to Latent Structures 

Regression279. A good explanation for a LV is available in Dunn (2025)287 and Sansana et al. (2021)281. 

Unlike PCR, which performs spectral reduction and regression separately, PLSR integrates both steps 

by extracting LVs that maximise covariance between predictors (X, as in PCR) and responses (Y)284. The 

decomposition of X (Equation 1-11) and Y (Equation 1-13) is referred to as the ‘outer relation’ of PLSR. 

During calibration, the algorithm maximises the covariance between the X scores (t) and the Y scores 

(U) (Equation 1-14). This optimisation forms a linear regression between t and U, known as the ‘inner 

relation’, allowing the prediction of new, unknown samples. 

                        (𝐗 = 𝐓 ∙ 𝐏T + 𝐄, Equation 1-11)  

𝐘 = 𝐔 ∙ 𝐐T + 𝐅  Equation 1-13 

where X, T, P and E have defined in Equation 1-11 (Section 1.3.3). U and Q are the score and loading 

matrices for Y, respectively. F contains its residuals. 

A regression between X and Y is obtained by: 

𝐔 = 𝐓 · β Equation 1-14 

where β is the vector of regression coefficients of the linear model. Substituting this relationship 

from the original model, predictions are obtained by 𝐘 = 𝐔 ∙ 𝐐T =  𝐓 · β ∙ 𝐐T 
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In the review by Soriano-Disla et al. (2014)116, PLSR was stated to be the most widely used multivariate 

method for calibrating soil spectral data. Table 1-6 highlights some of the most commonly studied soil 

properties that have been effectively predicted using PLSR. Additionally, similar to PCA, PLSR loadings 

are informative for qualitative interpretation, particularly in MIR spectra where well-resolved peaks 

often correspond to spectral features of components related to the target property127,193,288.  

However, studies have found that PLSR may offer limited predictive performance202,289–291. PLSR 

assumes a linear relationship between soil properties and reflectance behaviour. However, Deiss et 

al., (2020)289 found that non-linear models (SVM with optimised hyperparameters) outperformed 

PLSR in predicting soil properties from Midwestern USA soils, including clay (RMSEP values, SVM vs. 

PLSR = 3.22 vs. 4.58%), sand (5.24 vs. 7.70%), pH (0.36 vs. 0.44), total organic carbon (0.19 vs. 0.29%), 

and permanganate-oxidizable carbon (74 vs. 123 mg·kg⁻¹). de Santana et al. (2022)202 also reported 

that, compared to other non-linear ML techniques (e.g., Cubist: RMSEP = 1.08–2.14%), PLSR yielded 

the poorest prediction accuracy (RMSEP = 1.87–2.85%) for SOM in highly variable Irish topsoils (5–20 

cm) using MIR spectroscopy.

Table 1-6. Summary of studies predicting various soil attributes using PLSR in IR soil spectroscopy. 

Soil parameters Spectral region nCal | nVal Accuracy Ref. 

Biomass (N) (mg·kg-1) NIR (1100–2300 nm) 180  R2
CV = 0.71 184 

N organic (total) (%) MIR (4000-400 cm⁻¹) 183 R2
CV = 0.86 117 

TN (topsoil) (%) VIS–NIR  (350–2500 nm) 114 R2
Val = 0.85  292 

TN (g·kg-1) VIS–NIR  (400–2498 nm) 76 | 32 R2
Val = 0.86 293 

TN (subsoil) (%) VIS–NIR  (350–2500 nm) 114 R2
Val = 0.88 292 

TN (mg·kg-1) NIR (1100–2300 nm) 180  R2
CV = 0.94 184 

TN (%) VIS–NIR  (350–2500 nm) 59 R2
CV = 0.95 294 

TN (mg·kg-1) NIR (1100–2498 nm) 120 | 59 R2
Val = 0.95 295 

TC (g·kg-1) NIR (1100–2498 nm) 177 | 60 R2
Val = 0.86 200 

TC (g·kg-1) VIS–NIR  (400–2498 nm) 76 | 32 R2
Val = 0.91 293 
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Continued Table 1-6 

Soil parameters Spectral region nCal | nVal Accuracy Ref. 

TC (g·kg-1) MIR (4000-400 cm⁻¹) 177 | 60 R2
Val = 0.95 200 

TC (g·kg-1) NIR (1100–2498 nm) 120 | 59 R2
Val = 0.96 295 

TC (%) VIS–NIR  (350–2500 nm) 59 R2
CV = 0.97 294 

C (inorg.) (g·kg-1) NIR (1100–2498 nm) 177 | 60 R2
Val = 0.87 200 

C (inorg.) (g·kg-1) VIS–NIR  (400–2498 nm) 76 | 32 R2
Val = 0.96 293 

C (inorg.) (g·kg-1) MIR (4000-400 cm⁻¹) 177 | 60 R2
Val = 0.98 200 

SOC (subsoil) (%) VIS–NIR  (350–2500 nm) 114 R2
Val = 0.73 292 

SOC (acidified soil) (g·kg-1) NIR (1100–2498 nm) 177 | 60 R2
Val = 0.80 200 

SOC (%) VIS–NIR  (400–2490 nm) 140 | 60 R2
Val = 0.82 296 

SOC (topsoil) (%) VIS–NIR  (350–2500 nm) 114 R2
Val = 0.82 292 

SOC (g·kg-1) NIR (1100–2498 nm) 177 | 60 R2
Val = 0.82 200 

SOC (g·kg-1) VIS–NIR  (400–2498 nm) 76 | 32 R2
Val = 0.89 293 

SOC (%) MIR (4000-400 cm⁻¹)  R2 = 0.92 297 

SOC (%) MIR (4000-400 cm⁻¹) 188 R2
CV = 0.93 117 

SOC (mg·kg-1) NIR (1100–2300 nm) 180 R2
CV = 0.94 184 

SOC (g·kg-1) MIR (4000-400 cm⁻¹) 177 | 60 R2
Val = 0.97 200 

SOM (g·dm-3) VIS–NIR  (462.0–2448.3 nm)  RMSEP = 5.40 298 

SOM (%) MIR (4000-400 cm⁻¹) 31 R2
CV = 0.98 299 

Clay (%) UV–VIS–NIR (250–2450 nm) 59 RMSEPCV = 2.9 300 

Clay (g·kg-1) VIS–NIR  (462.0–2448.3 nm)  RMSEP = 77.38 298 

Clay (%) VIS–NIR  (400–2490 nm) 140 | 60 R2
Val = 0.19 296 

Clay (%) MIR (4000-400 cm⁻¹) 88 R2
CV = 0.79 117 

Clay (%) MIR (4000-500 cm⁻¹)  R2 = 0.87 297 

Sand (g·kg-1) VIS–NIR  (462.0–2448.3 nm)  RMSEP = 90.63 298 

Sand (%) VIS–NIR  (400–2500 nm) 319 R2
Val = 0.70 301 

Sand (%) VIS–NIR  (400–2490 nm) 140 | 60 R2
Val = 0.24 296 
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Continued Table 1-6 

Soil parameters Spectral region nCal | nVal Accuracy Ref. 

Sand (%) MIR (4000-400 cm⁻¹) 88 R2
CV = 0.94 117 

pH VIS–NIR  (400–2490 nm) 140 | 60 R2
Val = 0.40 296 

pH MIR (4000-400 cm⁻¹)  R2 = 0.72 297 

pH NIR (1100–2498 nm) 120 | 59 R2
Val = 0.73 295 

pH NIR (1100–2300 nm) 180 R2
CV = 0.74 184 

CEC (cmol(+)·kg-1) MIR (4000-400 cm⁻¹) 183 R2
CV = 0.88 117 

Carbonate (%) MIR (4000-400 cm⁻¹)  R2 = 0.95 297 

LR (t·ha-1) NIR (700–2500 nm) 183 R2
CV = 0.73 117 

LR (t·ha-1) MIR (4000-400 cm⁻¹) 183 R2
CV = 0.86 117 

LR (t·ha-1) MIR (4000-450 cm⁻¹) 495 | 160 R2
Val = 0.89 204 

BD (g·cm-3) MIR (4000 – 600 cm-1) 537 | 134 R2
Val = 0.79 154 

Al (exch.) (cmol·kg-1) MIR (4000-400 cm⁻¹) 183 RCV
2 = 0.64 117 

Total P (mg·kg-1) NIR (1100–2500 nm) 104 | 42 R2
Val = 0.26 192 

Total P (mg·kg-1) MIR (4000 – 400 cm-1) 104 | 41 R2
Val = 0.60 192 

P (ppm) VIS–NIR  (400–2490 nm) 140 | 60 R2
Val = 0.71 296 

1 Presin (mg·kg-1) NIR (1100–2500 nm) 104 | 42 R2
Val = 0.01 192 

Presin (mg·kg-1) MIR (4000 – 400 cm-1) 104 | 41 R2
Val = 0.01 192 

P (avail.) (mg·kg-1) MIR (4000-400 cm⁻¹) 186 RCV
2 = 0.07 117 

Mehlich3-P (kg·ha-1) Vis-NIR (350-2500 nm) 401 RCV
2 = 0.26 302 

2 Prem (mg·kg-1) NIR 104 | 42 R2
Val = 0.65 192 

3 Langmuir Smax (mg·kg-1) MIR (4000-450 cm⁻¹) 147 | 49 R2
Val = 0.67 147 

Prem (mg·kg-1) MIR (4000 – 400 cm-1) 104 | 41 R2
Val = 0.77 192 

1 Presin: P available.  

2 Prem: P remaining in solution (60 mg·P·L−1 (as KH2PO4) in 0.01M CaCl2 added at a 1:10 soil:solution 

ratio).

3 Langmuir Smax: Langmuir sorption maximum in the 0 - 50 mg·P·L−1 region.  
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1.3.5 Machine learning 

1.3.5.1 Cubist 

The Cubist algorithm is based on Quinlan’s M5 algorithm, which combines decision trees with 

multivariate linear regressions at terminal nodes (‘leaves’)303. The rule-based structure ‘IF (condition) 

– THEN (linear regression model) – ELSE (apply next rule)’ directs samples into low variability subsets, 

enhancing the accuracy of local linear regressions163,304. To optimise Cubist, a nearest-neighbour 

approach is often used to select the most similar training samples154,202,279,305. In R programming, the 

optimal combination of two key hyperparameters, ‘committees’ (number of sequential Cubist models) 

and ‘neighbours’ (extent of adjustment using similar samples) can be identified using a grid search 

approach154,202,279,305. However, the risk of overfitting should be carefully considered during model 

application306.  

Table 1-7 highlights some studies that applied the Cubist algorithm to predict soil properties. Cubist is 

considered as an alternative to PLSR for calibrating soil spectroscopic data306, offering easily 

interpretable rule-based models and often achieving better predictive performance for soil properties. 

For example, as summarised in Table 1-6, using IR spectroscopy, PLSR generally yielded R²Val values of 

0.73–0.97 for SOC, 0.19–0.87 for clay, and 0.40–0.74 for soil pH, whereas Cubist achieved higher 

accuracies with ranges of (SOC:) 0.76–1.00, (clay:) 0.76–0.96, and (soil pH:) 0.53–0.88, respectively. 

Minasny et al. (2008)307 were among the first to apply Cubist for soil spectroscopy modelling using 

MIR, achieving ‘good’ (RPD > 2) predictions for TC (RPDVal = 6.25), CEC (RPDVal = 2.95), and 

exchangeable Ca and Mg (RPDVal = 2.46 and 2.78, respectively), but reported BD to be unpredictable 

by Cubist (R²Val = 0.26). Several recent studies have demonstrated that Cubist can successfully predict 

soil BD using IR spectroscopy145,154,212. For example, Haghi et al. (2021)308 used Cubist to predict soil 

BD, achieving R²Val of 0.85 and 0.88 using NIR and MIR spectroscopy, respectively. However, few 

studies have explored the use of Cubist models for predicting soil P dynamics.   
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Table 1-7. Summary of studies predicting soil attributes using Cubist in IR soil spectroscopy. 

Soil parameters Spectral region nCal | nVal Accuracy Ref. 

Log10(TN) (%) Vis-NIR (350 – 2500 nm) 7449 RPDVal = 2.11 163 

SOC (Organic soils) (g·kg-1) Vis-NIR (400 – 2500 nm) nVal = 368 R2
Val = 0.76 309 

SOC (Grassland) (g·kg-1) Vis-NIR (400 – 2500 nm) nVal = 1383 R2
Val = 0.87 309 

SOC (Woodland) (g·kg-1) Vis-NIR (400 – 2500 nm) nVal = 1564 R2
Val = 0.89 309 

SOC (%) Vis-NIR (350 – 2500 nm) nVal = 3585 R2
Val = 0.89 285 

SOC (g·kg-1) Vis-NIR (350 – 2500 nm) 3738 | 7475 R2
Val = 0.96 310 

SOC (%) MIR 33991 | 8498 R2
Val = 1.00 212 

SOM (g·kg-1) Vis-NIR (350 – 2500 nm) 160 R2
CV = 0.57 258 

SOM (g·kg-1) MIR (4000 – 650 cm-1) 160 R2
CV = 0.83 258 

Clay (%) Vis-NIR (350 – 2500 nm) 15205 RPDVal = 2.35 163 

Clay (%) Vis-NIR (350 – 2500 nm) nVal = 5177 R2
Val = 0.71 285 

Clay (%) MIR 26274 | 6569 R2
Val = 0.96 212 

Sand (%) Vis-NIR (350 – 2500 nm) nVal = 3525 R2
Val = 0.57 285 

pH Vis-NIR (350 – 2500 nm) 160 R2
CV = 0.53 258 

pH (H2O) Vis-NIR (350 – 2500 nm) nVal = 4389 R2
Val = 0.62 285 

pH MIR (4000 – 650 cm-1) 160 R2
CV = 0.75 258 

pH (H2O) MIR 27959 | 6990 R2
Val = 0.88 212 

CEC (cmol(+)·kg−1) MIR (4000 – 650 cm-1) 160 R2
CV = 0.49 258 

CEC (cmol(+)·kg−1) Vis-NIR (350 – 2500 nm) nVal = 2826 R2
Val = 0.73 285 

CEC (cmol(+)·kg−1) MIR 29270 | 7317 R2
Val = 0.99 212 

CaCO3 (%) Vis-NIR (350 – 2500 nm) nVal = 739 R2
Val = 0.77 285 

CaCO3 (%) MIR 9668 | 6569 R2
Val = 0.98 212 

BD (g·cm-3) Vis-NIR (350 – 2500 nm) 1745 RPDVal = 2.20 163 

BD (mg·m-3) MIR 93 | 39 R2
Val = 0.26 307 

BD (g·cm-3) MIR 13852 | 3463 R2
Val = 0.67 163 

BD (g·cm-3) MIR (4000 – 600 cm-1) 537 | 134 R2 Val= 0.78 154 
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Continued Table 1-7 

Soil parameters Spectral region nCal | nVal Accuracy Ref. 

BD (g·cm-3) NIR (1100 - 2500 nm) 520 | 130 R2
Val = 0.85 308 

BD (g·cm-3) MIR (4000 – 400 cm-1) 520 | 130 R2
Val = 0.88 308 

Log10(Total-P) (%) Vis-NIR (350 – 2500 nm) 5647 RPDVal = 1.75 163 

TP (g·kg−1) Vis-NIR (350 – 2500 nm) 259 | 120 R2
Val = 0.66 311 

Log10(Available-P) (mg·kg−1) Vis-NIR (350 – 2500 nm) 5069 RPDVal = 1.39 163 

1.3.5.2 Random Forest 

Random Forest (RF) is an ensemble learning method that builds decision trees using bootstrap 

aggregation (bagging) and random feature selection at each node split279,284,312. Generally, two-thirds 

of the calibration samples are randomly selected for training each tree (in-bag), and the remaining 

third (out-of-bag, OOB) estimates model performance202. Random feature selection mitigates 

overfitting by reducing data dimensionality, selecting a subset of variables (‘mtry’), typically one third 

of the total predictors, at each node for splitting279,312. For example, de Santana et al. (2022)202 

explained that in a spectral dataset with 1500 variables, only 500 variables are randomly selected for 

consideration at each node.  

RF is increasingly being used in soil mapping and spectroscopy because of its ability to handle high-

dimensional data with relatively limited samples and its robustness to noise and irrelevant variables313. 

de Santana et al. (2018)314 compared RF with PLSR for predicting various soil quality parameters using 

Vis–NIR and found that RF significantly statistically outperformed PLSR with higher R²Val for SOM (0.80 

[RF] vs. 0.75 [PLSR]), clay (0.80 vs.0.71), sand (0.82 vs.0.74) and CEC (0.88 vs.0.81). Additional 

advantages of RF in their studies included fewer samples being identified as outliers and the absence 

of negative predicted values.  

However, Rossel and Behrens (2010)284 compared several data mining algorithms for modelling soil 

Vis–NIR spectra (e.g., PLSR, SVM, multivariate adaptive regression splines and artificial neural 
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networks) and found that RF was the least accurate for predicting SOC (R² = 0.71), clay (R² = 0.77), and 

pH (R² = 0.63); for example, PLSR yielded higher R² values of 0.82 (SOC), 0.83 (clay), and 0.73 (pH). 

Moreover, as a black-box model, RF can overlook pedological knowledge and is often difficult to 

interpret, potentially resulting in misleading outcomes280,313. In this review, compared to other 

chemometric/ML techniques, RF is the least commonly applied in soil IR spectroscopy (Table 1-8).   

Table 1-8. Summary of studies predicting various soil attributes using RF in IR soil spectroscopy. 

Soil parameters Spectral region nCal | nVal Accuracy Ref. 

TN (g·kg-1) NIR (1000 – 2500 nm) 119 R2
CV = 0.44 315 

TN (g·kg-1) MIR (4000-400 cm-1) 119 R2
CV = 0.79 315 

TOC (g·kg-1) NIR (1000 – 2500 nm) 119 R2
CV = 0.64 315 

TOC (g·kg-1) MIR (4000-400 cm-1) 119 R2
CV = 0.89 315 

SOC (%) MIR 33991 | 8498 R2
Val = 0.99 212 

SOM (g·dm-3) Vis-NIR (400 – 2500 nm) 2514 | 1241 R2
Val = 0.80 316 

SOM (%) Vis-NIR (400 – 2450 nm) 100 R2
CV = 0.71 317 

Clay (%) Vis-NIR (400 – 2450 nm) 100 R2
CV = 0.66 317 

Clay (g·kg-1) Vis-NIR (400 – 2500 nm) 417 | 208 R2
Val = 0.80 316 

Clay (g·kg-1) MIR (4000-400 cm-1) 119 R2
CV = 0.90 315 

Clay (%) MIR 26274 | 6569 R2
Val = 0.93 212 

Sand (g·kg-1) Vis-NIR (400 – 2500 nm) 398 | 208 R2
Val = 0.82 316 

pH MIR (4000-400 cm-1) 119 R2
CV = 0.72 315 

pH (H2O) MIR 27959 | 6990 R2
Val = 0.82 212 

CEC (mmol·kg-1) MIR (4000-400 cm-1) 119 R2
CV = 0.77 315 

CEC (mmol(+)·dm-3) Vis-NIR (400 – 2500 nm) 2485 | 1214 R2
Val = 0.87 316 

CEC (mmol·kg-1) MIR 29270 | 7317 R2
Val = 0.97 212 

CaCO3 (%) MIR 9668 | 2417 R2
Val = 0.97 212 

BD (g·m-3) MIR (4000-400 cm-1) 119 R2
CV = 0.52 315 

BD (g·cm-3) Vis-NIR (400 – 2500 nm) 1809 | 653 R2
Val = 0.62 318 
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Continued Table 1-8 

Soil parameters Spectral region nCal | nVal Accuracy Ref. 

BD (g·cm-3) MIR (4000 – 600 cm-1) 537 | 134 R2
Val = 0.80 154 

1 Extractable-Al (%) MIR 18314 | 4578 R2
Val = 0.83 212 

2 Extractable-Fe (%) MIR 17054 | 4264 R2
Val = 0.69 212 

1 Al (%): Dithionite citrate extractable aluminium.  

2 Fe (%): Acid oxalate extractable iron.

1.3.5.3 Support Vector Machine 

Support Vector Machine (SVM) is a supervised learning algorithm used for classification and 

regression319. It constructs an optimal hyperplane (hard- or soft-margin) that minimises prediction 

error. Kernel functions (e.g., linear, polynomial, sigmoid, radial basis function [RBF]) enable non-linear 

modelling by projecting data into higher-dimensional spaces, where the hyperplane maximises the 

margin from support vectors320,321. Among various kernel functions, the RBF kernel is the most widely 

used in soil spectral modelling284,289,298,322.  

In R programming, applying SVM involves tuning key hyperparameters: (i) ‘Gamma’, which controls 

the influence of individual training instances and balances fitting accuracy with model smoothness; (ii) 

‘Cost’, which penalises errors and controls model complexity, with higher values increasing the risk of 

overfitting; and (iii) ‘Epsilon’, which defines an insensitive zone where errors within a threshold are 

not penalised322,323. 

In soil spectroscopy, SVM has been widely used for soil texture and soil quality discrimination324,325 

and various soil property predictions145,154 (Table 1-9). Many studies have found that SVM outperforms 

other multivariate models in predicting various soil properties such as soil BD154, SOC326, CEC327, soil 

pH289, and soil texture289. However, Behrens and Scholten (2006)328 found that SVM underperformed 

compared to other ML approaches in digital soil mapping. The study by Meliho et al. (2023)329 likewise 

reported that SVM yielded the lowest accuracy for predicting soil organic carbon stocks, compared to 
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Cubist and RF models. Therefore, the performance of ML varies with soil conditions. Rather than 

seeking a universally superior algorithm for soil property prediction, it is more important to identify 

suitable modelling techniques and apply proper tuning. 

Table 1-9. Summary of studies predicting various soil attributes using SVM in IR soil spectroscopy. 

Soil parameters Spectral region nCal | nVal Accuracy Ref. 

TN (g·kg-1) Vis-NIR (700 – 2500 nm) 501 R2
CV = 0.50 330 

TN (g·kg-1) NIR (1000 – 2500 nm) 119 R2
CV = 0.66 315 

TN (g·kg-1) Vis-NIR (350 – 2500 nm) 64 | 32 R2
Val = 0.75 331 

TN (g·kg-1) MIR (4000 - 650 cm−1) 501 R2
CV = 0.79 330 

TN (g·kg-1) MIR (4000 - 400 cm−1) 119 R2
CV = 0.82 315 

TN (g·kg-1) Vis-NIR (350 – 2500 nm) 410 | 175 R2
Val = 0.86 332 

TOC (g·kg-1) NIR (1000 – 2500 nm) 119 R2
CV = 0.82 315 

TOC (g·kg-1) MIR (4000 - 400 cm−1) 119 R2
CV = 0.88 315 

SOC (g·kg-1) (lab/fresh) Vis-NIR (350 – 2500 nm) 66 | 32 R2
Val = 0.72 333 

SOC (g·kg-1) (field) Vis-NIR (350 – 2500 nm) 309 | 104 R2
Val = 0.81 334 

SOC (%) Vis-NIR (350 – 2500 nm)  R2
CV = 0.82 284 

SOC  Vis-NIR (370 – 2150 nm) 98 | 42 R2
Val = 0.84 335 

SOC (g·kg-1) Vis-NIR (350 – 2500 nm) 66 | 32 R2
Val = 0.86 333 

SOC (%) (total) Vis-NIR (400 – 2500 nm) 109 | 40 R2
Val = 0.89 336 

SOM (%) Vis-NIR (350 – 2500 nm) 5161 | 1998 RMSEPVal = 4.80 337 

SOM (%) Vis-NIR (350 – 1700 nm) 70 | 32 R2
Val = 0.75 338 

SOM (g·dm-3) Vis-NIR  R2 = 0.78 298 

SOM (g·kg-1) Vis-NIR (350 – 2500 nm) 410 | 175 R2
Val = 0.88 332 

SOM (%) Vis-NIR (400 – 1700 nm) 189 | 37 R2
Val = 0.91 339 

Clay (g·kg-1) NIR (1000 – 2500 nm) 119 R2
CV = 0.62 315 

Clay (%) Vis-NIR (350 – 1700 nm) 70 | 32 R2
Val = 0.64 338 

Clay (%) Vis-NIR (350 – 2500 nm)  R2
CV = 0.83 284 
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Continued Table 1-9 

Soil parameters Spectral region nCal | nVal Accuracy Ref. 

Clay (g·kg-1) MIR (4000 - 400 cm−1) 119 R2
CV = 0.89 315 

Clay (g·kg-1) Vis-NIR  R2 = 0.91 298 

Sand (g·kg-1) Vis-NIR  R2 = 0.93 298 

pH NIR (1000 – 2500 nm) 119 R2
CV = 0.34 315 

pH (H2O) Vis-NIR (350 – 2500 nm)  R2
CV = 0.72 284 

pH MIR (4000 - 400 cm−1) 119 R2
CV = 0.80 315 

CEC (mmol·kg-1) NIR (1000 – 2500 nm) 119 R2
CV = 0.78 315 

CEC (mmol·kg-1) MIR (4000 - 400 cm−1) 119 R2
CV = 0.79 315 

BD (g·cm-3) MIR (4000 – 600 cm-1) 537 | 134 R2
Val = 0.81 154 

TP (g·kg-1) Vis-NIR (700 – 2500 nm) 501 R2
CV = 0.08 330 

TP (g·kg-1) Vis-NIR-MIR  501 R2
CV = 0.15 330 

TP (g·kg-1) MIR (4000 - 650 cm−1) 501 R2
CV = 0.21 330 

TP (g·kg-1) Vis-NIR (350 – 2500 nm) 410 | 175 R2
Val = 0.76 332 

P-available (mg·kg-1) Vis-NIR (700 – 2500 nm) 501 R2
CV = 0 330 

P-available (mg·kg-1) MIR (4000 - 650 cm−1) 501 R2
CV = 0.02 330 

P-available (mg·kg-1) Vis-NIR-MIR 501 R2
CV = 0.09 330 

P-available (field) Vis-NIR (350 – 2500 nm) 184 R2
CV = 0.36 340 

Olsen P (mg·100g-1) Vis-NIR (400 – 1700 nm) 189 | 37 R2
Val = 0.81 339 
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1.3.6 Conclusion on chemometrics and machine learning methods: Soil P dynamics predictions 

Reviewing Table 1-5 to Table 1-9, the performance of ML varies with soil conditions. IR spectroscopy 

combined with various chemometrics/ML techniques has effectively predicted soil carbon contents 

(e.g., TC, SOC, SOM), typically using PLSR (R² ranging from 0.73 with Vis–NIR for subsoil SOC to 0.98 

with MIR for SOM, median R² = 0.92), generally outperforming Cubist (median R² = 0.88), RF (0.80), 

and SVM (0.83). Similarly to soil nitrogen, also a primary IR-active property, PLSR effectively predicted 

TN (median R² = 0.87), resulting in better performance than other ML techniques such as RF (0.62) 

and SVM (0.77) in this review. For secondary soil properties such as clay content and soil pH, IR 

spectroscopy has also shown good predictive performance. However, PLSR generally performed less 

well than other ML techniques, with median R² = 0.79 for clay and 0.73 for pH, compared to Cubist 

(median R² = 0.84), RF (0.85), and SVM (0.83) for clay, and RF (median R² = 0.77) and SVM (0.72) for 

soil pH. Moreover, PLSR, the most widely used multivariate method for calibrating soil spectral data, 

is often used as a benchmark for evaluating the efficiency of more advanced nonlinear ML techniques.  

For soil P dynamics assessed by IR spectroscopy, prediction accuracy for TP is more variable and 

generally less reliable. In this review, the median R² values for PLSR, Cubist, and SVM were 0.60, 0.66, 

and 0.18, respectively. Notably, SVM showed highly variable performance, with R² ranging from 0.08 

to 0.76. Fewer studies have investigated soil P sorption capacity and most used PLSR. For example, 

Dunne et al. (2020)147 employed PLSR to predict Langmuir Smax from MIR spectroscopy,  but 

concluded that the method was suitable only for rough screening (R2
Val = 0.67). However, Saidi et al. 

(2025)176 found that using a non-linear model (artificial neural networks) improved Smax prediction 

from Vis–NIR spectra, increasing R²Val from 0.48 (PLSR) to 0.65. Consequently, it can be hypothesised 

that advanced ML techniques could also enhance MIR-based Smax prediction.  
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1.4 Conclusions 

Sustainable soil P management is significant for balancing food security and environmental protection. 

Regular analysis (e.g., at least every five years) of soils with long-term P fertilisation is important for 

managing potential P accumulation. Soil P sorption behaviour varies according to soil’s inherent 

physical and chemical properties. Although previous studies have proposed integrating soil P sorption 

capacity with STP levels to improve P management62,109, soil P sorption behaviour groups (e.g., 

classified based on Smax) have not yet been established for Irish agricultural soils. 

Using IR spectroscopy in tandem with chemometrics/machine learning techniques offers a faster and 

more cost-effective approach to support farmers in nutrient management and soil monitoring. Recent 

studies in a range of soil types (e.g., agricultural197, tropical weathered192, wetland341, and forest 

soils342) have shown that IR spectroscopy predicts P sorption indicators (e.g. PBI, PSI) with moderate 

to high success. For Smax, an important traditional P sorption metric, relatively few studies have 

validated its prediction. In Dunne (2021)343, Smax was predicted using benchtop MIR spectroscopy 

under laboratory conditions (samples dried at 40 °C and ball-milled to <0.25 mm), but with the 

conclusion that the method was suitable only for rough screening (using PLSR achieved R2
Val = 0.67).  

Moreover, current spectroscopy studies for soil P sorption are mostly conducted under laboratory 

assays, e.g., using benchtop devices (stable signal output, consistent power supply, and high spectral 

resolution) to scan dried and finely ground samples. The high cost of establishing a spectroscopy 

laboratory and the reliance on laboratory-based calibration limit the full utilisation of handheld 

spectroscopy with high temporal and spatial resolution. To the best of our knowledge, although 

Forrester et al. (2015)197 and Saidi et al. (2025)176 used handheld MIR and Vis-NIR spectrometers to 

predict PBI (R²CV = 0.82) and Smax (R²V = 0.65) from <2 mm dried samples, suggesting the feasibility of 

in situ analysis, the measurements were conducted under laboratory conditions. Considering the 

interference caused by soil sample heterogeneity and soil water content, especially for MIR, few 
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studies have tested the use of handheld NIR/MIR spectroscopy for on-site assessment of soil P 

sorption capacity. 

It is clear that while handheld technologies have the potential to monitor P sorption capacity in the 

field, this has not yet been effectively demonstrated in field conditions. Therefore, considering the 

gaps identified above, the aim of this study was to transfer IR spectroscopy from the laboratory to the 

field for rapid and relatively cost-effective on-site prediction of P sorption capacity, with reference to 

a refined Soil Index System for P management that accounts for soil P sorption behaviour. In detail, 

this study aimed to classify the P sorption behaviour of Irish agricultural soils to refine the current Irish 

agronomic Soil Index System for long-term sustainable P management. Different chemometrics and 

machine learning techniques were applied, and the best-performing models for predicting Smax were 

selected to develop benchtop MIR spectroscopy as an accurate and reliable alternative to the wet 

chemical method for determining soil P sorption capacity. Although laboratory-based spectroscopy 

was used, this study further employed soil samples exhibiting heterogeneity and water interference 

with the aim of developing calibration models to support reliable handheld MIR/NIR on-site prediction 

of soil P sorption behaviour.  
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1.5 Aims and Objectives 

This research addressed the limitations of the current agronomic Soil Index System for sustainable P 

management, focusing on the development of IR spectroscopy to enable on-site, real-time assessment 

of soil P sorption capacities in the future. The main objectives were (i) to improve the prediction 

accuracy of Smax using benchtop spectroscopy, with the potential to serve as an alternative to the 

conventional wet chemical method; (ii) to progress from laboratory-based spectroscopy to handheld 

on-site testing of P sorption capacity, with reference to a refined Soil Index System that integrates soil 

P sorption characteristics to support agronomic decision-making for long-term, site-specific 

sustainable P management.  

By integrating P sorption behaviour into the agronomic Soil Index System; quantifying it using IR 

spectroscopic methods for rapid and accurate assessment; and progressing towards field analysis 

using mathematical techniques to account for soil heterogeneity and moisture interference, it is 

hoped that this study can be incorporated into agronomic guidelines and applied in practice to 

optimise productivity while improving environmental sustainability. 

The first stage of this work identified a change-point in sorption behaviour (e.g., Langmuir Smax) 

across Irish agricultural soils that allowed Irish soils to be classified according to their soil P sorption 

behaviour (Smax) and integrating it with soil P testing, this work aimed to contribute to the 

development of a refined agronomic Soil Index System to support site-specific and long-term 

sustainable P management in agricultural ecosystems.  

The second stage of this work aimed to use IR spectroscopy as an alternative method for 

quantitative/qualitative prediction of soil P sorption behaviour, enabling efficient assessment of 

Langmuir P sorption capacity for practical applications. Building on the work of Dunne (2021)343, which 

used benchtop MIR spectroscopy in tandem with PLSR to achieve a rough screening for Smax 

prediction, this thesis analysed various chemometrics/(non-linear) machine learning techniques (e.g., 

RF, Cubist, SVM) to improve the accuracy of soil P sorption capacity predictions for more precise 
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quantitative and qualitative assessments. Recognising the influence of sample heterogeneity and 

moisture on spectral quality and model performance during the transition from laboratory to field 

conditions116,274, this study assessed the impact of sample heterogeneity using unground samples, and 

evaluated moisture interference using moist soil spectra from a controlled re-wetting experiment. 

These efforts aimed to calibrate (handheld) IR spectroscopy as a rapid, cost-effective alternative to 

traditional isothermal extractions to support site-specific and sustainable soil P management. The 

main sub-objectives included (i) improving prediction accuracy using benchtop/handheld MIR 

spectroscopy by exploring the best-performing chemometrics/machine learning algorithms (e.g., PLSR, 

RF, Cubist, SVM), (ii) evaluating simplified sample preparation steps (e.g., excluding ball milling) for 

MIR spectroscopy, and (iii) calibrating EPO models to mitigate the effects of soil moisture. Step by step, 

this work has progressed toward the calibration of highly accurate and robust soil spectroscopy 

models, accounting for soil heterogeneity and moisture variability, and ultimately supporting the 

future use of handheld IR devices for in situ soil P sorption analysis.  

The technical roadmap of this research is illustrated in Figure 1-7, summarising the identified gaps, 

main research questions, hypotheses, objectives, and key deliverables aimed at progressing from 

laboratory-based spectroscopy to on-site soil testing for sustainable P management. 
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Figure 1-7. Technical roadmap for the research project. 
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1.6 Thesis Structure 

Figure 1-8 illustrates the thesis roadmap. Chapter 1 introduces the background to this work, including 

the current knowledge on soil P sorption dynamics, soil spectroscopy, and chemometrics/machine 

learning modelling, and the research objectives and aims of the thesis. Chapters 2, 3 and 4 are the 

experimental chapters. Chapter 5 delivers conclusions from the overall work and highlights future 

research questions. The aims and main conclusions from each of the experimental chapters are: 

Chapter 2 examined soil P dynamics using the standard batch sorption technique. Soil P sorption 

behaviour was specifically characterised using the Langmuir-derived sorption maximum capacity 

(Smax, mg·kg⁻¹). Quantitative methods, including principal component analysis and segmented 

regression, were used to identify the change-point in Smax as an indicator of inherent soil properties. 

Soils with Smax values smaller or larger than the identified change-point were categorised as low- and 

high-sorbing soils, with expectations with low sorption capacity being prone to P losses, whereas with 

high sorption capacity tend to accumulate legacy-P/labile-P. By integrating these P dynamics, the Soil 

Index System was refined through the inclusion of P sorption classes, thereby enabling more targeted 

and sustainable site-specific P management.  

Chapter 3 established MIR spectral libraries for ball-milled and <2 mm soil samples scanned with 

benchtop and handheld spectrometers. A comprehensive workflow for interpreting soil spectroscopy 

was summarised, incorporating spectral pre-processing, outlier detection, and testing of the best-

performing chemometrics/machine learning models. As expected, based on prior knowledge of 

spectrometer resolution and instrument specifications, the most accurate predictions for 

homogenised soil samples were achieved using the benchtop MIR spectrometer. However, 

comparison of results from ball-milled and sieved-only samples scanned by the benchtop 

spectrometer revealed similarly high accuracy in Smax prediction, meaningfully suggesting the 

potential to omit the grinding step in sample preparation. In addition, a significant finding was that 
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the handheld MIR instrument suggested the potential to discriminate soil P sorption classes from 

sieve-only dried soils. 

Chapter 4 further explored the application of the handheld MIR device for scanning moist soils. 

Building on the understanding that moisture has a less significant impact on NIR spectra, the handheld 

NIR spectrometer was also employed to develop models for predicting soil P sorption. External 

parameter orthogonalisation, a commonly used technique to minimise moisture-related spectral 

distortions, was applied to the wet spectra. However, this study further explored the efficiency of EPO 

in correcting for moisture effects, both with and without incorporating explicit moisture information, 

to identify a more streamlined and effective correction approach. An encouraging finding was that, 

under low soil moisture conditions (e.g., gravimetric water content [GMC] ≤ 20%) with known 

moisture information, handheld MIR spectroscopy showed potential for predicting Smax following 

EPO correction. Furthermore, under moderate soil moisture levels (e.g., GMC ≤ 40%), both handheld 

MIR and NIR spectroscopy demonstrated the ability to discriminate soil P sorption behaviour when 

moisture information was available.  
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Figure 1-8. Thesis structure summary. 
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Chapter 2         

Integrating soil phosphorus sorption capacity with agronomic indices 

to improve sustainable phosphorus use in agriculture1  

 
1 Part of this chapter has been accepted for publication. Manuscript details: 
Yang, S., White, B., Regan, F., Kent, N., Hall, R.L., Daly, K., 2024. Integrating soil phosphorus sorption capacity 
with agronomic indices to improve sustainable P use in agriculture. J. Soils Sediments. 
https://doi.org/10.1007/s11368-024-03900-z  

https://doi.org/10.1007/s11368-024-03900-z
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Abstract 

Purpose: Phosphorus (P) sorption processes in soils can influence P plant-availability and influence 

‘build-up’ and ‘drawdown’ P cycles. Current fertiliser recommendations do not take these processes 

into account. This study aimed to integrate soil P sorption behaviour and P agronomic-indices to 

strengthen P management recommendations.  

Methods: Mineral soil covering 35,716 km2 of Ireland was characterised by P status (Morgan’s P), and 

Langmuir sorption parameters of P sorption maximum capacity (Smax, mg·kg−1) and binding affinity 

(k, L·mg−1). 

Results: A segmented regression between Smax and Mehlich-3 extractable aluminium (M3-Al) (R² = 

0.49) identified a significant change-point at Smax = 450.03 mg·kg⁻¹, allowing soils to be classified into 

‘low’ (SLM3-Al) and ‘high’ (SHM3-Al) P sorbing classes. Sorption parameters in SLM3-Al did not change with 

soil P status; however, in SHM3-Al soils, sorption parameters significantly correlated with P status. High 

sorbing soils that are P-deficient (Index 1 and 2) will ‘fix’ P and take longer to build-up plant available 

P to a value for agronomic production (Index 3). Low P sorbing soils at high P status (Index 4) will 

decline to Index 3 at faster rates than high P sorbing soils. These soils (SLM3-Al) are at higher risk of 

soluble P losses to water because of lower binding energies.  

Conclusion: Efficient P fertiliser use can be more effective if soils are delineated into ‘low’ and ‘high’ 

sorbing soils coupled with soil P status. By integrating P sorption capacities with agronomic soil P 

indices, fertiliser advice and water quality measures can be targeted and more effective. 
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Graphical abstract 

 
Figure 2-1. Graphical abstract for Chapter 2. 
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2.1 Introduction  

Phosphorus (P) is an essential primary nutrient for various physiological and biochemical functions in 

plants, significantly impacting crop health and yields in agriculture production344. The concentration of 

total P ranges in soils from 220 to 6800 kg·P·ha-1, in which less than 1 % of orthophosphates (e.g., 

H2PO4
- and HPO4

2-) are directly available to plants5. To optimise primary production and sustain today’s 

agricultural consumption, the application of soluble inorganic P fertilisers (e.g., monoammonium 

phosphate, diammonium phosphate, etc.) rapidly replaces P removed in products such as meat, milk 

and crops10. Continuous excessive fertilisation leads to high soil P accumulation, causing diffuse 

environmental losses345. Legacy-P, defined as the accumulated P associated with long-term P fertiliser 

applications30, is sorbed to soil clay minerals or stored in secondary P minerals345. Furthermore, legacy-

P includes labile-P, which is held by the soil and is likely to undergo a change of state to become 

available31. Agricultural soils with high legacy-P/labile-P have reduced buffering capacity, and newly 

applied P may be more susceptible to surface runoff.  

Soil testing for P is designed to provide information on plant-available P in the soil. It has been widely 

adopted in agronomic decision-making to establish response thresholds for effective fertiliser 

management346. However, there is a need to better understand soil P behaviour, specifically sorption 

processes in which P is adsorbed from the solution phase and bound to soil particles69,113. The rate and 

quantity of P sorption can be influenced by soil status (e.g., the concentration of plant-available P in 

soil solution) and soil characteristics or types (e.g., clay content, free iron [Fe] and aluminium [Al] 

oxides and hydroxides, and pH, etc.)18,62,69. In the soil-solution-plant system, soil organic matter (SOM) 

can also influence P sorption via various (abiotic and biotic) mechanisms, i.e., competitive binding to 

positively charged sites on clays and metal oxides, phosphatase activity, etc.347,348.  

Various P sorption indicators have been investigated to describe soil P dynamics, including P buffering 

capacity (PBC)17,110, P buffering index (PBI)109, P sorption capacity (PSC)104,349, degree of P saturation 

(DPS) index350,351, etc. Daly et al. (2015)18 and Dunne et al. (2021)90 found that P sorption maximum 
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capacity (Smax, mg·kg-1) and binding affinity (k, L·mg-1)  determined using the Langmuir isotherm 

equation can describe the mechanisms of P sorption dynamics for a range of Irish grassland soils 

derived from different parent materials.  

In Ireland, current recommendations for fertiliser P use are based on soil P indices based on Morgan’s 

P (Soil P Index System): 1 (deficient), 2 (low), 3 (agronomic optimum) and 4 (excessive), guiding ‘build-

up’, ‘maintenance’ and ‘draw-down’ practices5 (Table 2-1). However, the Soil Index system for P 

management does not take P sorption processes or other controlling factors into account352. For 

example, the labile-P fixed through the adsorption phenomenon with oxides of Fe and Al (of clay 

fraction) is not captured.  

Table 2-1. The P Index system for agronomic advice depends on the amount of available P in soil, 

extracted by Morgan’s solution (10% sodium acetate at pH 4.8)353.  

Soil P Index 
Soil P Ranges (mg·L-1) 

 Index Description Response to Fertilisers 
 Grassland crops Other crops 

1  0.0 - 3.0 0.0 - 3.0  Very Low Definite 

2   3.1 - 5.0 3.1 - 6.0  Low Likely 

3  5.1 - 8.0 6.1 - 10.0  Medium Unlikely/Tenuous 

4  Above 8.0 Above 10.0  Sufficient/Excess None 

The aim of this study was to improve decision support tools for fertiliser P management. To achieve 

this, soil P sorption behaviour was integrated with traditional soil P testing and agronomic indices to 

strengthen P management recommendations. Soil P behaviour was described by the Langmuir 

sorption parameters, P sorption maximum capacity (Smax, mg·kg-1) and binding affinity (k, L·mg-1) in 

a large population of Irish soils. Sorption values were examined alongside other attributes to derive 

classes of sorption behaviour that could be coupled with traditional agronomic P indices commonly 

used to guide fertiliser applications.   
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2.2 Materials and methods 

2.2.1 Soil archive 

Mineral topsoil samples (5-20cm depth, loss-on-ignition ≤ 20%) from agricultural lands used in this 

thesis are from the Terra Soil project (https://www.gsi.ie/en-ie/programmes-and-

projects/tellus/projects/terra-soil/Pages/default.aspx) (Figure 2-2). It is a joint research effort 

between Geological Survey Ireland and Teagasc, with samples collected through the Tellus 

Programme (https://www.gsi.ie/en-ie/programmes-and-projects/tellus/Pages/default.aspx), funded 

by the Department of the Environment, Climate and Communications. Tellus is a national programme 

(2011 – 2024) that collects geochemical and geophysical data across the island of Ireland 

(https://arcg.is/i954j). A total of over 42,000 samples from 20,660 different locations were collected 

at a typical density of one site per 2 × 2 km (4 km²) in rural areas and at a density of one site per square 

kilometre (1 km²) in the peri-urban areas of Dublin and Galway. Five composite samples were collected 

per site within a 20 m² square grid354. Samples were dried at 30°C, disaggregated and sieved to 2 mm. 

Chemical (e.g., Mehlich-3 tested aluminium, calcium, cobalt, copper, iron, magnesium, potassium, and 

phosphorus; Morgan’s tested potassium and phosphorus; cation-exchange-capacity; loss-on-ignition, 

etc.) and physical properties (e.g., particle size, bulk density) of samples were examined355. These 

datasets are available at GSI (2025a, 2025b)356,357. 

Non-peat samples were selected using a geospatially random approach in GIS, and a total of 984 

samples remained in the archive for this study358. As the archived soil samples were also used for other 

projects, a total of 876 samples (<2mm) with more than 2g remaining were available for isothermal 

equilibrium tests. After excluding samples with from non-agricultural land uses, including rural 

settlements (e.g., golf course, parks, playing fields, and roads/verges), dunes, mixed woodlands, and 

forests, 769 samples remained. In this work, a total of 747 mineral soil samples (with organic matter 

content determined by loss-on-ignition ≤ 20%) showing a strong and reliable fit to the Langmuir 

https://www.gsi.ie/en-ie/programmes-and-projects/tellus/projects/terra-soil/Pages/default.aspx
https://www.gsi.ie/en-ie/programmes-and-projects/tellus/projects/terra-soil/Pages/default.aspx
https://www.gsi.ie/en-ie/programmes-and-projects/tellus/Pages/default.aspx
https://arcg.is/i954j
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equation (R²  ≥ 0.90) were considered to have accurate and consistent sorption data, and their 

parameters were used for subsequent analyses.  

All sample preparation and analysis were carried out in accordance with the Tellus programme prior 

to this study355. The existing soil library, summarised in Table 2-2, includes measurements of organic 

matter content (by loss-on-ignition)113, soil pH (calcium chloride slurry method)113, particle size 

distribution (clay <0.002 mm, silt 0.002–0.05 mm, sand 0.05–2 mm)358, and soil texture class (UK-ADAS 

system)358. Elemental data comprise Morgan’s P113 and Mehlich-3 extractable phosphorus (M3-P)113, 

aluminium (M3-Al), iron (M3-Fe), and calcium (M3-Ca). Total concentrations of phosphorus and 

aluminium were determined by inductively coupled plasma mass spectrometry (ICP-MS) following 

aqua regia digestion (ICPar-P and ICPar-Al)113. 

Figure 2-2. Map of the 1,000 samples randomly selected from Tellus Soil Project (10,000 samples) 

(non-peat sites). 
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Table 2-2. Summary statistics of general soil properties of the agricultural mineral soil samples (n = 

747) archived from the Tellus programme113,359. 

Soil properties Min Max Median Mean 

pH (CaCl2) 3.50 8.15 5.60 5.69 

LOI (%) 2.46 20.00 10.65 11.06 

M3-Al (mg·kg-1) 0.17 1572.33 755.14 750.12 

M3-Ca (mg·kg-1) 2.50 41609.22 1603.32 2162.72 

M3-Fe (mg·kg-1) 2.50 718.95 322.27 324.61 

M3-P (mg·kg-1) 0.97 340.81 46.85 56.10 

Morgan’s P (mg·L-1) 0.71 107.00 4.18 6.05 

ICPar-P (mg·kg-1) 120.00 3700.00 840.00 892.36 

Sand (w/w %) 10.00 99.00 37.00 38.52 

Silt (w/w %) 0.00 65.00 38.00 37.65 

Clay (w/w %) 1.00 53.00 24.00 23.83 
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2.2.2 P sorption isotherms 

P sorption isotherm analysis was conducted using the standard batch technique by Nair et al. (1984)360 

and Pautler and Sims (2000)361. Electrolyte solution with calcium chloride (CaCl2) concentration of 0.01 

mol·L-1 was made by dissolving CaCl2 in Milli-Q water. The standard monopotassium orthophosphate 

stock solution (500 mg·L-1 KH2PO4) was prepared in a volumetric flask by dissolving KH2PO4 in the 

electrolyte solution. The phosphorus working solutions (0, 5, 10, 15, 20, 25, 50 mg P·L−1) was prepared 

by direct dilution in volume flasks (1.0 L) of the P stock solution with electrolyte solution and two drops 

of Chloroform (to inhibit microbial activity). 30 mL of phosphorus working solution and 2.0 g (± 0.1 g) 

soil were placed into a 50-ml centrifuge tube and shaken in an end-over-end shaker (Heidolph Reax 

overhead shakers - REAX 20/12) at 4 rpm for 24 hours at room temperature. The soil suspension was 

filtered through Whatman 2 filter papers. The filtrate was further colourimetrically analysed by 

(Gallery™ Plus) (Figure 2-3).  

The total amount of P sorbed (S, mg kg-1) was calculated by the difference of P concentration between 

the initial solution (C0, mg·L-1) and in the filtrate (Ce, mg·L-1), as described in the following (Equation 

2-1. Langmuir isotherm model was used to describe P dynamics, P sorption maximum capacity (Smax, 

mg·kg-1) and binding affinity (k, L·kg-1) with the following (Equation 2-2). 

S = (C0 − Ce) ×
V

m
, (Equation 2-1) 

where V (L) is the volume of solution, and m (kg) is the mass of soil. C0 (mg·L-1) is the initial 

concentration of the P stock solution. Ce (mg·L-1) is the concentration of P in the solution after 24 

hours of equilibration on the end-over-shaker. 

Ce

S
=

1

kSmax
+

Ce

Smax
, (Equation 2-2) 

where Smax (mg·kg-1) is the maximum sorption of P, and k is a binding affinity constant (L·kg-1). The 

linear form of the Langmuir equation describes a linear relationship between 
𝐶𝑒

𝑆
 and Ce. From this 

relationship, the slope (
1

Smax
) is used to calculate the maximum P sorption capacity (Smax = 

1

slope
), 
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while the intercept (
1

k∙Smax
) is used to estimate the P binding affinity constant (k = 

1

Intercept∙Smax
 = 

Slope

Intercept
). 

Analytical replicates were not performed for the sorption isotherm experiments primarily due to the 

large number of soil samples, the shared use of laboratory facilities, and the broad concentration 

range (0 to 50 mg·P·L⁻¹) included in the experimental design. The concentration range and analytical 

procedures employed have been previously validated in replicated studies, confirming the 

reproducibility and robustness of the method. While analytical replication is valuable for quantifying 

random variability and detecting potential systematic errors, the present study aimed to extend the 

application of this validated approach across a large and diverse soil dataset. In future work, 

incorporating analytical replicates where feasible would be valuable for further assessing 

measurement uncertainty and improving methodological comparability. 

Figure 2-3. Schematic diagram of isothermal batch extraction steps. 
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2.2.3 Statistical analysis 

All statistical analyses and figures drawn (ggplot2 package) were conducted using R version 4.2.1 (R 

Core Team, 2022). Spearman's rank correlation coefficients (rs-values) (package Hmisc in R) and 

Principal Component Analysis (PCA) (package factoextra in R) were used for the dimensionality 

reduction of the original dataset362. A two-piece segmented regression examined the relationships 

between Smax and the M3-Al (package segmented in R)363,364. The coefficient of determination (R²) 

was used to evaluate the goodness of fit of the segmented regression across the full dataset. The 

Wilcoxon rank-sum/Mann-Whitney test was used for the P dynamics classification comparisons365.  

2.3 Results  

2.3.1 Descriptive statistics for soil data 

All samples (n = 747) were classed as mineral agricultural soils (LOI% ranged from 2.46 to 20.00 %). A 

‘total’ P concentration for soil ICPar-P ranged from 120 to 3700 mg·kg−1. Plant-available P tested by 

Morgan’s solution resulted in a smaller range of 0.71 to 107 mg·L-1. According to the soil P Index based 

on Morgan’s extractable P, 28%, 33%, 20% and 19% of the soil samples were classified as P Index 1, 

Index 2, Index 3 and Index 4, respectively. Soil tests for plant-available P were measured using the 

Mehlich-3 extractant, a stronger extraction reagent than the Morgan’s P solution. The extractable M3-

P test ranged from 0.97 to 340.81 mg·kg−1.   

2.3.2 Isotherm results  

The linear version of the Langmuir model provided a fit for the soils in this study (R2 ≥ 0.90). The 

calculated Langmuir P sorption parameters were described following soil P indices (Table 2-3, Figure 

2-4). The Langmuir parameter of P sorption maximum capacity, Smax, ranged from 81.31 to 1041.30 

mg·kg-1 with a median value at 564.54 mg·kg-1; and binding affinity, k, ranged from 0.02 to 2.49 L·mg-

1 with a median value at 0.45 L·mg-1.  
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The relationship between the Langmuir parameters Smax and k is shown in Figure 2-5, where a higher 

maximum P sorption capacity generally corresponds to a greater P binding affinity. In this study, Smax 

was selected as the representative indicator of P sorption behaviour, as it reflects the overall sorption 

capacity and is less sensitive to experimental variability than the affinity constant k. 

 

Figure 2-4. Comparison of Langmuir parameters among soils classified by soil P indices based on 

Morgan’s extractable P. 

Table 2-3. Statistical summary of the Langmuir parameters (Smax, mg·kg-1 and k, L·mg-1) according to 

the soil P indices based on Morgan’s extractable P.   

Soil P index n 

Langmuir parameters 

Smax (mg·kg-1) k (L·mg-1) 

Range 

(Min - Max) 
Median 

Range 

(Min - Max) 
Median 

Index 1 210 346.88 - 1041.30 613.29 0.08 - 2.49 0.61 

Index 2 247 288.37 - 940.03 555.19 0.11 - 2.46 0.45 

Index 3 150 285.68 - 869.60 547.72 0.05 - 1.93 0.42 

Index 4 140 81.32 - 884.49 501.20 0.02 - 1.42 0.34 
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Figure 2-5. The relationship between Smax and k. 

2.3.3 Reduction of the dimensionality of soil property information  

Spearman’s rank correlation coefficients (due to non-parametric) were used to select the soil 

attributes that significantly influence P sorption behaviour (Langmuir parameters of Smax and k-values) 

(Table 2-4). Morgan’s extractable P values were inversely correlated with both of the Langmuir 

sorption parameters, Smax (rs = −0.65, P < 0.05), k (rs = −0.74, P < 0.01). Whereas M3-Al provided 

strong positive correlations with Smax (rs = 0.85, P < 0.05) and k (rs = 0.95, P < 0.001). The correlation 

scatter plots in Figure 2-6 further illustrate the relationships among the Langmuir parameters and the 

screened soil properties, showing that both parameters were strongly associated with soil organic 

matter and M3-Al, while inversely related to Morgan’s extractable P.  

Principal component analysis (PCA) was also applied to ascertain the dimensionality reduction of the 

original dataset. After Spearman's rank correlations and PCA, a biplot for the selected featured soil 

properties is presented in Figure 2-7. 
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Figure 2-8 depicts the raw P sorption isotherms according to the (a) soil P Index system and (b) M3-Al 

gradients. Visual assessment of Figure 2-8 (a), Index 1 soils (depicted as green isotherms) were 

predominantly distributed at the top, and Index 4 soils (depicted as red isotherms) were 

predominantly distributed at the bottom. In Figure 2-8 (b), higher M3-Al concentrations corresponded 

with higher Smax values.  
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Table 2-4. Spearman's rank correlation matrix of rs-values significant at P = 0.05 derived from soil pH, % loss-on-ignition (LOI%), Mehlich-3 extractable P, Al, 

Fe, and Ca (mg·kg-1), Morgan's P (mg·L-1), ICPar-P (mg·kg-1), total sand, silt, clay percentage (%), and soil P sorption parameters included Langmuir sorption 

maximum capacity (Smax, mg·kg-1) and binding affinity (k, L·mg-1). NS denoted non-significant correlation at P = 0.05.

  Smax k pH LOI  M3-Al  M3-Ca M3-Fe M3-P Morgan's P ICPar-P Sand Silt Clay 

Smax 1 
            

k 0.91 1 
           

pH -0.72 -0.89 1 
          

LOI  0.92 0.77 NS 1 
         

M3-Al  0.85 0.95 -0.91 0.65 1 
        

M3-Ca -0.59 -0.74 0.81 NS -0.88 1 
       

M3-Fe 0.79 0.80 -0.87 0.6 0.88 -0.82 1 
      

M3-P NS NS NS NS NS NS NS 1 
     

Morgan's P -0.65 -0.74 0.71 NS -0.69 0.66 -0.57 NS 1 
    

ICPar-P NS NS NS 0.56 NS NS NS NS NS 1 
   

Sand NS NS NS NS NS NS NS NS NS NS 1 
  

Silt NS NS NS NS NS NS NS NS NS NS -0.86 1 
 

Clay 0.6 NS NS 0.7 NS NS NS NS NS NS -0.90 0.64 1 
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Figure 2-6. Correlation scatter plots summarising the relationships between the Langmuir 

parameters and the screened soil properties. 
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Figure 2-7. PCA biplot. Samples coloured by Langmuir Smax values (ranged from 81.32 to 104.30 

mg·kg-1). The Smax values on the first principal component (PC1) tended to increase from left (PC1 

< 0) to right (PC1 > 0). The angles between the vectors indicated how the soil properties correlated 

with each other, with a 90° angle indicating no correlation between two soil properties.  



 82 
 

 

 

Figure 2-8. P sorption isotherms for the mineral samples from agricultural used lands depicted following (a) Morgan’s P index system: Index 1 (green), Index 

2 (blue), Index 3 (orange), and Index 4 (red) isotherms; (b) soil extractable Mehlich-3 extractable Al gradients. The parameter C (mg·L-1) is the final 

concentration of P after equilibration, and S (mg·kg-1) is the amount of P sorbed after equilibration.  
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2.3.4 Phosphorus sorption dynamics classification into ‘low’ and ‘high’ capacity 

2.3.4.1 Principal Component Analysis 

Principal component analysis, excluding Langmuir sorption parameters (Smax and k), was applied to 

the dataset to avoid overfitting. PC1 explained 32.97% of the variation in the data. When samples 

were coloured by a gradient of Smax values, although no clear groups for soil P sorption behaviour 

were clustered, PC1=0 roughly separated Smax into ‘low’ and ‘high’ ranges. To the left of PC1 (PC1 < 

0), samples were more likely to have a high P sorption maximum, whereas to the right of PC1 (PC1 > 

0), samples were more likely to perform at a low Smax values (Figure 2-9 [a]).  

Figure 2-9 (b) presents a scatter plot of PC1 versus Smax. A linear relationship was observed. Results 

for the model, Smax = a + (b x PC1), are shown in Table 2-5. PC1 explained 35% of the variation in 

Smax and was negatively correlated. When PC1 = 0, the threshold value for P sorption behaviour, 

denoted as ‘SmaxT1’, was identified at Smax = 566.94 (± 8.45) mg·kg-1. Soils with Smax values above 

SmaxT1 were classified as ‘high’ P sorption capacity (SHPC1). Otherwise, soils with Smax < 566.94 mg·kg-

1 were classified as ‘low’ P sorption capacity (SLPC1). Median Smax and k values in SLPC1 soils were 

464.34 mg·kg-1 and 0.36 L·mg-1, respectively. Median Smax and k values in SHPC1 soils were 669.84 

mg·kg-1 and 0.63 L·mg-1, respectively (Table 2-6). Wilcoxon rank-sum tests (non-normality) were 

carried out to test for significant differences in medians of the P dynamics between the two P dynamics 

subgroups. P-values for Smax (W = 0, P < 0.001) and k (W = 23532, P < 0.001) between the SLPC1 and 

SHPC1 were significant.  
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Figure 2-9. (a) Principal component 1 (PC1) explained 32.97% of the variation in the data. It was constructed from the following weighted soil attributes: 

PC1 = 0.5pH – 0.24LOI – 0.49M3-Al + 0.46M3-Ca – 0.4M3-Fe – 0.16M3-P + 0.23Morgan’s P – 0.05Clay. (b) Relationship between PC1 and Langmuir P sorption 

maximum capacity (Smax) for mineral soil samples (R² = 0.35). When PC1 = 0, Smax = 566.94 (± 8.45) mg·kg-1. Samples are coloured by Smax gradients. 
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Table 2-5. Parameter estimates derived from the (i) Smax against PC1 linear regression and (ii) Smax against Mehlich-3 soil extractable Al (M3-Al) segmented 

regression fitted to the mineral soil data from agricultural used lands (n =747). Thresholds (SmaxT1 and SmaxT2) for maximum P sorption (Smax, mg·kg-1) are 

highlighted in bold, below and above which P sorption behaviour differed significantly. 

  Estimate Standard error t-value P 

95% confidence limit 

    Lower Upper 

Figure 2-5 [b] 

 Intercept 566.96 4.30 131.75 <0.0001 558.52 575.41 

 Slope -52.56 2.65 -19.82 <0.0001 -57.76 -47.35 

 Value of Smax at PC1 = 0 (SmaxT1) 566.96 4.30 131.75 <0.0001 558.52 575.41 

Figure 2-6 

 Intercept 467.18 15.60 29.95 <0.0001 451.58 482.78 

 Slope 1 -0.03 0.05 -0.69 0.49 -0.12 0.06 

 x = c 542.72 34.88 15.56 <0.0001 474.24 611.20 

 Value of Smax at change-point (SmaxT2) 450.03 14.53 31.00 <0.0001 421.77 478.82 

 Slope 2 0.48 0.02 22.54 <0.0001 0.41 0.49 
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Table 2-6. Summaries of the Langmuir sorption parameters for soils classified into ‘low’ and ‘high’ sorption dynamics according to SmaxT1 and SmaxT2, derived 

by PCA and segmented analysis, respectively. 

P dynamics 

classification threshold 

P sorption 

subgroups 
n 

Langmuir parameters 

Smax (mg·kg-1) k (L·kg-1) 

Range 

(Min-Max) 
Median P-value 

Range 

(Min-Max) 
Median P-value 

SmaxT1 = 566.94 mg·kg-1 
SLPC1 376 81.32 - 566.92 464.34 W = 0 

P < 0.001 

0.04 - 0.84 0.36 W = 23532 

P < 0.001 SHPC1 371 567.01 - 1041.30 669.84 0.02 - 2.49 0.63 

SmaxT2 = 450.03 mg·kg-1 
SLM3-Al 154 81.32 - 447.96 387.02 W = 0 

P < 0.001 

0.05 - 0.71 0.33 W = 19156 

P < 0.001 SHM3-Al 593 450.27 - 1041.30 603.79 0.02 - 2.49 0.51 
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2.3.4.2 Segmented regression analysis  

M3-Al was the most dominant soil property influencing soil P sorption behaviour (Figure 2-7). A 

nonlinear relationship was observed in the scatter plotted M3-Al versus Smax. A broken-line 

regression model (package ‘segmented’ in R) was used to account for the piecewise linear 

relationship363,364. In Figure 2-10, a broken-line regression (R2 = 0.49) was fitted to Smax and M3-Al, 

and a significant breakpoint (P < 0.001) was found at M3-Al concentration of 542.72 (± 34.88) mg·kg-

1, above which Smax in soil increased linearly with increasing M3-Al (slope 2 = 0.48, P < 0.001). 

Parameter estimates for this relationship are presented in Table 2-5.  

M3-Al explained more variation in Smax compared to PC1. In accordance with the breakpoint for M3-

Al acting on Smax, the threshold for P sorption behaviour classification was defined at Smax= 450.03 

(± 14.53) mg·kg-1, above which soils were classified as ‘high’ P sorption capacity (SHM3-Al) soils, 

otherwise (Smax < 450.03 mg·kg-1) soils were classified into ‘low’ P sorption capacity (SLM3-Al) soils. 

Median Smax and k values of SLM3-Al were 387.02 mg·kg-1 and 0.33 L·mg-1, respectively. Median Smax 

and k values of SHM3-Al were 603.79 mg·kg-1 and 0.51 L·mg-1, respectively. Significant differences (P < 

0.001) in P sorption behaviour were tested between SLM3-Al (n = 154) and SHM3-Al (n = 593) (Table 2-6).   
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Figure 2-10. A broken-line regression was fitted between M3-Al (mg·kg⁻¹) and Langmuir maximum 

sorption capacity (Smax, mg·kg⁻¹) for mineral soils. Samples are colour-coded by Smax gradients. 

The red dot represents Smax behaving breakout, located at M3-Al = 542.72 mg·kg-1 and Smax = 

450.03 mg·kg-1. Soils with Smax < 450.03 mg·kg-1 were classified as SLM3-Al (n = 154), and soils with 

Smax ≥ 450.03 mg·kg-1 were classified as SHM3-Al (n = 593). 



 89 
 

2.3.5 Coupling P sorption dynamics classes with the soil P indices   

The P dynamics classes based on Smax = 450.03 mg·kg-1 (change-point derived from segmented 

regression with M3-Al) described above were significant in exploring soils with ‘low’ and ‘high’ P 

sorption capacity. Combining the P dynamics classification with the P Index System, Figure 2-11 

presents the median values of (a) Smax and (b) k for SLM3-Al and SHM3-Al soils at each soil index. Large 

vertical gaps between SHM3-Al soils (red solid lines) and SLM3-Al soils (blue dashed lines) were observed, 

suggesting that the Langmuir sorption parameters (Smax and k) between SLM3-Al and SHM3-Al also 

differed significantly across soil P indices. Summary statistics of soil sorption capacity comparison 

between SLM3-Al and SHM3-Al soils for each soil P index is listed in Table 2-7.  

The P saturation status affected P behaviour differently between the SLM3-Al and SHM3-Al soils (Figure 

2-11). For the SLM3-Al soils, P sorption dynamics were less affected by soil P status; no statistically 

significant differences were found among different soil P indices. However, for the SHM3-Al soils, the 

Smax and k values were lower at higher P indices. Index 1 SHM3-Al soils had the highest P sorption 

capacity (median values for Smax = 621.76 mg·kg-1 and k = 0.63 L·mg-1). Index 4 SHM3-Al soils had the 

lowest sorption capacity (median values for Smax = 572.71 mg·kg-1 and k = 0.37 L·mg-1). For P-deficient 

SHM3-Al soils, Index 1 soils showed significantly higher Langmuir sorption parameters than Index 2 soils, 

with median Smax values of 621.39 vs. 593.89 mg·kg⁻¹ and k values of 0.64 vs. 0.49 L·kg⁻¹. 

A modified P Index system (Table 2-8) integrates P sorption capacity classifications with the original 

soil P Index to enhance the characterisation of soil P behaviour. A spatial distribution of the classified 

high- and low-sorbing soil samples based on their sampling locations is shown in Figure 2-12. While 

this map visualises the sampling coverage of sorption classes, it does not represent continuous spatial 

variation in soil P sorption capacity. To better understand field- and landscape-scale patterns, the 

application of GIS-based spatial interpolation or predictive modelling to generate continuous maps of 

P sorption capacity is recommended for future studies345. 
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Figure 2-11. Median values of Langmuir parameters of (a) Smax and (b) k under the soil P Index system for SLM3-Al (blue dashed line, n = 154) and SHM3-Al 

(red solid line, n = 593) subgroups. Error bars represent 95% confidence intervals. Soil P sorption behaved significantly differently between the SLM3-Al and 

SHM3-Al subgroups at each Morgan’s P index. In the horizontal comparison, no significant difference was observed in the Langmuir parameter Smax or k of 

the SLM3-Al soils under different Morgan P indices (blue dashed lines); while in the SHM3-Al soils, although indices 2 and 3 soils had the same Smax and k 

values, the Smax and k values of Index 1 soils were significantly higher than those of Index 4 soils. 

 



 91 
 

Table 2-7. SLM3-Al and SHM3-Al in accordance with soil P indices based on Morgan’s extractable P. 

Soil P 
index 

n 

Langmuir parameters 

Soil pH LOI (%) 
Clay 

(w/w %) 

Morgan's 
P 

(mg·L-1) 

Mehlich-3 information 

Smax 

(mg·kg-1) 

k 

(L·mg-1) 
M3-Al (mg·kg-1) M3-Fe (mg·kg-1) M3-Ca (mg·kg-1) M3-P (mg·kg-1) 

Median Median Median Median Median Median Median Median Median Median 

P sorption sub-group: SLM3-Al (Smax < 450.03 mg∙kg-1) 
 

1 19 388.09 0.36 5.70 6.57 20.00 2.37 651.32 240.35 1418.11 25.68 

2 47 397.21 0.33 6.00 6.64 22.00 3.83 609.00 243.56 1897.24 35.68 

3 37 388.97 0.33 6.20 6.44 24.00 6.19 584.50 224.36 1969.85 49.10 

4 51 364.80 0.32 6.20 7.37 18.00 12.2 527.23 268.02 2208.95 74.50 

P sorption sub-group: SHM3-Al (Smax ≥ 450.03 mg∙kg-1) 
 

1 191 621.39 0.63 5.35 11.10 26.00 2.35 881.59 309.48 1314.53 27.61 

2 200 593.89 0.49 5.40 11.07 24.00 3.88 818.88 338.96 1449.91 49.08 

3 113 607.78 0.47 5.53 12.50 25.00 6.09 818.37 353.92 1639.21 67.68 

4 89 575.57 0.36 6.00 12.30 25.00 10.70 736.64 353.03 2254.59 100.74 
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Figure 2-12. Spatial distribution of classified SLM3-Al and SHM3-Al soil samples based on sampling locations. Panels (b.1–b.4) show the distribution of sorption 

classes within each soil P Index (1–4). 
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Table 2-8. Modified soil P Index integrating P dynamics classification. 

Soil P 

Index 

Soil P Ranges (mg·L-1) 
Index 

Description 

P 

dynamics 

classes 

Response to Fertilisers and Soil Management 

Advice based on sorption category  
Grassland 

crops 

Other 

crops 

1 0.0 - 3.0 0.0 - 3.0 Very Low 

SLM3-Al Definite responses to P inputs.  

SHM3-Al 

Definite responses to P inputs, build up to 

target Index 3 will be take longer due to high 

P fixing and sorption capacities. Slower 

response to changes in P inputs compared to 

SLM3-Al soils. 

Split applications and liming can help to avoid 

P being locked-up.  

2 3.1 - 5.0 3.1 - 6.0 Low 

SLM3-Al Likely responses to P inputs.  

SHM3-Al 

Likely responses to P inputs. However, build 

up to target Index 3 will be take longer 

compared to soils in SL category. Similar soil 

management for soils in this scenario as Index 

1-SHM3-Al soils. 

3 5.1 - 8.0 6.1 - 10.0 Medium 
SLM3-Al & 

SHM3-Al 

Unlikely/Tenuous responses to P added. Little 

difference in P management between the 

SLM3-Al and SHM3-Al subcategories. Applications 

of P fertiliser to replace P removed. 

4 Above 8.0 
Above 

10.0 

Sufficient/ 

Excess 

SLM3-Al 

No P fertiliser should be applied. Water 

quality measures on these soils to decline to 

Index 3, P removal by crops should occur 

relatively fast. The low P binding affinity and 

high P status increases the risk of P losses 

where these soils interact with hydrological 

pathways. Landscape or critical source area   

management that slows water movement in 

these soils and help to decrease the risk for P 

losses. 

SHM3-Al 

No P fertiliser should be applied. P removal by 

crops and decline to Index 3 will occur slowly. 

Legacy P is likely to be a feature of these soils. 
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2.4 Discussion  

2.4.1 The classification of P dynamics   

In order to classify P sorption behaviour, both PCA (PC1 versus Smax) and segmented regression 

analyses (M3-Al versus Smax) were conducted separately. The threshold value derived from the PCA 

was Smax = 566.94 mg·kg-1, whereas a slightly lower value of Smax = 450.03 mg·kg-1 was derived from 

the segmented regression. The statistical analyses illustrated that the segmented regression (R2 = 0.49) 

had a higher coefficient of determination compared to the value obtained using PCA (R2 = 0.35) (Figure 

2-9 and Figure 2-10). The PCA results indicated that M3-Al (loading on PC1 = -0.45) was the 

predominant factor influencing the P sorption behaviour (loadings on PC1 = -0.44 for Smax, and -0.38 

for k) (Figure 2-7), in agreement with previous studies113,147. Based on these results, soil P sorption 

dynamics for Irish soils were classified into SLM3-Al and SHM3-Al using the Smax threshold (SmaxT2 = 

450.03 mg·kg-1) obtained from the segmented regression analysis using M3-Al.   

For the population of Irish soils in this study, a positive correlation between Smax and k was observed 

(rs = 0.88, P < 0.001), indicating that soils with higher P sorption maximum capacities were associated 

with more free sorption sites, enhancing P fixation and robust storage68,88,366,367. The rate of sorption 

can be understood from the shape of the sorption isotherms90. The SLM3-Al soils also contained less 

M3-Al, and their isotherms were predominantly distributed at the bottom in Figure 2-8 (b), with a 

gradual decrease in sorption with increasing added P (‘L strict-shaped’ concave isotherms). This 

implied that the SLM3-Al soils exhibited a slower rate of P sorption, compared to the SHM3-Al soils with 

higher M3-Al, whose isotherms were mainly located near the top of Figure 2-8 (b) (‘C-/L non-strict-

shaped’ isotherms), indicating of ‘fast rate’ sorption. Therefore, the SLM3-Al soils were characterised as 

soils with low maximum P sorption capacity and weak binding affinity (k values ranged from 0.05 - 

0.71 L·mg-1, median k = 0.33 L·mg-1). The SHM3-Al soils were characterised as soils with high maximum 

P sorption capacity and strong binding affinity (k values ranged from 0.02 - 2.49 L·mg-1, median k = 

0.51 L·mg-1) (Figure 2-11).  
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2.4.2 Low P sorption capacity soils (SLM3-Al)  

The SLM3-Al soil class described soils with inherently low sorption capacities. There were no significant 

differences in sorption values across soil P indices from deficient to excessive soil P levels, indicating 

that P sorption behaviour was not affected by soil P status (Figure 2-11, Table 2-7). In the SLM3-Al soils, 

the exchanges of P between the pools are likely to take place at a ‘fast rate’ because of fewer binding 

sites and lower capacity62. P-deficient SLM3-Al soils (Index 1 and 2) were likely to replenish the P-liable 

pool at the same ‘fast rate’ in response to P inputs in the ‘build-up’ phase. Similarly, on Index 4 soils 

where it was necessary to ‘draw-down’ excess P, SLM3-Al soils would also likely take a shorter time for 

STP to decline to an agronomic optimum value, compared to the SHM3-Al soils. However, due to low P 

sorption capacity and weak binding energies, there was less leeway for SLM3-Al soils. Good practices in 

P fertilisation are critical in protecting water quality from diffuse inputs (Table 2-8).  

2.4.3 High P sorption capacity soils (SHM3-Al) 

The SHM3-Al soil class described soils with inherently high sorption capacities and were also 

characterised by high k values. The exchange of P between the pools would likely take place at a ‘slow 

rate’. Soils in this class were characterised by more binding sites for labile-P, with greater capacity for 

storage.  However, Soil P status affected sorption behaviour in these soils. Within this class, there was 

a significant effect of P status on sorption values and SHM3-Al soils at high P status were observed to 

have relatively lower Langmuir Smax and k values, as shown in Figure 2-11 and Table 2-7. This is 

supported by previous studies that demonstrated weaker binding energies in P-saturated soils18,69. 

The P-deficient SHM3-Al soils had the highest Smax and k values, and compared to the SLM3-Al soils at 

similar P status, they would likely take longer to ‘build-up’ from deficient to optimum for plant 

availability and crop uptake of P. Furthermore, the Langmuir P sorption parameters of Index 1-SHM3-Al 

soils (median values of Smax = 621.39 mg·kg-1, k = 0.63 L·mg-1) were significantly higher than those of 

Index 2-SHM3-Al soils (median values of Smax = 593.89 mg·kg-1, k = 0.49 L·mg-1), indicating that Index 1 

soils were expected to be more aggressive in ‘locking-up’ the added P than Index 2 soils. Split 
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applications help to reduce the added P being locked-up62. Hall et al. (2023)113 mapped soils in the 

northern half of Ireland, and their results showed that large areas of low P index (Index 1 and 2) were 

overlain by soils with high P sorption characteristics (with high soil M3-Al). Therefore, adjusting soil 

pH, such as liming, becomes essential in improving P fertilisation efficiency69.  

 The ‘draw-down’ of the soil P Index from Index-4 to 3 is a water quality measure for agriculture under 

current legislation in Ireland (S.I. No. 113 of 2022 and S.I. No. 393 of 2022). The Index 4-SHM3-Al soils 

are expected to take longer to decline excess P than the Index 4-SLM3-Al soils owing to their greater 

capacity for storage and high binding energies. These soils are likely to hold Legacy-P amounts, which 

is a major concern for this group of soil in hydrologically active areas of the landscape. Soils with high 

legacy P sorbed to soil matrix are a significant threat to water quality because often traditional soil 

testing does not delineate their large sorption capacity from other soils368. Therefore, after separating 

Index 4 soils into SLM3-Al and SHM3-Al subgroups, regulations from policy provisions such as the Nitrates 

Action Programme and Water Framework Directive measures will be more effective. On the other 

hand, great agronomic and economic benefits can be gained from a good utilisation of legacy-P30,369,370. 

Farmers can grow crops with high P demand, such as potatoes, corn, hemp, etc., to help take up the 

excess STP.  

Differentiating soils of similar P status but different intrinsic P sorption capacities can inform site-

specific P management recommendations. This information can be incorporated into agronomic 

indices for P, as presented in Table 2-8. The existing P Index for Ireland is augmented with sorption 

categories to improve decision support for P management on soils by integrating the current soil P 

indices with the P sorption classes. Table 2-8 presents potential P management strategies that could 

be targeted at specific sorption categories under P deficient (Index 1, 2) and excess (Index 4) scenarios.  
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2.5 Conclusions and recommendations 

Extractable Al strongly influences soil P sorption behaviour in mineral agricultural soils in Ireland. The 

single-parameter segmented regression analysis with M3-Al (R2 = 0.49) defined a significant change-

point for Smax = 450.03 mg·kg-1. Based on which, soil P dynamics were classified into soils with Smax 

values below (SLM3-Al) and above (SHM3-Al) the threshold at Smax = 450.03 mg·kg-1. The classification for 

P dynamics successfully distinguished soils with inherently ‘low’ and ‘high’ P sorption capacities. 

Significantly different P sorption behaviour was observed between the SLM3-Al and SHM3-Al soils for each 

soil P index. SLM3-Al soils, with low Langmuir Smax and k values, are likely to have a ‘fast rate’ 

responding to P changes, whereas SHM3-Al soils are likely to act at a ‘slow rate’ and take longer before 

a response is observed. The implication arising from this work is that we can augment the agronomic 

P indices with sorption categories to improve decision support for P management on soils. A modified 

soil P index system is presented in Table 2-8. This allows for soil-type specific recommendations for P 

management on agricultural mineral soils;  

• Index 1- and 2-SHM3-Al soils (Definite/likely responses to P inputs at a ‘slow rate’): Split applications 

and liming can help to avoid P being locked-up. 

• Water quality policy needs to consider a separation between Index 4-SLM3-Al soils (‘fast rate’ of 

‘drawing-down’) and Index 4-SHM3-Al soils (‘slow rate’ of ‘drawing-down’). A modified P index 

system with soil P dynamics can help assess the risk of P loss and thereby mitigate its 

environmental impact.  

• Future research is suggested to investigate long-term field experiments to verify the response of 

soils classified as ‘low’ and ‘high’ P sorbing classes to P fertiliser amendments under growing 

conditions, and to calibrate these responses against crop yield and fertiliser recovery data to 

develop quantitative recommendations for farm nutrient management.
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Chapter 3  

Comparing the potential of benchtop and handheld mid-infrared 

spectrometers for predicting soil phosphorus sorption capacity and 

evaluating the influence of sample preparation2  

 
2 Part of this chapter has been accepted for publication. Manuscript details: 
Yang, S., White, B., de Santana, F.B., Hall, R.L., Daly, K., 2024. Comparing the potential of benchtop and 
handheld mid-infrared spectrometers for predicting soil phosphorus (P) sorption capacity and evaluating the 
influence of sample preparation. Spectrochim. Acta Part A Mol. Biomol. Spectrosc. 322, 124856. 
https://doi.org/10.1016/j.saa.2024.124856  

https://doi.org/10.1016/j.saa.2024.124856
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Abstract 

Purpose: Advice for phosphorus (P) fertilisation is typically based on extractive soil tests, without 

accounting for P sorption. However, traditional assessment by the Langmuir isotherm experiment is 

time-consuming, labour-intensive, and costly. The objective of this work was to overcome these 

limitations and accurately predict the isothermal parameter of P sorption maximum capacity (Smax, 

mg·kg-1) from MIR spectroscopy.  

Methods: The same soil samples from the Terra archive (Chapter 2) were used, with reference Smax 

values applied to classify them into ‘low’ and ‘high’ sorption capacity groups based on the threshold 

of 450.03 mg·kg⁻¹. This study developed MIR spectral libraries using both benchtop and handheld MIR 

spectrometers by scanning soil samples in two particle sizes, <0.100 mm (ball-milled) and <2 mm. 

Chemometrics and machine learning techniques, including partial least squares (PLS), Cubist, support 

vector machine (SVM) regression, and random forest (RF), were applied to the four spectral libraries 

and evaluated for predicting Smax. 

Results: Benchtop spectral libraries at both particle sizes yielded ‘excellent models’, with SVM 

achieving high Smax prediction accuracy (RPIQVal = 4.50 for ball-milled and 4.25 for <2 mm samples). 

In comparison, handheld spectral libraries exhibited higher noise and lower resolution. Ball-milled 

samples improved Smax prediction accuracy attributable to greater homogeneity, with the Cubist 

model on raw spectra achieving an ‘approximate quantitative model’ (RPIQVal = 2.74). However, for <2 

mm samples, the best-performing Cubist model achieved only a ‘fair’ performance (RPIQVal = 2.23), 

with potential to distinguish between ‘low’ and ‘high’ Smax classes. 

Conclusion: The results indicate that benchtop MIR spectroscopy can accurately predict Langmuir 

Smax without requiring ball-milling, demonstrating its potential as a rapid alternative for assessing soil 

P sorption capacity. In contrast, handheld MIR spectroscopy provides only approximate quantitative 

predictions for ball-milled samples, and for <2 mm samples, it is suitable only for classifying soils into 

low and high sorption capacity groups.
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Graphical abstract 

 

Figure 3-1. Graphical abstract for Chapter 3. 
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3.1 Introduction 

Soil phosphorus (P) requires rational management to support sustainable agricultural production and 

protect the environment. The Irish National Standard for agronomic P recommendations is based on 

the Soil Index System, with critical plant-available P indices determined by Morgan's reagent 

extraction371. To gain insight into soil P dynamics with different parent materials, the Langmuir 

parameters of P sorption maximum capacity (Smax, mg·kg-1) and binding affinity constant (k, L·mg-1) 

derived from Langmuir sorption isotherms can be highly effective18.  

In Chapter 2, the Langmuir parameter ‘Smax’ was identified as a discriminant for the differentiation 

of soils into two significantly different sorption behaviours, based on their intrinsic sorption capacity, 

namely (i) soils with low P sorption capacity (SL soils, Smax < 450.03 mg·kg-1), characterised by a ‘fast 

rate’ of P exchange between pools, and (ii) soils with high P sorbing capacity (SH soils, Smax ≥ 450.03 

mg·kg-1), where there is rapid P sorption to the soil particles and a ‘slow-rate’ of soil P build-up or 

draw-down. However, the routine chemical isotherm experiment is time-consuming, labour-intensive, 

generates chemical waste, and comes with financial costs. 

Mid-infrared spectroscopy (MIR, 4000 - 400cm−1 or 2500 – 25000 nm) is sensitive to molecular 

information and is well-established in the field of soil science. Combined with chemometrics/machine 

learning algorithms, MIR spectroscopy has been investigated as a rapid and cost-effective technique 

for estimating multiple soil properties simultaneously from a single spectrum145. Successful predicted 

soil properties include various forms of soil carbon, pH, cation exchange capacity (CEC), texture, 

nutrient content, etc.116. For example, soil organic components are related to absorbance between 

3100 -2800 cm−1, and studies have successfully used MIR spectroscopy to predict soil total carbon, 

organic carbon (OC), organic matter (OM) and bulk density (BD)154,298. Soil mineral components are 

related to the absorbance between 2600 - 1650 cm−1, where interpretation can enable good 

estimation of various soil mineral components, including extractable magnesium (Mg), calcium (Ca), 

aluminium (Al), etc.188,372. A summary of soil components with corresponding wavenumbers of spectral 
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absorption in the MIR regions can be found in Soriano-Disla et al. (2014)116 and Bachion de Santana 

and Daly (2022)145. 

Plant-available P, based on the principle of transitions in the vibrational and rotational states of a 

molecule, is not a spectrally active component in soils for absorbance detection by MIR191. Although 

studies showed poor prediction for plant-available P162,191,193,372, MIR spectra nonetheless contain 

useful information for predicting soil P sorption capacity that is highly correlated with SOC, clay 

mineralogy and CEC191,373,374. For example, Minasny et al. (2009)191 applied the Cubist algorithm to 

predict P sorption from MIR spectra, achieving a coefficient of determination (R2) of 0.79. Gruszczyński 

et al. (2022)375 predicted P sorption index using the generalised regression neural network model, 

achieving a R2 = 0.78. Ng et al. (2022)118 used memory-based learning and well predicted P retention 

using the New Zealand method (R2 = 0.89). Dunne et al. (2020)147 also found that Langmuir parameter 

of Smax can be calibrated to a satisfactory standard (R2 = 0.67) with MIR and used for rough screening.   

Advancements in portable MIR handheld Fourier-transform infrared (FTIR) spectrometer technology 

has made it feasible to shift MIR soil analysis from the laboratory to the field232. Additional benefits 

include enabling spatially dense on-site sampling and accelerating analysis times, as well as yielding 

cost benefits by eliminating the need for transportation and sample pre-treatment (i.e., drying and 

grinding)231. However, to the best of our knowledge, most studies of MIR spectroscopy in soil P 

dynamics focused on laboratory-prepared ball-milled samples using benchtop 

spectrometers118,147,191,192. Forrester et al. (2015)197 evaluated the performance of the handheld 

Agilent 4100 spectrometer in predicting soil P buffering index by partial least-squares regression (PLSR) 

cross-validation. In their comparison of MIR spectra obtained from both the benchtop (Perkin Elmer 

Inc., Waltham, MA, USA) and handheld (Agilent-4100) instruments, they observed a reduction in 

accuracy for PBI prediction with the handheld instrument (R² = 0.82) compared to the benchtop 

spectrometer (R² = 0.87). Nevertheless, the Agilent-4100 maintained a similar level of PBI prediction 

accuracy. Additionally, Forrester et al. (2015)197 investigated the impact of soil grinding on spectra 

from the benchtop spectrometer. Although a significant reduction in overall spectral intensity for 
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finely ground soil compared to unground soil, similar cross-validation models were identified for both 

sample pre-treatments, with R² values of 0.87 for finely ground soil and 0.89 for unground soil. 

However, the effect of soil heterogeneity on handheld spectroscopy was not addressed.  

The primary objective of this study was to assess and compare the performance of benchtop and 

handheld MIR spectrometers in predicting Smax values across a diverse range of agricultural mineral 

soils. Additionally, the study also aimed to evaluate the impact of sample particle sizes on the accuracy 

of Smax predictions using both benchtop and handheld MIR spectrometers, suggesting potential 

reductions in machinery costs and time associated with the elimination of grinding. To meet the 

objectives, soil samples were scanned with both spectrometers in two different particle sizes (i. dried, 

sieved; ii. dried, sieved, and ball-milled), resulting in four spectral libraries. The comparison of Smax 

prediction by the optimal chemometrics/machine learning algorithm across these different 

heterogeneous soil samples obtained from both spectrometers was conducted. Furthermore, the 

potential of the handheld MIR spectrometer to classify P sorbing classes was also investigated. Finally, 

this study also determined the most affordable and convenient method for understanding soil P 

dynamics based on the accuracy of Smax prediction from the four spectral libraries. 

3.2 Materials and methods 

3.2.1 Soil archive and reference analysis  

The same soil archive (www.tellus.ie, Geological Survey Ireland 2020), comprising 737 mineral topsoil 

samples (0.05–0.20 m depth) used in Chapter 2, was employed for spectral scanning. Owing to limited 

sample volume, ten <2 mm samples could not be scanned by both instruments, as 2 g of the <2 mm 

fraction had been used for chemical extraction (Section 2.2.2), resulting in 737 common samples 

across the four spectral libraries (Bruker-BM, Bruker-2 mm, Agilent-BM, and Agilent-2 mm).  

Soil samples were previously oven-dried at 40 °C and mechanically sieved to a size <2 mm before 

analysis. Soil P sorption capacity was previously assessed using routine Langmuir isotherms, as 

http://www.tellus.ie/
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summarised in Table 3-1. A proportion of the <2 mm samples were further ball-milled (with a single 

ball having a frequency of 23 times per second for a duration of 90 seconds) to a particle size nominally 

95% < 0.032 mm145. 

 

1 SL soils (defined as Langmuir parameter of Smax < 450.03 mg·kg-1) are low sorbing soils with low P 

maximum sorption capacity and weak binding affinity. 

2 SH soils (defined as Langmuir parameter of Smax ≥ 450.03 mg·kg-1) are high sorbing soils with high P 

maximum sorption capacity and strong binding affinity.   

Table 3-1. P sorption dynamics were described by P sorption maximum capacity (Smax, mg·kg-1) 

and soil-phosphate binding affinity (k, mg·L-1) from the routine Langmuir isotherm test. 

Langmuir parameters Range (min - max) Median Mean SD 

All mineral soil samples from agricultural land (n = 737) 

Smax (mg·kg-1) 81.32 - 1041.30   564.41 566.58 144.04 

k (L·mg-1) 0.02 - 2.49 0.45 0.55 0.35 

SL soils1 (n = 152) 

Smax (mg·kg-1) 81.32 - 447.96 387.02 373.72 68.87 

k (L·mg-1) 0.05 - 0.71 0.33 0.33 0.11 

SH soils2 (n = 585) 

Smax (mg·kg-1) 450.27 - 1041.30    602.27 616.69 112.80 

k (L·mg-1) 0.02 - 2.49  0.50 0.60 0.37 
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3.2.2 MIR spectral data acquisition  

The four MIR spectral libraries scanned using benchtop and handheld spectrometers for the ball-

milled and <2mm samples collected in this study are described in the following: 

3.2.2.1. Benchtop spectral libraries 

The benchtop spectrometer, Bruker FTIR INVENIO S® (Massachusetts, USA; hereafter ‘Bruker’), was 

operated in diffuse reflectance mode (DRIFTS) to collect MIR spectra from both ball-milled and <2 mm 

soil samples. The instrument was calibrated daily using a reference compound (acetaminophen, USP 

specification) before the first scan and again in the evening. Background spectra were acquired using 

a gold reference disk. Spectra were collected in the MIR range (4,000–600 cm⁻¹) at a resolution of 1.43 

cm⁻¹, with 32 scans averaged to maximise the signal-to-noise ratio.  

The obtained benchtop MIR spectral libraries are referred to as ‘Bruker-BM’ for ball-milled samples 

and ‘Bruker-2mm’ for <2 mm samples. 

3.2.2.2. Handheld spectral libraries 

The handheld Agilent 4300 FTIR spectrometer (Agilent Technologies, Inc., Santa Clara, CA, USA) was 

operated in diffuse reflectance mode (DRIFTS) to collect MIR spectra from both ball-milled and <2 mm 

soil samples, referred to as ‘Agilent-BM’ and ‘Agilent-2mm’, respectively.  

The handheld spectrometer was mounted on a stand in a benchtop configuration. Soil samples were 

placed in 10 mm stainless steel sample cups, and the surface was levelled using a razor blade. The 

spectrometer was lowered until the diffuse reflectance attachment made full contact, confirmed by a 

characteristic MIR soil spectrum on the real-time display. Spectra were collected with the MIR range 

of 4000–650 cm⁻¹ at a resolution of 4 cm⁻¹. A background scan was performed every 15 minutes using 

a gold reference disk. Each spectrum, recorded as pseudo-absorbance, was averaged from 32 scans 

and exported as a text file.  
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3.2.3 Pre-processing framework 

The reflectance MIR spectra from Bruker scans were converted to pseudo-absorbance, 

log(
1

Reflectance
). Reflectance MIR spectra from Agilent scans were automatically converted to pseudo-

absorbance by Agilent MicroLab software. Spectral regions showing atmospheric CO2 signals (2398–

2281 cm-1) were removed from the spectrum202. The spectral libraries pre-processing treatment 

framework is summarised in Figure 3-2. 

3.2.3.1 Benchtop MIR spectral pre-processing 

To preserve a broad range of soil properties, all samples (n = 737; Smax range: 81.32–1041.30 mg·kg⁻¹) 

were included in the chemometric and machine learning analysis. 

Four commonly used pre-processing algorithms for vibrational spectroscopy were applied separately 

to the raw Bruker-BM and Bruker-2mm spectral libraries,  including (i) standard normal variate (SNV), 

(ii) multiplicative signal correction (MSC), (iii) Savitzky–Golay smoothing with first derivative (SG-1), 

and (iv) second derivative (SG-2). Each pre-processing method was tested with partial least squares 

regression, and the optimal pre-processing algorithm was identified by the lowest cross-validation 

root mean squared error.  

3.2.3.2 Handheld MIR spectral pre-processing 

The same pre-processing steps in Section 3.2.3.1 were applied to the raw Agilent-BM and Agilent-

2mm spectral libraries (n = 737). However, to improve the accuracy of the regression modelling, 

additional pre-processing steps were applied, specifying: a) combination of pre-processing algorithms; 

b) detection and removal of outliers; c) trimming of noisy wavelengths (Figure 3-2). 

a). Optimal pre-processing algorithm selection 

The additional pre-processing algorithms investigated included: a combination of Savitzky-Golay 

simple smoothing (zero derivative, SG-0) and SG-1 (SG-0+SG-1); a combination of SNV and SG-1 
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(SNV+SG-1); and a combination of SNV, MSC and SG-1 (SNV+MSC+SG-1)376,377. The same 

determination was used in selecting the best pre-processing algorithm. 

b). Outliers detection and removal 

The detection of outliers were based on chemically unrepresentative samples and spectrally unusual 

samples378,379. Langmuir Smax distributions were examined by histogram and box-and-whisker plot. 

The whiskers were the highest and lowest Smax values that are not outside 1.5 times the interquartile 

range (IQR). Values outside the whiskers were referred to as ‘chemically unrepresentative outliers’ 

and not used. To identify spectral outliers, Principal Component Analysis (PCA) was carried out on the 

optimally pre-processed Agilent-BM and Agilent-2mm spectral datasets. Hotelling T2 and Q residues 

values were calculated. Hotelling T2-statistic index measured the variation of each sample within the 

PCA model  and the Q residuals shows samples with spectra peaks not contained in the calibration380. 

Samples with both Q residues and Hotelling T2 values above their critical values at a significance level 

of probability of 0.01 were considered outliers.  

c). Noise wavelengths selection and trimming   

The alternative noise regions were trimmed after the Variable Importance in Projection (VIP) filtering. 

Variable Importance in Projection (VIP) quantifies the contribution of a variable to the model by 

calculating the variance explained by each variable381. The most important wavenumbers were 

evaluated based on VIP scores calculated by the PLSR models. All wavenumbers with VIP scores higher 

than 1 (recommended threshold) were considered important. The soil components corresponding to 

the absorptions were summarised in (Bachion de Santana and Daly (2022)145.   
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Figure 3-2. A flow chart summarising the spectral pre-processing steps for Bruker and Agilent spectral libraries. 
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3.2.4 Regression models 

Samples in each spectral library were split into a calibration set (80%) and a validation set (20%) 

according to the Kennard-stone algorithm based on Mahalanobis distance (MDKS)382,383. This 

algorithm selects samples evenly across the spectral feature space, ensuring representative 

calibration coverage, while the remaining samples provide an independent and unbiased validation 

set. 

For each calibration set generated, a (i) partial least squares regression (PLSR), (ii) Cubist, (iii) support 

vector machines (SVM), and (iv) random forest (RF) was built and the validation set was predicted 

(Figure 3-2). PLSR is a linear multivariate regression model. Cubist, SVM (radial basis kernel function) 

and RF are non-linear multivariate regression models.  

The PLSR algorithm, regarded as the standard multivariate regression algorithm, is commonly used in 

MIR spectroscopy data analysis. The number of latent variables (LVs) used in the PLSR was determined 

by selecting the number of LVs that yielded the minimum value of the root mean square error of cross-

validation (RMSECV). In this study a 10-fold cross-validation was used. 

The Cubist algorithm is an extension of Quinlan’s M5 model tree. In the ‘IF - THEN - ELSE’ rule-based 

structure, samples are grouped into low variability trees based on their similarity. In this study, the 

optimum combination of the two important hyper-parameters (are ‘committees’ and ‘neighbours’) 

the grid search with 10-fold cross-validation. 

The SVM algorithm is a supervised, nonparametric, machine learning technique. The radial basis 

function (RBF) kernel is the most used in soil spectral libraries289,298. Applying the RBF kernel, hyper-

parameters of ‘Gamma’, ‘Cost’, and ‘Epsilon’ need to be optimized. In this study, the three hyper-

parameters were determined through grid search with 10-fold cross-validation. 

The RF algorithm is a decision-tree-based supervised machine learning method to reveal the 

relationship between Langmuir Smax and the corresponding spectral library316. Two-thirds of 

bootstrap samples within bag samples are chosen to construct each tree, and the remaining one-third 
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of out-of-bag (OOB) samples are utilised to estimate the model performance of the individual tree, 

resembling a cross-validation process. The three tuning hyper-parameters (‘mtry’, number of trees 

and minimum node size) were optimised by grid search with 10-fold cross-validation.  

3.2.5 Performance comparison between regression models 

The best-performing model was identified based on the simultaneous occurrence of a high coefficient 

of determination (R²; Equation 3-1), low root mean square error of prediction (RMSEP; Equation 3-2), 

high ratio of performance to interquartile distance (RPIQ; Equation 3-3), and high ratio of performance 

to deviation (RPD; Equation 3-4). 

R2 =
Vres(0)−RMSEP2

Vres(0)
 , (Equation 3-1) 

RMSEP = √
∑ (𝑦𝑖−𝑦𝑖̂)

2𝑛
𝑖=1

𝑛
 , (Equation 3-2) 

RPIQ =
IQR

RMSEP
 , (Equation 3-3) 

RPD =
SD

RMSEP
 , (Equation 3-4) 

where 𝑛 is the number of samples in the validation set,  𝑦𝑖  is the reference value and 𝑦𝑖̂  is the 

predicted value. IQR is interquartile range (𝑄3 − 𝑄1) of reference values. Vres(0) is the mean square 

error for the reference set (
∑ (𝑦𝑖−𝑦𝑖̂)

2𝑛
𝑖=1

𝑛
).  SD is standard deviation of the reference set (√

∑ (𝑦𝑖−𝑦̅)
2𝑛

𝑖=1

𝑛−1
), 

where 𝑦̅ is the mean value of the reference set. 

R2 and RPD metrics were taken together: ‘very reliable calibration’ is with R2 > 0.9 and RPD  > 3; 

‘reliable calibration’ is  with 0.7 ≤ R2 ≤ 0.9 and 1.75 ≤ RPD ≤ 3; ‘less reliable calibration’ is with  R2 < 0.7 

and RPD < 1.75. Result values of 0.5 ≤ R2 ≤ 0.7 and 1.4 ≤ RPD ≤ 2 were considered satisfactory for rough 

screening by Nduwamungu et al. (2009)384.  
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Using the RPIQ values, regression models can be classified using the thresholds proposed by Ludwig 

et al. (2017)385: “Excellent Model (EM)” with RPIQ > 4.05; “Good Model (GM)” with 3.38 ≤ RPIQ ≤ 4.05; 

“Approximate Quantitative Model (AQM)” with 2.70 ≤ RPIQ < 3.38; “Fair Model (FM)” (model can 

distinguishing between high and low values) with 2.02 ≤ RPIQ < 2.70; and “Non-Reliable Model (NRM)” 

for RPIQ < 2.02.  

3.2.6 Classification models 

Classification models were developed for spectral libraries where regression models failed to predict 

Langmuir Smax values reliably (Figure 3-2). The aim was to evaluate the extent to which a classification 

model can be used to discriminate between soils with low (SL)  and soils with high (SH) soil P dynamics 

classes.  

Given that the MDKS algorithm systematically encompasses spectral variations across all samples, the 

simulation of the proportion of SL and SH soils (SL: SH = 152: 585) involved partitioning SL and SH soils 

within each spectral library into training and test sets at an 80%:20% ratio, respectively. Therefore, 

the ultimate training dataset (n = 589) consisted of SL (n = 121) and SH (n = 468) soils, and the final 

gained test dataset (n = 148) consisted of SL (n = 31) and SH (n = 117) soils. For each calibration set 

generated, (i) PLS-DA, (ii) SVM, and (iii) RF classification models were built and the validation set was 

predicted. A detailed description of the listed machine learning techniques for classification algorithms 

can be found in the literature Wadoux et al. (2021)250. 

The procedure used to build the PLS-DA classification model was the same as that used for the PLSR. 

However, instead of using Langmuir Smax values as y-vectors, discrete variables (P sorbing classes of 

SL/SH) were used for each sample. SH soils were predicted as class 1 and SL soils were predicted as 

class −1.  

Similar to the SVM regression algorithm, SVM classification algorithm calculated a hyperplane to 

separate samples from the SL/SH classes using the RBF kernel. The optimisation of Cost function and 

Sigma hyper-parameters were performed with 10-fold cross-validation.  
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The procedure used to build the RF classification model was also the same as that used for the RF 

regression algorithm. Bagging randomisation consists of building each tree (classifier) using a 

bootstrap replica of the training set with replacement145. In this study, a grid search with 10-fold cross-

validation was performed to tune hyper-parameters (mtry, number of trees and minimum node size)  

to find the best model.  

3.2.7 Performance comparison between classification models 

The imbalance sample sizes for the SL (n = 152) and SH (n = 585) soil samples corresponded to the 

local soil characteristics7. Therefore, the metrics based on the confusion matrix used in this study 

included F1-score (Equation 3-5), Matthews correlation coefficient (MCC) (Equation 3-6)145, and 

Cohen's kappa coefficient (κ)  (Equation 3-7)386. TP (true positive) are the samples from the SH 

classified as samples from the SH class; TN (true negative) are the samples from the SL classified as 

samples from the SL class; FP (False positive) are samples from the SL classified as samples from SH; 

and FN (false negative) are the samples from SH classified as samples from SL class.    

𝐹1 score =
2

1

Precision
+

1

Recall

 , (Equation 3-5) 

where 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP

TP+FP
 ,  𝑅𝑒𝑐𝑎𝑙𝑙 =

TP

TP+FN
. Therefore, F1-score was calculated as 𝐹1score =

2×TP

2×TP+FP+FN
. 

MCC =
TP×TN−FP×FN

√(TP+FP)(TP+FP)(TN+FP)(TN+FN)
 , (Equation 3-6) 

MCC values vary from −1 to 1, with 1 indicating a completely accurate classification, 0 by random 

prediction, and negative values showing that the agreement is worse than random (− 1 by a 

completely inaccurate classification). 

κ =
2×(TP × TN − FN × FP)

(TP + FP)(FP + TN) + (TP + FN)(FN + TN)
 ,  (Equation 3-7)  
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κ values from −1 to 1, with 1 indicating complete agreement, 0 by chance agreement, and negative 

values showing that the agreement is worse than random. A higher variability of κ indicates that 

the performance of some machine learning techniques can be highly influenced by the imbalance 

in the number of observations belonging to the two classes 386. 

3.2.8 Data analysis 

All chemometrics were performed in RStudio with R-4.2.1. Regression models for PLS, Random Forest, 

Cubist and SVM were established by ‘pls (version 2.8-1)’, ‘randomForest (version 4.7–1.1)’, ‘Cubist 

(version 0.4.0)’, and ‘e1071 (version 1.7-11)’ packages for R, respectively. classification models for PLS-

DA, KNN and DT were established by ‘Caret (version 6.0-93)’, ‘DMwR (version 0.4.1)’, and ‘rpart 

(version 4.1.21)’ packages for R, respectively. ‘Caret (version 6.0-93)’ was used for cross-validation and 

hyper-parameter tuning. 

3.3 Results  

3.3.1 MIR spectra and qualitative description  

Following the framework shown in Figure 3-2 and based on pre-tests identifying the most effective 

pre-processing techniques (Table 3-2), spectra from the benchtop MIR spectrometer (Bruker-BM and 

Bruker-2mm) were pre-processed using the first derivative Savitzky-Golay smoothing algorithm (SG-1) 

with a window size of 11 and a second-order polynomial. Spectra from the handheld MIR 

spectrometer (Agilent -BM and Agilent -2mm) were pre-processed using a combination of simple 

smoothing and SG-1 (with a window size of 11 and a second-order polynomial) (SG-0/1).  

The four spectral libraries (Bruker-BM, Bruker-2mm, Agilent-BM, and Agilent-2mm) are shown in 

Figure 3-3 (raw spectra) and Figure 3-4 (pre-processed spectra). In both figures, each spectra was 

colour coded based on Langmuir Smax values (81.32 - 1041.30 mg·kg-1) to visualise the relationship 

between the spectra and the Langmuir Smax values. The Bruker-BM spectral library exhibited the 

lowest noise levels both before and after pre-processing, while Agilent-2mm showed a significantly 
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higher level of spectral noise. Compared to the benchtop spectrometer, the handheld device produced 

spectra with significantly higher noise. On both instruments, <2 mm samples resulted in poorer 

spectral quality than ball-milled samples, with reduced spectral features and greater baseline variation, 

which can be caused by the differences in radiation penetration and light paths due to the differences 

in particle sizes197.    

Table 3-2. Pre-processing algorithms were applied to each raw spectral library and evaluated using 

PLSR with cross-validation. The selected method with the lowest RMSECV and highest R²CV, RPDCV, and 

RPIQCV is shown in bold. 

Spectral library Pre-processing   R2
CV RMSECV RPDCV RPIQCV 

Bruker-BM 

SNV 0.85 55.60 2.59 3.68 

MSC 0.86 52.90 2.72 3.86 

SG-1 0.87 51.86 2.78 3.94 

SG-2 0.78 66.96 2.15 3.05 

Bruker-2mm 

SNV 0.83 58.84 2.45 3.47 

MSC 0.84 58.29 2.47 3.51 

SG-1 0.86 53.79 2.68 3.80 

SG-2 0.82 60.65 2.38 3.37 

Agilent-BM 

SNV 0.86 54.08 2.66 3.78 

MSC 0.84 57.02 2.53 3.58 

SG-1 0.67 83.06 1.73 2.46 

SG-2 0.69 80.46 1.79 2.54 

SG-0 + SG-1  0.88 50.44 2.86 4.05 

SNV + SG1 0.67 83.08 1.73 2.46 

SNV + MSC + SG1 0.67 82.93 1.74 2.46 

Agilent -2mm 

SNV 0.75 71.46 2.02 2.86 

MSC 0.75 72.16 2.00 2.83 

SG-1 0.69 80.32 1.79 2.54 

SG-2 0.68 81.92 1.76 2.50 

SG-0 + SG-1 0.84 57.23 2.52 3.57 

SNV + SG1 0.69 79.98 1.80 2.56 

SNV + MSC + SG1 0.69 79.67 1.81 2.57 
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Figure 3-3. Raw spectrograms of the four spectral libraries are plotted in the order of: a). Bruker-BM; b). Bruker-2mm; c). Agilent-BM; d). Agilent-2mm. The 

spectra are coloured in the reference of the Langmuir Smax (mg·kg-1) values.  
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Figure 3-4. Pre-processed spectral libraries coloured based on in the reference of the Langmuir Smax (mg·kg-1) values. a). SG-1 pre-processed Bruker-BM; 

b). SG-1 pre-processed Bruker-2mm; c). The combination SG-0/1 pre-processed Agilent-BM; d). SG-0/1 pre-processed Agilent-2mm. 
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3.3.2 Chemometrics/machine learning models for benchtop MIR spectral libraries  

For Bruker-BM and Bruker-2mm, the four chemometrics/machine learning regression models (PLSR, 

Cubist, SVM and RF) were developed. The model accuracy results are presented in Table 3-3. Using 

the raw benchtop MIR spectral libraries, the Cubist algorithm achieved the best RMSEP results for 

Smax prediction, with RMSEP = 46.46 mg·kg-1 for the ball-milled samples (Bruker-BM) and RMSEP = 

58.00 mg·kg-1 for seived-only samples (Bruker-2mm). These results correspond to a ‘Good Model’ for 

the ball-milled samples (RPIQVal = 3.57) and a ‘Fair Model’ for the <2 mm samples (RPIQVal = 2.40). 

After SG-1 pre-processing, the accuracy of spectral models using ball-milled and <2 mm soil samples 

increased significantly. As shown in Table 3-3, the SVM regression algorithm yielded the most accurate 

models for both the Bruker-BM (RMSEP = 43.07 mg·kg-1) and the Bruker-2mm spectral libraries 

(RMSEP = 50.90 mg·kg-1). Both Bruker-BM and Bruker-2mm achieved ‘Excellent Models’ for Smax 

predction (RPIQVal = 4.50 and 4.25 for Bruker-BM and Bruker-2mm), presenting minor differences in 

Figure 3-5.  

Therefore, it can be concluded that there were no differences in accuracy between the benchtop MIR 

spectra models built using ball-milled and <2 mm soils when evaluating Smax. Sieving soil samples to 

<2 mm was sufficient for the benchtop MIR spectrometer to predict Smax with a high prediction 

accuracy.  
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Table 3-3. Summary of the accuracy parameters for each model performing on the Bruker scanned 

spectral libraries. 

Spectral 
libraries 

No. Cal/Val. 
Regression 
modelling 
algorithms 

Calibration Validation 

R2
Cal RPDCal RMSEC RPIQCal R2

Val RPD Val RMSEP RPIQ Val 

RAW spectral libraries 

Bruker-BM 589/148 

PLSR 0.82 2.14 60.88 2.66 0.87 2.45 51.02 2.93 

Cubist 0.87 2.53 51.29 3.31 0.89 2.67 46.46 3.57 

SVM 0.83 2.08 60.11 2.84 0.89 2.40 48.91 3.34 

RF 0.67 1.32 83.33 1.81 0.82 1.68 62.18 2.37 

Bruker-2mm 589/148 

PLSR 0.77 1.81 70.23 2.33 0.76 1.78 64.51 2.12 

Cubist 0.87 2.47 52.11 3.26 0.81 2.00 58.00 2.40 

SVM 0.8 1.94 64.76 2.59 0.76 1.72 64.80 1.97 

RF 0.59 1.03 93.84 1.40 0.67 1.24 77.34 1.50 

SG-1 pre-processed spectral libraries 

Bruker-BM 589/148 

PLSR 0.69 1.50 80.11 1.99 0.81 1.68 64.43 2.66 

Cubist 0.81 1.95 63.35 2.68 0.87 2.32 51.91 3.47 

SVM 0.9 2.81 46.82 3.81 0.91 2.99 43.07 4.50 

RF 0.72 1.48 76.78 2.13 0.86 2.10 55.67 3.06 

Bruker-2mm 589/148 

PLSR 0.71 1.56 77.55 2.03 0.77 1.66 69.56 2.66 

Cubist 0.79 1.78 66.34 2.27 0.82 1.98 62.22 2.67 

SVM 0.89 2.77 47.28 3.74 0.88 2.82 50.90 4.25 

RF 0.66 1.21 85.00 1.69 0.80 1.73 65.87 2.32 

* Values in bold highlight the regression models with the best accuracy. 
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Figure 3-5.  Scatter plots showed the best regression algorithms for predicting soil Langmuir Smax 

on the raw and SG-1 pre-processed Bruker-BM and Bruker-2mm spectral libraries. Auxiliary lines 

were added to show the prediction performance: ideal line (grey line), regression line (red solid 

line), confidence interval (green dotted lines) and prediction interval (red dotted lines). 
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3.3.3 Chemometrics/machine learning models for handheld MIR spectra libraries 

3.3.3.1 Additional pre-processing treatments for the handheld MIR spectra 

A combination of simple smoothing and SG-1 pre-processing, SG-0/1, was selected for pre-processing 

the handheld MIR spectra (Agilent-BM and Agilent-2mm). Unrepresentative outliers and spectral 

noise regions were removed and trimmed after SG-0/1 pre-processing.  

Samples with Smax values outside the whiskers (Smax < 157.07 mg·kg-1 or  Smax > 974.71 mg·kg-1) 

were referred to as unrepresentative ‘chemical outliers’ (n = 7). The most occurring reference data 

outliers (6 out of 7 outliers) were SL soils with poor sorption properties from imperfectly/poorly 

drained sandy soils. The number of spectral outliers was 18 for Agilent-BM and 5 for Agilent-2mm 

(Figure 3-6). These outliers, identified by Q and T² values exceeding the 0.01 significance threshold, 

were likely due to process failures such as air entrapment. A greater number of spectral outliers were 

detected in the ball-milled handheld spectra compared with the <2 mm samples, which likely reflects 

both analytical and material factors. In this study, the ball-milled samples were finely ground (<0.100 

mm)145, producing a more homogeneous powder that improved spectral contact and reduced light 

scattering. However, the smaller gaps between particles created a flatter soil surface with fewer voids, 

resulting in more uniform reflectance and spectral values concentrated within a narrower range387. 

The soil chemical information corresponds to the most important wavenumbers selected by VIP scores 

(> 1), with references to a summary by Bachion de Santana and Daly (2022)145. As verified by the VIP 

scores for the Agilent-BM and Agilent-2mm spectral libraries, the range from 3,500 to 3,000 cm−1 

(2,857 – 3,333 nm) and 800 to 650 cm−1 (12,500 – 15,385 nm) were trimmed from both of the Agilent 

spectra due to the presence of high instrumental noise (Figure 3-7). 
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Figure 3-6. Average spectral comparison between detected outlier spectra (red) and remaining 

spectra (blue) for Agilent-BM and Agilent-2mm spectral libraries. The spectral outliers (n = 18 for 

the Agilent-BM, n = 5 for the Agilent-2mm) were detected by T2 values and Q residuals. 
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Figure 3-7. The the range from 3,500 to 3,000 cm−1 (2,857 – 3,333 nm) and 800 to 650 cm−1 (12,500 – 15,385 nm) was trimmed from the handheld MIR spectra 

(Agilent-BM and Agilent-2mm) due to the presence of high instrumental noise. 



 123 

3.3.3.2 Regression models using raw handheld MIR spectroscopy  

Table 3-4 summarises the regression results from the chemomectrics/ machine learning models (PLSR, 

Cubist, SVM, RF) applied to the raw handheld MIR spectra (Agilent-BM and Agilent-2mm). 

For the raw handheld spectral libraries, the Cubist algorithm out-performed the others for Smax 

prediction with the lowest RMSEP results for samples with both particle sizes (Agilent-BM, RMSEP = 

56.77 and Agilent-2mm, RMSEP = 69.23). Additionally, Cubist on Agilent-BM resulted in a higher R² Val 

value of 0.83 and a more confined prediction interval compared to the optimal regression obtained 

from Cubist on Agilent-2mm (R²Val = 0.71). 

The best regression model to predict Smax from raw Agilent-BM spectra reached an ‘Approximate 

Quantitative Model’ (RPIQVal = 2.74), whereas for 2mm samples on Agilent-2mm, it only achieved a 

‘Fair Model’ (RPIQ Val = 2.23). The effect of soil grinding on the Agilent raw spectroscopy was shown in 

Figure 3-8 (a) and (d).  

3.3.3.3 Regression models on the pre-processed handheld MIR spectroscopy 

Table 3-4 summarises the four chemometrics/machine learning results for the Agilent-BM and Agilent-

2mm spectral libraries with SG-0/1 spectral pre-processing, and additional pre-processing treatments 

(further with outliers removal and noisy range trimming).  

For Agilent-BM and Agilent-2mm after pre-processing (SG-0/1 solo, and additional pre-processing), 

SVM yielded the most accurate regression results for predicting Smax. Spectral pre-processing with a 

combination of SG-0/1 was the most effective management to improve the model for Smax at 

calibrations (R2
Cal = 0.94, RPDCal =3.70 for Agilent-BM; R2

Cal = 0.89, RPDCal = 2.64 for Agilent-2mm). 

However, according to the validation results, spectra pre-processed with outlier removal and noisy 

wavenumber trimmed gave better results than spectra pre-processed only with SG-0/1 filtering (Table 

3-4). For Agilent-BM (with additional pre-processing treatments), the prediction, which included 712 

samples, was satisfactory for rough screening. The best predictive model of Smax by SVM obtained a 

‘Fair Model’ with an RPIQVal = 2.67. For Agilent-2mm (with additional pre-processing treatments), the 
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prediction, which included 725 samples, was not reliable to predict the soil Smax value. The best 

predictive model of Smax by SVM only obtained a ‘Non-reliable Model’ with an RPIQVal = 1.83. Overall, 

for both particle sizes, Smax was best predicted when the spectra were modelled by Cubist on the raw 

spectral libraries without any pre-processing (Table 3-4 and Figure 3-8). 

Table 3-4. Summary of the accuracy parameters for each model performing on the Agilent scanned 

spectral libraries with both particle sizes, including (1) none (raw spectra); (2) SG-0/1 spectral pre-

processing; (4) SG-0/1 spectral pre-processing, outliers removal and trimming. 

Spectral 
libraries 

No. 
Cal/Val. 

Regression 

modelling 

algorithms 

Calibration Validation 

R2
Cal RPDCal RMSEC RPIQCal R2

Val RPDVal RMSEP RPIQVal 

RAW spectral libraries 

Agilent-BM 589/148 

PLSR 0.78 1.89 67.45 2.57 0.74 1.44 74.80 1.87 

Cubist 0.85 2.24 56.19 3.16 0.83 1.75 56.77 2.74 

SVM 0.83 2.12 60.11 2.91 0.82 1.59 58.29 2.63 

RF 0.67 1.28 83.89 1.79 0.73 1.26 78.30 1.76 

Agilent-2mm 589/148 

PLSR 0.77 1.83 70.31 2.34 0.66 1.32 74.28 1.99 

Cubist 0.82 2.02 63.40 2.64 0.71 1.39 69.23 2.23 

SVM 0.85 2.21 57.02 2.95 0.68 1.32 72.52 1.89 

RF 0.64 1.12 90.39 1.41 0.54 1.04 85.67 1.22 

SG-0/1 pre-processed spectral libraries 

Agilent-BM 589/148 

PLSR 0.76 1.80 71.17 2.40 0.68 1.32 72.99 1.69 

Cubist 0.74 1.57 75.46 2.24 0.68 1.25 73.43 1.52 

SVM 0.94 3.70 3.68 5.26 0.78 1.73 60.39 2.35 

RF 0.68 1.30 83.62 1.82 0.67 1.09 76.81 1.52 

Agilent-2mm 589/148 

PLSR 0.84 2.28 58.74 3.03 0.60 1.28 85.46 1.61 

Cubist 0.81 1.83 65.03 2.45 0.52 1.07 92.79 1.36 

SVM 0.89 2.64 49.38 3.69 0.61 1.28 83.83 1.68 

RF 0.67 1.27 84.40 1.79 0.54 1.00 91.82 1.31 
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Continued Table 3-4 

Spectral 
libraries 

No. 
Cal/Val. 

Regression 

modelling 

algorithms 

Calibration Validation 

R2
Cal RPDCal RMSEC RPIQCal R2

Val RPDVal RMSEP RPIQVal 
 

Additional pre-processed spectral libraries1 

Agilent-BM 569/143 

PLSR 0.78 1.87 65.26 2.54 0.70 1.42 66.81 1.93 

Cubist 0.80 1.92 62.39 2.60 0.73 1.61 62.75 2.12 

SVM 0.93 3.40 38.07 4.67 0.76 1.82 59.18 2.67 

RF 0.70 1.40 76.24 2.09 0.72 1.48 64.65 2.03 

Agilent-2mm 580/145 

PLSR 0.79 1.94 62.71 2.72 0.75 1.63 65.73 1.72 

Cubist 0.79 1.80 62.82 2.59 0.73 1.48 68.50 1.67 

SVM 0.85 2.25 53.10 3.15 0.74 1.63 65.23 1.83 

RF 0.64 1.19 82.45 1.73 0.71 1.30 70.54 1.69 

Values in bold highlight the regression models with the best accuracy. 

1 Additional pre-processed spectral libraries are the spectra processed by smoothing and second 

derivative Savitzky -Golay filtering (SG-0/1), both of the chemically unrepresentative and spectral 

outliers detection and removal, and trimming (the the range from 3,500 to 3,000 cm−1 and 800 to 650 

cm−1 was trimmed from the Agilent spectra due to the presence of high instrumental noise).
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Figure 3-8. Scatter plots showed the best regression algorithms for predicting soil Langmuir Smax on the (i) raw, (ii) SNV pre-processed, (iii) SG-0/1 pre-

processed, (iv) SG-0/1 pre-processed, outliers removed and noisy part trimmed Agilent-BM and Agilent-2mm spectral libraries. Auxiliary lines were added 

to show the prediction performance: ideal line (grey line), regression line (red solid line), confidence interval (green dotted lines) and prediction interval 

(red dotted lines). 
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3.3.4 Classification models 

The highest accuracy for Smax predicted from the raw Agilent-2mm spectral library only reached a 

‘Fair Model’ (RPIQVal = 2.23) with the potential for distinguishing between ‘low’ and ‘high’ Smax values. 

Classification analysis was applied to the raw Agilent-2mm spectral library, aiming to distinguish 

between the ‘low’ and ‘high’ soil P sorbing classes (SL/SH soils). Model methods (i) PLS-DA, (ii) SVM 

and (iii) RF classification were applied to the Agilent-2mm raw spectral library (n = 737). Table 3-5 

summarises the F1-scores, MCC values and Cohen's kappa coefficients for all methods in the test set 

(n = 148, where the number of SL and SH soils was 31 and 117, respectively). 

The difference in F1-score between the three classification methods was not substantial, with SVM 

having the highest F1-score of 0.93 and RF having the lowest F1-score of 0.91. However, the MCC 

values for evaluating binary classification models resulted in a great variation, with a range of 0.14. 

Models of PLS-DA and RF gave similar MCC values (0.49 and 0.46 respectively). The SVM algorithm 

gave the best performance with the highest MCC value of 0.60. The values of Cohen's kappa 

coefficients had the highest variability with respect to the other measures considered, showing that 

the performance of RF (κ = 0.35) and PLS-DA (κ = 0.41) were more influenced by the imbalance in the 

number of observations belonging to the two classes than that of SVM (κ = 0.55, achieving a moderate 

agreement)388.  

Table 3-5. Summary of the classification methods on the raw Agilent-2mm spectra library with the 

respective MCC values, F1-scores, and Cohen's kappa from the test set (n = 148). 

Spectral library Method 

Test set 

TPVal FPVal TNVal FNVal F1-score MCC Cohen's kappa 

Agilent-2mm 

PLS-DA 116 21 10 1 0.92 0.49 0.41 

SVM 116 17 14 1 0.93 0.60 0.55 

RF 117 23 8 0 0.91 0.46 0.35 
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3.4 Discussion  

3.4.1 Handheld vs. benchtop MIR spectrometer 

Compared to the benchtop instrument, the Agilent handheld device has many advantages (e.g. smaller 

size, lower cost, robustness, ease of analysis, portability, etc.) that make it a viable option for in situ 

non-destructive analysis. The quality of the spectra collected with the Agilent handheld spectrometer 

was inferior than the spectra collected with the Bruker benchtop spectrometer for ball-milled or 

<2mm samples (Figure 3-3, Figure 3-4). In this study, the results suggest that the handheld 

spectrometer is suitable for distinguishing soils with low and high P dynamics. However, for predicting 

P maximum sorption capacity values with high accuracy confidence, the benchtop spectrometer 

proves to be highly effective, sample ball-milling can be omitted. 

The quality of the collected spectra is influenced by the energy throughput, the type of detector and 

the measurement protocol used, which have been described in Section 1.2.5. In this study, the Bruker 

spectrometer was equipped with a Mercury Cadmium Telluride (MCT) detector, while the Agilent 

spectrometer was equipped with a Deuterated Triglycine Sulphate (DTGS) detector. The MCT detector, 

which is photoconductive, is more sensitive and faster than the thermal DTGS detector, providing a 

spectrum with a higher signal-to-noise ratio389. Compared to the Bruker benchtop spectrometer, 

which has a spectral range of 4,000-600 cm-¹ and a resolution of 1.43 cm-¹, the Agilent 4300 handheld 

spectrometer has a narrower spectral range (4000-650 cm-¹) and a lower resolution of 4 cm-¹. In this 

study, variations in signal-to-noise ratio can have a stronger effect on model performance than 

spectral resolution. The Bruker benchtop FTIR typically operates at a signal-to-noise ratio an order of 

magnitude higher than that of handheld instruments219, contributing to greater predictive stability 

and lower baseline noise. The reduced signal-to-noise ratio of the handheld Agilent spectrometer 

likely increased spectral noise, obscuring weak absorption features and decreasing prediction 

accuracy. Overall, due to a less stable light source with lower energy throughput and the measurement 
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of the sample with a larger sample cup surface, the Agilent spectrometer collected spectra of lower 

quality than the Bruker benchtop spectrometer, showing a significantly noisier appearance.  

3.4.2 The optimal regression algorithms 

In this study, for both the Bruker-BM and Bruker-2mm spectral libraries, Cubist and SVM exhibited the 

highest accuracy as regression models to predict Smax on the raw and pre-processed spectral libraries, 

respectively (Table 3-3, Figure 3-5). This was also true for the Agilent-BM and Agilent-2mm spectral 

libraries. Specifically, Cubist (for the raw Agilent spectra) and SVM (for the SG-0/1 pre-processed 

Agilent spectra) were identified as the most accurate models for predicting Langmuir Smax using soil 

samples with both particle sizes (Table 3-4, Figure 3-8). 

The best performance of Cubist and SVM compared to the other models for predicting soil properties 

in general is in line with the literature202,289,390. The reasons for this can be explained by a lower ability 

of PLSR to generate non-linear relationships between soil spectra and soil P sorption capacity, and by 

outliers having a greater influence on PLSR than on Cubist or SVM145. The RF, Cubist, and SVM models 

are capable of capturing complex and nonlinear relationships. However, across all spectral libraries, 

RF exhibited less effective performance in predicting Smax. This reduced performance can be 

attributed to the RF algorithm’s inability to extrapolate beyond the range of the training data. Unlike 

SVM, or Cubist, which rely on mathematical functions that permit limited extrapolation, the RF model 

predicts values solely based on the reference data (y) contained within the nodes of its decision trees. 

Consequently, extrapolation beyond the calibration range is not possible for RF. 

3.4.3 Benchtop MIR spectral libraries for Smax prediction and particle size effects 

Benchtop MIR predictions for Langmuir Smax were very successful for both ball-milled and <2mm soil 

particle sizes. Pre-processing is essential for the MIR spectra scanned by the Bruker benchtop 

spectrometer. After SG-1 pre-processing, SVM demonstrated similarly high accuracy in predicting 

Smax for both ball-milled and <2mm soils.  
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The Bruker MIR spectra were collected at high spectral resolution (1.43 cm−1) and high signal-to-noise 

rate. Physical noise will attenuate the reading of the spectral fingerprint region of Smax. Therefore, 

pre-processing will be essential for Bruker spectra before modelling to remove physical noise and 

other interfering influences and to enhance the chemical peak from the spectra.  

Soil grinding reduces the heterogeneous nature of samples and mitigates other sources of non-

systematic variability, thus enhancing the reproducibility and accuracy of predictions derived from the 

spectra. Our results from the benchtop spectroscopy yielded ‘Excellent Model’ for both ball-milled 

and <2mm soil samples. Therefore, when employing MIR benchtop spectroscopy, sieving soil samples 

to <2mm is adequate in mitigating inter-sample heterogeneity for predicting soil Smax. 

3.4.4 VIP analysis  

The ‘Variable Importance in Projection’ or VIP scores are often used for providing valuable insight into 

the most effective spectral regions by finding informative wavelengths. Figure 3-9 illustrates the 

informative wavelengths conveying soil chemical information obtained from handheld Agilent 

spectroscopy for both ball-milled and <2 mm samples.  
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Figure 3-9. Variable importance in projection (VIP) for PLS regression models using ball-milled and 

<2 mm samples collected by the handheld Agilent spectrometer.  
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The Agilent-BM and Agilent-2mm spectra showed similar absorption bands. For example, the 

absorption bands detected in the 3700 - 3600 cm⁻¹ range were assigned to clay minerals. The 

absorption at 2044 cm⁻¹ was associated with organic matter (N = C = S). In the range of 2000 – 1820 

cm⁻¹, the absorptions were linked to quartz. The intensities of the bands at 1850 cm⁻¹ and 1770 cm⁻¹ 

were attributed to samples with low organic carbon content. In the range of 1750 – 1680 cm⁻¹, the 

absorptions were related to C = O of carboxylic acid and esters. Proteins, phenolics (C–OH), and 

carbohydrates (C–O) accounted for absorption bands at 1680 and 1525; 1285 and 1100 cm⁻¹, 

respectively. The band at 1100 cm⁻¹ could also be attributed to SiO2, associated with quartz. The 

absorption at 815 cm⁻¹ could be related to clay minerals (Al-OH) and organic matter (e.g., cellulose).  

However, the VIP scores showed that the adsorption bands or spectral intensities were not exactly 

the same for the ball milled and <2mm sample particle sizes. For example, Agilent-BM spectroscopy 

revealed the absorption at 2930 – 2850 cm⁻¹, which was attributed to alkyl groups, while this was not 

observed in the Agilent-2mm. This suggests that the relationships between spectral intensity and Smax 

may not be the same for ball-milled and <2mm soil samples in the handheld Agilent scanning.  
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3.3.5 Handheld MIR spectral libraries for Smax prediction and particle size effects  

Unlike Bruker spectroscopy, Agilent spectroscopy produced the best predictions for Smax from the 

raw spectra libraries for both soil particle sizes (Table 3-4, Figure 3-8). The best result for the Agilent 

achieved on ball-milled samples was an ‘Approximate Quantitative’ model (RMSEP = 56.77, RVal
2 = 0.83, 

RPDVal = 1.75, and RPIQVal = 2.74) to determine Smax using the Cubist regression on the raw Agilent-

BM. For 2mm samples, the Cubist model on the raw spectra from the Agilent only reached the 

potential to distinguish between high and low Smax values (RMSEP = 69.23, R2
Val = 0.71, RPDVal = 1.39, 

and RPIQVal = 2.23). 

Therefore, for Agilent spectroscopy, ball-milling is an essential step in ensuring a more homogenous 

mixture of soil micro-aggregates, resulting in a significant improvement in Smax prediction. In 

comparison to pre-processed spectra that emphasize soil chemical information, raw spectra 

encompass both chemical and physical soil information. Generally, the quality of chemical information 

is higher than that of physical information in MIR vibrational spectroscopy. For the Bruker 

spectrometer, which provides superior spectral quality, it was evident that pre-processed spectra with 

emphasized chemical information enhanced the accuracy for Smax prediction. However, for the 

Agilent spectrometer with poorer spectral quality, relying solely on chemical information was 

insufficient for quantifying the Smax value. 

3.3.6 Classification models using handheld MIR spectra 

As can be seen in Table 3-5, the Agilent spectrometer was capable of discriminating soils with ‘low’ 

and ‘high’ P sorption characteristics (SL/SH soils). The Agilent-2mm demonstrated high accuracy in 

discrimination, particularly for high sorption SH soils, achieving an F1-score of 0.93 (precision = 0.87, 

recall = 0.99). The only misclassified SH soil sample by SVM in the test dataset (FN = 1, Smax = 514.04 

mg·kg-1), in contrast to the correctly classified SH soils (TP = 116), had a lower organic matter content, 

with a loss-on-ignition (LOI) of 5.94%, whereas the average LOI for the TP samples was 11.45%. 
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In contrast, the value of the Matthews correlation coefficient was relatively low (MCC = 0.60). This 

discrepancy was attributed to the limited number of observations associated with SL soils, 

consequently reducing the model's ability to recognize soils with low P sorption capacity. It was in 

agreement with the Cohen's kappa coefficient value (κ = 0.55). According to Gardiner and Radford's 

(1980)391 classification, the 17 misclassified SL soils were mostly from the Great Groups classes of 

Luvisol (7 of the 17) and Surface Water Gley (8 of the 17). 13 of the 17 misclassified SL soils had a clay 

loam texture. Compared to the correctly classified SL soils (average value of Smax = 373.32 mg·kg-1), 

the misclassified SL soils had a higher P sorption capacity, with an average Smax value of 388.7 mg·kg-

1. 9 of the FP soils had Smax values above 400 mg·kg-1, which were close to the discrimination threshold 

for distinguishing low and high sorption capacity.  

3.3.7 MIR spectroscopy contribution outlook for testing soil health in a package 

Healthy soils contribute to ecosystem services, including the achievement of biodiversity, climate 

neutrality, zero pollution, sustainable farming and achieving the SDGs 392–394. European Commission 

(EU) (2021)392 reported that 60 - 70% of EU soils are in an unhealthy condition and only 56% of 

watercourses are classified as being of good status due to fertiliser runoff395. As a consequence, soil 

health monitoring is required. As an alternative to traditional chemical analysis, MIR reflectance 

spectroscopy has been shown to provide good predictions of various physical (e.g. soil texture, bulk 

density, soil particle size, etc.), chemical (e.g., soil carbon, lime requirement, cation exchange capacity, 

pH, Al, Fe, P sorption, etc.), and biological soil properties (e.g., organic carbon, total nitrogen, etc.)116.  

Here, MIR spectroscopy is demonstrated for a holistic understanding of soil P dynamics, which is 

essential for P use optimisation and efficiency. Finally, all indicators can be proposed as an integrated 

soil health indicator package with P sorption suggestion for soil management from a single scan. A 

comprehensive understanding of soil health enables effective soil management to ensure fertility and 

overall soil health, with the ultimate aim of minimising environmental damage and promoting 

sustainable development. 
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3.5 Conclusion 

In this study, a systematic approach was proposed to improve the reliability of spectral predictions for 

the understanding of soil P dynamics. Overall, we have demonstrated that the soil P sorption capacity 

of the Langmuir-derived maximum sorption capacity, Smax, can be predicted by mid-infrared 

reflectance spectroscopy for the population of agricultural soils in Ireland. 

Highly accurate prediction of Smax values by SVM with Savitzky-Golay pre-processing produced 

excellent models on the Bruker benchtop spectrometer for both ball-mill and <2mm soil particle sizes. 

Additionally, it is suitable for describing soils with high variability. Where end-users are looking for 

accurate information on the P capacity of their soils and are expecting accurate Smax values, they may 

find that there is no difference between the results obtained from the Bruker spectroscopy for the 

ball-mill and the <2 mm samples. It should be noted though that the benchtop spectrometers with 

MCT detectors are more expensive compared to handheld ones (~1.5 – 2 time more expensive). 

For cost savings compared to benchtop spectroscopy in a laboratory setting, the portable 

spectrometer is recommended as a time-efficient alternative for routine testing. The scanned spectra 

are noisier for a lower signal-to-noise ratio. Cubist applied to the raw spectral libraries gave the best 

Smax prediction as it contains more soil information. Although ball-milled samples can provide 

approximate Smax values, it is recognised that the results may be less reliable than those obtained 

from Bruker spectroscopy. To further save time on sample preparation, the Agilent spectrometer can 

differentiate well between soils with high P sorption capacity. With the comprehensive soil P indices, 

significant progress has been made towards site-specific P management. 
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Chapter 4         

Mitigating moisture effects in spectral models for determining soil 

phosphorus sorption capacity using handheld MIR and NIR3.   

 
3Part of this chapter has been submitted for publication. Manuscript details: 
Yang, S., White, B., de Santana, F.B., Hall, R.L., Daly, K., 2025. Mitigating moisture effects in spectral models for 
determining soil phosphorus sorption capacity using handheld MIR and NIR. Geoderma 463, 117579. 
https://doi.org/10.1016/j.geoderma.2025.117579  

https://doi.org/https:/doi.org/10.1016/j.geoderma.2025.117579
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Abstract 

Purpose: Moisture significantly affects soil reflectance spectra. External parameter orthogonalisation 

(EPO) has been studied as an efficient method for transforming moist spectra.  

Methods: This study developed EPO algorithms to eliminate soil moisture effects from handheld MIR 

(Agilent 4300 FTIR) and NIR spectral models for predicting soil phosphorus sorption capacity (Smax) 

on wet soils. NIR spectra from InnoSpectra (900-1700 nm) and NeoSpectra (1350-2550 nm) handheld 

instruments were merged to develop Smax estimation models using dried and sieved soils (n = 686). 

Of these, 60 representative samples were rewetted to eight gravimetric moisture contents (MC) for 

EPO development, and 34 samples from the remaining archive were used for validation at low (20%), 

medium (40%), and high (60%) MC. To address known and unknown moisture conditions, specific and 

general EPO models were built using two different matrix calculation approaches, and their 

effectiveness was compared. Optimal component numbers were determined by comparing RMSEP 

minimisation and Wilk’s Λ maximisation. 

Results: Specific EPO outperformed general EPO for moisture correction, particularly in MIR. At low 

moisture levels, handheld MIR with specific EPO achieved an RPIQ of 3.22 for Smax rough screening. 

Under medium moisture levels, both handheld MIR and NIR after specific EPO correction showed a 

potential for classification of Smax (MCC of 0.45 and 0.42, respectively). 

Conclusion: EPO minimised moisture-induced interference in MIR and NIR spectra. Future in situ 

handheld MIR and NIR scanning for predicting soil P sorption is recommended under dry soil 

conditions, with moisture measurement for specific EPO application. 
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Graphical abstract 

 
Figure 4-1. Graphical abstract for Chapter 4. 
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4.1 Introduction 

Chapter 2 examined the soil phosphorus (P) sorption capacity, expressed as the Langmuir sorption 

maximum (Smax, mg·kg⁻¹), for samples from the northern half of Ireland, based on laboratory 

measurements from isotherm batch experiments. Additionally, based on their Smax values, soils were 

classified as high sorbing (SH, Smax ≥ 450.03 mg·kg⁻¹) or low sorbing (SL, Smax < 450.03 mg·kg⁻¹), 

reflecting differences in P dynamics. 

To enable time- and cost-efficient, environmentally sustainable analysis with reduced chemical 

reagent use and laboratory waste , Chapter 3 developed handheld mid-infrared (MIR, 4000–400 cm⁻¹) 

spectral models using dried, <2 mm sieved-only samples containing heterogeneous soil mastics to 

predict Smax. The model performance was considered for rough screening purposes, with R² = 0.71, 

RMSEP = 69.23 mg·kg⁻¹, and RPIQ = 2.23. Classification of soils into sorption categories (SL/SH) using 

spectra collected from dried, <2 mm sieved soils with the handheld FTIR device was moderately 

successful, achieving a Matthews correlation coefficient (MCC) of 0.60. However, the developed MIR 

models for Smax were based on archived soils that had been dried and sieved without disturbances 

caused by soil surface roughness, debris, and other environmental factors typically present in field-

moist samples. On-site MIR spectra collection of soils without pre-treatment and under field-moist 

conditions presents challenges for in situ analysis231.  

Near-infrared (NIR, 900 – 2500 nm) reflectance spectroscopy has rapidly become a fast, robust, and 

cost-effective analytical method for assessing various soil properties, especially with the potential for 

portable instruments to enable on-the-go spectral soil information collection in the field239,315. Studies 

have used laboratory NIR spectra to estimate soil carbon309, soil nitrogen396, and mineralogical 

properties160, etc. Additionally, several studies have applied (Vis-)NIR for in situ estimation, particularly 

for soil carbon and nitrogen397,398. Similar to MIR, the low dipole moment between P and oxygen limits 

the success of NIR spectroscopy in detecting inorganic P (e.g., plant available P)342,399. However, studies 

demonstrated moderate success in predicting P sorption using (Vis-)NIR spectroscopy (400 – 2500 nm) 
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in laboratory settings. Recena et al. (2019)175 fitted sorption data to the Freundlich and Langmuir 

models, achieving good estimates of soil P buffer capacity at 1 mg·P·L⁻¹ using the Freundlich model 

(R²CV = 0.78), whereas predictions for soil maximum P sorption capacity (Smax) based on the Langmuir 

model were less promising (R²CV = 0.42). Saidi et al. (2025)176 also predict the Langmuir Smax of dried, 

sieved samples using Vis-NIR (350 - 2500 nm), achieving an accuracy of R² = 0.65.  

For in situ analysis, soil water presents one of the most prominent challenges for both NIR and MIR 

spectroscopy, causing broad absorption and reflection peaks that distort the spectra and overlap 

spectral features236,270,400. In comparison, MIR is less feasible for non-dried samples231,384. The 

fundamental H-O-H stretching vibration for water produces a strong, broad, stretching vibration in 

MIR near 3450-3250 cm−1 and a weaker bending vibration near 1630 cm−1 236. Moreover, these 

vibrations overlap with features such as clay O–H stretching (∼3700 – 3620 cm−1)237. As a consequence, 

removing only specific water absorption features will not eliminate moisture effects in the spectra. 

Additional irregularities and external factors such as weather (e.g., ambient atmospheric conditions) 

introduce further spectral distortions215,232,400, complicating the use of in situ spectral collection. Unlike 

MIR spectroscopy, which excites fundamental vibrations, NIR spectroscopy is based on weaker 

overtones and combination bands of molecular vibrations, primarily from bonds such as O–H, C–H, 

and N–H401. While moisture interference is generally less severe in NIR than in MIR spectroscopy, due 

to the higher sensitivity of MIR to water, the overtone and combination bands of water absorption 

(e.g., at 1400 and 1900 nm) still causes challenges for predictive accuracy215,236–238.  

To mitigate the distorting effects of water, mathematical techniques have been developed, including 

direct standardisation264, orthogonal signal correction267, and wavelet transformation265, etc. Among 

these, external parameter orthogonalisation (EPO) is one of the most commonly applied approaches, 

with Metzger et al. (2024)270 highlighting its use in over 50% of investigated studies due to its ease of 

understanding and straightforward application266,271–273. EPO approach decomposes and excludes the 

components influenced by external parameters, thereby enabling it to use spectral information 

associated with the target property269. Many studies have reported the successful application of EPO 
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to wet soil spectra for predicting soil carbon, particularly in the (Vis-)NIR region266,270,271. However, to 

the best of our knowledge, few studies have evaluated the effectiveness of EPO in eliminating water 

interference for predicting soil P sorption capacity, especially in the MIR region. 

The objective of this study was to apply an EPO modelling approach to portable NIR and MIR spectral 

libraries to predict soil P sorption capacity under moist conditions. The effects of soil moisture on the 

accuracy of predicting Smax using portable NIR and MIR were examined. The application of EPO 

models on NIR and MIR to eliminate water influence and improve Smax predictions under different 

moisture conditions was evaluated. The findings aim to support the practical application of handheld 

devices for future on-site prediction or classification of Smax values from agricultural soils. 

4.2 Materials and methods 

4.2.1 Reference laboratory data and spectral libraries 

The soil data used in this study were divided into three datasets (Table 4-1). An existing reference 

laboratory data of Smax from the Langmuir model (n = 686; Smax values ranging from 81.32 – 1041.30 

mg·kg⁻¹, median of 561.28 mg·kg⁻¹), based on topsoil samples (5 – 20 cm) collected in the northern 

half of Ireland, was available for this study (referred to as the Smax-datasets). This archive (soils were 

oven-dried at 40 °C and sieved to a size <2 mm) was used to collect spectral libraries from portable 

MIR and NIR for developing Smax prediction models. The resulting spectral libraries are named Smax-

MIR and Smax-NIR for the Smax-datasets.  

A total of 60 dried, sieved soils were selected as representative of the soil archive for rewetting, 

referred to as the Rewet-datasets. The purpose of this dataset was to develop EPO projection matrices 

for moisture correction through a systematic rewetting experiment (Section 4.2.4). Representative 

selection was performed using the Kennard-Stone algorithm based on Mahalanobis distance 

(MDKS)382. The Rewet-datasets include Smax values ranging from 342.17 – 825.16 mg·kg⁻¹, with a 

median of 539.47 mg·kg⁻¹. Soils were initially rewetted to 100% water saturation and then gradually 
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oven-dried at 20°C, with soil moisture recorded every 30 minutes across seven intervals. Wet spectra 

were collected across a wide range of moisture conditions after eight drying durations. Therefore, MIR 

and NIR spectra for the Rewet-datasets were recorded at each of the eight moisture levels. The Rewet-

datasets comprises MIR and NIR spectral libraries, Smax-RWMIR and Smax-RWNIR, across the eight 

moisture levels. 

Soils for validation were randomly selected from the remaining archive (n = 34; Smax values ranging 

from 320.78 – 799.76 mg·kg⁻¹, median of 552.84 mg·kg⁻¹), referred to as the Validation-datasets, used 

to evaluate the performance of the EPO algorithms. Soils were moisturised at low (20% w/w), medium 

(40% w/w) and high soil moisture (60% w/w) levels, with MIR and NIR spectra recorded at each 

condition. The resulting spectral libraries are named Smax-ValMIR and Smax-ValNIR for the Validation-

datasets.   
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Table 4-1. Soil P sorption capacity (Smax, mg·kg-1) from the routine Langmuir isotherm test (Chapter 

2).  

1 Some of the archived soils were used after the MIR scanning was completed in 2021, which left less 

material available for the NIR scanning in 2024. 

2 SL soils (defined as Langmuir parameter of Smax < 450.03 mg·kg-1) are low sorbing soils with low P 

maximum sorption capacity and weak binding affinity. 

3 SH soils (defined as Langmuir parameter of Smax ≥ 450.03 mg·kg-1) are high sorbing soils with high P 

maximum sorption capacity and strong binding affinity.   

P sorption parameter Range (min - max) Median Mean SD 

(1) Smax-datasets (n = 686, including spectral libraries of Smax-MIR and Smax-NIR)1 

Smax (mg·kg-1) 81.32 - 1041.30 561.28 565.47 145.28 

SL soils2 (n = 144) 

Smax (mg·kg-1) 81.32 - 447.96  386.68 372.61   69.90 

SH soils3 (n = 542) 

Smax (mg·kg-1) 450.27 - 1041.30 602.77   616.70   113.59 

(2) Rewet-datasets (n = 60, including spectral libraries of Smax-RWMIR and Smax-RWNIR) 

Smax (mg·kg-1) 342.17 - 825.16 539.47 548.97 117.71 

SL soils (n = 14) 

Smax (mg·kg-1) 342.17 - 438.29  405.69   403.27 26.39 

SH soils (n = 46) 

Smax (mg·kg-1) 453.12 - 825.16  579.61 593.32 96.70 

(3) Validation-datasets (n = 34, including spectral libraries of Smax-ValMIR and Smax-ValNIR) 

Smax (mg·kg-1) 320.78 - 799.76 552.88 552.84 156.22 

SL soils (n = 11) 

Smax (mg·kg-1) 320.78 - 445.50  377.55 374.42   36.95 

SH soils (n = 23) 

Smax (mg·kg-1) 453.40 - 799.76 654.78 638.17 111.61 
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4.2.2 Spectra acquisition 

All soils (dried and rewetted) were scanned using three handheld instruments in the benchtop mode. 

These included (i) the Agilent 4300 Handheld FTIR, Agilent Technologies, Inc., Santa Clara, CA, USA 

(abbreviated as ‘Agilent’) in the MIR range of 4,000–650 cm⁻¹; (ii) the InnoSpectra NIR-S-G1, 

Innospectra Corp., Hsinchu, Taiwan (abbreviated as ‘Inno’) in the NIR range of 900–1700 nm; (iii) and 

the NeoSpectra Scanner, Siware Systems Inc., Cairo, Egypt (abbreviated as ‘Neo’) in the NIR range of 

1350–2550 nm. For NIR spectroscopic analysis, spectra from Inno and Neo were combined to cover 

the full NIR region (900–2500 nm) for chemometrics analysis using a data merging approach.  

The MIR spectra were collected using the handheld Agilent spectrometer, configured for 32 co-added 

scans in diffuse reflectance mode (DRIFTS, 4000-650 cm−1) at a resolution of 4 cm−1. Background 

readings were collected by scanning a gold coated reference disk every 15 min. Spectra are reported 

in absorbance units (A = log (
1

Refelctance
)). The Agilent spectrometer was fixed in the stand and 

lowered onto the sample cup until the tip of the diffuse reflectance accessory was in close contact 

with the sample surface. 

The NIR measurements were undertaken using the handheld Inno and Neo devices in benchtop 

configurations. The Inno spectrometer operates in the range of 900–1700 nm with a spectral 

resolution of 3 nm. Each spectrum was the average of 16 scans, featuring a digital resolution of 228 

and a PGA gain of 64. The lamp was turned on for 10 minutes before starting the analysis to stabilise 

the detector’s temperature. Background measurements were taken with the lamp remaining lit 

throughout the analysis. The device was shut down and allowed to cool to room temperature between 

each validation series206. The Neo spectrometer features an InGaAs photodetector, with spectra 

calculated via Fourier transformation. It covers a spectral range from 1350 to 2550 nm with a 

resolution of 16 nm, resulting in a total of 257 measured bands. 

To cover the full NIR spectral region, following Cevoli et al. (2024)402, low- and mid-level fusion 

strategies were applied to integrate the two NIR spectral blocks (from the Inno and Neo devices). As 
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data fusion is not the main focus of this study, the process is hereafter referred to as spectral merging 

(Figure 4-2). In the low-level merging approach, spectral data collected from the Inno and Neo 

spectrometers were directly concatenated to form a combined spectral matrix. To address the 

overlapping region (1350 – 1650 nm), two strategies, referred to as Treatment 1 and Treatment 2, 

were implemented. Treatment 1 involved concatenating the full Inno spectra with the trimmed Neo 

spectra. Treatment 2 involved concatenating the trimmed Inno spectra with the full Neo spectra. For 

the mid-level merging approach (Treatment 3), data were compressed prior to merging using PCA for 

feature selection, retaining scores corresponding to the PCs that captured 99% of the variance.   

Figure 4-2. General scheme describing low- and mid-level spectral merging approaches. 

4.2.3 Chemometrics modelling 

Samples in Smax-datasets (Smax-NIR) were split into a calibration set (80 %) and a validation set (20 %) 

according to the MDKS. Regression models developed for soil Smax values prediction including (i) 

partial least squares regression (PLSR), (ii) cubist, (iii) support vector machine (SVM, radial basis kernel 

function), and (iv) random forest (RF). Classification models used to discriminate between soils with 
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low (SL) and soils with high (SH) soil P dynamics classes including (i) partial least squares discriminant 

analysis (PLS-DA), (ii) SVM, and (iii) RF classification models. The performance of both regression and 

classification models was assessed using the validation/test set to ensure reliability and robustness. 

 An optimal regression performance was identified by evaluating the simultaneous occurrence of a 

high coefficient of determination (R2), low root mean square error of prediction (RMSEP), high ratio 

of performance to interquartile distance (RPIQ), and high ratio of performance deviation (RPD). 

Additionally, bias was introduced as a metric to assess model performance on the Rewet- and 

Validation-datasets, with biases closer to zero indicating superior model performance223 . 

The imbalance in sample sizes between SL and SH soil samples reflected local soil characteristics. 

Classification performance was evaluated using Matthews’s Correlation Coefficient (MCC), Cohen’s 

Kappa Coefficient (κ), and the F1-score. MCC and κ values range from −1 to 1, with 1 indicating perfect 

classification or agreement, 0 representing random prediction or chance agreement, and negative 

values indicating performance worse than random. The F1-score ranges from 0 to 1, with higher values 

indicating a better balance between precision and recall, making it particularly useful for evaluating 

imbalanced datasets.  

A detailed description of the listed machine learning techniques and model performance indicators 

can be found in Chapter 3.2.5 and Chapter 3.2.6. Data analysis was performed in RStudio with R 

version 4.2.1 (R Core Team, 2025). Spectral visualisation and regression plotting were supported by 

the R packages ‘mdatools 0.14.2’, ‘rchemo 0.1-3’, ‘soilspec 0.1.0’, ‘lattice 0.22-5’, and ‘ggplot2 3.5.0’. 

The ‘squash 1.0.9’ package was used for colour-based visualisation of multivariate data. Regression 

and classification modelling were conducted using ‘pls 2.8-5’, ‘caret 7.0-1’, ‘Cubist 0.4.3’, ‘e1071 1.7-

14’, ‘randomForest 4.7-1.1’, and ‘kernlab 0.9-32’. Additional packages used for preprocessing and 

multivariate analysis included ‘prospectr 0.2.5’, ‘pracma 2.4.4’, and ‘factoextra 1.0.7’. 
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4.2.4 Rewetting soils 

For rewetting of dried soils, a percolation experiment403 was conducted to determine the initial 

amount of water required to achieve 100% moisture saturation for each sample (Equation 4-1). Soil 

samples from the Rewet-datasets (2g ± 0.01) were placed in 50-mm Petri dishes. Deionised water was 

initially added to achieve 100% saturation (Equation 4-2). The dishes were covered with Parafilm and 

stored overnight in a cold room to homogenise the moisture. The gravimetric moisture content (GMC) 

was determined (Equation 4-3), recorded as the moisture content at R1, and the corresponding 

spectra at the maximum moisture content (R1) were scanned. To obtain the lower moisture contents, 

the samples were oven-dried at 20°C. Wet spectra were collected every 30 minutes, seven times 

during gradual oven drying, and the corresponding moisture levels were recorded as GMC from R2 to 

R8 (Equation 4-2), representing moisture conditions from wettest to driest. Wet spectra from the MIR 

and NIR instruments were acquired separately due to different scanning protocols (NIR scans were 

performed bottom-up without sample loss, whereas MIR scans were performed top-down with 

unavoidable sample loss). The resulting spectral libraries are hereafter referred to as Smax-RWMIR 

and Smax-RWNIR (at moisture levels R1 to R8, wettest to driest). 

For the Validation-datasets, soil samples (2 g ± 0.01) were placed in 50-mm Petri dishes. The rewetting 

experiment included three soil moisture levels, corresponding to GMC values of 20%, 40%, and 60%, 

designated as the ‘low’, ‘medium’, and ‘high’ moisture levels. Due to sample mass constraints, the 

same samples were subsequently used to obtain spectra at progressively higher moisture levels. 

Deionised water was first added to achieve the low moisture content of 20% w/w. Wet spectra were 

collected after the samples were sealed with Parafilm and stored overnight in a cold room. Water was 

then incrementally added, calculated using Equation 4-4, to reach the ‘medium’ and the ‘high’. MIR 

and NIR spectra were collected at each moisture level following the same protocol.  
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100% Saturation =
Amount of water after fully absorption (g)

Weight of soil sample (g)
 × 100%  (Equation 4-1) 

Initially added water =100% Saturation × weight of soil sample (g)  (Equation 4-2) 

Soil moisture content (GMC) = 
(Weighti-WeightDry)

WeightDry

  (Equation 4-3) 

where Weighti (i = 1 to 8) represents the sample weight at each time interval. 

Added water =GMC(low/medium/high) × WeightDry  (Equation 4-4) 

where GMC(low) = 20%, GMC(medium) = 40%, GMC(high) = 60%. 

However, hysteresis, which refers to differences in soil water distribution at a given moisture content 

depending on whether the soil has reached that state by drying from a wetter condition or by 

rewetting from a drier one, may influence both MIR and NIR spectral responses through changes in 

surface hydration and light scattering. The rewetting procedure applied to the Rewet-datasets was 

designed to obtain corresponding moist MIR and NIR spectra across a wide range of known moisture 

levels rather than to follow specific drying or wetting paths. Although an even distribution of water 

within the soil matrix was considered during sample preparation to minimise spatial variability, this 

does not eliminate the potential effects of hysteresis, which result from differences in soil water 

configuration between drying and wetting processes. The potential impact of hysteresis is therefore 

recognised as a source of uncertainty and should be examined in future investigations. 

4.2.5 External parameter orthogonalisation (EPO) 

The EPO algorithm aims to eliminate the influence of external environmental parameters on 

reflectance spectra269, specifically the removal of moisture effects from soil spectra. The EPO 

algorithm identifies spectral regions affected by soil moisture and then projects the new reflectance 

spectra orthogonally to these variations266,269,273.  
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Moist soil spectra (X) can be decomposed into a combination of a useful part (XP, related to chemical 

responses), an external part (XQ, containing irrelevant information affected by water content and 

other external parameters), and an independent residual (R) (Equation 4-5).  

X = XP + XQ + R  (Equation 4-5) 

The procedure to find XP is through spectra matrix D, which is the difference between the soil spectra 

matrix with and without external influence. Q is estimated through singular value decomposition of D, 

and XP is then calculated as X(I − Q), where I is the identity matrix. The EPO method proceeds are as 

follows: 

(1) Calculate XQ from the difference (D) between the moist and dry soil spectra.  

(2) Build a PCA using XQ, which captures the variation introduced by moisture, and obtain the 

corresponding scores (T) and loadings (PT). 

(3) Project the moist spectra of new samples (Xnew) onto the previously calculated loadings (PT) 

to obtain the corresponding score values (Tnew). 

(4) Multiply Tnew∙PT to obtain XQnew, which is the part of the soil spectra that is caused by moisture. 

(5) Based on the assumption that R is irrelevant, the useful part of the spectra (XPnew) can be 

calculated by subtracting the original spectra Xnew from XQnew. Machine learning algorithms 

are applied using the XPnew matrix.  

4.2.5.1. Development of specific vs. general EPO algorithms 

The difference matrix, D, for the EPO algorithm was examined using two approaches, namely EPO 

models under (1) known soil moisture conditions, referred to as ‘specific’ EPO models, and (2) 

unknown soil moisture conditions, referred to as the ‘general’ EPO model.  

To construct specific EPO models, D was calculated for wet soil spectra relative to the dry soil spectra 

at each of the eight moisture levels (R1 to R8). Consequently, eight specific EPO models were 

developed, each designed to correct wet soil spectra for a specific moisture condition. However, 
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applying specific EPO transformations to appropriate moisture ranges presents practical challenges, 

such as requiring additional soil moisture data, often obtained through field-based moisture probes. 

In practical applications, soils typically exist at varying moisture levels, making it essential to address 

this issue. 

To explore the potential of constructing one general EPO model capable of correcting soil spectra 

across various moisture levels without prior knowledge of soil moisture conditions, samples from the 

Rewet-datasets measured at eight soil moisture levels were combined, totalling 480 samples. A single 

D was calculated for wet spectra relative to the dry soil spectra across the eight moisture levels. 

4.2.5.2. Determination the number of components (g) 

The number of EPO components (g) is an important parameter during EPO development. To 

determine g, two methods were used in this study: (1) minimised RMSEP and (2) Wilk's Λ. 

Following the development of calibration models from the Smax-datasets, g was tested from 1 to 30, 

generating 30 transformation matrices (P) along with corresponding recalibrated Smax-models and 

transformed moist spectra. The optimum value of g was determined based on the corresponding 

minimum RMSEP. 

Wilks' Λ is a metric for cluster separation, representing the ratio of inter-group variance to total 

variance (Equation 4-6). It provides a straightforward method for determining g by measuring the 

similarity of the transformed spectra. A value of 0 for Λ reveals a null separation (all the centres of 

mass are confounded). A value of 1 for Λ expresses a perfect separation (each group exactly matches 

its centre of mass). 

Wilk's Λ = 
Trace (B)

Trace (T)
   (Equation 4-6) 

where B is the inter-group variance-covariance matrix of the aggregated transformed spectra (i.e. 

EPO transformed spectra) and T is the variance-covariance matrix of the EPO transformed spectra.  
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A detailed flowchart illustrating the experimental procedures for the Rewet-datasets and Validation-

datasets and the implementation of specific and general EPO transformation procedures are 

presented in Figure 4-3.  

 
Figure 4-3. Flowchart illustrating: (A) the composition and function of the three datasets (Smax-

dataset, Rewet-datasets, and Validation-datasets); and (B) the development of specific and general 

EPO models using the Rewet-datasets and their application to the Validation-datasets. 
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4.3 Results 

4.3.1 Development of calibration models for Smax prediction and Smax classification   

4.3.1.1 Regression models 

Figure 4-4 illustrates results of the best-performing algorithms for Smax-MIR and Smax-NIR. MIR 

spectral regions affected by atmospheric CO₂ signals (2398 – 2281 cm⁻¹) were excluded. The cubist-

based model for predicting Smax from handheld MIR of dried and sieved samples established in our 

previous study (Chapter 3) was applied to the raw Smax-MIR spectra (RVal
2 = 0.81, RMSEP = 63.17 

mg·kg-1, RPIQ = 3.26). For the Smax-NIR, low-level spectral merging by Treatments 1, concatenating 

SG1-preprocessed spectra from the Inno (900 – 1650 nm) and Neo (1650 – 2500 nm), was identified 

as the most effective merging strategy, achieving the highest RVal
2 of 0.69 and lowest RMSEP of 65.66 

mg·kg-1. Yet, according to the regression model quality standards proposed by Ludwig et al. (2017)385, 

even the best-performing NIR model remains classified as a ‘Non-Reliable Model’ (NRM), with RPIQ < 

2.02, indicating limitations in its predictive reliability. 

 

Figure 4-4. Measured and predicted Smax values using Smax-datasets. (A) Results for Smax 

prediction using Smax-MIR raw spectra with calibration models developed in Chapter 3. (B) Results 

for Smax prediction using Smax-NIR (low-level spectral merging by Treatment 1) using SVM 

algorithm. The 1:1 line is plotted in black in each plot. Regression lines are shown in blue for 

calibration samples and red for validation samples. 
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4.3.1.2 Classification models 

Given that the MDKS algorithm systematically encompasses spectral variations across all samples, 

Smax-datasets were divided into a training set (n = 548, SL:SH = 115:433) and a test set (n = 138, SL:SH 

= 29:109). For Smax-MIR, applying the SVM-based classification model established in Chapter 3 

yielded an MCC of 0.65 (κ = 0.62, F1-score = 0.94). For Smax-NIR, the best-performing RF-based 

algorithm achieved MCCTest of 0.63 (κTest = 0.63, F1-scoreTest = 0.92).  

Detailed results for all regression and classification algorithms applied to Smax-NIR spectroscopy 

(including low- and mid-level merging approaches) are provided in the Table 4-2 and Table 4-3.  
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Table 4-2. Summary of the accuracy parameters for each regression model performing on the Smax-

NIR (dried, sieved) spectral library. 

Spectral 
datasets 

Regression 
modelling 
algorithms 

Calibration Validation 

R2
Cal RMSE RPDCal RPIQCal R2

Val RMSEP RPDVal RPIQVal 

Individual detector 

Raw Inno 

PLSR 0.25 125.65 0.59 0.77 0.34 118.2 0.52 0.66 

Cubist 0.51 103.49 0.83 1.11 0.43 108.74 0.77 0.93 

SVM 0.06 141.41 0.23 0.25 0.08 137.12 0.20 0.24 

SG1 Inno 

PLSR 0.29 122.38 0.64 0.87 0.31 118.87 0.57 0.75 

Cubist 0.16 135.27 0.28 0.30 0.18 134.70 0.18 0.30 

SVM 0.50 105.05 0.79 1.11 0.44 108.14 0.72 0.87 

Raw Neo 

PLSR 0.57 96.66 1.15 1.58 0.56 85.82 1.02 1.37 

Cubist 0.64 92.39 0.98 1.44 0.68 77.31 1.08 1.51 

SVM 0.28 125.07 0.58 0.80 0.43 100.75 0.63 0.96 

SG1 Neo 

PLSR 0.47 107.29 0.94 1.3 0.56 88.92 0.85 1.09 

Cubist 0.56 102.6 0.77 1.42 0.55 94.3 0.64 0.63 

SVM 0.73 78.69 1.34 1.89 0.66 76.52 1.29 1.66 

Low-level data merging 

Treatment 1 

PLSR 0.59 95.15 1.20 1.67 0.59 76.61 1.08 1.54 

Cubist 0.54 107.23 0.66 1.14 0.52 90.80 0.58 0.75 

SVM 0.74 79.59 1.31 1.91 0.69 65.66 1.35 1.90 

Treatment 2 

PLSR 0.55 99.47 1.10 1.60 0.58 79.68 0.95 1.31 

Cubist 0.53 107.07 0.69 1.28 0.49 94.38 0.57 0.65 

SVM 0.76 75.35 1.42 2.16 0.65 69.31 1.30 1.94 

Mid-level data merging 

Treatment 3 

PLSR 0.57 97.39 1.16 1.60 0.59 73.04 1.08 1.40 

Cubist 0.58 98.18 1.00 1.39 0.55 78.99 0.87 1.09 

SVM 0.87 58.57 1.98 3.01 0.62 72.42 1.27 1.56 
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Table 4-3. Summary of the accuracy parameters for each classification model performing on the Smax-

NIR (dried, sieved) spectral library. 

Spectral 
datasets 

Classification 
algorithms 

Testing datasets 

(No. SL/SH Samp.= 29/109) MCC κ 
F1-

score 

TP FP TN FN 

Individual detector 

Raw Inno 

RF 108 27 2 1 0.17 0.09 0.89 

SVM 109 29 0 0 0.00 0.00 0.88 

PLS-DA 109 29 0 0 0.00 0.00 0.88 

SG1 Inno 

RF 105 19 10 4 0.42 0.38 0.90 

SVM 107 15 14 2 0.59 0.56 0.93 

PLS-DA 100 18 11 9 0.34 0.33 0.88 

Raw Neo 

RF 97 18 11 12 0.29 0.29 0.87 

SVM 109 27 2 0 0.24 0.10 0.89 

PLS-DA 109 26 3 0 0.29 0.15 0.89 

SG1 Neo 

RF 106 13 16 3 0.62 0.60 0.93 

SVM 105 12 17 4 0.62 0.61 0.93 

PLS-DA 109 26 3 0 0.29 0.15 0.89 

Low-level data merging 

Treatment 1 

RF 100 8 21 9 0.63 0.63 0.92 

SVM 92 6 23 17 0.57 0.56 0.89 

PLS-DA 109 22 7 0 0.45 0.33 0.91 

Treatment 2 

RF 99 7 22 10 0.64 0.64 0.92 

SVM 93 6 23 16 0.58 0.57 0.89 

PLS-DA 102 11 18 7 0.59 0.59 0.92 

Mid-level data merging 

Treatment 3 

RF 108 12 17 1 0.70 0.67 0.94 

SVM 95 12 17 14 0.45 0.45 0.88 

PLS-DA 109 19 10 0 0.54 0.45 0.92 
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4.3.2 Effects of soil moisture on reflectance spectra  

Moist MIR and NIR spectra from the Rewet-datasets were collected separately at eight moisture levels 

(Figure 4-5.A). For Smax-RWNIR, the median soil moisture contents at the eight moisture levels (R1 – 

R8) were 96%, 84%, 70%, 58%, 45%, 33%, 20%, and 8%. For Smax-RWMIR, the median soil moisture 

contents at the eight moisture levels (R1 – R8) were 94%, 82%, 68%, 53%, 36%, 18%, 3%, and 1%. In 

Smax-RWNIR, increased water content predominantly led to increase in total absorbance over the 

entire spectral ranges, particularly around 1450 nm and 1930 nm (Figure 4-5.B, C, and E). Additionally, 

the absorption coefficient at 1930 nm was highest in the NIR region, approximately three times 

greater than at 1450 nm, consistent with Hale and Querry (1973) 404. Moisture levels R1–R4 exhibited 

overlapping average spectra, while from R5 (median GMC = 45%) onward, spectra became more 

distinct with decreasing moisture content. Soil moisture significantly distorted the overall shapes of 

the MIR spectra (Figure 4-5.D), with wet Smax-RWMIR spectra showing similarities at high moisture 

levels yet notable deviations from the dried soil reference spectra (red dashed line). For example, the 

average spectra for R1 – R4 displayed strong absorption peaks around 3700–3200 cm⁻¹ and 1650 cm⁻¹. 

By R5 (median GMC = 36%), the spectra began resembling the reference spectra. From R6 (median 

GMC = 18%) onward, the absorption features (e.g., 3730 – 3610 cm-1, 1950 – 1750 cm-1, and 1750 – 

1210 cm-1) aligned with the reference spectra.
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Figure 4-5. (A) Soil moisture values during the rewetting experiment (Rewet-datasets), with the median GMC values for NIR and MIR scans. (B, C) Mean 

absorbance spectra at different moisture levels for partial NIR regions scanned by Inno and Neo devices, respectively. (E, F) Mean absorbance spectra for 

Smax-RWMIR and Smax-RW-NIR (obtained using the low-level data merging approach following Treatment 1).  
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4.3.3 EPO for moisture correction   

The optimal g determination processes and the specific/general EPO pre-processing algorithms for 

spectra are demonstrated using their application to Smax-RWMIR at R1 (median GMC of 94%) as an 

example. Figure 4-6 illustrates the optimal g selection by (i) Wilk’s ꓥ and (ii) minimised RMSEP for 

specific and general EPO for Smax-RWMIR. At R1, the g values for the specific EPO selected based on 

Wilk’s Λ and minimised RMSEP were 7 and 17, respectively.  

Figure 4-7 shows the Smax-RWMIR at R1 moisture level (X1). EPO transformed the moist spectra into 

a space orthogonal to the moisture effect (X1*), expressed as: X1* = X1•P, where P is the 

transformation matrix. X1* was processed similarly to the recalibrated Smax-MIR spectra. P in Figure 

4-7 (a) and (b) highlighted the wavelengths affected by moisture, with large positive (yellow) or 

negative (purple) values indicating the spectral regions transformed to correct for moisture effects. 

For example, the three highlighted regions (~3400 cm-1, ~1645 cm-1, and ~2150 cm-1) were correlated 

with distinctly increased water absorption, corresponding to fundamental vibrations of water. These 

included a broad feature at ~3400 cm-1 (symmetric and asymmetric H–O–H stretching), a peak at 

~1645 cm-1 (H–O–H bending), and a weaker feature at ~2150 cm-1, attributed to the combination of 

H–O–H bending and water liberation 237.  
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Figure 4-6. Optimal g-values for (1, 2) specific and (3) general EPO determined using Wilk’s Λ and minimised RMSEP. Larger Wilk’s Λ indicates better sample 

separation across moisture levels. Smaller RMSEP reflects better g-selection for predicting soil Langmuir Smax using the recalibrated calibration model. 
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Figure 4-7. EPO algorithm applied to the Smax-RWMIR at R1 spectra. (a) g determined by Wilk’s ꓥ and (b) g determined by minimised RMSEP. The axes in 

projection matrix (P) represent the indices of wavenumbers affected by moisture. Regions with large positive or negative values correspond to spectral 

areas influenced by moisture, which will be transformed. 
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Results from EPO transforming within MIR region suggest a preference for g determined by minimised 

RMSEP method over Wilk's Λ for both specific and general EPO algorithms (Figure 4-8.A). A key 

difference between the two g determination methods was the incorporation of recalibrated Smax-

datasets model validation on the transformed spectra in the minimised RMSEP approach. This made 

g selection dependent on (i) the interaction between EPO process and model validation, and (ii) the 

response variable of the Smax values. In contrast, Wilks' Λ determination produced a single g value, 

regardless of these factors. The minimised RMSEP approach better balanced noise reduction and 

preservation of essential spectral information. Therefore, the subsequent development of EPO 

focused on g values determined by the minimised RMSEP method. Figure 6.B summarises the 

prediction results of Smax-RWNIR for soil Smax values following the application of specific and general 

EPO transformations.  
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Figure 4-8. (A) Regression plots for soil Langmuir Smax prediction for Smax-RWMIR at moisture levels R1–R8 

specific and general EPO corrections, comparing g values determined by Wilk’s Λ and minimised RMSEP. (B) 

Regression plots for soil Langmuir Smax prediction for Smax-RWNIR at moisture levels R1-R8 after specific 

and general EPO corrections (g values determined by minimised RMSEP). Annotated indicators represent the 

mean ± standard deviation. 
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4.3.4 Comparison of specific and general EPO algorithms  

Table 4-4 summarises the comparison of the efficiency of specific and general EPO (g determined by 

minimised RMSEP) moisture corrections for Smax-RWMIR and Smax-RWNIR. 

Specific EPO consistently outperformed general EPO across Smax-RWMIR and Smax-RWNIR for moist 

spectra transformation. Application of general EPO resulted in less effective moisture correction, 

particularly in the Smax-RWMIR, where the average RMSEP was 106.79 mg·kg-1 after general EPO 

correction, compared to an average RMSEP of 68.44 mg·kg-1 with specific EPO correction. These results 

indicate that applying specific EPO, tailored to known soil moisture conditions, can be essential in 

improving the predictive accuracy of MIR wet spectra, achieving accuracy potentially comparable to 

that of dry soil samples. 

Under general EPO transformations, the advantages of NIR over MIR in wet soil spectroscopy were 

demonstrated. The poor performance of Smax-RWMIR (average of R2 = 0.37, RMSEP = 106.79 mg·kg-

1) emphasises the importance of specific EPO transformation in addressing moisture-related variability. 

In contrast, although prediction accuracy decreased for Smax-RWNIR, the decreases were less 

pronounced, only a slight increase in RMSEP was observed (from 60.63 mg·kg−1 to 79.61 mg·kg−1), 

highlighting the superior potential of the full NIR range for enhanced robust prediction accuracy in 

wet soil analysis.
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Table 4-4. Summary of prediction results (average [min to max] across R1 to R8) for specific and general EPO transformations (with g determined by minimised 

RMSEP) applied to wet MIR and NIR spectra from the Rewet-datasets. Smax-RWNIR includes concatenated SG1 pre-processed Inno/Neo spectra following 

low-level merging (Treatment 1) for a full NIR region. 

Rewet-
datasets 

Accuracy metrics (mean, (min-max)) 

After specific EPO transformations (R1–R8) with optimum g After general EPO transformation with optimum g 

R2 RMSEP RPD RPIQ Bias R2 RMSEP RPD RPIQ Bias 

Smax-
RWMIR 

0.66 

(0.52 – 0.66) 

68.44 

(56.13 – 82.33) 

1.76 

(1.43 – 2.10) 

2.32 

(1.88 – 2.78) 

-3.38 

(-6.15 – 0.51) 

0.37 

(0.04 – 0.68) 

106.79 

(71.76 – 145.06) 

1.18 

(0.81 – 1.65) 

1.56 

(1.07 – 2.25) 

-3.38 

(-6.15 – 0.51) 

Smax-
RWNIR 

0.73 

(0.69 – 0.82) 

60.63 

(53.90 - 65.23) 

1.95 

(1.80 – 2.18) 

2.58 

(2.38 – 2.87) 

1.14 

(-3.87 – 6.16) 

0.55 

(0.42 – 0.67) 

79.61 

(71.92 – 88.57) 

1.49 

(1.33 – 1.64) 

1.96 

(1.75 – 2.15) 

10.73 

(-1.61 – 16.77) 
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4.3.5 Classification models in tandem with (specific and general) EPO transformation  

Table 4-5 presents the metrics derived from the confusion matrix for wet MIR and NIR based on the 

recalibrated classification models after specific and general EPO (g determined by minimised RMSEP) 

transformations.  

Results indicate the significantly greater efficiency of specific EPO algorithms over general EPO in 

improving classification accuracies. Specific EPO algorithms consistently outperformed general EPO 

algorithms across all datasets, especially for the Smax-RWMIR (MCC = 0.53 vs. 0.27 for specific and 

general EPO). After specific EPO transformations, the recalibrated model applied to the Smax-RWMIR 

achieved a comparable high accuracy of SL/SH soil classification to that of dry MIR spectroscopy (MCC 

= 0.60). Under general EPO transformations, Smax-RWNIR (average MCC of 0.45) demonstrated 

greater accuracy and robustness for SL/SH soil classifying compared to MIR (average MCC of 0.27). 

The observations emphasise the superior effectiveness of the full NIR range in enhancing classification 

reliability under complex (unknown) moist conditions. 
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Table 4-5. SL/SH soils classification accuracies (average [min to max] across R1 to R8) using the recalibrated model after specific the general EPO 

transformations of the Rewet-datasets with optimal g from minimised RMSEP. Smax-RWNIR includes concatenated SG1 pre-processed Inno/Neo spectra 

following low-level merging (Treatment 1) for a full NIR region. 

Spectral datasets 

Accuracy metrics (mean, (min-max)) 

After specific EPO transformations (R1–R8) with optimum g After general EPO transformations (R1–R8) with optimum g 

MCC κ F1-score MCC κ F1-score 

Smax-RWMIR 0.53 (0.42 – 0.61) 0.48 (0.29 – 0.61) 0.91 (0.89 – 0.92) 0.27 (-0.23 – 0.65) 0.27 (-0.22 – 0.65) 0.85 (0.76 – 0.92) 

Smax-RWNIR 0.52 (0.36 – 0.60) 0.48 (0.34 – 0.56) 0.91 (0.88 – 0.92) 0.45 (0.05 – 0.60) 0.42 (0.04 – 0.56) 0.89 (0.83 – 0.92) 
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4.3.6 Validation 

Based on the shifts in trends of the wet MIR and NIR spectra in Figure 4-5, the wet MIR and NIR spectra 

for the Validation-datasets were rewetted to ‘low’, ‘medium’, and ‘high’ moisture levels, 

corresponding to GMC values of 20%, 40%, and 60% (Figure 4-9). 

Figure 4-9. Scanned spectra for Validation-datasets at different moisture levels (air-dried, low 

moisture: 20% GMC, medium moisture: 40% GMC and high humidity: 60% GMC). Panel (a.2), (b.2) 

and (c.2) show the mean absorbance spectra for Inno, Neo and Agilent scans at the respective 

moisture levels. 
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4.3.6.1 Validation of specific and general EPO transformations for wet IR spectra in Smax prediction 

Specific EPO and general EPO models, both with optimal g determined by minimised RMSEP, were 

validated for moisture correction in Smax prediction using Smax-ValMIR and Smax-ValNIR (Table 4-6).   

For the Smax-ValMIR, specific EPO demonstrated superior moisture correction efficiency at the low 

moisture level (RMSEP = 86.65 mg·kg-1, RPIQ = 3.22). However, its efficiency decreased at the medium 

moisture level, where, after specific EPO correction, it only showed a potential to discriminate SL/SH 

soils (RPIQ = 2.29). For wet MIR spectroscopy at the high moisture level, Smax-ValMIR predicted Smax 

more accurately with a general EPO transformation (RMSEP = 133.18 mg·kg-1, RPIQ = 2.10) than with 

a specific EPO transformation (RMSEP = 254.80 mg·kg-1, RPIQ = 2.09). Nevertheless, for wet soils 

beyond a low moisture level, the application of EPO corrections to MIR spectroscopy remained 

inadequate for accurate Smax prediction. In contrast to MIR, the differences between specific and 

general EPO algorithms were less pronounced for Smax-ValNIR and demonstrated higher consistency 

across moisture levels.  
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Table 4-6. Results for recalibrated models predicting soil Smax values on the Validation-datasets with specific and general EPO (optimal g determined by 

minimised RMSEP) transformations. 

 Application of the recalibrated Smax-MIR and Smax-NIR models after specific and general EPO transformation 

Validation-dataset moisture 
levels 

SPECIFIC EPO transformations GENERAL EPO transformations 

g 1 R2 RMSEP RPD RPIQ Bias g R2 RMSEP RPD RPIQ Bias 

Smax-ValMIR 

 Low, GMC = 20% 27 0.75 86.65 1.80 3.22 -3.74 

25 

0.53 107.58 1.45 2.60 18.79 

 Medium, GMC = 40% 16  0.46 124.69 1.26 2.29 -29.51 0.24 136.74 1.15 2.09 -19.40 

 High, GMC = 60% 9  0.38 254.80 0.61 1.10 -223.86 0.27 133.18 1.17 2.10 14.89 

Smax-ValNIR 

 Low, GMC = 20% 29 0.50 120.12 1.30 2.32 -18.14 

26 

0.45 124.07 1.26 2.25 17.20 

 Medium, GMC = 40% 28 0.29 131.80 1.19 2.12 10.76 0.34 132.43 1.18 2.11 12.48 

 High, GMC = 60% 19 0.56 124.19 1.26 2.25 -0.49 0.48 127.19 1.23 2.20 9.54 

1: The optimal g for the specific EPO applied to the Validation-datasets at low, medium, and high moisture levels corresponds to the specific EPO developed 

at R3, R5, and R7 for Smax-RWMIR and Smax-RWNIR. 
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4.3.6.2 Validation of specific and general EPO transformations for wet IR spectra in SL/SH classify 

Table 4-7 presents the classification performance of calibration models for distinguishing SL/SH soils 

in the Smax-ValMIR and Smax-ValNIR after specific and general EPO (optimal g determined by 

minimised RMSEP) transformations.  

Consistent with the findings for Smax predictions, specific EPO transformations significantly mitigated 

the effects of soil water on classification modelling compared to general EPO transformations. 

Furthermore, the accuracy achieved with Smax-ValNIR was less reliable than that obtained with Smax-

ValMIR. 

MIR is also not recommended for discriminating SL/SH soils in high moisture soils. Specific EPO showed 

better moisture correction efficiency at the low (MCC = 0.44) and medium (MCC = 0.45) moisture 

levels. However, at the high moisture level, specific EPO transformed MIR spectra were less effective 

for moisture correction. In contrast, general EPO corrected for Smax-ValMIR demonstrated lower 

classification accuracy at low (MCC = 0.36) and medium (MCC = 0.33) moisture contents but showed 

better consistency across all moisture levels (MCC = 0.31 ± 0.06). However, at the high moisture level, 

the application of general EPO to Smax-ValMIR also resulted in poor SL/SH soil classification (κ=0.12). 
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Table 4-7. Results for the recalibrated classifying soil P dynamics classes (SL/SH) on the Validation-datasets with specific and general EPO transformations. 

Application of the recalibrated Smax-MIR and Smax-NIR models after specific and general EPO transformation 

Validation-dataset moisture 
levels 

SPECIFIC EPO transformations GENERAL EPO transformations 

g MCC κ F1-score g MCC κ F1-score 

Smax-ValMIR 

 Low, GMC = 20% 27 0.44 0.44 0.83 

25 

0.36 0.35 0.82 

 Medium, GMC = 40% 16  0.45 0.33 0.85 
0.33 0.31 0.82 

 High, GMC = 60% 9  0.00 0.00 0.81 
0.25 0.12 0.82 

Smax-ValNIR 

 Low, GMC = 20% 29 0.33 0.33 0.78 

26 

- 0.06 - 0.05 0.75 

 Medium, GMC = 40% 28 0.42 0.37 0.85 0.27 0.26 0.80 

 High, GMC = 60% 19 0.36 0.23 0.84 0.25 0.22 0.81 
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4.4 Discussion 

4.4.1 Handheld NIR spectroscopy for soil Smax prediction  

In this study, Smax was predicted using NIR coupled with the SVM algorithm on dried, sieved soil (R2
Val 

= 0.69, RMSEP = 65.66 mg·kg-1, RPIQVal = 1.90), achieving a similar accuracy to that reported by Saidi 

et al. (2025)176 (R2
Val = 0.65, RPIQVal = 1.57) in dried, sieved soils using Vis-NIR (350–1000 nm). 

Additionally, our results were comparable to other studies that have predicted similar soil P 

adsorption indices, such as P remaining in solution, as reported by Ramaroson et al. (2023)192 using 

NIR (1100–2498 nm) on dried, finely ground soils (R²Val = 0.65). Similar to MIR coupled with cubist for 

Smax prediction, SVM demonstrated strong performance as a non-linear technique for capturing the 

complex relationships between Smax and NIR spectral data. The superior performance of handheld 

MIR over NIR for Smax prediction (R² = 0.81, RMSEP = 63.17 mg·kg-¹, RPIQ = 3.26) indicated that MIR 

generally provided more accurate predictions than NIR for most soil properties150. Although the result 

for Smax-NIR showed a less reliable estimations for Smax (RPIQVal < 2.02)385, the RF classification model 

demonstrated reasonable discrimination between SL and SH soils (MCCTest = 0.63, κTest = 0.63, and F1-

scoreTest = 0.92).  

Smax predictions are achieved through secondary correlations with soil properties controlling P 

sorption with direct NIR absorptions, such as soil organic matter (SOM) (e.g., ~900 nm and 2320 – 

2370 nm)176, and clay minerals (e.g., Al-OH combination band ~2200 nm)405. Therefore, fusing partial 

NIR spectra from Inno and Neo for soil Smax estimation leveraged a broader range of information and 

improved accuracy. In this study, low-level data mergings (Treatment 1 and 2) outperformed mid-level 

feature merging (PCA-PC scores), probably because PCA decomposition led to information loss, 

reducing the predictive performance and robustness of the fused models. Additionally, Treatment 1 

was selected to be better than Treatment 2 (Table 4-2). Overtones and combination bands around 

1400 nm (e.g., 1358, 1380, 1404, 1462 nm) were critical for Smax prediction175. Treatment 1 
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encompassed the full Inno spectra (900 – 1650 nm), ensuring continuous spectral coverage between 

1350 – 1650 nm without artificial gaps, thereby enhancing model stability and interpretability.  

4.4.2 The effect of moisture content in the NIR and MIR regions 

The overlapping average MIR and NIR spectra in Figure 3 at high water contents (e.g., median GMC > 

~50%) indicated that strong water absorption leads to spectral reflectance saturation400. For Smax-

RWMIR, as moisture decreased to R5 (median GMC = 36%), absorption features associated with clay 

mineralogies (3730 – 3610 cm-1)406, quartz and clay mineralogy (1950 – 1750 cm-1)406, and organic 

matter (1750 – 1210 cm-1)406 converged to the dried soil MIR spectra. Using NIR spectroscopy to detect 

soil components is advisable to avoid water content exceeding 40% - 60% on a dry basis (db)407,408. 

Additionally, to minimise interference when using the region around 1940 nm for detecting other soil 

components, Li et al. (2006)407 recommends maintaining the water content of samples below 20% db. 

According to the changes in Smax-RWNIR and Smax-RWMIR spectral curve shapes across varying soil 

moisture levels in Figure 4-5, the observations in this study are consistent with the moisture level 

recommendations. 

4.4.3 EPO development and moisture transformation efficiency 

The success of specific/geneal EPO moisture corrections in MIR and NIR, as shown in Figure 6, is 

consistent with previous findings266,409. However, unlike de Santana et al. (2019)266, where EPO 

transformation across different moisture levels in NIR spectra (1100–2500 nm) achieved equal 

accuracy for SOM prediction in dry and wet soils, Smax predictions from Smax-RWMIR and Smax-

RWNIR after EPO corrections remained less accurate than those from dried soil spectra (RMSEP = 

63.17 mg·kg-1 and 65.66 mg·kg-1 for Smax-MIR and Smax-NIR on dried sieved soils, respectively). A 

likely explanation is that Smax is predicted through secondary correlations rather than direct energy 

absorption, as in SOM. However, the limitation of EPO in maximising the correction of wet soil spectra 

is consistent with findings from other studies274,410. For example, the EPO developed by Mirzaei et al. 

(2022)274 for soil organic carbon (OC) prediction using Vis-NIR (350–2500 nm) also showed lower 
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accuracy than dry-ground models. This may be because EPO assumes that the wet soil spectral matrix 

consists of three components: a useful part, a moisture-affected part, and an independent residual 

part. However, in practical applications, the influence of the independent residual component is 

ignored. 

Regarding the critical parameter affecting the EPO transformation efficiency, g, this study suggests a 

preference for the (model-coupled) minimised of RMSEP over Wilk's Λ selection approach, which is 

also a method commonly used in other EPO algorithm studies266,411. For example, the average RMSEP 

for Smax-RWMIR across R1–R8 after specific EPO transformations was 68.44 mg·kg-1 and 73.30 mg·kg-

1 with g determined by minimised RMSEP and Wilk’s Λ, respectively. This is because using g 

determined by minimised RMSEP ensured that wet soil spectra corrected by EPO achieved good 

quantitative performance by producing smoother transformed spectra and more parsimonious 

models279. However, the finding differs from the statement reported by Wijewardane et al. (2016)272, 

who suggested Wilk's Λ as a more efficient approach for determining g. This may be due to the main 

difference between the two studies, here the calibration models derived from the soil archive were 

previously established, whereas Wijewardane et al. (2016)272 adjusted the tuning parameters of the 

nonlinear models while selecting the model-coupled EPO g. Additionally, the determination of g was 

also influenced by different decision-making perspectives. For example, for Smax-RWMIR at R1, Wilk’s 

Λ suggested g = 7, whereas minimised of RMSEP suggested g = 17. This study suggested g = 17 for 

higher prediction accuracy (minimised RMSEP) after P transformation, whereas Wijewardane et al. 

(2016)272 suggested applying a lower g to simplify the transformation and reduce spectral noise.   

4.4.4 Efficiencies for specific verse general EPO algorithms 

A well-known advantage for EPO is the potential to transform wet soil spectra without knowing the 

intensity of the water effect411. Results from this study also showed that Smax predictions for Smax-

RWMIR and Smax-RWNIR after general EPO (g determined by minimised RMSEP) transformations 

achieved average RMSEP values of 106.79 mg·kg-¹ and 79.61 mg·kg-¹, respectively. However, compared 
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to the moisture correction efficiency of specific EPO, particularly for wet MIR (average RMSEP = 68.44 

mg·kg⁻¹), general EPO exhibited significantly lower transformation efficiency and less accuracy. 

The better accuracy of specific EPO corrections can be explained by their construction using defined 

moisture levels (R1 to R8), enabling the calculation of a difference matrix (D) to capture moisture-

related variability and generate projection matrices that effectively eliminate the impact of soil water. 

In principle, analogous to principal component analysis, the EPO algorithm is an information removal 

process to remove the spectral information related to moisture. The precise calculation of the D 

ensures that the variability due to moisture is captured and represented in the projection matrices. 

By projecting the wet spectra orthogonally to moisture-related variability, EPO minimised overlap with 

spectral features associated with soil properties. Consequently, after aligning spectra orthogonally to 

specific moisture variability, the specific EPO algorithm effectively eliminated moisture interference 

while preserving critical soil spectral information for predictive modelling.  

Therefore, although (general) EPO removes systematic errors caused by soil moisture266,272,273, a 

finding from this study is that incorporating soil moisture information into the application of specific 

EPO models is crucial for improving correction efficiency, especially in MIR spectroscopy. 

4.4.5 Results on the Validation-datasets 

Results from the Validation-datasets (Table 4-6 and Table 4-7) confirmed the feasibility of using wet 

MIR and NIR under relatively medium to low moisture conditions for Smax prediction, consistent with 

the indications in Figure 4-5. Specifically, for soils at low (GMC = 20%) moisture level, MIR wet spectra 

pre-processed with corresponding specific EPO transformations resulted reliable Smax predictions (R2 

= 0.75, RPIQ = 3.22). For soils at medium (GMC = 40%) moisture level, MIR wet spectra after specific 

EPO transformations resulted reliable SL/SH soil discrimination (MCC = 0.45). Particularly, the 

feasibility of MIR spectroscopy for predicting soil properties at low moisture levels after moisture 

correction is consistent with Metzger et al. (2021)216 and Seidel et al. (2022)237. The limitation of EPO 

in correcting soil moisture at high levels has also been pointed out in410,412,413. Mirzaei et al. (2022) 274 
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applied EPO corrections to wet Vis-NIR spectra (350-2500 nm) and found that the prediction 

accuracies for soil OC, clay and calcium carbonate progressively decreased with increasing moisture 

content and levelled off at higher moisture contents (e.g., >24%). 

The high efficiency of the specific EPO emphasised the importance of incorporating soil moisture 

information to determine appropriate corrections. However, the soil moisture levels suggested in this 

study, based on GMC, are not optimised for rapid in situ measurements414,415. Traditionally, GMC can 

be determined through laboratory-based destructive analysis by oven-drying fresh soil samples. 

Soriano-Disla et al. (2014)116 summarised the feasibility of reflectance spectroscopy for predicting 

GMC, achieving median R² values of 0.83 - 0.89 and the achieved highest values of 0.98 (UV-Vis-NIR), 

0.97 (NIR), and 0.91 (MIR), though these results were obtained under laboratory conditions. Recent 

studies also investigated using other sensors (e.g., time domain reflectometer) for estimating soil 

moisture (with gravimetric data) in relation to gravimetric measurements415. 

In comparison, under unknown soil moisture conditions (with general EPO application) or at a high 

moisture level (GMC = 60%), NIR demonstrated advantages over MIR for wet samples. Smax prediction 

after applying general EPO for Smax-ValMIR and Smax-ValNIR achieved average R² = 0.35 and R² = 

0.42, respectively. When at the high moisture level, Smax prediction after applying specific EPO 

resulted in MCC = 0 for Smax-ValMIR and MCC = 0.36 for Smax-ValNIR. This can be explained by NIR 

being less sensitive to soil moisture than MIR, as the overtone and combination bands of water 

absorption in NIR are much weaker than the fundamental vibrations in MIR. However, the accuracy of 

Smax prediction or SL/SH soil discrimination remains less reliable for practical applications. 

However, overall, the validation results from the Validation-datasets in this study were generally poor. 

The relatively small sample size may have contributed to these results413. Moreover, the effectiveness 

of EPO in removing moisture is low when applied to soils with high variability in texture or mineral 

composition413. According to the Great Soil Groups, the 34 samples in the Validation-datasets 

exhibited high variability, including 29% Brown Earth and Luvisol, 24% Surface Water Gley, 12% Peat, 
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and 3% Alluvial and Rendzina soils. Differences in wetting protocols may have also influenced the 

results. In the Validation-datasets, soil water was added to GMC levels of 20%, 40%, and 60% w/w, 

whereas in the Rewet-datasets, samples were first saturated and then oven dried over time. 

4.4.6 User application and future work 

Results from the Validation-datasets suggested potential for applying handheld MIR and NIR 

spectroscopy in relatively low to medium moisture soil conditions for classification of samples into 

low or high Smax. Additionally, under low moisture conditions, handheld MIR even showed the 

potential for rough screening Smax. As soils at GMC = 20%, an ‘Approximate Quantitative Model’ for 

Smax prediction was achieved using MIR (R² = 0.75, RPIQ = 3.22), placing it in the same regression 

model category as the handheld MIR spectroscopy applied to dried, sieved soils385. However, the 

prerequisite for these is the application of specific EPO transformations that correspond to the 

respective moisture level. Therefore, for future in situ applications of handheld MIR and NIR, 

maintaining dry field conditions and using a water-measuring probe to support specific EPO 

application is recommended. 

In future studies, verifying the specific and general EPO models established in this study for MIR and 

NIR on a larger sample size and standardisation of soil wetting protocols (e.g., following a wetting and 

drying approach) could improve the accuracy of validation. The development of moisture prediction 

models for handheld MIR and NIR spectroscopy is recommended as a next step to reduce costs and 

simplify field use by minimising the need for additional moisture sensors (with gravimetric moisture 

data). Before verifying EPO with MIR and NIR in situ spectra, it would be helpful to investigate how 

many days of dry weather (considering seasonal temperature variations) are required to achieve low 

soil moisture conditions on-site.  
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4.5 Conclusions 

Following previous research, calibration models were developed to approximate quantitative 

predictions of soil Smax values and discriminate between SL/SH soils within NIR ranges. This study 

evaluated the effectiveness of the EPO algorithm in reducing the impact of moisture on MIR and NIR 

spectra for soil P dynamics estimation. Two methods for determining the optimal number of EPO 

components (g) were compared: model-coupled RMSEP minimisation and Wilk's Λ. Since Wilk's Λ 

produces smoother spectra using only reflectance data, the discussion focused on results based on 

EPO development using minimised RMSEP. Two types of EPO methods were developed: (1) specific 

EPO algorithms, designed for transforming wet spectra under known soil moisture conditions, and (2) 

general EPO algorithms, intended for application under unknown soil moisture conditions. The major 

conclusions drawn from this study are as follows. 

1. EPO effectively removes moisture effects from soil MIR and NIR spectra at different moisture 

levels, particularly at low moisture contents (e.g., GMC ≤ 20%).  

2. Specific EPO algorithms are more effective than general EPO algorithms in removing moisture 

variation, particularly for wet MIR spectroscopy.  

3. Moist MIR using specific EPO pre-processing can predict soil Smax values (R2 = 0.75, RPIQ = 

3.22) under known low moisture conditions (e.g. GMC ≤ 20%).  

4. Under known low to medium moisture conditions (e.g., GMC ≤ 40%), wet soil MIR and NIR 

spectra using specific EPO pre-processing are expected to classify SL/SH soils (e.g., MCC = 0.45 

and 0.42 for MIR and NIR at GMC = 40%, respectively). 

5. For in situ handheld MIR/NIR Smax prediction, maintaining dry field conditions and using a 

water-measuring probe for specific EPO application is recommended.
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Chapter 5  

Project conclusions and future outlook  
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5.1 Summary and implications 

Soil phosphorus (P) is an essential nutrient with critical implications for food security, soil and water 

quality, and global climate change. However, owing to the limited consideration of soil P dynamics in 

current agricultural practices in Ireland, which typically rely on time-consuming and labour-intensive 

wet chemistry-based sorption isotherm experiments, the overarching aim of this thesis was to develop 

infrared spectroscopy as a practical alternative to monitor soil P. This included improving the 

prediction accuracy of benchtop MIR spectroscopy and maximising the potential of handheld MIR/NIR 

devices to enable cost-effective, rapid, and green assessments, enabling the transformation from 

laboratory-based ex situ analyses to in situ applications for future site-specific and sustainable P 

management.  

Specifically, this study progressed from testing soil P sorption capacities using the traditional 

isothermal sorption experiment, establishing the reference values and defining behavioural classes 

for integration into agronomic guidelines (Chapter 2), to improving benchtop MIR predictive accuracy 

while reducing sample preparation costs (Chapter 3), and finally to demonstrating the potential field 

applicability of handheld MIR and NIR through calibration for soil heterogeneity and moisture effects 

(Chapters 3 and 4). Collectively, these findings support the use of MIR spectroscopy for rapid and 

reliable prediction of P sorption capacity and highlight the potential of handheld spectrometers for 

practical on-site soil P management in the future. 

Building on previous work that used Langmuir sorption parameters to describe P maximum sorption 

capacity (Smax, mg·kg-1) in Irish soils18,62, Chapter 2 analysed archived samples from the northern half 

of Ireland using the traditional wet chemical isotherm method. According to Spearman’s rank 

correlation analysis and principal component analysis, mineral agricultural topsoils exhibited a 

significant change-point in Smax behaviour, with labile aluminium (Mehlich-3 extractable aluminium, 

M3-Al) identified as a key explanatory variable associated with P sorption capacity. Segmented 

regression analysis between Smax and M3-Al (R2 = 0.49) identified a significant change-point in Smax 
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behaviour at 450.03 mg·kg⁻¹, classifying soils into ‘low’ sorbing capacity (SL soils, Smax < 450.03 

mg·kg⁻¹), which are expected to have a ‘fast rate’ reaction responding to changes in soil P; and ‘high’ 

sorbing capacity (SH soils, Smax ≥ 450.03 mg·kg⁻¹), which are expected to act at a ‘slow rate’ and take 

longer before a response is observed. Classifying soil P sorption behaviours addresses the limitation 

of the current P Index System, which assumes a uniform soil response. For example, under the current 

agronomic Index System, soils grouped into indices 1 or 2 are described as having low available P, and 

fertilisation is suggested to support crop growth. When further accounting for inherent soil sorption 

characteristics, tailored strategies can be applied: for SH soils (definite/likely responses to P inputs at 

a slow rate), split applications and liming are recommended to prevent P lock-up; whereas for SL soils 

(definite/likely responses at a fast rate), fertilisation should be timed precisely and applied under 

optimal soil conditions to match crop demand, thereby maximising efficiency and minimising losses. 

An output of the work in Chapter 2 is integration of the current agronomic Soil Index System with 

classified SL/SH soil sorption capacities (Table 2-8), providing soil-type-specific recommendations for 

future P management in agricultural mineral soils to support more efficient and sustainable fertiliser 

decisions that maintain productivity while protecting water quality. 

However, the wet chemical method utilised in Chapter 2 is time-consuming and labour-intensive, 

making it unsuitable for analysing large volumes of soil samples in practical applications. Chapter 3 

therefore explored the use of MIR spectroscopy as a rapid, highly accurate, reliable, and green 

alternative for classifying soils sorbing capacity and predicting Smax. 

Using laboratory-based benchtop MIR spectroscopy (Bruker device, 4000–400 cm⁻¹ on ball-milled 

samples <0.1 mm), this study improved the prediction accuracy of Smax, achieving performance 

comparable to that of conventional wet chemistry methods (RPIQVal = 4.50, with RPIQ > 4.05 defined 

as an ‘Excellent Model’385), in comparison to the previous work by Dunne et al. (2020)147, which only 

achieved a rough screening for Smax prediction (PLSR, R²Val = 0.67, RPIQVal = 1.55) using a benchtop 

device (Perkin-Elmer Spectrum 400 FTIR instrument with a DRIFT accessory, 4000 to 450 cm⁻¹) on ball-

milled samples (<0.25 mm). Specifically, beyond the use of a larger dataset for model training (n = 737 
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[nCal|nVal = 589|148] vs. n = 196 [nCal|nVal = 147|49]), Smax prediction was enhanced by applying a 

systematic approach that combined optimal spectral pre-processing with non-linear machine learning 

models. For example, support vector machines (SVM) combined with Savitzky–Golay first derivative 

pre-processing achieved the highest predictive accuracy (R²Val = 0.91, RPIQVal = 4.50), outperforming 

the traditional linear PLSR model based on raw spectra (R²Val = 0.87, RPIQVal = 2.93). 

Moreover, although ball milling of dried soil samples is a standard practice in most MIR laboratory 

scanning, omitting this step can further reduce sample processing time and cost. The same 

spectroscopic approach was also applied to predict Smax from heterogeneous samples (<2 mm, 

sieved-only). Overall, SVM combined with Savitzky–Golay first derivative pre-processing enabled the 

benchtop MIR spectroscopy based on either <2mm or ball-milled samples to achieve ‘Excellent 

Models385 (RPIQ > 4.05)’ for accurate Smax prediction (RPIQVal = 4.50 and RPIQVal = 4.25, respectively). 

The comparable accuracy of benchtop MIR models based on ball-milled and <2 mm sieved samples 

suggests that fine grinding is not essential when optimal chemometric techniques are applied. 

Therefore, the findings suggest that benchtop MIR spectroscopy enables accurate, reliable, and rapid 

Smax estimation while reducing analysis time and costs by simplifying the grinding stage of sample 

preparation. 

In addition to improving the accuracy of benchtop MIR-based Smax predictions, another significant 

finding from Chapter 3 suggests that portable MIR spectroscopy (Agilent, 4000–650 cm⁻¹) can serve 

as a time-efficient alternative to the traditional wet chemical testing and a cost-effective substitute 

for benchtop MIR instruments. Despite higher spectral noise, handheld MIR spectroscopy using ball-

milled samples achieved an ‘Approximate Quantitative Model’385 for the Smax value prediction (using 

Cubist on the raw spectra, RPIQVal = 2.74). Importantly, using heterogeneous samples (<2 mm), 

handheld MIR spectroscopy demonstrated the ability to distinguish between ‘low’ and ‘high’ sorbing 

classes (RPIQVal = 2.23). The best SVM classification model for SL/SH discrimination achieved a 

Matthews correlation coefficient (MCC) of 0.60, where MCC = 1 indicates perfect classification. 

Therefore, although portable MIR spectroscopy is less accurate than the benchtop instrument for 
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Smax prediction, its practical advantages (e.g., smaller size, lower cost, robustness, ease of analysis, 

and portability) and the ability to differentiate SL/SH sorbing soils contribute to the progress of 

practical, site-specific P management in the future. 

Handheld NIR devices (Inno: 900–1700 nm; Neo: 1350–2550 nm) were used to scan sieved-only, dried 

archived samples from the northern half of Ireland. Since Smax is a secondary property, spectral 

merging strategies were applied to combine the two NIR spectral blocks, covering the full NIR range 

(900–2500 nm). Chemometrics/machine learning modelling for Smax prediction followed the same 

procedures as in earlier analyses. Although the predictive accuracy was considered unreliable (R2
Val = 

0.69, and RPIQVal = 1.90), the best-performing classification model, based on a random forest 

algorithm, achieved a test set accuracy of 0.63 (κ = 0.63; F1-score = 0.92), suggesting a medium 

classification potential despite limited quantitative accuracy. 

Aiming to transfer the application of handheld spectrometers to field testing, beyond soil 

heterogeneity, soil moisture further challenges in situ spectroscopy. Chapter 4 conducted a re-wetting 

(<2mm sieved-only samples) experiment to mimic fresh soils and collecting the handheld wet MIR and 

NIR spectra. As noted in the review of the related literature (Chapter 1), few studies have investigated 

the use of wet MIR or NIR spectroscopy for analysing soil P dynamics. Although external parameter 

orthogonalisation (EPO) is a widely used and effective method for spectral moisture correction, its 

application to wet MIR spectra has received limited attention. This study developed two types of EPO 

models based on difference matrix (D) calculations: (i) ‘specific’ EPO models, using D calculated for 

each of eight known moisture levels (one model per level), and (ii) a general EPO model, using a single 

D calculated across all moisture levels to enable correction without prior knowledge of moisture 

conditions. Although a well-known advantage for EPO is the potential to transform wet soil spectra 

without knowing the intensity of the water effect411, this work found that specific EPO corrections for 

moisture interference, especially for wet MIR spectra, performed more effectively than the general 

EPO correction. This can be attributed to the difference matrices built for specific EPO models better 

capturing moisture-related variability and generating projection matrices that more effectively 
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eliminate the impact of soil water. Therefore, although (general) EPO removes systematic errors 

caused by soil moisture, a conclusion from this work strongly suggests that incorporating soil moisture 

information into the application of specific EPO models is crucial for improving correction efficiency, 

especially in MIR spectroscopy. Another significant finding is that under low moisture levels (i.e., 

gravimetric moisture content [GMC] ≤ 20%), handheld MIR with specific EPO achieved an RPIQ of 3.22 

for rough Smax screening. Under medium soil moisture levels (i.e., GMC ≤ 40%), handheld MIR and 

NIR, after specific EPO correction, showed potential for Smax classification, achieving MCC values of 

0.45 and 0.42, respectively. Although this work was a controlled laboratory experiment designed to 

simulate field conditions, the findings suggest that under relatively dry field conditions, and with 

information on soil moisture status, handheld MIR and NIR devices have potential for in situ 

determination of soil P sorption capacity. 

Overall, this research aimed to advance the application of spectroscopy to predict soil P characteristics 

that can be coupled with agronomic advice for sustainable P management of soil. After identifying a 

change-point in P sorption behaviour classifying soils based on their inherent phosphorus sorption 

capacities, work in Chapter 3 provided a noteworthy improvement over previous work by using non-

linear machine learning techniques to enhance Smax prediction using MIR spectroscopy. Additionally, 

the successful transfer was demonstrated of MIR spectroscopy from benchtop to handheld devices 

and from laboratory to potential in situ applications. Chapters 3 and 4 respectively addressed the 

technical challenges of soil matrix heterogeneity and moisture interference in using handheld MIR 

spectroscopy for in situ Smax prediction. By progressively addressing soil heterogeneity and moisture 

effects through laboratory calibrations, this work lays the foundation for future in situ prediction of 

soil P sorption capacity using handheld MIR devices.  

In practice, the findings of this thesis provide important support for the adoption of sustainable P 

management practices by farmers, which enhance fertiliser efficiency and maintain crop yields while 

meeting environmental policy requirements in practice. For example, although traditional laboratory 

determinations provide the highest accuracy and traceability, the time and cost involved make routine 
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laboratory analyses impractical for regular on-farm monitoring. Using benchtop MIR spectroscopy 

with drying and sieving preparation can deliver comparable accuracy for predicting soil P sorption 

capacity. The development of a benchtop MIR spectroscopy laboratory requires relatively high 

equipment and preparation costs. Nevertheless, it enables the simultaneous prediction and analysis 

of multiple soil properties and is therefore recommended for advisory or institutional laboratories 

that conduct routine soil analyses. 

Handheld MIR and NIR devices are more cost-effective alternatives to benchtop MIR spectrometers. 

While benchtop instruments provide the highest analytical performance, MIR/NIR scans of dried and 

sieved samples can still deliver acceptable quantitative accuracy at a substantially lower cost. For 

farmers and advisory services seeking to understand how soils respond to phosphorus fertilisation, 

distinguishing between SL and SH soil groups is generally sufficient for guiding management decisions. 

In addition, although NIR devices are more commonly used in the field, this study showed that 

handheld MIR spectroscopy, when applied under low to moderate soil moisture conditions and 

combined with EPO moisture correction, achieved high prediction accuracy for distinguishing SL and 

SH soils and demonstrated strong potential for rapid and reliable field screening. When balancing cost, 

turnaround time, and acceptable uncertainty, handheld MIR can represent a practical and efficient 

tool for routine advisory soil P management, being less expensive than benchtop MIR while offering 

greater accuracy and interpretability than handheld NIR and supporting the implementation of 

sustainable P management strategies. 
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5.2 Limitations and future perspectives  

This thesis used mineral agricultural soil samples from the Terra Project archive (n = 747), which, as 

shown in Figure 2-2, were collected from the northern half of Ireland. However, as an inherent soil 

characteristic, the applicability of the suggested change-point in soil P sorption behaviour at Smax = 

450.03 mg·kg⁻¹ at the national scale remains uncertain. The absence of Smax training data from the 

southern half of Ireland also raises concerns about the robustness and generalisability of the 

developed MIR calibration models for predictive performance at the national scale.  

An earlier study by Dunne (2021)343 applied the same wet chemical method to determine Smax in 

archived soils from the national-scale Irish Soil Information System (ISIS) dataset, albeit with a much 

smaller dataset and spectral library (n = 224). For a rough comparison, mineral samples were selected 

(loss-on-ignition ≤ 20%) and fitted using the linear Langmuir model (R² ≥ 0.80), resulting in a sample 

size of 187. Phosphorus sorption isotherms classified using (a) Giles’ isotherm shapes90 and (b) the P 

sorption behaviour threshold defined in this study are compared in Figure 5-1. Visually, ISIS soils 

classified as SL (Smax < 450.03 mg·kg⁻¹; [b] isotherms in blue) mostly correspond to L strict-shaped 

isotherms ([a] isotherms in yellow) and S-shaped isotherms ([a] isotherms in green) described by 

Dunne et al. (2021)90 as concave, with sorption decreasing as equilibrium P concentration increases; 

these were described as exhibiting slower P sorption rates, consistent with the ‘slow rate’ behaviour 

defined in the SL classification. Similarly, ISIS soils classified as SH (Smax ≥ 450.03 mg·kg⁻¹; [b] 

isotherms in red) mostly align with the C- and non-strict L-shaped isotherms ([a] blue and orange) that 

exhibit no visible sorption plateau and low final P concentrations after equilibration90. These were 

characterised by Dunne et al. (2021)90 as having rapid P sorption behaviour, consistent with the ‘fast 

rate’ defined in the SH classification.  

Among the 223 ISIS samples classified by Dunne et al. (2021)90 (from the full ISIS dataset of 224 

samples, with one excluded as unclassifiable), 21 samples (about 9.4%) were described as exhibiting 

slower P sorption rates (16 strict L-shaped and five S-shaped isotherms). In Figure 5-1 (b) (based on a 
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filtered ISIS dataset of 187 samples), 17 samples (about 9.1%) were grouped under the SL classification 

(Smax range: 247.39–435.44 mg·kg⁻¹; median Smax = 383.10 mg·kg⁻¹). For the described fast-rate 

sorption behaving soils, 170 (about 90.9%) were grouped as SH (Smax range: 451.77–1036.86 mg·kg⁻¹; 

median Smax = 693.78 mg·kg⁻¹), compared to the 202 soils (about 90.6%) reported by Dunne et al. 

(2021)90 (60 C-shaped and 142 non-strict L-shaped isotherms). These findings indicate that the P 

sorption classification method developed in this study, based on archived samples from the northern 

half of Ireland, may be applicable at the national scale.  

 

Figure 5-1. Comparison of classification methods for P sorption capacity in the national-scale ISIS-

dataset. (A) P sorption isotherms from Dunne et al. (2021)90, depicted using Giles’ types: C-shaped 

(blue),  non-strict L-shaped (orange), L-shaped strict (yellow), and S-shaped (green); (B) P sorption 

isotherms coloured by SL and SH classes based on the Smax threshold identified in Chapter 2 of this 

work. 

Although the consistency in isotherm positions suggests the potential applicability of the P sorption 

behaviour classes developed from the larger regional Terra dataset (n = 737) to the national scale, 

their application to the nationally-covered ISIS dataset (n = 187) provides only preliminary evidence 

of national-scale applicability, as the smaller sample size may limit statistical confidence. For example, 

the ratio of low- to high-sorbing soils was approximately 0.26 (SL:SH = 154:593) in the northern-region 

dataset, but only 0.10 (SL:SH = 17:170) in the nationally scaled prediction. Figure 5-2 compares soil 

properties (A) and Langmuir sorption parameters (B.1 and B.2) between the Terra and ISIS datasets. 
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The observed median shifts in soil properties, such as for Smax (669.68 mg·kg⁻¹ for ISIS vs. 

564.54 mg·kg⁻¹ for Terra), may be attributed to sampling bias from the smaller size but broader spatial 

coverage of the ISIS dataset, which contains only about one-quarter the number of samples compared 

to the northern-based Terra collection. Therefore, for the ISIS dataset, despite Figure 5-1 suggesting 

an alignment between the sorption behaviour described by Dunne et al. (2021)90 and the SL/SH 

classification scheme, future validation using a larger, nationally representative dataset is 

recommended to confirm the robustness of the SL/SH classification at the national scale.
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Figure 5-2. Soil information, particularly the Langmuir P sorption parameters Smax (B.1) and k (B.2), collected at the national scale (ISIS-dataset, red) and 

from the northern region (Terra-dataset, green). 
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MIR spectral libraries from the benchtop spectroscopy laboratory for the ISIS samples, including both 

dried, sieved-only and ball-milled (<0.25 mm) samples, have been obtained using the Bruker 

spectrometer after the work of Dunne (2021)343. Therefore, the benchtop MIR calibration models 

(Chapter 3; Bruker-BM (<0.10 mm) and Bruker-2mm) developed in this study were tested for their 

generalisability using nationally scaled soil samples (Figure 5-3). Moderate correlations were observed, 

with R² of 0.53 for the ball-milled samples and 0.58 for the sieved-only samples, respectively. The 

calibration models showed systematic underestimation of Smax values across the national dataset for 

both sample preparation methods. Significant negative bias was observed: −102.08 mg·kg⁻¹ for the 

ball-milled spectra and −89.46 mg·kg⁻¹ for the sieved-only spectra. 

Bland–Altman plots (Figure 5-4 A.1 and B.1) compare isothermally assessed Smax values of the ISIS 

archived soil samples with the predicted Smax values generated by calibration models developed from 

the northern-region soil spectral libraries. After applying bias corrections (adding a constant offset of 

102.08 mg·kg⁻¹ for the ball-milled sample predictions; and a proportional correction for the sieved-

only sample predictions), the goodness-of-fit plots for the ISIS national-scale dataset showed slight 

improvement. However, according to the RPIQ values, reflecting model performance relative to the 

variability of the observed data, values of 1.84 for the ISIS ball-milled and 1.96 for the ISIS sieved-only 

spectroscopy predictions fall below the commonly accepted reliability threshold (RPIQ < 2.02)385. 

Consequently, despite the high accuracy of the benchtop MIR calibration models developed in this 

study for northern-region soils, their predictive strength appears limited when applied to soils 

sampled at the national scale or outside the original calibration domain.  

The limited generalisation performance of the region-based MIR calibration models on nationally 

scaled samples suggests the need for additional calibration using soils from more diverse regions (e.g., 

the southern half of Ireland) to improve the robustness of benchtop MIR models for accurately 

predicting soil P sorption capacity across a wider range of soil types in future work.  



 191 
 

 

Figure 5-3. Application of the corresponding benchtop MIR calibration model, developed using 

Terra archive samples from the northern region (as described in Chapter 2) to the ISIS national-scale 

MIR spectral libraries of dried samples: (A) sieved and ball-milled, and (B) sieved-only. 

 

Figure 5-4.  (A.1) and (B.1) Bland–Altman plots comparing isothermally assessed and predicted Smax 

values for the ISIS samples using Terra-based MIR calibration models. A clear proportional bias was 

observed for the sieved-only samples (B.1), with errors increasing with Smax (slope = –1.15, R² = 

0.83). The annotation ‘LoA’ refers to the limits of agreement, indicating the range within which 95% 

of the differences between predicted and observed values are expected to fall. (A.2) and (B.2) 

Goodness-of-fit plots for ISIS samples using Terra-based MIR calibration models after applying bias 

correction. 
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For handheld MIR spectroscopic analysis, although Chapter 3 aimed to enhance performance by 

applying chemometric techniques to reduce spectral noise and emphasise key absorption features, 

the best performing models built from dried samples, whether homogeneous ball-milled or more 

heterogeneous <2 mm sieved, demonstrated only approximate predictive accuracy or moderate 

performance in SL/SH soil classification. Similarly to the benchtop MIR spectroscopy for Smax 

prediction, non-linear machine learning techniques have shown superior performance over PLSR for 

Smax prediction in this study. As a secondary soil property, P sorption capacity is influenced by 

multiple soil factors (e.g., Al/Fe oxides, pH, etc.), which affect spectral features in overlapping and 

non-linear ways. Non-linear models, often equipped with built-in feature selection, are generally 

better suited to capturing these complex interactions, leading to improved prediction accuracy. Given 

these findings, artificial neural networks can be considered in future work to further improve handheld 

MIR spectroscopy accuracy, using a similar methodology to that demonstrated by Saidi et al. (2025)176.  

Additionally, according to the spectral transformation techniques explored in Chapter 4, applying 

standardisation algorithms, such as direct standardisation (DS) or piecewise direct standardisation 

(PDS), may have a potential to further improve the predictive performance of handheld MIR for Smax. 

DS and PDS establish a transformation matrix that aligns spectra from a primary to a secondary 

instrument. In comparison, DS considers all wavelengths simultaneously, whereas PDS restricts the 

relationship to local spectral regions, enabling more flexible and potentially nonlinear 

transformations247. Practical applications of instrument standardisation and calibration transfer have 

been studied in both NIR416–418 and MIR spectroscopy419. For example, Parrott et al. (2022)419 applied 

DS and PDS to transfer MIR-ATR spectra from the FTLA2000 (ABB, Québec, Canada) to the MB155 

(ABB BOMEN, Clairet Scientific, Northampton, UK). For ethanol and ethyl acetate prediction, RMSEP 

was reduced from 2.8% and 2.0% to 2.4% and 0.9% with DS, and to 2.0–2.6% and 0.6–0.9% with PDS, 

respectively. Consequently, a future investigation into applying spectral space transformation and 

standardisation algorithms to improve handheld MIR spectroscopy for Smax prediction is warranted. 

High-resolution benchtop MIR spectra from ball-milled samples could be used as a standardisation 
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reference (‘master’), which would enable calibration models to be transferred to handheld devices 

(‘slave’). Larger spectral differences between instruments are expected to result in greater 

improvements in predictive accuracy following DS/PDS transformation. By applying a transformation 

matrix279, handheld spectra (from both ball-milled and sieved-only samples) are expected to be 

standardised to the benchtop ball-milled reference, with the hypothesis that Smax prediction accuracy 

will improve. For example, a simple comparison of a DS transformation applied to handheld Agilent-

2mm spectra, using benchtop Bruker-BM spectra as the reference, is shown in Figure 5-5.  Before DS 

transformation (A), the Bruker-BM and Agilent-2mm spectra were pre-processed with Savitzky-Golay 

filter and standard normal variate transformation for baseline correction. However, the Agilent-2 mm 

spectra (red) still contain a lot of noise, e.g., around 3500-3000 cm-1. After DS transformation (B), visual 

inspection shows that the Agilent-2mm spectra improved noticeably (e.g., around 3500-3000 cm-1), 

showing a reduction in noise. Both DS and PDS rely on linear models to link spectral responses 

between the master and handheld instruments419. PDS is expected to outperform DS in correction 

performance, as it estimates the transformation matrix locally across the spectrum using a moving 

window approach, allowing it to better account for non-linear variations. Nevertheless, PDS presents 

challenges, including the need to carefully select the window size, as improper selection may 

introduce spectral artefacts. 
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Figure 5-5. Spectral libraries, Bruker-BM (benchtop, ball-milled) and Agilent-2mm (handheld, 

sieved-only) spectra for 737 mineral soil samples, were derived from Chapter 3. (A) Spectra from 

Bruker-BM (reference) and Agilent-2mm (subordinate) before DS transformation. (B) Spectra from 

the reference (Bruker-BM, blue) and DS-corrected spectra (Agilent-2mm, red) from the subordinate 

instrument. 



 195 
 

An important opportunity for future study is conducting field validation, including validation of the 

determined soil P sorption maximum capacity threshold and the handheld MIR spectroscopic models 

applied to fresh soil measurements corrected using the developed (specific/general) EPO models. Field 

validation of the proposed Smax threshold of 450.03 mg·kg⁻¹ and its agronomic relevance may require 

long-term temporal study involving field trials involving P fertiliser application, monitoring of soil 

plant-available P levels, and crop response over multiple growing seasons. Although time-intensive, 

such validation is essential and worthwhile, as it would account for the complexity of soil systems, 

including plant–soil interactions (e.g., phosphatase activity), farming practices, grazing activities, etc. 

confirming the threshold’s effectiveness for sustainable P management under real-world conditions. 

Additionally, as demonstrated by the potential of handheld MIR spectroscopy to predict soil P 

dynamics (SL/SH sorbing capacity) in wet soils, once validated for field use, its ease of implementation, 

cost- and time-effectiveness, and robustness could support the practical application of the refined Soil 

Index System for P management, contributing to both food security and environmental sustainability. 

For example, although soils in Index 1/2 require P fertilisation for build-up, and Index 3 soils require 

maintenance applications, on-site handheld MIR spectroscopy can readily identify differences in their 

inherent sorption capacities. This enables tailored management based on P fixation potential and 

environmental loss risk. Identified SH soils, with high P sorbing capacity, may rapidly adsorb applied P, 

reducing its immediate availability unless application timing is aligned with plant uptake or soil pH is 

adjusted (e.g. through liming). In contrast, identified SL soils, with low sorption capacity, retain less P 

and pose a greater risk of loss to water bodies, particularly in areas prone to runoff. 

The realisation of handheld MIR spectroscopy for in situ discrimination of soils into low- and high-P 

sorption capacity classes marks a major step toward rational and sustainable P management. It offers 

faster and more cost-effective assessments than traditional laboratory methods, supports site-specific 

fertiliser recommendations, and improves P use efficiency while reducing environmental risks, 

contributing to the EU’s Zero Pollution Action Plan and Ireland’s Nitrates Action Programme. 
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