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ABSTRACT 
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CHARACTERIZATION FOR PRECISION AGRICULTURE 

Perry Taneja 

University of Guelph, 2019

                                                          Advisor: 

              Prasad Daggupati and Asim Biswas 

 

Information on spatio-temporal variation of soil organic matter (SOM) and soil moisture content 

(SMC) is critical for applications in agriculture, forestry, land degradation management, 

environment protection, and land use planning. However, traditional laboratory characterization 

and measurement of these properties is expensive and time and labour-intensive. With 

developments of technology and computational power, digital image processing-based soil 

characterization has shown potential as an easy, fast, and inexpensive technique as colour and/or 

reflectance of soil can be attributed to numerous properties of soil including SMC, SOM, parent 

material, mineralogy, and texture. This thesis investigated various aspects of digital image 

processing for soil characterization in laboratory conditions including optimizing image features, 

and calibrating, validating and comparing various supervised regression and machine learning 

models for developing predictive relationships between image features and laboratory-measured 

SOM and SMC. The research showed strong potential of image-based soil characterization for 

applications in various fields including precision agriculture.   
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CHAPTER 1 

INTRODUCTION 

1.1 Soil Data 

Soil, one of the most vital natural resources, offers a variety of ecosystem services to sustain life 

on earth and the evolution of infrastructure. Appropriate management of this resource calls for 

accurate measurement/characterization of its various properties (Barrios and Trejo, 2003). Soil 

organic matter (SOM), the organic matter component and the life of the soil, incorporates plant 

and animal residues (SSSA, 1997). SOM is considered as the foundation of soil quality and soil 

health and impacts many physical, chemical and biological processes and properties comprising 

of controlling nutrient contributions, water holding capacity, soil structure, air exchange, water 

infiltration, biological movement, shear strength, soil compressibility and pesticide activity 

(Stevenson, 1994). Also, the spatial variability of SOM can assist in adjudging site-specific 

application of nitrogen fertilizer, the central to the precision agriculture applications and can 

tradeoff amongst rising of crop production and reduction of environment pollution (McBratney 

and Pringle, 1999). Consequently, it is a fundamental property that establishes soil's utility and 

functionality and its accurate assessment is critical for applications in the fields of agriculture, 

environment, and engineering. Soil moisture content (SMC) is the amount of water present in the 

soil. Knowledge of the soil moisture status facilitates methodical irrigation, supplying the water 

when required, and extinguishing the uneconomical use of water when there is no requirement of 

irrigation. The SMC is amongst the foremost environmental variables associated with hydrology, 

ecology, and land surface climatology (Vinnikov et al., 1999). Discrepancies in SMC imply a 

vehement impact on regional runoff dynamics, vegetation productivity (actual crop yield) and land 

surface energy dynamics (Moran et al., 2004). In nutshell, both these properties are momentous 

elements of prescription farming and precision agriculture since accurate knowledge on the spatio-

temporal variation of these is advantageous for departments associated with agriculture, forestry, 

land degradation management, environment protection and most importantly land use planning. 

Knowledge of the spatial and temporal distribution of SOM and SMC is important for the 

sustainable management of our landscapes, production of agricultural crops, conservation of soil, 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/forestry
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/land-degradation
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/environment-protection
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/land-use-planning
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and regulation of climate and weather (Meersmans et al., 2008). All these require detailed 

information on soil properties, however, measurement of these soil properties is often costly, time-

consuming and labour-intensive. This calls for new methods for the rapid analysis of these soil 

properties. Also, these estimation methods need to be easy to use as well as inexpensive so that 

the stakeholders can make informed decisions, to maintain both environmental and economic 

sustainability. 

1.2 Traditional measurement of SOM and SMC and associated challenges 

SOM and SMC vary largely in space and time and thus require a large amount of data for detailed 

characterization. Traditional methods are most commonly used for the determination of SOM and 

SMC, while they have certain prerequisites (need of skilled professionals, expensive equipment, 

etc.; prerequisites specific to each method are enlisted in Table 1.1 and Table 1.2) making their 

estimation difficult (costly, time-consuming and labour-intensive) and calls for new developments.   

The traditional procedures for the determination of SOM are Walkley Black chromic acid wet 

oxidation (Walkley and Black, 1947) and weight loss on ignition (LOI) (Nelson and Sommers, 

1982). For the Walkley Black chromic acid wet oxidation method, prerequisites such as the need 

for skilled persons, utilization of highly vigorous acids and disposal of chromium make the 

analysis highly specialized and often difficult (Nelson and Sommers, 1982). In the case of LOI 

approach, fragmentary ignition, presence of ignitable soil inorganic matter or non-ignitable SOM 

could be instrumental in arriving at erroneous approximation. Attributes (spectroscopic) calculated 

using NIR or Vis-NIR sensors have exhibited promise in SOM prediction ex situ (i.e. in lab 

(Cécillon et al., 2009; Li et al., 2012) or in in situ (i.e. in field) environments (Kodaira and 

Shibusawa, 2013; Wenjun et al., 2014). Rossel et al. (2009) and Shepherd and Walsh (2002) 

outlined an intense relation between laboratory computed MIR (Mid-infrared) and SOM. 

Nonetheless, these procedures demand an exhaustive pre-treatment or preprocessing of soil 

specimens and the spectra, and, furthermore, the predictive model’s calibration and validation. 

Opting for these techniques and their applicability for specific circumstances frequently fabricate 

obstacles in the approximation of SOM. The ground-based sensors applying spectroscopic  
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Table 1.1: Traditional methods used to estimate SOM along with the challenges associated with them.  

Approach Brief Description/Methodology Associated Challenges 

Walkley-Black chromic 

acid wet oxidation  

(Walkley and Black, 

1947) 

 

Soil organic matter is allowed to react with 

potassium di-chromate, a strong oxidizing 

agent, following which chromium (VI) is 

converted to chromium (III); SOM is 

correlated to the amount of chromium 

converted which is estimated 

spectrophotometrically. 

Challenging approximation of SOM due to 

• need of skilled professionals 

• appropriate disposal of chromium 

• utilization of a very strong acid 

(Nelson and Sommers, 1982)  

Weight loss on ignition 

(LOI) 

(Nelson and Sommers, 

1982) 

The soil sample is first subjected to high 

temperatures of around 550°C and then loss 

in the weight of the sample is analogized 

with the SOM content. 

 

Erroneous estimation may result due to 

• incomplete ignition 

• presence of non-ignitable SOM (Hoogsteen et al., 

2015)  

• loss of lattice water 

Vis-NIR or NIR or MIR 

sensors  

(Li et al., 2012; Rossel et 

al., 2009; Wenjun et al., 

2014)  

Based on either clustering to distinguish 

samples or to perceive alterations in 

properties of samples (Albrecht et al., 2008) 

or regression techniques to permit the 

prediction of many characteristics of 

unknown samples of soil utilizing 

calibration equations which associate 

spectral information to characteristics of soil 

determined by traditional procedures, inside 

a calibration subspace (Chang et al., 2001; 

Martens and Dardenne, 1998). 

 

Obstacles in correct approximation due to prerequisites 

such as  

• exhaustive preprocessing or pre-treatment of the 

spectra and soil specimens 

• calibration and validation of the predictive model 

• limited prediction accuracy due to variable soil 

moisture and surface roughness 

(Nocita et al., 2013; Rienzi et al., 2014; Rodionov et al., 

2014)  

Ground based sensors Instruments (sometimes mounted on a 

tractor) produce regulated light in the vis-

NIR (400–1000 nm) part of the 

electromagnetic spectrum and map data with 

Widescale utilization of these sensors is questioned due to 

• expensive equipment 
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simultaneous location information (Barnes 

et al., 2003). 

 

• site-specific calibration to account for variables 

such as soil moisture, chemical composition of the 

soil and parent material  

(Hummel et al., 2001; Ji et al., 2015) 

LECO CR-12 Carbon 

Analyzer (Wang and 

Anderson, 1998)   

Organic carbon liberated as 𝐶𝑂2 after 

thermal decomposition at 840°C (for ≤ 120 

s) and determined by infrared spectroscopy. 

Widespread utilization is limited because of  

• high initial capital cost 

• calibration and continuous supply of ultra-pure 

gases 

Proton Balance 

(Loeppert et al., 1984) 

 

A pre-determined amount of 0.4 M acetic 

acid is added to the soil sample to determine 

inorganic carbon. By means of proton 

balance computations, carbon existing in 

reactive carbonate (calcite, dolomite), is 

determined by considering change in pH 

which assume complete neutralization of 

acid.            

Challenging approximation of SOM arises because 

• this method demands attention from the operator 

as well as prolonged duration of reaction time 

(days) for the carbonate minerals to be completely 

digested  

• when reaction time ≥ 24 hours, there arises the 

possibility of hydrogen ion consumption by soil 

ion exchange, which can lead to inorganic 

carbonate carbon being overestimated 

• dolomite’s incomplete acid decomposition can 

lead to inorganic carbon being underestimated 

(Loeppert et al., 1984) 

Acid evolution  

(Johnson and Maxwell, 

1981) 

Inorganic carbon lost via wet-chemical 

decomposition of carbonate minerals (using 

50% HCl) is determined by analyzing 𝐶𝑂2 

using infrared spectrometry at room 

temperature (LECO CR-12), after chlorine 

fumes are removed by bubbling evolved 

gases down a 𝐶𝑢𝑆𝑂4 solution.  

 

 

 

Widespread utilization is limited since this method  

• constitutes movement of gas to the infrared 

detector which may lead to error in estimation 

• is incapable of being used for carbon in graphite 

form since graphite doesn’t react with HCl  

• being a laboratory technique, proves to be 

inadequate when large batches of samples have to 

be processed   
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Acid residue  

(Saikkonene and 

Rautiainen, 1990) 

 

OC is liberated after high temperature 

(LECO 1350°C) combustion following a 

50% HCl pretreatment which causes 

removal of inorganic carbonate carbon. 

Removal of chlorine fumes in the residue is 

done with the help of an on-line KI filter.  

 

Erroneous estimation may result because 

• dissolved and fine-grained particulate matter gets 

lost by leaking via porous ceramic boat 

comprising of sample. Loss in the mass via 

leakage gets considered in the organic carbon 

estimated by loss by combustion, leading to 

overestimation of inorganic carbon  

• chlorine produced by this technique doesn’t get 

detached by pretreatment, thus, corroding the 

infrared cell and lining of the furnace which leads 

to higher cost of operation.  

• the on-line chlorine filter requires frequent 

replacement, as well as quartz sample boat instead 

of standard ceramic boat which is costlier and 

should be utilized to keep chlorine retention at a 

minimum.  

• additionally, the effervescence might result in loss 

of material of the sample from the reaction boat.  

Peroxide residue 

(Black, 1965; Carter, 

1993; Kunze and Dixon, 

1986) 

OM is removed by wet-chemical oxidation 

with strong (30 wt%) hydrogen peroxide, 

and the remaining inorganic carbon is 

determined by combustion at a high 

temperature of 1350°C. 

Widescale utilization is questioned since the 

• reaction time may exceed many days (for samples 

rich in organic carbon), which causes difficulty in 

the removal of the residue from the walls of the 

reaction vessel.  
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Table 1.2: Traditional methods used to estimate SMC along with the challenges associated with them.  

Spatial 

Observation 

Scale 

Assessment 

Technique 

Method 

example 

Brief Description Associated Challenges 

Point Gravimetric 

 

Oven-drying 

and weighing  

 

 

Requires placing a soil mass in a 

drying oven at 105-degree C for 

24 to 48 hours to correlate the 

loss in weight to the moisture 

content  

(Lunt et al., 2005) 

 

• Destructive sampling 

• Labour intensive 

• Costly 

• Relatively coarse temporal resolution (e.g., 

weekly or monthly) 

• Difficult in usage with rocky soil (Stafford, 

1988)  

 

Nuclear Neutron 

scattering 

(Gardner and 

Kirkham, 

1952)  

Hydrogen atoms present in the 

soil retards the motion of 

neutrons moving at a fast pace 

which are emitted by a 

radioactive source 

 

• High cost 

• Difficulty of use 

• need for each sample of soil to be 

calibrated 

• surveillance to circumvent health hazard  

(Noborio, 2001)  

 

 

 

Gamma ray 

attenuation 

(Reginato and 

Van Bavel, 

1964)  

 

Density of matter in the path of 

gamma rays is correlated to their 

scattering and absorption 

 

• Accuracy is restricted on account of the 

random nature of radioactive 

disintegration  

(Ferraz and Mansell, 1979) 

 

Electro-

magnetic 

Time Domain 

Reflectometry 

(TDR)  

Propagation velocity of electrical 

pulses is correlated to the change 

in moisture content  

• Environment sensitive probes (leads to 

incorrect estimations) (Sakaki et al., 1998; 

Zegelin et al., 1989)  
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(Topp et al., 

1980) 

 

(Worsching et al., 2006)  • Limited applicability in highly saline soils 

(Ferrara and Flore, 2003)  

Capacitance 

and 

Frequency 

Domain 

Reflectometry 

(FDR) 

 

Variation in the frequency of a 

signal detected by an oscillator 

due to the dielectric properties of 

the soil which is associated to 

changes in its moisture content 

(Robock et al., 2000)  

• Expensive 

• Between sensor variability restricts the 

installation at high densities over large 

areas 

• Ambiguity in estimation of automatic 

travel time of the device 

• Restricted sphere of influence (about 1.6 

in.) 

• Sensitive to soil salinity, air gaps, 

temperature, clay content and bulk density 

(Erlingsson et al., 2009; Evett, 2003). 

Capacitance 

sensors 

(probes) 

Uses the dielectric constant by 

computing capacitance between 

two electrodes inserted in the soil 

(Zazueta and Xin, 1994)  

• Expensive 

• Temperature and soil specific results, 

necessitating soil specific calibrations 

• Doubtful long-term sustainability 

(Pardossi et al., 2009; Zazueta and Xin, 

1994) 

Ground 

Penetrating 

Radar (GPR) 

Based on detecting the changes 

in the electrical properties of the 

sub-surface by perceiving the 

portion of the transmitted signal 

which is reflected of a high 

frequency electromagnetic wave 

(Du and Rummel, 1994) 

 

 

• On account of their high electrical 

conductivity, numerous types of soils are 

radar opaque and emit radar energy, 

thereby limiting its usage (Doolittle and 

Collins, 1995) 

• Rocky and steep slopes restrict its 

applicability because of substantial 

antenna size 
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• Difficult to use in forests since trees act as 

reflectors producing inaccurate data 

(Schrott and Sass, 2008) 

Tensiometric Tensiometers Determines the capillary tension 

(soil matrix moisture potential) 

moisture (Schmugge et al., 1980)  

• Inappropriate for dry soils (Schmugge et 

al., 1980) 

• Requires high maintenance (Dukes et al., 

2010)  

Feel and 

Appearance 

Manual Soil moisture interpretation chart 

dependent on soil sample 

squeezing and classification of 

texture (Miles, 1999)  

• Subjective 

1D 

hydrologic 

models 

WAVE, 

SWAP 

Solving the 3D Richards 

equation having information on 

the atmospheric upper and soil 

bottom boundary conditions 

Assumes  

• perfect drains 

• fixed depth of hydrological profile 

• steady state during time increment 

• constant thickness of hydrological profile 

 (Kroes et al., 1999) 

Regional Remote 

Sensing (RS) 

Satellites, 

RADAR 

(microwaves) 

and active and 

passive 

sensors 

(Puma et al., 

2005)  

Electromagnetic energy either 

reflected (VISIBLE, NIR, 

SWIR) or emitted (TIR 

emittance, Microwave emission 

RADAR) from the soil surface 

(Schmugge et al., 1980)  

• Complicated 

• Uneconomical 

• Finite penetration depth in soil surface 

(optical and thermal RS) 

• exorbitant interruption by clouds and 

foliage and a considerable signal 

interruption by the earth's atmosphere 

(optical RS) 

• presently not under operational 

application; coarse spatial resolution (e.g. 

50 × 50 km) (spaceborne microwave RS) 
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• Uncertainty in the relationship between the 

brightness, temperature and soil moisture 

(Wang and Qu, 2009)  

• Hard to estimate in dense vegetation 

conditions (Njoku and Entekhabi, 1996; 

Ulaby et al., 1996)  

Catchment 

Models 

SWAT, 

MIKE-SHE 

(Neitsch et al., 

2002; 

Refsgaard and 

Storm, 1995)  

Working out the 3D Richards 

equation possessing knowledge 

about the atmospheric upper and 

soil bottom boundary conditions 

• Empirical nature of the techniques (NRCS 

curve number method) used 

• detailed spatial depiction of some land 

uses isn’t feasible utilizing the prevailing 

SWAT HRU technique (Gassman et al., 

2007)   
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attributes of soil have demonstrated promise in the SOM approximation. However, the need for 

big-budget equipment and site-specific calibration owing to variables like moisture in the soil, 

chemical composition of the parent material and soil itself create a question on the widescale 

operation of these sensors (Ji et al., 2015). 

Regardless of the huge significance of SMC, its exact, correct and precise geographical estimation 

is a complicated matter. This is primarily on the grounds that the standard assessment method 

namely, the gravimetric method is a point measurement technique. It involves heating the soil mass 

in a drying oven at 105°C for 24 to 48 hours to correlate the loss in weight to the moisture content. 

Furthermore, it is a destructive sampling, expensive and arduous measurement technique. Other 

SMC measurement method established is gamma ray attenuation (Reginato and Van Bavel, 1964) 

in which the density of matter in the path of gamma rays is correlated to their scattering and 

absorption. Yet another method is neutron scattering (Gardner and Kirkham, 1952) in which the 

hydrogen atoms present in the soil causes the neutrons moving at a fast pace and emitted by a 

source which is radioactive to slow down. Though both techniques are non-destructive implying 

that structure of the soil remains undisturbed (or maintained), but the need for site-specific 

calibration and surveillance to circumvent health hazard (Noborio, 2001) makes their wide-scale 

applicability a challenge. A stumbling block of optical and thermal remote sensing perspectives is 

their finite penetration depth in the soil surface. Furthermore, optical remote sensing suffers from 

an exorbitant interruption by clouds and foliage and a considerable signal interruption by the 

earth's atmosphere as well. 

In analyzing these properties, sample collection, sample preparation followed by an analysis of 

samples in the laboratory and interpretation of the obtained results require a substantial amount of 

time. This leads to either delayed decision making or having stakeholders to resort to already 

available old data which ultimately renders them to make incorrect decisions. This presses on the 

need to examine the utilization of alternative approaches for measuring and estimating SOM and 

SMC.   
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1.3 Relationships between SOM, SMC and soil colour  

Soil colour is majorly determined by the constituents of soil viz. SOM, SMC, the chemical 

composition of transition metals in clay minerals, carbonates, and iron oxides (Ben-Dor et al., 

1998). Soil colour is also easily perceptible and nearly stable over time which forms the rationale 

of its application in soil classification and identification systems (Dudley, 1975) and in quantitative 

and qualitative estimations of soil properties, for example, soil organic matter (Rossel et al., 2008), 

iron oxides/contents  (Levin et al., 2005; Rossel et al., 2008) and soil moisture content  (Persson, 

2005; Zhu et al., 2011). Soil colour was found to be significantly correlated to spectral reflectance 

properties when expressed in the RGB colour space model (Escadafal et al., 1988). Numerous 

researchers have shown that there exist relationships between soil properties and light reflectance 

in the near-infrared (NIR), visible and mid-infrared (mid-IR) part of the electromagnetic spectrum 

(Ben-Dor, 2002; Ge et al., 2007; Krishnan et al., 1980; Rossel et al., 2008; Wu et al., 2017). It was 

also found that SMC and SOM content (when it is > 2.0%) highly influenced light reflectance from 

soils (Baumgardner et al., 1986; Krishnan et al., 1980). It was observed that with soil reflectance, 

SOM and SMC both, exhibit a considerable negative correlation (Al-Abbas et al., 1972). Darker 

soils frequently consist of a higher amount of SOM and SMC (Brady and Weil, 2010; Gelder et 

al., 2011; Liles et al., 2013) and they are, therefore, considered to present lower reflectance. This 

association between soil reflectance and its moisture and organic matter content can thus, be 

utilized to foretell their content through modeling. 

1.4 Use of Munsell notations and colour charts along with their limitations 

Soil colour features have been determined by employing numerous distinct techniques following 

which various trials have been conducted to assess the correlation between SOM contents and soil 

colour; one of them by Brown and O’ Neal in the 1920s (Schulze et al., 1993). After which, colour 

tables or charts which portrayed the correlation between amounts of SOM and soil colour were 

unfolded by utilizing Munsell soil colour charts or from visual descriptions of colour (Alexander, 

1969; Shields et al., 1968; Steinhardt and Franzmeier, 1979). Shields et al. (1968) researched 

numerous Ap horizons in order to differentiate between two soils on the basis of the colour of the 

soil. A correlation between soil colour and SOC content was observed for both soils. Alexander 
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(1969) formed a colour chart for visual estimation of the SOM content of Ap horizons using more 

than 300 soil samples from Illinois, USA. Steinhardt and Franzmeier (1979) developed a 

relationship between the SOM contents against the colour of moist soil for 262 samples. Both 

pieces of research developed relationships to estimate SOM visually and categorized SOM into 

quantitative categories utilizing the standard Munsell Colour System. However, considerable 

differences that generally exist amongst the Munsell Colour Charts and subjective visual matching 

between the soil samples and limited standard colour chips, incorrect estimations are obtained 

which further result in erroneous predictions (Sánchez-Marañón et al., 2005). Furthermore, the 

notation of the Munsell Colour Chart does not lend itself to statistical analysis that makes the 

development of SOM prediction models complex (Kirillova et al., 2015).  

1.5 Image Data Processing  

In recent decades, with technological progression, the swift expansion of digital image acquisition 

systems bestows us with opportunities and tools to be used in precision agriculture and natural 

resource administration.  

Digital cameras are 3D scanners that capture 2D or 3D objects in the form of two-dimensional 

matrices known as digital images (Prayagi, 2015). Digital image processing involves the following 

basic steps:  

• Image acquisition  

• Image enhancement/ preprocessing 

• Image segmentation  

• Image representation and description (extraction of useful information) 

• Image recognition and interpretation 

• Image compression and/or storage  

1.6 Digital Image Processing in Similar Fields  

Digital image processing has shown potential for use in various fields, e.g. in medical sciences, to 

detect tumors by enhancing scans such as angiogram, X-ray, tomography, etc. (Pham et al., 2000); 
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in food industry, for defect and blemish detection in potatoes (Barnes et al., 2010; Jin et al., 2009), 

to determine the colour of surface of food (Yam and Papadakis, 2004); in agriculture, to identify 

wheat class (Manickavasagan et al., 2008), in detection of damage in maize crop (Sena Jr et al., 

2003); in military, to obtain real time information of  defense and target (Shah, 1987); in 

criminology, for fingerprint matching using pattern recognition (Mardia et al., 1997) and numerous 

others as reported in the review by (King, 1995). These stated applications demonstrate the ability 

of digital image processing to be applicable to analyze attributes of soil. 

1.7 Digital Image Processing in Soil Science  

Digital image acquisition systems exhibit a huge potential for use in the field of soil science owing 

to their:  

• Budget friendly nature  

• Real-time accessibility of imagery for visual assessment   

• Computer image processing  

• Saving a lot of laborious soil-sample collection and analysis work  

• Simple and cost-effective than full spectrum methods e.g. spectroscopy   

• Reducing the requirement for calibration and precise modeling of various physical 

attributes of the environment such as Bidirectional Reflectance Distribution Function 

(BRDF), atmosphere, etc. (King, 1995).     

Within soil science, digital image processing can be used to estimate certain 

characteristics/properties of soil and/or vegetation. Under these digital image processing 

techniques, images of soil, static or dynamic, are captured with the help of cameras and are 

categorized and characterized using computer algorithms and programs. Sharp resolution digital 

imaging systems can effortlessly acquire the red, green and blue values of intensity of image 

pertaining to the RGB colour model at the surface of the soil. Red, green and blue-these primary 

colours can create all other colours present in nature. As a result, these three bands corresponding 

to RGB acquired by a digital camera are able to estimate colour of soil to differentiate related 

properties of soil. For example, colour and textural features of the image can be correlated to the 

physical characteristics of the subject (or certain portions of it) following which a bunch of  
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Table 1.3: Overview of studies which used smartphone and digital camera to estimate SOM and SMC.      

Author, 

Year 

Camera 

type 

Soil 

Property 

Estimated 

Colour Space Model Used as Predictors Environment 

(images were 

captured in) 

Statistical 

analyses 

Soil 

Sample 

Collecti

on SOM/

SOC 

S

M

C 

R

G

B 

Munsell 

HVC/ 

HSV 

La*b* Lu*v* Lc*h* Monoc

hrome 

(Gray) 

Laborato

ry 

(Controll

ed) 

Field 

Viscarra 

Rossel 

and 

Walter, 

2000 

Digital 

camera 

×  × × × ×   ×  Reciprocal 

and 

logarithmic 

transforms 

(simple 

linear) 

France 

Viscarra 

Rossel et 

al., 2003 

Digital 

camera 

×  ×  × ×   ×  Reciprocal 

and 

logarithmic 

transforms 

(simple 

linear) 

France 

Gregory 

et al., 

2005 

Digital 

camera 

×  ×      × × SLR, PR, 

MLR 

Ontario 

Magnus 

Persson, 

2005 

Digital 

camera 

 × × ×     ×  Linear 

regression* 

Sweden  

Viscarra 

Rossel et 

al., 2008 

Digital 

camera 

×  × × × × ×  ×  Univariate, 

MLR and 

full factorial 

France 
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regressions 

(FFS) 

Zhu et 

al., 2011 

Digital 

camera 

 ×      × ×  Curve 

fitting 

China 

Donnelly 

et al., 

2013 

Smart 

phone 

×  ×       × Neural 

network 

Scotlan

d 

dos 

Santos et 

al., 2016  

Digital 

camera 

 × × ×    × ×  Linear 

regression 

Brazil 

Wu et 

al., 2017 

Digital 

camera 

×  ×      ×  Reciprocal 

and 

logarithmic 

transforms 

(multiple 

linear) 

China 

Sakti et 

al., 2018 

Digital 

camera 

 × ×     × ×  Linear 

regression 

Indones

ia 

Wu et 

al., 2018 

Digital 

camera 

×  ×  ×    ×  SLR, 

SMLR 

(Reciprocal 

and 

logarithmic 

transforms) 

China 
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applications can be investigated. These include but are not limited to characterizing mass and 

length of roots (Kimura et al., 1999); soil texture (Sudarsan et al., 2018), soil organic matter content 

(Chen et al., 2000; Sudarsan et al., 2016; Wu et al., 2017); soil moisture content (dos Santos et al., 

2016; Zhu et al., 2011); soil structure, drainage of soils, bulk density and pH (Aitkenhead et al., 

2016); and concentration of dye tracers (Ewing and Horton, 1999).   

To sum up, in view of the high resolution, inexpensive and easy to use attributes offered, digital 

cameras and cell phones prove to be a viable alternative for imaging and measuring soil colour 

(Doi and Ranamukhaarachchi, 2007; Gómez-Robledo et al., 2013; Levin et al., 2005; 

Moonrungsee et al., 2015; Stiglitz et al., 2016). Furthermore, digitally quantifying soil colour 

renders it appropriate to be analyzed statistically and presents an opportunity in the form of a new 

technique to characterize SOM and SMC as major contributors to colour of soil (Table 1.3).  

1.8 Research Gaps and Objectives  

There are three key components which need to be addressed to make any computer vision 

dependent application for soil characterization a success: 

1) Obtaining image data of adequate quality 

2) Extraction of useful information from the obtained image data and  

3) Mathematical manipulation of useful information   

Obtaining image data of adequate quality 

The first is the collection of good quality image data. Images can be acquired via various means. 

Digital cameras are commonly used as they provide digital images which can be mathematically 

manipulated directly to extract useful information. The wavelength of the registered light may 

vary, generally cameras register visible light (approximately 400–700 nm), while some also use 

shorter or longer wavelengths (X-rays, UV, IR). Image scale may also be different; micro level 

images can be captured using microscope cameras whereas satellite images can provide coverage 

for nearly whole continents. However, particularly for image-based soil characterization, digital 

cameras have been extensively used (Table 1.3). While some researchers have also reported the 
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development of new sensors (Griffis, 1985; Krishnan et al., 1981; Pitts et al., 1983; Ruckman et 

al., 1981; Wayayok et al., 2014), others have evaluated existing sensors (Stiglitz et al., 2016) and 

fabricated attachments to be used in conjunction with smartphones and/or digital cameras (Lu, 

2016). But, the requirement of an additional attachment imposes a limit on the widespread 

utilization of these characterization techniques for practical purposes. Thus, the focus of any new 

study should not to be on developing a new sensor or an image acquisition system/protocol. Instead 

it should be to evaluate the feasibility of techniques which are already available, commonly used 

and are easy to operate, i.e. digital camera and cell phone in terms of the potential of the images 

captured by them to characterize soil properties. This justification is on account of the already 

established use of digital cameras for image-based property estimation in soil and other sciences 

(mentioned in section 1.6 and 1.7) as well as due to the recent technological shift towards utilizing 

sharp resolution cameras in cell phones. Thus, there is a need to evaluate the soil characterization 

ability of cell phone images. Specifically, to check whether enough prediction accuracy can be 

obtained with cell phone images as that is obtainable by digital cameras. 

Additionally, numerous studies which used digital image acquisition systems to obtain information 

about soil colour were restricted to controlled sources of light in the laboratory (Gómez-Robledo 

et al., 2013; Rossel et al., 2008; Sakti et al., 2018b; Wu et al., 2017; Zhu et al., 2011). However, 

there shouldn’t be any such restriction imposed on the image acquisition process. This is because 

the variation in lighting conditions in actual field conditions are abrupt, huge and uncontrolled. 

Also, the information obtained from any such study can then be put into use in future, to develop 

a proximal soil sensor which can be deployed in field for in situ analysis under highly variable 

conditions.  

Furthermore, under the moisture content settings of other studies, all the samples had a fixed SMC 

at one wetting level. This led to the generation of abrupt bi- or tri-modal SMC distributions (Nocita 

et al., 2013; Rienzi et al., 2014; Rodionov et al., 2014). But soil moisture content usually follows 

a normal or quasi-normal distribution in a field and holding the SMC constant would thus, bias the 

picture-capturing process. This is because samples with different SOM values tend to have varying 

drying attributes and water holding capacities and maintaining the soil moisture at a fixed value 

for each sample would be illogical from the point of view of plant available water. For that reason, 
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not controlling the SMC and allowing it to vary is considered beneficial to simulate the manner in 

which soil moisture varies continually through space in a field. 

Extraction of useful information from the obtained image data 

The second is to extract useful information from the obtained image data and discard irrelevant 

information. The most important fact worth paying attention to is that the surface of soil is 

heterogeneous. Consequently, foreign particles primarily consisting of plant litter, residues of roots 

and white coloured powder such as that of lime or fertilizer can hamper the accuracy of the results. 

Digital imagery has an edge over other approaches in this respect that, not only does it offer 

effortless operation before the experiments, but also allows for convenient processing of the data 

after the images have been collected. This is because we can continue to further improve the data 

after the image acquisition has concluded to make the data accessible for use in soil research. For 

instance, data processing can be done to remove the values of image-intensity of foreign particles 

in the soil to obtain accurate values of image-intensity of the surface of soil), to enhance the 

correlation with soil property of interest. To accomplish that, preprocessing techniques are used 

ranging from simple cropping (Rossel et al., 2008; Wu et al., 2017) to developing image specific 

criteria (Aitkenhead et al., 2016) to exclude portion of images which is not soil. Therefore, some 

preprocessing techniques should be evaluated to identify and retain pixels which represent soil and 

remove the ones which are not. 

Furthermore, there is no comprehensive information on the features that can be extracted for use 

in soil characterization. Majority of the studies only examined the utilization of RGB and HSV 

channels, however, the possibility of using colour and texture information from monochrome 

images has been rarely examined (Table 1.3). Therefore, in addition to other channels, the use of 

colour and texture information derived from monochrome images should also be explored.  

In addition to that, it becomes necessary to explore and examine variable reduction or data 

compression techniques when numerous channels are evaluated simultaneously. Specifically, to 

identify few useful features which can provide reasonable approximation without comprising the 

accuracy of results, however at the same time enhancing computational speed. Thus, a unified 
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index or scoring system should be developed to assess and compare the relative contributions from 

different image features towards prediction since this dimension has been rarely studied.    

Mathematical manipulation of useful information   

The third is to analyze the information obtained from the images with right algorithms by using 

models which best capture the linear/ non-linear relationships between the extracted features from 

the image and the soil property of interest. Once the images have been acquired, they cannot be 

altered/improved. But, the use of various algorithms and models can be controlled. The choice of 

algorithms that can be used to build predictive equations range from simple linear regression to 

convoluted data driven and/or machine learning approaches. Table 1.3 shows the relevant studies 

which explored the association and model the relationship between SOM, SMC and soil colour 

when utilizing digital cameras and cell phones. Even though many researches have exhibited the 

potential of utilizing these to correctly estimate colour of soil and to determine SOM and SMC, 

these were just preliminary investigations of the association amongst soil properties and its colour. 

The present/available literature shows lack in the way various approaches have been used for the 

quantification of SMC and SOM. Most of the researchers have resorted to the use of various forms 

of linear regressions alone to model the relationship between SOM or SMC and soil colour. For 

instance, the use of simple and multiple linear regression (dos Santos et al., 2016; Persson, 2005; 

Sakti et al., 2018a; Wu et al., 2017), polynomial regression (Gregory et al., 2006) and neural 

networks (Donnelly et al., 2013) have been reported. Although, some researchers did try using two 

to three different models to build predictive relationships (Gregory et al., 2006; Rossel et al., 2008; 

Wu et al., 2018), none of them comprehensively compared the popularly used algorithms and 

models. Additionally, there are some models which have already found application in the field of 

soil science to develop SOM and SMC predictive relationships such as support vector machines 

(SVM), ensembles of trees (cubist, random forest, boosted trees, bagged trees), Gaussian Processes 

Regression (GPR), (Chen et al., 2019; Gill et al., 2006; Kotlar et al., 2019; Matei et al., 2017), but, 

they never got tested on image data. These demonstrate the need to assess and compare these 

models with the popularly used algorithms and models on data collected from images. An overall 

comparison can provide a comprehensive assessment of the performance of these models in 

estimating SOM and SMC. Although, access to or availability of bigger dataset and validation in 
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field can improve the predictive capability of any model, even minor enhancements in the 

prediction accuracy utilizing several types of algorithms or models will improve the assessment 

and monitoring of management strategies. This is more crucial/vital for less accessible regions and 

exhibits enormous potential to contribute to food security via appropriate management.  

These gaps are addressed through the following set of objectives: 

1.8.1 Overall Objective 

The overall objective of this research was to examine the potential of using images captured by a 

digital camera and cell phone to estimate SOM and SMC as a faster method of soil characterization 

in comparison to traditional laboratory procedures.  

1.8.2 Specific Objectives  

The research was designed to address the following specific objectives: 

1. To examine the importance of significant image features extracted from colour space 

models RGB, HSV and grayscale for SOM and SMC prediction. 

2. To calibrate, validate and compare various supervised regression and machine learning 

models for developing predictive relationships between image features and laboratory 

measured SOM and SMC. 

Both objectives were studied on the two image acquisition systems, digital camera and cell phone 

and are presented as two chapters in this thesis. This study will help us in selecting promising 

image features and type of regression/ machine learning model which can be used to build a 

standalone app in the future relying on colour information of soil sample alone. The images 

obtained using inbuilt camera of a smartphone can provide a reasonable prediction of SOM and 

SMC both in situ and ex situ without using any supporting device or background knowledge about 

the soil profile or without the requirement of any sample preparation in the laboratory (for in situ 

application).  
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1.9 Thesis Structure 

A set of two research studies were conducted, which formed the part of this thesis, organized in a 

manuscript-based structure. In Chapter 1, a detailed introduction highlighting the importance and 

the challenges associated with the traditional procedures for measuring SOM and SMC, the need 

to examine the utilization of alternative approaches for monitoring SOM and SMC was given. 

Additionally, the opportunities offered by digital image processing for soil property estimation for 

precision agriculture, an overview of the studies which used smartphones and digital cameras to 

estimate SOM and SMC, and the key components which need to be addressed to make any 

computer vision-based application a success, was also presented. The objectives of the thesis were 

also proposed in this chapter. The results from the research were sub-divided and reported through 

2 studies as Chapter 2 and Chapter 3. In Chapter 2, soil images acquired by a digital camera were 

tested for their ability to predict SOM and SMC. Relationships between quantitative measurements 

of soil colour (extracted image colour and texture features and indices derived from them) and 

laboratory measured properties, were developed using various supervised regression and machine 

learning models. A z-score was also proposed to identify the features significant for prediction of 

SOM and SMC without compromising the accuracy of prediction. In Chapter 3, the comparative 

feasibility and accuracy of utilizing images collected by a cell phone for SOM and SMC prediction 

using the same set of soil samples was assessed. This study was undertaken to evaluate whether 

enough prediction accuracy can also be obtained with cell phone images as that is obtainable by 

digital cameras considering the recent technological shift towards utilizing cameras in cell phones 

rather than digital cameras. Finally, in Chapter 4, a general conclusion, limitations and numerous 

ways this study could be utilized were outlined.  
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CONNECTING TEXT 

Chapter 1 provided a comprehensive review on the need and a set of traditional commonly used 

methods for the estimation of SOM and SMC for their methodology and associated challenges. 

Additionally, a short review on the opportunities offered by digital image processing for soil 

property estimation for precision agriculture and the key components which need to be addressed 

to make any computer vision-based application a success, was also presented. Digital image 

processing showed potential for use in various fields, e.g. in medical sciences, food industry, 

agriculture, military, criminology, etc. These vast applications demonstrated the ability of digital 

image processing to be applicable to analyze attributes of soil.  

Based on the background and principles discussed in Chapter 1, soil images acquired by a digital 

camera were tested for their ability to predict SOM and SMC. Relationships between quantitative 

measurements of soil colour (extracted image colour and texture features and indices derived from 

them) and laboratory measured properties, were developed using various supervised regression 

and machine learning models. A z-score was also proposed to identify the features significant for 

prediction of SOM and SMC without compromising the accuracy of prediction and the results 

were reported in Chapter 2.    
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CHAPTER 2  

PREDICTING SOIL ORGANIC MATTER AND SOIL MOISTURE 

CONTENT FROM DIGITAL CAMERA IMAGES: COMPARISON 

OF REGRESSION AND MACHINE LEARNING APPROACHES 

Abstract: 

Appropriate soil management maintains and improves the health of the entire ecosystem and its 

appropriate administration necessitates proper characterization of its properties. Soil organic 

matter (SOM), the cornerstone of soil quality and soil health, regulates various physical, chemical 

and biological processes and properties. Another significant component of equal importance is soil 

moisture content (SMC) which not only influences the growth of crops, but also is a key factor for 

soil ecosystem functions and any crop management decisions including precision agriculture. 

Commonly used traditional methods have certain prerequisites making their estimation difficult 

(costly, time-consuming and labor-intensive), while image-based soil characterization has shown 

strong potential, where various features are extracted from the images of soil and predictive models 

are developed against laboratory measured data to estimate these properties. Therefore, predictive 

relationship development is critical to the success of the image-based soil characterization. There 

are many techniques that can be used but require a comprehensive assessment of the traditional 

regression-based modelling with advanced machine learning-based techniques. This study 

compared the performance of 24 different supervised regression and machine learning algorithms 

in predicting SOM and SMC from images of soil taken with a digital camera in laboratory setting. 

The modelling techniques include various types of linear regression models, decision/regression 

trees, support vector machines (SVMs), Gaussian process regression (GPR) models, ensembles of 

trees and artificial neural network (ANN). A total of 22 image features were extracted and used as 

predictor variables in the models in two steps. First models were developed using all 22 extracted 

features and then using a subset of 6 best features for both SOM and SMC. The colour parameters 

demonstrated high correlation with both SOM and SMC. The GPRs performed well when 22 

predictor variables were used and predicted SOM and SMC with R2 of 0.77 and 0.95 and RMSE 

of 8.87% and 5.21% using Squared Exponential GPR and Exponential GPR, respectively for the 
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validation dataset. Reduction of predictor variables in the models from 22 to 6 did not have an 

influence on the prediction of SOM and SMC. For example, Cubist model showed higher accuracy 

with 𝑅2 of 0.74 and RMSE of 9.80% for the prediction of SOM using 6 predictor variables in the 

validation dataset. Similarly, with reduced number of predictor variables (6), SMC was predicted 

with an 𝑅2 of 0.86 with RMSE of 8.79% using Random Forest model for the validation dataset. 

Overall, GPRs and tree models best captured and explained the non-linear relationships between 

SOM, SMC and image parameters and showed promise in image-based soil characterization. 

Keywords: Digital camera images; Image colour and texture features; Cubist; Random Forest; 

Gaussian Process Regression; Soil characterization; Computer Vision  

2.1 Introduction 

Soil organic matter (SOM), an indicator of soil health and quality (Zhang et al., 2006), is a 

significant component of any ecosystem (Li et al., 2013) and influences the agricultural 

sustainability, food security, and climate (Were et al., 2015). As a principal component and 

chemical measure of SOM, soil organic carbon (SOC) plays an essential part in the global carbon 

cycle (Kumar and Lal, 2011; Yang et al., 2016). Soil moisture content (SMC), another significant 

component, not only influences the growth of crops, but also is a key factor in any crop 

management decisions including precision agriculture (Chukalla et al., 2015; Feki et al., 2018). 

Therefore, quantification of the spatial and temporal distribution and dynamics of SOM and SMC 

provide critical information to authorities concerned with the management and policy making 

regarding soil and climate (Meersmans et al., 2008), food production (Taghizadeh-Mehrjardi et 

al., 2016), ecosystem modelling (Li et al., 2003), agriculture, forestry, land degradation 

management, environment protection and most importantly land use planning (Li et al., 2013). 

However, for detailed characterization, traditional measurement approaches often require a large 

volume of soil samples and are expensive, time and labor intensive (Sudarsan et al., 2016). This 

leads to often either delayed decision making or resorting to already available old data which 

ultimately renders users to make incorrect decisions. Consequently, this presses on the need to 

examine the utilization of alternative approaches for faster and indirect measurement of these soil 

properties.  

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/soil-organic-matter
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/terrestrial-ecosystem
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/alternative-agriculture
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/alternative-agriculture
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/organic-carbon
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/forestry
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/land-degradation
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/environment-protection
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/land-use-planning
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Researches have shown that soil exhibits spectral reflectance characteristics in the near-infrared 

(NIR), visible and mid-infrared (mid-IR) part of the electromagnetic spectrum (Ben-Dor, 2002; 

Ge et al., 2007; Krishnan et al., 1980; Rossel et al., 2008; Wu et al., 2017). Reflectance of soil is a 

comprehensive response of the physical and chemical features of the soil (Ben-Dor, 2002; Ge et 

al., 2007). Consequently, different chemical and physical conditions of the soil give rise to 

distinguishable spectral signatures (Conforti et al. 2013; Davey et al. 1975; Krishna Murti and 

Satyanarayana, 1971). Particularly, soil reflectance (and thus, soil colour) is dominated by SMC, 

SOM and soil chemical composition (iron, manganese, and other compounds) (Ben-Dor et al., 

1998; Hummel et al., 2001). Out of these, SOM (when it is > 2.0%) and SMC exert greater 

influence as compared to others (Baumgardner et al., 1986; Krishnan et al., 1980). With soil 

reflectance, SOM and SMC both, exhibit a considerable negative correlation (Al-Abbas et al. 

1972). Darker soils frequently consist of a higher content of SOM and SMC (Chen et al. 2006; 

Gelder et al. 2011; Liles et al. 2013) and are, therefore, considered to present lower reflectance. 

This association justifies developing relationships between soil reflectance and its properties to 

predict their content using modelling.   

Soil colour features have been determined by employing numerous distinct techniques following 

which various trials have been conducted to assess the correlation between SOM contents and soil 

colour (Schulze et al., 1993). After which, colour tables or charts which portrayed the correlation 

between contents of SOM and soil colour were unfolded by utilizing Munsell soil colour charts or 

from visual descriptions of colour (Alexander, 1969; Shields et al., 1968; Steinhardt and 

Franzmeier, 1979). However, due to considerable differences that generally exist amongst the 

Munsell Colour Charts and subjective visual matching between the soil samples and limited 

standard colour chips, incorrect estimations are obtained which further result in erroneous 

predictions (Sánchez-Marañón et al., 2005). Furthermore, the notation of the Munsell Colour Chart 

does not lend itself to statistical analysis that makes the development of SOM prediction models 

complex (Kirillova et al., 2015). These restrictions urged the scientists to look for alternate 

methods to quantify soil colour which are more accurate and objective (Barrett, 2002; Rossel et 

al., 2006).     
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With the progression of machine learning techniques and the increasing accessibility of 

digital image acquisition systems, digital image processing has emerged as an inexpensive 

technique to tackle these problems (Sudarsan et al., 2016). With digital image processing 

approaches, soil colour and thus soil properties including but not limited to SOM, SMC, soil 

texture, iron, fine particle contents, can be quantitatively estimated by formulating relationships 

between laboratory measured soil properties and readily measurable soil image colour and texture 

features (Levin et al., 2005; Rossel et al., 2008; Sudarsan et al., 2016; Zhu et al., 2011).  

There are three important components that determine the success of any image-based soil 

characterization application: 

The first being the collection of soil images of satisfactory quality. Digital image processing has 

been widely utilized in various fields including soil science for the characterization of soil 

properties from soil images (dos Santos et al., 2016; Zhu et al., 2011). While some researchers 

concentrated their efforts on developing new sensors (Griffis, 1985; Krishnan et al., 1981; Pitts et 

al., 1983; Ruckman et al., 1981; Wayayok et al., 2014), others tried evaluating existing sensors 

(Stiglitz et al., 2016). However, the necessity of a supplementary attachment brings added 

complication and questions the widescale usability of these characterization techniques for 

practical applications. Consequently, any research undertaken in this field shouldn’t focus on 

improving the camera or its image acquisition power. Instead, it should focus on exploring and 

enhancing the processing and predicting capability of important soil properties from digital 

images. 

The second is to eliminate noise (residues of small leaves, black cracks, etc.) and prevent useful 

information from fading into noise in the image. Accordingly, it becomes essential to evaluate 

preprocessing techniques which recognize and retain pixels which represent soil and remove the 

ones which are not. Additionally, a unified index or scoring system should be developed to indicate 

few useful image features which can provide satisfactory prediction accuracies. This will 

contribute to the development of variable reduction or optimization techniques due to lack of 

literature concerning this dimension.   
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The third is to use mathematical algorithms which accurately model the predictive relationships 

between the image features and the soil property of interest. In developing these, various linear 

and non-linear regression-based methods have been commonly used (dos Santos et al., 2016; 

Persson, 2005; Sakti et al., 2018a; Wu et al., 2017). More recently with advancements in data 

processing and computing power, several data driven and machine learning based modelling 

approaches including support vector machine (SVM), ensembles of trees (cubist, random forest, 

etc.), Gaussian Processes Regression (GPR) have been utilized with variable performances and 

reasonable success in developing predictive relationships in many fields as well as for SOM and 

SMC (Chen et al., 2019; Gill et al., 2006; Kotlar et al., 2019; Matei et al., 2017). However, the 

performance of these approaches in predicting soil properties using information obtained from 

images is mostly unknown. Moreover, due to variable performances, it is often difficult to 

comprehend and compare the performance of these algorithms over commonly used regression-

based methods in predicting soil properties. Though, some researchers compared the performance 

of two to three different algorithms in developing predictive relationships (Gregory et al., 2006; 

Rossel et al., 2008; Wu et al., 2018), a thorough comparison could only provide a proper 

justification on the choice of suitable methods for predicting soil properties particularly SOM and 

SMC.  

Studies that directly use machine learning algorithms on colour and texture data obtained from 

images to predict SOM and SMC are yet to emerge. Therefore, the overall objective of this research 

was to comprehensively compare the performance of various commonly used regression-based 

methods with machine learning based methods in predicting SOM and SMC from soil images 

collected with an inexpensive digital camera. The specific objectives of this study were to:  

1. assess the feasibility and usability of digital images to predict SOM and SMC in soil. 

2. optimize the image parameters for developing predictive relationships. 

3. comprehensively compare the performance of a range of regression and machine learning 

algorithms (24 in total) in predicting SOM and SMC.  
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Proper assessment and comparison of various modelling algorithms and an optimum set of image 

parameters will serve as an informative guide on the use of digital images for predicting SOM 

and SMC. 

2.2 Materials and Methods 

The overall methodology is divided into three sections; data collection, image analysis and data 

analysis. Figure 2.1 shows a flow chart of the steps of methodology used in this study. 

 

Figure 2.1: Overview of the framework used for this study.  

2.2.1 Data Collection 

2.2.1.1 Study Site Description and Sample Collection 

Soil samples were collected in an earlier study by Ji et al. (2016) from two agricultural fields, Field 
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26 (~11 ha) and Field 86 (~17 ha) located on the MacDonald Campus research farm of McGill 

University, Sainte Anne De Bellevue, Quebec, Canada (Figure 2.2). These two fields exhibited 

high spatial variability in terms of soil texture, organic matter, and soil type (Ji et al., 2016). The 

landscape of this area has undergone numerous processes during the last deglaciation including 

land level rise, invasion of saline water, lake formation, retreat of ice, and deposition of glaciers, 

leading to the formation of highly variable soil. For example, soils of Field 26 ranges from mineral 

to organic deposits (peat) with high variability in soil textures including clay loam, loam, silt loam, 

sandy loam and sand. The Field 86 mostly includes mineral soils with sandy clay loam, loam, 

sandy loam, clay, and clay loam texture (Figure 2.3).  

 

Figure 2.2: Geographic location of the study area, Field 86 (left) and Field 26 (right) of Macdonald 

Campus Farm, McGill University, Quebec, Canada as well as field elevation maps for Field 26 

and Field 86 along with the soil map. The letters in the map represent various soil series. Soils in 

Field 26 are classified into multiple soil series including Muck, ST-Zotique, Soulanges, 

Chateauguay, Farmington, Uplands, ST-Damase, Chicot and Field 86 into Courval, Ste-Rosalie, 

St-Amable, Macdonald, St-Bernard, Dalhousie and Chicot.  
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A total of 56 and 64 surface (0-15 cm) soil samples were collected from Field 26 and Field 86, 

respectively in late April and early May in 2015 before seeding following a stratified random 

sampling strategy. The fields were under no-tillage practices and corn-soybean rotation with 

soybean and corn being the preceding crop in Field 26 and Field 86, respectively. A total of twenty-

five soil samples (17 from Field 26 and 8 from Field 86) exhibiting a wide variation in SOM (3.30-

62.70%), representing the range of SOM present in these fields, were carefully selected for this 

study (Figure 2.4). These 25 samples represented both organic (mainly from Field 26) and mineral 

soils (present in both fields). This was done deliberately to include universality and increase 

robustness in training models.  

 

 

Figure 2.3: Soil texture classification (following Canadian System of Soil Classification) of soil 

samples collected from Field 26 and Field 86. 25 samples selected for this study are represented 

by red coloured signs while blue colour signs represent the remaining 95 samples (out of the total 

120 samples).  

2.2.1.2 Laboratory Analysis and Soil Imaging 

The samples were air dried, ground and sieved through a 2 mm sieve. The processed samples were 

then used to capture images as well as measure soil properties in the laboratory. SOM was 

measured using loss on ignition (LOI) method at 550°C (Schulte and Hopkins, 1996).  
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Figure 2.4: 25 Soil samples selected for this study collected from Field 26 and Field 86. 

Processed soil samples were evenly placed in petri dishes (~8 mm thickness) and the surface of 

the samples were captured with a 12.1-megapixel digital camera (Canon PowerShot SX270 HS) 

mounted on a tripod (27 cm) with the lens facing downward towards the sample. The camera was 

set to a 3000 × 4000-pixel resolution and the ‘best’ jpeg compression, thereby supplying smaller 

sized images in contrast to uncompressed tiff files, but of comparable quality. A camera lens 

aperture setting of f/3.5 was regarded as appropriate for image acquisition under the normal 

lighting conditions of the laboratory which was determined by repetitive tests conducted on distinct 

group references.  

A total of five sets of pictures were captured on the same soil samples. Before starting image 

capture, the weights of the blank petri dish and dish with air dried processed soil samples were 

recorded. The first set of images were collected on these soil samples (set 1). Then water was 
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added carefully (without disturbing the surface) and gradually over a period to simulate saturation 

like condition of the soil. The second set of images were collected corresponding to this condition 

(set 2). The saturated samples of soil were then permitted to dry in open air in laboratory 

conditions. Two more sets of images were captured during the natural drying process of samples 

corresponding to two different SMCs. Finally, the soil samples were oven-dried to get 0% SMC 

and the images were captured of the driest soils. The weight of the soil samples (including the petri 

dish) was recorded during each stage of image acquisition to calculate the gravimetric SMC based 

on the loss of weight during each drying event. Thus, a total of five sets of images corresponding 

to five different levels of SMC were collected. These sets were then grouped into five categories 

in increasing order of SMC with the images of oven-dried soil samples forming the Group 1, while 

those corresponding to the highest SMC and simulating saturation conditions formed the Group 5. 

Two images were captured for each soil sample in each SMC level. There was a total of 244 

images, with 50 images for each group except 44 images for Group 2 because some got corrupted. 

Figure 2.5 shows the SMC (%) of 25 soil samples at five different SMC levels. 

In this study, the SMCs of samples in the same group was not kept constant. It was different from 

the SMC settings of other studies in which soil samples had the same SMC at the same wetting 

level and an abrupt bi- or tri-modal soil moisture distributions were generated (Nocita et al., 2013; 

Rienzi et al., 2014; Rodionov et al., 2014). However, SMC in a field is likely to follow a normal 

or quasi-normal distribution. Moreover, soil samples with varying levels of SOM have different 

water-holding capacities and thus, have varying drying characteristics. As an example, the sample 

with 3.3% SOM had a saturation SMC of 36.91% while that with 62.7% SOM had a saturation 

SMC of 119.60% (Figure 2.5). Therefore, setting up a fixed SMC would have biased the image 

acquisition process. Consequently, the setting of varying soil moisture in this study (not controlling 

the SMC and allowing it to vary) had advantages to well simulate the continuous variation of soil 

moisture through space in the field. 

Besides that, soil samples were confined to defined enclosures illuminated by a fixed light source 

in various researches which investigated the use of digital image acquisition systems to acquire 

information about soil colour (Gómez-Robledo et al., 2013; Rossel et al., 2008; Sakti et al., 2018a; 

Wu et al., 2018; Zhu et al., 2011). However, with a focus on developing computer vision or image 
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analysis based proximal soil sensors for various in situ applications including precision agriculture, 

research carried out in controlled environment may not provide as much useful information as 

required. Collection of images in natural conditions would improve universality of the relationship 

developed. Consequently, in this study, there wasn’t any limitation laid down during imaging. This 

was done intentionally to simulate field conditions since variation in lighting conditions in actual 

field conditions are abrupt, variable and uncontrolled. 

 

Figure 2.5: SMC (%) for the 25 soil samples corresponding to five different levels of moisture 

represented as five groups.  

2.2.2 Image Analysis 

Even though a proficient image acquisition system tries to capture images of adequate quality, 

appropriate image analysis approaches help to derive useful information from the images and make 

a substantial contribution to the computer vision applications. Similar to other disciplines, it is 

necessary to exercise prudence when images captured using digital cameras have to be processed. 

Numerous elements, for instance, reflection from water (in case of high soil moisture content), 
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non-uniform lighting conditions, foreign particles (plant litter, residues of roots and white coloured 

powder such as that of lime or fertilizer) present on the surface of the soil, affect the quality of the 

image (Gonzalez et al., 2004). Thus, corrections must be made before useful information can be 

extracted from the images.    

2.2.2.1 Image Preprocessing 

2.2.2.1.1 Image Cropping 

The images were cropped to a square area of 950 × 950 pixels roughly from the geometric center 

of the image. This was done to remove the white background as well as to reduce the effects caused 

by the edges of the petri dishes (Figure 2.6(a)).  

2.2.2.1.2 Image Enhancement 

To enhance the images, contrast adjustment was performed using ‘imadjust’ function of MATLAB 

(The MathWorks, Inc., Release: R2017b). It saturates the bottom 1% and the top 1% of all pixel 

values in order to increase the contrast of the output image. This assisted in segmentation (next 

step) through exclusion of noise and prevention of useful information from fading into noise 

(Figure 2.6(b)).   

2.2.2.1.3 Image Segmentation 

For the purpose of this study, image segmentation denoted identification and retention of the pixels 

which represented soil in the images of soil. For instance, certain parts of some images were visibly 

occupied by residues of small leaves and black cracks (only detected after careful examination) or 

a film of water which gave rise to exceptionally bright reflections (Figure 2.6(c)). Irrespective of 

the area occupied by the gloss or the foreign particles, it was considered essential to eliminate them 

to avoid inaccurate calculations. Because, the image intensity values corresponding to these areas 

do not depict the image intensity values of the actual soil surface, the mean value would not denote 

the mean of the soils’ pixels. 

Therefore, a segmentation technique was developed based on the histogram of the image to 

distinguish the pixels covered by soil from non-soil particles. To segment the image, noticeable 
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dissimilarities in the intensity values of the pixels of soil and non-soil were used.  Because the non-

soil pixels occupied a small portion in contrast with the whole image, a value was ascertained after 

several trials. This assumption was made with the conviction that image intensity values whose 

counts were lower than or equivalent to the defined value, were regarded as those belonging to 

non-soil matter and subsequently, were discarded. A value of 3000 was chosen for this study. In 

addition, the pixels analogous to the water film were white-coloured. In such cases, the histogram 

was examined to obtain the “highest count” of the image intensity values falling in the range 248-

255 gray scale values (illustrating a range of values demonstrating the colour white). In this 

situation, the threshold values were set differently than previous with non-saturated soils. For 

example, the images were converted to grayscale and the pixels with gray scale values between 

248 and 255 were examined for the ‘highest count’. The ‘highest count’ was then compared with 

the threshold set for non-saturated soils (i.e. 3000) and the greater value was set as the final 

threshold. For example, for a saturated soil sample, the ‘highest count’ of 4518 was recorded on 

gray scale value of 251. Now, the 4518 value was compared with the previously optimized value 

of 3000 and the higher value, means 4518 was set as the final threshold. 

2.2.2.2 Colour Space Conversions and Feature Extraction 

The RGB image was converted to HSV and grayscale images using colour space conversions 

(Figure 2.6(d) and Figure 2.6(e)) and then colour and texture features were extracted, and indices 

were derived using MATLAB.  

The list of extracted features and derived indices is presented in Figure 2.7. A total of 22 image 

parameters were extracted. “Mean” represented average of values of all the pixels in an image. 

“Median” represented the middle pixel value after all the pixels were sorted in numerical order. 

“Entropy” was the statistical measure of randomness. “Contrast” was the measure of intensity 

contrast between a pixel and its neighbor over the whole image. “Energy” was the sum of squared 

elements in the gray level co-occurrence matrix (GLCM). “Homogeneity” was the measure of 

closeness of distribution of elements in the GLCM to the GLCM diagonal. Redness Index (RI), 

Colouration Index (CI), Hue Index (HI) and Saturation Index (SI) was calculated as 
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Figure 2.6: Images showing soil samples; sample 1 (top) and sample 25 (bottom) with 3.3% and 62.7% 

SOM, respectively in Petri dishes under five different soil moisture conditions and (a) original images; (b) 

corresponding cropped regions; (c) enhanced images; (d) segmented images; (e) colour space converted 

gray image; and (f) colour space converted HSV image.  
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RI =  
R2

B × G3
 

CI =  
R − G

R + G
 

HI =  
2 × R − G − B

G − B
 

and SI =  
R − B

R + B
 

where R, G and B denote the Red, Green and Blue Plane of the RGB colour space, respectively 

(Levin et al., 2005).  

 

 

Figure 2.7: Overview of extracted features and indices derived from the images. 

Both mean and median values were used as predictor in the modelling due to inconsistent 

information in the literature. For example, while some researchers used mean values (Rossel et al., 

2008; Sudarsan et al., 2016), others employed median values (dos Santos et al., 2016; Persson, 
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2005; Rossel et al., 2008) in their research. In fact, (Persson, 2005) advocates the application of 

median values to handle the deviations resulting from the shading of the microrelief developed on 

the surfaces of the samples of soil. Depending on the viewing angle with respect to the direction 

of the incident light, there might exist Bidirectional Reflectance Distribution Function (BRDF) 

and shading influences (King, 1995; Lillesand et al., 2015). The indices derived from the images 

(RI, CI, HI, SI) were expected to reduce these influences. Being ratio indices, the view effectively 

balances the abnormalities in brightness arising from the disparities in the topography and 

emphasizes the colour content of the samples. 

2.2.3 Data Analysis 

2.2.3.1 Data preprocessing and division 

Multivariate outliers were determined based on the Mahalanobis distance (De Maesschalck et al., 

2000). Regression approaches were employed to decide if a specific sample from a sample 

population was an outlier through the combination of ≥ 2 variable scores. Following this, data 

obtained from 29 images were detected as outliers and were not included in further calculations. 

The Kennard-Stone algorithm (Kennard and Stone, 1969) was then used to split the remaining 215 

images into a calibration (70%, 150 images) and validation set (30%, 65 images) (Table 2.1).  

Table 2.1: Descriptive statistics of the whole, calibration and validation dataset for SOM (%) and SMC (%). 

  SOM (%) SMC (%) 

Scope Count Min Max Mean SD Min Max Mean SD 

All 244 3.3 62.7 19.0 17.6 0 119.6 29.15 29.22 

Without 

Outliers 215 3.3 62.7 18.4 17.2 0 119.6 25.16 27.5 

Calibration 150 3.3 62.7 17.9 16.6 0 119.6 29.2 0.2 

Validation 65 3.3 62.7 19.7 18.6 0 87.3 15.9 22.9 

2.2.3.2 Model Development 

The image colour and texture related features were used to develop predictive relationships against 

laboratory measured SOM and SMC. Under six broad types, a total of 24 models were developed, 

a brief description about each is given below in Table 2.2 while more explanation can be found 

elsewhere and is beyond the scope of this paper. Codes were written in MATLAB to run these 

models on datasets except for Cubist model, which was executed in R program (Version 3.5.3) on 
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RStudio (R Core Team, 1993).  

Table 2.2: Overview of the models developed.  

Model Group Model 

Sub-

Group 

Brief Description 

Linear Regression Models:  

Linear regression models 

attempt to build the 

relationship between response 

variable and observed 

variables whose model 

parameters are linear in nature 

(Myers, 1990). 

 

Linear A linear regression model involving only 

intercept (constant) and linear terms in the 

predictors. 

Interactions 

Linear 

A linear regression model which includes 

intercept (constant), linear and interaction terms 

between/among the predictors. 

Pure 

Quadratic 

A linear regression model consisting of 

intercept (constant), linear terms, as well as 

purely quadratic terms in each of the predictors.  

Robust 

Linear 

A robust linear regression model is the one with 

only intercept and linear terms. The model is 

less sensitive to outliers as it allocates smaller 

weights to some dataset values which are more 

probable than others to be outliers.  

Stepwise 

Linear 

A linear model with terms regulated by a 

stepwise algorithm. It begins by methodically 

including (forward) and excluding (backward) 

terms to an initial model depending on the 

performance of these incrementally smaller and 

larger models.  

Partial 

Least 

Squares 

Regression 

(PLSR) 

It projects the response values and measured 

values to a new space and consequently builds a 

linear regression model.  

Regression Trees:  

Regression trees are basically 

decision trees which have 

binary splits for regression 

wherein the response variable 

can acquire continuous values 

(Breiman, 2017).  

 

Fine Tree A fine regression tree is made up of numerous 

small leaves to provide a highly flexible 

response function (minimum leaf size is 4).  

Medium 

Tree 

A medium regression tree consists of leaves of 

medium size for a comparatively lesser flexible 

response function (minimum leaf size is 12). 

Coarse Tree A coarse regression tree contains a small 

number of large leaves for a coarser response 

function (minimum leaf size is 36). 

Support Vector Machines: 

Support vector machine 

(SVM) is a common 

Linear 

SVM 

SVM that follows simple linear structure in the 

data, using the linear kernel. It is the easiest 

SVM to interpret.  
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supervised machine learning 

algorithm for regression and 

classification. It was 

introduced by Boser, Guyon 

and Vapnik in 1992 (Vapnik, 

1995). Since it is dependent on 

kernel functions, it is classified 

as a non-parametric technique.  

  

 

Quadratic 

SVM 

SVM that uses the quadratic kernel.  

Cubic SVM SVM that uses the cubic kernel. 

Fine 

Gaussian 

SVM 

SVM that follows finely detailed structure in the 

data. It uses the Gaussian kernel with kernel 

scale sqrt(P)/4, where P denotes the number of 

predictors.   

Medium 

Gaussian 

SVM 

SVM that finds less fine structure in the data. It 

uses the Gaussian kernel with kernel scale 

sqrt(P), where P denotes the number of 

predictors. 

Coarse 

Gaussian 

SVM 

SVM that follows coarse structure in the data. It 

uses the Gaussian kernel with kernel scale 

sqrt(P)*4, with P the number of predictors.   

Gaussian Process Regression 

Models: Gaussian process 

regression (GPR) models are 

nonparametric kernel-based 

probabilistic models wherein 

the model responses are based 

on employing a probability 

distribution over a space of 

functions (Rasmussen and 

Nickisch, 2010).  

Rational 

Quadratic 

A Gaussian process model that uses the rational 

quadratic kernel. 

Squared 

Exponential 

A Gaussian process model that uses the squared 

exponential kernel. 

Matern 5/2 A Gaussian process model that uses the Matern 

5/2 kernel. 

Exponential A Gaussian process model that uses the 

exponential kernel. 

Ensembles of Trees  

(Zhang and Ma, 2012) 

Boosted 

Trees 

An ensemble of regression trees which uses the 

Least-squares boosting (LSBoost) algorithm. 

Compared to bagging, boosting algorithms use 

relatively little time or memory, but might need 

more ensemble members.  

Bagged 

Trees 

A bootstrap-aggregated ensemble of regression 

trees. It is often very accurate but can be slow 

and memory-intensive for large data sets. 

Random 

Forest 

This model tries to take benefit from random 

feature selection in addition to bagging. When 

growing a tree in a random forest, each node is 

split utilizing a best selection amongst a subset 

of features picked randomly at that node. 

Decision trees are grown until a specific number 

of nodes is reached which can be predetermined 

by the user (Douglas et al., 2018).  

Cubist It is a prediction-oriented rule–based regression 

model which is a combination of ideas of 

Quinlan’s M5 model tree wherein the prediction 

depends on terminating leaves consisting of 
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linear regression models (Minasny and 

McBratney, 2008).  

Other models 

(Zurada, 1992) 

ANN Computing approaches which are inspired by 

and try to mimic the architecture of the neural 

network in the human brain. It is basically 

dependent on “learning by doing” approach 

which utilizes patterns of activity spread over a 

large system consisting of processing 

components like that of a neuron locally 

communicating by means of a group of 

unidirectional weighted connections. 

2.2.3.3 Model Performance Assessment  

Several statistical parameters were computed to assess the accuracy of the models including: 

1) 𝑅2 (coefficient of determination): It represents the percentage of total variation in 

dependent variable. Its value can vary from 0 to 1. Large values imply higher prediction 

accuracies.  

2) RMSE (Root Mean Square Error): It represents the mean absolute error between the 

measured and observed values. Lower values are desirable. 

3) LCCC (Lin’s Concordance Correlation Coefficient): LCCC was employed for model 

quality evaluation, since it represents the fit of 1:1 line of the predicted and observed 

values. Also, because of it being unitless in nature, it is advantageous to use it for the 

comparison of different models of the same soil property and/or comparison of models for 

different soil properties (Sorenson et al., 2017). Large values represent higher accuracy of 

prediction.  

4) Bias (mean of the residuals): It is used to analyze the under-fitting or over-fitting of the 

model predictions. Value of bias = 0 implies unbiased predictions.  

5) RPD (Ratio of Performance to Deviation): It is the ratio of standard deviation of observed 

or measured values to the standard error of prediction (Chang et al., 2001). RPD values > 

2 are often considered to represent good model performance.  

6) RPIQ (Ratio of Performance to Interquartile Distance): It is the ratio of interquartile range 

of the observed values to the RMSE of prediction. The RPIQ takes into consideration both 

the variation of measured values and the prediction error, thereby being an indicator of 
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model quality, which is more objective than the RMSE of prediction and thus, can be easily 

used for the comparison of different models. Greater the value of RPIQ, higher is the 

model's capacity to predict.  

All these statistics were tested on both the calibration and validation datasets.  

At first, all the 22 extracted features (colour and texture characteristics) were treated as predictor 

variables and were used to develop the models for SOM (%) and SMC (%). Later, a subset of 6 

optimum predictors (optimization described in the next section) were used for model development. 

A 10-fold cross-validation was performed on the calibration dataset as a means of internal 

validation. Models were also externally validated using an independent validation dataset. The 

residuals (difference between observed and predicted) were also tested for the presence of 

normality and the absence of autocorrelation and were found satisfactory for the development of 

predictive relationships. 

2.2.3.4 Variable screening to identify optimum predictors  

To study the relative importance of predictor variables in predicting SOM and SMC, a z-score was 

defined following 6 different analysis: ANOVA (Analysis of Variance), RF (Random Forest), 

Cubist, PCA (Principal Component Analysis), Vtreat variable reduction and Correlation analysis. 

Under each analysis, all the image features (predictor variables) were rated on a scale of 0 (least 

important) to 100 (most important) and then averaged to get a z-score. While some analysis 

techniques, such as Cubist and RF, by default, provided variable importance on a scale of 0-100. 

For those which didn’t, the result produced by them was converted to a scale of 0 to 100. For 

instance, coefficient for each principle component from PCA was multiplied by the proportion of 

variance explained by that specific component. The sum of values for all the principal components 

was computed for each predictor variable and scaled at 0 to 100 with 0 and 100 being assigned to 

the minimum and maximum value, respectively. Correlation analysis was simply 1:1 correlation 

between dependent variable and each predictor. The absolute values of the correlation coefficients 

were first calculated, and were scaled at 0 to 100, with the lowest and the highest absolute 

correlation coefficient being assigned a value of 0 and 100, respectively. For ANOVA, the p value 

for each predictor variable was scaled to 0 to 100 with 0 and 100 being assigned to the lowest and 
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the highest p value, respectively. ‘Vtreat’ is an R package for looking at the variable 

importance/significance. The values of 𝑅2 were scaled to 0 to 100, with the lowest and highest 

value being assigned 0 and 100, respectively. These 0 to 100 scaled values were then added and 

averaged to get the final scaled values at the range of 0 and 100 and was named z-score for that 

particular predictor. The top 6 predictor variables were then identified as the optimum predictors 

for both SOM and SMC. All the models were then developed using these 6 predictors as 

independent variables and the model performance statistics were again calculated.  

2.3 Results  

2.3.1 Descriptive Statistics of the Soil Properties  

Table 2.3: Descriptive statistics of SOM, SMC and soil colour measurements. SD and CV refer to standard 

deviation and coefficient of variation, respectively. 

Parameter Mean SD Range Kurtosis CV (%) 

Mean R 0.31 0.15 0.06-0.59 -1.24 47.90 

Mean G 0.28 0.14 0.05-0.53 -1.21 49.06 

Mean B 0.24 0.11 0.04-0.44 -1.19 47.86 

Mean H 0.08 0.03 0.04-0.22 6.75 38.35 

Mean S 0.20 0.08 0.05-0.48 -0.27 41.88 

Mean V 0.31 0.15 0.06-0.59 -1.24 47.82 

Mean gray 0.28 0.14 0.05-0.54 -1.22 48.43 

Median R 0.37 0.20 0.00-0.74 -1.26 53.56 

Median G 0.32 0.18 0.00-0.67 -1.23 55.60 

Median B 0.27 0.15 0.00-0.54 -1.20 55.57 

Median H 0.08 0.02 0.00-0.11 2.24 22.87 

Median S 0.22 0.10 0.00-0.51 -0.13 45.94 

Median V 0.37 0.20 0.00-0.74 -1.26 53.56 

Median Gray 0.33 0.18 0.00-0.67 -1.24 54.75 

Entropy 5.47 0.60 2.85-6.40 1.32 11.00 

Contrast 2.14 1.64 0.09-6.48 -0.84 76.98 

Energy 0.17 0.15 0.06-0.80 3.64 86.31 

Homogeneity 0.76 0.08 0.66-0.96 -0.43 10.14 

RI 73.26 123.23 5.30-734.50 8.44 168.20 

CI 0.07 0.07 0.01-0.19 1.14 49.98 

HI 3.38 3.38 2.11-7.47 1.77 30.25 

SI 0.14 0.14 0.03-0.44 1.56 52.76 

SOM (%) 18.44 17.23 3.30-62.70 0.36 93.45 

SMC (%) 25.16 27.48 0.00-119.60 0.46 109.19 
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Table 2.3 presents the descriptive statistics for SOM, SMC, various image colour and texture 

features and derived indices. The soil properties and image features showed a high degree of 

variation with the coefficient of variation, CV (%) varying between 10.14 and 168.20 (Table 2.3). 

SOM content varied between 3.30 (%) to 62.70 (%) with an average of 18.44 (%) and a standard 

deviation of 17.23 (%). SMC also varied between 0.00 (%) to 119.60 (%) with a mean of 25.16 

(%) and a standard deviation of 27.48 (%). With an acceptable approximation, all image 

parameters except Mean H, Energy, and RI were normally distributed (kurtosis approximately 

between -3 and 3) (Table 2.3). The RI had a very large CV of about 168.20%. On the other hand, 

homogeneity comparatively varied less significantly, with a CV of around 10.14%. The high 

variability of SOM and SMC presented an opportunity to test the prediction capability of the 

developed models.    

2.3.2 Linear correlation between SOM, SMC and soil colour 

Several soil colour parameters showed high correlations with SMC, although, comparatively 

weaker correlations were observed with SOM (Figure 2.8). SMC showed a high negative 

correlation with mean gray with a correlation coefficient of -0.85. In addition, SMC was also 

highly negatively correlated with mean B (-0.84), mean G (-0.84), mean R (-0.84). SOM content 

was highly negatively correlated with median S values (-0.65) followed by SI (-0.62) and mean S 

(-0.54). SMC was weakly correlated to SI (-0.06) while SOM was to RI (0.16). In general, the 

reflection intensity decreased with the increase in organic matter and moisture content. Significant 

correlation was also observed amongst colour and texture parameters to some extent.  

2.3.3 Identification of optimum predictors 

In order to underline which explanatory variables were mainly important for the prediction of SOM 

and SMC, radial plots were studied following 6 different analysis (Figures 2.9, 2.10, 2.11 and 

2.12). Colour features were more important than textural features; mean values than median 

values, and HSV channel than other channels played a significant role in the prediction of SOM. 

For SMC, median values than mean values, and RGB channel than other channels played an 

important role in prediction while colour and textural features showed an equivalent importance 

in prediction.  
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Figure 2.8: Correlation plot for SOM, SMC, colour space model features and indices derived 

from them. 
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Figure 2.9: Relative significance of each individual image feature as a predictor variable for SOM 

prediction corresponding to (a) ANOVA; (b) RF; (c) PCA; (d) Cubist; (e) Vtreat; (f) Correlation.  

 

 

Figure 2.10: z-score of each individual image feature representing its contribution towards SOM 

prediction.  
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SI was the most important variable for prediction of SOM followed by Mean H, Median R, Mean 

R, Mean V and Median S. The least important variable was RI (Figure 2.10). For SMC, Contrast 

was the most important predictor variable followed by Median B, Median R, Mean B, 

Homogeneity and Energy. The least important variable was Median S (Figure 2.12). 

 

 

Figure 2.11: Relative significance of each individual image feature as a predictor variable for 

SMC prediction corresponding to (a) ANOVA; (b) RF; (c) PCA; (d) Cubist; (e) Vtreat; (f) 

Correlation.  
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Figure 2.12: z-score of each individual image feature representing its contribution towards SMC 

prediction.  

2.3.4 Predictive Accuracy of the Models 

Models developed with 22 and 6 image colour and texture related features were calibrated and 

validated against laboratory measured SOM and SMC. Descriptive regression statistics of the 

predicted vs. laboratory measured values of soil properties are presented in Table 4 and 6 for SOM 

using 22 and 6 predictor variables, respectively and Table 5 and 7 for SMC using 22 and 6 predictor 

variables, respectively.  

2.3.4.1 Predictive Accuracy of the Models Using 22 Predictor Variables 

The accuracy of the models varied greatly in predicting SOM and SMC (Table 2.4 and 2.5).     

2.3.4.1.1 Prediction of SOM  

10-fold cross (internal) validation 

Individually, from the results (Figure 2.13 and Table 2.4), it was evident that the most accurate 

predictions were obtained using ANN. The 𝑅2, RMSE, LCCC, bias, RPD and RPIQ values were 

0.86, 6.32%, 0.91, -0.13, 2.63 and 3.18 respectively. The next best predictions were produced by 

Exponential GPR model with 𝑅2, RMSE, LCCC, bias, RPD and RPIQ values of 0.79, 7.60%, 0.88, 

-0.08, 2.19 and 2.65, respectively.  



49 

 

 

 

Groupwise, consistent performance was recorded for GPRs exhibiting 𝑅2 values in the range of 

0.75-0.79 and 0.74-0.77 for both calibration and validation datasets, respectively. Similar trend 

was also observed for Ensembles of Trees. Linear models showed a wide variation with the least 

accurate predictions being observed for Interactions Linear model with 𝑅2, RMSE, LCCC, bias, 

RPD and RPIQ values of 0.01, 256.99%, 0.01, 6.78, 0.06 and 0.08 respectively (Table 2.4).  

External Validation 

The performance of ANN wasn’t consistent between the calibration and validation datasets, it was 

relatively weaker, with 𝑅2 of 0.74 and RMSE of 9.88%. The LCCC was 0.80, the bias was -1.31, 

the RPD was 1.88 and the RPIQ was 2.21. Squared Exponential GPR performed best producing 

𝑅2 value of 0.77, RMSE of 8.87%, LCCC of 0.85, bias of -0.68, RPD of 2.09 and RPIQ of 2.46 

(Figure 2.13 and Table 2.4). On the other hand, the poorest predictions were again produced by 

Interactions Linear model giving an 𝑅2, RMSE, LCCC, bias, RPD and RPIQ values of 0.14, 

69.64%, 0.17, 4.19, 0.27 and 0.31 respectively (Table 2.4).    

Additionally, the SVMs and Regression Trees performed better for the validation dataset than the 

calibration dataset.  

  

Figure 2.13: Predicted vs. measured values of a) ANN model for the calibration dataset and b) 

Squared Exponential GPR model for the validation dataset, for SOM using 22 predictor variables. 
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Table 2.4: Accuracy of different models for the prediction of SOM in the calibration and validation datasets using 22 predictor variables. 

These are results of 10-fold cross-validation internal validation (IV) and external validation (EV). RPD and RPIQ stands for Ratio of 

Prediction to Deviation and Ratio of Performance to Interquartile Distance, respectively.  

IV EV IV EV IV EV IV EV IV EV IV EV

Linear 0.55 0.64 0.73 0.74 11.42 11.29 0.19 -1.12 1.46 1.65 1.76 1.93

Interactions Linear 0.01 0.14 0.01 0.17 256.99 69.64 6.78 4.19 0.06 0.27 0.08 0.31

Pure Quadratic 0.48 0.65 0.69 0.75 13.56 11.04 0.93 -1.24 1.23 1.68 1.48 1.97

Robust Linear 0.31 0.52 0.55 0.62 15.26 13.49 -1.36 -4.20 1.09 1.38 1.32 1.62

Stepwise Linear 0.68 0.73 0.82 0.82 10.09 9.75 1.02 -1.19 1.65 1.90 1.99 2.24

PLSR 0.33 0.40 0.49 0.48 13.59 14.78 0.00 -2.60 1.23 1.26 1.48 1.48

Fine Tree 0.60 0.69 0.76 0.80 10.87 10.40 -0.35 -1.68 1.53 1.79 1.85 2.10

Medium Tree 0.58 0.65 0.75 0.79 10.93 10.94 -0.24 -0.16 1.52 1.70 1.84 1.99

Coarse Tree 0.43 0.54 0.62 0.68 12.55 12.63 -0.07 -1.89 1.33 1.47 1.60 1.73

Linear SVM 0.59 0.58 0.72 0.62 10.84 13.08 -2.17 -4.11 1.54 1.42 1.85 1.67

Quadratic SVM 0.70 0.75 0.83 0.82 9.70 9.65 -0.50 -1.92 1.72 1.92 2.07 2.26

Cubic SVM 0.24 0.73 0.42 0.84 25.52 9.83 0.57 -0.35 0.65 1.89 0.79 2.22

Fine Gaussian SVM 0.57 0.68 0.61 0.71 11.65 11.53 -1.47 -2.86 1.43 1.61 1.73 1.89

Medium Gaussian SVM 0.70 0.69 0.79 0.74 9.29 10.96 -1.27 -2.02 1.79 1.69 2.16 1.99

Coarse Gaussian SVM 0.61 0.59 0.63 0.52 11.65 14.40 -3.66 -5.66 1.43 1.29 1.73 1.51

Rational Quadratic GPR 0.77 0.74 0.87 0.83 7.98 9.47 -0.15 -1.33 2.09 1.96 2.52 2.30

Squared Exponential GPR 0.75 0.77 0.86 0.85 8.24 8.87 -0.07 -0.68 2.02 2.09 2.44 2.46

Matern 5/2 GPR 0.76 0.76 0.86 0.85 8.13 9.02 -0.10 -0.87 2.05 2.06 2.47 2.42

Exponential GPR 0.79 0.75 0.88 0.83 7.60 9.30 -0.08 -0.93 2.19 2.00 2.65 2.35

Boosted Trees 0.71 0.72 0.82 0.80 8.97 10.06 -0.99 -2.30 1.86 1.85 2.24 2.17

Bagged Trees 0.70 0.69 0.80 0.75 9.15 10.75 -0.15 -1.63 1.82 1.73 2.20 2.03

Random Forest 0.68 0.74 0.79 0.80 9.40 9.81 -0.52 -1.42 1.77 1.89 2.14 2.22

Cubist 0.77 0.74 0.87 0.83 8.02 9.49 0.07 -1.08 2.07 1.96 2.50 2.30

Other ANN 0.86 0.74 0.91 0.80 6.32 9.88 -0.13 -1.31 2.63 1.88 3.18 2.21

RPIQ

Linear 

Regression 

Models

Regression 

Trees

Support 

Vector 

Machines

Gaussian 

Process 

Regression

Ensembles 

of Trees

Models
R squared LCCC RMSE Bias RPD
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2.3.4.1.2 Prediction of SMC 

10-fold cross (internal) validation 

At individual level, the Exponential GPR model produced the best predictive relationship between 

SMC and soil colour and texture features with 𝑅2= 0.89, RMSE= 9.40%, LCCC= 0.93, bias= -

0.10, RPD= 3.02 and RPIQ= 4.78 (Figure 2.14 and Table 2.5). However, for the same model, the 

prediction in the calibration set was poorer than the validation set. The Interactions Linear model 

exhibited poor predictive performance with an 𝑅2 of 0.00 and an RMSE of 308.97% while the 

LCCC, bias, RPD and RPIQ were -0.01, -47.91, 0.09 and 0.15, respectively (Table 2.5).  

Overall, GPRs registered the best performance (consistent with high prediction accuracies) 

amongst all the models for both calibration and validation datasets. This was followed by 

Ensembles of Trees and Regression Trees.    

External Validation 

Excellent prediction accuracies were observed using all the models as was evident from the RPD 

values > 2 except for ANN, Interactions Linear and PLSR. The 𝑅2 value for the model trained 

using Exponential GPR which produced best predictions was 0.95, the RMSE was 5.21%, the 

LCCC was 0.96, the bias was 1.12, the RPD was 4.39 and the RPIQ was 4.82 (Figure 2.14 and 

Table 2.5). Similar to SOM, Linear models again showed a wide range with the worst predictions 

being produced by Interactions Linear model with 𝑅2, RMSE, LCCC, bias, RPD and RPIQ of 

0.01, 75.87%, 0.06, -5.65, 0.30 and 0.33, respectively (Table 2.5).  

Furthermore, similar behavior was observed for SMC, as was for SOM, with the SVMs and 

Regression Trees performing better for the validation dataset than the calibration dataset. In 

addition, for SMC, Ensembles of Trees and GPRs also behaved alike.  
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Figure 2.14: Predicted vs. measured values of the Exponential GPR model for the a) calibration 

and b) validation dataset, for SMC using 22 predictor variables.  

2.3.4.2 Predictive Accuracy of the Models Using 6 Predictor Variables 

The accuracy of predictions varied greatly with models even when only 6 optimum predictor 

variables were used (Table 2.6 and 2.7). 

2.3.4.2.1 Prediction of SOM 

10-fold cross (internal) validation 

Reduction in the predictor variables from 22 to 6 didn’t decrease the predictive accuracy 

considerably, since for 8 out of 24 models, the 𝑅2 values showed an increase or remained the same. 

The maximum decrease was observed for ANN with 𝑅2 decreasing from 0.86 to 0.74, while the 

maximum increase was for Interactions Linear model followed by PLSR (Table 2.4 and 2.6). The 

ANN model produced the most accurate predictions with 𝑅2, RMSE, LCCC, bias, RPD and RPIQ 

of 0.74, 8.51%, 0.84, -0.26, 1.96 and 2.36, respectively (Figure 2.15 and Table 2.6). On the 

contrary, the model trained using Cubic SVM produced the worst predictions with 𝑅2, RMSE, 

LCCC, bias, RPD and RPIQ of 0.47, 13.52%, 0.68, -1.15, 1.23 and 1.49, respectively (Table 2.6). 

Groupwise, reasonable and consistent performance was recorded for GPRs exhibiting 𝑅2 values 

in the range of 0.67-0.68 and 0.62-0.68 for both calibration and validation datasets, respectively. 

This was also followed by Ensembles of Trees, SVMs, Regression Trees and Linear models.  
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Table 2.5: Accuracy of different models for the prediction of SMC in the calibration and validation datasets using 22 predictor variables. 

These are results of 10-fold cross-validation internal validation (IV) and external validation (EV). RPD and RPIQ stands for Ratio of 

Prediction to Deviation and Ratio of Performance to Interquartile Distance, respectively.  

IV EV IV EV IV EV IV EV IV EV IV EV

Linear 0.82 0.86 0.90 0.90 11.94 8.84 0.38 2.79 2.38 2.59 3.76 2.84

Interactions Linear 0.00 0.01 -0.01 0.06 308.97 75.87 -47.91 -5.65 0.09 0.30 0.15 0.33

Pure Quadratic 0.78 0.86 0.87 0.90 14.30 8.71 0.64 1.38 1.99 2.63 3.14 2.88

Robust Linear 0.83 0.86 0.90 0.90 11.67 8.90 -0.43 2.94 2.43 2.57 3.85 2.82

Stepwise Linear 0.85 0.90 0.92 0.93 11.27 7.31 0.41 0.92 2.52 3.13 3.99 3.43

PLSR 0.72 0.69 0.83 0.80 14.90 13.26 0.00 3.61 1.91 1.72 3.01 1.90

Fine Tree 0.84 0.85 0.91 0.91 11.61 9.06 0.32 1.63 2.45 2.52 3.87 2.77

Medium Tree 0.83 0.83 0.90 0.89 11.83 9.78 -0.18 2.21 2.40 2.34 3.80 2.57

Coarse Tree 0.66 0.80 0.80 0.87 16.43 10.25 -0.56 1.97 1.73 2.23 2.73 2.45

Linear SVM 0.85 0.82 0.91 0.87 11.16 10.40 0.23 3.86 2.54 2.20 4.02 2.42

Quadratic SVM 0.86 0.90 0.92 0.93 10.94 7.26 -0.09 1.46 2.60 3.15 4.11 3.46

Cubic SVM 0.55 0.82 0.73 0.89 21.66 9.68 -1.10 0.34 1.31 2.36 2.07 2.59

Fine Gaussian SVM 0.68 0.90 0.70 0.92 17.69 7.87 -1.98 1.78 1.61 2.91 2.54 3.19

Medium Gaussian SVM 0.87 0.91 0.92 0.93 10.21 7.15 -0.67 1.66 2.78 3.20 4.40 3.51

Coarse Gaussian SVM 0.85 0.78 0.90 0.84 11.47 11.47 -0.51 4.08 2.47 1.99 3.91 2.19

Rational Quadratic GPR 0.88 0.93 0.93 0.95 9.88 6.18 -0.21 1.35 2.87 3.70 4.54 4.07

Squared Exponential GPR 0.88 0.93 0.93 0.94 9.78 6.32 -0.15 1.37 2.90 3.62 4.59 3.97

Matern 5/2 GPR 0.88 0.93 0.93 0.95 9.82 5.94 -0.08 1.24 2.89 3.85 4.57 4.23

Exponential GPR 0.89 0.95 0.93 0.96 9.40 5.21 -0.10 1.12 3.02 4.39 4.78 4.82

Boosted Trees 0.87 0.87 0.92 0.92 10.33 8.10 -1.13 0.70 2.75 2.82 4.35 3.10

Bagged Trees 0.88 0.87 0.93 0.91 9.99 8.50 -0.14 2.05 2.84 2.69 4.49 2.96

Random Forest 0.87 0.87 0.93 0.91 10.07 8.44 -0.03 1.62 2.82 2.71 4.46 2.97

Cubist 0.88 0.93 0.93 0.95 9.62 6.20 0.22 1.27 2.95 3.68 4.66 4.05

Other ANN 0.81 0.76 0.81 0.78 14.33 12.50 -2.15 3.36 1.98 1.83 3.13 2.01

R squared LCCC RMSE Bias RPD RPIQ
Models

Linear 

Regression 

Models

Regression 

Trees

Support 

Vector 

Machines

Gaussian 

Process 

Regression

Ensembles 

of Trees
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External Validation 

After variable reduction, the 𝑅2 values for the validation set decreased for 18 out of 24 models 

(Table 2.4 and 2.6). However, the decrease wasn’t much significant, with the maximum amount 

of decrease being for Quadratic SVM from 0.75 to 0.58 while Interactions Linear model witnessed 

a corresponding increase in 𝑅2 values from 0.14 to 0.62. The most accurate predictions were 

obtained by Cubist, with 𝑅2, RMSE, LCCC, bias, RPD and RPIQ of 0.74, 9.80%, 0.81, -2.02, 1.90 

and 2.23, respectively (Figure 2.15 and Table 2.6). However, using other methods, the RMSE of 

the prediction of Cubist model lowered by approximately 9 to 44%. The least accurate predictions 

were those produced by Linear SVM model with 𝑅2, RMSE, LCCC, bias, RPD and RPIQ of 0.51, 

14.08%, 0.57, -4.78, 1.32 and 1.55, respectively (Table 2.6).      

Like 22 predictors variables, the SVMs, Regression Trees and their Ensembles performed better 

for the validation dataset than the calibration dataset, for 6 predictor variables as well. 

  

Figure 2.15: Predicted vs. measured values of a) ANN model for the calibration dataset and b) 

Cubist model for the validation dataset, for SOM using 6 predictor variables.  
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Table 2.6: Accuracy of different models for the prediction of SOM in the calibration and validation datasets using 6 predictor variables. 

These are results of 10-fold cross-validation internal validation (IV) and external validation (EV). RPD and RPIQ stands for Ratio of 

Prediction to Deviation and Ratio of Performance to Interquartile Distance, respectively.  

IV EV IV EV IV EV IV EV IV EV IV EV

Linear 0.58 0.57 0.74 0.64 10.83 12.57 -0.13 -1.37 1.54 1.48 1.86 1.73

Interactions Linear 0.68 0.62 0.82 0.72 9.61 11.52 0.11 -0.92 1.73 1.61 2.09 1.89

Pure Quadratic 0.66 0.61 0.80 0.71 9.80 11.71 -0.08 -1.03 1.70 1.59 2.05 1.86

Robust Linear 0.42 0.55 0.63 0.61 13.07 13.38 -1.88 -4.06 1.27 1.39 1.54 1.63

Stepwise Linear 0.63 0.61 0.79 0.71 10.19 11.70 -0.05 -1.07 1.63 1.59 1.97 1.86

PLSR 0.64 0.85 0.77 0.92 10.02 10.78 0.00 0.00 1.66 2.63 2.01 4.16

Fine Tree 0.58 0.52 0.75 0.69 11.17 13.06 -0.26 -2.39 1.49 1.42 1.80 1.67

Medium Tree 0.50 0.65 0.69 0.77 11.96 10.94 -0.34 -1.51 1.39 1.70 1.68 1.99

Coarse Tree 0.44 0.54 0.62 0.65 12.49 12.67 -0.13 0.32 1.33 1.47 1.61 1.72

Linear SVM 0.57 0.51 0.72 0.57 11.00 14.08 -1.93 -4.78 1.51 1.32 1.83 1.55

Quadratic SVM 0.60 0.58 0.76 0.63 10.53 12.95 -1.19 -3.39 1.58 1.43 1.91 1.68

Cubic SVM 0.47 0.58 0.68 0.71 13.52 12.11 -1.15 -2.06 1.23 1.53 1.49 1.80

Fine Gaussian SVM 0.54 0.66 0.65 0.73 11.51 11.52 -1.56 -3.13 1.45 1.61 1.75 1.89

Medium Gaussian SVM 0.65 0.61 0.77 0.66 9.96 12.47 -1.53 -3.22 1.67 1.49 2.02 1.75

Coarse Gaussian SVM 0.61 0.55 0.70 0.57 10.96 13.87 -2.74 -4.75 1.52 1.34 1.83 1.57

Rational Quadratic GPR 0.67 0.63 0.80 0.73 9.61 11.46 -0.10 -0.87 1.73 1.62 2.09 1.90

Squared Exponential GPR 0.67 0.62 0.80 0.72 9.52 11.53 -0.07 -0.89 1.75 1.61 2.11 1.89

Matern 5/2 GPR 0.67 0.63 0.80 0.73 9.47 11.34 -0.07 -0.86 1.76 1.64 2.12 1.92

Exponential GPR 0.68 0.68 0.80 0.76 9.42 10.75 0.00 -1.13 1.77 1.73 2.13 2.03

Boosted Trees 0.66 0.69 0.80 0.77 9.69 10.75 -0.86 -2.76 1.72 1.73 2.07 2.03

Bagged Trees 0.63 0.68 0.76 0.74 10.12 11.12 -0.26 -2.31 1.65 1.67 1.99 1.96

Random Forest 0.66 0.68 0.79 0.77 9.72 10.66 -0.61 -1.86 1.71 1.74 2.07 2.04

Cubist 0.71 0.74 0.83 0.81 8.94 9.80 -0.40 -2.02 1.86 1.90 2.25 2.23

Other ANN 0.74 0.62 0.84 0.72 8.51 11.57 -0.26 -1.23 1.96 1.61 2.36 1.88

R squared LCCC RMSE Bias RPD RPIQ
Models

Linear 

Regression 

Models

Regression 

Trees

Support 

Vector 

Machines

Gaussian 

Process 

Regression

Ensembles 

of Trees
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2.3.4.2.2 Prediction of SMC 

10-fold cross (internal) validation 

There was a slight decrease in the predictive accuracy for 16 out of 24 models, for the calibration 

dataset, as was evident from the decrease in 𝑅2 values, while for the rest of the models, 𝑅2 values 

showed an increase or remained the same. The amount of decrease in 𝑅2 values varied from 0.01 

to 0.07. 

The most accurate predictions were obtained using Boosted Trees, with 𝑅2, RMSE, LCCC, bias, 

RPD and RPIQ values of 0.86, 10.86%, 0.91, -1.63, 2.61 and 4.13 respectively (Figure 2.16 and 

Table 2.7). The next best predictions were produced by Cubist model with 𝑅2, RMSE, LCCC, 

bias, RPD and RPIQ values of 0.85, 10.88%, 0.92, 0.67, 2.61 and 4.13, respectively. The least 

accurate predictions were from Coarse Tree Model with 𝑅2, RMSE, LCCC, bias, RPD and RPIQ 

values of 0.69, 15.76%, 0.82, -0.54, 1.80 and 2.85 respectively (Table 2.7). 

Overall, Ensembles of trees registered the best performance (consistent with high prediction 

accuracies) amongst all the models for both calibration and validation datasets. This was followed 

by ANN and Regression Trees.    

External Validation 

After variable reduction, the R2 values for the validation set decreased for 20 out of 24 models 

(Table 3.2). However, the decrease wasn’t much significant (varying between 0.01 to 0.15) for 

most of the models with the maximum amount of decrease being for Medium Gaussian SVM from 

0.91 to 0.76. 

Overall, excellent predictions were obtained with all the models showing RPD > 2 apart from few 

models (Linear Regression, Robust Linear, Linear SVM and Coarse Gaussian SVM) showing an 

RPD < 2. Utilizing 𝑅2, to evaluate the model performance also produced similar results, with 

validation 𝑅2 ≥ 0.69 for all the calibrated models (Table 2.7). The 𝑅2 value for the model trained 

using Random Forest producing best predictions was 0.86, the RMSE was 8.79%, the LCCC was 

0.91, the bias was 1.73, the RPD was 2.60 and the RPIQ was 2.86 (Figure 2.16 and Table 2.7). On 
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the other hand, the poorest predictions were produced by Linear SVM model giving an 𝑅2, RMSE, 

LCCC, bias, RPD and RPIQ values of 0.73, 12.29%, 0.81, 3.64, 1.86 and 2.04 respectively (Table 

2.7).    

 

Figure 2.16: Predicted vs. measured values of a) Boosted Trees model for the calibration dataset 

and b) Random Forest model for the validation dataset, for SMC using 6 predictor variables.  

2.4 Discussion 

2.4.1 Identification of important predictors 

Reasonable and similar prediction accuracies were obtained for both the soil properties (i.e. SOM 

and SMC), even after the removal of insignificant predictors compared to that obtained using the 

full set of predictor variables. This suggested that a lot of features explained only a very little 

portion of the variation and hence, their identification and removal was necessary. In addition, 

removal of redundant features also facilitated reduction in processing power and time without 

compromising the accuracy.      

2.4.2 Model Performance 

The independently validated statistics also showed that both SMC and SOM content of samples 

could be predicted with high accuracy using appropriate modelling techniques. Overall, SMC was 

predicted with greater accuracy than SOM content, and the choice of different models had a clear 

impact on the prediction quality for both SMC and SOM content (Table 2.4, 2.5, 2.6 and 2.7).   
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Table 2.7: Accuracy of different models for the prediction of SMC in the calibration and validation datasets using 6 predictor variables. 

These are results of 10-fold cross-validation internal validation (IV) and external validation (EV). RPD and RPIQ stands for Ratio of 

Prediction to Deviation and Ratio of Performance to Interquartile Distance, respectively.  

IV EV IV EV IV EV IV EV IV EV IV EV

Linear 0.79 0.76 0.88 0.84 12.91 11.65 0.03 3.07 2.20 1.96 3.48 2.16

Interactions Linear 0.82 0.82 0.90 0.88 12.15 9.99 0.26 2.61 2.34 2.29 3.69 2.52

Pure Quadratic 0.80 0.77 0.88 0.85 12.79 11.32 0.17 3.25 2.22 2.02 3.51 2.22

Robust Linear 0.79 0.74 0.87 0.82 13.09 11.94 -0.79 2.88 2.17 1.91 3.43 2.10

Stepwise Linear 0.83 0.81 0.90 0.88 11.74 10.31 0.15 2.81 2.42 2.22 3.83 2.44

PLSR 0.80 0.76 0.88 0.84 12.77 11.50 0.00 2.55 2.22 1.99 3.52 2.18

Fine Tree 0.82 0.81 0.90 0.88 11.91 10.54 -0.31 2.44 2.38 2.17 3.77 2.38

Medium Tree 0.85 0.82 0.91 0.89 11.04 9.84 -0.02 1.58 2.57 2.32 4.07 2.55

Coarse Tree 0.69 0.80 0.82 0.87 15.76 10.25 -0.54 1.97 1.80 2.23 2.85 2.45

Linear SVM 0.80 0.73 0.88 0.81 12.84 12.29 0.18 3.64 2.21 1.86 3.50 2.04

Quadratic SVM 0.81 0.77 0.89 0.85 12.34 11.40 0.02 3.08 2.30 2.01 3.64 2.20

Cubic SVM 0.77 0.85 0.87 0.90 13.68 9.03 0.31 1.87 2.08 2.53 3.28 2.78

Fine Gaussian SVM 0.78 0.81 0.85 0.87 13.53 10.18 -0.21 1.60 2.10 2.25 3.32 2.47

Medium Gaussian SVM 0.81 0.76 0.88 0.84 12.59 11.49 -0.90 2.90 2.26 1.99 3.57 2.19

Coarse Gaussian SVM 0.78 0.74 0.85 0.81 13.59 12.04 -0.92 2.80 2.09 1.90 3.30 2.09

Rational Quadratic GPR 0.82 0.79 0.90 0.86 11.87 10.80 0.04 2.88 2.39 2.12 3.78 2.33

Squared Exponential GPR 0.82 0.79 0.90 0.86 11.85 10.80 0.01 2.88 2.40 2.12 3.79 2.33

Matern 5/2 GPR 0.82 0.80 0.90 0.87 12.01 10.56 0.09 2.71 2.37 2.16 3.74 2.38

Exponential GPR 0.82 0.82 0.89 0.88 12.04 9.80 0.20 1.93 2.36 2.33 3.73 2.56

Boosted Trees 0.86 0.83 0.91 0.89 10.86 9.49 -1.63 0.80 2.61 2.41 4.13 2.65

Bagged Trees 0.82 0.85 0.89 0.90 11.97 8.95 -0.08 1.62 2.37 2.56 3.75 2.81

Random Forest 0.84 0.86 0.91 0.91 11.20 8.79 -0.07 1.73 2.54 2.60 4.01 2.86

Cubist 0.85 0.83 0.92 0.88 10.88 9.83 0.67 2.67 2.61 2.33 4.13 2.56

Other ANN 0.86 0.82 0.90 0.87 11.27 9.89 -3.24 0.97 2.52 2.31 3.98 2.54

RPD RPIQ

Linear 

Regression 

Models

Regression 

Trees

Support 

Vector 

Machines

R squared LCCC RMSE Bias

Gaussian 

Process 

Regression

Ensembles 

of Trees

Models
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A closer look at the results showed that the Gaussian process regression (GPR) models 

demonstrated excellent prediction ability, as compared to all other models, for both calibration 

datasets and validation datasets (for both SOM and SMC with 22 predictor variables). Its superior 

performance can be attributed to the fact that it yields reliable responses to the provided input data, 

thereby increasing its reliability as a probabilistic model (Rasmussen and Nickisch, 2010).  

ANN models were observed to perform well during the calibration phase of SOM (under both the 

cases of utilization of 22 and 6 predictor variables). However, it couldn’t sustain its performance 

as far as the prediction of SOM was concerned during the validation phase. This could be due to 

the reason that ANNs possess a predefined structure directed only towards minimizing error on 

the training data (Kotlar et al., 2019).   

Apart from these, tree models provided satisfactory prediction accuracies (Cubist and RF for the 

prediction of SOM and SMC, respectively using 6 predictor variables during the validation phase 

and Boosted Trees for SMC using 6 predictor variables and during the calibration phase). The 

reason for their success could be linked to the several benefits associated with the utilization of 

tree models (or rule-based decision methods) such as insusceptibility to outliers, insensitiveness to 

irrelevant predictors, managing the provided data of varying measurement scale and level, 

instinctive structure of the models, etc. (Elith et al., 2008).   

Interactions Linear model exhibited the poorest performance when 22 predictor variables were 

used, for both calibration and validation datasets for both soil properties. On the other hand, when 

6 predictor variables were used, its performance was relatively better. On paying closer attention 

to the structure of the developed model, it was observed that utilization of 22 predictor variables 

resulted in a huge number of model parameters (interaction terms) as compared to a fewer terms 

when only 6 predictor variables were used.      

Linear SVM showed poor prediction ability during the validation phase for SOM and SMC using 

6 predictors. This is simply because linear SVM doesn’t yield reasonable results on data which is 

not linearly separable. This issue is dealt by choosing the right kernel, which is why other types of 

SVM used in this study performed somewhat better but not exceptionally well.  
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Since, overall, the non-linear models performed better than the linear ones, it was inferred that 

there exists a non-linear relationship between the SOM, SMC and image features. High prediction 

accuracies also implied that images collected were of good/reasonable quality and image 

preprocessing for the removal of noise (deduction of non-soil pixels) in the form of image 

cropping, enhancement and segmentation proved to be successful and facilitated model 

development. The results of this study demonstrate the ability of digital image processing to 

reasonably predict SOM and SMC from images captured by a digital camera.    

2.5 Conclusions 

This study reports the calibration and validation of 24 supervised regression and machine learning 

algorithms to evaluate the potential of images of soil captured by a digital camera to predict SOM 

and SMC. These models developed prediction relationships amongst laboratory measured SOM 

and SMC and various colour and texture related features derived from images. Colour features 

demonstrated high correlation with both SOM and SMC. The dark colour of soils can be attributed 

to both high SOM content as well as high moisture content in the soil. Overall, the models 

predicted SMC with greater accuracy than SOM which implied that SMC exerts a considerable 

influence in imparting colour to the soil. Results revealed a satisfactory agreement between the 

image features and the laboratory measured SOM (𝑅2 and RMSE of 0.74 and 9.80% using Cubist) 

and SMC (𝑅2 and RMSE of 0.86 and 8.79% using Random Forest) for the validation dataset using 

6 predictor variables. Overall, GPRs and ensemble tree models (Cubist, RF and Boosted Trees) 

best captured and explained the non-linear relationships between SOM, SMC and image features. 

There wasn’t a significant reduction in the predictive capability of the models when 6 predictor 

variables were used instead of 22, suggesting that the entire set of 22 predictor variables was not 

needed. Taken together, digital image-based soil characterization provides an opportunity to be 

used for proximal soil sensing provided the images are analyzed with correct algorithms.  
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CONNECTING TEXT 

After having analyzed the feasibility of using images captured by a digital camera for their 

potential to characterize SOM and SMC, in Chapter 2, it was found that reasonable prediction 

accuracies were obtained, and digital image processing can be used as an alternative to or could 

complement traditional laboratory estimation of soil properties.    

Cell phones, nowadays, have become increasingly popular and demonstrate the ability to capture 

images as good as a digital camera. Also, considering the recent technological shift towards 

utilizing sharp resolution cameras in cell phones, it would be beneficial to evaluate the soil 

characterization ability of cell phone images. Thus, the aim of the next study, specifically is, to 

check whether enough SOM and SMC prediction accuracies can be obtained with cell phone 

images as that is obtainable by digital cameras images.  
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CHAPTER 3 

MULTI ALGORITHM COMPARISON TO PREDICT SOIL 

ORGANIC MATTER AND SOIL MOISTURE CONTENT FROM 

CELL PHONE IMAGES 

Abstract:  

An accurate assessment of soil organic matter (SOM) and soil moisture content (SMC) is critical 

for applications in the fields of agriculture, environment, and engineering. However, 

characterization and measurement of these properties is costly, time-consuming and labour-

intensive. Research has demonstrated that soil spectral reflectance characteristics can be 

associated with various soil properties providing an indirect way of measurement. With 

advancements in technological and computational facilities, high resolution digital images and 

computer vision algorithms have shown potential to provide rapid and nondestructive 

characterization of soil properties. The objective of this study was to develop and compare various 

regression and machine learning algorithms to estimate SOM and SMC from cell phone images. 

A cell phone (LG G5 model) was used to capture images of 25 soil samples from two agricultural 

fields with highly variable SOM at 6 different soil moisture levels from over-dry to saturated. 

The images were preprocessed using contrast enhancement and segmentation techniques to deal 

with illumination inconsistencies and remove non-soil parts of the image including black cracks, 

leaf residues and specular reflection. A total of 22 colour and texture features were extracted from 

images and predictive relationships were developed against laboratory measured soil properties. 

Several supervised regression and machine learning prediction models including five Linear 

Regression Models, three Decision/Regression Trees, six Support Vector Machines (SVM), four 

Gaussian Process Regression (GPR) Models, four Ensembles of Trees including random forest 

and cubist, and Other models including Artificial Neural Network (ANN) were used in this study. 

A z-score was used to identify a set of six optimum predictors (subset of 22) for SOM and SMC. 

Exponential GPR and Cubist model performed the best with coefficients of determination (R2) 

values of 0.84 and 0.86, and RMSE of 10.18% and 10.43%, respectively, (internal validation with 

10-fold cross-validation) when all and a subset of 6 predictors were used. For SOM, ANN and 
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Cubist produced satisfactory prediction accuracy with R2 values of 0.91 and 0.72 and RMSE 

values of 5.45% and 9.90%, respectively, when 22 and 6 predictors were used. The external 

validation results exhibited reasonable predictive ability with Exponential GPR and Matern 5/2 

GPR producing R2 values of 0.92 and 0.95 and RMSE of 5.79% and 5.04%, respectively using 

22 and 6 predictors for SMC. Medium Gaussian SVM and Squared Exponential GPR produced 

R2 values of 0.56 and 0.53 and RMSE of 8.59% and 8.27%, respectively using 22 and 6 predictors 

for SOM. This shows potential in fabricating an efficient proximal soil sensor using computer 

vision and machine learning which can be used to provide quick, accurate and nondestructive 

predictions of soil properties. 

Keywords: Cell phone images, Image colour and texture features; Cubist; Random Forest; 

Gaussian Process Regression; Soil characterization; Computer Vision  

3.1 Introduction 

Soil is a fundamental part of any ecosystem. Inappropriate management of the inherently spatially 

variable soil can lead to deterioration of its health and thus the health of the entire ecosystem 

(Bezdicek et al., 1996). For example, uniform application of crop inputs such as fertilizers and 

chemicals to a spatially variable field may result in both over and under application of chemicals 

at various locations within that agricultural field leading to a gap in production and deterioration 

of environmental health from loss from extra inputs (Basso et al., 2011). Precision agriculture 

approaches account for this spatial variability of soils and can recommend varying amount of input 

application depending on the specific characteristics of the field (Blackmer and White, 1998). Soil 

organic matter (SOM) plays a critical role determining variable rates, which necessitates for its 

accurate assessment (Nordmeyer, 2015). In addition, SOM regulates various physical, chemical 

and biological processes and properties. It also contributes towards reducing soil erosion and 

influences the water holding capacity of the soil (FAO, 2019). Soil moisture content (SMC) is 

another important component and is the amount of water present in soil. There are countless 

benefits associated with knowing the amount of moisture present in the soil including but not 

limited to quantifying the need for irrigation, enabling efficient and economic irrigation through 

need-based application, availability of nutrients and chemicals and their movements, biological 
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activity, erosion and compaction potential are too few to mention. Therefore, the knowledge of 

soil properties, such as SOM and SMC, gives an indication of soil health which effects the 

capability of soil to produce sustainably. Consequently, it also helps land managers and farmers to 

make informed decisions to ameliorate soil conditions.   

Few challenges associated with the assessment of SOM and SMC involve:  

a) laborious, expensive and time intensive laboratory analysis (O’Halloran et al., 2004); 

b) variability in space (Conant et al., 2011), which necessitates a requirement for spatially 

dense soil sampling (10 m or less); 

c) the effect of a number of elements for instance, type of soil and land (Martin et al., 2010; 

van Wesemael et al., 2011), that may be worked out using stratified sampling technique; 

d) monitoring variation in SOM and SMC over time (Chapman et al., 2013) along with  

e) the necessity to acquire estimations quickly and easily so as to maintain both environmental 

and economical sustainability.  

This terminal challenge has garnered significant attention from researchers lately in developing 

and finding cheap, cost effective, and faster ways to measure and characterize soil properties. 

Among the potential techniques, correlating spectral signatures with SOM and SMC showed 

strong potential due to their contribution towards soil colour (Escadafal et al., 1988; Webster and 

Butler, 1976).  

Soil colour, an important characteristic, has not only long been used for soil identification (Dudley, 

1975), but also, for quantitative and qualitative estimations of soil properties (e.g. Webster & 

Butler, 1976). This may be attributed to the fact that different properties of soil exhibit spectral 

reflectance characteristics in the near-infrared (NIR) and visible part of the electromagnetic 

spectrum. Soil colour was found to be significantly correlated to spectral reflectance properties 

(Escadafal et al., 1988) and to some soil properties including SOM content and soil colour (Ben-

Dor et al., 1997; Krishnan et al., 1980; Lindbo et al., 1998; Schulze et al., 1993; Steinhardt and 

Franzmeier, 1979) and SMC and soil colour (dos Santos et al., 2016; Persson, 2005; Sakti et al., 

2018a; Zhu et al., 2011). The darker colour in soils has principally been linked to high SOM and 
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SMC and high intrinsic soil fertility (Gelder et al., 2011; Liles et al., 2013). This association 

between soil reflectance and its moisture and organic matter content can thus, be utilized to foretell 

their content through modeling.   

Traditionally, Munsell colourimetric system (Munsell, 1994) was used for soil colour comparison, 

which required visual matching of the standard colour chips to the soil sample. However, 

subjective visual matching, dependence on light and limited standard colour chips of the Munsell 

colour charts render this technique inappropriate when precise measurements of soil colour are 

required (Melville and Atkinson, 1985). These restrictions urged the scientists to look for alternate 

methods to quantify soil colour which are more accurate and objective (Barrett, 2002; Rossel et 

al., 2006). Optical techniques such as image-based soil characterization from digital cameras 

received strong attention (dos Santos et al., 2016; Persson, 2005; Viscarra Rossel and Walter, 

2002; Wu et al., 2018; Zhu et al., 2011), since they permit greater physically-based measurements 

soil colour. More recently, with technological advances, cell phones became increasingly popular 

in taking digital images and demonstrated the ability to capture images as good as a digital camera. 

Sharp resolution cameras in cell phones can effortlessly acquire the red, green and blue values of 

intensity of the soil surface pertaining to the RGB colour model. Red, green and blue and the 

primary colours and they can produce other colours present in the nature. Thus, these three bands 

in an image by a camera, are able to effortlessly detect colour of soil (Doi and Ranamukhaarachchi, 

2007; Gómez-Robledo et al., 2013; Levin et al., 2005; Moonrungsee et al., 2015; Stiglitz et al., 

2016). Also, colour sensors attached to cell-phones have been utilized to carry out soil 

classification (Aitkenhead et al., 2016; Han et al., 2016). As cellphones get portable and affordable, 

high resolution cameras can allow the observation of fractions of soil at a remarkable extent. These 

cameras exhibit an enormous potential to be utilized as a proximal soil sensor (which can be 

employed to quantify the soil properties) provided they are positioned correctly, either in contact 

with or at a considerably short distance and the acquired images are analyzed with correct 

algorithms. Therefore, it is necessary to examine the feasibility of cellphone cameras to acquire 

good quality images of soil and test if those can be used as an alternative to the digital camera 

images in predicting SOM and SMC. As these cameras are already being used to take digital 

images, this research does not focus on improving the camera or its image acquisition power but 
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explores the processing and predicting capability of soil properties particularly SOM and SMC 

from these images. Additionally, while attachment such as separate lens with cell phone (Lu, 2016) 

brings added complication in the image acquisition system, inbuilt camera in cell phone should be 

tested individually for its capability in predicting SOM and SMC provided a suitable modeling 

algorithm is selected. 

Furthermore, variable reduction or data compression techniques have been rarely studied for 

image-based soil characterization. However, the development of a unified index or scoring system 

can help identify useful features which would provide reasonable approximation without 

comprising the accuracy of results, while at the same time enhancing computational speed. 

Among the most commonly used modelling techniques to develop predictive relationship between 

SOM and/or SMC with soil colour either from cell-phone or digital camera images, various forms 

of linear regression have received the most attention (dos Santos et al., 2016; Persson, 2005; Sakti 

et al., 2018b; Wu et al., 2017). Although, some researches have tried two to three different models 

to develop predictive relationships (Gregory et al., 2006a; Rossel et al., 2008; Wu et al., 2018), a 

comprehensive comparison of the popularly used algorithms and models is scarce. Additionally, 

there are some models which have been used in some instances to develop predictive relationships 

between SOM and SMC with reasonable performance. These models include support vector 

machines (SVM), ensembles of trees (cubist, random forest, boosted trees, bagged trees), and 

Gaussian Processes Regression (GPR) (Chen et al., 2019; Gill et al., 2006; Kotlar et al., 2019; 

Matei et al., 2017). However, the capability of these advanced machine learning techniques on 

image data (except for the use of neural networks by (Donnelly et al., 2013) has not been explored 

yet.  

Therefore, the objectives of this study were to (1) identify the important features extracted from 

colour space models RGB, HSV and grayscale for SOM and SMC prediction; (2) calibrate, 

validate and compare various supervised regression and machine learning models for developing 

predictive relationships between image features and laboratory measured SOM and SMC. 
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3.2 Materials and Methods 

3.2.1 Data Collection 

3.2.1.1 Study area and Soil Sample Collection 

The soil samples were collected from two agricultural fields namely, Field 26 (~11 ha) and Field 

86 (~17 ha) from the MacDonald Campus research farm of McGill University, Sainte Anne De 

Bellevue, Quebec, Canada (Figure 3.1). Both the fields demonstrated a high spatial (within the 

field) variability in soil types (Ji et al., 2016). The landscape of this area has undergone numerous 

processes during last deglaciation including land level rise, invasion of saline water, lake 

formation, retreat of ice, and deposition of glaciers, leading to the formation of highly variable 

soil. for example, Field 26 carries soils ranging from mineral to organic deposits (peat) with high 

variability in soil textures including clay loam, loam, silt loam, sandy loam and sand, whereas, 

Field 86 mostly includes mineral soils with sandy clay loam, loam, sandy loam, clay and clay loam 

texture (Figure 3.2). Both fields were under no-tillage practices and corn-soybean rotation with 

soybean and corn being the preceding crop in Field 26 and Field 86, respectively. 

While, a previous study (Ji et al., 2016) collected (April to early May in 2015 before seeding), 56 

and 64 top (0-10 cm) soil samples from Field 26 and Field 86, respectively following a stratified 

random sampling strategy, a total of twenty-five soil samples (17 from Field 26 and 8 from Field 

86) were selected for this study representing the range of SOM present in these fields.  SOM varied 

strongly within the field with ranges from 3.3 to 62.7% and the 25 samples were selected 

representing the range (Figure 3.3). These 25 samples represented both organic (mainly in Field 

26) and mineral soils (present in both fields). This was done deliberately to include universality 

and increase robustness in training models.  
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Figure 3.1: Geographic location of the study area, Field 86 (left) and Field 26 (right) of Macdonald Campus Farm, 

McGill University, Quebec, Canada as well as field elevation maps for Field 26 and Field 86 along with the soil map. 

The letters in the map represent various soil series. Soils in Field 26 are classified into multiple soil series including 

Muck, ST-Zotique, Soulanges, Chateauguay, Farmington, Uplands, ST-Damase, Chicot and Field 86 into Courval, 

Ste-Rosalie, St-Amable, Macdonald, St-Bernard, Dalhousie and Chicot.  

3.2.1.2 Laboratory Analysis and Soil Imaging  

The field collected samples were air dried, ground and sieved through 2 mm sieve. The processed 

soil samples were used to collect images as well as for measuring soil properties in laboratory. The 

SOM analysis was carried out following loss on ignition (LOI) method (Schulte and Hopkins, 

1996).  

 



69 

 

 

 

 

Figure 3.2: Soil texture classification (following Canadian System of Soil Classification) of soil samples collected 

from Field 26 and Field 86. 25 samples selected for this study are represented by red coloured signs while blue 

colour signs represent the remaining 95 samples (out of the total 120 samples) 

Soil images were collected with a cellphone (Model LG G5) with fixed flash for constant lighting 

from a fixed distance (32 cm) using a stand. The images were collected at a resolution of 2322 × 

4128 pixel and saved as JPEG format. A petri dish was filled with processed soil samples and a 

total of six sets of images were collected in laboratory conditions at six different soil moisture 

conditions. Weight of the blank petri dish and dish with soil were recorded. First set (set 1) of 

images was collected on the air-dried soil samples. Then water was sprayed carefully without 

disturbing the soil surface gradually over a period until the water stopped infiltrating (or 

disappearing from the surface) and show saturation. Soil images (set 2) were captured at this 

condition and weights were recorded. The petri dishes were then allowed to dry, and soil images 

and weights were collected for 3 more times before the petri dishes were oven dried to get the final 

set of images and weights. Soil moisture levels were then calculated based on weight loss from 

each drying event. Finally, six sets of images were grouped into six categories according to the 

moisture levels with Group 1 containing images of oven-dried soil samples to Group 6 comprising 

of images analogous to highest SMC, simulating saturation conditions. There was a total of 146 

images; 23 images for Group 1, 24 images for Group 2 and Group 6 and 25 images for the rest of 

the groups. The images were captured under normal lighting conditions of the laboratory. Figure 

3.4(b) shows the SMC of 25 soil samples at six different moisture levels. 
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Figure 3.3: 25 Soil samples selected for this study collected from Field 26 and Field 86. 

In this study, the SMC of samples belonging to a single group was not held constant during the 

experiment, unlike the soil moisture content settings of other studies where all samples SMC were 

kept at a fixed level leading to abrupt bi- or tri-modal SMC distributions (Nocita et al., 2013; 

Rienzi et al., 2014; Rodionov et al., 2014). However, SMC usually follows a normal or quasi-

normal distribution in a field. Additionally, keeping the SMC constant for each group would bias 

the imaging process, since samples with different SOM values tend to have varying water holding 

capacities and thus different drying pattern. For instance, sample with 3.3% SOM had a saturation 

SMC of 36.91% while that with 62.7% SOM had a saturation SMC of 119.60% (Figure 3.4(b)). 

Keeping this in mind, this study was designed to capture images at six different moisture levels 

(not controlling the SMC and allowing it to vary) within its natural capacity to hold water and was 

beneficial to simulate the manner in which soil moisture varies continually through space in a field.         

Additionally, numerous studies which used digital image acquisition systems to obtain information 

about soil colour were restricted to controlled sources of light in the laboratory by placing the 

samples in defined enclosures illuminated by a fixed light source (Gómez-Robledo et al., 2013; 

Sakti et al., 2018b; Wu et al., 2018; Zhu et al., 2011). However, there wasn’t any such restriction 

imposed on the image acquisition process in this study since variation in lighting conditions in 

actual field conditions are abrupt, variable and uncontrolled. This was done deliberately so that the 
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information obtained from this study can be used in future to develop a proximal soil sensor that 

can be deployed in field for in situ analysis under highly variable conditions.  

  

Figure 3.4 (left): Soil Organic Matter (SOM) content for the 25 soil samples used in this study ranging from 3.3% to 

62.7% collected from Field 26 and Field 86; (right): SMC (%) vs SOM (%) for the 25 soil samples corresponding to 

six different levels of moisture represented as six groups 

3.2.2 Image Analysis 

While a good image acquisition system ensures quality of the images captured, suitable image 

analysis techniques contribute to the derivation of important information from the images and play 

a critical role in the computer vision applications. Like other fields, caution must be exercised 

when processing images captured using cell phones. Uncontrolled variables such as the presence 

of foreign particles on the surface of the soil, non-uniform illumination, reflection from water (in 

case of high soil moisture content) and other foreign materials can influence the quality of the 

images (Gonzalez et al., 2004) and must be corrected or taken care of before further analysis. 

3.2.2.1 Image Preprocessing 

3.2.2.1.1 Image Cropping 

A square area of 950 × 950 pixels was cropped approximately from the center of the image for the 

removal of the white background and to minimize the edge effects from the petri dishes (Figure 

3.5).  
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Figure 3.5: Images showing two soil samples (sample 1 and sample 25 with 3.3% and 62.7% SOM, respectively) in 

Petri dishes under six different soil moisture conditions and the corresponding cropped regions. (a) “Group 1”; (b) 

“Group 2”; (c) “Group 3”; (d) “Group 4”; (e) “Group 5”; and (f) “Group 6”. 

3.2.2.1.2 Image Enhancement 

Contrast adjustment was carried out using ‘imadjust’ function in the MATLAB (The MathWorks, 

Inc., Release: R2017b) to enhance the images. This facilitated segmentation (next step) by 

eliminating noise from the image and preventing useful information from fading into noise (Figure 

3.6).  

3.2.2.1.3 Image Segmentation 

Image segmentation, as presented here, represented identifying and retaining pixels representing 

soil from non-soils. For example, certain portions of some images were covered with residues of 

small leaves, black cracks (only visible after close observation) or film of water producing bright 

reflections (Figure 3.7) and must be identified and removed from pixels representing soil. Despite 

occupying a small area of the whole image, they were often distributed all over the image and must 

be excluded from further calculations to reduce erroneous calculations. For example, image 

intensity values corresponding to these pixels do not represent the image intensity values of the 

actual soil surface and thus an average value will not represent the true average of the soils’ pixels. 
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Figure 3.6: Images obtained after contrast adjustment of two soil samples (sample 1 and sample 25 with 3.3% and 

62.7% SOM, respectively). (a) “Group 1”; (b) “Group 2”; (c) “Group 3”; (d) “Group 4”; (e) “Group 5”; and (f) 

“Group 6”. 

An experiential-based segmentation criterion dependent on the histogram of the image was thus 

developed to differentiate the pixels representing soil from non-soils. There was a significant 

difference between the intensity values of the pixels of soil from non-soil and was used to segment 

the image. Since the non-soil pixels covered a small portion in relation to the entire image, a value 

was determined after various trials. This was assumed with the belief that image intensity values 

whose counts would be lower than or equal to the defined value, will be considered as those 

belonging to non-soil materials and thus will be disregarded. A value of 3000 was selected for this 

study. Additionally, the pixels with water film reflection were almost white in colour. In this 

situation, the histogram was scanned to determine the “highest count” of the image intensity values 

lying in the range of 248-255 gray scale values (depicting range of values exhibiting white colour). 

In this situation, the threshold values were set differently than previous with non-saturated soils. 

For example, the images were converted to grayscale and the pixels with gray scale values between 

248 and 255 were examined for the ‘highest count’. The ‘highest count’ was then compared with 

the threshold set for non-saturated soils (i.e. 3000) and the greater value was set as the final 

threshold. For example, for a saturated soil sample, the ‘highest count’ of 4518 was recorded on 
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gray scale value of 251. Now, the 4518 value was compared with the previously optimized value 

of 3000 and the higher value, means 4518 was set as the final threshold. 

  

Figure 3.7: Images obtained after segmentation of two soil samples (sample 1 and sample 25 with 3.3% and 62.7% 

SOM respectively). (a) “Group 1”; (b) “Group 2”; (c) “Group 3”; (d) “Group 4”; (e) “Group 5”; and (f) “Group 6”. 

3.2.2.2 Colour Space Conversions and Feature Extraction  

After image segmentation, colour space conversions were first used to convert an RGB image to 

HSV and monochrome images (Figure 3.8). Then colour and textural features were extracted from 

the RGB, HSV and monochrome images. The list of features and their brief explanation is given 

in Table 3.1.   

A total of 22 features were extracted including Mean R, Mean G, Mean B, Median R, Median G, 

Median B, Redness Index, Colouration Index, Hue Index, Saturation Index (from RGB images), 

Mean H, Mean S, Mean V, Median H, Median S and Median V (from HSV images); Mean Gray, 

Median Gray, Entropy, Contrast, Energy and Homogeneity (from monochrome images). Some 

studies utilized mean values (Rossel et al., 2008) of channels while others employed median values 

(dos Santos et al., 2016; Persson, 2005; Rossel et al., 2008) in their calculations. This study used 

both. Persson (2005) recommends utilization of median as a technique to deal with the deviations 

brought by shading of the microrelief developed on the surfaces of the samples of soil. More 

scientifically, the effects of Bidirectional Reflectance Distribution Function (BRDF) and shading 

influences (for these indices are mainly ratio indices) that may exist on the images from the 

viewing angle and the direction of incident light (King, 1995; Lillesand et al., 2015) can be brought 
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down with indices like RI, CI, HI, and SI (Levin et al., 2005). This may be possible as these indices 

constructively balance the variation in brightness and highlights the colour content of the samples.     

Table 3.1: Overview of features extracted from the images. R, G and B denote the Red, Green and Blue Plane of the 

RGB colour space, respectively. 

S. No. Feature Description 

1. Mean Average of values of all pixels in an image 

2. Median Middle pixel value after all the pixels are sorted in 

numerical order 

3. Entropy Statistical measure of randomness 

4. Contrast Measure of intensity contrast between a pixel and its 

neighbor over the whole image 

5. Energy Sum of squared elements in the gray level co-occurrence 

matrix (GLCM) 

6. Homogeneity Closeness of distribution of elements in the GLCM to the 

GLCM 

7. Redness Index, RI 𝑅2

𝐵 × 𝐺3
 

8. Colouration Index, CI 𝑅 − 𝐺

𝑅 + 𝐺
 

9. Hue Index, HI 2 × 𝑅 − 𝐺 − 𝐵

𝐺 − 𝐵
 

10. Saturation Index, SI 𝑅 − 𝐵

𝑅 + 𝐵
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Figure 3.8: Images obtained after colour space conversions of two soil samples (sample 1 and sample 25 with 3.3% 

and 62.7% SOM respectively). (a) “Group 1”; (b) “Group 2”; (c) “Group 3”; (d) “Group 4”; (e) “Group 5”; and (f) 

“Group 6”. 

3.2.3 Data Analysis 

3.2.3.1 Data preprocessing and division 

Multivariate outliers in the data were identified following the Mahalonobis distance approach (De 

Maesschalck et al., 2000). Under this technique, regression approaches are employed to decide if 

a specific case belonging to a sample population is an outlier through the combination of ≥ 2 

variable scores. A total of 12 images were identified as outliers and were not considered in further 

analysis. The remaining dataset of 134 images were then split into calibration (70%, 94 images) 

and validation set (30%, 40 images) using the Kennard-Stone algorithm (Kennard and Stone, 1969) 

(Table 3.2).  
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Table 3.2: Descriptive statistics of the whole, calibration and validation dataset for SOM (%) and SMC (%). 

  SOM (%) SMC (%) 

Scope Count Min Max Mean SD Min Max Mean SD 

All 146 3.3 62.7 19.53 18.2 0 119.6 24.35 28.08 

Without 

Outliers 134 3.3 62.7 18.01 16.74 0 101.37 21.05 24.51 

Calibration 94 3.3 62.7 20.26 17.91 0 101.37 24.7 25.35 

Validation 40 3.3 51.6 12.71 12.23 0 77.69 12.46 20.21 

3.2.3.2 Model Development 

The images features (a total of 22 colour and texture features) were then used to develop predictive 

relationship against laboratory measured SOM and SMC. A total of, 24 predictive models (under 

six broad groups) were developed, a brief description about each is given below while details can 

be found elsewhere. Codes were written in MATLAB to run these models on datasets except for 

Cubist model, which was run in R program (Version 3.5.3) on RStudio (R Core Team, 1993).  

3.2.3.2.1 Linear Regression Models  

Linear regression models attempt to build the relationship between response variable and observed 

variables whose model parameters are linear in nature (Myers, 1990). 

Linear: A linear regression model involving only intercept (constant) and linear terms in the 

predictors. 

Interactions Linear:  A linear regression model which includes intercept (constant), linear and 

interaction terms between/among the predictors. 

Pure Quadratic: A linear regression model consisting of intercept (constant), linear terms, as well 

as purely quadratic terms in each of the predictors.  

Robust Linear: A robust linear regression model is the one with only intercept and linear terms. 

The model is less sensitive to outliers as it allocates smaller weights to some dataset values which 

are more probable than others to be outliers.  

Stepwise Linear: A linear model with terms regulated by a stepwise algorithm. It begins by 

methodically including (forward) and excluding (backward) terms to an initial model depending 
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on the performance of these incrementally smaller and larger models.  

Partial Least Squares Regression (PLSR): It projects the response values and measured values 

to a new space and consequently builds a linear regression model.  

3.2.3.2.2 Regression Trees  

Regression trees are basically decision trees which have binary splits for regression wherein the 

response variable can acquire continuous values (Breiman, 2017).  

Fine Tree: A fine regression tree is made up of numerous small leaves to provide a highly flexible 

response function (minimum leaf size is 4).  

Medium Tree: A medium regression tree consists of leaves of medium size for a comparatively 

lesser flexible response function (minimum leaf size is 12).  

Coarse Tree: A coarse regression tree contains a small number of large leaves for a coarser 

response function (minimum leaf size is 36).  

3.2.3.2.3 Support Vector Machines  

Support vector machine (SVM) is a common supervised machine learning algorithm for regression 

and classification. It was introduced by Boser, Guyon and Vapnik in 1992 (Vapnik, 1995). Since 

it is dependent on kernel functions, it is classified as a non-parametric technique. Using MATLAB, 

we can execute linear epsilon-insensitive SVM (ε-SVM) regression, also referred as L1 loss. It 

works on the principle of finding a function which deviates from observed response values by a 

number smaller than ε for each point of training dataset, while trying to stay as flat as it can. 

Linear SVM: SVM that follows a simple linear structure in the data, using the linear kernel. It is 

the easiest SVM to interpret.  

Quadratic SVM: SVM that uses the quadratic kernel.  

Cubic SVM: SVM that uses the cubic kernel. 
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Fine Gaussian SVM: SVM that follows finely detailed structure in the data. It uses the Gaussian 

kernel with kernel scale sqrt(P)/4, where P denotes the number of predictors.   

Medium Gaussian SVM: SVM that finds less fine structure in the data. It uses the Gaussian kernel 

with kernel scale sqrt(P), where P denotes the number of predictors. 

Coarse Gaussian SVM: SVM that follows coarse structure in the data. It uses the Gaussian kernel 

with kernel scale sqrt(P)*4, with P the number of predictors.   

3.2.3.2.4 Gaussian Process Regression Models 

Gaussian process regression (GPR) models are nonparametric kernel-based probabilistic models 

wherein the model responses are based on employing a probability distribution over a space of 

functions (Rasmussen and Nickisch, 2010). 

Rational Quadratic: A Gaussian process model that uses the rational quadratic kernel. 

Squared Exponential: A Gaussian process model that uses the squared exponential kernel. 

Matern 5/2: A Gaussian process model that uses the Matern 5/2 kernel. 

Exponential: A Gaussian process model that uses the exponential kernel. 

3.2.3.2.5 Ensembles of Trees  

Boosted Trees: An ensemble of regression trees which uses the Least-squares boosting (LSBoost) 

algorithm. Compared to bagging, boosting algorithms use relatively little time or memory, but 

might need more ensemble members.  

Bagged Trees: A bootstrap-aggregated ensemble of regression trees. It is often very accurate but 

can be slow and memory-intensive for large data sets.  

Random Forest: (Breiman, 2001) introduced the concept of random forest, which tries to take 

benefit from random feature selection in addition to bagging. When growing a tree in a random 

forest, each node is split utilizing a best selection amongst a subset of features picked randomly at 
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that node. Decision trees are grown until a specific number of nodes is reached which can be 

predetermined by the user (Douglas et al., 2018).  

Cubist:  It is a prediction-oriented rule–based regression model which is a combination of ideas 

of Quinlan’s M5 model tree wherein the prediction depends on terminating leaves consisting of 

linear regression models (Minasny and McBratney, 2008).  

3.2.3.2.6 Other models 

ANN: Computing approaches which are inspired by and try to mimic the architecture of the neural 

network in the human brain. It is basically dependent on “learning by doing” approach which 

utilizes patterns of activity spread over a large system consisting of processing components like 

that of a neuron locally communicating by means of a group of unidirectional weighted 

connections (Zurada, 1992). 

3.2.3.3 Model Performance Assessment  

Initially, all the 22 extracted features (colour and texture characteristics) were treated as predictor 

variables and were used to develop the models for SOM (%) and SMC (%). A 10-fold cross-

validation was performed as internal validation. The residuals (difference between observed and 

predicted) were also tested for the presence of normality and the absence of autocorrelation and 

were found satisfactory for the development of pedotransfer functions. Several statistical 

parameters including 𝑅2 (coefficient of determination), RMSE (Root Mean Square Error), LCCC 

(Lin’s Concordance Correlation Coefficient), bias (mean of the residuals), RPD (Ratio of 

Performance to Deviation) and RPIQ (Ratio of Performance to Interquartile Distance) were 

computed. The RPD (Chang et al., 2001) is defined as the ratio of standard deviation of observed 

or measured values to the standard error of prediction and is used as an indicator of quality of the 

model. Models with RPD > 2 are often considered to represent good quantitative models. Since, 

RPD is closely associated to 𝑅2 (Minasny and McBratney, 2013), especially for data with a normal 

distribution and having a large sample size, it was thus, suggested to use RPIQ instead (as reported 

by (Bellon-Maurel et al., 2010), which provides a better representation of the spread of values in 

the dataset. The values of RPIQ are generally inside a factor of 2 of RPD values, and hence, it is 
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feasible (but not to be encouraged) to use RPIQ > 2 to denote good quantitative model (Aitkenhead 

et al., 2016). Also, since SOM and SMC are continuous in nature and can attain numerous values, 

using ordinary 𝑅2 along with other statistical parameters was deemed suitable for this study. Small 

values of Root Mean Square Error (RMSE), bias and large values of coefficient of determination 

(𝑅2), Lin’s Concordance Correlation Coefficient (LCCC) represent higher prediction accuracies.  

3.2.3.4 Variable screening to identify optimum predictors  

A z-score was defined based on the performance of each predictor following six different analysis: 

ANOVA (Analysis of Variance), RF (Random Forest), Cubist, PCA (Principal Component 

Analysis), Vtreat variable reduction and Correlation analysis. Each predictor was rated on a scale 

of 0 (least important) to 100 (most important) and then averaged to get a z-score. While Cubist 

and RF provide variable importance on a scale of 0-100, we converted the result to the same scale 

range for the analysis that did not produce variable importance on a scale 0 to 100. For example, 

the coefficient for each principle component from PCA was multiplied by the proportion of 

variance explained by that specific component. The sum of values for all the principal components 

was computed for each predictor variable and scaled at 0 to 100 with the minimum value being 

assigned to 0 and the maximum value being assigned to 100. Correlation analysis was simply a 

1:1 correlation between the dependent variable and each predictor. The absolute values of the 

correlation coefficients were first calculated and were scaled at 0 to 100, with 0 and 100 being 

assigned to the lowest and the highest absolute correlation coefficient, respectively. For ANOVA, 

the p-value for each predictor variable was scaled to 0-100 with 0 and 100 being assigned to the 

lowest and the highest p-value, respectively. ‘Vtreat’ is an R package for looking at the variable 

importance/significance. The values of 𝑅2 were scaled at 0 to 100, with the lowest and highest 

value being assigned 0 and 100, respectively. These 0 to 100 scaled values were then added and 

averaged to get the final scaled values at the range of 0 and 100 and was named z-score for that 

particular predictor. The top six (6) predictor variables were then identified as the optimum 

predictors for both SOM and SMC. Like before, all the models were developed using these 6 

predictors as independent variables and the model assessments were carried out.  
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3.3 Results 

3.3.1 Descriptive Statistics of the Soil Properties  

Table 3.3: Descriptive statistics of SOM, SMC and soil colour measurements. SD and CV refer to standard 

deviation and coefficient of variation, respectively 

Parameter Mean SD Range Skewness CV (%) 

Mean R 0.25 0.12 0.02-0.48 -0.05 46.94 

Mean G 0.24 0.11 0.02-0.43 -0.12 45.74 

Mean B 0.20 0.09 0.02-0.39 -0.17 45.19 

Mean H 0.11 0.07 0.04-0.54 4.05 63.36 

Mean S 0.16 0.09 0-0.45 0.63 53.76 

Mean V 0.25 0.12 0.03-0.48 -0.04 46.55 

Mean gray 0.24 0.11 0.03-0.43 -0.11 45.89 

Median R 0.29 0.15 0.02-0.63 0.18 52.49 

Median G 0.27 0.14 0-0.56 0.16 51.60 

Median B 0.23 0.12 0.02-0.47 0.15 51.73 

Median H 0.11 0.09 0-0.67 4.39 78.08 

Median S 0.18 0.11 0-0.58 0.58 62.06 

Median V 0.29 0.15 0-0.63 0.19 52.24 

Median Gray 0.27 0.14 0.02-0.56 0.16 51.66 

Entropy 4.80 0.45 3.24-5.62 -0.73 9.42 

Contrast 1.33 1.07 0-4.96 0.97 80.70 

Energy 0.24 0.23 0.09-1 2.08 96.63 

Homogeneity 0.81 0.07 0.69-1 0.93 9.27 

RI 81.53 152.04 6.2-1030.62 3.26 186.49 

CI 0.03 0.03 (-0.04)-0.19 1.05 102.42 

HI 1.73 2.18 (-17.74)-5.06 -5.85 126.20 

SI 0.10 0.08 (-0.09)-0.45 0.79 77.92 

SOM (%) 18.01 16.74 3.3-62.7 1.23 92.97 

SMC (%) 21.05 24.51 0-101.37 1.01 116.46 

Table 3.3 documents the descriptive statistics for soil properties (SOM and SMC) and various 

image features. A relatively high degree of variation with the coefficient of variation, CV (%) 

varying between 9.27 and 186.49 was observed for image features and soil properties (Table 1). 

Organic matter ranged between 3.3% to 62.7% with a mean value of 18.01% and a standard 

deviation of 16.74%. These highly variable soil samples were chosen to ensure the universality of 

the results we get from this study. Owing from high SOM, a vast distribution was observed for 

SMC varying between 0% to 101.37% with a mean of 21.05% and a standard deviation of 24.51%. 

With an acceptable approximation, all image features except Mean H, Median H, Energy, RI, and 
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HI were normally distributed (skewness approximately between -1 and 1) (Table 3.3). The RI 

exhibited a very large CV of about 186.49%. On the other hand, homogeneity comparatively varied 

less significantly, with a CV of around 9.27%.  

3.3.2 Linear correlation between SOM, SMC and soil colour 

Soil colour alone isn’t a functional characteristic of soil. Thus, its utility was assessed by 

considering the association between digital measurements of soil colour, SOM, and SMC.  Soil 

colour was highly correlated to SMC, while exhibited relatively weaker correlations to SOM 

(Figure 3.9). The correlation between SMC and median R values was high (r = -0.84) followed by 

median V (r =     -0.83) and median gray (r = -0.82). Median H values were weakly correlated to 

SMC (r = 0.13). SOM exhibited the strongest correlation with Median S (r = -0.53), followed by 

SI (r = -0.52) and mean S (r = -0.47). RI values exhibited the lowest correlation (r = 0.03). In 

general, the reflection intensity decreased with the increase in SOM and SMC. Correlation between 

and among colour and texture features were also significant in many cases. 

3.3.3 Identification of optimum predictors 

Relative importance of predictor variables in predicting SOM and SMC following 6 different 

analysis are presented in radial plots (Figures 3.10, 3.11, 3.12 and 3.13). In general, colour features 

played a critical role in predicting SOM and SMC than textural features. HSV and RGB channels 

were more important in predicting SOM and SMC, respectively than other channels. In addition, 

median values of the channels were more important in the prediction than mean values.  
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Figure 3.9: Correlation plot for SOM, SMC, colour space model features and indices derived from them. 

Median S was identified as the most important variable in predicting SOM followed by SI, Median 

H, Contrast, Median G and Mean S. The least important variable was RI (Figure 3.11). Median R 

and Median V were identified as the most important predictor variables in predicting SMC 

followed by Mean G, Median B, Median Gray and Mean B. The least important variable was Mean 

S (Figure 3.13).  
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Figure 3.10: Relative significance of each individual image feature as a predictor variable for SOM prediction 

corresponding to (a) ANOVA; (b) RF; (c) PCA; (d) Cubist; (e) Vtreat; (f) Correlation. 

 

 

Figure 3.11: z-score of each individual image feature representing its contribution towards SOM 

prediction. 
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Figure 3.12: Relative significance of each individual image feature as a predictor variable for SMC 

prediction corresponding to (a) ANOVA; (b) RF; (c) PCA; (d) Cubist; (e) Vtreat; (f) Correlation. 

 

 

Figure 3.13: z-score of each individual image feature representing its contribution towards SMC prediction. 
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3.3.4 Predictive Accuracy of the Models 

Models developed with 22 and 6 image features were calibrated and validated against the 

laboratory measured SOM and SMC. Descriptive regression statistics of the predicted vs. 

laboratory measured values of soil properties are presented in Table 3.4 and 3.6 (for SOM using 

22 and 6 predictor variables, respectively) and Table 3.5 and 3.7 (for SMC using 22 and 6 predictor 

variables, respectively).  

3.3.4.1 Predictive Accuracy of the Models Using 22 Predictor Variables 

The accuracy of the models varied greatly in predicting SOM and SMC (Table 3.4 and 3.5).     

3.3.4.1.1 Prediction of SOM  

10-fold cross (internal) validation 

Individually, from the results (Figure 3.14 and Table 3.4), it was evident that the most accurate 

predictions were obtained using ANN. The 𝑅2, RMSE, LCCC, bias, RPD and RPIQ values were 

0.91, 5.45%, 0.94, -0.04, 3.29 and 3.98 respectively (Figure 3.14 and Table 3.4). The next best 

predictions were produced by Exponential GPR model with 𝑅2, RMSE, LCCC, bias, RPD and 

RPIQ values of 0.74, 9.22%, 0.83, -0.02, 1.94 and 2.35, respectively.  

Groupwise, reasonable and consistent performance was recorded for GPRs exhibiting 𝑅2 values 

in the range of 0.65-0.74 and 0.48-0.49 for both calibration and validation datasets, respectively. 

Similar trend was also observed for Ensembles of Trees. Linear models showed a wide variation 

with the least accurate predictions being observed for Interactions Linear model with 𝑅2, RMSE, 

LCCC, bias, RPD and RPIQ values of 0.12, 23.62%, 0.30, 3.52, 0.63 and 0.65 respectively (Table 

3.4). 

External Validation  

The 𝑅2 value for the model trained using Medium Gaussian SVM producing best predictions was 

0.56, the RMSE was 8.59%, the LCCC was 0.60, the bias was -1.75, the RPD was 1.42 and the 

RPIQ was 1.16 (Figure 3.14 and Table 3.4). The performance of ANN for the test dataset was  



88 

 

 

 

Table 3.4: Accuracy of different models for the prediction of SOM in the calibration and validation datasets using 22 predictor variables. These are results of 10-

fold cross-validation internal validation (IV) and external validation (EV). RPD and RPIQ stands for Ratio of Prediction to Deviation and Ratio of Performance to 

Interquartile Distance, respectively. 

 

IV EV IV EV IV EV IV EV IV EV IV EV

Linear 0.58 0.05 0.75 0.20 12.03 16.56 0.55 -3.60 1.49 0.74 1.80 0.60

Interactions Linear 0.12 0.02 0.30 -0.02 23.62 176.92 3.52 -31.09 0.63 0.07 0.65 0.06

Pure Quadratic 0.12 0.04 0.30 0.13 23.62 30.12 3.52 -1.98 0.63 0.41 0.65 0.33

Robust Linear 0.55 0.00 0.73 0.04 12.54 22.25 -0.24 -5.09 1.43 0.55 1.73 0.45

Stepwise Linear 0.51 0.08 0.70 0.26 14.21 14.49 0.66 -3.93 1.26 0.84 1.53 0.68

PLSR 0.25 0.02 0.40 0.12 15.39 14.65 0.00 2.14 1.16 0.83 1.41 0.68

Fine Tree 0.49 0.39 0.69 0.58 13.35 9.71 0.35 -1.71 1.34 1.26 1.62 1.02

Medium Tree 0.54 0.39 0.71 0.60 12.13 9.93 -0.77 -0.37 1.48 1.23 1.79 1.00

Coarse Tree 0.15 0.12 0.31 0.27 16.64 12.06 0.82 3.17 1.08 1.01 1.30 0.82

Linear SVM 0.58 0.12 0.66 0.28 12.32 11.99 -3.55 -2.83 1.45 1.02 1.76 0.83

Quadratic SVM 0.51 0.09 0.70 0.16 14.23 37.61 0.36 0.31 1.26 0.33 1.52 0.26

Cubic SVM 0.29 0.05 0.51 -0.10 20.51 54.35 0.28 -12.65 0.87 0.23 1.06 0.18

Fine Gaussian SVM 0.34 0.34 0.30 0.37 15.57 10.17 -2.18 0.30 1.15 1.20 1.39 0.98

Medium Gaussian SVM 0.57 0.56 0.64 0.60 12.35 8.59 -2.65 -1.75 1.45 1.42 1.75 1.16

Coarse Gaussian SVM 0.57 0.37 0.28 0.36 16.62 10.17 -6.12 -0.73 1.08 1.20 1.30 0.98

Rational Quadratic GPR 0.65 0.49 0.79 0.65 10.64 8.79 0.29 -1.27 1.68 1.39 2.04 1.13

Squared Exponential GPR 0.71 0.49 0.82 0.65 9.64 8.79 0.06 -1.27 1.86 1.39 2.25 1.13

Matern 5/2 GPR 0.68 0.48 0.80 0.64 10.09 8.85 -0.22 -1.34 1.78 1.38 2.15 1.12

Exponential GPR 0.74 0.48 0.83 0.59 9.22 9.03 -0.02 -1.88 1.94 1.35 2.35 1.10

Boosted Trees 0.61 0.36 0.76 0.52 11.28 10.13 -0.91 -2.81 1.59 1.21 1.92 0.98

Bagged Trees 0.65 0.47 0.75 0.64 10.71 8.78 0.04 -0.57 1.67 1.39 2.02 1.13

Random Forest 0.65 0.45 0.77 0.61 10.55 9.10 -0.29 -1.33 1.70 1.34 2.06 1.09

Cubist 0.73 0.49 0.73 0.59 9.62 8.95 -0.33 -2.00 2.27 1.37 2.31 1.11

Other ANN 0.91 0.54 0.94 0.72 5.45 8.84 -0.04 -1.15 3.29 1.38 3.98 1.12

Bias RPD RPIQ
Models

Linear 

Regression 

Models

Regression 

Trees

Support 

Vector 

Machines

Gaussian 

Process 

Regression

Ensembles 

of Trees

R squared LCCC RMSE
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comparable but relatively weaker, with 𝑅2 of 0.54 and RMSE of 8.84%. The LCCC was 0.72, the 

bias was -0.04, the RPD was 1.38 and the RPIQ was 1.12. On the other hand, the poorest 

predictions were produced by Interactions Linear model giving an 𝑅2, RMSE, LCCC, bias, RPD 

and RPIQ values of 0.02, 176.92%, -0.02, -31.09, 0.07 and 0.06 respectively. Amongst all the 

models, Cubist, ANN, Linear Regression, Fine Tree, Coarse Tree, PLSR demonstrated comparable 

results in cross-validation and external validation (Table 3.4).     

    

Figure 3.14: Predicted vs. measured values of the calibration dataset for SOM using the a) ANN 

and b) Medium Gaussian SVM model using 22 predictor variables.   

3.3.4.1.2 Prediction of SMC 

10-fold cross (internal) validation 

At individual level, the Exponential GPR model produced the best predictive relationship between 

SMC and soil colour and texture features with 𝑅2= 0.84, RMSE= 10.18%, LCCC= 0.90, bias= 

0.05, RPD= 2.49 and RPIQ= 4.27 (Figure 3.15 and Table 3.5). However, the Interactions Linear 

model exhibited poor performance with an 𝑅2 of 0.05 and an RMSE of 677.78% while the LCCC, 

bias, RPD and RPIQ were -0.02, -63.86, 0.04 and 0.05 respectively (Table 3.5).  

Overall, GPRs registered the best performance (consistent with high prediction accuracies) 

amongst all the models for both calibration and validation datasets. This was followed by 

Ensembles of Trees and Regression Trees.    
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Table 3.5: Accuracy of different models for the prediction of SMC in the calibration and validation datasets using 22 predictor variables. These are results of 10-

fold cross-validation internal validation (IV) and external validation (EV). RPD and RPIQ stands for Ratio of Prediction to Deviation and Ratio of Performance to 

Interquartile Distance, respectively. 

IV EV IV EV IV EV IV EV IV EV IV EV

Linear 0.71 0.76 0.82 0.84 14.30 10.13 -1.71 -1.39 1.83 1.99 2.22 1.86

Interactions Linear 0.05 0.43 -0.02 -0.04 677.78 619.12 -63.86 -120.25 0.04 0.03 0.05 0.03

Pure Quadratic 0.01 0.12 0.06 0.30 55.82 30.99 -17.45 -3.58 0.47 0.65 0.57 0.61

Robust Linear 0.54 0.74 0.71 0.83 18.97 11.57 -4.04 -1.12 1.38 1.75 1.67 1.63

Stepwise Linear 0.62 0.22 0.75 0.38 19.77 33.63 0.68 -0.01 1.33 0.60 1.60 0.56

PLSR 0.65 0.64 0.78 0.72 14.85 17.67 0.00 6.51 1.71 1.14 2.92 1.07

Fine Tree 0.81 0.80 0.88 0.87 11.34 8.88 -0.97 -0.39 2.31 2.27 2.80 2.13

Medium Tree 0.77 0.85 0.83 0.89 12.98 7.70 -3.91 -0.57 2.02 2.62 2.44 2.45

Coarse Tree 0.65 0.61 0.74 0.72 16.14 12.51 -5.00 0.07 1.62 1.62 1.97 1.51

Linear SVM 0.69 0.85 0.80 0.90 14.53 7.89 -1.47 -1.01 1.80 2.56 2.18 2.39

Quadratic SVM 0.42 0.15 0.60 0.35 26.85 27.21 -0.96 -3.87 0.98 0.74 1.18 0.69

Cubic SVM 0.22 0.01 0.36 -0.04 46.09 88.19 -10.96 -11.68 0.57 0.23 0.69 0.21

Fine Gaussian SVM 0.27 0.54 0.26 0.51 25.74 15.09 -12.46 2.69 1.02 1.34 1.23 1.25

Medium Gaussian SVM 0.73 0.85 0.81 0.84 13.97 9.17 -3.65 -2.25 1.88 2.20 2.27 2.06

Coarse Gaussian SVM 0.78 0.85 0.82 0.89 13.07 7.72 -2.83 0.81 2.01 2.62 2.43 2.45

Rational Quadratic GPR 0.82 0.91 0.89 0.91 10.80 6.82 -0.44 -1.48 2.35 2.96 4.02 2.77

Squared Exponential GPR 0.75 0.88 0.84 0.87 13.00 8.34 -1.07 -2.13 2.02 2.42 2.44 2.26

Matern 5/2 GPR 0.81 0.90 0.87 0.90 11.54 7.08 -1.46 -1.56 2.27 2.86 2.75 2.67

Exponential GPR 0.84 0.92 0.90 0.93 10.18 5.79 0.05 -0.65 2.49 3.49 4.27 3.26

Boosted Trees 0.80 0.89 0.86 0.91 11.94 6.99 -2.40 -0.74 2.20 2.89 2.66 2.70

Bagged Trees 0.77 0.89 0.85 0.91 12.41 6.88 -1.63 -0.85 2.11 2.94 2.56 2.75

Random Forest 0.81 0.92 0.88 0.92 10.99 6.01 -0.54 -0.74 2.31 3.36 3.95 3.14

Cubist 0.87 0.88 0.80 0.91 10.99 6.94 0.17 -0.03 2.60 2.91 4.12 2.72

Other ANN 0.75 0.77 0.78 0.81 18.00 12.43 11.12 6.88 1.41 1.63 2.41 1.52

R squared LCCC RMSE Bias RPD RPIQ
Models

Linear 

Regression 

Models

Regression 

Trees

Support 

Vector 

Machines

Gaussian 

Process 

Regression

Ensembles 

of Trees
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External Validation 

SMC was poorly predicted in the calibration set than the validation set; with the highest 𝑅2 being 

0.84 (for calibration) compared to 0.92 (for validation) using the exponential GPR model. The 

RMSE, LCCC, bias, RPD and RPIQ were 5.79%, 0.93, -0.65, 3.49 and 3.26, respectively (Figure 

3.15 and Table 3.5). Similar to SOM, Linear models again showed a wide range with the least 

accurate predictions again produced by Interactions Linear Model with 𝑅2, RMSE, LCCC, bias, 

RPD and RPIQ of 0.43, 619.12%, -0.04, -120.25, 0.03 and 0.03 respectively (Table 3.5).  

Additionally, nearly all the model types (GPRs, Ensemble of Trees, Regression Trees, ANN and 

Linear models) performed better for the validation dataset than the calibration dataset. 

  

Figure 3.15: Predicted vs. measured values of the a) calibration and b) validation dataset for SMC 

using the Exponential GPR model using 22 predictor variables. 

3.3.4.2 Predictive Accuracy of the Models Using 6 Predictor Variables 

The accuracy of predictions varied greatly with models even when only 6 optimum predictor 

variables were used (Table 3.6 and 3.7). 

3.3.4.2.1 Prediction of SOM 

10-fold cross (internal) validation 

After variable reduction, the 𝑅2 values for the calibration dataset decreased for 20 out of 24 models 

(Table 3.4 and 3.6). However, the decrease wasn’t much significant, with the maximum amount  
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Table 3.6: Accuracy of different models for the prediction of SOM in the calibration and validation datasets using 6 predictor variables. These are results of 10-

fold cross-validation internal validation (IV) and external validation (EV). RPD and RPIQ stands for Ratio of Prediction to Deviation and Ratio of Performance to 

Interquartile Distance, respectively 

IV EV IV EV IV EV IV EV IV EV IV EV

Linear 0.19 0.40 0.42 0.53 14.77 10.63 0.83 5.04 1.00 1.15 1.05 0.93

Interactions Linear 0.08 0.52 0.19 0.70 33.09 8.98 4.67 -1.24 0.45 1.36 0.47 1.11

Pure Quadratic 0.53 0.46 0.70 0.65 11.58 9.22 0.58 1.19 1.28 1.33 1.33 1.08

Robust Linear 0.04 0.40 -0.16 0.59 33.67 9.61 -8.34 1.69 0.44 1.27 0.46 1.03

Stepwise Linear 0.27 0.46 0.49 0.65 13.12 9.22 -0.17 1.19 1.13 1.33 1.18 1.08

PLSR 0.36 0.36 0.52 0.52 14.28 10.42 0.00 3.74 1.25 1.17 1.52 0.95

Fine Tree 0.16 0.41 0.22 0.61 31.20 9.54 21.46 -1.34 0.48 1.28 0.50 1.04

Medium Tree 0.37 0.40 0.59 0.61 12.73 9.78 1.53 -0.38 1.16 1.25 1.21 1.01

Coarse Tree 0.21 0.12 0.38 0.27 13.69 12.06 3.47 3.17 1.08 1.01 1.13 0.82

Linear SVM 0.00 0.38 -0.05 0.49 21.94 9.69 -5.79 1.43 0.68 1.26 0.70 1.02

Quadratic SVM 0.56 0.48 0.71 0.66 12.35 8.97 1.12 -1.26 1.20 1.36 1.25 1.11

Cubic SVM 0.10 0.48 0.14 0.66 57.12 8.97 6.59 -1.26 0.26 1.36 0.27 1.11

Fine Gaussian SVM 0.19 0.33 0.35 0.44 13.20 9.92 -0.31 -0.31 1.12 1.23 1.17 1.00

Medium Gaussian SVM 0.54 0.50 0.70 0.64 10.05 8.53 -0.42 -0.38 1.48 1.43 1.54 1.16

Coarse Gaussian SVM 0.54 0.37 0.70 0.45 10.05 9.76 -0.42 0.20 1.48 1.25 1.54 1.02

Rational Quadratic GPR 0.48 0.53 0.68 0.69 11.23 8.27 0.15 -0.09 1.32 1.48 1.38 1.20

Squared Exponential GPR 0.41 0.53 0.62 0.69 11.69 8.27 -0.60 -0.09 1.27 1.48 1.32 1.20

Matern 5/2 GPR 0.51 0.53 0.69 0.68 10.65 8.27 -0.16 -0.10 1.39 1.48 1.45 1.20

Exponential GPR 0.50 0.46 0.69 0.61 10.74 8.96 0.25 -0.99 1.38 1.36 1.44 1.11

Boosted Trees 0.35 0.44 0.57 0.62 12.45 9.39 0.02 -2.19 1.19 1.30 1.24 1.06

Bagged Trees 0.50 0.43 0.65 0.58 10.62 9.18 2.05 0.56 1.40 1.33 1.46 1.08

Random Forest 0.64 0.46 0.77 0.61 10.70 9.04 -0.13 -1.47 1.67 1.35 2.03 1.10

Cubist 0.72 0.42 0.72 0.61 9.90 9.59 0.37 -1.78 2.49 1.28 2.24 1.03

Other ANN 0.69 0.43 0.80 0.62 9.89 9.43 0.68 1.09 1.81 1.30 2.19 1.05

Bias RPD RPIQ
Models

Linear 

Regression 

Models

Regression 

Trees
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Vector 

Machines
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Process 

Regression

Ensembles 
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of decrease being for Linear SVM from 0.58 to 0.00 while the Pure Quadratic linear regression 

model witnessed a corresponding increase in 𝑅2 values from 0.12 to 0.53.  

Individually, Cubist produced the most accurate predictions with 𝑅2, RMSE, LCCC, bias, RPD 

and RPIQ of 0.72, 9.90%, 0.72, 0.37, 2.49 and 2.24, respectively (Figure 3.16 and Table 3.6). On 

the contrary, the model trained using Cubic SVM produced the worst predictions with 𝑅2, RMSE, 

LCCC, bias, RPD and RPIQ of 0.10, 57.12%, 0.14, 6.59, 0.26 and 0.27, respectively (Table 3.6). 

Groupwise, reasonable and consistent performance was recorded for GPRs exhibiting 𝑅2 values 

in the range of 0.41-0.51 and 0.46-0.53 for both calibration and validation datasets, respectively.  

External Validation 

Reduction in the predictor variables from 22 to 6 resulted in an increase in predictive accuracy for 

19 out of 24 models, since the 𝑅2 values for them showed an increase or remained the same. The 

maximum decrease was observed for ANN with 𝑅2 decreasing from 0.54 to 0.43, while the 

maximum increase was for Interactions Linear model followed by Cubic SVM (Table 3.4 and 3.6). 

At individual level, the most accurate predictions were obtained by Squared Exponential GPR, 

with 𝑅2, RMSE, LCCC, bias, RPD and RPIQ of 0.53, 8.27%, 0.69, -0.09, 1.48 and 1.20, 

respectively (Figure 3.16 and Table 3.6). However, using other methods, the RMSE of the 

prediction of Squared Exponential GPR model lowered by 3 to 46%. The least accurate predictions 

were those produced by Coarse Tree model with 𝑅2, RMSE, LCCC, bias, RPD and RPIQ of 0.12, 

12.06%, 0.27, 3.17, 1.01 and 0.82, respectively (Table 3.6). All the models except Cubist, ANN 

and Bagged Trees exhibited better performance than those formed using 22 predictor variables, as 

pointed out by the decreased RMSE by 0.66 to 94.92% (Table 3.6).      

Most of the GPRs and Linear Regression models performed better for the validation dataset than 

the calibration dataset, when 6 predictor variables were used. 
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Figure 3.16: Predicted vs. measured values of the a) calibration and b) validation dataset for SOM 

using Cubist model 6 predictor variables.   

3.3.4.2.2 Prediction of SMC 

10-fold cross (internal) validation 

There was a slight decrease in the predictive accuracy for 12 out of 24 models, for the calibration 

dataset, as was evident from the decrease in 𝑅2 values, while for the rest of the models, 𝑅2 values 

showed an increase or remained the same. The amount of decrease in 𝑅2 values varied from 0.01 

to 0.70 while the increase varied from 0.01 to 0.75. 

Cubist model produced the best predictive relationship between SMC and soil colour and texture 

features with 𝑅2= 0.86, RMSE= 10.43%, LCCC= 0.80, bias= -0.74, RPD= 2.92 and RPIQ= 4.72 

(Figure 3.17 and Table 3.7). However, the Linear Regression model exhibited poor predictive 

performance with an 𝑅2 of 0.01 and an RMSE of 55.82% while the LCCC, bias, RPD and RPIQ 

were 0.06, -17.45, 0.47 and 0.57, respectively (Table 3.7).  

External Validation 

Overall, excellent predictions were obtained for most of the models while only few (Linear 

Regression, Coarse Tree, Linear SVM and PLSR) showed RPD < 2. Utilizing 𝑅2, to evaluate the 

model performance also produced similar results, with validation 𝑅2 ≥ 0.61 for all the calibrated 

models (Table 3.7). The 𝑅2 value for the model trained using Matern 5/2 GPR produced best  
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Table 3.7: Accuracy of different models for the prediction of SMC in the calibration and validation datasets using 6 predictor variables. These are results of 10-

fold cross-validation internal validation (IV) and external validation (EV). RPD and RPIQ stands for Ratio of Prediction to Deviation and Ratio of Performance to 

Interquartile Distance, respectively  

IV EV IV EV IV EV IV EV IV EV IV EV

Linear 0.01 0.75 0.06 0.84 55.82 10.23 -17.45 -0.81 0.47 1.98 0.57 1.85

Interactions Linear 0.80 0.91 0.88 0.93 11.35 6.24 0.34 -0.54 2.23 3.24 3.83 3.03

Pure Quadratic 0.65 0.94 0.78 0.94 15.75 5.17 -1.09 -1.57 1.66 3.91 2.01 3.65

Robust Linear 0.73 0.75 0.83 0.84 13.66 9.99 -0.65 -0.89 1.92 2.02 2.32 1.89

Stepwise Linear 0.78 0.93 0.86 0.94 12.44 5.34 -2.11 -0.31 2.11 3.79 2.55 3.54

PLSR 0.65 0.73 0.78 0.83 14.82 10.64 0.00 0.07 1.71 1.90 2.93 1.78

Fine Tree 0.65 0.82 0.77 0.87 15.91 8.71 -3.76 -1.49 1.65 2.32 1.99 2.17

Medium Tree 0.68 0.84 0.80 0.88 14.86 8.14 -0.69 -0.78 1.76 2.48 2.13 2.32

Coarse Tree 0.64 0.61 0.73 0.72 16.61 12.51 -6.05 0.07 1.58 1.62 1.91 1.51

Linear SVM 0.72 0.72 0.75 0.82 15.12 11.02 -3.85 -1.01 1.73 1.83 2.10 1.71

Quadratic SVM 0.76 0.93 0.83 0.94 13.19 5.56 -3.78 -1.94 1.99 3.63 2.41 3.39

Cubic SVM 0.72 0.89 0.82 0.91 13.99 7.14 -2.96 -2.22 1.87 2.83 2.27 2.65

Fine Gaussian SVM 0.73 0.87 0.81 0.86 13.70 8.43 -2.24 0.02 1.91 2.40 2.31 2.24

Medium Gaussian SVM 0.78 0.93 0.84 0.91 12.78 6.45 -3.40 -0.96 2.05 3.14 2.48 2.93

Coarse Gaussian SVM 0.75 0.88 0.78 0.90 14.27 7.22 -4.08 -0.59 1.84 2.80 2.22 2.62

Rational Quadratic GPR 0.76 0.95 0.84 0.94 12.84 5.06 -1.43 -1.23 2.04 3.99 2.47 3.73

Squared Exponential GPR 0.76 0.95 0.85 0.94 12.84 5.06 -1.52 -1.30 2.04 3.99 2.47 3.73

Matern 5/2 GPR 0.74 0.95 0.84 0.94 13.36 5.04 -1.13 -0.95 1.96 4.01 2.37 3.75

Exponential GPR 0.76 0.94 0.84 0.94 12.84 5.27 -1.02 -0.72 2.04 3.83 2.47 3.58

Boosted Trees 0.73 0.91 0.81 0.90 13.97 6.92 -3.41 -1.37 1.88 2.92 2.27 2.73

Bagged Trees 0.70 0.88 0.81 0.90 14.36 7.17 -1.33 -0.84 1.83 2.82 2.21 2.64

Random Forest 0.76 0.90 0.86 0.91 12.32 6.72 -0.28 -1.02 2.06 3.01 3.53 2.81

Cubist 0.86 0.93 0.80 0.93 10.43 5.68 -0.74 -0.64 2.92 3.56 4.72 3.32

Other ANN 0.80 0.94 0.87 0.93 12.00 5.93 3.92 3.17 2.11 3.41 3.62 3.19

Models

Linear 

Regression 

Models

Regression 

Trees

Support 

Vector 

Machines

Gaussian 

Process 

Regression

Ensembles 

of Trees

R squared LCCC RMSE Bias RPD RPIQ
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predictions was 0.95, the RMSE was 5.04%, the LCCC was 0.94, the bias was -0.95, the RPD was 

4.01 and the RPIQ was 3.75 (Figure 3.17 and Table 3.7). The worst predictions were produced by 

Coarse Tree SVM model with 𝑅2, RMSE, LCCC, bias, RPD and RPIQ of 0.61, 12.51%, 0.72, 

0.07, 1.62 and 1.51, respectively.  

Individually, the predictive accuracy for all the models showed improvement except for Random 

Forest, Linear Regression, Medium Tree, Coarse Tree, Linear SVM and Bagged Trees with respect 

to the models built using 22 predictor variables. The RMSE decreased by 0.97 to 99% (Table 3.7). 

Groupwise, a better performance was witnessed for the validation dataset than the calibration 

dataset for all the models (Table 3.7).  

  

Figure 3.17: Predicted vs. measured values of the a) calibration and b) validation dataset for SMC 

using the Cubist model using 6 predictor variables.   

3.4 Discussion 

3.4.1 Identification of important predictors 

For SOM, there was no significant reduction in the prediction accuracy obtained following the 

removal of insignificant predictor variables from all the models. The new brief models with 

reduced predictor variables were as accurate as the ones developed with all the variables, 

suggesting that the entire set of 22 predictor variables was not needed. Thus, it also necessary to 

identify few useful image features for reasonable approximation of SOM and SMC. This 
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redundancy also forms the rationale to investigate the data compression techniques required to 

analyze the data.  

3.4.2 Model Performance 

There was a huge difference in the accuracies of prediction provided by the regression and machine 

learning methods for both SOM and SMC.  For prediction of SOM, ANN provided the best 

predictions using calibration dataset containing 22 predictor variables. However, it couldn’t sustain 

its performance for the test dataset prediction whereas SVM performed well in that case (Table 

3.4). This could be because SVMs with proficient pattern recognition deal with local minima 

which are ordinary issues associated with the training process of ANNs (Haghverdi et al., 2014; 

Lamorski et al., 2008). In another terms, structural risk optimization facilitated in SVMs helps in 

the reduction of size of the models and errors in the prediction, whereas ANNs possess a predefined 

structure directed only towards minimizing error on training data (Elbisy, 2015; Vapnik et al., 

1997). 

Amongst all types of trees (or rule-based decision methods), Cubist outperformed individual and 

ensembles of trees. The reason for its success may be attributed to the fact that it separates data 

well and forms multivariate linear models at terminal nodes rather than distinct values (unlike 

individual trees). Its performance was also superior to RF. This could be because Cubist produces 

more continuous predicted values, since in Cubist, each linear model at the terminal node permits 

a smooth transition in the prediction among trees (Dangal et al., 2019).  Whereas, a subset of input 

data is chosen randomly via bagging, in RF, and the final prediction is based on the mean of outputs 

from all discrete trees (Breiman, 2001). Even though, Cubist provided a good model fit for the 

calibration dataset (for both SOM and SMC with 6 predictor variables), it didn’t perform well for 

the validation dataset. After careful inspection, it was noticed that Cubist tends to predict poorly 

at higher values (Doetterl et al., 2015; Minasny and McBratney, 2008).  

Gaussian process regression models demonstrated excellent predictive capability for both 

calibration datasets (for SOM with 22 predictor variables) and validation datasets (for SMC with 

22 predictor variables and for both SOM and SMC with 6 predictor variables). GPRs presume that 

adjoining observations should impart information about each other (Pal and Deswal, 2010). They 
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are alike in their performance to SVMs since they use kernel functions in addition to nonparametric 

basic. However, they yield reliable responses to the input data provided, which increases their 

reliability as a probabilistic model (Rasmussen and Nickisch, 2010).  

An implication of this study is that it can help in selecting promising image features and 

appropriate regression/ machine learning model which can together potentially be extended to and 

implemented in a software environment (for instance, a standalone app) and can be used as a tool 

by farmers and land managers for in situ analysis of SOM and SMC content. The app would rely 

on colour information of soil sample alone obtained using inbuilt camera of a cell phone to provide 

for reasonable predictions of SOM and SMC both in situ and ex situ regardless of the need to use 

any supporting device or possess background knowledge about the soil profile or without the 

requirement of any sample preparation in the laboratory (for in situ application).  

High prediction accuracies also implied that images collected were of good/reasonable quality and 

image preprocessing for the removal of noise (deduction of non-soil pixels) in the form of image 

cropping, enhancement and segmentation proved to be successful and facilitated model 

development.  

Cell phones, nowadays, have become increasingly popular and have revolutionized and replaced 

many devices including digital cameras. In this study, cell phones exhibited the potential to be 

used for image-based soil property characterization. They demonstrated the ability to capture 

images as good as a digital camera because similar SOM and SMC prediction accuracies were 

obtained with cell phone images as that were obtained with digital cameras images.  

3.5 Conclusions 

This study evaluated several models in terms of their performance towards rapid and reasonable 

estimation of SOM and SMC from a set of cell-phone images collected in the laboratory. The aim 

is to contribute towards development of a proximal soil sensor using cell phone for rapid and cost-

effective characterization of soil properties without analyzing them in laboratory following 

traditional techniques that are costly, time-consuming and labor-intensive. A laboratory 

experiment was carried out with soil samples from two agricultural fields with highly variable 
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SOM. Images were captured using a cell phone at variable soil moisture contents to simulate the 

continuous variation of soil moisture in the field. Models were developed based on colour and 

texture features derived from the images first using all 22 extracted features and then using 6 best 

features for both SOM and SMC separately. The dark colour of soils can be attributed to both high 

SOM content as well as high moisture content in the soil. Colour features demonstrated high 

correlation with both SOM and SMC. For the models trained using only 6 best predictor variables, 

both SOM and SMC were again modelled with approximately the same accuracy as compared to 

that with all the 22 predictors. The only exception was for internal validation predictions of SOM 

which considerably reduced prediction accuracy. Overall, Gaussian Process Regression and Cubist 

models best captured and explained the non-linear relationships between SOM, SMC and image 

features. With the success of predicting SOM and SMC from images, it provides an opportunity 

to develop a proximal soil sensor to be used further for easy, rapid and cost-effective analysis 

characterization of soil properties including SOM and SMC.  
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CHAPTER 4 

SUMMARY, CONCLUSIONS AND FUTURE DIRECTIONS  

Digital Image Processing and machine learning techniques were used to estimate SOM and SMC 

from soil images collected by two image acquisition systems; digital camera and cell phone. The 

overall goal of this thesis was to examine the potential of using images captured by a digital camera 

and cell phone as a faster method of soil characterization in comparison to traditional laboratory 

approaches. It was also to evaluate numerous supervised regression and machine learning 

techniques in terms of their performance to provide reasonable estimates of SOM and SMC. 

Predictive relationships were developed between laboratory measured soil properties (SOM and 

SMC) and colour and texture information derived from images. The supervised regression and 

machine learning prediction models utilized in this study included: Linear Regression Models 

(Linear, Interactions Linear, Robust Linear, Stepwise Linear, Partial Least Squares), 

Decision/Regression Trees (Fine Tree, Medium Tree, Coarse Tree), Support Vector Machines, 

SVM (Linear SVM, Quadratic SVM, Cubic SVM, Fine Gaussian SVM, Medium Gaussian SVM, 

Coarse Gaussian SVM), Gaussian Process Regression (GPR) Models (Rational Quadratic, 

Squared Exponential, Matern 5/2, Exponential), Ensembles of Trees (Boosted Trees, Bagged 

Trees, Random Forest (RF), Cubist), Other models (Artificial Neural Network (ANN)). Overall, 

Gaussian Process Regression (GPR) and ensemble tree models were considered as superior models 

for SOM and SMC prediction over others due to their ability to capture and explain the non-linear 

relationships amongst SOM, SMC and derived image features, and producing high prediction 

accuracies and small prediction uncertainties. A total of 22 features were extracted including Mean 

R, Mean G, Mean B, Median R, Median G, Median B, Redness Index, Colouration Index, Hue 

Index, Saturation Index (from RGB images), Mean H, Mean S, Mean V, Median H, Median S and 

Median V (from HSV images); Mean Gray, Median Gray, Entropy, Contrast, Energy and 

Homogeneity (from monochrome images) and used as predictor variables for developing the 

models. Additionally, prior to the extraction of image features, and as a pivotal step of digital 

image processing, various preprocessing techniques such as image cropping, enhancement and 

segmentation were performed for their contribution to the image-based characterization of soil 

properties. This was deemed as a necessary step since uncontrolled variables such as the presence 
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of foreign particles on the surface of the soil, non-uniform illumination, reflection from water (in 

case of high soil moisture content) and other foreign materials can influence the quality of the 

image data. These can cause a decrease in the prediction accuracy because the image intensity 

values corresponding to these pixels do not represent the image intensity values of the actual soil 

surface. Furthermore, a z-score was defined to assess the contribution of each image feature 

towards prediction following six different analysis: ANOVA (Analysis of Variance), RF (Random 

Forest), Cubist, PCA (Principal Component Analysis), Vtreat variable reduction and Correlation 

analysis. This further assisted in optimization of model development through enhancement of 

computational power and speed and without compromising the accuracy of prediction.  

H and S (Hue and Saturation Plane of HSV colour space respectively) and Saturation Index, SI 

were identified as the optimum predictor variables for SOM prediction for both digital camera and 

cell phone images. Likewise, R and B (Red and Blue Plane of RGB colour space respectively) 

were recognized as optimum predictor variables for SMC prediction for both digital camera and 

cell phone images. HSV and RGB channels were more important in predicting SOM and SMC, 

respectively over other channels for both cell phone and DC images. The least important predictor 

variable was Redness Index, RI and S (Saturation Plane of HSV colour space) for SOM and SMC 

prediction, respectively for both cell phone and digital camera images. High prediction accuracies 

were obtained for both SOM and SMC with 𝑅2 as high as 0.86 for SMC prediction (produced by 

Random Forest and using 6 predictor variables and digital camera images for the validation 

dataset) and 𝑅2 = 0.74 for SOM prediction (produced by Cubist and using 6 predictor variables 

and digital camera images for the validation dataset). The predictions from cell phone images were 

almost at par as that from the digital camera images.  

The results illustrated in this study efficaciously evaluated the available digital image acquisition 

systems and machine learning techniques. Reasonable prediction accuracies obtained from soil 

images demonstrated the feasibility and effectiveness of using digital images for soil 

characterization of soil properties. This is noteworthy since there is absence of literature 

concerning comprehensive comparison of the popularly used algorithms and models on data 

collected from images. This was the first time that several supervised regression and machine 
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learning techniques were simultaneously evaluated for their capability to predict SOM and SMC 

from images. This significantly improved the methodology and practical utilization of digital 

image processing, imparted recommendations and directions for the further choice and utilization 

of techniques for digital image processing.  

Taking everything into account, it can be concluded that through image preprocessing for the 

removal of noise, identification of optimum image features to be used as predictor variables, and 

comparison of modelling techniques to build predictive relationships, the whole digital image 

analysis procedure was evaluated and optimized for better image-based soil property 

characterization for precision agriculture.   

Various dimensions were determined for the future work.  

1) Increasing the sample size for related studies to develop stronger and more robust 

predictive models.  

2) Various image preprocessing and modeling techniques are accessible for the analysis of 

image data which appear to function/behave differently depending on the soil sample 

condition as well as on the soil property of interest. Further study in this dimension is 

advised to investigate the utilization of more preprocessing and modeling techniques to 

estimate soil properties from digital images, with the expectation to ascertain a single 

optimal combination. 

3) Developing a cell-phone application which is self-sufficient to determine soil properties 

directly in the field, so that the goal of digital image processing which is to provide ease in 

analysis work can be achieved.   
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CHAPTER 5 

CONTRIBUTION TO SCIENCE 

This thesis highlighted the following scientific contributions that mainly assessed and improved 

the current technology and methods to predict SOM and SMC from images taken by a digital 

camera and cell phone in laboratory.  

1) The feasibility of digital image processing to predict SOM and SMC was tested and 

compared simultaneously from soil images captured by both digital camera and cell phone 

on the same set of soil samples. The results showed a good prediction for SMC and fair 

prediction for SOM. This is noteworthy because none of previous studies have predicted 

SOM and SMC simultaneously from the same set of images. In addition, this study 

enriched the assessment and application of digital image processing.  

2) A new z-score was proposed to identify/assess the contribution of each image feature 

towards prediction. This is the first time that variable reduction or data compression 

techniques were explored and examined in order to identify few useful features which can 

provide reasonable approximation without comprising the accuracy of results, while at the 

same time enhancing computational speed.  

3) Machine learning techniques, despite being widely used, have not been used to predict soil 

properties from digital images. Therefore, we adopted them in this study and assessed their 

effectiveness to predict SOM and SMC. A total of 24 regression and machine learning 

techniques were tested and compared to identify the most suitable (GPRs and ensemble of 

trees) for digital image processing. This provided valuable insights on the further selection 

and application of techniques for digital image processing.  
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Appendix 

MATLAB Script for Image Preprocessing, Colour Space Conversions and Feature 

Extraction 

clear all  

close all 

clc 

cd 'C:\Users\SoilPhysics\Desktop\perry\Image Project\Cell Phone_Original\sorted_M5'; 

files = dir('*.jpg'); 

for i_number=1: size(files,1) 

name = files(i_number).name; 

files_name = strsplit(name,'.'); 

files_name_number = files_name{1,1}; 

A = imread(name); 

C=im2double(A); 

aa=imcrop(C, [1909 686 949 949]); 

soil_lab = rgb2lab(aa); 

max_luminosity = 100; 

L = soil_lab(:,:,1)/max_luminosity; 

soil_imadjust = soil_lab; 

soil_imadjust(:,:,1) = imadjust(L)*max_luminosity; 

soil_imadjust = lab2rgb(soil_imadjust); 

a=soil_imadjust; 

a=im2uint8(a); 
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J = rgb2gray(a); 

imshow(A) 

%Display a histogram of the image. Since J is grayscale by default the histogram will 

have 256 bins. 

imshow(J) 

imhist(J) 

[counts,binLocations] = imhist(J); 

T = table(counts,binLocations); 

r = counts(248:end,1); 

m = max( r ) ; 

t = max(m, 3000); 

B=find(counts <= t); 

IV= binLocations(B); 

[RIV CIV] = size(IV); 

[rows columns] = size(J); 

d = ones(rows, columns); 

for i=1:rows 

  for j= 1:columns 

    for k=1:RIV 

      if(IV(k,1) == J(i,j)) 

          a(i,j,1)=NaN; 

          a(i,j,2)=NaN; 

          a(i,j,3)=NaN; 
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      break; 

      end 

    end 

   end 

 end 

%% extracting red, green and blue component images  

a=im2double(a); 

R= a (:,:,1); 

G= a (:,:,2); 

Bl= a (:,:,3); 

%% calculating 

mR=nanmean(R);  

meanR=mean(mR,'omitnan'); 

MR=median(R,'omitnan'); 

MR1=transpose(MR); 

medianR=median(MR1); 

mG=nanmean(G); 

meanG=mean(mG,'omitnan'); 

MG=median(G,'omitnan'); 

MG1=transpose(MG); 

medianG=median(MG1); 

mB=nanmean(Bl); 

meanB=mean(mB,'omitnan'); 
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MB=median(Bl,'omitnan'); 

MB1=transpose(MB); 

medianB=median(MB1); 

%% Converting an RGB image to HSV 

HSV = rgb2hsv(a); 

H = HSV(:,:,1);  

S = HSV(:,:,2); 

V = HSV(:,:,3); 

mH=nanmean(H); 

meanH=mean(mH,'omitnan'); 

MH=median(H,'omitnan'); 

MH1=transpose(MH); 

medianH=median(MH1); 

mS=nanmean(S); 

meanS=mean(mS,'omitnan'); 

MS=median(S,'omitnan'); 

MS1=transpose(MS); 

medianS=median(MS1); 

mV=nanmean(V); 

meanV=mean(mV,'omitnan'); 

MV=median(V,'omitnan'); 

MV1=transpose(MV); 

medianV=median(MV1); 
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%% converting to a grayscale image 

K = rgb2gray(a); 

mK=nanmean(K); 

meanK=mean(mK,'omitnan'); 

MK=median(K,'omitnan'); 

MK1=transpose(MK); 

mediangray=median(MK1); 

% entropy of grayscale image 

E=entropy(K); 

%Create the GLCMs 

glcm = graycomatrix(K); 

% Derive statistics from the GLCMs using the graycoprops function. The example 

calculates the contrast and correlation. 

stats = graycoprops(glcm); 

contrast = stats.Contrast; 

correlation = stats.Correlation; 

energy = stats.Energy; 

homogeneity = stats.Homogeneity; 

P= {files_name_number meanR meanG meanB meanH meanS meanV meanK medianR 

medianG medianB medianH medianS medianV mediangray E contrast correlation energy 

homogeneity}; 

fprintf("saving the number %d image: %s  \n",i_number,name); 

str = strcat('A',num2str(i_number)); 

xlswrite('data.xls',P,'sheet1',str); 

end 


