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ABSTRACT 

Monintoring Photosynthetic Traits of Plants Grown under the Influence  

of Soil Salinity and Nutrient Stress 

Syed Haleem Shah 

Irrigated lands generate crop yields that are more than double those of rain-fed lands. 

Unfortunately, these systems are often heavily reliant on water supplies, which are 

diminishing globally. Alternative use of impaired quality waters for irrigation can 

reduce soil quality through secondary salinization, affecting plant health and yields. 

With salinization of agricultural lands increasing around the world, further 

understanding the impacts of this on crop production are required. The aim of this 

research is to assess the influence of soil salinity and nutrient stress on leaf 

photosynthetic pigments, gas exchange and biochemical photosynthetic parameters 

in wheat plants. The feasibility of estimating key photosynthetic pigments from in-

situ leaf hyperspectral data is examined using vegetation indices, linear regression 

models and a random forest machine learning technique.  

Results showed that salinity stress presented a significant increase in the chlorophyll 

and carotenoid contents per leaf area, although the total pigment contents per plant 

was reduced as a consequence of lower production of leaf matter. While nutrient 

application enhanced the photosynthetic pigment content per leaf area, its 
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interaction with salinity stress was found to be significant and varied with salinity 

level. A strong positive relationship was found between SPAD-502 measurements 

and leaf chlorophyll content and confirmed that SPAD-based retrieval of 

photosynthetic pigments can be undertaken with confidence irrespective of any 

prevailing stress in wheat plants. Photosynthetic parameters directly related to 

biomass accumulation (such as Vcmax, Jmax and gs) varied considerably with stress 

levels and growth stages, with high values of these parameters observed at low stress 

and in periods of more vigorous growth. Employing a random forest machine learning 

approach with all hyperspectral data as input features significantly improved the 

predictability and accuracy relative to the univariate linear regression model. 

However, using vegetation indices as direct predictors further improved the 

estimation accuracy and robustness of the random forest model.  

Overall, the findings from this research have implications for large scale estimation 

of vegetation photosynthetic traits from remotely sensed data, and offer a mechanism 

by which early detection of stress may be monitored, providing a means for enacting 

a timely crop management response.   



6 

 

ACKNOWLEDGEMENTS 

My first and foremost gratitude goes to Prof. Matthew McCabe. I am thankful to him 

for the guidance, encouragement, support and advice he has provided throughout my 

PhD. Many thanks to the King Abdullah University of Science and Technology 

(KAUST) for giving me this opportunity to do the PhD, and generous funding. I am 

thankful to Rasmus Houborg, who helped me, cared about my work and responded to 

my questions and queries so promptly. Together with him, working in desert heat, 

inside corn fields and with running FieldSpec on shoulders was a great fun. My work 

cannot be justified without thanking my former supervisors, Prof. Riaz Khattak 

(Agriculture University Peshawar), Prof. Eric Van Ranst (Ghent University Belgium), 

Prof. Yong Sik Ok (Korea University), and Dr. Jae Seong Rhee (Korea Institute of Science 

and Technology) for the training, motivation, and support whenever it was required. 

The HALO group members for their support, particularly Jorge, Oliver, Samir, Bruno 

and Yoseline who are always willing to help whenever I needed. 

A special thank goes to friends and their families at KAUST, Khan Zaib Jadoon, 

Shawkat Ali, Shuaib,  Zahir Ali,  Babar Khan, Tehseen, , Faisal Wali, and Nasir whose 

always supported me and made my stay at KAUST pleasant. 

Family is the most important thing in my life. I am grateful to my parents, siblings, 

wife and daughters: Ghazala, Sumaira, Salma and Laiba for their love, encouragement, 

and strong support, without whom it would be impossible to accomplish this goal.   



7 

 

Page 

TABLE OF CONTENTS 

1.1 . Research Motivation ......................................................................................................... 24 

1.2 . Literature Review .............................................................................................................. 26 

1.2.1 . Saline water for irrigation ................................................................................. 26 

1.2.2 . Plant response to salinity ................................................................................... 28 

1.2.3 . Plant nutrition and salinity interactions ...................................................... 29 

1.2.4 . Photosynthesis Process and Machinery ....................................................... 31 

1.2.5 . Photosynthetic response to stress.................................................................. 35 

1.2.6 . Monitoring plant photosynthesis .................................................................... 37 

1.2.7 . Remote sensing of plants traits using hyperspectral reflectances .... 39 

1.2.8 . Machine learning of hyperspectral data ....................................................... 41 

1.3 . The Knowledge Gap ........................................................................................................... 43 

1.4 . Research Aims and Objectives ...................................................................................... 45 



8 

 

1.5 . Implications of this Research ........................................................................................ 47 

1.6 . Outline of this Thesis ........................................................................................................ 49 

2.1 . The Greenhouse Pot Experiments ............................................................................... 53 

2.1.1 . Collection and Processing of Soil .................................................................... 53 

2.1.2 . Soil Preparation and filling of pots ................................................................. 55 

2.1.3 . Soil water content determination ................................................................... 56 

2.1.4 . Water holding capacity and pot irrigation .................................................. 57 

2.2 . Plant Material ...................................................................................................................... 60 

2.3 . Experimental Design ......................................................................................................... 60 

2.3.1 . Irrigation Water Salinity (Factor A, Blocks) ............................................... 61 

2.3.2 . NPK Fertilizer (Factor B).................................................................................... 62 

2.3.3 . Experimental setup in the greenhouse and seeding ............................... 63 

2.4 . Photosynthetic Traits Measurements ........................................................................ 65 

2.4.1 . Gas exchange measurements............................................................................ 65 

2.4.2 . Fitting A/Ci curve and estimation of biochemical parameters ........... 71 

2.4.3 . SPAD readings ........................................................................................................ 75 

2.4.4 . Leaf area measurements .................................................................................... 76 

2.5 . Hyperspectral reflectance measurements................................................................ 78 

2.6 . Leaf pigments analysis ..................................................................................................... 80 

2.7 . Agronomic measurements .............................................................................................. 83 

2.8 . Data and Statistical Analysis .......................................................................................... 85 

2.8.1 . Means comparisons .............................................................................................. 85 

2.8.2 . Linear Regression Analysis ............................................................................... 87 

2.9 . Machine learning and data analysis ............................................................................ 90 



9 

 

3.1 . Introduction ......................................................................................................................... 93 

3.2 . Materials and Methods ................................................................................................... 100 

3.2.1 . Greenhouse Pot Experiment ........................................................................... 100 

3.2.2 . Plant Treatments ................................................................................................. 102 

3.2.3 . SPAD Measurements .......................................................................................... 104 

3.2.4 . Photosynthetic Pigments Determination ................................................... 104 

3.2.5 . Statistical Analyses ............................................................................................. 106 

3.3 . Results .................................................................................................................................. 110 

3.3.1 . Impact of Salinity and Fertilizer Treatments on Pigment Content .. 110 

3.3.1.1 .Leaf Area-Based Pigment Content ......................................................... 110 

3.3.1.2 .Whole Plant-Based Pigment Content ................................................... 115 

3.3.2 . Estimation of Leaf Photosynthetic Pigment Content from SPAD-502 
Measurements ...................................................................................................... 120 

3.3.2.1. Cluster Analysis between SPAD and Pigment Content Values…..…
 ........................................................................................................................... 122 

3.3.2.2 .Multivariate Statistical Analysis between SPAD and Pigment 
Content Values ............................................................................................. 123 

3.4 . Discussion ........................................................................................................................... 125 

3.4.1 . Effect of Stress on Pigment Content Per Unit Leaf Area ....................... 125 

3.4.2 . Total Amount of Pigments Produced Per Plant ....................................... 128 

3.4.3 . Effect of Stress on SPAD–Pigment Relationships ................................... 129 

3.5 . Conclusions ......................................................................................................................... 132 

 

 



10 

 

4.1 .  Introduction ................................................................................................................... 137 

4.1.1 . Photosynthesis under abiotic stress ............................................................ 137 

4.1.2 . Photosynthesis response to soil nutrients ................................................ 139 

4.1.3 . Plant growth stages and photosynthesis ................................................... 140 

4.1.4 . Determining photosynthesis using gas exchange measurment ........ 141 

4.1.5 . Objectives ............................................................................................................... 143 

4.2 . Materials and Methods ................................................................................................... 145 

4.2.1 . Plant Growth Pot Experiment ........................................................................ 145 

4.2.1.1.  Plant Material and Experimental Setup.............................................. 146 

4.2.2 . Leaf Gas Exchange and Fluorescence Measurements ........................... 147 

4.2.3 . Biochemical Parameters Limiting Photosynthesis ................................ 147 

4.2.4 . Water-relations traits limiting photosynthesis ....................................... 148 

4.2.5 . Statistical Analyses ............................................................................................. 150 

4.3 . Results .................................................................................................................................. 151 

4.3.1 . Tillering stage: Leaf gas exchange parameters as affected by salinity 
and nutrient stress ............................................................................................. 155 

4.3.2 . Tillering stage: Response of biochemical photosynthetic parameters 
to salinity and nutrient stress ........................................................................ 161 

4.3.3 . Booting stage: Leaf gas exchange parameters as affected by salinity 
and nutrient stress ............................................................................................. 168 

4.3.4 . Booting stage: Response of biochemical photosynthetic parameters 
to salinity and nutrient stress ........................................................................ 173 

4.3.5 . Anthesis stage: Leaf gas exchange parameters as affected by salinity 
and nutrient stress. ............................................................................................ 177 

4.3.6 . Anthesis stage: Response of biochemical photosynthetic parameters 
to salinity and nutrient stress ........................................................................ 182 

4.3.7 . Maturity stage: Leaf gas exchange parameters as affected by salinity 
and nutrient stress ............................................................................................. 186 



11 

 

4.3.8 . Maturity stage: Response of biochemical photosynthetic parameters 
to salinity and nutrient stress ........................................................................ 190 

4.3.9 . Synthesis of Results across the Various Growth Stages ....................... 195 

4.4 . Discussion ........................................................................................................................... 204 

4.4.1 . Diffusional constraints on photosynthesis under the influence of 
salinity and nutrient stress ............................................................................. 211 

4.4.2 . Biochemical limitations on photosynthesis under the influence of 
salinity and nutrient stress ............................................................................. 213 

4.5 . Conclusion ........................................................................................................................... 217 

5.1 .  Introduction ...................................................................................................................... 225 

5.2 .  Materials and Methods .................................................................................................. 231 

5.4.1 . Greenhouse pot experiment ........................................................................... 231 

5.4.2 . Hyperspectral data acquisition ...................................................................... 231 

5.4.3 . Chlorophyll determination .............................................................................. 232 

5.4.4 . Hyperspectral data processing and extraction of vegetation indices
 .................................................................................................................................... 232 

5.4.5 . Overview of Statistical Procedures Performed ....................................... 238 

5.4.5.1 Simple Univariate Regression Analysis ................................................ 239 

5.4.6 . Applications of Machine Learning ................................................................ 241 

5.4.7 . Implementing the Random Forest Approach ........................................... 247 

5.5 . Results .................................................................................................................................. 252 

5.5.1 . Regression analysis using established vegetation indices for 
chlorophyll content determination .............................................................. 252 

5.5.2 . RF machine learning approach using all hyperspectral bands as input 
features ................................................................................................................... 257 

5.5.3 . Random Forest approach using vegetation indices as input features
 .................................................................................................................................... 259 

5.5.3.1 . Optimization of the random forest model ......................................... 261 



12 

 

5.5.3.2 . Selective Reduction of Important Predictors ................................... 264 

5.6 . Discussion ........................................................................................................................... 269 

5.6.1 . Simple Regression Analysis of the Vegetation Indices for Chlorophyll 
Content Determination ..................................................................................... 270 

5.6.2 . RF Machine learning approach using hyperspectral bands and VIs as 
input features ....................................................................................................... 273 

5.6.3 . Selection of Important Predictors ................................................................ 276 

5.6.4 . Limiatations of the Experimental and Modelling Approach .............. 279 

5.7 . Conclusion ........................................................................................................................... 283 

5.8 . Acknowledgement ........................................................................................................... 285 

6.1 . Summary .............................................................................................................................. 286 

6.1.1 . Leaf photosynthetic pigment content and SPAD-502 values under the 
influence of salinity and nutrient stress .................................................... 288 

6.1.2 . Growth stage-based response of leaf photosynthesis to salinity and 
nutrient stress ...................................................................................................... 289 

6.1.3 . Random Forest Machine Learning Approach for Retrieval of Leaf 
Chlorophyll Content in Wheat ....................................................................... 291 

6.2 . Future Research Directions .......................................................................................... 293 

6.3 . Key contributions to knowledge ................................................................................ 297 

  



13 

 

LIST OF ABBREVIATIONS 

 

ADP Adenosine diphosphate 

An Net CO2 assimilation rate 

ANN Artificial neural network 

ADP Adenosine diphosphate 

ATP Adenosine triphosphate 

Ca Atmospheric CO2 concentration 

Cc Chloroplastic CO2 concentration 

Chl Cholorphyll 

Chla Chlorophyll ‘a’ 

Chlb Chlorophyll ‘b’ 

Chlt Total chlorophyll 

Ci Intracellular CO2 concentration 

Ct Carotenoid 

Dλ  Frist derivative of the spectral band λ 

ETR Electron transport rate 

Fm Maximum chlorophyll fluorescence level of dark adapted state 
(obtained when electron acceptors are maximally reduced) 

Fo Minimal chlorophyll fluorescence level  of dark adapted state 
(obtained when electron acceptors are maximally oxidized) 

Fs Steady state fluorescence level 



14 

 

FvCB Farquhar-von Caemmerer-Berry 

Fv/Fm Maximum quantum efficiency of PSII photochemistry 

gm  Mesophyll conductance 

gs  Stomatal conductance 

HI Harvest index (grain weight/total biomass) 

J Rate of electron transport 

Jmax  Maximum photosynthetic electron transport rate 

Kc Michaelis constant for the carboxylation activity of rubisco 

Ko Michaelis constant for the oxygenation activity of rubisco 

Kp Michaelis constant of phosphoenol pyruvate carboxylase 

NADP Nicotinamide adenine dinucleotide phosphate (oxidized) 

NADPH Nicotinamide adenine dinucleotide phosphate (reduced) 

NIR Near-infrared 

NPQ Non-photochemical quenching 

PEG Polyethylene glycol 

PGA Phosphoglycerate 

PSI Photosystem II 

PSII Photosystem II 

qP Photochemical quenching 

Rd  Mitochondrial respiration 

RF Random Forest (machine learning) 

RMSE Root mean square error 



15 

 

Rubisco Ribulose 1,5-bisphosphate carboxylase/oxygenase 

RuBP Ribulose biphosphate 

SVM Support vector machine 

TPU Triose-phosphate utilization 

Tr Transpiration rate 

Vcmax  Maximum rate for the carboxylation activity of rubisco 

VI Vegetation index 

Wdry Weight of oven dried soil 

WHC Water holding capacity 

Wwet Weight of wet soil 

WUEi  Intrinsic water use efficiency 

ΦPSII Quantum yield of photosystem ii 

θd Soil moisture content dry weight basis 

λ Band wavelength of the reflectance spetra 

  

 

 

 



16 

 

LIST OF FIGURES 

Chapter 1 

Figure 1.1. Schematic model of photosynthesis showing different components of the 

process including gas diffiustion……….. ...................................................................................... 34 

Chapter 2 

Figure 2.1. Site selection and collection of the mineral soil from the field to be used 

in the experiment ................................................................................................................................. 54 

Figure 2.2. Preparation of soil mix and pot filling ................................................................... 56 

Figure 2.3. Measurement of water holding capacity of the soil showing water 

saturated pots covered with plastic sheets. .............................................................................. 59 

Figure 2.4. The experimental set up and arrangement of pots. ......................................... 64 

Figure 2.5. A schematic diagram of different components of LI-6400XT showing the 

console and the sensor head. .......................................................................................................... 67 

Figure 2.6. The wheat growth experiment in the greenhouse showing the plant 

growing udner different treatments. ........................................................................................... 68 

Figure 2.7. Plot showing the different growth stages of the wheat crop indicating the 

times of measurments taken ........................................................................................................... 69 



17 

 

Figure 2.8. Leaf gas exchange measurement of wheat plant using LI-6400XT 

equipped with a leaf fluorescence chamber. ............................................................................. 71 

Figure 2.9. Leaf Area measurement of wheat plant using LI-3000C portable leaf area 

meter equipped with a conveyer belt. ......................................................................................... 77 

Figure 2.10. Instrumental setup of the ASD FieldSpec-4 Hi-Res for recording leaf 

hyperspectral measurements. ........................................................................................................ 80 

Figure 2.11. Leaf extract obtained in transparent 96-well plates prepared for 

determination of pigments using M1000 PRO plate reader ............................................... 81 

Figure 2.12. A snapshot of harvested plants showing differences in plant height and 

biomass accumulated under different treatmetns ................................................................. 84 

Chapter 3 

Figure 3.1. Pigment contents in wheat leaf under various treatments employed in 

the experiment (per leaf area) ...................................................................................................... 112 

Figure 3.2. Actual amount of leaf pigments produced by a whole wheat plant under 

various treatments employed in the experiment .................................................................. 116 

Figure 3.3. Relationship of the photosynthetic pigments in wheat leaves grown 

across gradients of soil salinity and fertilizer application ................................................. 119 



18 

 

Figure 3.4. Relationships between SPAD-502 readings and the pigments at various 

levels of salinity and fertilizer application. .............................................................................. 121 

Figure 3.5. Cluster analysis of the relationships between SPAD-502 reading and the 

pigments at various levels of salinity and fertilizer application. .................................... 123 

Figure 3.6. Relationships between leaf SPAD-502 readings and the total chlorophyll 

(Chlt) contents in wheat grown. ................................................................................................... 133 

Figure 3.7 Plot of values obtained from generalized and salinity specific regression 

models showing the pigments relationship .................................................................................. 134 

Chapter 4 

Figure 4.1. Net CO2 assimilation as a function of intra-cellular CO2 concentration (Ci) 

reflected as A-Ci curves from leaf data. ...................................................................................... 157 

Figure 4.2. Effect of soil salinity and fertilizer application on leaf photosynthetic and 

water relation parameters measured at the tillering stage. ............................................. 160 

Figure 4.3. Typical A/Ci response curve based on one of the data sets obtained 

during the experiment ..................................................................................................................... 162 

Figure 4.4. The response of leaf photosynthetic traits to soil salinity and fertilizer 

application measured at the tillering stage ............................................................................. 165 



19 

 

Figure 4.5. Relationship between the maximum carboxylation rate, Vcmax and the 

maximum rate of electron transport, Jmax. ................................................................................ 167 

Figure 4.6. Net CO2 assimilation (An) as a function of intra-cellular CO2 concentration 

(Ci) reflected as A-Ci curves from leaf data of wheat ............................................................ 170 

Figure 4.7. Effect of soil salinity and fertilizer application on photosynthetic and 

water relation parameters of leaf measured at booting stage ......................................... 172 

Figure 4.8. The response of leaf photosynthetic traits to soil salinity and fertilizer 

application measured at booting stage showing, .................................................................. 175 

Figure 4.9. Relationship between the maximum carboxylation rate, Vcmax and the 

maximum rate of electron transport, Jmax at booting stage ............................................... 176 

Figure 4.10. A-Ci curves from leaf data of wheat grown at various levels of salinity 

and fertilizer application ................................................................................................................ 178 

Figure 4.11. Effect of soil  salinity and fertilizer application on leaf photosynthetic 

and water relation parameters measured at anthesis stage, ........................................... 181 

Figure 4.12. The response of leaf photosynthetic traits to soil salinity and fertilizer 

application measured at anthesis stage .................................................................................... 184 

Figure 4.13. Relationship between the maximum carboxylation rate, Vcmax and the 

maximum rate of electron transport, Jmax at anthesis stage .............................................. 185 



20 

 

Figure 4.14. A-Ci curves from leaf data of wheat grown at various levels of salinity 

and fertilizer application at anthesis ......................................................................................... 187 

Figure 4.15. Influence of salinity and fertilizer application on leaf photosynthetic 

and water relation parameters measured at maturity stage showing ......................... 189 

Figure 4.16. The response of leaf photosynthetic traits to soil salinity and fertilizer 

application measured at maturity stage ................................................................................... 192 

Figure 4.17. Relationship between the maximum carboxylation rate, Vcmax and the 

maximum rate of electron transport, Jmax. Measurements are taken at the maturity 

stage across application gradients of salinity levels and fertilizer. ................................ 194 

Figure 4.18. Summary of the response of leaf photosynthetic and water relation 

parameter to soil salinity and fertilizer application measured across the four distinct 

growth stages ...................................................................................................................................... 198 

Figure 4.19. Summary of the response of leaf photosynthetic traits to soil salinity 

and fertilizer application measured across the four distinct growth stages .............. 201 

Figure 4.20. Relationship between the maximum carboxylation rate, Vcmax and the 

maximum rate of electron transport, Jmax.. ............................................................................... 203 

Chapter 5 



21 

 

Figure 5.1. Simple illustration of decision trees regression models, showing the 

building blocks for the Random Forest ..................................................................................... 246 

Figure 5.2. Schematic of workflow of procedure of the main code in MATLAB for 

data processing and machine learning analysis .................................................................... 249 

Figure 5.3. Total chlorophyll content as a function of the vegetation indices for the 

top 4 performing vegetation indices .......................................................................................... 256 

Figure 5.4. Ensemble bagged trees operation using all the spectral bands as input 

features showing the chlorophyll content predicted ........................................................... 261 

Figure 5.5. Optimization of input parameters for the Random Forest model training.  

The optimum number of trees ...................................................................................................... 263 

Figure 5.6. Importance ranking of out-of-bag permuted predictor estimates of the 

vegetation indices .............................................................................................................................. 266 

Figure 5.7. Effect of repeating the  predictive model 10 times (n=10) on relative 

importance of the features ............................................................................................................. 268 



22 

 

LIST OF TABLES 

Chapter 1 

Table 2.1. Model parameters used in Sharkey et al. 2007 for fitting A-Ci curves of C3 

plants. ....................................................................................................................................................... 75 

Chapter 3 

Table 3.1. Increase or decrease of the pigments contents (%) by various treatment 

combinations relative to the control treatment. ................................................................... 114 

Chapter 4 

Table 4.1. Statistical analysis showing F-ratios and P values after two-way analysis 

of variance (ANOVA)  ......................................................................................................................  153 

Table 4.2. Statistical analysis showing F-ratios and P values after two-way analysis 

of variance (ANOVA) of biochemical photosynthetic parameter .................................... 154 

Table 4.3. Relationship strength between Jmax and Vcmax of leaf photosynthesis at 

different growth stages . ................................................................................................................. 202 

Chapter 5 

Table 5.1. Vegetation indices examined in this research with their formulae and 

references      ........................................................................................................................................ 235 



23 

 

Table 5.2. Regression analysis and curve fitting results of the selected vegetation 

indices versus chlorophyll contentt. .......................................................................................... 253 



24 

 

 

 

 
 
Introduction 

1.1. Research Motivation 

Global population is projected to reach 8.6 billion in 2030 and 9.8 billion by the year 

2050 (Gressel, 2015, UN, 2017). A major challenge will be the production of sufficient 

food to meet the demands of this growing population, particularly in the face of a non-

expanding (or potentially shrinking) area of cultivated lands (Mickelbart et al., 2015), 

a diminishing or variable source of freshwater (Rosegrant et al., 2009), as well as the 

issues associated with the impacts of a changing climate (Schmidhuber, 2015; 

Wheeler and von Braun, 2013). Food insecurity represents a threat of global 

importance. It has been projected that wheat, one of the most widely cultivated cereal 

crops and a staple food source, will need an increase of 70% by 2050 to meet global 

requirements (Tadesse Tantu et al., 2017). Similar trends have been estimated for 

other cereal crops (Hanjra et al., 2010; Kahil et al., 2015; Wheeler and von Braun, 

2013). The demand for plant based materials for uses other than human consumption 

(feed, fiber and fuel) has also increased over the past few decades. While the 

introduction of new technologies during the “Green Revolution” resulted in a 

dramatic increase in food production over the second half of the 20th century (Godfray 
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et al., 2010; Mark Tester and Langridge, 2010; Tilman et al., 2001), the effect of this 

jump in production seems to be levelling off as the current yield potential under 

optimal growth conditions has been attained (Evans, 1997; Carmo-Silva et al., 2017). 

It has been suggested that there is little room for further expansion of food production 

with existing technologies (Godfray et al., 2010; Tilman et al., 2011, Tomlinson, 2013). 

As such, global food security into the future remains one of the outstanding challenges 

of the 21st century, and represents an issue of concern for decision makers, planners 

and researchers alike.  

A number of efforts have been directed towards meeting both the current and 

impending challenges of sustainable food security. Given that global cultivated land 

area is already at a maximum (i.e. non-expandable), two possible pathways to achieve 

this goal are: (1) preventing losses in agricultural production, mainly occurring in the 

field, by improved crop management practices, and (2) increasing yield potential by 

genetic manipulation of cereal crops for enhancing resources use efficiency (land, 

light, water) and tolerance to stress (Curtis and Halford, 2014, Shiferaw et al., 2013). 

The opportunities for improving agricultural production through either of these 

approaches are significant. For example, field crops often experience periods of 

abiotic stress during their life cycle. Stressful conditions resulting from biotic and 

abiotic stresses cause severe damage to the harvest, with worldwide losses to 
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agricultural production estimated at anywhere between 20–70% (Datta, 2004). 

Indeed, it has been reported that annual losses due to salinity stress alone are likely 

to be well over USD 12 billion (Murtaza et al., 2009). This indicates an immense 

opportunity for reducing these losses via the adoption of state of the art crop 

management practices. Regardless of the pathway, more food production either by 

reducing losses through enhanced management practices or through increasing 

production by bioengineering crop cultivars, requires accurate and fast monitoring 

systems capable of tracing vegetation health in response to adverse conditions.  

1.2. Literature Review 

The following section is designed to provide a broad overview of the research 

presented in this thesis. A more detail review of literature specific to each of the 

research elements comprising this thesis are provided in the individual chapters.  

1.2.1. Saline water for irrigation 

Irrigated agriculture has been one of the main sources of staple food production for 

several decades, with crop yields from irrigated lands often double than those 

obtained from rainfed agriculture (Jiang et al., 2012). However, continuous irrigation 
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has been associated with numerous problems; not the least of which is a lowering of 

groundwater tables (Wang et al., 2015b). In arid and semi-arid regions, where 

productivity is already severely impacted by a scarcity of fresh water, irrigation 

practices in the presence of high evaporation rates can result in a build-up of salt in 

the soil via a process referred to as secondary soil salinization (Jesus et al., 2015; 

Rosegrant et al., 2009). The increased demands for irrigation waters has focused 

some attention on the use of partially desalinated seawater, or brackish 

groundwaters, as alternative sources for crop production in dryland regions of the 

world. However, this option is only viable under conditions of periodic leaching of the 

excess salts with fresh or fully desalinated seawater. More than 6% (about 800 

million hectares) of the total land surface is already affected by salinity, with an 

estimated increase of 1.6 million hectares annually in irrigated agricultural regions 

(Rengasamy, 2006). Apart from degrading soils to such an extent that it limits the 

capacity for future agricultural production (Burger and Silkova, 2003; Fan et al., 

2012), the effects of higher salinity on crops can be both immediate or delayed, but 

generally result in severe damage to crop health and functions.  
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1.2.2. Plant response to salinity 

The abiotic stress arising from high salinity in the root-zone affects plant 

physiological processes related to growth and development and ultimately causes 

significant yield reductions. The immediate and direct effect of salinity is the 

imbalance of osmotic potential in the soil-plant system, preventing water uptake by 

roots (Chen et al., 2009; Wang et al., 2015b). The nature of this effect is similar to 

drought stress (Tester and Bacic, 2005; Munns and Tester, 2008; Sperling et al., 

2014). Other effects of the stress are ion homeostasis, repressed metabolism, 

membrane rupture and energy expense on defense mechanisms (Munns and Tester, 

2008; Tester and Davenport, 2003). Higher amounts of salts in soil solution cause 

reduced uptake of K+, Ca2+, Mg2+, and N in tissues and disturb pigment concentration 

in cell and indigenous ratio of Mg+2/Na+ concentration (Cambrolle et al., 2011; 

Chakraborty et al., 2012). The effects on plant functions may appear through several 

mechanisms such as: (i) higher water potential compared to surrounding soil, (ii) 

imbalance in nutrient ion concentrations across membranes, and (iii) specific ion 

toxicity by excess accumulation of certain ions in the cell (Maathuis and Amtmann, 

1999; Mansour, 2000; Munns et al., 1995). The stress usually stimulates production 

of soluble sugars, polyphenol, carotene, fatty acid and protein that may work as 

osmolyte to balance the cell osmotic potential (Chen et al., 2009). For certain crops, a 
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moderate salinity stress could be beneficial in improving quality and growth. While it 

is true that higher salinities considerably reduce plant growth and biomass 

production (Dias de Oliveira et al., 2015; Eisa et al., 2012), the mode of action of 

salinity stress is very complex: particularly in the presence of other types of 

accompanying abiotic stresses such as heat, drought and the lack of an adequate 

nutrient supply.  

1.2.3. Plant nutrition and salinity interactions 

Apart from salinity induced impacts on plant health, it is well established that plants 

growth and development depend greatly on the contents and combination of mineral 

nutrients in the soil. Unfortunately, soils are often deficient in the nutrients essential 

for optimum plant growth (Morgan and Connolly, 2013) and maintaining the 

required amounts throughout the growing season is an ongoing area of inquiry. The 

nutrients supplied by application of fertilizer are integral in the structural 

components and functional constituents of many cellular and physiological processes. 

A sufficient nutrient supply is considered essential for the biosynthesis of plant 

pigments, photosynthetic apparatus, enzymes and vital biomolecules required in 

photosynthesis (Cai et al., 2008) and a deficiency can pose serious threats to plant 

productivity. For example, leaf nitrogen is directly involved in protein synthesis and 
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enzyme activities that are essential components of the Calvin cycle (Evans 1989). An 

increasing dose of nitrogen fertilizer applied to plants would generally be expected 

to result in higher net CO2 assimilation rates (Cai et al., 2008; Zhang et al., 2003a). 

However, investigations have also shown a variable response of photosynthesis to 

applied nutrients. Excessive supply of nutrients can also be toxic to plants functions 

(Evans, 2009). It has been reported that application of excess nitrogen decreased the 

net photosynthesis per unit leaf area, but increased total photosynthetic productivity 

by increasing the leaf area index (Olesinski et al., 1989; Pearman et al., 1979). After 

nitrogen, phosphorus is considered the most limiting nutrient to plant growth and 

productivity (Morgan and Connolly, 2013). It plays an essential role in the completion 

of routine production cycles in plants, due to its essential role in processes such as 

cell division, regulation of protein synthesis, energy transfer, respiration and 

photosynthesis. Optimum application of chemical fertilizers is important not just for 

normal plant growth and development, but also has larger environmental 

implications. For instance, excessive application of phosphorous fertilizers can result 

in soil saturation, threatening water bodies in most industrialized countries due to 

phosphorous losses from soil to surrounding waters (Fischer et al., 2017). A third 

essential nutrient for plant growth and development is potassium, which plays a key 
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role in a number of important functions, such as regulating anion balance across 

membranes, enzyme activation, and the control of stomatal opening and closure.  

While the influence of nutrients from inorganic fertilizer on plant health and function 

is well established in controlled environments, their interaction with the soil matrix 

and the presence of other ions in soil solution is complex (Papadopoulos and Rendig, 

1983). Application of fertilizer in the presence of salts already present in the soil 

further modifies root zone salinity and root architecture (Ovalle 2016). The presence 

of increasing salt concentrations from salinization can complicate these interactions 

and their combined effect on plant growth and development (Helalia et al., 1996; 

Ovalle et al., 2016). Given these complexities, a deeper understanding of the impacts 

of salinity stress in combination with fertilizer application presents as an important 

area of research. 

1.2.4. Photosynthesis Process and Machinery 

Photosynthesis is the driver of the carbon cycle on earth (Bonan et al. 2011; Cadule 

et al. 2010; Walker et al., 2014) and is the key physiological process in green plants 

that determines biomass accumulation, crop yield, and ultimately agricultural 

production. Given its centrality to life on earth, it is perhaps the most important 
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physiological process on the planet. The photosynthetic process replenishes oxygen 

and provides the pathway for removing carbon dioxide in the atmosphere (Hunt 

2003; Rascher and Pieruschka, 2008). Almost all food, fiber and fuel ultimately 

derives from the photosynthetic process. From a food security perspective, improving 

leaf photosynthetic efficiency is one of the key areas of research for increasing crop 

yields per unit area (Carmo-Siliva et al., 2017). As a fundamental component of plant 

productivity, it has been a primary target for efforts that seek to increase crop yields 

(Raines, 2011). The potential for enhancing efficiency has been explored through 

genetic manipulation of photosynthesis in elite crop varieties for enhanced canopy 

light use efficiency (Driever et al., 2017) and in engineering tolerance to prevailing 

plant stress (Alotaibi et al., 2018; Urban et al., 2017).  

Atmospheric CO2 enters leaves through stomata, which are tiny pores in epidermal 

layer found mostly on the underside of leaves (but also present on the upper side of 

the leaf, depending on plant species). Variations in CO2 concentrations entering the 

reaction sites are governed by stomatal conductance (gs) and mesophyll conductance 

(gm). Under conditions of active photosynthesis, the CO2 concentration gradient 

follows concentration in air (Ca) > intracellular concentration (Ci) > chloroplast 

concentration (Cc) (see Figure 1. for a schematic representation). The photosynthetic 

machinery consists of various components, including gas exchange systems, 



33 

 

 

 

photosynthetic pigments, photosystems, electron transport system, carbon reduction 

pathways, and enzymes system (Ashraf and Harris, 2013). The typical process takes 

place in two phases. The first phase is the light dependent reaction, which takes place 

using photosystems and electron transport chains in the thylakoid discs membrane 

of the chloroplast. In the light reaction, energy from sunlight is captured by splitting 

water molecules and converting these into chemical energy via adenosine 

triphosphate (ATP) and nicotinamide adenine dinucleotide phosphate-oxidase 

(NADPH). Oxygen is released as a byproduct. The second phase of the process is a 

light independent (dark) reaction, which take place in the stroma of chloroplasts 

(fluid surrounding the thylakoids discs). The “dark” reaction proceeds via the Calvin 

cycle, which operates in three stages of (i) carboxylation, (ii) reduction and (iii) 

regeneration. In the first stage of carboxylation, Rubisco (ribulose-1, 5-bisphosphate 

carboxylase-oxygenase) catalyzes the binding of CO2 with RuBP (CO2 accepter), 

producing the 3-carbon organic compound 3-Phosphoglycerate (PGA). In the second 

stage, the PGA is reduced to triose-phosphate and glucose that may then be stored as 

starch or used in synthesis of other organic compounds. The third stage is the 

regeneration of RuBP to be used again in the cycle.  
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Figure 1.. Schematic model of photosynthesis showing the light reaction at the left capturing 

sunlight energy and converting this into chemical energy in adenosine triphosphate (ATP) 

and nicotinamide adenine dinucleotide phosphate-oxidase (NADPH) via splitting water and 

releasing oxygen. The entire process consists of photosynthetic complexes engaged in the 

thylakoid membrane, photosystems and the electron transport chain. The “dark” reaction 

(Calvin cycle) occurs in stroma, where CO2 is fixed and reduced to sugars and storage 

compounds at the expense of energy supplied from the light reaction (Photosystems).  CO2 

concentration in air (Ca), intracellular concentration (Ci) and chloroplast concentration (Cc) 

varies with the resistances (shown in zigzag pattern) along the flow path.      
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Given that the photosynthesis process is very complex, involving multiple light, 

biochemical and biophysical reactions taking place in different compartments, any 

disruption to any of the components of the process caused by internal or external 

factors would affect the overall efficiency and net CO2 assimilation (Kaiser et al., 

2016). For optimum plant growth and production, the factors limiting photosynthesis 

and their extent of severity need to be identified so that corrective measures can be 

taken in a timely manner.  

1.2.5. Photosynthetic response to stress 

Photosynthesis is one of the most sensitive processes to various kinds of biotic and 

abiotic stresses, including drought, salinity, high temperatures, air pollution, 

pathogens and nutrient imbalances (Ashraf and Harris, 2013; Omasa et al., 1987; 

Reddy et al., 2004). The nature of stress and its extent of severity determines which 

part or component of the photosynthesis process is being harmed (Chaves et al., 

2009; Flexas et al., 2004). The consequences of salinity on photosynthesis are highly 

complex and the direct constraints to the net process are attributed to the stomatal 

closure and mesophyll limitations for diffusion of CO2 (Chaves et al., 2004; Poor et al., 

2011). Biophysical affects can appear immediately as diffusional limitations on gas 

exchange between the atmosphere and the reaction centers. The metabolic 
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(biochemical) impairment of photosynthesis becomes more prominent in the 

presence of a prolonged and severe stress (Hu and Schmidhalter, 2005; Tang et al., 

2013). Perhaps the most “observable” effect is the impact on photosynthetic pigments 

concentration, although this can be highly plant specific (Ashraf and Harris, 2013). 

Generally, salt stress acts to reduce the chlorophyll content. However, increased 

chlorophyll contents have been reported in salt tolerant plants, making the 

accumulation of chlorophyll content a potential indicator of salinity tolerance (Khan 

et al., 2011; Akram and Ashraf, 2011). Carotenoids, the other major photosynthetic 

pigment, tend to respond to stress in a similar fashion as chlorophyll.  

Any damage to any of the photosynthetic components (i.e. due to stress) seriously 

affects the net photosynthetic capacity of the plant. However, the mode of actions and 

impacts of abiotic stresses on the photosynthetic process has been a matter of 

controversy among plant physiologist for many years (Badawy et al., 2018; Ma et al., 

2017; Stepien and Johnson, 2009). Results reported in the literature vary 

considerably, according to the plant species (Chaves et al., 2009; Stepien and Johnson, 

2009), conditions (Rascher and Pieruschka, 2008) and experimental procedures used 

in the studies (Ashraf and Harris 2013; Sudhir and Murphy 2004). Given the 

complexities of photosynthetic traits and their interaction with abiotic stress, novel 
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measurement tools are needed to develop fast and accurate assessments of plant 

response and behavior. 

1.2.6. Monitoring plant photosynthesis 

Monitoring the photosynthetic traits and performance of crops is key to reducing 

losses in the field and for maintaining maximum primary productivity. For this to be 

effective requires a rapid detection of the onset of stress symptoms at the earliest 

stages of development. Only then can intervention strategies be prescribed before 

irrevocable damage to production can occur. Measuring the photosynthesis through 

gas exchange analysis is the most common technique used by biologists and 

environmentalists. The technique provides a direct and non-destructive measure of 

photosynthesis at the levels of individual leaf, whole plant or canopy. In modern 

photosynthesis systems, CO2 gas exchanged by a unit leaf area enclosed in a chamber 

is measured by the change in CO2 concentration flowing across the chamber using 

infra-red gas analyzers (IRGAs). They provide full control of environmental variables 

influencing the photosynthesis process. Although, the gas exchange measurement is 

relatively easy and precise, the delicate and complex nature of the instruments makes 

the measurement time consuming and difficult to implement at scales beyond the 

laboratory bench. Moreover, leaf level measurements spreading may not provide a 
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good representation of the spatial and temporal distribution due to large variability 

(Darvishzadeh, 2008; Porcar-Castell et al., 2014). Thus, alternative methods to 

estimate photosynthetic traits at large scales and high spatio-temporal resolutions 

need to be explored.  

Conventional monitoring techniques measure photosynthetic parameters on a point-

wise basis through directly measurable gas exchange parameters, which can be used 

for modeling of biochemical parameters. These techniques are generally precise at 

the leaf level and at a very specific location. When investigating large areas of 

vegetation cover however, they are spatially limited, laborious, costly and inefficient.  

A precise estimation of photosynthetic parameters has broad application in the fields 

of agriculture, ecology and climatology (Asner, 1998; Houborg et al., 2007; Houborg 

et al., 2015; Rascher and Pieruschka, 2008). For instance, plant phenotyping for 

monitoring photosynthetic traits in the field is crucial after genetic manipulation for 

crop improvement (Carmo-Silva et al., 2017; Mickhelbart et al., 2015). To do this 

efficiently, monitoring tools that provide fast and accurate measurements of 

photosynthetic traits – both at smaller as well as larger field scales – are required to 

identify plant improvements at both high spatial and temporal resolutions. An 

alternate solution to expensive in situ measurements in the field is spectral sensing 

of vegetation. 
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1.2.7. Remote sensing of plants traits using hyperspectral reflectances 

Incident light falling on a leaf surface will be reflected, transmitted, or absorbed 

(Barton, 2012; Carter and Knapp, 2000; Gausman, 1977). An exploitation of the 

spectral characteristics of these components through hyperspectral sensors offers a 

useful strategy to understand the complex physiological traits of plants (Cho et al., 

2014; Gitelson et al., 2003). The spectral retrieval of plant biochemical characteristics 

has received considerable attention due to its direct connection with underlying leaf 

biochemical composition and functions, rapid and direct measurements, and ease of 

operation (Bergstrasser et al., 2015; Fiorani et al., 2012; Rascher et al., 2011). 

The development of hyperspectral reflectance techniques in the 1980’s made it 

possible to characterize leaf properties related to photosynthesis (Gamon et al., 1990; 

Peguero-Pina et al., 2008). These techniques are based on the varying interactions 

between electromagnetic spectra reflected from the surfaces of the leaf (Gausman, 

1977; Milton et al., 1991; Strachan et al., 2002; Zhao et al., 2005). Adverse growth 

conditions induce alterations in biochemical compounds, photosynthesis apparatus 

and the internal architecture of leaves, thereby changing the behavior of light energy 

absorbed or reflected by the leaves (Arredondo-Peter et al., 1998; Oppelt, 2012; 

Peñuelas and Filella, 1998; Riley and Canaves, 2002). Likewise, alterations in 
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photosynthetic pigments concentration and photosynthetic activity result in changes 

in spectral reflectance properties (Serbin et al., 2012; Sun et al., 2014). Absorption 

features in the visible portion of the hyperspectral spectrum are dominated by leaf 

pigments, such as chlorophyll and carotenoids, while absorption in the near-infrared 

(Hanjra and Qureshi, 2010) and shortwave infrared (Cho et al., 2014) are attributed 

to the leaf internal structure and water content, respectively (Govender et al., 2009).  

Hyperspectral reflectance of vegetation has the potential to offer a reliable, fast, cost-

effective and non-destructive approach to assess the key physiological processes in 

vegetation (Thenkabail et al., 2000; Adam et al., 2010). Indeed, the reflectance spectra 

of leaves can be used to gain deeper insights into both biochemical and structural 

properties (Silva-Perez et al., 2018, Zhao et al., 2003). It is well recognized that the 

spectral properties of a leaf are governed by surface characteristics, internal 

structure and concentration of biochemical constituents (Jacquemoud et al., 1996; 

Kimes and Nelson, 1998; Oppelt, 2012; Peñuelas and Filella, 1998). As such, optical 

sensing offers much potential to infer estimates of photosynthetic traits of plants on 

a large scale (Balzarolo et al., 2015). One of the earliest and widely used optical 

instruments that has been developed to exploit this relationship is the SPAD 

chlorophyll meter. This handheld meter measures ratios of transmittances at red 
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(650 nm) and near-infrared (940 nm) wavelengths and calculates a value correlated 

with leaf chlorophyll content (Inada, 1963; Mullan and Mullan, 2012).   

Advancing upon the simple two band concept of the SPAD meter, modern multi- and 

hyper-spectral sensors are able to provide detailed spectral responses of plants over 

a wide spectral range and with high spectral resolution, offering new opportunities 

for non-invasive and rapid inference of plant biochemical and biophysical parameters 

(e.g. leaf photosynthesis) (Blackburn, 2007; Botha et al., 2010; Moeller et al., 2009). 

Although hyperspectral data contains a wealth of detailed and useful information, the 

extraction of meaningful information can be affected by a high level of information 

redundancy (le Maire et al., 2004; Schlerf and Atzberger, 2006; Clevers et al., 2012) 

due to inter-band correlations (Gao et al., 2014). As such, it require advanced data 

analysis for the efficient extraction of information.  

1.2.8. Machine learning of hyperspectral data 

Two common approaches exist for the estimation of vegetation characteristics from 

hyperspectral data. One approach uses hyperspectral data to calculate vegetation 

indices (VIs) that are designed to highlight a specific vegetation property, with these 

calculated by ratios, differences, sums and linear combinations of spectral bands data. 
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Other approaches use multivariate statistical analysis (Colombo et al., 2003; Meroni 

et al., 2004) and novel machine learning techniques (Darvishzadeh et al., 2008; 

Doktor et al., 2014; Liang et al., 2016; Vigneau et al., 2011; Wang et al., 2015) to 

interpret plant response and behavior. In recent years, machine-learning techniques 

have been employed to build predictive models for plant traits and have shown 

improved prediction accuracy and robustness (Clevers et al., 2008; Freeman et al., 

2015; Wang et al., 2016a).  

Machine learning is a sub-branch of artificial intelligence and originated from the idea 

that computers are able to learn from the patterns in previously existing patterns in 

data, adapt through experience, and provide predictions about the future (Bishop, 

2006; Daumé III et al., 2009; Murphy et al., 2012). Algorithms for machine learning 

are broadly classified into two main groups based on supervised and unsupervised 

learning algorithms (Flynn et al., 2007; Murphy et al., 2012). In unsupervised machine 

learning, a function is inferred from a set of input training data without having 

corresponding output variables. The goal is to learn more about the data by modelling 

the distribution or the underlying structure. In such learning, algorithm is allowed to 

discover and extract the interesting structure in the data. The main goal of supervised 

learning approaches is prediction of the output based on learning from a various 

labelled inputs, which provide an input-output set of training pairs (Alpaydin, 2011; 
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Hoogendoorn and Funk, 2018).Thus a function is inferred from a set of input training 

data. The supervised machine learning is more similar to human leanring because the 

process of algorithm learning from the training data is similar to the teacher 

supervising the learning process. Some widely used machine learning methods used 

for hyperspectral data analysis include support vector machines (SVM), artificial 

neural networks (ANN), classification and regression trees (CART). The Random 

Forest (RF) is a fundamental machine learning concept based on the use of a decision 

tree as the basis for regression, but employing an ensemble approach (Chan et al., 

2008; Gislason et al., 2006) that uses various regression trees instead of just one 

(Gleason and Im, 2012). Thus, several regression trees can be generated using the 

same training set based on bootstrapping and their decisions are combined by simple 

majority voting (Benediktsson and Swain, 1992; Džeroski & Ženko, 2004, Foody et al., 

2007). RF is relatively computationally efficient to implement, requires reduced 

parameter regulation, and is less sensitive to parameter tuning than many other 

machine learning approaches (Buschjager and Morik, 2017; Freeman et al., 2015). 

1.3. The Knowledge Gap 

Plant stresses, such as high soil salinity and deficient nutrients in the root-zone, affect 

several plant physiological processes related to growth and development and 
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ultimately causes significant yield reductions. One of the main plant functional 

processes sensitive to stress is photosynthesis, which is considered a key indicator of 

net primary productivity. The impacts of various plant stresses are not mututally 

exclusive. Current knowledge about the magnitude and effect of salinity stress in the 

presence of varying levels of nutrient availability on the phototysnthesis process is 

still scarce. An improved understanding of how a plants photosynthetic metrics 

respond to co-occurring stresses of soil salinity and nutrient difficiency would 

provide greater insight into the potential of stabilizing crop performance and net 

productivity. Given the complexities of salt-nutrient interactions in soils, a deeper 

understanding of the impacts of salinity stress in combination with fertilizer 

application presents as an important area of research. Conventional monitoring 

techniques for photosynthetic traits are generally precise at the leaf level and at a 

specific location. However, when investigating large areas of vegetation cover, they 

are spatially limited, laborious, costly and inefficient. Advanced monitoring tools that 

provide fast and accurate measurements of photosynthetic traits – both at small as 

well as large field scales – are required to identify plant problems and improvements 

at both high spatial and temporal resolutions. An alternate solution to expensive in 

situ measurements of photosyntheis in the field is spectral sensing of vegetation. 
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One of the earliest and widely used optical instruments that has been developed to 

exploit this relationship is the SPAD chlorophyll meter. However, determining how 

SPAD measurement in plants, when subjected to various levels and combinations of 

stress, affect the actual chorlophyll contents remain to be investigated. Importantly, 

the influence of interacting abiotic stresses, such as salinity and nutrient limitations, 

on these relationships has received little attention. Modern spectral sensors with high 

spactial and spectral resolution offer new opportunities for non-invasive and rapid 

inference of plant biochemical and biophysical parameters. Yet, advanced methods of 

data anaysis are required to extract meaningful information from the large volumes 

of data generated by these novel sensors. Considering recent advances in machine 

learning approaches for analyzing hyperspectral data, a focus of this research is to 

implement a novel machine learning technique to develop predictive models of good 

accuracy, robustness and ease of use for the prediction of photosynthesis related 

traits of plants from hyperspectral data. 

1.4. Research Aims and Objectives 

The primary aim of this research is to explore the effects of soil salinity and nutrient 

stresses on the photosynthetic traits of wheat through observing the biophysical and 
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spectral responses across various plant developmental stages. The specific objectives 

of this research include: 

1. To investigate the effects of soil salinity and fertilizer application on 

extractable photosynthetic pigments (chlorophyll and carotenoids) in wheat 

(Triticum aestivum L.) leaves;  

2. To develop models for the estimation of chlorophyll and carotenoids in wheat 

(Triticum aestivum L.) leaves from SPAD measurement and evaluate the effect 

of salinity and fertilizer application on model parameters; 

3. To estimate leaf photosynthesis related biochemical parameters and water 

relation characteristics across distinct developmental stages of wheat 

(Triticum aestivum L.) under the influence of salinity and nutrient stress; 

4. To explore the application of a machine learning approach based on using 

hyperspectral reflectance of wheat leaves for the prediction of leaf chlorophyll 

content. 
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1.5. Implications of this Research 

The research undertaken herein explores the effect of salinity and nutrient stress on 

photosynthetic traits and investigates the potential of hyperspectral reflectance data 

to estimate important photosynthetic traits of wheat leaves grown under the 

influence of salinity and nutrient stress. The evaluation of a robust machine learning 

technique to develop prediction models of photosynthetic pigments is a key outcome. 

Results from these analyses have implications for the early detection of plant stress 

and the development of approaches that seek to increase agricultural production via 

timely intervention strategies.  Results have implications towards research efforts to: 

1. Understanding the impact of impaired water quality on crop production: Using 

marginal quality water for agriculture as an alternative source of fresh water 

in water scarce arid and semi-arid regions deteriorates soil quality as a result 

of salt build up in the rootzone. Results improve the understanding of how soil 

salinity impacts key physiological plant function such as photosynthesis. 

Photosynthesis is the key process converting solar energy into biomass and a 

key indicator of net primary production. Results of the thesis elaborate how 

photosynthetic traits (biochemical and water relations) are affected by 

different level salinity and salinity-fertilizer interaction. 
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2. Advance monitoring tools to increase agricultural productivity: Results explore 

spectral sensing tools for agricultural monitoring that would enable on-farm 

early stress detection. Depending on the timeliness and severity, interventions 

and corrective measures on the farm could be enacted before significant 

losses. Results also illustrate an approach for undertaking high throughput 

phenotyping through spectral mapping of complex plant traits.   

3. Explore novel machine learning approaches for characterizing plant traits: 

Apart from improving knowledge on the spectral identification of vegetation 

traits at the local to field scales (with potential application of developed 

techniques at regional and global scales), the research exploits the potential of 

machine learning approaches for interpreting high-dimensional datasets and 

providing insight into relevant vegetation attributes of interest.   

Food production is considered both a cause (i.e. agriculture sector consumes 80% of 

fresh water consumption by human being) and a victim (i.e. severes reduction in 

productivity is due to limited fresh water supply for irrigation) of water scarcity in 

the world. Secondary salinization is the result of continuous use of poor quality of 

irrigation water in the arid and semi-arid regions. This poses a major threat to food 

security due bringing significant losses to the overall productivity of the irrigated 

agriculture. The research work presented here adds to the knowledge salinity impact 
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on crop productivity (biomass accumulation through photosynthesis), improve 

understanding of smart crop management by providing tools for fast tracking and 

monitoring of plant stress in the field, and provide tools for high-throughput 

phenotyping technologies for efficiently screening large populations.   

1.6. Outline of this Thesis 

In the context of developing techniques for enhancing global food security strategies, 

this work addresses novel approaches for monitoring leaf photosynthetic traits that 

have direct application to improvements in the monitoring and management of 

agricultural production. Following is a brief outline of the individual chapters that 

comprise this thesis, together with an overview of their research purpose.   

Chapter 2 provides detail on the materials and methods employed in this research 

project, starting from the planning of the project, preliminary experiments for 

optimizing the levels of treatments to be evaluated, and specific detail on the related 

measurements taken in the greenhouse, laboratory and the field: all of which form 

the backbone of subsequent analysis undertaken throughout the following chapters.  
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Chapter 3 outlines the effect of salinity and nutrient stress on the leaf photosynthetic 

pigment content in wheat (Triticum aestivum L.) at the anthesis stage. The influence 

of stress on the chlorophyll and carotenoids contents per leaf area, as well as their 

amounts at the whole plant scale, is presented and discussed. A generalized linear 

model for the estimation of photosynthetic pigments content using a handheld SPAD 

chlorophyll meter is derived and presented. Moreover, the influence of salinity and 

nutrient stress on the relationship between the leaf SPAD-502 values and chlorophyll 

content was evaluated. 

Chapter 4 presents the leaf photosynthesis and water relations characteristics that 

were measured across distinct developmental stages of wheat (Triticum aestivum L.) 

grown under salinity and nutrient stress. Details on the in situ measured gas exchange 

parameters of leaf photosynthesis and water relations, as well as the biochemical 

photosynthetic parameters obtained after employing a comprehensive modelling 

approach, are described. Aspects of the effects of the abiotic stress on the net CO2 

assimilation rates in wheat leaves and their biophysical and biochemical behavior are 

discussed. Information on how plants respond to the stress in terms of their 

photosynthesis and biochemistry at distinct developmental stages is also presented. 
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Chapter 5 presents an introduction to data analytical tools and a novel machine 

learning method that is used to analyze high dimensional hyperspectral data, 

designed to extract information related to the biophysical parameters of plant traits. 

A random forest machine learning technique is implemented, with information on 

vegetation indices calculated from leaf hyperspectral data subsequently evaluated for 

the estimation of chlorophyll content. The use of machine learning models based on 

exploiting the full range (400-2500 nm) of hyperspectral data, as well as a collection 

of specific vegetation indices, were examined. 

Chapter 6 summarizes the overall conclusions from this research thesis and provides 

an outlook for potential areas of future research activity.  
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Materials and Methods 

To answer the research questions being posed within this thesis and to meet the 

scientific objectives of the specific experiments being undertaken, methodologies 

were developed following a thorough review of literature and taking into account the 

available facilities and instrumentation. Most of the developed experimental 

procedures focused around the plant growth experiments on wheat (Triticum 

aestivum L.) in the greenhouse (Chapter 3-5), with plants being subjected to a range 

of salinity and nutrient stresses. Plant material used in the experiments is described 

in Section 2.2. The experiments were maintained and monitored over the entire 

growth cycle of approximately 120 days till harvest, with a series of sub-experiments 

undertaken at specified developmental stages of the growth cycle. The key 

experimental procedures included measurement of leaf level photosynthesis, leaf 

fluorescence, SPAD-502 measurements, leaf hyperspectral reflectance, thermal 

imagery of experimental setup and individual palnts, leaf area measurements, whole 

plant hyperspectral imaging, photosynthetic pigments determination, leaf and plant 

level water use, and agronomic data acquisition. Not all of these measurements were 

able to be evaluated within these thesis. All descriptions herein serve as a reference 
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for subsequent Chapters 3, 4 and 5, as the techniques were replicated in those 

experiments.  

2.1. The Greenhouse Pot Experiments 

A selection of pot experiments were undertaken in the greenhouse in the Center for 

Desert Agriculture, King Abdullah University of Science and Technology (KAUST). The 

experiment involved the collection and analysis of soil from farmland near to KAUST, 

a greenhouse-based plant growth experiment, and detailed hyperspectral and 

photosynthetic measurements. Following the plant growth cycle and harvest, further 

laboratory analysis of soil and plant samples was undertaken. The particular 

experimental elements of this exercise are described below.                                    

2.1.1. Collection and Processing of Soil 

Soil to be used in the greenhouse pot experiments was collected from an agricultural 

farm a few kilometers to the northeast of KAUST (see Figure 2.). These local soils are 

formed from valley (wadi) alluvium derived from surrounding igneous rocks and are 

mostly calcareous Aridisols classified as Typic Haplargid, coarse-loamy, thermic. The 

soils in the area are sandy and believed to be deficient in the nutrients that are 
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required for optimum plant growth (Bashour et al., 1983). The sampled field was 

plowed, but had remained uncultivated for a significant period of time. There is no 

record of irrigation, and only sparse natural vegetation is found on the surface due to 

infrequent seasonal rains typical of the region. The borders of the farm were planted 

with acacia bushes irrigated with saline groundwater.  

 

Figure 2.. The soil used in the experiment was collected from the vicinity of an arable farm 

located at the northeast of King Abdullah University of Science and Technology (google earth-

Landsat image). 

Sites for soil collection were chosen randomly, away from the roadside and any 

source of contamination. The soil surface was cleaned and the upper few mm of soil 

removed to avoid mixing of unwanted external material. A small pit (0 – 50 cm deep) 

was excavated and a uniform slice of soil was taken from the vertical wall of the pit in 

order to represent the full plow depth of the soil profile (0 – 50 cm). The soil was 
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passed through a sieve of mesh size of 1 cm to remove any gravels and external debris. 

The soil was collected from 5 different locations in the field and composited into one 

bulk sample for later use.  

2.1.2. Soil Preparation and filling of pots 

The soil was stored in closed plastic boxes and transported to the laboratory. After 

air drying, the soil was ground with a wooden hammer and filtered using a 2 mm 

sieve. Plastic pots of 2.5 L volume were used for plant growth in the experiment 

(Figure 2.). Prior to filling the pots, the mineral soil was amended with a commercial 

organic soil-mix with a ratio of 70:30 (V/V). The weight of soil required to fill the pot 

was calculated using a bulk density of 1.2 g cm-3, representing a typical layer of a 

cultivated field.  
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Figure 2.. The mineral soil collected from the field was mixed with commercial organic soil 

prior to filling the pots. 2.5 L plastic pots were used for plant growth.  

 

2.1.3. Soil water content determination 

Gravimetric water contents of both the mineral soil and organic soil-mix were 

determined prior to mixing. A 100 gram soil sample was collected in an aluminum 

dish and placed in a drying oven at 105 ˚C until the sample attained a constant weight 

(approximately after 24 hours). The experiment was repeated on four samples and 

the mean values was sued for final calcuations of moisture content. The moisture 

content as a dry weight basis was calculated using the following formula:  
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θd =

𝑊𝑤𝑒𝑡 − 𝑊𝑑𝑟𝑦

𝑊𝑑𝑟𝑦
 

Eq.  2. 

where Wwet is the weight of the wet soil and Wdry is the weight of the oven dried soil. 

The amount of soil needed to fill the pot was calculated based on oven dry soil by 

eliminating the weight of moisture content of air dry soil. 3 kg of the soil mixture, 

composed of 2760 g mineral soil and 240 g of organic soil, was packed into each of 

the pots. 

2.1.4. Water holding capacity and pot irrigation 

The water holding capacity (WHC) of soil was determined by the amount of water 

retained by saturated soil after free drainage for 2 days. Briefly, four pre-weighed 

pots of packed soil were saturated with water from the bottom and allowed to drain 

freely for 48 hours (Figure 2.). The pots were covered with plastic sheeting to restrict 

evaporative losses from the surface. The plastic covers were perforated to balance 

the atmospheric pressure on the soil surface for free drainage under gravity. The 

weight of the drained pots was recorded and the average water holding capacity was 

calculated using the following formula: 
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WHC (%) =

Weight of drained soil − Weight of air dried soil

Weight of air dried soil
 X 100 Eq.  2. 

Plants were grown at a WHC of approximately 70% during the experimental period 

through a regulated irrigation in which water lost from a pot via evaporation and 

transpiration was replenished with fresh non-saline irrigation water. The water lost 

was measured as the difference between weights of each pot between two irrigation 

time intervals. 
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Figure 2.. Measurement of water holding capacity of the soil showing water saturated pots 

covered with plastic sheets. The pots were allowed to drain under gravity for 48 hours. 

Prior to the main experiment, a preliminary experiment was conducted to evaluate 

protocols and examine initial plant responses. The objectives of this experiment were 

to optimize the level of treatments employed, experimental conditions, and 

instrumental procedures. Following the water holding capacity description in 

Section 2.1.4, the plants were held at a WHC of approximately 70% throughout the 

experiment and irrigated to recover any water lost as a result of evapotranspiration. 

The daily and cumulative amounts of water used for irrigation were recorded over 

the course of the crop cycle. 
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2.2. Plant Material 

Wheat (Triticum aestivum L., Australian Grain Technologies; Mace variety) was used 

as the studied plant material during the experiments. Mace is a spring variety of 

wheat with moderate height and tillering. This is a high yielding variety with good 

adaption capacity. In addition, the variety is disease resistant and produces good 

quality grains. Mace is cultivated across a range of regions in Western Australia that 

cover more than 40% of the wheat cultivated area in 2012 (Shackley et al., 2012). 

2.3. Experimental Design 

The experiment was designed as a Randomized Complete Block Design (RCBD). This 

is a standard design for plant growth experiments, with the plot divided into sub-

groups called blocks to account for variations in two directions. The variability within 

blocks is control by one main variable treatment (e.g. salinity). Then other treatments 

are assigned to the subjects (experimental units) randomly with or without 

replications. In this research, a total of nine treatments, each with three replications, 

were employed. Blocks of the design received different salinity treatments of 

irrigation water. Different fertilizer levels in three replications were randomized 

within each block of salinity, as shown in Figure 2.. 
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2.3.1. Irrigation Water Salinity (Factor A, Blocks) 

In a preliminary experiment, three levels of irrigation water salinity (S1, S2, S3) were 

considered, with electrical conductivity (EC) of 0.278, 7.0 and 14.0 dS.m-1, 

respectively. During this experiment, salinity levels were chosen according to salinity 

tolerances of wheat as reported by FAO irrigation water quality criteria (FAO, 2004). 

The salinity levels were obtained by mixing tap water (reverse osmosis) with fresh 

seawater (EC = 59.8 dS.m-1) under continuous stirring and monitoring of the electrical 

conductivity during mixing. Fresh stocks of the saline irrigation water were prepared 

for each irrigation. On completion of the preliminary experiment however, we found 

that continuous irrigation of plant pots with high salinity water resulted in salt 

buildup in the root-zone soil. As a result, plants under salinity treatments of 7.0 and 

14 dS.m-1 could not reach their natural physiological maturity and plant senescence 

started very early at onset of the anthesis stage. The plants in these treatments were 

short, accumulated less biomass, less number of grains and grain weight, and plants 

died very early when the plants under non-saline treatment were still green. On these 

observation, we decided to modify our salinity treatments in subsequent plant 

growth experiments. Instead of using continuous saline irrigation over the whole 

growing period, we salinized the soil at the beginning of the experiment for each of 

the specified treatments. Soils were salinized by saturating the pots with water of the 
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specific salinity levels selected as treatment described above. This was followed by 

irrigation of the saline soils with ordinary tap water for the remainder of the growing 

period. 

Irrigation water was applied on a weight basis to all pots during the plant growth. The 

the difference in amount of biomass produced was assumed negligible and the loss in 

weight of each pot was attributed to evapotranspiration. Water was applied once a 

week during the early growth stages and then twice per week after tillering, as water 

loss was greater in the latter stages. The lost water was replenished with fresh 

irrigation water and the amount of added water recorded. At the end of the 

experiment, the total water used by plants in each treatment and water use efficiency 

was calculated. 

2.3.2. NPK Fertilizer (Factor B) 

Three levels of fertilizer (F1, F2, F3) were used in the experiment (i.e. zero, half and a 

full dose of that recommended for wheat). Slow release granular fertilizer 

(MIKAFOZTM) blended with micronutrients (18-18-5+TE) was applied at 3 cm depth 

of the pot. Fertilizer recommendations available in the literature are per hectare of 

land surface area under crop. The amount of fertilizer applied to each pot was 
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calculated by comparing the surface area of the pot to that of a one-hectare area. Each 

pot received 0 g, 0.558 g and 1.116 g of the fertilizer, corresponding to the zero, half 

and full recommended dose, respectively. As the fertilizer was slow release, all the 

needed doses were applied at once after one week of seedling emergence. All 

treatments were triplicated in the experiment. 

2.3.3. Experimental setup in the greenhouse and seeding 

Four seeds of spring wheat were sown in each pot. At the 10th day after sowing, 91% 

germination was observed. Seed germination data was recorded and pots were 

thinned to two plants per pot for the remainder of the experiment. Sensors for soil 

moisture, soil temperature and electrical conductivity were installed, as shown in 

Figure 2.. In order to capture measurement of relative humidity and air temperature, 

Thermachron iButtons (DS1921H type; Maxim/Dallas Semiconductor Corp., USA) 

were also installed to closely monitor the environmental conditions. Data from all of 

the installed sensors were logged continuously and transferred to external storage 

periodically to monitor the status of sensors and the quality of data being logged.  The 

experimental setup and the positions of sensors in the setup are shown in Figure 2.. 

A buffer row of planted pots, without application any treatment used in the 

experiment, was established all around the treatments pots to minimize any 
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variations among the variables caused by the side light refelections and/or air 

circulation or by the temeperature difference due to air conditioning of the 

greenhouse. 

 

Figure 2.. The experimental set up and arrangement of pots in the greenhouse after 

modification based on aspects learned from a preliminary setup. The pots were arranged in 

3 rows of soil salinity levels. Different color of circles represent the initial fertilize dose, while 

bold arrows shows the soil moisture and conductivity sensors, and the points show the 

location of installed iButtons for temperature and humidity. All the experimental units were 

surrouned by a buffer row of planted pots without recieveing any treatment. 
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2.4. Photosynthetic Traits Measurements 

Leaf level photosynthesis was measured through gas exchange and fluorescence 

analysis on selected leaves in triplicate across all treatments. The measurements 

were recorded at four distinct stages of plant development i.e. 25 days after 

emergence (Tillering stage), 40 days after emergence (Booting stage), 60 days after 

emergence (Anthesis stage) and 75 days after emergence (Maturity stage). A 

chronology of the plant developmental stages is provided in Figure 2.. Further details 

of the specific monitoring activities during the experiment are provided below.  

2.4.1. Gas exchange measurements 

Leaf gas exchange measurements and leaf fluorescence measurements were collected 

simultaneously using a portable LI-6400XT system (LI-COR Biosciences, Inc., Lincoln, 

NE, USA) equipped with LI-6400-40 Leaf Fluorescence Chamber. Technical details on 

the system can be downloaded via the LI-COR Environmental website 

(https://www.licor.com/documents/ifuhfcjga0wvh94lkysz). The instrument is an 

open system design that allows complete control over environmental variables of 

interest. The open gas system is an instrument which allows a net air flow of known 

composition through the system opposite to the closed (batch) system without air 
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flow. A typical open system comprises four main components: (1) an air supply unit, 

where air humidity, CO2 concentration, temperature, etc. can be established by some 

means prior to entering the cuvette, (2) accurate flow meters to precisely measure 

the flow rate of incoming air, (3) a leaf chamber with leaf clamp and air-tight 

mechanism, and (4) the infrared gas analyzers (IRGAs) for accurate measurement of 

water vapor and CO2 mole fraction in the incoming and outgoing air of the leaf 

chamber. The LI-6400XT consists of a main console and sensor head connected 

through flow tubes and power cables.  A schematic diagram of different components 

of LI-6400XT is provided in Figure 2..  

The system has two absolute CO2 and two absolute H2O non-dispersive IRGAs in the 

sensor head. Entering to the sensor head, air from the air supply is split into two 

paths: one to the reference cell of the IRGA, and another passing through the leaf 

chamber to the analysis cell of the IRGA. The gas exchange measurements are based 

on the differences in H2O and CO2 between incoming air flow and outgoing air flow 

(Wang et al., 2012). The leaf CO2 and water vapor flux measurements are taken on a 

portion of a leaf enclosed in the chamber under controlled conditions of humidity, leaf 

temperature, CO2 concentration, and light. Some of the photosynthetic parameters 

are directly measured while others are calculated internally using built-in functions 

supplied by the instrument software. By employing appropriate modelling tools on 
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responses to varying CO2 concentration, information about the underlying 

biochemistry of the leaf photosynthesis can be revealed. 

 

Figure 2.. A schematic diagram of different components of LI-6400XT showing the Console 

and the sensor head (modified from LI-COR BioScience website). 

Measurements were taken on the first fully expanded leaf below the flag leaf (see 

encircled leaf in Figure 2.) of the plant under a photosynthetically active radiation 

(PAR) = 1500 µmol m-2 s-1. The PAR value of 1500 µmol m-2 s-1 was determined by 

constructing a light response curve, as it gave the highest CO2 assimilation at the 

concentration of 400 µmol mol-1. The air-flow rate was maintained at a constant rate 

of 400 µmol s-1. The block temperature of the chamber was maintained at 25 ˚C, and 

the leaf to air vapor pressure deficit was kept at 1.2-1.4 kPa at the time of 

measurement (sample relative humidity of ~60%). The leaves were dark adapted for 
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20 minutes before taking chlorophyll fluorescence measurements, followed by a light 

adaptation period of 30 minutes for subsequent gas exchange measurements of the 

CO2 response curve. 

 

 

Figure 2.. Photo of the wheat growth experiment in the greenhouse showing (A) 

experimental arrangement of plants on the bench, (B) a single plant with labeled leaves for 

measurements at different stages, and (C) instrumental operation for recording gas exchange 

measurements. The leaf in the red circle is the one select for the measurement at that time 

regarded as fully expanded first leaf below the flag leaf.  
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Figure 2.. Growth stages of the wheat crop grown. The scale is adjusted to the developmental 

stages of the crop. Red bars shows time period of intensive measurements of photosynthesis 

and hyperspectral reflectance at tillering, jointing, booting and flowering stages. The figures 

show actual appearance of the plants with number of days after emergence.  

 

The gas exchange parameters consisted of net photosynthetic rate (An, 

μmol CO2 m−2 s−1), stomatal conductance (gs, molH2O m−2 s−1), intercellular CO2 

concentration (Ci, μmol mol−1) and transpiration rate (Tr, molH2O m−2 s−1). Water use 

efficiency (WUEi, (μmol CO2 mmol−1·H2O) was calculated as An/Tr. Biochemical 

photosynthetic parameters were estimated from the An-Ci curve fitting technique of 

Sharkey et al. (2007) using the Farquhar-von Caemmerer-Berry (FvCB) leaf-level 



70 

 

 

 

photosynthetic rate model approach (detail is provided in the following 

Section 2.4.2).  

Leaf fluorescence parameters were determined simultaneously with gas exchange 

parameters. Minimal chlorophyll fluorescence of leaf (Fo) was measured at 

modulated red radiation of 2 μmol m−2 s−1 by setting a pulse-width of 3 μs and a 

frequency of 20 kHz, after the leaf was dark adapted for 20 minutes at an ambient CO2 

concentration. Maximal fluorescence yield of a dark–adapted leaf (Fm) was obtained 

from a subsequent saturating light impulse of 8000 μmol m−2 s−1 for 0.8 s (Genty et al., 

1989). Other parameters determined by built-in functions in the LI-6400XT are 

steady-state fluorescence yields of light-adapted leaf (Fs) (Medvigy et al. 2009), 

variable fluorescence (Fv), maximum quantum yield of PSII (Fv/Fm), actual 

photochemical efficiency or effective PSII quantum yield (ΦPSII), coefficient of 

photochemical quenching (qP), coefficient of non-photochemical quenching (qN), and 

electron transport rate in PSII (ETR). A running instrument for measurement of gas 

exchange parameters is shown in Figure 2.. 
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Figure 2.. Leaf gas exchange measurement of wheat plant using LI-6400XT equipped with a 

leaf fluorescence chamber. 

2.4.2. Fitting A/Ci curve and estimation of biochemical parameters 

A key advantage of using state of the art photosynthesis systems is the capacity to 

conduct several gas and vapor exchange measurements on the same leaf under 

similar ambient environmental conditions by changing only one variable such as light 

intensity or CO2 concentration. The underlying biochemical parameters of leaf 
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photosynthesis can be assessed by determining the net CO2 assimilation rates (An) 

against the varied partial pressures of intercellular CO2 (Ci); achieved by changing the 

CO2 partial pressure in the air surrounding the leaf during measurement. Plotting An 

against Ci and modelling the response provides an estimate of the underlying 

biochemistry of photosynthesis (Sharkey et al., 2007) and a determination of 

biochemical processes limiting photosynthesis (Farquhar et al., 1980).  

Net carbon assimilation rates of the leaf were measured against CO2 concentrations 

of 400, 300, 200, 100, 50, 100, 200, 250, 400, 600, 800, 1000, 1250, 1500 µmol mol
-1

 

at a light intensity of 1500 µmol m
-2

 s
-1

. At each increment/decrement of the CO2 

concentration, the leaf was adapted for 3 minutes and the instrument was allowed to 

stabilize for the next 2 minutes. The reason for slowly stepping down the CO2 

concentration is to allow the leaf biochemical reactions to adapt to the lower 

concentrations of intercellular CO2. Ambient relative humidity was maintained at 

60% during the measurements. 

The A/Ci curve provides information on a number of important biochemical 

parameters of the leaf. The maximum rate of RuBP carboxylation (Vcmax), the rate of 

photosynthetic electron transport (Jmax), triose phosphate utilization (TPU), day 

respiration (Rd) and mesophyll conductance (gm) are estimated using the Farquhar et 
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al. (1980) biochemical model. A modified version of the model developed by Sharkey 

et al. (2007) offer a user friendly A-Ci curve-fitting utility to estimate the five 

photosynthetic parameters. The model needs at least 5 data pairs of A-Ci and wise 

selection of the carboxylation limitation factor to calculate the net CO2 assimilation 

rate: 

 
𝐀 = Vcmax [

Cc − ɼ ∗

Cc + Kc(1 + (O/Ko))
] − Rd Eq.  2. 

where Cc is the partial CO2 pressure of Rubisco carboxylation, Kc is the Rubisco 

Michaelis constant for CO2, O is the partial pressure of O2 at the Rubisco, KO is the 

Rubisco O2 inhibition constant, and ɼ* is the photosynthetic compensation point. 

When net CO2 assimilation is limited by RuBP regeneration, it can be determined by: 

 
𝐀 = J 

Cc − ɼ ∗

4Cc + 8 ɼ ∗
− Rd Eq.  2. 

where J represents rate of the electron transport. Four electrons per carboxylation 

and oxygenation are assumed by the equation. When CO2 assimilation is limited by 

triose phosphate utilization (TPU), the following is employed: 
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 𝐀 = 3TPU − Rd Eq.  2. 

Kinetic properties of Rubisco are critical in ensuring accuracy of the photosynthesis 

model. However, these properties are relatively conservative in C3 plants (Sharkey et 

al., 2003). The constants used in fitting models can found in von Caemmerer (2000) 

and are also provided in Table 2. for reference. Based on these principles, an R 

package 'plantecophys' was developed by Duursama (2015) as a toolkit to analyse 

and model leaf gas exchange data. The package includes functions for fitting the 

biochemical models to measurements, as well as for simulating from the fitted 

models. We use this R package to estimate photosynthetic parameters from A-Ci curve 

(https://cran.r-project.org/web/packages/plantecophys/index.html). 
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Table 2.. Model parameters used in Sharkey et al. 2007 for fitting A-Ci curves of C3 plants. 

Paramters Units Control High salinity Comments 

Salinity mM 2 105 Treatments 
Vcmax µmol m

-2
 s

-1
 145 127 P<0.167 

J µmol m
-2

 s
-1

 156 148 P<0.255 

TPU µmol m
-2

 s
-1

 11.77 11 P<0.213 

Ls %  9  

Lns % 22 29  

Kc Pa 33.86 33.86 Predetermined 

KO Pa 17.67 17.67 Variables of the 

ɼ* Pa 4 4 Model 

After the LiCOR based photosynthesis measurements were sampled, leaves were 

tagged for coincident spectral and hyperspectral reflectance measurement and 

subsequent laboratory based leaf chlorophyll extraction.    

2.4.3. SPAD readings 

A SPAD-502 meter (Konica Minolta Corp., Sweden) was used for in-situ measurement 

of leaf chlorophyll content. The SPAD-502 chlorophyll meter represents a fast, non-

destructive and relatively simple method for measurement of relative amounts of leaf 

chlorophyll. The dimensionless measurements range from 0-99 with an accuracy of 

±1 SPAD unit. The instrument measures transmittance at two wavelengths in the red 

(650 nm) and near infra-red (940 nm) spectrum. Chlorophyll efficiently absorbs the 

light in the former but inefficiently in the latter wavelength. Ten measurements with 
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the SPAD-502 meter were taken on each of the previously tagged fully expanded top 

leaves of the plant used for photosynthesis measurements. The SPAD values were 

ultimately converted to absolute chlorophyll values using a linear relationship 

developed for wheat during the experiment (Shah et al., 2017). Chapter 3 presents 

additional details of this experiment. 

2.4.4. Leaf area measurements 

In order to better describe various plant traits associated with leaf, a precise 

determination of leaf area is required. In our experiments, we determined specific 

leaf area of plant under each treatment. Specific leaf area is defined as the ratio of leaf 

area to its dry mass. As measurement of leaf area for all the leaves attached to a living 

plant in the experiment is not pracitcal, the role of specific leaf area measurement 

becomes important. The advantage of specific leaf area is that the actual leaf area of 

experimental plants can be calculated from the leaf dry mass at the end of experiment. 

A subset of leaf samples were collected from each salinity treatment and their leaf 

area was measured using a portable leaf area meter (LI-3000c, LiCor Inc.) combined 

with an attachable conveyer belt (LI-3050c, LiCor Inc.) (see Figure 2. below for 

illustrion). Leaf material for each treatment was dried in an oven for 2 days at 60°C 

and weighed. Specific leaf areas for each salinity treatment were then calculated. 
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Total leaf areas for all individual treatments were then calculated by multiplying the 

specific leaf area with the total dry leaf weight of the treatments (Rocha and Shaver, 

2009). 

 

Figure 2.. Leaf Area measurement of wheat plant using LI-3000C portable leaf area meter 

equipped with a conveyer belt. 
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2.5. Hyperspectral reflectance measurements 

One of the primary objectives of the research was to investigate leaf spectral response 

in relation to plants traits influenced by salinity and nutrient stress. Leaf level 

investigation on the spectral signature of plants were undertaken by using a high 

spectral resolution spectroradiometer. The FieldSpec 4 Hi-Res., ASD (Analytical 

Spectral Device, USA) is a portable spectroradiometer that can be used in laboratory 

and field spectroscopy. The FieldSpec collects data in the 350–2500 nm spectral 

range (full range of solar irradiance spectrum), with a resampled spectral resolution 

of 1 nm. The spectral resolution in the visible-to-near infrared (VNIR) is 3 nm and the 

shortwave infrared (SWIR) is 8 nm. Leaf spectral reflectance was measured using the 

leaf contact probe of the ASD. The contact probe has a diameter of 25 mm, an 

instantaneous field of view (FOV) of 10 mm, as well as its own halogen lamp as the 

internal light source. During a preliminary experiment, we observed that more than 

a few seconds exposure to the internal light of the contact probe caused leaf damage. 

We also observed that direct clamping on attached leaves resulted in condensation of 

vapors on the lens that could result in erroneous readings and spectral noises at the 

water absorption bands of the leaf hyperspectra. In addition, wheat leaves are 

narrower than the field of view of the FieldSpec’s leaf probe. Therefore, we realized 

the need for modification of the clamping part of the contact probe to confine the 
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exposure area of leaf. We tested a few options for this purpose and improved results 

were achieved by making a rectangular hole of 0.9x1.5 cm-2 in the black gasket of the 

LiCOR fluorometer chamber and using this as a mask in the leaf probe. These gaskets 

do not reflect the incoming radiation form the probe light sources. The instrumental 

setup and modification of the contact probe using the gaskets is shown Figure 2.. 

Prior to plant spectral measurement, a so-called white reading was taken using a 

white Spectralon reference panel in the probe. This measurement determines the 

spectral response from a surface with close to 100% reflectivity. Leaf reflectance is 

then computed as the ratio of leaf radiances relative to the radiance from the white 

reference panel. The calibration with the Spectralon was repeated = every 30 minutes 

during the measurement process. For every point of measurement, 10 spectral 

measurements were recorded from the adaxial leaf surface against the dark 

background of the probe. Spectral bands less than 400 nm and more than 2400 nm 

were removed from the data as they are mostly noisy. Hyperspectral measurements 

were recorded immediately after the photosynthetic measurements on the same leaf 

used for the gas exchange measurements. At maturity, hyperspectral reflectance 

measurements of the leaves used for sample collection of pigment analysis 

(Section 2.6) were also recorded. 



80 

 

 

 

 

Figure 2.. Instrumental setup of the ASD FieldSpec-4 Hi-Res for recording leaf hyperspectral 

measurements, along with the gaskets used for modification of the contact probe for safe and 

accurate measurements.  

2.6. Leaf pigments analysis 

To explore the relationships of photosynthetic pigments with SPAD readings, their 

interrelationships and the pigments concentration estimation from hyperspectral 

reflectance data, measurements of chlorophyll ‘a’, chlorophyll ‘b’, total chlorophyll 

and total carotenoids were performed at the plant maturity growth stage. To do this, 

leaf disk samples were collected at 10 distinct points from each individual treatment 

pot immediately after the SPAD and hyperspectral measurements. As such, a total of 

270 samples were collected across the gradients of soil salinity and fertilizer 



81 

 

 

 

treatment. A paper punch was used to collect leaf discs of 7 mm diameter (area = 0.38 

cm2). From each sampling point, 3 discs (A = 1.14 cm2) were placed in Eppendorf 

tubes, immediately wrapped in aluminum foil and then stored in ice. All samples were 

labeled on the top and side of the Eppendorf tube, with a corresponding label of plant 

and treatment recorded in a notebook. Samples were transported to the Salt Lab 

within 30 minutes of collection and stored at -80 ˚C till further analysis.  

 

Figure 2.. Transparent 96-well plates prepared for determination of leaf pigments using 

M1000 PRO plate reader. 
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Pigment contents were determined using the methods of Arnon (1949) and Wellburn 

(1994). Briefly, the samples were ground in liquid nitrogen using the SPEX Sample 

Prep TM CryoStation (2600) and Geno/Grinder. The ground samples were extracted 

in 80% ethanol at room temperature after centrifugation. The leaf sample extracts for 

chlorophyll determination (and prepared for spectrometric analysis) are shown in 

Figure 2.. Pigment absorption contents were then measured spectrophotometrically 

at 663, 645 and 470 nm using an Infinite M1000 PRO plate reader, and translated into 

pigment contents calculated using the following equations from Arnon (1949) and 

Wellburn (1994): 

 Chl𝒕 (µg cm−2) =  [(20.2 ×  A645) + (8.02 ×  A663)]  × ml of Acetone80%/Leaf Area (cm2) Eq.  2. 

 

 Chla (µg cm−2) =  [(12.7 ×  A663) − (2.6 ×  A645)]  × ml of Acetone80%/Leaf Area (cm2) Eq.  2. 

 

 Chlb (µg cm−2) =  [(22.9 ×  A645) − (4.68 ×  A663)]  × ml of Acetone80%/Leaf Area (cm2) Eq.  2. 

 

 Ct (µg cm−2) =  [(1000 ×  A470) − (1.9 ×  CHLa) − (63.14 ×  CHLb)] /214) Eq.  2. 

where A is absorbance at the subscript wavelength of beam light. 
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2.7. Agronomic measurements 

After subjecting the plants to the salinity and fertilizer treatments, necessary 

agronomic data was collected during the vegetative growth stage of the plants. Data 

on germination percentage at day 5 and 10 were recorded and plant growth was 

monitored over the various developmental stages through tillering, booting, anthesis 

and maturing stages (see Figure 2.). Plant height, panicle length and internode lengths 

were determined with measuring tape at maturity stage. The number of tillers, nodes 

and heads per plant were counted manually. Stem diameter was measured using 

Vernier calipers. After the completion of the experiment, plants were harvested and 

oven dried at 60 ˚C for three days until a constant weight was attained. Plant parts 

were then separated and the amount of total above ground biomass, grain weight and 

grain number were determined. A snapshot of harvested plants showing plant height 

and biomass accumulated under the influence of different treatments employed in 

the experiment is shown in Figure 2.. A clearly visible deterioriation in response to 

the applied stresses can be observed.  

A Harvest index (HI), which is the ratio of partitioning of above-ground dry biomass 

to grain yield, was calculated using: 
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𝐻𝐼 =

Dry grain weight (g)

Total above ground biomass (g)
 Eq.  2. 

The HI of plants could be related to several agronomic attributes of the crop, such as 

the plant height, plant density and leaf area index. Generally, an increase of HI in 

wheat is associated with decreased plant height (Zhang et al., 2012). 

 

Figure 2.. A snapshot of harvested plants showing plant height and biomass accumulated 

under the influence of different experimental treatments. A deterioration response to 

increasing salinity 0 to 14 dS.m-1 (S1-S3) and decreasing fertilizer dose from zero to double 

recommended dose (F3-F1) can be seen from left to right. 
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2.8. Data and Statistical Analysis 

In order to describe various aspects of our analyses and also to determine the 

significance of the experimental results performed, a number of statistical techniques 

were used throughout the study. In the first instance, a comparison of the means of 

the plant parameters determined across the range of salinity and nutrient treatments 

was performed to determine the overall treatment effect. This was done by multiple 

comparison F-test (see Section 2.8.1 below). The parameters include photosynthetic 

pigments content and those collected from the leaf level gas exchange data. Derived 

parameters using established biochemical models of leaf level photosynthesis (i.e. to 

fit A-Ci curves estimation of biochemical parameters, see Section 2.4.2) were also 

statistically examined. Here we present a brief overview of some of the more technical 

statistical analyses that were undertaken. Chapter 5 will detail particular aspects of 

the machine learning approaches that were also employed in analyzing the 

hyperspectral data.  

2.8.1. Means comparisons 

Analyses of variance (ANOVA) of the means of a combination of treatments were 

performed in MATLAB (MathWorks, Natick, MA) using two-way ANOVA2 analysis. 
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Two-way ANOVA determines how a response is affected by two independent 

variables simultaneously. This is done by dividing the variability in a response 

variable into four components: the variability due to one factor (row factor), second 

factor (column factor), interaction between the row and column factors, and finally 

the remainder variability in replicates, which is also called residual variability (Steel 

et al., 1980). The factor effect model of the two-way ANOVA can be described by: 

 Yi,j,k = µ + αi + βj + (αβ)i,j + εi,j,k Eq.  2. 

where µ is the grand mean of all the observations, αi is the main effect of row factor, 

βj is the main effect of the column factor, (αβ)i,j is the interaction effect between row 

and column factor and εi,j,k is the overall error term. 

Three sets of hypotheses are tested in two-way ANOVA to determine the significance 

of the effect of the independent variable based on an F-distribution at a certain level 

of probability. Further details on the F-test can be found in a number of standard 

statistical texts (see Johnson et al., 1995; Mood et al., 1974). ANOVA tells us if any of 

the means under investigation is significantly different from the others at a certain 

probability level. However, this analysis does not reveal what treatment mean is 
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significantly different. After determining the significant difference in treatment 

means (ANOVA), the post-hoc test for comparison of treatments was run using 

Tukey’s Honestly Significant Difference (HSD) for multiple comparisons at a 

probability of < 0.05 (Tukey ,1977). The Tukey's HSD test is used to determine exactly 

which group mean in the sample differs. During the test, an HSD value is calculated 

using the following formula: 

 
HSD =

M1 − M2

√MSw (
1
n)

 Eq.  2. 

where M denotes the treatment mean, MSw is the mean square within the treatments 

(residual mean square) and n is the number of observations in the treatment. The 

obtained HSD value represents the minimum distance between two treatment means, 

if the treatments are regarded as statistically different. 

2.8.2. Linear Regression Analysis 

Linear regression analyses were performed to explore the relationship of different 

parameters: particularly, the relationship between the photosynthetic pigment 
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content and different hyperspectral vegetation indices given in Chapter 5. The 

ultimate aim is to get a linear of the form: 

 Y = Xβ + ε Eq.  2. 

where Y is a mean-centered vector of a dependent variable; X is a mean-centered 

matrix of independent variables; β is a matrix of regression coefficients, and ε is a 

matrix of residuals (Fu et al., 2014). 

Validation of the models were performed by evaluating R2 and root mean square 

error (RMSE). R2 is called coefficient of determination that provides the statistical 

measure of the closeness of data points to the fitted line of regression. The actual 

calculated values range from 0 to 1 but are commonly expressed as percentages from 

0% to 100%. The value gives the percentage of variation in the reponse variable 

explained by the fitted model. Depending on the size of the data, a higher values (e.g. 

80 to 100%) indicates that the response variable varies relatively in line with the 

independent variable.  
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𝑅2 = 1 −

∑ 〈Yi − Yî〉2n
i=1

∑ 〈Yi − �̅�i〉2n
i=1

 Eq.  2. 

where Yî and Yi are predicted and measured variables, respectively,  �̅�i denotes the 

overall mean of the samples and n represents the total number of samples (Hansen 

and Schjoerring, 2003). 

RMSE gives a direct assessment of modelling error expressed in original 

measurement dimensions, and is calculated as: 

 

 

RMSE = √
∑ 〈Yî − Yi〉2n

i=1

n
 

Eq.  2. 

where n represents the total number of samples (Hansen and Schjoerring, 2003). 
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2.9. Machine learning and data analysis 

The deployment of modern sensor instruments for use in laboratories, field and 

satellite platforms produce large quantities of data of high dimensionality and 

resolution. John Naisbitt (1982) reported “We are drowning in information but 

starved for knowledge”. With some modification, it can be said today that we are 

“drowning in data but starved for information”. In recent years, such increases in data 

volumes has resulted in  the emerging fields of data mining and analysis across many 

scientific disciplines. Processing and analysis of such big data, uncovering hidden 

patterns and extracting other useful information is nearly impossible with the 

traditional data analytics. Machine learning refers to the practice of using a set of 

algorithms to use the existing data, learn the patterns and features from it and then 

predict future tendencies for a specific subject. This may include a combination of 

statistical analysis and predictive modelling to reveal patterns and catch hidden 

insights based on training data. The machine learning method and analytical tools we 

pursued in this research are described in detail in Chapter 5.  
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Response of Chlorophyll, Carotenoid and SPAD-502 Measurement to 
Salinity and Nutrient Stress in Wheat (Triticum aestivum L.) 

This chapter is reproduced in intirety as it is published article to MDPI Agronomy; 

Shah, S. H, Houborg, R., and McCabe, M. (2017). Agronomy 7, 61. There may some 

overlap with the methodological description in Chapter 2, particulary if in case of 

same methodology employed. 

Abstract 

Abiotic stress can alter key physiological constituents and functions in green plants. 

Improving the capacity to monitor this response in a non-destructive manner is of 

considerable interest, as it would offer a direct means of initiating timely corrective 

action. Given the vital role that plant pigments play in the photosynthetic process and 

general plant physiological condition, their accurate estimation would provide a 

means to monitor plant health and indirectly determine stress response. The aim of 

this work is to evaluate the response of leaf chlorophyll and carotenoid (Ct) content 

in wheat (Triticum aestivum L.) to changes in varying application levels of soil salinity 

and fertilizer applied over a complete growth cycle. The study also seeks to establish 

and analyze relationships between measurements from a SPAD-502 instrument and 
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the leaf pigments, as extracted at the anthesis stage. A greenhouse pot experiment 

was conducted in triplicate by employing distinct treatments of both soil salinity and 

fertilizer dose at three levels. Results showed that higher doses of fertilizer increased 

the content of leaf pigments across all levels of soil salinity. Likewise, increasing the 

level of soil salinity significantly increased the chlorophyll and Ct content per leaf area 

at all levels of applied fertilizer. However, as an adaptation process and defense 

mechanism under salinity stress, leaves were found to be thicker and narrower. Thus, 

on a per-plant basis, increasing salinity significantly reduced the chlorophyll (Chlt) 

and Ct produced under each fertilizer treatment. In addition, interaction effects of soil 

salinity and fertilizer application on the photosynthetic pigment content were found 

to be significant, as the higher amounts of fertilizer augmented the detrimental effects 

of salinity. A strong positive (R2 = 0.93) and statistically significant (p < 0.001) 

relationship between SPAD-502 values and Chlt and between SPAD-502 values and Ct 

content (R2 = 0.85) was determined based on a large (n = 276) dataset. We 

demonstrate that the SPAD-502 readings and plant photosynthetic pigment content 

per-leaf area are profoundly affected by salinity and nutrient stress, but that the 

general form of their relationship remains largely unaffected by the stress. As such, a 

generalized regression model can be used for Chlt and Ct estimation, even across a 

range of salinity and fertilizer gradients. 
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3.1. Introduction 

The accurate estimation of leaf photosynthetic pigments is an important element in 

monitoring plant stress and fertilizer application and managing the overall vegetation 

health—particularly in agricultural systems, where productivity levels are directly 

related to plant condition. Leaf photosynthetic pigments are key variables in 

characterizing photosynthetic response and gross primary production in the 

biosphere (Blackburn, 2007; Cannella et al., 2016; Feret et al., 2008; Gitelson et al., 

2014; Huang et al., 2015), with the pigments playing a central role in light harvesting, 

photosystem protection, and other growth functions (Abramavicius et al., 2016; 

Batjuka et al., 2016; Zhao et al., 2005). Chlorophylls control the photosynthetic 

potential of plants by capturing light energy from the sun (Kocks and Björkman, 

1995), and represent one of the most important photosynthetic pigments. The leaf 

chlorophyll content provides a key indicator of the photosynthetic capacity (Cannella 

et al., 2016; Houborg et al., 2015b), and in combination with measurements such as 

leaf area index has been found to be a critical proxy for vegetation productivity 

(Houborg et al., 2009; Gitelson et al., 2006; Gitelson et al., 2012) and prevailing stress 

in vegetation (Boegh et al., 2002; Carter, 1994; Sanglard et al., 2014). Carotenoids (Ct) 

are composed of carotenes and xanthophylls, and represent another key 

photosynthetic pigment group. Being essential structural components of the 
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photosynthetic antenna, Ct participate in harvesting light energy for photosynthesis 

(Holt et al., 2005; Zakar et al., 2016). In addition to the direct contribution in the 

photosynthetic process, Ct are also involved in the defense mechanism against 

oxidative stress (Boo and Jung, 1999; Bouvier et al., 2005), and play an essential role 

in the dissipation of excess light energy and provide protection to reaction centers 

(Demmig-Adams and Adams, 1996; Nagy et al., 2015; Santabarbara et al., 2013). 

Abiotic stresses arising from drought, extreme temperatures, salinity, or nutrient 

deficiency adversely affect the photosynthesis process in higher plants, as well as 

their growth and development (Chaves et al., 2009; Chullun et al., 2014; Flexas et al., 

2004), and thus the overall productivity of an ecosystem (Lee et al., 2015). 

Photosynthetic machinery consists of various mechanisms, including gas exchange 

systems, photosynthetic pigments, photosystems, electron transport systems, carbon 

reduction pathways, and enzyme systems (Ashraf et al., 2013). Any impairment to 

one or more of these processes would reduce the photosynthetic activity of the plants, 

their growth, and their biomass production. However, the nature and impact of 

damage resulting from stresses has been a matter of controversy among plant 

physiologists for many years, and the reported results vary considerably according to 

the plant species, conditions, and experimental procedures used in the studies 

(Ashraf et al., 2013). 
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Salinity stress may alter cellular and whole plant-level physiological and biochemical 

processes (Filippou et al., 2016; Kato and Shimizu, 1985; Oliveira et al., 2009). The 

immediate and direct effect of salinity is the imbalance of osmotic potential in the 

soil–plant system preventing water uptake by roots Chen et al., 2013; Wang et al., 

2015). The nature of this effect is similar to drought stress (Munns and Tester, 2008; 

Tester and Bacic, 2005b). Ion homeostasis, repressed metabolism, membrane 

rupture, and energy expense on defense mechanisms may also result from high levels 

of salinity (Munns and Tester, 2008; Tester and Davenport, 2003). The consequences 

of salinity stress on photosynthesis are highly complex and are attributed directly to 

the stomatal closure and mesophyll limitations for the diffusion of gases, which 

ultimately alters the net photosynthesis process (Delfine et al., 1998; Flexas et al., 

2013; Poor et al., 2011). The severity and duration of the incessant stress has a 

profound effect on the content of leaf photosynthetic pigments, and results in 

metabolic process impairment (Hu et al., 2005; Tang et al., 2013). However, the effect 

of salinity on photosynthetic pigments is highly plant-specific (Ashraf et al., 2013) and 

requires further exploration to provide an improved understanding of variations 

resulting from salinity stress across species. 

Nutrients supplied by fertilizers play a fundamental role in the structural and 

functional components of photosynthetic machinery (Koning et al., 2015; Pearman et 
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al., 1979; Schertz 1928; Yong et al., 2010), and an optimal nutrient supply is 

considered essential for the biosynthesis of plant photosynthetic pigments (Cai et al., 

2008; Hosseinzadeh et al., 2016). Any deficiencies will likely lead to a reduced content 

of leaf pigments, retarded plant growth, and low net primary productivity (Zhang et 

al., 2003a). The response of plant growth and production to various essential plant 

nutrients has been extensively studied around the globe. Most of these studies were 

conducted to evaluate best nutrition management practices under non-saline 

conditions. However, a high concentration of salts and nutrient imbalances in the 

root-zone makes it difficult to examine the response of plant health to fertilizer under 

saline conditions (Esmaili et al., 2008; Semiz et al., 2014). In such conditions, a mixed 

response of plant yield has been reported, with some studies showing a positive 

response of fertilizer (El-Siddig and Ludders, 1994; Soliman et al., 1992), while others 

have reported a negative (Dhanda and Toky, 2010; Patel, 2000; Zipelevish et al., 

2000) or negligible response at high salinity levels (Semiz et al., 2014). In nutrient-

deficient soils, fertilizers have been seen to improve plant growth, regardless of 

salinity level (Grattan and Greive, 1998). 

While environmental stresses such as those described above typically reduce the 

chlorophyll content (Huang et al., 2015; Ibrahim et al., 2017; Khoshbakht et al., 2015; 

Sanchez et al., 1983; Turan et al., 2007), some studies have reported increased 
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chlorophyll content with increasing salinity stress in salt-tolerant plants (Borghesi et 

al., 2011; Gomez et al., 2003; Huang et al., 2015a; Qiu et al., 2017). Accordingly, higher 

chlorophyll accumulation is considered to be a potential indicator of salinity 

tolerance (Cerullo et al., 2002; Khan et al., 2011). Carotenoids also provide useful 

insights into the physiological state of plants under stress (Cerullo et al., 2002; 

Gitelson et al., 2002; Sarijeva et al., 2007; Yi et al., 2014), and the response of Ct to 

stress is similar to the chlorophyll content in many plants (Marquardt, 1998; Nagy et 

al., 2004). They are involved in the transcriptional modulation of a large set of genes 

responsive to reactive oxygen species (Shumbe et al., 2014) and long-distance stress 

signaling in photosynthetic plants (García-Plazaola et al., 2017). As a photo-

protection mechanism, Ct are retained during the process of chlorophyll degeneration 

at leaf senescence (Biswal, 1995; Merzlyak, 1999). In previous studies, the ratio of 

chlorophyll to Ct has demonstrated some utility as an indicator of plant stress (Price 

et al., 1991) and plant acclimation and adaptation to environmental stresses 

(Merzlyak et al., 1999). 

Traditional methods of measuring photosynthetic pigments involve complex 

procedures of solvent extraction followed by in vitro spectrophotometric 

determination, which make them destructive, labor intensive, time-consuming, and 

expensive (Fernández-Marín et al., 2015; Peng et al., 1996; Vázquez-Durán et al., 
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2006). Likewise, laborious sampling and analytical procedures generally make data 

collection over larger space and time domains impractical. Alternatively, chlorophyll 

meters such as the SPAD-502 (Konica Minolta Corp., Solna, Sweden) offer a modest, 

fast, and non-destructive approach to determine relative values of chlorophyll 

content, but the meter needs to be calibrated for measurement in absolute units of 

chlorophyll content per unit leaf area. The relationships between SPAD readings and 

extractable leaf pigments in various plant species have been the focus of several 

studies (Markwell et al., 1995; Nauš et al., 2010; Netto et al., 2005; Yamamoto et al., 

2002; Yuan et al., 2016). Such studies indicate that the relationship is not universal 

and varies with measurement procedure, sensor type, leaf direction and exposure, 

and plant species (sometimes even within the same plant species) (Lin et al., 2015; 

Marenco et al., 2009; Parry et al., 2014; Uddling et al., 2007; Xiong et al.,2015). 

Importantly, the influence of interactions of abiotic stresses such as salinity and 

nutrient limitations on the relationship has received little attention. 

As such, the establishment of relationships between SPAD values and absolute leaf 

pigment content under a controlled environment with varying levels of plant stress 

is an area of needed investigation. To address this knowledge gap, this study attempts 

to: (1) investigate the influence of both salinity and fertilizer, as well as their 

interaction, on photosynthetic pigments of wheat leaves at the anthesis (i.e., 
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flowering) stage; (2) determine the relationships between SPAD-502 readings and 

the extractable chlorophyll (Chlt) and Ct under these varying conditions; and (3) 

evaluate the effect of salinity and nutrient stress on the coefficients of the developed 

regression models. 
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3.2. Materials and Methods 

3.2.1. Greenhouse Pot Experiment 

A greenhouse-based pot experiment was undertaken within an automated day–night 

temperature-controlled environment. For accuracy, a two-fold environmental 

monitoring system was installed that comprised of: (1) a data-logger connected with 

a Vaisala HMP155 for measuring ambient air temperature and relative humidity 

within the greenhouse; and (2) five Thermachron iButtons placed in close proximity 

to the growing plants, also to monitor temperature and relative humidity. Throughout 

the experiments, the temperature in the greenhouses was set to 25 °C during the day 

and 20 °C at night. The growing medium was a mixture of mineral soil collected from 

a nearby field and commercial organic soil. The field soil is classified as a calcareous 

alluvium Aridisol (Typic Haplargid), which is a coarse-loamy textured, thermic, and 

nutrient-deficient soil (Bashour et al., 1983). The field-collected soil was air-dried, 

ground, and passed through a 2 mm sieve. The mineral soil was amended with a 

commercial organic soil-mix with a ratio of 70:30 (v/v) and placed into 2.5 L plastic 

pots, ensuring a bulk density of 1.2 g·cm−3 (typical of a plow layer in a cultivated field). 

The total amount of soil in each pot was measured on a dry weight basis, hence the 

water content of the soil needed to be known. To do this, the gravimetric water 
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content (θd) of both the mineral soil and organic soil-mix was determined prior to 

mixing in order to establish the amount of soil required to fill the pots: 

θd =
𝑊𝑤𝑒𝑡 − 𝑊𝑑𝑟𝑦

𝑊𝑑𝑟𝑦
 Eq. 3. 

where Wwet is weight of wet soil and Wdry is weight of oven-dry soil. The water 

holding capacity (WHC) of the soil was determined by the amount of water retained 

by the saturated soil after free drainage for two days according to: 

WHC (%) =
weight of drained soil − weight of air dried soil

weight of air dried soil
 ×  100 Eq. 3. 

Plants were grown at a WHC of nearly 70% during the experimental period through 

a regulated irrigation in which water lost from a pot via evapotranspiration was 

replenished with fresh non-saline irrigation water. The water lost was measured as 

the difference between weights of each pot between two irrigation time intervals. 

Spring wheat (Triticum aestivum L., Australian Grain Technologies MACE variety) was 

used as the primary plant material during the experiment. Four seeds were sown in 
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each pot. On the tenth day after sowing, over 90% germination was observed. The 

pots were then thinned to two uniformly germinated plants per pot for the remainder 

of the experiment. 

3.2.2. Plant Treatments 

A total of nine treatments, each with three replicates (27 experimental units), were 

employed in the experiment using a randomized complete block design. Blocks were 

assigned with different soil salinity treatments, and the fertilizer treatments were 

randomized within each block of salinity. Non-saline irrigation water was applied 

once a week during the early growth stages and then twice weekly after booting stage, 

as water loss was greater during this stage of vegetation growth. The soil was 

salinized by saturating selected pots with specified salinities of irrigation water (S1 = 

0.3, S2 = 7.0, and S3 = 14 dS.m−1). The electrical conductivity (EC) levels of the applied 

water were selected according to observed plant responses to salinity during a 

preliminary experiment. During that experiment, salinity levels were chosen 

according to salinity tolerances of wheat as reported by FAO irrigation water quality 

criteria (Steduto et al., 2009). The salinity levels were obtained by mixing tap water 

(desalinated seawater) with fresh sea water (EC = 59.8 dS.m−1) under continuous 

stirring and monitoring of the EC during mixing. 
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In additional to salinity treatment, three levels of fertilizer (F1, F2, F3) were employed 

during the experiment to represent zero, full, and double dose of that recommended 

for wheat (see Section 2.3, Figure 2.). Slow-release granular fertilizer (commercially 

available MIKAFOZ®, Agriculture Machinery & Materials Co. Ltd., Jeddah, Saudi 

Arabia) blended with micronutrients (18-18-5 + TE; i.e., 18% nitrogen, 18% 

phosphorous, 5% potassium, and trace elements) was applied at 3 cm depth in each 

pot. The amount of fertilizer required for each pot was calculated based on the soil 

surface area of the pot. Given the radius (r) of the pot (7.3 cm), surface area (A) was 

measured as A = πr2. The full dose of fertilizer was considered as 120 kg·N·ha−1 

recommended for wheat crop. 

Measurements and sample collection for determination of Chla, Chlb (Qiu et al., 2017), 

Chlt , and Ct content were undertaken within 2 days at the anthesis stage. This period 

is known as the lag phase, during which cellular division is rapid and endosperm cells 

and amyloplasts are formed, and is considered very sensitive to environmental 

stresses (Benbella et al., 1998). 
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3.2.3. SPAD Measurements 

The SPAD-502 meter is used extensively in research and agricultural settings as a 

rapid, inexpensive, and non-destructive method for the assessment of leaf chlorophyll 

content. The SPAD-502 meter consists of two light-emitting diodes (LEDs) and a 

silicon photodiode receptor. It measures leaf transmittance in the red region (650 

nm) and infrared region (940 nm) of the electromagnetic spectrum. A relative SPAD-

502 meter value (ranging from 0–99) is derived from the transmittance values, which 

is proportional to the chlorophyll content in the sample (Markwell et al., 1995; 

Uddling et al., 2007). From each plant, 10 leaves of varying age and color were 

selected for measurements made under diffuse lighting (Xiong et al., 2015). Every leaf 

measurement was an average of 10–15 SPAD-502 readings. 

3.2.4. Photosynthetic Pigments Determination 

Leaf chlorophyll and Ct contents were determined by spectrophotometric analysis of 

chemically extracted pigments. For this purpose, a total of 270 samples (Yang et al., 

2002) were collected immediately after the SPAD-502 measurements across the 

prescribed gradients of soil salinity and fertilizer treatment. For each of these 

samples, three leaf discs with a diameter of 7 mm (area = 0.38 cm2) were collected in 
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a micro-centrifuge Eppendorf tube, and immediately wrapped in aluminum foil and 

stored in ice. The samples were transported within 30 min of collection to the 

laboratory and stored at −80 °C until final analysis could be undertaken using the 

methods of Arnon (Arnon, 1949) and Wellburn (Wellburn, 1994). Briefly, the samples 

were ground in liquid nitrogen using the SPEX Sample PrepTM CryoStation (2600) 

and Geno/Grinder. The ground samples were extracted in 80% ethanol at room 

temperature after centrifugation. Pigment absorption was measured 

spectrophotometrically at 663, 645, and 470 nm using an Infinite M1000 PRO plate 

reader, and translated into pigment contents using the following equations: 

Chlt (µg · cm−2) =  [(20.2 ×  A645) + (8.02 × A663)]  ×  mL of Acetone80%/Leaf Area (cm2) Eq. 3. 

Chla (µg · cm−2) =  [(12.7 ×  A663) − (2.6 ×  A645)]  ×  mL of Acetone80%/Leaf Area (cm2) 
Eq. 3. 

Chlb (µg · cm−2) =  [(22.9 × A645) − (4.68 ×  A663)]  ×  mL of Acetone80%/Leaf Area (cm2) 
Eq. 3. 

Ct (µg · cm−2) =  [(1000 ×  A470) − (1.9 ×  Chla) − (63.14 ×  Chlb)] /214 
Eq. 3. 

where A is absorbance at the subscript wavelength. The total pigment content 

produced per plant, Pp (mg·plant−1), was calculated from the pigment content per leaf 

area (PL) and the total leaf area per plant (Ap) as: 
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𝑃𝑃 = 𝑃𝐿 × 𝐴𝑃  Eq. 3. 

A subset of leaf samples was collected from each salinity treatment for the 

measurement of leaf area using a portable leaf area meter (LI-3000C, Li-COR Inc., 

Lincoln, NE, USA) and a connected conveyer belt (LI-3050C, LI-COR Inc.). The leaf 

material for each treatment was dried in an oven for 2 days at 60 °C and weighed in 

order to calculate the specific leaf area for each salinity treatment. The Ap for all 

individual plants was then calculated by multiplying the specific leaf area with the 

total dry leaf weight of the plant (Rocha and Shaver, 2009). 

3.2.5. Statistical Analyses 

Analyses of variance (ANOVA) of the means of the different treatments were 

performed in MATLAB (MathWorks, Natick, MA, USA) using two-way ANOVA analysis 

(ANOVA2). Tukey’s honestly significance difference (HSD) test (Tukey, 1977) was 

implemented using R-code to determine if the means were significantly different 

from each other: 
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HSD =
M1 − M2

√MSw (
1
n)

 
Eq. 3. 

where M1 and M2 denote the means of the two treatments being compared, MSw is the 

mean square within the treatments (residual mean square), and n is number of 

observations in the treatment. 

For any particular salinity level (denoted in Figure 3. and Figure 3. by one of three 

colors), a different capitalized letter across the varying fertilizer doses (i.e., zero, full, 

and double) indicates a statistically significant difference. Differing lowercase letters 

placed on the three color bars within any fertilizer dosage indicates a significant 

difference between the particular salinity treatments. For cases having the same 

letters on individual bars, either across dosages or salinity levels, the differences are 

statistically non-significant. For example, in Figure 3.A, we see that the red bars each 

have a different capital letter, indicating that the results across fertilizer doses is 

statistically significant at that particular salinity level (14 dS.m−1). On the other hand, 

in Figure 3.B at 14 dS.m−1, there is a non-significant difference between zero and full 

fertilizer dose, but the double dose does show a statistically significant difference. 

Similarly, in Figure 3.A, different lowercase letters placed on the three color bars 
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within the double fertilizer dose indicate significant differences among the salinity 

treatments in that group. However, for the zero and full fertilizer dose, only the red 

bar (14 dS.m−1) salinity level is significantly different. Further, the mutual differences 

of blue and green bars are non-significant for these particular cases. 

Regression analysis was performed using SPSS Version 10.0 (Noru, 2012). After 

fitting suitable regression models to the pigment data, RMSE (root mean square 

error) was calculated as follows: 

𝑅𝑀𝑆𝐸 = √
1

𝑁
 ∑(𝑌𝑖 − 𝑌�̂�)2

𝑁

𝑖=1

 Eq. 3. 

where N denotes the number of observations, Yi is the measured value, and 𝑌�̂� is the 

estimated value of the dependent variable. Cluster analyses on the scatter plots were 

performed to further characterize the variability of the derived relationships. This 

statistical technique is commonly used in data mining and exploratory analysis to 

group data based on similarities called clusters, helping to describe the relationship 

of the clusters to each other and to the independent variable. In this technique, data 

pairs of independent and dependent variables for each point of measurement are 
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plotted. For each cluster of data, an ellipse of 2σ covariance is described around the 

mean point of the cluster. The dimensions of the ellipse are the eigenvalues of the 

covariance matrix that is revolved in a way to ensure that the main axis lies alongside 

the largest eigenvector. 
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3.3. Results 

3.3.1. Impact of Salinity and Fertilizer Treatments on Pigment Content 

The leaf pigment content as influenced by salinity and fertilizer application is 

presented in two ways: (i) pigment content per unit leaf area (μg·cm−2), and (ii) the 

total content of pigments produced per plant (mg·plant−1), as analyzed in the 

following two sub-sections. 

3.3.1.1. Leaf Area-Based Pigment Content 

In general, the colour of the leaves in the experimental units varied considerably from 

dark green to pale brown at the time of measurement. Chlorophylls were the 

dominant pigment in the wheat leaves and ranged from 1.5 to 66.4 μg·cm−2, with 

chlorophyll a (Chla) ranging from 0.6 to 44.3 and chlorophyll b (Chlb) from 0.4 to 22.3 

μg·cm−2. The ratio of Chla to Chlb was generally around 2 under the various combined 

salinity and fertilizer treatments. Ct content was in the range of 0.3 to 5.8 μg·cm−2. At 

double fertilizer dose, the lower the salinity levels, the smaller the leaf Chla; i.e., at 7 

dS.m−1 salinity, Chla was 24.8 ± 1.6 μg·cm−2, and at zero salinity level the content was 

16.9 ± 1.1 μg·cm−2. Similarly, the higher total leaf chlorophyll contents (Chlt) were 
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found in plants receiving a double dose of fertilizer, again with the maximum value of 

43.8 ± 3.4 μg·cm−2 observed at the highest salinity levels. With a decrease in the 

salinity level, the Chlt decreased sharply to 23.8 ± 0.9 μg·cm−2. Although a decrease in 

salinity levels reduced the Chlt at lower doses of fertilizer, the decrease was not as 

sharp as that of the double fertilizer dose. 

Figure 3. presents the effect of both salinity and fertilizer on leaf pigments content 

per unit leaf area. As can be seen, the results indicate a significant increase in the 

content of all pigments with increasing salinity and fertilizer dose. However, the 

impact differs between the various pigments, and is dependent on the combination of 

salinity-nutrient levels. Fertilizer dose increased the pigment content across all 

salinity levels, but the effect was most significant at mid-range salinity levels (7.0 

dS.m−1). A doubling of the fertilizer dose at this medium salinity level resulted in an 

increase of over 200% in Chlt per leaf area, compared to the zero fertilizer treatment. 
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Figure 3.. Pigment contents in wheat leaf under various treatments employed in the 

experiment expressed as μg·cm−2: (A) total chlorophyll and (B) total carotenoids content. 

Fertilizer treatments are grouped along the x-axis, and different color bars represent 

treatment of salinity. ANOVA was performed to test the effect of salinity and fertilizer 

treatments and their interaction. The post-hoc analysis was performed using Tukey’s 

HSD test. Statistically significant differences are represented by different letters above 

the bars. Different capital letters indicate significant differences among the three 

fertilizer doses at a given salinity level (two-way ANOVA, Tukey’s test, p < 0.01). Different 

lowercase letters indicate significant differences among salinity treatments in each 

fertilizer dose (two-way ANOVA, Tukey’s test, p < 0.01). Means with same letters show 

non-significant difference at p < 0.01. Values are means of ~30 observations with error 

bars as standard deviations of the mean. 

 

Statistical analysis showed that the effect of fertilizer dose on Chlt was significant (p 

< 0.01) at all salinity levels. On the other hand, the salinity levels showed a significant 

difference only at the double dose of fertilizer. For the zero and full fertilizer dose, 
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only the highest salinity level was significantly different, with the zero and medium 

dose showing a non-significant difference. As noted earlier, plants grown under the 

double fertilizer dose produced the highest Chla content per leaf area at medium 

salinity levels, showing a 226% increase over plant leaves in the zero fertilizer 

treatment. The same fertilizer dose resulted in a 145% increase at the zero salinity 

and 103% increase at the highest salinity level of 14 dS.m−1. Chlb content per leaf area 

exhibited similar treatment responses. Relative to zero fertilizer, a double dose of 

fertilizer caused a marked increase in Chlb at zero (123%), medium (137%), and 

highest (Tang et al., 2013) levels of salinity. Correspondingly, the Chlt content per leaf 

area showed a 200% increase at medium levels of salinity in response to the double 

dose relative to zero dose fertilizer application. At zero and high salinity levels, the 

corresponding change in Chlt per leaf area was 138% and 101%, respectively. Detials 

of the relative (%) increase in pigment content over the control caused by various 

treatment is given in Table 3.. 
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Table 3.. Increase/decrease of the pigments contents (%) by various treatment combinations relative to the control treatment. 

                
Treatments 

Variables 

S1 S2 S3 F1 F2 F3 

F2-F1 F3-F1 F2-F1 F3-F1 F2-F1 F3-F1 S2-S1 S3-S1 S2-S1 S3-S1 S2-S1 S3-S1 

 SPAD 16.2 33.7 25.3 37.3 32.4 47.1 56.2 100.0 12.8 35.3 10.7 39.8 

C
o

n
te

n
ts

 p
er

 
le

af
 a

re
a 

Chla 66.7 144.9 75.0 226.3 31.8 103.2 10.1 127.5 15.7 80.0 46.7 88.8 

Chlb 64.5 122.6 24.4 137.8 37.7 98.4 45.2 96.8 9.8 64.7 55.1 75.4 

Ct 58.8 100.0 54.5 77.3 12.5 53.1 29.4 88.2 25.9 33.3 14.7 44.1 

Chlt 63.0 138.0 59.3 200.0 33.0 100.9 18.0 118.0 15.3 77.9 48.7 84.0 

A
m

o
u

n
t 

p
er

 
p

la
n

t 

Chla 126.0 284.5 129.4 359.4 94.4 353.5 -31.7 -33.6 -29.7 -13.3 -10.2 -55.4 

Chlb 68.7 164.2 63.1 234.7 103.0 342.7 -32.1 -104.4 -36.6 -22.0 -4.3 -69.8 

Ct 115.4 214.0 102.6 149.6 65.8 213.9 -12.1 -61.5 -19.1 -61.6 -41.0 -109.8 

Chlt 121.1 273.6 108.8 322.3 96.1 348.4 -22.9 -39.5 -30.1 -16.2 -8.7 -57.2 

F1= no-fertilizer application (fertilizer control), F2= full recommended dose fertilizer, F3 = double of recommended the recommended 
dose, S1 = zero-salinity treatment, S2 = 7.0 dS.m−1 salinity level, S3 = 14 dS.m−1 salinity level, Chla = Chlorophyll ‘a’ content, Chlb = 
Chlorophyll ‘b’ content, Chlt = total chlorophyll content, Ct = carotenoid content 
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For Ct content, the impact of fertilizer was particularly pronounced in the absence of 

salinity, gradually declining with increases in salinity levels (Figure 3.). Fo). The 

resulting changes were 128%, 97%, 118%, and 88% for Chla, Chlb, Chlt, and Ct content, 

respectively. On the other hand, the highest increase in pigment content induced by 

fertilizer dose was observed at the medium (7 dS.m−1) salinity level. Interestingly, 

salinity-induced increases in pigment content were enhanced in the case of zero 

fertilizer applications. This supports the finding that salinity and fertilizer doses have 

an antagonistic effect on pigment content at high salinity levels in the growth media. 

3.3.1.2. Whole Plant-Based Pigment Content 

Any kind of biotic or abiotic stress is expected to challenge the overall health of 

vegetation. As has been observed, salinity stress tends to induce higher 

photosynthetic pigment content when expressed on a unit leaf area basis (Figure 3.) 

for a specific fertilizer application. However, this tendency is reversed when 

expressing the pigment content on a per-plant basis (Figure 3.) at the same fertilizer 

levels. While the effect of increasing fertilizer dose reflects the same increasing trend 

evident for the pigment content per unit leaf area, increasing soil salinity induces a 

decrease in the total amounts of leaf photosynthetic pigments. Increasing fertilizer 

dose significantly (p < 0.01) enhanced Chlt and Ct under each salinity treatment. On 
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the contrary, all levels of salinity treatments significantly reduced the Chlt and Ct at 

full and double fertilizer dose.  

 

Figure 3.. Actual amount of leaf pigments produced by a whole wheat plant under 

various treatments employed in the experiment expressed as mg·Plant−1: (A) total 

chlorophyll and (B) total carotenoids content. Fertilizer treatments are grouped along 

the x-axis and different color bars represent the salinity treatment. ANOVA was 

performed to test the effect of treatments of salinity and fertilizer and their 

interaction. The post-hoc analysis was performed using Tukey’s HSD test. Statistically 

significant differences are presented by different letters above the bars. Different 

capital letters indicate significant differences among the three fertilizer doses at a 

given salinity level (two-way ANOVA, Tukey’s test, p < 0.01). Different lowercase 

letters indicate significant differences among salinity treatments in each fertilizer 

dose (two-way ANOVA, Tukey’s test, p < 0.01). Means with the same letters show non-

significant difference at p < 0.01. Values are means of ~30 observations with error 

bars as standard deviations of the mean. 
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At the zero fertilizer dose, the difference between medium and high salinity 

treatments was non-significant. For all of the evaluated pigments, the fertilizer effect 

was particularly pronounced at the highest salinity treatment (14 dS.m−1), where the 

double dose fertilizer application increased Chla, Chlb, Chlt, and Ct contents by 354%, 

342, 348%, and 214%, respectively (Table S1). Increasing salinity levels reduced the 

pigment content per plant across the entire range of applied fertilizer treatments. For 

example, at the full fertilizer dose, relative changes of −55% to −110% in pigment 

content per plant occurred at the high relative to zero salinity treatment. These 

results reinforce the finding that higher amounts of fertilizer increase the detrimental 

effects of salinity on the photosynthetic pigments. 

To further characterize the impact of these treatments on plant response, we 

examined the interrelationships between Chla, Chlb, Chlt, and Ct content across the 

different levels of salinity treatments. Not surprisingly, Chla and Chlb were found to be 

closely associated with each other. Previous studies have also reported a close 

correspondence across the photosynthetic pigments, with Chla being 2 to 4 times 

higher than Chlb, depending on the plant species, growth stage, and environmental 

conditions (Kitajima and Hogan, 2003; Maina and Wang, 2015; Yang et al., 2002). As 

shown in Figure 3.A, the results from this study reflect a strong and positive linear 

relationship between Chla and Chlb (R2 = 0.95 and RMSE = 2.71), although a 

curvilinear tendency appears beyond a Chlb value of around 18 μg·cm−2. The ratio of 
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Chla/Chlb ranged from 0.73 to 2.98 μg·cm−2, with an average value of 2.47 ± 0.38 

across the experiment. Although there was a tendency of an increasing ratio of 

Chla/Chlb with increasing salinity level, the effect was not statistically significant. The 

Ct content was closely related to Chlt. Figure 3.B shows the relationship between Chlt 

(i.e., Chla + Chlb) and Ct content as described by a second-order power curve and using 

data obtained across all levels of salinity and fertilizer application. The curvilinear 

shape of the fitting function indicates a decreasing sensitivity of Ct content to changes 

in Chlt with increasing Chlt, before reaching an asymptotic level at Chlt ~50 μg·cm−2 

(Figure 3.A). Sims and Gamon (Sims and Gamon, 2002) reported a similar 

relationship between Chlt and Ct content across a wide range of plant species with 

variable leaf structure, plant functional type, and phenological development stage. In 

terms of salinity treatments, there is no clear trend in the impact of salinity gradients 

on the relationship between the plant pigments, although measurements taken from 

leaves exposed to zero salinity are centered more towards the lower extreme of the 

observed range (Figure 3.B). 
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Figure 3.. Relationship of the photosynthetic pigments in wheat leaves grown 

across gradients of soil salinity and fertilizer application: (A) linear relationship 

between chlorophyll “a” and chlorophyll “b” contents (n = 277), and (B) relationship 

between total chlorophyll and carotenoids content (n = 277) at various levels of 

salinity shown by different color markers. A second-order power curve best fitted 

to the data. The relationship coefficients and goodness of fit parameters are given in 

the plot area. 
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3.3.2. Estimation of Leaf Photosynthetic Pigment Content from SPAD-

502 Measurements 

SPAD readings ranged from 2.1 to 62.5 (unitless), and the highest value was found in 

plants grown under the double fertilizer dose in combination with the highest salinity 

level. Figure 3.A shows the relationship between measurements of SPAD-502 and 

Chlt, with values for all fertilizer treatments plotted at the defined salinity 

applications. A second-order polynomial provided the best approximation, yielding 

an overall R2 of 0.93 and RMSE of 4.3 μg·cm−2. The relationship between leaf Ct 

content and SPAD readings was better described by a first-order linear equation, with 

an R2 of 0.85 and RMSE of 0.53 μg·cm−2 (Figure 3.B). These regression models 

originate from a sufficiently large SPAD-pigments data set (n = 277) that encompasses 

a broad range of leaf measurements taken from plants grown under salinity levels 

from 0–14 dS.m−1 and from zero fertilizer to double the dose of fertilizer 

recommended for wheat. As a result, derived expressions may be effectively used in 

a variety of field situations to calculate leaf photosynthetic pigment content from 

SPAD-502 readings. However, as the data come from different plants under different 

treatments (Figure 3.), it is worthwhile to further diagnose the underlying structure 

and variation of the data resulting from different salinity treatment levels. 
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For this purpose, we examined whether the predictive power of salinity-specific 

regression models differed significantly. Accordingly, test procedures were 

performed to (1) explore cluster analysis to show how data pairs from different 

salinity treatments are grouped; (2) evaluate the statistical difference between the 

Pearson correlations (R values) of SPAD-chlorophyll and SPAD-carotenoids 

relationship obtained from the paired data at the three salinity levels; and (3) 

determine if the predictions based on the salinity-specific models deviate 

significantly from the overall regression model. 

 

Figure 3.. Relationships between SPAD-502 readings and the pigments at various levels 

of salinity and fertilizer application: (A) SPAD-502 vs. total chlorophyll content, and (B) 

SPAD-502 vs. total carotenoids content. Second-order polynomial curve was fitted to the 

data of total chlorophyll content, whereas a linear curve was fitted to the carotenoids 

data (n = 277 in each case). 
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3.3.2.1. Cluster Analysis between SPAD and Pigment Content Values 

Cluster analysis groups similar data into clusters and allows the specification of inter-

cluster relationship to be determined. The SPAD readings and pigment data pairs for 

each measurement point were plotted, and an ellipse of 2σ covariance was drawn 

around the mean point of each cluster. The ellipse dimensions are generated by the 

eigenvalues of the covariance matrix, with the biggest eigenvector alongside the main 

axis. Figure 3. displays the cluster analysis of the relationship between SPAD-502 

readings and Chlt and Ct content. As illustrated in Section 3.3.1, a higher salinity and 

fertilizer dose increases the values of Chlt and Ct content, and the same tendency is 

reflected in the SPAD readings. Therefore, data from the zero salinity treatment are 

clustered closest to the origin of the plot, whereas data from medium and high salinity 

treatments are clustered at progressively higher limits of the axis. The response of 

the medium salinity treatment is almost entirely encompassed within the response 

of the zero salinity treatment, while being significantly different from the response of 

the high salinity treatment (Figure 3.A). Although the means of the zero salinity and 

medium salinity treatments are very close to each other, the ellipse of the zero salinity 

data is larger, due to a larger range in the SPAD and pigment values under the zero 

salinity treatment. The largest clusters are generated for the high salinity treatment, 

which is characterized by the highest SPAD and photosynthetic pigment content 
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values. However, the characteristics of individual clusters are not significantly 

different for both Chlt and Ct content (Figure 3.A,B). 

 

Figure 3.. Cluster analysis of the relationships between SPAD-502 reading and the 

pigments at various levels of salinity and fertilizer application. (A) SPAD vs. total 

chlorophyll, (B) SPAD vs. total carotenoids content. The ellipses are calculated from 

the covariance matrix of the relationships. Whisker plots are superimposed on the 

data to illustrate the data spread (n = 277). 

 

3.3.2.2. Multivariate Statistical Analysis between SPAD and Pigment 

Content Values 

The effect of salinity on the prediction of Chlt content from the SPAD readings was 

also investigated based on a multivariate statistical analysis. This was performed to 

determine if salinity-specific regression models generated from the data at three 
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different salinity levels were significantly different. The resulting Pearson 

correlations were 0.95, 0.95, and 0.97 for zero salinity, medium, and high salinity 

levels, respectively, indicating very strong and statistically significant (p < 0.001) 

correlations. When the Chlt values estimated through salinity-specific SPAD-Chlt 

regression models were plotted against those obtained from the overall regression 

model, they produced nearly overlapping lines, except for a small overestimation at 

the highest salinity level (Figure 3.). This implies that the effect of fertilizer on the 

prediction of Chlt per unit leaf area is the same at all levels of salinity stress, and that 

the more general regression model can describe most of the variability produced by 

any of the salinity-specific models. Similarly, Ct content estimated from an overall 

SPAD-Ct regression model reproduced the overlapping lines when plotted against 

those estimated from salinity-specific regression models with an RMSE of 0.53 

μg·cm−2. However, at higher salinity levels, the overall SPAD-Ct model is seen to 

slightly overestimate values at the lower range while slightly underestimating values 

at the higher range (Figure 3.). 
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3.4. Discussion 

Chlorophylls and carotenoids are key components of the photosynthetic machinery, 

and their role in harvesting light energy, stabilization of membranes, and energy 

transduction has been studied extensively (Ciganda et al., 2008; García-Valenzuela et 

al., 2005; Jiang et al., 2017; Li et al., 2009; Porcar-Castell et al., 2014; Zhang et al., 

2003b). SPAD measurements are widely used to assess the absolute chlorophyll 

content per leaf area in research settings and agricultural systems. In both instances, 

the effects of various abiotic factors on the estimation of these important plant traits 

require more detailed investigation. Importantly, the link between SPAD 

measurement and photosynthetic pigments other than chlorophyll remains largely 

unexplored. In this work, we investigated the influence of salinity and nutrient stress 

and their interaction on Chlt and Ct content on a per leaf and plant basis, combined 

with SPAD-502 readings of wheat at flowering stage, and determined the nature of 

SPAD–pigment relationships across large gradients in salinity and fertilizer 

treatment. 

3.4.1. Effect of Stress on Pigment Content Per Unit Leaf Area 

We observed that plants under increasingly saline treatments exhibited more green 

leaves compared to non-saline conditions. However, the overall size and volume of 
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the green biomass was lower for the saline treatments. To partly offset the effects of 

stress, salinity usually results in thicker leaves with a higher number of cells per unit 

area, as well as decreased cell size in plant leaves (Jiang et al., 2017). The increased 

pigment per leaf area has previously been attributed to decreasing leaf growth in 

response to salinity stress (Garcı́a-Sánchez et al., 2002). Pandolfi et al. (2012) 

suggested that stress may trigger a set of physiological alterations enabling the plants 

to withstand severe salinity. As was observed in our results, salinity stress tended to 

enhance the Chlt and Ct content per leaf area (Figure 3.1), although the total pigment 

content per plant decreased as a result of smaller leaves. Previous studies have also 

shown that salinity stress increases Chlt per leaf area in salt-tolerant plants Higbie et 

al., 2010), and an increase in Chlt under salt stress could be used as a biochemical 

indicator of salt tolerance in plants (Jiang et al., 2017; Stefanov et al., 2016). Moderate 

salinity stress enhances the biosynthesis of Chlt and Ct content in order to preserve 

proper functioning of the photosynthesis system. In that regard, our results are in 

agreement with Jiang et al. (Jiang et al., 2017), who found that treatments with saline 

water significantly increased the leaf weight per area, along with Chlt and Ct content, 

albeit for leaves of tomato plants. Similarly, Khatkar and Kuhad (2000) correlated 

observed increases in Chlt per leaf area to incremental increases in salinities (i.e., 5, 

10, and 15 dS.m−1) in their study on wheat cultivars at the flowering stage. 
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Limited nutrient supply resulted in decreased pigment content per unit area, as well 

as in the total amount produced per plant. The response to salinity stress was 

somewhat different, with increased salinity tending to increase pigment content. A 

variable response of chlorophyll content to salt stress has been reported for a range 

of species, depending on their level of salt tolerance (Aspelmeier and Leuschner, 

2006; Stefanov et al., 2016; Stepien and Johnson, 2009; Turan et al., 2007). As a 

defense mechanism in response to salinity stress, leaf thickness and mass per unit 

area increase, and thus specific leaf area (SLA) can decrease. Visual observations of 

the plants during the experiment showed a pattern of deeper green color combined 

with thicker and narrower leaves. However, the total leaf mass and pigment amount 

produced per plant decreased with increasing salinity stress. Stress has varying 

effects on SLA. In typical cases (Aspelmeier and Leuschner, 2006; Marenco et al., 

2009; Stefanov et al., 2016), SLA has shown decreased values under drought/salinity 

stress as an adaptation to the prevailing stress. A logical explanation is that the lower 

surface area per leaf mass would result in less transpiration and conservation of 

water. Marron et al. (2003) reported that a low SLA enhances the conservation of 

acquired resources, due to their higher dry matter content, thicker cell walls, and 

elevated concentration of secondary metabolites for prolonged survival of leaves.  

  



128 

 

 

 

3.4.2. Total Amount of Pigments Produced Per Plant 

The interaction effect of salinity and fertilizer on the pigment content per leaf area 

was found to be significant, with a dependence of the salinity effect on the level of 

fertilizer application (Figure 3. and Figure 3.). Compared to the control (i.e., non-

saline conditions with no fertilizer applied), the largest increase in Chlt per leaf area 

was reported in leaves exposed to the highest salinity stress in combination with a 

double dose of fertilizer. This suggests that fertilizer can be utilized more effectively 

at higher levels of salinity. High concentrations of salts in the root zone cause 

imbalances in nutrient supply to the plant (Garcı́a-Sánchez et al., 2002; Pessarakli and 

Tucker et al., 1988; Syvertsen et al., 2001) by competitive interaction of the salts with 

nutrient ions or by membrane selectivity for the ions (Grattan and Grieve, 1998). 

Moreover, plants under salinity stress produce more stress proteins, prolines, and 

compatible osmolytes (Parida and Das, 2005; Silveira et al., 2012; Zhu, 2001). Thus, 

being an integral component of the structures and functions, an optimum supply of 

essential plant nutrients is required for biochemical reactions and synthesis of the 

biomolecules in stressful environments. These factors may provide an explanation for 

the observed response of pigment content to fertilizer at higher salinity levels.   
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3.4.3. Effect of Stress on SPAD–Pigment Relationships 

To date, relatively few studies have assessed the effect of abiotic stress factors on 

SPAD–pigment relationships. A strong and highly significant correlation was 

established between SPAD-502 readings and Chlt (R2 = 0.93) by fitting a second-order 

polynomial to the data (Figure 3.A). Previous studies have shown that the 

relationship is plant-specific to some extent (Gaborcik, 2003; Gitelson et al., 2014; 

Gitelson et al., 2003a; Uddling et al., 2007), and depending on the data, a variety of 

fitting models have been used to describe the relationship. Campbell al., (1991) found 

that linear models of SPAD–chlorophyll relationships differed between experiments 

and environmental conditions. Houborg et al. (2009) fit an exponential model to the 

relationship between SPAD readings and dimethylsulfoxide (DMSO) extractable Chlt 

per leaf area. Our study found a linear relationship between SPAD-502 and Ct content 

per leaf area when data was pooled from various treatments (Figure 3.4B). Similar 

relationships have been demonstrated with variable strengths of the coefficients 

(Gitelson et al., 2002; Sarijeva et al., 2007; Wellburn, 1994). It is clear from Figure 

3.4B that indirect quantification of the Ct content is possible from SPAD-502 readings 

over the whole range of measurement. This finding differs somewhat from results 

reported in Netto et al. (Netto et al., 2005) in their study on coffee plants, which found 

a weak polynomial relationship below SPAD readings of 25. To better understand the 
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utility of a generalized relationship, we further investigated the impact of salinity 

stress on the nature of the fitted models (see Figure 3.). High Pearson correlations 

indicated strong and statistically significant (p < 0.001) correlations at all levels of 

salinity. The correlation coefficients were not significantly different under various 

levels of salinity, and the overall regression model only slightly overestimated Chlt at 

the highest salinity compared to the salinity-specific regression models. Likewise, Ct 

content estimated from the overall regression model only differed slightly from those 

estimated from salinity-specific regression models, with the largest deviations 

occurring during the high salinity treatment. As a result, for the particular wheat 

variety examined here, distinctive models developed at specific plant stress levels are 

not required to optimize predictability across different levels of salinity. 

While the salinity-induced variations in the prediction models were found to be 

statistically non-significant, the small differences that were observed may be 

attributed to alterations in the internal structure of the leaf caused by saline 

conditions in the root zone. For instance, at a certain value of Chlt, the corresponding 

SPAD value may differ due to internal leaf structural changes caused by salinity. 

SPAD-502 recordings are based on measurements of leaf transmittance at 650 nm 

and 940 nm (Uddling et al., 2007). Leaf spectral properties are governed by two 

distinct features of plant leaves. One is the biochemical composition of the leaf tissues, 

which include the plant photosynthetic pigments, biomolecules, and osmolytes. The 
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other is the morphology and internal architecture of the leaf. The spectral response 

in the near-infrared region is affected by internal leaf structure (Liu et al., 2014). 

Thus, even if the pigment content remains unchanged, alteration in micromorphology 

due to salinity stress may translate into variation in the spectral properties. 

Therefore, it is possible to have the same extractable chlorophyll content for two 

leaves showing quite different SPAD measurement values under changing and 

stressed environmental conditions. Studies have shown that due to high salt 

concentrations in the root zone, plant leaf micro-morphological and ultra-structural 

features are strongly altered in both halophytes and glycophytes (Andrea and Tani, 

2009; Poljakoff-Mayber et al., 1981). A variable instrumental response to chlorophyll 

content has also been reported by Kalaji et al. (2017) under nutrient-deficient 

conditions. The ultra-structural alterations may be caused by specific ion toxicity and 

osmotic imbalance (Evelin et al., 2013). The swelling of thylakoids in chloroplast may 

be induced by an osmotic imbalance between stroma and cytoplasm (Poljakoff-

Mayber et al., 1981; Rahman et al., 2000), which can result in photochemical 

oxidation. Vacuolation is another adaptive response to accumulate excess Na (Baker 

et al., 1991). These leaf anatomical modifications may alter the spectral response and 

SPAD readings accordingly. However, in this specific study, the changes found in the 

regression coefficients of the fitted models did not vary significantly. 
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3.5. Conclusions 

Wheat plants under salinity stress showed a significant increase in the chlorophyll 

and Ct content per leaf area, whereas salinity stress significantly reduced leaf dry 

matter and total content of the produced pigments when accounting for pragmatic 

changes in leaf area. Although fertilizer applications enhanced the photosynthetic 

pigment content per leaf area, their interaction with salinity stress was found to be 

significant and varied with the level of salinity present in the root zone. Unlike the 

pigment content per unit area, the total amount of pigment content per plant was 

significantly reduced by the imposed salinity stress. In terms of monitoring the Chlt 

and Ct content of the plant in a passive and non-destructive manner, a strong positive 

and statistically significant correlation was found with SPAD-502 readings, based on 

a large experimental data set. The analyses indicated that the strength of the 

correlations remained largely unaffected by salinity stress and that the relatively 

small variations in model coefficients were the result of biochemical and structural 

alterations in leaves modified by the salinity stress. The results confirm that SPAD-

based retrieval of photosynthetic pigments can be undertaken with some degree of 

confidence without considering specific conditions induced by prevailing stress in 

wheat plants. 
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Appendix 3.1. 

 

Figure 3.. Relationships between leaf SPAD-502 readings and the total chlorophyll (Chlt) 

contents in wheat grown at various levels of salinity and fertilizer application. Second order 

polynomial curve was fitted to the data (n= 30 in each case). . Each curve represents data 

obtained from a combination of salinity (S) and fertilizer (F) treatment. S1, S2 and S3 denote 

no-salinity, 7.0 dS.m-1 and 14 dS.m-155 salinity level, respectively. F1, F2 and F3 shows no-

fertilizer, full dose and double dose of the recommendation for wheat crop. 
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Appendix 3.2. 
 

 
 

Figure 3.. Plot of values obtained from generalized and salinity specific regression models showing the 

relationship between (A) total chlorophyll (Chlt) content predicted and (B) carotenoids (Ct) content. 

Markers with different colors show values predicted using regression model developed for different 

salinity levels. 
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Leaf photosynthesis traits and water relation physiological 
characteristics across distinct developmental stages of wheat 
(Triticum aestivum L.) grown under salinity and nutrient stress 

Abstract 

Among some of the major constraints to plant production in semi-arid and arid 

regions are low soil fertility and the limited availability of fresh water for agriculture. 

Continued use of marginal quality water deteriorates soil quality and results in 

secondary soil salinization, and ultimately poor plant health and low productivity. 

Plant water use and photosynthesis are among the main processes impacted by these 

stresses, due to direct limitations on stomatal and mesophyll conductance and 

indirect biochemical alterations. In this study, variations in photosynthetic 

physiology and water relations in wheat at various growth stages (tillering, booting, 

anthesis, and maturity) in response to differing levels of salinity and fertility are 

investigated. A greenhouse pot experiment was conducted in a randomized complete 

block design with three replications. Soil was salinized at three levels by saturation 

with water at electrical conductivities of 0, 7 and 14.0 dS.m-1. Three NPK fertilizer 

treatments at the rate of null, full and double the recommended dose for wheat were 

also employed in the experiment. The net CO2 assimilation rate (An), the maximum 

rates of RuBP carboxylation (Vcmax), and the maximum rate of photosynthetic electron 
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transport based on NADPH requirement (Jmax), were obtained through standard gas 

exchange technique using a LI-6400XT photosynthesis system across four distinct 

growth stages. The CO2 response curves of net CO2 assimilation against variable CO2 

concentrations in the intracellular spaces (Ci) at given conditions were determined 

and a Sharkey model fit to the data. Variations in An, Vcmax, Jmax, triose phosphate 

utilization (TPU), dark respiration (Rd), mesophyll conductance (gm), stomatal 

conductance (gs), transpiration rate (Tr) and water use efficiency (WUEi) in response 

to growth stage and salinity and nutrient stress are examined and interpreted.  
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4.1.  Introduction 

Photosynthesis is a fundamental physiological process behind plant survival and 

species adaptation to a changing environment, and has contributed to the present 

structures and diversity of vegetation. The key driver of the global carbon cycle is 

photosynthesis (Longstreth and Nobel, 1979; Reddy et al., 2004) and it is considered 

one of the crucial elements in combatting climate change through its function as a 

major carbon sink (Beer et al., 2010). Moreover, the close relationship between 

photosynthetic activity and leaf transpiration signify the importance of 

photosynthesis in regulating the water use efficiency of plants, and provides insight 

into strategies for monitoring water security and sustainable water use in crop 

production (Medrano et al., 2015). 

4.1.1. Photosynthesis under abiotic stress 

Abiotic plant stresses caused by drought, temperature, nutrient deficiency and soil 

salinity all adversely affect the photosynthesis process in higher plants (Chaves et al., 

2009; Flexas et al., 2004). The photosynthetic machinery consists of various 

mechanisms including gas exchange systems, photosynthetic pigments, 

photosystems, electron transport system, carbon reduction pathways, and enzymes 

system (Ashraf and Harris, 2013).  Damage to any of the components due to prevailing 



138 

 

 

 

stressors can severely affect the net photosynthetic capacity of the plant. However, 

the nature and impact of these abiotic stresses has been a matter of uncertainty and 

some controversy among plant physiologist for many years and reported results have 

shown considerable variations, pertaining to the plant species, experimental 

conditions and procedures used in the studies. 

Salinity affects plant physiological processes in several ways. The immediate and 

direct effect is the imbalance of osmotic potential in the soil-plant system preventing 

water uptake by roots (Chen et al., 2009; Wang et al., 2015b). This is termed as 

physiological drought, where a sufficient amount of water is present in the soil, but 

plants are unable to utilize it (Sienkiewicz-Cholewa et al., 2018). The nature of this 

effect is similar to drought stress (Munns and Tester, 2008; Tester and Bacic, 2005). 

Other effects of the stress are ion homeostasis, repressed metabolism, membrane 

rupture and energy expense on defense mechanisms (Munns and Tester, 2008; Tester 

and Davenport, 2003). The consequences of salinity on photosynthesis are highly 

complex and are attributed directly to the stomatal closure and mesophyll limitations 

for diffusion of gases, which ultimately alters the net photosynthesis process (Chaves 

et al. 2009; Poor et al., 2011). The metabolic impairment of photosynthesis becomes 

prominent in prolonged duration and severity of the stress (Hu and Schmidhalter, 

2005; Tang et al. 2015). The apparent indicator effect is on the plant photosynthetic 

pigments, but this response varies considerably with different plant species (Ashraf 
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and Harris, 2013). Generally, salt stress reduces the chlorophyll content, however, 

increased chlorophyll contents have been reported in salt tolerant plants and more 

chlorophyll accumulation is considered a potential indicator of salinity tolerance 

(Khan et al., 2011; Akram and Ashraf, 2011). 

4.1.2. Photosynthesis response to soil nutrients 

Soils are generally deficient in nutrients essential for optimum plant growth. 

Nutrients supplied by application of fertilizer to plants form the structural 

components and functional constituents of many physiological processes. An 

optimum nutrient supply is considered essential for biosynthesis of plant pigments, 

photosynthetic apparatus, enzymes, and biomolecules required in photosynthesis 

(Cai et al., 2008). However, investigations have shown a variable response of 

photosynthesis to applied nutrients. Evans (1989) reported that leaf nitrogen levels 

did not affect the net photosynthetic electron transport but increased the net CO2 

assimilation per leaf area by increasing nitrogen partitioning into chlorophyll and 

thylakoid membrane. A favorable response of net CO2 assimilation to increasing dose 

of nitrogen applied has also been observed (Cai et al., 2008; Zhang et al., 2003a). Other 

studies have reported that excess nitrogen decreased the net photosynthesis per unit 

leaf area but increased total plant photosynthetic productivity by increasing the leaf 

area index (Olesinski et al., 1989; Pearman et al., 1979). In this study we found that 
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net CO2 assimilation rate remained unaffected by increasing fertilizer dose in early 

growth stage of tillering but this increased significantly in the later booting and 

anthesis stages due to fact that at zero fertilizer in vigorous growth stages, soil 

available pool of nutrients might not be enough to support the nutrient requirement 

of fast growing plants. As shown in Section 3.3.1.1, fertilizer applications enhanced 

the photosynthetic pigment content per leaf area and their interaction with salinity 

stress was found to be significant and varied with the level of salinity present in the 

root zone. Unlike the pigment content per unit area, the total amount of pigment 

content per plant was significantly reduced by the imposed stress. Given these 

complexities, a deeper understanding of the impacts of fertilizer application on 

photosynthetic capacity, and particularly its joint response to salinity stresses, is a 

research area of fundamental importance. 

4.1.3. Plant growth stages and photosynthesis 

The growth stages of a plant’s life cycle are characterized by a number of 

morphological features and related functional processes responsible for resource 

allocation and response to the growing conditions (Kalaji and Nalborczyk, 1991; Xia 

et al., 2015; Xia et al., 2017). Stress induced alterations in physiological and 

biochemical processes are different at different growth stages (Ashraf and Ashraf, 

2016; Nawaz et al., 2010). Consequently, the photosynthetic machinery of the plant 
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at different growth stages is likely to operate differently in response to external stress 

conditions (Sanchez et al., 1983). Therefore, it is imperative to identify the growth 

stages that are most susceptible (or tolerant) to the prevailing stress to enable better 

management and response decisions. Such information would also be useful in wheat 

breeding programs (Ashraf and Ashraf, 2016; Khatkar and Kuhad, 2000; Maas and 

Poss, 1989; Saqib et al., 2013). 

4.1.4. Determining photosynthesis using gas exchange measurment  

Historically, photosynthesis rate used to be measured through net accumulation rate 

of dry matter (Hudson et al., 2005). As far back as the early 20th century, scientists 

started using direct measurements of photosynthesis through pressure 

measurements of CO2 (manometric method) in a chamber enclosed with the 

photosynthetic organism (Emerson and Green, 1934; Hunt, 2003; Warburg, 1919). 

The work of Warburg (1923) represents a breakthrough in the direct measurement 

of photosynthetic activity and provides critical insight into the basic processes of 

photosynthesis. Isotopic compositions of 14CO2 were used to estimate photosynthetic 

rate from relative abundance of the 14C taken up by photosynthetic organisms (Park 

and Epstein, 1960). Electrochemical sensors have also been used by researcher to 

measure photosynthetic rate either by capturing CO2 and measuring pH in aqueous 

solution, or by O2 electrode measuring O2 concentration in the gaseous form 
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(Takahashi et al., 2001; Talling, 1973). Novel methods of photosynthesis 

measurement involve uptake of CO2, production of O2 and accumulating biomass 

(Sestak et al., 2009).  

However, it is the measurement through gas exchange analysis that has been the most 

common technique employed by biologists and environmentalists in recent years 

(Khoshbakht et al., 2015, Xia et al., 2015, Urban et al., 2017). This approach provides 

a direct and non-destructive measure of photosynthesis at the level of the individual 

leaf, whole plant or canopy. In modern photosynthesis systems, CO2 gas exchanged 

by a unit leaf area enclosed in a chamber is measured by the change in CO2 

concentration flowing across the chamber using infra-red gas analyzers (IRGAs). The 

system employed in this analysis is the LI-6400XT (LI-COR Biosciences, Inc., Lincoln, 

NE, USA) photosynthesis system, which provides the capacity for complete control of 

environmental variables involved in the photosynthesis process.  The ease and 

precision of gas exchange measurements using these off-the-shelf portable systems 

provide real-time data pairs of the net CO2 assimilation rate (An) and intercellular CO2 

concentration (Ci). The response of CO2 uptake to Ci taken across a range of ambient 

air CO2 concentrations, gives an A/Ci curve that can be used as interpretation of the 

underlying biochemical processes of photosynthesis (Long and Bernacchi 2003). The 

model of Farquhar et al. (1980) and variants thereof (e.g., Sharkey et al., 2007) can be 

used to partition the biochemical and diffusional limitations on photosynthesis.    
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4.1.5. Objectives 

To our knowledge, only a few previous studies have considered how salinity stress 

combined with different nutrient levels affects photosynthetic capacity in wheat 

crops and how photosynthetic physiology is altered at different growth stages by 

prevailing salinity and nutrient stresses. In Section 3.3.1 we demonstrated that 

moderate salinity and optimum nutrient supply increased the photosynthetic 

pigment content in wheat leaves (Shah et al., 2017).  In this study, we investigate 

whether the salinity and nutrient stresses alter the functionality of the photosynthetic 

apparatus in wheat in terms of measurable biophysical traits. Likewise, can the 

stomatal limitations on intrinsic photosynthesis capacity (due to salinity stress) be 

offset by an optimum nutrient supply? Overall, the aim is to investigate if significant 

variations occur in these processes across the various growth stages of plant 

development (i.e. tillering, booting, anthesis and maturity). To answer these question, 

the leaf gas exchange and water relation parameters at different growth stages of 

wheat exposed to salinity stress and different nutrient levels were evaluated in a 

controlled greenhouse environment. 

To date, enhancements in crop yield and production have largely come from breeding 

for disease resistance or stress tolerance, along with the modernization of crop 

management strategies (Tester and Langridge, 2010). Future improvements in the 
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photosynthetic efficiency of cereal crops by more efficient use of the “unlimited” 

supply of sunlight and CO2 from the atmosphere (Gready et al., 2009) has been 

recognized as the next major challenge to meet global food security concerns (Curtis 

and Halford, 2014). Net leaf photosynthesis and stomatal diffusion (i.e. gs) have been 

found to have a good correlation with wheat yields (Fischer et al., 1998) and are 

therefore traits with potential application in plant breeding and genotype selection. 

Indeed, Munns and James (2003) suggested plant genotype screening based on gs as 

an effective method for selection of plants that would grow best under saline 

conditions. As such, this research work could have implications towards optimizing 

plant breeding programs.  
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4.2. Materials and Methods 

4.2.1. Plant Growth Pot Experiment 

A pot experiment was conducted in an automated day–night temperature-controlled 

greenhouse. Environmental variables were controlled centrally, but monitored in 

close proximity to the experimental set-up by installing an environmental monitoring 

system comprised of: (1) a data-logger connected with a Vaisala HMP155 for 

measuring ambient air temperature and relative humidity within the greenhouse; 

and (2) five Thermachron iButtons (DS1921H type; Maxim/Dallas Semiconductor 

Corp., USA) attached to the pots of the growing plants. Throughout the experiments, 

the temperature in the greenhouses was set to 25 °C during the day and 20 °C at night. 

The growing medium was a mixture of mineral soil collected from a nearby field and 

commercial organic soil. Comprehensive details of the experimental procedures are 

provided in Sections 2.3 and 2.4, so are not repeated here.  

  



146 

 

 

 

4.2.1.1. Plant Material and Experimental Setup 

Wheat (Triticum aestivum L., Australian Grain Technologies MACE variety) was used 

as the experimental plant material. MACE is a spring variety of wheat with moderate 

height and tillering. It is a high yielding variety with good adaption capacity. In 

addition, the variety is disease resistant and produces good quality grains. Mace is 

cultivated over large areas of Western Australia, and covered more that 40% of the 

cultivated area during the 2012 growing season (Shackley et al., 2012). 

A total of 27 experimental units, consisting of nine treatments with three replicates 

each, were employed in the experiment using a randomized complete block design 

(RCBD). Blocks were assigned different soil salinity treatments, and the fertilizer 

treatments were randomized within each block of salinity. Non-saline irrigation 

water was applied once a week during the early growth stages and then twice weekly 

after booting stage, as water loss was greater during this stage of vegetation growth. 

The soil was salinized by saturating selected pots with specified salinities of irrigation 

water (S1 = 0.3, S2 = 7.0, and S3 = 14 dS.m−1).  A more detailed explanation of the 

experimental design and treatment combination is provided in Sections 2.3 and 2.4.   
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4.2.2. Leaf Gas Exchange and Fluorescence Measurements 

Leaf gas exchange and leaf fluorescence measurements were taken simultaneously 

using a portable LI-6400XT system (LI-COR Biosciences, Inc., Lincoln, NE, USA) 

equipped with a LI-6400-40 Leaf Fluorescence Chamber. Measurements were taken 

at 4 distinct growth stages of plant development (tillering, booting, anthesis and 

maturity). Details of this approach, together with the necessary curve fitting 

procedure and modeling, are provided in Sections 2.4.1 and 2.4.2. 

4.2.3. Biochemical Parameters Limiting Photosynthesis 

To determine biochemical processes limiting photosynthesis, the data pairs of 

intracellular CO2 concentration (Ci) and net assimilation rate (An) were plotted and A-

Ci curves were constructed (Farquhar et al., 1980; Wullschleger, 1993). These curves 

provide estimates of a number of underlying biochemical parameters of leaf 

photosynthesis, such as triose phosphate utilization (TPU), ribulose bisphosphate 

carboxylation capacity (Vcmax), electron transport rate (Jmax), carbon compensation 

point (Γ), and degree of stomatal limitation (Ls). A detailed procedure is provided in 

Section 2.4.2. 
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4.2.4. Water-relations traits limiting photosynthesis 

Using the LI-COR gas exchange system, we measured transpiration rate (Tr), stomatal 

conductance (gs) and Ci on each sampled leaf for all treatments, simultaneous with 

measurements of An. These measurements were used to calculate the instantaneous 

water use efficiency (WUEi), defined as the ratio of An to Tr (McDowell, 2002).  These 

plant traits are directly responsive to changes in carbon demand driven by 

biochemical processes as well as water supply from the soil (Ehleringer and Cerling, 

1995; Jaikumar et al., 2013). 

During photosynthesis CO2 enters the leaf through stomata, small pores on leaf 

surface (most densely located on the lower side of the leaf), to the sub-stomatal 

internal cavities. The opening of stomatal apertures is dependent on several 

environmental as well as biochemical factors. The limitations on the CO2 diffusion 

through stomata is measured in terms of gs, which is the inverse of the resistance 

experienced by CO2 flux. The CO2 travels through leaf mesophyll to the site of 

carboxylation inside the stroma of leaf chloroplast. A measure of the ease of CO2 

diffusion through leaf mesophyll is termed mesophyll conductance (gm). Contrary to 

the term ‘mesophyll conductance’, gm is more generally used to described the overall 

‘leaf internal diffusion conductance’, including diffusion though the leaf internal 

spaces, cells and cell walls and is determined by the initial slope of the A-Ci curve. 
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Under conditions of active photosynthesis, CO2 concentration in the chloroplast (Cc) 

is less than the concentration in the sub-stomatal cavities (Ci), which is less than the 

concentration in air (Ca). A schematic of the CO2 from air to carboxylation site is given 

in Figure 1..  Collectively, gs and gm are defined essentially as a diffusion components 

of the photosynthesis pathway, however some researchers termed the gm as a ‘mixed’ 

diffusion-biochemical component, as it depends on the biochemical parameters 

determining leaf photosynthesis (Flexas et al., 2004; Troughton and Slatyer, 1969).  

Although the An of leaf can be estimated as the product of gs and the concentration 

gradient of Ci and Ca, the actual rate of carboxylation greatly depends on the 

biochemical capacity of the photosynthetic system, defined by Vcmax and Jmax (Sun et 

al., 2014). Carboxylation refers to fixation of CO2 by Ribulose-1,5-Bisphosphate 

(RuBP) in the presence of the enzyme Ribulose-1,5-Bisphosphate Carboxylase-

Oxygenase (RuBisCO). The Jmax denotes the electron transport capability of the light 

reaction that controls the supply of biochemical energy (ATP and NADPH) for the 

carboxylation and regeneration of RuBP in the light independent reaction (i.e. the 

Calvin cycle). 

In addition to gs, the photosynthetic parameters associated with plant water relations 

are leaf Tr and leaf WUEi (also referred to as intrinsic water use efficiency). The Tr 

take place as water vapors are discharged through stomata together with O2 and the 
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CO2 is absorbed into the leaf. The Tr serves an essential role in water, mineral and 

nutrient transport and provides a cooling mechanism for the leaf (Lee et al., 2018). 

WUEi is a measure of the amount of carbon assimilated per unit of water transpired 

per leaf area (Farquhar & Richards, 1984) and is an important indicator for selection 

and engineering of plants for water saving agriculture. 

4.2.5. Statistical Analyses 

Details of the statistical procedure employed herein are provided in Section 2.8. 

Procedures used for this particular Chapter include analyses of variance (ANOVA) of 

the means of the different treatments, which were performed in MATLAB 

(MathWorks, Natick, MA, USA) using a two-way ANOVA analysis (ANOVA2). Tukey’s 

honestly significance difference (HSD) test (Tukey, 1977) was implemented to 

determine if the means were significantly different from each other using the R 

package 'plantecophys' developed by Duursama (2015) .  
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4.3. Results 

The aim of this research was to assess to what extent net photosynthetic capacity, as 

well as biochemical and water relation parameters of photosynthesis, may be affected 

by salinity and nutrient stresses and how these stresses interact with the 

photosynthetic parameters across distinct phenological stages of wheat. 

Results are presented according to the four plant growth stages of wheat (tillering, 

booting, anthesis and maturity) in Sections 4.3.1 to 4.3.8 followed by an analysis 

across the individual growth stages in Section 4.3.9. The photosynthetic parameters 

are divided in two groups under each growth stages. In the first group are those 

parameters obtained directly from leaf measurements as well as from internal 

calculations of the LI-COR gas exchange instrument. These include An, Tr, gs and WUEi. 

In the second group are the biochemical parameters of leaf photosynthesis as 

estimated using a C3 plant photosynthesis model (Sharkey et al., 2007). These include 

Vcmax, Rd, Jmax, and gm. Additional details about the variations in the water-relation and 

biochemical photosynthetic parameters due to salinity and fertilizer treatment are 

provided in Appendixes 4.1 and 4.2 at the end of the chapter.  

The water relation parameters (An, gs, Tr, WUEi) and biochemical parameters (Vcmax, 

Jmax, Rd, and gm) of the photosynthesis process responded differently to the different 
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combination of imposed salinity and application of fertilizer and their interactions. 

Statistical analysis determining whether the treatments reflect significant difference 

in variable values following two-way ANOVA measured across the four distinct plant 

growth stages are provided in Table 4. and Table 4.. An analysis of these results are 

presented in the proceeding sub-sections.  
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Table 4..  Statistical analysis showing F-ratios and P values after two-way analysis of 

variance (ANOVA) of leaf net CO2 assimilation rate and water relation parameters under soil 

salinity (zero, 7.0 and 14 dS.m-1) and fertilizer dose (zero, full and double) measured at 4 

distinct plant growth stages. 

 
Growth 

Stage 
Variation 
Source→ 

Salinity Fertilizer Interaction 

Variable F-value P F-value P F-value P 

T
il

le
ri

n
g

 

An 32.37*** 0.001 01.03 NS 0.377 5.15** 0.006 

gs 43.23*** 0.001 12.50*** 0.001 3.99* 0.017 

Tr 43.22*** 0.001 12.90*** 0.001 6.84** 0.002 

WUEi 25.82*** 0.001 62.55*** 0.001 1.49 NS 0.246 

B
o

o
ti

n
g 

An 22.74*** 0.001 4.43* 0.027 1.81 NS 0.172 

gs 36.82*** 0.001 18.10*** 0.001 3.23* 0.037 

Tr 21.15*** 0.001 9.47** 0.002 2.81 NS 0.057 

WUEi 65.97*** 0.001 10.17*** 0.001 7.54*** 0.001 

A
n

th
es

is
 

An 1.66 NS 0.218 16.27*** 0.001 1.94 NS 0.148 

gs 27.05*** 0.001 3.64* 0.047 0.83 NS 0.525 

Tr 40.91*** 0.001 39.52*** 0.001 12.19*** 0.001 

WUEi 84.79*** 0.001 45.16*** 0.001 16.388*** 0.001 

M
at

u
ri

ty
 An 0.63NS 0.546 1.91 NS 0.176 1.03 NS 0.420 

gs 15.34*** 0.001 2.33 NS 0.126 0.73 NS 0.582 

Tr 13.51*** 0.001 2.87 NS 0.083 0.48 NS 0.747 

WUEi 12.24*** 0.001 12.85*** 0.001 0.47 NS 0.759 

An, net CO2 assimilation rate; gs, stomatal conductance; Tr, transpiration rate; WUEi, intrinsic 
water use efficiency. F-critical (alpha=0.05) for fertilizer and salinity is 3.56 and for 
interaction effect is 2.92. The effect is significant if the Fcal>Fcric at 0.05 level of confidence. 
Statistical significance values in superscript: *<0.05 probability level, **<0.01, ***<0.001 and 
NS is shows non-significant difference among the means.   
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Table 4..  Statistical analysis showing F-ratios and P values after two-way analysis of 

variance (ANOVA) of biochemical photosynthetic parameters under soil salinity (zero, 7.0 

and 14 dS.m-1) and fertilizer dose (zero, full and double dose). 

Growth 
Stage 

Variation 
Source→ 

Salinity Fertilizer Interaction 

Variable F-value P-
value 

F-value P-
value 

F-
value 

P-
value 

T
il

le
ri

n
g

 

Vcmax 52.06*** 0.001 5.04* 0.018 0.67 NS 0.623 

Jmax 46.22*** 0.001 24.44*** 0.001 2.50 NS 0.079 

Rd 51.93*** 0.001 21.68*** 0.001 6.83 ** 0.002 

gm 37.19*** 0.001 9.10** 0.002 1.01 NS 0.427 

B
o

o
ti

n
g 

Vcmax 7.68*** 0.001 7.56** 0.004 0.07 NS 0.990 

Jmax 2.02*** 0.001 3.81* 0.042 0.04 NS 0.997 

Rd 30.94*** 0.001 41.85*** 0.001 0.77 NS 0.560 

gm 18.63*** 0.001 5.92** 0.011 0.43 NS 0.787 

A
n

th
es

is
 Vcmax 12.19*** 0.001 10.50*** 0.001 0.20 NS 0.937 

Jmax 37.61*** 0.001 7.02** 0.006 0.47 NS 0.759 

Rd 30.23*** 0.001 6.28** 0.009 0.94 NS 0.464 

gm 38.03*** 0.001 7.84** 0.004 0.96 NS 0.455 

M
at

u
ri

ty
 Vcmax 8.32*** 0.001 19.81*** 0.001 0.27NS 0.891 

Jmax 9.91*** 0.001 8.35** 0.003 0.47 NS 0.759 

Rd 43.84*** 0.001 4.79** 0.021 1.84 NS 0.165 

gm 60.32*** 0.001 8.66** 0.002 1.39 NS 0.278 

Vcmax, maximum Rubisco carboxylation rate; Jmax, maximum electron transport rate; Rd, dark 

respiration rate; gm, mesophyll conductance.  F-critical (alpha=0.05) for fertilizer and salinity 
is 3.56 and for interaction effect is 2.92. The effect is significant if the Fcal>Fcric at 0.05 level 
of confidence. Statistical significance values in superscript: *<0.05 probability level, **<0.01, 
***<0.001 and NS is shows non-significant difference among the means. 
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4.3.1. Tillering stage: Leaf gas exchange parameters as affected by 

salinity and nutrient stress 

The tillering stage starts with the initial lateral branching of the grass species stem 

and is considered the first active plant growth stage in which plants start competition 

for photosynthetically active radiation. At this point of plant growth, we collected our 

first photosynthesis data set using the LI-COR instrument. As the initial effects of 

salinity on plants are similar to drought stress, diffusional limitations due to stomatal 

restrictions are expected to play a major role in transporting CO2 into the intracellular 

spaces and then to the reactions sites. Therefore, at a certain ambient CO2 

concentration, different salinity levels may result in variable Ci concentrations.  

However, these variations in Ci may not necessarily be reflected in the actual net CO2 

assimilation, due to complex solute chemistry across membranes under saline 

conditions.  

A-Ci curves for the tillering stage are provided in Figure 4.. Overall, An increases with 

increasing Ci until it reaches a certain value around 1000 ppm, after which the curve 

plateaus. The A-Ci curves are arranged by increasing magnitude of soil salinity, from 

top to bottom. Curves corresponding to fertilizer doses are arranged in ascending 

order from left to right. Increasing soil salinity (moving downward in Figure 4.) 

results in curves showing lower values at the higher end of Ci values under all 
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fertilizer doses. However, the initial slope of the curves (from approximately Ci 50 to 

500ppm) is quite consistent across the various treatment levels. Increasing fertilizer 

doses (left-right in Figure 4.) does not significantly affect the shape of the curves. 

Overall, our results from the gas exchange data collected at the tillering stage, show 

that varying soil salinity and nutrient levels results in only slight differences in the 

shape of the A-Ci curves among different treatments. 
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Figure 4.. Net CO2 assimilation (A) as a function of intra-cellular CO2 concentration (Ci) 

reflected as A-Ci curves from leaf data of wheat grown at various levels of salinity and 

fertilizer application.  Plots show treatment combination of salinity (S) and fertilizer (F) at 

the tillering stage. S1, S2 and S3 denote zero salinity, 7.0 dS.m-1 and 14 dS.m-1 salinity level, 

respectively. F1, F2 and F3 refers to no-fertilizer, full dose and double dose of the 

recommendation for wheat crop. R1, R2, and R3 represent the three replicates at each 

treatment. Curves are arranged in ascending order of fertilizer dose from left-right and 

ascending order of salinity levels from top-bottom of the Figure. Each curve represents data 

obtained from a fully expanded youngest leaf. 
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While salinity and fertilizer stress do not significantly affect the A-Ci curves, the leaf 

net CO2 assimilation and water relation parameters were significantly affected by the 

treatments employed in the experiment, as can be seen in Figure 4.2, which shows 

the influence of soil salinity and fertilizer dose on leaf An, gs, Tr and WUEi. An decreases 

significantly with an increasing level of soil salinity under all fertilizer doses. The 

differences in An due to salinity are particularly prominent at zero and full doses of 

fertilizer, while a double fertilizer dose shows little effect of salinity on An. Further, 

the effect of fertilizer on An is seen to vary under different salinity conditions. Higher 

doses of fertilizer decrease An values under both zero and 7.0 dS.m-1 salinity, while a 

double dose of fertilizer significantly increased An for the 14 dS.m-1 salinity dose 

(Figure 4.A). The values of An ranged from 15.65 to 36.44 µmol CO2 m-2s-1, with the 

maximum values being associated with zero salinity treatment level and zero 

fertilizer dose (see full range of An values in Appendix 4.1). Conversely, the minimum 

was recorded under the highest salinity level and full fertilizer dose. Not surprisingly, 

leaf transpiration (Tr) responded in a similar way to An. Increasing soil salinity levels 

reduced the leaf transpiration under zero and double fertilizer dose, although the 

effect was non-significant at the double fertilizer dose. Zero and full doses of fertilizer 

resulted in the same effect, but the differences between both levels were non-

significant under all salinity levels (Table 4.). However, the double fertilizer dose did 

result in significantly different Tr values, with the values ranging from 2.59 to 8.60  
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mmol H2O m-2s-1, with highest values found in the zero salinity and zero fertilizer dose 

combination. The lowest values were produced under a salinity treatment of  

14.0 dS.m-1 in combination with a full fertilizer dose. Significant variations in stomatal 

conductance were found under different treatments of salinity and fertilizer dose 

(Figure 4.C), with values ranging from 0.15 to 0.76 mol H2O m-2s-1Pa-1. Salinity stress 

substantially reduced gs, particularly for the zero and full fertilizer dose, and the 

reductions were statistically significant at all fertilizer levels (Table 4.). Fertilizer 

application at both full and double doses decreased gs significantly under both zero 

and 7.0 dS.m-1 salinity. However, at the 14 dS.m-1 of salinity, the fertilizer effect was 

largely indistinguishable. WUEi shows a clear increasing trend with both increasing 

level of salinity and fertilizer dose (Figure 4.D). Differences due to fertilizer effect 

were significant at all salinity levels. The values of WUEi ranged from 3.57 to 7.24 

µmol CO2/mmol H2O, with highest values at 14.0 dS.m-1 and double fertilizer dose and 

lowest values at zero salinity and zero fertilizer. 
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Figure 4.. Effect of soil salinity and fertilizer application on leaf photosynthetic and water 

relation parameters measured at the tillering stage including, (A) net carbon assimilation 

rates, An; (B) transpiration rate, Tr; (C) stomatal conductance, gs; and intrinsic water use 

efficiency, WUEi. Different color bars show the salinity levels grouped by levels of fertilizer 

dose along the x-axis. Bars show the mean value (n=3) and the whiskers represent ± standard 

deviation. 

  



161 

 

 

 

4.3.2. Tillering stage: Response of biochemical photosynthetic 

parameters to salinity and nutrient stress 

The biochemical parameters of photosynthesis are calculated from the A/Ci curve 

using a mathematical modelling approach. A typical A/Ci curve (Figure 4.) describes 

three phases of development. The large and rapid increase in A with increasing Ci 

from the minimum is determined by the Rubisco activity and is governed by the 

maximum carboxylation rate of Rubisco (Vcmax). At this stage, the CO2 entering into 

the leaf is fixed by the RuBP catalyzed by the RuBisCO enzyme in the Calvin cycle. 

With enough supply (regeneration) of RuBP and optimum activity of the enzyme 

system, the limiting factor would be the CO2 concentration. With further increase in 

Ci, the unit increase in A per unit Ci lowers and approaches to zero, where the RuBP-

regeneration is the limiting factor determined by the maximum rate of electron 

transport used in the regeneration of RuBP (Jmax). Any further increase in Ci results in 

another transition to a plateau or a decrease in A with a unit increase in Ci, determined 

by the limiting triose-phosphate utilization (TPU). These biochemical kinetic 

variables were mathematically predicted by using the curve fitting technique of 

Sharkey et al. (2007), which derives from the model of Farquhar et al. (1980), but 

modified to account for TPU-limitation (von Caemmerer, 2000). The variations in 
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these variables in response to salinity and fertilizer stress are explained in the 

following sections in details. 

 

Figure 4.. Typical A/Ci response curve based on one of the data sets obtained during the 

experiment. The net photosynthesis rates depends on whether the assimilation is limiting by 

Rubisco activity, RuBP regeneration or TPU, as shown. The actual photosynthesis rate (blue 

dots) at any given Ci is the minimum of these three potential limitations. Parameters used 

here are: Vcmax = 90 µmol m-2s-1, Jmax = 145 µmol m-2s-1, TPU=9.4 µmol m-2s-1, Rd = 2.3 µmol m-

2s-1. 

The biochemical photosynthetic parameters (Vcmax, Rd, Jmax and gm) estimated using 

the Sharkey (2007) model show a variable response to salinity level and dose of 
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fertilizer application (Figure 4.). An increasing level of salinity stress significantly 

decreased Vcmax at all levels of fertilizer application, and the magnitude of the Vcmax 

reduction was largely independent of fertilizer dose (Figure 4.A). Values of Vcmax 

ranged from 84.68 to 157.12 µmol CO2 m-2s-1, with the highest values associated with 

zero fertilizer in combination with zero salinity. Conversely, the smallest values were 

associated with the 14 dS.m-1 salinity level in combination with a full dose of fertilizer. 

Unlike the other biochemical parameters, the dark respiration rate (Rd) increased 

significantly with increasing salinity level at all fertilizer doses (Figure 4.B). On the 

other hand, increasing the fertilizer dose significantly reduced the Rd at all levels 

except at zero salinity (Figure 4.B). Values of Rd ranged from 0.09 to 6.61 µmol m-2 s-

1, with the highest values found at 14 dS.m-1 salinity together with a zero dose of 

fertilizer and the lowest values found at zero salinity in combination with a double 

fertilizer dose. The values remained unchanged in response to fertilizer dose at zero 

salinity. The Jmax decreased significantly with increasing level of salinity at all fertilizer 

doses. The effect of increasing the fertilizer dose was mostly similar to increasing the 

salinity level, except when increasing the fertilizer from full to double dose for the 14 

dS.m-1 salinity level as that did not significantly decrease Jmax (Figure 4.C). The Jmax 

values ranged from 108.86 to 259.41 µmol m-2 s-1, with the highest values found at 

zero salinity combined with a zero dose of fertilizer and the lowest values found at 

the 14 dS.m-1 salinity level in combination with the full fertilizer dose. The response 
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of gm to the treatments was slightly different from the rest of the biochemical 

parameters. Increasing salinity levels significantly reduced the values at all levels of 

fertilizer. Full and double dose of fertilizer significantly increased the gm relative to 

the zero fertilizer dose at all levels of salinity except the highest salinity. However, the 

difference in gm values under full and double dose of fertilizer was non-significant at 

all level of fertilizer (Table 4.). The values of gm ranged from 17.74 to 28.22 µmol CO2 

m-2s-1Pa-1.  
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Figure 4.. The response of leaf photosynthetic traits to soil salinity and fertilizer application 

measured at the tillering stage showing, (A) the maximum rate of carboxylation, Vcmax, (B) 

dark respiration, Rd, (C) the maximum rate of electron transport, Jmax, and (D) the mesophyll 

conductance, gm. Different color bars show the salinity levels grouped by levels of fertilizer 

dose along the x-axis. The bars show the mean value (n=3) and the whiskers represent ± 1 

standard deviation. 
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An important aspect of estimating the An lies in its dependency on the accurate 

parameterization of Vcmax and Jmax. The interrelationship between these biochemical 

parameters can also have substantial implications for modeling terrestrial carbon 

fluxes and the photosynthetic efficiency of plant species. The ratio of Jmax and Vcmax 

describes the relationship between two rate-limiting biochemical processes; the 

carboxylation limited and electron transport limited processes of photosynthesis. 

The relationship between Jmax and Vcmax may reflect the strength of coordination 

between these two processes, which are considered key in proper resource allocation 

during photosynthesis. When carboxylation is the limiting factor, high investment in 

Jmax compared to Vcmax results in excess electron transport, which will not be used in 

photosynthesis and requires dissipation of surplus energy to restrict photoinhibition 

(Krause et al. 2012). On the other hand, if light is the limiting factor, high investment 

in Jmax compared to Vcmax will lead to a higher photosynthetic rate. A conservative 

strategy of the trade-off between Jmax and Vcmax exists in plants to maximize 

photosynthetic rate when light is the limiting factor and avoid photoinhibition when 

carboxylation is the limiting factor (Walker et al., 2014). While there is a strong 

empirical relationship between Jmax and Vcmax (Beerling and Quick, 1995), the 

correlation is likely to be strongly influenced by the type of plant species and the 

ambient environmental variables. 
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As can be seen from Figure 4., a linear relationship was found between Vcmax and Jmax 

values retrieved from measurements on wheat leaves, with an R2 of 0.71 and a slope 

of 1.57. The limited deviation in the values of both Vcmax and Jmax around the mean 

suggests that salinity and nutrient stress do not play a key role in defining the 

relationship. These values of the relationship are in line with those reported in 

literature such as Wullschleger (1993), who measured a slope coefficient of 1.64 for 

untransformed data of the Vcmax-Jmax relationship.  

 

Figure 4.. Relationship between the maximum carboxylation rate, Vcmax and the maximum 

rate of electron transport, Jmax. Measurements were taken at the tillering stage across 

gradients of salinity and fertilizer dose.  
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4.3.3. Booting stage: Leaf gas exchange parameters as affected by 

salinity and nutrient stress 

The booting stage is characterized by the most vigorous plant growth, with 

exponential biomass accumulation, stems elongation, and increased number of 

branches and leaves. This period is therefore associated with a very active 

photosynthetic process. Due to the direct relationship between increasing soil salinity 

and stomatal closure (similar to drought), changes in ambient CO2 may not be 

proportional to the variations in intracellular CO2 concentration under variable root-

zone salinity. Furthermore, due to the solute interactions and ion imbalances across 

the membranes, variations in Ci are not necessarily reflected in the actual net CO2 

assimilation.   

The An-Ci curves from leaf data are provided in Figure 4.. Increasing salinity (moving 

downward in Figure 4.) resulted in a measurable effect on the values of An as a 

function of Ci for all levels of fertilizer doses. Additionally, the shape of the curves 

remain unchanged under different salinity treatments. On the other hand, increasing 

the fertilizer doses (left-right in Figure 4.) generally resulted in slightly higher values 

of An as a function of Ci at the higher fertilizer doses, irrespective of the salinity level 

(at the higher end of Ci). However, while variations within different salinity 
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treatments occur (Figure 4.), they are quite random and not directly related to 

fertilizer dose at lower Ci values. 

Figure 4. shows the effect of salinity and fertilizer application on An and water relation 

parameters at the booting stage of plant growth. As can be seen, An increases with 

increasing salinity. The incremental increase in An due to increasing salinity is quite 

consistent across the levels of fertilizer application (Figure 4.A). However, an effect 

of fertilizer is not evident in the case of zero salinity. The full range of measured values 

from this experiment are provided in Appendix 4.1.  
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Figure 4.. Net CO2 assimilation (An) as a function of intra-cellular CO2 concentration (Ci) 

reflected as A-Ci curves from leaf data of wheat grown at various levels of salinity and 

fertilizer application.  Plots show treatment combination of salinity (S) and fertilizer (F) at 

the booting stage. S1, S2 and S3 denote zero, 7.0 dS.m-1, and 14 dS.m-1 salinity level, 

respectively. F1, F2 and F3 refers to zero, full dose, and double dose of the recommendation 

for wheat. R1, R2, and R3 represent the three replicates at each treatment. Curves are 

arranged in ascending order of fertilizer dose from left-right and ascending order of salinity 

levels from top-bottom of the Figure. Each curve represents data obtained from the fully 

expanded youngest leaf. 
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The response of leaf transpiration to salinity and fertilizer was similar to that 

observed during the tillering growth stage. Increasing the soil water salinity reduced 

Tr at all doses of fertilizer application, and the salinity effect was most prominent in 

the case of zero fertilizer. Both doses of fertilizer application enhanced the Tr relative 

to zero fertilizer, but the differences between the two doses were non-significant for 

all levels of salinity (Figure 4.B). The strongest fertilizer response appeared under the 

highest salinity of 14 dS.m-1. Significant variations were found in gs as a result of both 

salinity (all levels) and fertilizer (zero relative to full and double dose) treatment, 

with values ranging from 0.28 to 1.03 mol H2O m-2s-1Pa-1 (Appendix 4.1). Increasing 

levels of soil salinity caused significant reductions in gs at all fertilizer levels, with the 

most substantial decline observed in the case of no fertilizer application (Figure 4.C). 

Fertilizer application significantly increased gs compared to the non-fertilized plants 

under all conditions, but the differences between full and double dose of fertilizer 

were non-significant across all salinity levels. A clear response of WUEi was recorded 

for salinity levels and fertilizer doses at the highest salinity (Figure 4.D). Increasing 

levels of salinity significantly increased WUEi for all fertilizer doses. There was no 

apparent response to fertilizer dosage except for 14 dS.m-1 at zero fertilizer 

application, which was significantly higher than those at full and double dose of 

fertilizer (Figure 4.D). Similar to the response of gs and Tr, the salinity effect on WUEi 

was more obvious under the zero fertilizer dose.  
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Figure 4.. Effect of soil salinity and fertilizer application on photosynthetic and water relation 

parameters of leaf measured at booting stage, showing (A) net carbon assimilation rates, An; 

(B) transpiration rate, Tr; (C) stomatal conductance, gs; and intrinsic water use efficiency, 

WUEi. Different color bars show the salinity levels grouped by levels of fertilizer dose along 

the x-axis.  Bars show the mean value (n=3) and the whiskers represent ± standard deviation. 
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4.3.4. Booting stage: Response of biochemical photosynthetic 

parameters to salinity and nutrient stress  

Irrespective of some of the variations seen in the leaf gas exchange parameters 

detailed in the previous section (4.3.1 to 4.3.3), the biochemical parameters of leaf 

photosynthesis estimated from data of the booting stage showed response to the 

applied treatments in a similar way. As can be seen from Figure 4.A, both the salinity 

levels and fertilizer doses significantly affected the Vcmax. Increasing salinity levels 

caused a decrease in Vcmax for all doses of fertilizer application, and the decreasing 

rate due to salinity was similar at all fertilizer doses. While the effect of fertilizer on 

Vcmax was moderate, higher doses of fertilizer caused Vcmax to increase at all salinity 

levels. The highest values (~114 µmol CO2 m-2s-1) were found under zero salinity in 

combination with a double dose of fertilizer (see Appendix 4.2). The response of Jmax 

to the treatments was similar to that of Vcmax due to the linear relationship between 

them (see Figure 4.). Rd exhibited the strongest response to salinity and fertilizer 

application. Increasing salinity resulted in significantly higher Rd at all fertilizer doses, 

while compared to the zero fertilizer, higher fertilizer doses significantly reduced Rd 

under all salinity levels. Increasing soil water salinity levels reduced the Jmax at all 

levels of fertilizer application, however, the reductions are statistically non-

significant. Full and double doses of fertilizer resulted in significantly higher values 



174 

 

 

 

of Jmax compared to zero fertilizer at all levels of soil salinity. But again, the difference 

between full and double dosage was non-significant (Table 4.). The values ranged 

from 179 to 262 µmol m-2 s-1, with highest values found at zero salinity under double 

dose of fertilizer and the lowest values at treatment of 14 dS.m-1 salinity with no 

fertilizer applied. The gm was significantly affected both by salinity and fertilizer 

application. Increased salinity levels significantly reduced the gm at all fertilizer doses, 

while increasing fertilizer dose slightly increased gm. This effect was most 

pronounced at the lower salinity levels. At the 14 dS.m-1 salinity level, the difference 

in gm values due to fertilizer is non-significant.   
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Figure 4.. The response of leaf photosynthetic traits to soil salinity and fertilizer application 

measured at booting stage showing, (A) the maximum rate of carboxylation, Vcmax, (B) the 

dark respiration, Rd, (C) the maximum rate of electron transport, Jmax, and (D) the mesophyll 

conductance, gm. Different color bars show the varying salinity levels, while fertilizer dose 

increases along the x-axis. Bars show the mean value (n=3) and the whiskers represent ± 

standard deviation.  
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Figure 4.. Relationship between the maximum carboxylation rate, Vcmax and the maximum 

rate of electron transport, Jmax. Measurements are taken at booting stage across gradients of 

salinity and applied fertilizer. 
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4.3.5. Anthesis stage: Leaf gas exchange parameters as affected by 

salinity and nutrient stress. 

The anthesis stage starts from the beginning of flowering and represents a period in 

which a plant develops its reproductive components, and where several biochemical 

and translocation altercations take place. Net CO2 assimilation as a function or Ci (i.e. 

A-Ci curves) are provided in Figure 4.. Increasing salinity resulted in only slight 

variation in An across all levels of applied fertilizer. Indeed, the nature of the 

relationship seems to be largely unaffected by the salinity treatment. Likewise, the 

effect of fertilizer dose was not that perceptible under 7.0 dS.m-1 and zero salinity 

level, but under the highest salinity level, higher fertilizer doses resulted in higher 

curves, i.e. higher values of An in response of the Ci values at the higher fertilizer doses. 

This positive effect on An due to fertilizer application is examined further in 

Section 4.3.6 in the context of the effects of treatment on net CO2 assimilation.   
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Figure 4.. Net CO2 assimilation (An) as a function of intra-cellular CO2 concentration (Ci) 

reflected as A-Ci curves from leaf data of wheat grown at various levels of salinity and 

fertilizer application. Plots show treatment combination of salinity (S) and fertilizer (F) at the 

anthesis stage. S1, S2 and S3 denote no-salinity, 7.0 dS.m-1 and 14 dS.m-1 salinity level, 

respectively. F1, F2 and F3 refers to no-fertilizer, full dose and double dose of the 

recommendation for wheat crop. R1, R2, and R3 represent the three replicates at each 

treatment. Curves are arranged in ascending order of fertilizer dose from left-right and 

ascending order of salinity levels from top-bottom of the Figure. Each curve represents data 

obtained at anthesis stage from the youngest fully expanded leaf. 
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Figure 4. illustrates how the different treatments influence the leaf net 

photosynthesis rate and water relation parameters measured at the anthesis stage of 

plant development. Overall, the directly measurable gas exchange and leaf water 

relation parameters showed a variable response to salinity treatment and fertilizer 

application. For instance, the effect of salinity was found to be significant, but random, 

for An. Likewise, while the difference due to fertilizer dose between zero and full dose 

is not discernible, a double dose is seen to significantly increase An (Figure 4.A).  The 

values of An ranged from 23.69 to 34.98 µmol CO2 m-2s-1, with the highest value being 

associated with a medium salinity treatment (7.0 dS.m-1) and double fertilizer dose. 

Unlike the earlier stages (i.e., tillering and booting), the overall An response to salinity 

treatment does not follow a consistent trend. The effects of salinity and fertilizer on 

Tr was similar to those of gs and were consistent with assessments at the tillering and 

booting stages (Figure 4.B). Increasing salinity levels in the soil water reduced Tr 

under all fertilizer levels and the effect was highly significant when no fertilizer was 

applied. Results showed that higher fertilizer doses increase Tr over zero fertilizer 

dose and reduce the effect of salinity by narrowing the difference among different 

salinity treatments (Figure 4.B). Tr values ranged from 3.52 to 10.50 mmol H2O m-2s-

1, with the highest values found in the control treatment (no-salinity and no-fertilizer) 

and the lowest values during the highest salinity and no fertilizer treatment. On the 

other hand, gs showed larger variations, ranging from 0.26 to 0.99 mol H2O m-2s-1Pa-
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1, with salinity and nutrient levels showing a significant impact. The reductions in gs 

due to salinity stress were statistically significant at all fertilizer levels and most 

obvious under the highest level of fertilizer application (Figure 4.C). The WUEi 

response to salinity was very prominent, with increasing levels of soil water salinity 

leading to significant increases in WUEi at all levels of fertilizer (Figure 4.D, Table 4.). 

Similar to the response of Tr, the salinity effect on WUEi was most pronounced in the 

case of zero fertilizer. The fertilizer effect was generally small, particularly for the 

medium and high salinity treatments (Figure 4.D).  
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Figure 4.. Effect of soil  salinity and fertilizer application on leaf photosynthetic and water 

relation parameters measured at anthesis stage, showing (A) net carbon assimilation rates, 

An; (B) transpiration rate, Tr; (C) stomatal conductance, gs; and (D) intrinsic water use 

efficiency, WUEi, of leaf. Different color bars shows the salinity levels grouped by levels of 

fertilizer dose along the x-axis.  Bars show the mean value (n=3) and the whiskers represent 

± 1 standard deviation. 
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4.3.6. Anthesis stage: Response of biochemical photosynthetic 

parameters to salinity and nutrient stress 

The biochemical parameters of leaf photosynthesis estimated from A-Ci data 

measured at the anthesis stage exhibited a variable response to the employed 

treatments. As can be seen from Figure 4. the values of Vcmax (ranging from 115.9 to 

184.9 µmol CO2 m-2s-1), were significantly affected by both salinity and fertilizer level. 

Increasing the salinity decreased Vcmax at all doses of fertilizer application, and the 

rate of reductions due to salinity were very similar across all fertilizer doses. 

Conversely, increasing the dose of fertilizer application increased Vcmax at all salinity 

levels. A strong and linear relation was found between Jmax and Vcmax (Figure 4.). The 

slope of the relationship shows that a unit increase in the Vcmax values increase Jmax 

1.38 times. This is comparable to results of previous studies (Walker et al., 2014). It 

is clear from our results that despite of profound effect of the salinity and fertilizer on 

the individual values of Vcmax and Jmax, the characteristics of their mutual relationship 

are not greatly affected (Figure 4.). As such, the Jmax response was quite similar to 

Vcmax (Figure 4.). Salinity significantly reduced Jmax values at all levels of fertilizer 

application, with values ranging from 167.79 to 245.28  

µmol m-2 s-1. Higher fertilizer doses only slightly increased the Jmax across all salinity 
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levels.  The highest values found at zero salinity under double dose of fertilizer and 

the lowest values at 14 dS.m-1 salinity level with no fertilizer applied. 

Unlike the other biochemical parameters, Rd (ranging from 1.1 to 3.5 µmol m-2 s-1) 

was highest under the more saline conditions (Figure 4.B). In terms of gm, the 

diffusion of CO2 within the intracellular spaces was significantly affected by both 

salinity and fertilizer application (Figure 4.D). Increased salinity levels significantly 

reduced gm (to 26 to 14 µmol CO2 m-2 s-1) for all fertilizer doses. Conversely, increasing 

the fertilizer dose increased gm, particularly for the lower salinity levels.  
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Figure 4.. The response of leaf photosynthetic traits to soil salinity and fertilizer application 

measured at anthesis stage, showing (A) the maximum rate of carboxylation, Vcmax, (B) the 

day respiration, Rd (C) the maximum rate of electron transport, Jmax, and (D) the dark 

respiration. Different color bars show the varying salinity levels grouped by levels of fertilizer 

dose along x-axis. Bars show the mean value (n=3) and the whiskers represent ± standard 

deviation. 
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Figure 4.. Relationship between the maximum carboxylation rate, Vcmax and the maximum 

rate of electron transport, Jmax. Measurements are taken at anthesis stage across gradients of 

salinity and fertilizer. 
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4.3.7. Maturity stage: Leaf gas exchange parameters as affected by 

salinity and nutrient stress 

A-Ci curves developed from leaf gas exchange data collected at maturity stage of 

wheat grown at various levels of salinity and fertilizer application are provided in 

Figure 4.. Results show that varying soil salinity and nutrient levels resulted in only 

slight differences in the shape of the A-Ci curves among different treatments, though 

with some variability between replicates within the treatments. Generally, increasing 

soil salinity (moving downwards in Figure 4.) reduced An at the high end of the Ci 

range, except in the case of the double fertilizer dose. This response suggests that 

higher concentrations of CO2 will not increase photosynthesis during conditions of 

high salinity stress and supports the idea that limitations on photosynthesis at high 

salinity are attributed to biochemical rather than diffusional factors. However, the 

initial slope of the curves (at Ci values 0-400 ppm) is quite similar, irrespective of 

treatment level, suggesting that carboxylation based on RubisCO activity is not 

affected by salinity stress. Increasing the fertilizer dose (left-to-right in Figure 4.) 

generally resulted in a similar response, i.e. higher values of An towards the high end 

of the Ci range.  
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Figure 4.. Net CO2 assimilation (A) as a function of intra-cellular CO2 concentration (Ci) 

reflected as A-Ci curves from leaf data of wheat grown at various levels of salinity and 

fertilizer application.  Plots show treatment combination of salinity (S) and fertilizer (F) at 

maturity stage. S1, S2 and S3 denote no-salinity, 7.0 dS.m-1 and 14 dS.m-1 salinity level, 

respectively. F1, F2 and F3 refers to no-fertilizer, full dose and double dose of the 

recommendation for wheat crop. R1, R2, and R3 represent the three replicates at each 

treatment. Curves are arranged in ascending order of fertilizer dose from left-right and 

ascending order of salinity levels from top-bottom of the Figure. Each curve represents data 

obtained at maturity stage from a fully expanded youngest leaf on the plant. 



188 

 

 

 

Figure 4. shows the influence of salinity and fertilizer application on leaf net 

photosynthetic and water relation parameters measured at the maturity stage. 

Minimal (not considerable) variation in the An values (ranging from 19.08 to 28.93 

µmol CO2 m-2s-1) was observed due to salinity stress and fertilizer application 

(Figure 4.A). Overall, fertilizer application tended to marginally increase An, whereas 

values showed no consistent response with salinity stress. Tr was reduced by salinity 

stress at all level of fertilizers (Figure 4.B), however, the variations due to fertilizer 

did not follow a clear trend. Both salinity and nutrient levels significantly (Table 4.) 

affected gs, with values ranging from 0.20 to 0.82 mol H2O m-2s-1Pa-1. The reductions 

due to salinity stress were statistically significant at all fertilizer levels, with the 

decrease more obvious at the highest level of fertilizer application (Figure 4.C). 

Higher fertilizer application slightly increased gs, but the differences are non-

significant (at zero and 7 dS.m-1 salinity level), however at the 14 dS.m-1 salinity, gs 

was significantly reducted by increasing fertilizer doses from zero to double.  The 

interaction of the salinity and nutrient treatments did not have a 

significant/consistent impact on gs (Table 4.). Increasing salinity level enhanced the 

WUEi at fertilizer dose, significantly at full and double fertilizer doses (Figure 4.D). 

WUEi response was similar under full and double fertilizer dose but values were 

significantly higher compared to zero fertilizer application.  
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Figure 4.. Influence of salinity and fertilizer application on leaf photosynthetic and water 

relation parameters measured at maturity stage showing, (A) net carbon assimilation rates, 

An; (B) transpiration rate, Tr; (C) stomatal conductance, gs; and intrinsic water use efficiency, 

WUEi, of leaf. Different color bars shows the salinity levels grouped by levels of fertilizer dose 

along x-axis. Bars show the mean value (n=3) and the whiskers represent ± standard 

deviation. 

  



190 

 

 

 

The highest fertilizer dose in the absence of salinity showed the highest (9.47 mmol 

H2O m-2 s-1) values of Tr compared to higher salinity and no fertilizer treatment (3.31 

mmol H2O m-2 s-1). The Tr response was similar to responses observed for gs, which is 

expected as the amount of water transpired by leaves is directly linked to gs (Schröder 

et al., 2014). The results are consistent with previous findings relating high salinity to 

a reduction in gs by a factor 2 and Tr by a factor 2.4 in barley leaves (Eller et al., 2014). 

As the WUEi directly reflects the effect of stomatal closure and the amount of net 

carbon assimilation, the values (ranging from 2.05 to 6.15 µmol CO2 /mmol H2O) 

followed the opposite trend to that of gs (Figure 4.). Salinity stress significantly 

increased the WUEi across all levels of fertilizer application and the maximum 

increase due to salinity was found under the double fertilizer application. This implies 

that higher fertilizer application add to the effect of salinity in enhancing WUEi.   

4.3.8. Maturity stage: Response of biochemical photosynthetic 

parameters to salinity and nutrient stress 

The parameters estimated during the maturity stage exhibited a variable response to 

salinity and fertilizer application (Figure 4.). Vcmax ranged from 65.62 to 113.82 µmol 

CO2 m-2s-1 and was significantly affected by both salinity and fertilizer doses (Figure 

4.16A). Salinity stress decreased Vcmax consistently at all levels of fertilizer application. 

Increasing fertilizer application from zero to double dose only slightly increased the 
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Vcmax. The trend is in agreement with the measured chlorophyll content values (see 

Chapter 3), which suggests that fertilizer application in combination with high 

irrigation water salinity can severely impact the photosynthetic apparatus of the 

plants. This tendency is further supported by the interaction effect of treatments, 

which had a significant effect on Vcmax. Unlike other biochemical parameters, the 

mitochondrial respiration rate (Rd) increased significantly with increasing salinity 

levels and increasing fertilizer dose from zero to full, but decreased from full to 

double dose of fertilizer (Figure 4.B). Jmax generally increased with increasing dose of 

fertilizer, but decreased with increasing salinity (Figure 4.C), which is similar to the 

response observed for Vcmax. Salinity significantly reduced the values at all levels of 

fertilizer application, but the highest reductions were observed under the full 

fertilizer dose (values ranged from 157.21 to 252.53 µmol m-2 s-1). In the absence of 

fertilizer, salinity did not considerably reduce the values. gm decreased significantly 

with increasing salinity levels at all fertilizer doses and slightly increased with 

increasing dose of fertilizer from zero to full (Figure 4.D). No significant difference in 

gm values were found between full and double dose of fertilizer.  
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Figure 4.. The response of leaf photosynthetic traits to soil salinity and fertilizer application 

measured at maturity stage, showing (A) the maximum rate of carboxylation, Vcmax, (B) the 

dark respiration, Rd, (C) the maximum rate of electron transport, Jmax, and (D) the mesophyll 

conductance (gm). Different color bars show the varying salinity levels grouped by levels of 

fertilizer dose along x-axis. Bars show the mean value (n=3) and the whiskers represent ± 

standard deviation. 

 

 As with other growth stages, a linear relationship was found between Vcmax and Jmax 

(see Figure 4.) at the maturity stage. The scatter plot reveals that the values of both 
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the Vcmax and Jmax are not spread over a larger range, but are rather bunched around 

the mean. The R2 of 0.59 indicates a good relationship. The slope of the relationship 

shows that a unit increase in the Vcmax values increase Jmax 2.04 times, which is 

comparable to the results of previous studies (Kattge et al., 2009; Walker et al., 2014).  

Overall, our results showed that although the soil salinity and fertilizer dose has a 

profound effect on the individual values of Vcmax and Jmax, their mutual relationship 

always remains unaffected by conditions adversely affecting photosynthetic capacity 

(Walker et al., 2014). However, previous studies have shown that this relationship 

could be affected by photosynthetic resource allocation at the cellular level (Walker 

et al., 2014). In the case where carboxylation is the limiting factor for photosynthetic 

assimilation, a high portion of energy input in Jmax compared to Vcmax would result in 

excess electron transport and would require additional energy to be dissipated 

(Krause, 2012). On the other hand, when light is the limiting factor, high energy input 

in Jmax compare to Vcmax would increase the photosynthetic rate.  Thus, variations in 

resource allocation caused by growing condition may affect the relationship between 

these key photosynthetic parameters and overall photosynthetic efficiency of plants.  
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Figure 4.. Relationship between the maximum carboxylation rate, Vcmax and the maximum 

rate of electron transport, Jmax. Measurements are taken at the maturity stage across 

application gradients of salinity levels and fertilizer. 
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4.3.9. Synthesis of Results across the Various Growth Stages 

Figure 4. summarizes the variations in net leaf photosynthesis and water relations 

parameters in response to the salinity and nutrient stress across the distinct growth 

stages (tillering, booting, anthesis and maturity stages) of wheat development. As 

mentioned in the earlier sections (Section 4.3.1 to Section 4.3.8), the response of An 

to salinity and fertilizer levels depended upon the growth stage. For example, while 

An decreased with increasing salinity levels and showed a mixed fertilizer response 

at the tillering stage, both treatments increased An during the booting stage. At the 

anthesis and maturity stages, the An response to salinity and fertilizer was 

inconsistent. However, comparatively higher rates of net photosynthesis were 

recorded at the booting and anthesis stages. These growth stage variations in An can 

be attributed to several factors. Measurements at the early growth stage of tillering 

were taken one week after the plants were subjected to salinity stress and fertilizer 

applications (see Figure 2.7 in Chapter 2). During this time, plants were still not well 

adapted to the salinity stress and the An response to salinity was therefore significant. 

On the other hand, readily available plant nutrients may be sufficient to support slow 

growing biomass, which could lead to a negative response of An to increasing fertilizer 

due to their ions contribution to the overall soil salinity. During booting and anthesis, 

which are characterized by vigorous plant growth, plants were well adapted to the 
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stress conditions, accumulated more chlorophyll per unit leaf in response to salinity 

(see section 3.3.1.1), and showed a higher An in response to increasing salinity level. 

The higher doses of fertilizer supported the rapid plant growth by replenishing the 

nutrients in the root-zone and produced larger An values as a result. During the 

maturity stage, a relocation of biochemical resources and leaf senescence began, 

which resulted in a reduction in leaf net photosynthesis efficiency (Figure 4.). 

Similar to An, the highest values of gs were recorded during the booting and anthesis 

stages. At all growth stages, increased salinity caused significant reductions in gs, 

although a mixed response of gs to fertilizer dose was observed. Overall, gs was 

reduced by higher fertilizer dose at tillering and maturity stages, while it was 

enhanced by fertilizer at the vigorous growth stages (booting and anthesis). As net 

biomass accumulation is directly proportional to gs at given atmospheric CO2 

concentration, higher values of gs are expected during periods of rapid vegetation 

growth and development, relative to the early tillering and maturity stages. As leaf 

transpiration is directly calculated from the data of gs under identical environmental 

conditions of temperature and relative humidity, the trends of Tr and gs were 

generally intercomparable (Figure 4.). 

One of the important output variables of photosynthesis process is the intrinsic water 

use efficiency (WUEi) measured as the CO2 assimilated per mmol of water transpired 



197 

 

 

 

by the leaf. The WUEi of wheat plants in this study showed a variable response over 

the growth cycle, with the highest and lowest values recorded at the anthesis and 

maturity stages, respectively. Salinity stress increased the WUEi significantly at all the 

growth stages. Even at high soil water contents, the presence of large amounts of 

soluble salts can result in a hypertonic condition with very low osmotic potential and 

decreased bioavailable water. The reduced amount of water available for plant 

uptake due to salinity stress is synonymous to the drought stress that can stimulate 

plants to conserve water and increase water use efficiency in saline environments. 

Full and double doses of fertilizer application increased the WUEi at the tillering and 

maturity stages, but reduced WUEi at the booting stage compared to the zero fertilizer 

application. Luxury consumption of nutrients supplied by higher fertilizer doses at 

tillering stage and delayed maturity in the latter stage help in maintaining higher 

WUEi. Another plausible reason for this is the higher transpiration that typically 

occurs during periods of more vigorous vegetation growth.  
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Figure 4.. Summary of the response of leaf photosynthetic and water relation parameter to 

soil salinity and fertilizer application measured across the four distinct growth stages 

showing row-wise the net carbon assimilation rates (An), stomatal conductance (gs), 

transpiration rate (Tr) and intrinsic water use efficiency (WUEi) of leaf. Different color bars 

show the varying salinity levels grouped by levels of fertilizer dose in each growth stage along 

x-axis.   Bars show the mean value (n=3) and the whiskers represent ± standard deviation. 
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A summary of the response of the leaf biochemical photosynthetic parameters (Vcmax, 

Rd, Jmax and gm) to soil salinity and fertilizer application measured across the four 

distinct growth stages is provided in Figure 4.. Salinity significantly reduced Vcmax, Jmax 

and gm, and significantly increased Rd at all growth stages of the wheat plant. These 

findings suggest a detrimental effect of salinity stress on cellular processes. The 

response of Vcmax and Jmax to salinity and fertilizer dose was quite similar. This was 

also confirmed by a close relationship between these two key biochemical 

parameters, as documented in previous sections (Sections 4.3.1 to Section 4.3.8). Full 

and double doses of fertilizer slightly decreased Vcmax and Jmax compared to zero 

fertilizer at the tillering stage. However, at all the other growth stages, an increasing 

fertilizer dose increased Vcmax and Jmax for all salinity levels. Both parameters showed 

the highest values at booting and anthesis stages. This indicates that it is not only the 

water relation parameters, but also the biochemical parameters, that remain very 

active under these fast growing periods. It is also evidenced from the fact that most 

of the biomass is accumulated by plants during these two rapid growth stages. 

Rd, as another key biochemical parameter, responded very differently to salinity and 

fertilizer dose. Increasing salinity stress and fertilizer dose decreased Rd significantly 

at all growth stages. The only exception was at the maturity stage, where the double 

dose of fertilizer caused Rd to decrease. The higher values of Rd under stress 

conditions indicate an expense of energy to overcome the detrimental effect of 
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salinity and nutrient deficiency on the plants. The response of gm to salinity and 

nutrient stress was quite consistent throughout the plant growth cycle. As observed 

for Vcmax and Jmax, salinity stress significantly reduced gm, whereas increasing fertilizer 

dose increased gm. The highest value of gm was recorded at the early tillering stage, 

whereas the lowest values were recorded during the booting stage.  

The relationship between the key biochemical photosynthetic parameters, Jmax and 

Vcmax, is one of the important aspects of leaf photosynthesis highlighted in literature 

(Beerling and Quick 1995; Fan et al., 2011; Kattge et al., 2009; Leuning, 2002; Walker 

et al., 014). There is mechanism of coordination among different components of the 

photosynthesis for a smooth operation. The relationship between Jmax and Vcmax may 

reflect the strength of coordination between these two processes, considered key in 

proper resource allocation during photosynthesis. The information on relationship is 

useful in determining dissipation of surplus energy in case of imbalances to avoid 

photoinhibition or enhancement of photosynthesis under light limiting conditions. 

Relationship between Vcmax and Jmax based on the data points comprises of 

measurements taken all over growth stages of tillering, booting, anthesis and 

maturity stagesof wheat development  (indicated in diffierent color points) across all 

the application gradients of salinity levels and fertilizer doses is provided in Figure 4.. 
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Figure 4.. Summary of the response of leaf photosynthetic traits to soil salinity and fertilizer 

application measured across the four distinct growth stages showing row-wise the maximum 

rate of carboxylation, (Vcmax), the dark respiration (Rd), the maximum rate of electron 

transport (Jmax), and mesophyll conductance (gm). Different color bars show the varying 

salinity levels grouped by levels of fertilizer dose in each growth stage along x-axis.   Bars 

show the mean value (n=3) and the whiskers represent ± standard deviation. Measurements 

were taken on the first fully expanded leaf facing sun. 
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The correlation parameters of the relationship between Jmax and Vcmax of leaf 

photosynthesis at the different growth stages is provided in Table 4.. A marked linear 

relationship was evident between the two parameters across all of the four growth 

stages. The values of the ratio of Jmax to Vcmax ranged from 1.38 to 2.01, with an 

increasing trend with growth stages. The ratios is similar in the vegetative growth 

stages (tillering and booting stages), but increased in the reproductive (anthesis) and 

maturity stages. The overall relationship of obtained by ploting all the data across the 

four growth stages shows ratio (slope =1.53) lies within the range of individual 

growth stages. However, R2 value drops anormously indicating distinc influence of 

growth stage on the relationship (Figure 4.). 

Table 4.. Relationship strength between Jmax and Vcmax of leaf photosynthesis at different 

growth stages of wheat plant grown in the greenhouse pot experiment. 

Growth stage Jmax / Vcmax R2 

Tillering 1.41 0.71 

Booting 1.38 0.74 

Anthesis 1.51 0.69 

Maturity 2.04 0.76 

Overall 1.53 0.54 
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Figure 4..  Relationship between the maximum carboxylation rate, Vcmax and the maximum 

rate of electron transport, Jmax. The data points comprises of measurements taken all over 

growth stages of tillering, booting, anthesis and maturity stages of wheat development across 

all the application gradients of salinity levels and fertilizer. Diffierent color points shows 

different growth stages as shown in the legent. 
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4.4. Discussion 

Water scarcity is the major constraint on agricultural productivity in arid and semi-

arid regions of the world (Lobell et al., 2010). Low precipitation in combination with 

high evapotranspiration may lead to land deterioration as a result of salt-buildup in 

the root zone soil (Jesus et al., 2015; Schroder et al., 2014). In addition, the sandy soils 

common to arid and semi-arid regions are already low in nutrients required for plant 

growth. It follows that soil salinity and nutrient deficiency are among the main abiotic 

stresses limiting crop productivity in these regions. Moreover, the interactions 

between nutrients and soil salinity may diminish or aggravate the effect of salinity on 

crop growth and development (Fageria et al., 2011; Gong et al., 2017).  

Plant responses to abiotic stresses depend not only on the kind of stress but also on 

the plant growth stage at which the stress occurs (Munns and Tester, 2008). Since 

photosynthesis is the key physiological process affecting accumulation of terrestrial 

dry matter (Lawlor, 1995), reduction in crop yield under the influence of abiotic 

stresses is mainly attributed to the imposed restrictions on the CO2 assimilation rate 

of the plant (Chaves et al., 2009; Flexas et al., 2004). In this study, a greenhouse pot 

experiment, using winter wheat as a model cereal crop, was conducted to examine 

the photosynthetic response to salinity and nutrient stress. 
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Wheat is a moderately salt tolerant cereal crop. Its sensitivity to salt stress varies with 

growth stages (Maas and Poss, 1989), with the newly germinated seedlings being 

highly sensitive. It has previously been established that the tolerance to stress in 

wheat increases with the age of the plant (Khatkar and Kuhad, 2000). In addition, 

plant strategies to cope with stress may vary depending on the development stage 

during which the stress occurs (Tatar et al., 2016). Due to an inadequate availability 

of essential nutrients in the soil, wheat growth and development can be severely 

affected, and the mean yields are often low (Tittonell and Giller 2013). However, 

wheat response to available nutrients in soil is quite variable and different 

compositions of essential nutrients are required at different growth stages of the 

plant (Asif et al., 2018). In this study, the photosynthetic responses to various levels 

of salinity and nutrient stress were assessed in winter wheat at four distinct growth 

stages of the development cycle. We used the gas exchange and A-Ci curve approach 

(Farquhar et al., 1980; von Caemmerer and Farquhar 1981) and the curve fitting 

approach of Sharkey et al. (2007) on leaf level data collected in a greenhouse pot 

experiment (see Section 2.4.2) to estimate biochemical parameters of leaf 

photosynthesis. 

Our results show that salinity and nutrient stresses have a profound effect on most of 

the photosynthetic plant traits investigated across the four distinct growth stages. 

The vegetative growth period of wheat plants starts immediately after planting and 
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progresses through tillering, booting, and onset of anthesis (flowering), followed by 

the maturity stage. The first measurements of photosynthesis in this study were 

recorded at the tillering stage, which is characterized by initiation of lateral branching 

in wheat and is the first exponential growth stage when plants start competition with 

each other for resources utilization (nutrients and light harvesting). It has been 

established that most annual crops are more sensitive to abiotic stress during the 

early seeding and vegetative period (Lauchli and Grattan, 2007; Maas and Grattan, 

1999; Shannon et al., 1984). In line with these findings, the wheat plants subjected to 

salinity stress and nutrient levels showed a clear and consistent response at the 

tillering stage. Significant reductions in gs and Tr along with improvements in WUEi 

resulted from salinity increases (see Table 4. and Figure 4.). Removing nutrient 

deficiencies by increasing fertilizer doses brought about improvements in the water 

relation attributes of the photosynthesis process. However, the net photosynthetic 

rate at this stage was not significantly affected by fertilizer application. During the 

first weeks of salinity stress at the early growth stage of tillering, An significantly 

decreased with salinity. A similar response to salinity was observed for Vcmax, Jmax, and 

gm, whereas Rd significantly increased with increasing salinity (Figure 4.). These 

detrimental effects are attributed to resource allocation for the adaption to the 

stressful environment, which resulted in lowered photosynthetic capacity in plants 

under higher salinity. 
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Previous studies have shown that salinity stress limits leaf photosynthesis in two 

ways: (1) due to diffusional limitations in photosynthesis as a result of lower stomatal 

and mesophyll conductance in response to stress, and (2) metabolic limitations 

arising from disruption of metabolic pathways (Ashraf, 2003; Chaves et al., 2011; 

Flexas et al., 2008; Lawlor and Tezara, 2009; Wang et al., 2017). Nutrients supplied 

by fertilizers are used as building blocks of photosynthetic machinery structure as 

well as precursors of functional biochemical compounds involved in various 

metabolic processes (i.e. enzymes, proteins and fatty acids). This is especially the case 

in nutrient deficient soils such as those used in this experiment, 

In the last stage of vegetative grown (i.e., booting) rapid development and intensive 

accumulation of dry matter, stem elongation, leaves development and appearance of 

flag leaf occur. In this stage, water relation parameters of photosynthesis such as gs, 

Tr and WUEi were also affected significantly by salinity. However, leaf net 

photosynthesis rates under higher salinity were found to be higher compared to the 

non-saline conditions. This was confirmed by visual inspection, which determined 

that plants under higher salinity had dark green leaves compared to those under zero 

salinity (exhibiting pale green leaves). However, the high salinity leaves were 

narrower and shorter as a result of smaller biomass accumulation under saline 

treatment. This could be attributed to higher chlorophyll content per leaf area under 

higher salinity, as reported by Shah et al (2017) and in Section 3.3.1.1.  
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The anthesis stage begins immediately after the booting stage, with the onset of 

flowering. This is a stage of high biochemical activity, where reproductive 

components and several biochemical and translocation alterations of metabolites 

takes place. As such, it was critical to understand how water relation and biochemical 

parameters of leaf photosynthesis respond to salinity and nutrient stress during this 

stage. Slightly higher net CO2 assimilation rates were recorded in plants grown under 

higher salinity and higher fertilizer doses, but the increments were statistically non-

significant (Figure 4.). The gs and Tr values significantly decreased with increasing 

levels of salinity, whereas higher values were recorded under higher fertilizer doses. 

Lower stomatal diffusions and higher WUEi in C3 grasses at the anthesis stage have 

also been reported by Naz et al. (2010). The biochemical photosynthetic parameters 

were adversely affected by higher levels of salinity, but generally improved (Vcmax, 

Jmax, gm increased, while Rd decreased) by higher fertilizer doses compared to the non-

fertilized plants. After the initial plant acclimation to a stressful environment during 

the vegetative growth stage, anthesis is the stage most sensitive to stress. Thus, the 

negative effects of salinity and nutrient stress are more pronounced in flowering 

(anthesis) and early grain-filling stages. This is evident from the effect of salinity level 

and fertilizer dose on the water relation and biochemical photosynthetic parameters 

illustrated in Sections 4.3.2 and 4.3.3.  



209 

 

 

 

Some studies have reported a contrasting response of the photosynthetic rates 

measured for winter wheat during the anthesis stage due to the competition for 

photosynthetically active radiation in dense crops (Gregory et al, 2009; Muranaka, et 

al., 2002; Pearman et al., 1979, Urban et al., 2017; Wungrampha et al., 2018). Our 

results are in line with those previously reported. However, the decrease in 

photosynthetic rate reported in Pearman et al. (1979) was per leaf area and the net 

assimilation per land area increased with increasing fertilizer rate. Yong et al. (2010) 

also reported increased net assimilation rates of leaves with increasing nutrient 

levels at the anthesis stage. Our results are also in line with studies reporting extreme 

sensitivity of wheat plants to stress during anthesis (Gregory and Marshall, 1981; 

Singh & Malik, 1983). 

After the anthesis stage, crop growth is mainly composed of grain-filling that 

determines variations in the flow of biochemical compounds and photosynthetic 

assimilates within the plant parts (Schnyder, 1993; Sofield et al. 1977). Results from 

our analyses indicated that variations in An were random and that the effect of 

fertilizer and salinity on net assimilation rates were not systematic. However, gs, Tr 

and WUEi were still significantly affected by the treatments. Salinity and nutrient 

levels also had a pronounced impact on the biochemical parameters, similar to what 

was observed during the earlier growth stages. Vcmax, Jmax and gm significantly 

decreased with increasing salinity levels and increased with increasing fertilizer 
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dose. However, Vcmax showed lower values at this stage compared to the earlier 

growth stages (Figure 4.). The reduction in gs and the lower values of biochemical 

parameters under high salinity treatment indicate that salinity stress causes leaf 

stomatal closure and thus affects the diffusion of CO2 to carboxylation sites in the leaf 

(Poor et al., 2011; Xu and Baldocchi, 2003). Without considering the effect of 

treatment, overall photosynthetic activity was reduced at the maturity stage. During 

this period, plants reach physiological maturity and senescence of the older leaves 

can proceed rapidly.  At maturity stage the plant growth is predominantly sink limited 

(Evans and Wardlaw, 1996; Schnyder, 1993). At early stages of plant growth, a feed-

forward effect of source size on sink size is assumed. These mechanisms lead to 

distinct variations in distributions of the substrate and photosynthetic assimilate and 

plant photosynthetic response to prevailing stress conditions. Similar declines in 

photosynthetic activity in ageing leaves have also been reported in previous studies 

(Ethier et al., 2006; Jaoudé et al., 2012). 

Limitations on photosynthesis are partitioned into diffusive and metabolic 

limitations (Grassi and Magnani, 2005; Flexas et al., 2008). Diffusive limitations are 

composed of gs and gm, where gm is often negligible (Flexas et al., 2002). The metabolic 

limitations on photosynthesis determine the restrictions on the capacity of 

photosynthetic machinery to process CO2 and mainly arise from two biochemical 

parameters (Vcmax and Jmax) (Chen et al., 2013). However, a third biochemical 
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parameter is mitochondrial respiration (Rd) that may significantly reduce the net CO2 

assimilation by maintaining plant energy status under stress conditions (Sperlich et 

al., 2015; van Oijen et al., 2015).  Further aspects of the different responses through 

the various growth stages of wheat are explored in the following Section.  

4.4.1. Diffusional constraints on photosynthesis under the influence of 

salinity and nutrient stress 

Our results showed that higher salinity levels significantly reduced gs, whereas 

fertilizer application slightly increased gs, especially at the later growth stages 

(anthesis and maturity stages). As the initial effects of salinity on plants are similar to 

drought stress, diffusional limitations due to stomatal regulations are expected to 

play a major role in transporting CO2 to the reaction sites. It is well understood that 

salinity stress works through alterations in leaf water potential and intrinsic 

synthesis of the abscisic acid in the guard cells of leaf stomata (Montero et al., 1998; 

Munns and Tester 2008). As a result, stomatal limitations restrained the gas 

exchange, which is a known response of gs to salinity (Farquhar and von Caemmerer, 

1982). 

Stomatal closure serves as a water conservation mechanism of plants by reducing 

transpiration losses from the leaf (Damour et al., 2010; Zeng et al., 2014) due to the 
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high osmotic potential of the saline root zone soil water. This mechanism is similar to 

water deficit in the root zone. Thus, gs is considered a very relevant plant stress 

indicator (Urban et al., 2017; Zeng et al., 2014). While maintaining plant water 

balance in response to stress, the unfortunate cost of stomatal closure is a limitation 

on CO2 uptake by plants into the chloroplast, directly reducing the net leaf 

photosynthesis of plants. This effect of salinity stress is commonly observed, as many 

plant species cause leaf stomatal closure and thus affect the diffusion of CO2 to 

carboxylation sites in the leaf (Poor et al., 2011; Xu and Baldocchi, 2003). An indirect 

effect of stomatal closure on photosynthesis is photo-oxidative stress by production 

and accumulation of reactive oxidation species (ROS). The ROS are not only damaging 

the photosynthetic apparatus, but are sometimes potentially lethal to plant organs 

(Urban et al., 2017). Our results are consistent with previous findings suggesting 

salinity induced limitations on the photosynthetic process via reductions in gs by a 

factor of two (Eller et al., 2014).   

According to our results, the lowest gs was observed at the early tillering stage due to 

both salinity and nutrient stress (Figure 4.). The highest values of gs were recorded at 

the booting and anthesis stages. At all stages of wheat growth, higher salinity caused 

significant reductions in gs. However, a mixed response of gs to fertilizer dose was also 

observed. Generally, gs was reduced in response to higher fertilizer dose at the 

tillering and maturity stages, but increased with increases in fertilizer at the more 
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vigorous plant growth stages (booting and anthesis). These growth stage specific 

variations in gs can be attributed to several physiological and underlying biochemical 

reasons. The measurements at the early growth stage of tillering were conducted just 

one week after the plants were subjected to salinity and fertilizer applications, and 

the plants were still in the process of physiological adjustment to the new 

environmental changes occurring in the root-zone. As a consequence, plant 

performance is negatively affected and the influence of the treatments on the gs is 

significant. During booting and anthesis, plants were well adapted to the stress 

conditions, accumulated more chlorophyll per unit leaf in response to salinity, and 

showed higher photosynthetic activity. This in turn requires higher exchange rates of 

CO2 between the reaction centers and atmosphere through stomata, which translates 

into higher values of gs. 

4.4.2. Biochemical limitations on photosynthesis under the influence of 

salinity and nutrient stress 

A decline in photosynthetic capacity is not only a consequence of diffusional 

limitations associated with salinity or nutrient stress. Limitations on photosynthetic 

metabolic activity are also of considerable importance. The responses of biochemical 

parameters of photosynthesis (Vcmax, Jmax, Rd) to the changing growing conditions is 

widely used to assess the enzymes kinetic properties of photosynthetic processes 
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under various abiotic environmental stresses (Ge et al., 2014; Yin et al., 2009). The 

motivation for estimating Vcmax and Jmax is that these parameters are independent of 

stomatal conductance (von Caemmerer, 2000). Instead, they represent the RuBisCO 

activity (through Vcmax) and electron transport rate in the thylakoid membrane 

(through Jmax). 

Our results showed significant concurrent reductions in Vcmax and Jmax across the four 

distinct growth stages (Figure 4.). The salinity stress reduced Vcmax and Jmax 

significantly at all growth stages as a consequence of the detrimental effect of salinity 

on cellular processes. Both parameters varied differently, but their general response 

to salinity and fertilizer dose was similar. This was also confirmed by a close linear 

relationship between the two key biochemical parameters. The Jmax/Vcmax ratio ranged 

from 1.38 to 2.01, which is nearly consistent in the tillering and booting stages, but 

increased in the anthesis and maturity stages (Table 4.). These values are in 

agreement with those reported in the literature (Fan et al., 2011; Walker et al., 2014). 

At all the growth stages, increasing fertilizer dose increased Vcmax and Jmax under all 

salinity levels except at the tillering stage, where a full and double dose of fertilizer 

slightly decreased Vcmax and Jmax relative to zero fertilizer. The highest values of these 

parameters were recorded at the booting and anthesis stages of rapid growth, which 

indicates that biochemical parameters also remain very active under the fast growing 

periods, as do the water relation parameters. This is also evident from the fact that 
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most of biomass accumulation by plants takes place during these rapid growth stages. 

This suggests that the limitations in photosynthesis observed in winter wheat grown 

under salinity stress are mainly attributed to variations in RuBisCO activity, which is 

in agreement with previous findings on the salinity effect on C3 photosynthesis 

(Agastian et al., 2000). A plausible reason for this is suppression of the transcription 

level of small subunits of RuBisCO enzyme in C3 plants, in addition to the rapid 

degradation of RuBisCO under salt stress (He et al., 2014), resulting in decreased 

photosynthetic enzyme activities. Similarly, salinity stress reduces the rate of 

electron transport from the photosystems to the reaction centers, as evidenced by the 

significant reductions in Jmax in plants grown under higher salinity stress (see 

Section 4.3.4). This leads to lower photochemical efficiency in salt stressed plants as 

a result of lower RuBP regeneration that is required to sustain an appropriate rate of 

electrons to be transferred from the photosystem to the reaction centers (Li et al., 

2013; Sudhir and Murphy 2004).  

Overall, both diffusional and biochemical limitations play critical roles in plant 

responses under salinity and nutrient stresses. Our results confirm that these stresses 

not only limit the gas exchange between the atmosphere and the photosynthetic 

machinery in the leaf, but also alter the functionality of the photosynthetic apparatus. 

Fertilizer effects were minimal at early vegetative growth stages (see Figure 4. and 

Figure 4.), whereas plant photosynthetic traits were significantly improved by higher 
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fertilizer doses at later growth stages (see Figure 4., Figure 4. and Figure 4.). However, 

the fertilizer interaction with salinity was non-significant for most of the measured 

traits (Table 4. & Table 4.). This suggests that while both salinity and nutrient stress 

can significantly affect the leaf photosynthetic activity of wheat individually, their 

interactive influence remains unclear for most of the physiological traits investigated.  

Chen et al. (2013) reported that both stomatal conductance and metabolic limitations 

on photosynthesis dominated in C3 grass species exposed to salt stress, even at 

optimal levels of nutrient availability. Growth-stage specific responses of the 

photosynthetic process revealed the detrimental effects of salinity as well as the 

beneficial effects of fertilizer application at all growth stages. An exception was the 

early vegetative growth stage of tillering where a positive impact by increasing 

fertilizer dose was not observed. This may be attributed to the minimal nutrient 

requirements by plants at this stage, where soil nutrient reserves might be sufficient 

to meet plant requirements. In the later more vigorous growth stages, the response 

of photosynthetic parameters to fertilizer were significant, showing the dependency 

of plants on nutrients supplied by fertilizer for appropriate photosynthetic 

functioning.  
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4.5. Conclusion 

The photosynthetic responses to various levels of salinity and nutrient stress in 

winter wheat at four distinct growth stages of development cycle were examined. It 

was observed that reductions in photosynthetic activity in wheat under salinity and 

nutrient stress come from substantial diffusional as well as biochemical limitations 

on photosynthesis. Salinity stress adversely affected the photosynthetic traits of 

wheat at all growth stages. The application of full and double fertilizer doses 

recommended for wheat improved the photosynthetic activity substantially in the 

later vegetative and reproductive stages, although photosynthetic processes showed 

little response to fertilizer application at the earliest growth stage of tillering. 

Importantly, neither salinity nor nutrient stress affected the extent of the others 

influence on the photosynthetic process. A pronounced effect of salinity stress on 

photosynthetic water relations and biochemical parameters was observed at the 

early tillering growth stage due to the process of acclimation to the new environment 

at this stage. Unexpectedly, most of the photosynthetic parameters (i.e., An, gs, Tr, Vcmax, 

Jmax and Rd) showed a significant reduction in response to increasing fertilizer dose at 

this early growth stage. While these results are valid for this particular greenhouse 

setting, further verification under field settings and various environmental conditions 

is warranted.    
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Appendix 4- Values of treatment replications of net CO2 assimilation rate (A) and 

water relation parameters of leaf photosynthesis.  

Tillering stage 

A
n

 

Salinit
y Zero Fertilizer Full dose  Double dose 

Zero 34.58 28.29 36.44 33.63 36.32 30.67 26.80 25.86 25.25 

7.0 29.19 25.52 24.67 28.39 25.51 27.73 26.04 24.30 24.79 

14 20.95 23.52 15.87 22.18 17.66 15.65 22.87 25.17 23.35 

T
r 

Zero 6.81 7.55 8.60 8.17 7.48 8.58 4.91 5.06 5.23 

7.0 7.51 6.54 6.90 6.66 6.47 7.15 4.77 3.95 5.70 

14 3.58 5.01 4.05 4.39 3.16 2.59 3.66 5.33 4.01 

g
s 

Zero 0.56 0.70 0.76 0.68 0.51 0.72 0.36 0.37 0.40 

7.0 0.59 0.42 0.52 0.58 0.40 0.52 0.35 0.30 0.35 

14 0.22 0.32 0.26 0.30 0.18 0.15 0.23 0.24 0.27 

W
U

E
i Zero 3.08 3.75 3.24 4.12 3.86 3.57 5.46 5.11 4.83 

7.0 3.89 3.90 3.58 4.26 3.94 3.88 5.46 6.15 5.35 

14 4.85 4.69 3.92 5.05 5.59 5.04 7.25 5.73 5.82 

Booting stage 

A
n
 

Salinit
y Zero Fertilizer Full dose Double dose 

Zero 26.55 24.79 23.09 27.47 24.75 24.55 21.84 23.55 25.98 

7.0 25.08 27.03 29.49 29.89 27.91 30.51 29.22 29.74 31.20 

14 26.88 26.05 28.97 29.75 29.81 32.87 31.00 29.69 32.90 

T
r 

Zero 9.44 9.37 8.69 10.70 9.38 8.08 9.43 10.30 9.79 

7.0 8.03 6.96 9.08 9.69 8.40 8.20 9.65 7.55 10.09 

14 4.74 5.03 4.82 8.12 8.12 7.44 8.52 7.15 8.35 

g
s 

Zero 0.85 0.78 0.74 0.83 0.80 0.96 0.88 0.88 0.84 

7.0 0.53 0.66 0.72 0.88 0.74 0.67 0.84 0.75 0.73 

14 0.33 0.35 0.35 0.64 0.79 0.63 0.66 0.58 0.65 

W
U

E
i Zero 2.81 2.65 2.66 2.57 2.64 3.04 2.32 2.29 2.65 

7.0 3.12 3.89 3.25 3.08 3.32 3.72 3.03 3.94 3.09 

14 5.67 5.18 6.01 3.67 3.67 4.42 3.64 4.15 3.94 

Anthesis stage 

  A
n
 

Salinit
y Zero Fertilizer Full dose Double dose 

Zero 28.08 30.45 29.21 27.02 27.24 27.46 31.35 28.82 28.69 
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7.0 30.17 27.32 27.07 27.67 29.23 29.13 32.03 34.98 30.59 

14 29.34 27.55 28.20 28.35 28.80 27.56 30.37 32.36 33.52 
  T

r 
Zero 10.45 10.29 9.31 8.53 7.47 7.15 10.50 9.16 9.58 

7.0 8.26 7.33 8.29 6.68 8.02 6.70 8.87 10.01 9.97 

14 4.44 3.84 4.80 5.98 5.17 6.32 8.25 9.38 9.66 

  g
s 

Zero 0.65 0.80 0.62 0.71 0.79 0.78 0.80 0.78 0.68 

7.0 0.65 0.65 0.65 0.75 0.74 0.72 0.74 0.72 0.76 

14 0.65 0.54 0.51 0.55 0.57 0.57 0.63 0.57 0.57 

W
U

E
i Zero 3.31 2.96 2.78 3.66 4.10 3.84 3.98 5.15 4.17 

7.0 3.65 4.31 5.27 4.91 4.64 5.20 5.30 5.49 4.07 

14 6.60 6.18 5.88 6.96 5.57 6.31 6.19 5.45 5.47 

Maturity stage 

 A
n
 

Salinit
y Zero Fertilizer Full dose Double dose 

Zero 22.75 22.21 28.16 24.59 21.67 28.00 23.41 22.83 24.25 

7.0 23.37 20.09 19.08 25.97 25.26 23.52 26.57 27.58 23.20 

14 23.54 20.03 21.67 22.51 28.93 20.35 23.99 21.39 23.77 

T
r 

Zero 8.34 8.63 9.47 6.93 7.87 9.02 8.10 9.14 8.72 

7.0 7.10 8.51 9.31 7.53 7.86 6.93 8.65 8.30 6.42 

14 6.69 7.15 7.94 7.00 6.70 5.50 5.99 6.17 5.91 

g
s 

 

Zero 0.68 0.72 0.82 0.53 0.65 0.78 0.67 0.79 0.75 

7.0 0.57 0.70 0.80 0.59 0.60 0.54 0.73 0.77 0.45 

14 0.50 0.52 0.62 0.52 0.50 0.40 0.40 0.41 0.41 

W
U

E
i Zero 2.10 2.57 2.30 3.20 2.76 3.11 2.89 2.50 2.78 

7.0 3.29 2.36 2.05 3.45 3.21 3.39 3.07 2.98 3.62 

14 3.52 2.80 2.32 3.60 4.30 4.10 4.01 3.47 4.02 
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Appendix 4- Biochemical parameters of leaf photosynthesis across the growth stages of 
wheat arranged in order to distinguish treatment at different levels with replication 

Tillering stage 

V
cm

a
x 

Salinit
y Zero Fertilizer Full dose  Double dose 

Zero 145.3

8 

157.1

2 

155.3

6 

124.3

2 

134.3

8 

150.0

8 

141.4

4 

128.5

8 

124.3

8 
7.0 137.3

6 

127.6

2 

112.8

1 

120.2

4 

106.5

7 

109.1

2 

113.1

0 

109.7

9 

127.2

9 
14 98.87 104.4

9 

92.73 97.19 88.23 84.68 86.39 108.9

3 

88.11 

R
d
 Zero 1.17 0.97 0.16 1.05 0.09 1.31 0.97 0.81 0.71 

7.0 3.93 2.86 3.67 1.52 2.11 2.47 1.18 1.68 1.02 

14 5.70 6.61 4.06 4.15 3.87 3.41 2.02 2.26 1.50 

J m
a

x Zero 244.2

8 

259.4

1 

218.4

7 

213.9

6 

192.8

9 

219.6

8 

189.4

1 

161.8

4 

155.0

1 
7.0 179.9

3 

196.6

3 

195.4

6 

158.0

3 

136.5

2 

189.0

7 

156.6

9 

139.9

9 

153.0

4 
14 153.0

5 

180.9

4 

158.2

4 

119.2

5 

108.8

6 

111.2

4 

125.8

3 

140.5

6 

115.0

8 

g
m

 Zero 24.33 22.28 22.51 28.22 25.97 23.93 26.28 23.90 25.64 

7.0 20.05 21.37 21.03 23.19 22.57 24.00 22.18 21.47 23.51 

14 21.16 18.59 18.44 21.42 21.22 21.11 17.74 20.06 19.11 

Booting stage 

V
cm

a
x 

Salinit
y 

Zero Fertilizer Full dose Double dose 

Zero 147.8
5 

129.7

1 

145.1

6 

149.5

8 

166.2

3 

146.8

6 

162.4

0 

168.6

5 

149.0

0 
7.0 138.8

4 

125.5

0 

137.7

3 

160.4

7 

124.8

6 

147.1

7 

149.7

1 

148.0

8 

160.9

4 
14 116.1

4 

124.1

1 

113.5

5 

126.5

4 

132.0

6 

138.2

9 

143.8

1 

160.6

9 

122.1

8 

R
d
 

Zero 1.21 0.90 1.13 0.63 0.32 0.61 0.70 0.57 0.58 

7.0 1.46 1.30 1.84 0.73 0.96 0.73 0.64 0.75 0.96 

14 1.86 1.64 2.00 1.37 1.09 1.19 1.09 0.91 1.27 

J m
a

x 

Zero 229.8

5 

191.9

7 

206.1

9 

214.2

8 

260.5

7 

229.9

3 

261.9

7 

204.3

2 

225.2

3 
7.0 188.9

9 

180.1

6 

211.0

5 

247.4

8 

187.0

1 

239.5

6 

238.4

4 

222.2

6 

197.3

4 
14 186.0

4 

196.3

5 

185.9

7 

220.2

9 

232.8

2 

195.3

2 

220.2

4 

178.6

7 

219.1

5 

g
m

 

Zero 23.95 17.28 20.32 20.13 25.77 20.31 21.76 27.09 21.51 

7.0 15.75 17.90 19.36 14.76 18.60 17.71 19.49 24.46 21.77 

14 14.08 13.70 12.93 12.44 15.18 16.20 17.39 15.74 18.73 

Anthesis stage 

V
cm

a
x 

Salinit
y 

Zero Fertilizer Full dose Double dose 

Zero 155.7
0 

140.8

7 

162.0

4 

158.8

7 

161.3

7 

149.7

5 

184.9

6 

176.6

3 

161.9

2 
7.0 153.2

1 

145.7

7 

142.4

3 

150.3

6 

129.4

7 

146.1

5 

160.3

6 

156.2

8 

177.8

0 
14 133.2

0 

115.9

0 

134.6

7 

139.3

6 

134.7

3 

123.6

8 

147.4

1 

167.1

8 

134.7

9 

R
d
 

Zero 1.70 1.46 1.90 1.26 1.37 1.89 1.15 1.68 1.46 

7.0 2.35 1.70 2.07 1.66 2.01 1.75 1.86 1.69 1.58 

14 3.07 2.64 3.51 2.22 2.32 2.64 2.55 2.42 1.86 
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J m
a

x 

Zero 217.6

6 

218.9

2 

207.3

8 

245.2

8 

228.5

4 

211.2

5 

238.9

2 

233.5

0 

218.3

7 
7.0 212.4

1 

188.8

9 

207.9

6 

215.1

1 

196.1

1 

209.7

0 

222.1

7 

224.9

1 

213.5

6 
14 173.2

2 

167.8

0 

179.0

6 

183.2

4 

195.3

9 

191.0

2 

195.9

1 

196.1

7 

182.4

0 

g
m

 

Zero 22.12 19.72 21.18 23.89 22.36 22.30 24.52 23.94 26.19 

7.0 14.52 17.62 18.10 19.25 17.80 18.56 23.30 21.23 19.17 

14 15.09 17.97 14.24 13.88 14.72 17.93 14.26 17.32 18.66 

Maturity stage 

V
cm

a
x 

Salinit
y 

Zero Fertilizer Full dose Double dose 

Zero 90.76 83.79 101.9

8 

94.41 99.84 104.1

4 

109.2

8 

97.78 113.8

2 
7.0 90.85 80.44 76.79 96.93 95.21 86.33 105.6

0 

105.7

8 

101.9

3 
14 84.63 73.27 76.05 88.65 90.11 78.62 103.3

7 

93.59 97.23 

R
d
 

Zero 1.39 1.18 1.31 1.70 2.01 1.13 1.33 1.25 1.31 

7.0 2.19 2.08 1.53 2.46 2.53 2.05 2.94 2.17 1.97 

14 3.18 3.00 2.48 3.00 3.68 3.92 2.59 2.14 2.80 

J m
a

x 

Zero 200.5

8 

186.0

1 

216.0

4 

219.2

6 

204.3

3 

252.5

3 

211.6

5 

230.2

3 

231.2

8 
7.0 199.3

7 

175.0

9 

185.2

6 

222.4

7 

198.9

5 

197.3

7 

203.7

3 

225.6

9 

220.3

8 
14 187.0

4 

164.6

2 

167.2

1 

189.2

0 

178.9

3 

177.9

2 

223.4

3 

197.3

1 

189.2

2 

g
m

 

Zero 23.48 21.00 21.76 26.00 24.25 23.20 25.34 23.92 25.83 

7.0 17.37 19.42 19.56 21.30 20.10 21.27 22.66 21.43 21.26 

14 18.20 18.20 16.27 17.60 18.04 19.60 16.08 18.61 18.85 
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A Random Forest Machine Learning Approach for the Retrieval of 
Leaf Chlorophyll Content in Wheat 

Abstract 

Developing rapid and non-destructive methods for chlorophyll estimation over large 

spatial areas is a topic of much interest, as it would provide an indirect measure of 

plant photosynthetic response, be useful in monitoring soil nitrogen content, and 

offer the capacity to assess vegetation structural and functional dynamics. Traditional 

methods of direct tissue analysis, soil testing or use of hand held meters are not able 

to capture chlorophyll variability at anything beyond point scales, so are not 

particularly useful to inform a decision on plant health and status at the field scale. 

Examining the spectral response of plants via remote sensing has shown much 

promise as a means to capture variations in vegetation properties, while offering a 

non-destructive and scalable approach to monitoring. However, determining the 

optimum combination of spectra or spectral indices to inform upon plant response 

remains an active area of investigation. Here, we explore the use of a machine learning 

approach to enhance the estimation of leaf chlorophyll (Chlt), defined as the sum of 

chlorophyll a and b, from spectral reflectance data. Using an ASD FieldSpec 4 Hi-Res 

spectroradiometer, 2,700 individual leaf hyperspectral reflectance measurements 
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were acquired from wheat plants grown across a gradient of soil salinity and nutrient 

levels in a greenhouse experiment. The extractable Chlt was determined from 

laboratory analysis of 270 collocated samples, each composed of 3 leaf discs. A 

random forest regression algorithm was trained against these data, with input 

predictors based upon 1) reflectance values from 2,102 bands across the 400-2500 

nm spectral range; and 2) 45 established vegetation indices. As a benchmark, a 

standard univariate regression analysis was performed to model the relationship 

between measured Chlt and the selected vegetation indices. Results show that the 

root mean square error (RMSE) was significantly reduced when using the machine 

learning approach compared to standard linear regression. When exploiting the 

entire spectral range of individual bands as input variables, the random forest 

estimated Chlt with an RMSE of 5.49 µg.cm-2 and an R2 of 0.89. Model accuracy was 

improved when using vegetation indices as input variables, producing an RMSE 

ranging from 3.62 to 3.91 µg.cm-2, depending on the particular combination of indices 

selected. In further analysis, input predictors were ranked according to their 

importance level, and a step-wise reduction in the number of input features (from 45 

down to 7) was performed. Implementing this resulted in no significant effect on the 

RMSE, and showed that much the same prediction accuracy could be obtained by a 

smaller sub-set of indices. Importantly, the random forest regression approach 

identified many important variables that were not good predictors according to their 
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linear regressions statistics. Overall, the research illustrates the promise in using 

established vegetation indices as input variables in a machine learning approach for 

the enhanced estimation of Chlt from hyperspectral data. 
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5.1.  Introduction 

Photosynthesis is the fundamental physiological process of plant survival, and 

supports life on Earth through production of food and oxygen via the uptake of carbon 

dioxide (Longstreth and Nobel, 1979; Reddy et al., 2004, Beer et al., 2010). 

Chlorophyll present in green leaves is a key driver of photosynthesis (Hosikian et al., 

2010; Stengel et al., 2011) through its ability to convert sunlight into the biochemical 

energy responsible for carbon fixation. Chlorophyll works as an indirect measure of 

gross primary productivity of an ecosystem (Feret et al., 2008) due to its robust 

relationship with vital biophysical and biochemical processes (Cannella et al., 2016; 

Gitelson et al., 2014; Houborg et al., 2015). The accurate estimation of leaf chlorophyll 

content (Chlt) is an important element in monitoring overall plant health, managing 

fertilizer application, as well as other inputs in agricultural systems, where 

productivity levels are directly related to plant condition. Traditional laboratory-

based methods of measuring photosynthetic pigments involve complex procedures 

of solvent extraction followed by in-vitro spectrophotometric determination, which 

make them destructive, labor intensive, time consuming and expensive (Fernández-

Marín et al., 2015). Likewise, laborious sampling and analytical procedures generally 

make data collection over larger space and time domains impractical. As an 

alternative, spectral sensing has gained much attention for crop management and 
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yield estimation over the past few years (Houborg et al., 2015; Houborg and McCabe, 

2016), with its application to high throughput plant phenotyping efforts also showing 

considerable promise (Gonzalez-Dugo et al., 2015). Importantly, narrowband 

hyperspectral measurement has the potential to offer a reliable, rapid, cost-effective 

and non-destructive approach to assess the key photosynthetic pigments in leaves 

over a large area (Serbin et al., 2012).  

It is well recognized that the spectral properties of a leaf are governed by surface 

characteristics, internal structure and concentration of biochemical constituents 

(Peñuelas and Filella, 1998). As such, many vegetation indices (VIs) have been 

derived from various mathematical combinations (simple ratios, differences, 

normalized difference and derivatives) of hyperspectral data in order to help 

characterize some of these plant features. Vegetation indices constructed from data 

in the visible to near-infrared (VNIR) and shortwave infrared (SWIR) region of the 

electromagnetic spectrum have shown much value as tools for the prediction of 

biomass production (Hansen and Schjoerring, 2003), leaf biochemical constituents 

(Boegh et al., 2013) and physiological characteristics (Liu et al., 2014). Indeed, there 

are several advantages to using VIs instead of single bands, as the index normalization 

typically enhances the interpretability of plant properties by reducing the impact of 

non-photosynthetic plant elements, such as soil background, atmospheric conditions 

and spectral geometry (Fletcher, 2016). VIs have been used as a tool to detect not only 
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the spatial variability within the field, but also the seasonal variability of green foliage, 

making them suitable for application in precision agriculture and crop phenotyping 

(Viña et al., 2011).  

Active research continues into the appropriate interpretation and understanding of 

the nature of developed VIs as optimized for particular applications (Boegh et al., 

2002). Many previous studies have shown how using a single, or even a few VIs 

calculated from remotely sensed data, can be employed to estimate crop properties 

(Hansen and Schjoerring, 2003; Wang et al., 2018; Wang et al., 2016). However, pre-

selecting only a few spectral bands (out of the entirety of the VNIR spectral range) to 

derive a single vegetation index that measures a particular biochemical or biophysical 

attribute, has the potential to ignore useful information contained within the 

remaining spectral data (Liu et al., 2016). While in the past this has been the result of 

the relatively limited availability of satellite-based spectral bands, an expansion of 

hyperspectral capabilities, both for on-ground and remote sensing retrieval, provides 

new opportunities to explore the benefit of high-spectral resolution information 

content (Houborg et al., 2015; McCabe et al., 2017).  

Apart from the use of hyperspectral sensors to provide improved insight and 

understanding of plant behavior and response, big data analytics in conjunction with 

advances in computational capacity, has opened up new avenues for the development 
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of novel tools and techniques to extract enhanced information content. In recent 

years, machine-learning techniques have been employed using spectral reflectance 

data as input to build predictive models for plant traits, showing improved prediction 

accuracy and robustness (Wang et al., 2018; Wang et al., 2016). Random Forests (RF) 

are among the most popular machine learning methods due to their proven accuracy, 

stability, and ease of use. RF machine learning also provides two straightforward 

methods for feature selection: mean decrease impurity and mean decrease accuracy 

(Breiman, 2001; Houborg and McCabe, 2018). The random forest approach has 

several advantages over other machine learning techniques in terms of efficiency and 

accuracy for estimation of agronomic parameters of crops and has been used in 

applications varying from forest growth monitoring, water resources assessment and 

wetland biomass estimation (Abdel-Rahman et al., 2014; Belgiu and Drăguţ, 2016; 

Mutanga et al., 2012; Prasad et al., 2006; Wang et al., 2016).  

To date, relatively few studies have investigated the use of VIs as input features in the 

RF model for prediction of plant traits. RF based machine learning models, using 

vegetation indices derived from multispectral data as input, have been used for the 

prediction of leaf area index (Dahms et al., 2016), leaf nitrogen (Liu et al., 2016) and 

SPAD values (Dahms et al., 2016). Normalized difference vegetation indices (NDVIs) 

derived from multispectral data have also been used as input to an RF machine 

learner for differentiation between plant species (Fletcher, 2016). In one study, 
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wetland vegetation biomass was estimated by Mutanga et al. (Mutanga et al., 2012) 

using NDVI derived from WorldView-2 data as an input variable. In another, Liang et 

al. (Liang et al., 2016) established diagnostic models of dust stress intensity in wheat 

from a random forest classification algorithm using VIs (designed for dust pollution 

stress) as input variables. A paper relevant to the present work is that of Wang et al. 

(Wang et al., 2016), who determined that the RF regression algorithm was the most 

useful machine learning method for wheat biomass estimation, compared against a 

support vector regression (SVR) and an artificial neural network (ANN) 

implementation. In their study, fifteen VIs calculated from multi-spectral satellite 

data were collected at three stages (jointing, booting and anthesis) of wheat growth, 

and used as input variables to the RF machine learner. Another recent and related 

study explored the application of a number of machine learning approaches and more 

than 90 vegetation indices to estimate chlorophyll content in shaded tea (Sonobe et 

al., 2018), and found that a Kernel-based extreme learning approach performed best. 

The objective of the present study was to evaluate the potential of hyperspectral data 

to quantify Chlt in wheat, using traditional statistical approaches in conjunction with 

machine learning techniques. We hypothesize that using different combinations of 

established vegetation indices could provide improved estimates of Chlt than any 

single index alone. In exploring this idea, we also examine the retrievable information 

content obtained from exploiting the entire high resolution hyperspectral dataset 
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(2,102 bands) relative to a sub-set of 45 established vegetation indices, using both as 

input predictors in a machine learner. A key objective of our study was to examine 

the use of these established VIs as predictors of Chlt. We benchmark the random forest 

machine learning techniques performance relative to that of a simple linear 

regression against individual indices. 
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5.2.  Materials and Methods 

To establish the performance of both simple regression and machine learning 

approaches for the prediction of chlorophyll based on vegetation indices and full-

spectrum data, we undertook a greenhouse based experiment with wheat plants. The 

plants were grown across a number of stress gradients (nutrient and salinity) and 

their growth monitored throughout the crop development cycle. Details on the 

hyperspectral data and the experiment are provided in the following paragraphs.  

5.2.1. Greenhouse pot experiment 

The study was conducted at the greenhouse facility of King Abdullah University of 

Science and Technology using spring wheat (Triticum aestivum L.) as plant material 

during the year 2015. Further details, procedures and protocols are provided in 

Section 2.1, so are not repeated here.  

5.2.2. Hyperspectral data acquisition 

At the anthesis stage of the plant growth, and right before physiological maturity, fully 

expanded leaves were chosen for all of the investigations during the experiment. 

Starting next to the flag leaf, five leaves were selected from the top to the bottom of 
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the plant and properly tagged. As there were two plants grown per treatment pot, the 

total number of measurements amounted to 10 leaves for each treatment unit. Leaf 

hyperspectral measurements were obtained with a full range hyperspectral ASD 

FieldSpec 4 Hi-Res (Analytical Spectral Devices Inc., Boulder, Colorado) 

spectroradiometer. A detailed description of the measurement protocols is provided 

in Section 2.5. 

5.2.3. Chlorophyll determination 

Leaf chlorophyll content was determined by collecting samples from the point leaves 

(and corresponding to the spectral data sampling) via chemical extraction and 

spectrophotometric analysis in the laboratory. Each sample was composed of three 

leaf disks, punched from the same location on the leaf that the spectral data was 

sampled. A detailed account of the procedure is provided in Section 2.6 of the 

Materials and Methods chapter. 

5.2.4. Hyperspectral data processing and extraction of vegetation 

indices  

The hyperspectral data was subjected to preprocessing for removal of outliers and 

noise, followed by exploration using the MATLAB (MathWorks, Natick, MA) software 
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package. Specifically, spectral bands ranging from 350-400 nm were removed from 

the data due to the considerable signal noise in that region. Our approach was to 

investigate the impact of using bands distributed across the entire spectral range 

(400-2500 nm) versus a selection of distinct vegetation indices as model input 

parameters for estimating leaf chlorophyll content.  

Numerous VIs have been developed by researchers to estimate different plant traits 

related to biophysical, biochemical and phenological characteristics, such as 

chlorophyll content, leaf area index (LAI), photosynthetic capacity and canopy 

structure, as well as to capture seasonal variations in the vegetation properties 

(Huete et al., 2002, Thenkabail et al., 2000). A database of 45 vegetation indices 

(Table 5.), which have shown potential for assessing attributes of vegetation 

parameters related to plant phenology and biochemistry, were preselected for 

analysis. Constituent bands of the vegetation indices were first calculated from the 

high resolution hyperspectral data by taking the average of the b±2 bands, where b 

represents the band center. This allowed us to make use of the neighboring 

wavelengths of the target bands in the high resolution data. The list of indices in 

Table 5. includes 15 vegetation indices that were calculated based on the first 

derivative of the spectral data in the visible red-edge region. These indices, referred 

to as Derivative Normalized Difference (DND) measures, are normalized difference 

indices of the first derivative of the transformed narrow-bands (Cao and Wang, 2017; 
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Sonobe and Wang 2017) determined at various reflectance band combinations (as 

described in further detail below).  

With developments in high resolution hyperspectral sensing, new data processing 

techniques such as spectral derivative analysis mentioned above, have been 

introduced (Kochubey and Kazntsev, 2012). For example, the red-edge position of the 

reflectance spectra is defined by the maximum first derivative of the wavelengths in 

that region (Wang et al., 2018) (i.e. the maximum slope across the spectral 

measurements in that range). The red-edge position and the variations in the relative 

heights of the maxima in the first derivative of the red-edge region are induced by 

alterations in the leaf pigments, due to biotic or abiotic factors. So called derivative 

indices, derived from the first derivatives of the reflectance spectra at 650-750 nm, 

have been used successfully for estimation of chlorophyll related vegetation 

characteristics in a number of studies (Lamb et al., 2002; Smith et al., 2004; Sonobe 

and Wang, 2018; Zarco-Tejada et al., 2003). For example, normalized difference 

indices of the first derivative can be determined at various reflectance band 

combinations. The first derivative Dλ, can be calculated as (Dλ+10 - Dλ-10)/20, where λ 

represent the specific reflectance band. These indices have shown resistance to the 

background contributors (such as soil), which are responsible for distortions in the 

reflectance spectra (Kochubey and Kazntsev, 2012) and have demonstrated 
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applications related to chlorophyll-based characteristics of vegetation in several 

areas (Toniol et al., 2017; Wang et al., 2018).   

Table 5..  Vegetation indices examined in this research with their formulae and references 

No Name Vegetation Index Reference 

1 Anthocyanin Reflectance 
Index 

𝐴𝑅𝐼2 =  𝑅803 (
1

𝑅549
−

1

𝑅702
) 

Gitelson et 
al., 2001 

2 Atmospherically Resistant 
Vegetation Index 𝐴𝑅𝑉𝐼 =  

𝑅872 − [𝑅661 − (𝑅488 − 𝑅661)]

𝑅872 + [𝑅661 − (𝑅488 − 𝑅661)]
 

Kaufman 
and Tanre, 
1992 

3 Carotenoid Reflectance 
Index 

𝐶𝑅𝐼1 =  
1

𝑅508
−

1

𝑅549
 

Gitelson et 
al., 2002 

4 Carotenoid Reflectance 
Index 

𝐶𝑅𝐼2 =  
1

𝑅508
−

1

𝑅702
 

Gitelson et 
al., 2002 

5 Enhanced Vegetation Index 
𝐸𝑉𝐼 = 2.5 ∗ [

𝑅872 − 𝑅661

𝑅872 + 6 ∗ 𝑅661 − 7.5 ∗ 𝑅488 + 1
] 

Huete et 
al., 2002 

6 Green Atmospherically 
Resistant Index 𝐺𝐴𝑅𝐼 =  

𝑅872 − [𝑅559 − (𝑅488 − 𝑅661)]

𝑅872 + [𝑅559 − (𝑅488 − 𝑅661)]
 

Gitelson et 
al., 1996 

7 Green Norm. Difference 
Vegetation Index 

𝐺𝑁𝐷𝑉𝐼 =
𝑅872 − 𝑅559

𝑅872 + 𝑅559
 

Gitelson et 
al., 1998 

8 Green Ratio Vegetation 
Index 

𝐺𝑅𝑉𝐼 =
𝑅872

𝑅559
 

Sripada et 
al., 2006 

9 Modified Chlorophyll 
Absorption Ratio Index 

𝑀𝐶𝐴𝑅𝐼 = [(𝑅702 − 𝑅671) − 0.2 ∗ (𝑅702 − 𝑅549)] ∗ (
𝑅702

𝑅671
) 

Daughtry 
et al, 2000 

10 Modified Chlorophyll 
Absorption Ratio Index 
Improved 

𝑀𝐶𝐴𝑅𝐼2 =
1.5 ∗ [2.5 ∗ (𝑅803 − 𝑅671) − 1.3 ∗ (𝑅803 − 𝑅549)] 

√(2 ∗ 𝑅803 + 1)2 − (6 ∗ 𝑅803 − 5 ∗ √𝑅671)  − 0.5

 
Haboudane 
et al., 2004 
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11 Modified Red Edge 
Normalized Difference 
Index 

𝐴𝑅𝑉𝐼 =
𝑅872 − [𝑅661 − (𝑅488 − 𝑅661)]

𝑅872 + [𝑅661 − (𝑅488 − 𝑅661)]
 

Sims and 
Gamon, 
2002 

12 MERIS Terrestrial 
Chlorophyll Index 

𝑀𝑇𝐶𝐼 =
𝑅742 − 𝑅702

𝑅702 + 𝑅661
 

Dash and 
Curran, 
2004 

13 MERIS Terrestrial 
Chlorophyll Index 
Improved 

𝑀𝑇𝐶𝐼2 =
𝑅742 − 𝑅712

𝑅712 + 𝑅661
 

Dash and 
Curran, 
2004 

14 Modified Triangular 
Vegetation Index - 
Improved 

𝑀𝑇𝑉𝐼2 =
1.5 ∗ [1.2 ∗ (𝑅803 − 𝑅549) − 2.5 ∗ (𝑅671 − 𝑅549)] 

√(2 ∗ 𝑅803 + 1)2 − (6 ∗ 𝑅803 − 5 ∗ √𝑅671)  − 0.5

 
Haboudane 
et al., 2004 

15 Normalized Difference 
Red-edge Simple Ratio 

𝑁𝐷𝑅𝑆𝑅 =
𝑅872 − 𝑅712

𝑅872 + 𝑅712
 

Gitelson et 
al., 2005 

16 Normalized Difference 
Vegetation Index 

𝑁𝐷𝑉𝐼 =
𝑅872 − 𝑅661

𝑅872 + 𝑅661
 

Rouse et 
al., 1973 

17 Normalized Difference 
Water Index 

𝑁𝐷𝑊𝐼 =
𝑅872 − 𝑅1245

𝑅872 + 𝑅1245
 

Gao, 1996 

18 Non-Linear Index 
𝑁𝐿𝐼 =

𝑅872
2 − 𝑅661

𝑅872
2 + 𝑅661

 
Goel et al., 
1994 

19 Photochemical Reflectance 
Index 

𝑃𝑅𝐼 =
𝑅529 − 𝑅569

𝑅529 + 𝑅569
 

Gamon et 
al., 1997 

20 Photochemical Radiation 
Index Improved 

𝑃𝑅𝐼4 =
𝑅529 − 𝑅671

𝑅529 + 𝑅671
 

Goerner et 
al., 2011 

21 Red Edge Normalized 
Difference Vegetation 
Index 

𝑀𝑅𝐸𝑁𝐷𝑉𝐼 =
𝑅752 − 𝑅702

𝑅752 + 𝑅702
 

Sims and 
Gamon, 
2002 

22 Red Green Ratio Index 
𝑅𝐺𝑅𝐼 =

∑ 𝑅𝑖
691
𝑖=600

∑ 𝑅𝑗
599
𝑗=498

 
Gamon and 
Surfus, 
1999 

23 Renormalized Difference 
Vegetation Index 

𝑅𝑁𝐷𝑉𝐼 =
𝑅872 − 𝑅661

√𝑅872 + 𝑅661

 
Roujean 
and Breon, 
1995 
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24 Red-edge Simple Ratio 
𝑅𝑆𝑅 =

𝑅872

𝑅712
 

Gitelson et 
al., 2005 

25 Soil Adjusted Vegetation 
Index 𝑆𝐴𝑉𝐼 =

1.5 ∗ (𝑅872 − 𝑅661)

(𝑅872 + 𝑅661) + 0.5
 

Huete et 
al., 1988 

26 Structure Insensitive 
Pigment Index 

𝑆𝐼𝑃𝐼 =
𝑅803 − 𝑅447

𝑅803 − 𝑅681
 

Penuelas et 
al., 1995 

27 Semi Empirical Index 
𝑆𝑅 =

𝑅872

𝑅661
 

Birth et al., 
1968 

28 Visible Atmospherically 
Resistant Index 

𝑉𝐴𝑅𝐼 =
𝑅559 − 𝑅661

𝑅559 + 𝑅661 − 𝑅488
 

Gitelson et 
al., 2002a 

29 Vogelmann Red Edge Index 
𝑉𝑅𝐸𝐼1 =

𝑅742

𝑅722
 

Vogelmann 
et al., 1993 

30 Vogelmann Red Edge Index 
Improved 

𝑉𝑅𝐸𝐼2 =
𝑅732 − 𝑅752

𝑅712 + 𝑅722
 

Vogelmann 
et al., 1993 

31 Derivative Simple Ratio 02 𝐷02 =
𝐷702

𝐷722
 

 

32 Derivative Simple Ratio 32 𝐷32 =
𝐷732

𝐷702
 

 

33 Derivative Simple Ratio 12 𝐷12 =
𝐷712

𝐷702
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Maximum 
Derivative of 
all the range 

𝐷𝑀𝐴𝑋
= ([𝐷651, 𝐷661, 𝐷671, 𝐷681, 𝐷691, 𝐷702, 𝐷712, 𝐷722, 𝐷732, 𝐷742, 𝐷752]) 

 

35 DMAX Simple 
Ratio with D712 

𝐷𝑀𝐴𝑋12 =
𝐷𝑀𝐴𝑋

𝐷712
 

 

36 DMAX Simple 
Ratio with D722 

𝐷𝑀𝐴𝑋22 =
𝐷𝑀𝐴𝑋

𝐷722
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Note: Normalized difference indices of the first derivative transformed narrow-bands (DND) were 
determined at various reflectance band combinations. First derivative Dλ was calculated as (Dλ+10 -Dλ-10)/20, 
where λ represent the reflectance band.  
 

5.2.5. Overview of Statistical Procedures Performed  

In this analysis, three distinct procedures were undertaken to elucidate the capacity 

to retrieve chlorophyll content using hyperspectral data. In the first, simple linear 

37 DMAX Simple 
Ratio with D742 

𝐷𝑀𝐴𝑋42 =
𝐷𝑀𝐴𝑋

𝐷742
 

 

38 Normalized 
Difference 
Derivative 1 

𝐷𝑁𝐷1 =
𝐷742 − 𝐷529

𝐷742 + 𝐷529
 

 

39 Normalized 
Difference 
Derivative 2 

𝐷𝑁𝐷2 =
𝐷722 − 𝐷529

𝐷722 + 𝐷529
 

 

40 Normalized 
Difference 
Derivative 3 

𝐷𝑁𝐷3 =
𝐷742 − 𝐷549

𝐷742 + 𝐷549
 

 

41 Normalized 
Difference 
Derivative 4 

𝐷𝑁𝐷4 =
𝐷722 − 𝐷549

𝐷722 + 𝐷549
 

 

42 Normalized 
Difference 
Derivative 5 

𝐷𝑁𝐷5 =
𝐷742 − 𝐷671

𝐷742 + 𝐷671
 

 

43 Normalized 
Difference 
Derivative 6 

𝐷𝑁𝐷6 =
𝐷722 − 𝐷651

𝐷722 + 𝐷651
 

 

44 Normalized 
Difference 
Derivative 7 

𝐷𝑁𝐷7 =
𝐷742 − 𝐷702

𝐷742 + 𝐷702
 

 

45 Normalized 
Difference 
Derivative 8 

𝐷𝑁𝐷8 =
𝐷742 − 𝐷691

𝐷742 + 𝐷691
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regression of the chlorophyll content against the individual 45 vegegation indices 

calculated from the hyperspectral data was employed. Following this, an 

implementation of a random forest machine learning approach was used to examine: 

1) the full range of the hyperspectral data, using individual bands as input variables 

to monitor pigment retrieval; and 2) the use of established vegetation indices as input 

variables to infer chlorophyll content, initially using the 45 selected indices and then 

progressively reducing the number of input variables to observe the impact on 

retrieval accuracy. 

Following is a more detailed description of each of these procedures and the 

underlying rationale used.  

5.2.5.1. Simple Univariate Regression Analysis 

The indices in Table 5. were evaluated for their performance in estimating leaf Chlt by 

performing simple regression analysis and curve fitting on the data obtained from 

laboratory analysis of leaf samples and the in-situ collected spectral data. During the 

analysis, each of the VIs were used as a single explanatory variable one-by-one for 

estimation of Chlt. Several regression models including linear, quadratic, logarithmic, 

cubic, exponential, inverse and power were examined, and the best performing 

models were chosen based on the coefficient of determination (R2) and the root 
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means square error (RMSE). Linear regression is simple to understand, fast to model 

and particularly useful when the data is not particularly complex. A key advange of 

the linear regression is that it can predict values outside of the training data range. 

While regression analysis is simple to implement, fast to model and particularly 

useful when the variable space is not particularly complex, other more advanced data 

analytics are likely required to fully exploit highly complex and multi-dimensional 

hyperspectral data sets. 

Taking advantage of the large number of narrowband high resolution spectral data 

with corresponding pigment data obtained from chemical analysis in the laboratory, 

we also explored the performance and accuracy of predicting chlorophyll content 

from spectral data using a novel multivariate regression analysis (i.e. the random 

forest machine learning approach). The rationale for doing this is the inability of 

general linear models to relate the large number of explanatory variables (narrow 

spectral bands and VIs) that interact to provide an accurate representation of a 

response variable (in this case, chlorophyll). Further details of this approach are 

provided below. 

  



241 

 

 

 

5.2.6. Applications of Machine Learning 

Spectral data sets typically contain many more unique variables than the physical 

samples against which they are being compared, presenting the ‘curse of 

dimensionality’ problem (Touw et al., 2014). Machine learning algorithms brought 

about a revolution in the extraction of knowledge from high dimensional data 

(Breiman, 2001; Verikas et al., 2011). However, the “No Free Lunch” theorem states 

that no machine learning algorithm is absolutely suitable for all problems (Seif, 2018). 

Indeed, the right choice of machine learning technique is dependent on the size and 

structure of the data and remains uncertain until tested on the data being 

investigated. However, certain properties of each machine learning algorithm are 

taken as guidance in the selection of the algorithm for any particular problem. 

Support Vector Machine (SVM), Artificial Neural Networks (ANNs) and Random 

Forest (RF) approaches are some of the well-known machine learning methods that 

have been successfully used to extract physiological plant characteristics from 

hyperspectral data (Doktor et al., 2014; Villmann et al., 2013).  SVM is considered to 

be particularly good at dealing with complex classification problems such as tree 

species differentiation, and it has also been reported as a robust method in regression 

analysis of hyperspectral data (Ghosh et al., 2014; Raczko and Zagajewski, 2017; 

Suess et al., 2015). The SVM fits a hyperplane to estimate the nonlinear relationship 
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between input vectors of spectral signature and response variables through 

minimizing the upper limit of the prediction error (Cortes and Vapnic, 1995). For a 

typical hyperspectral dataset, the model is tuned for locating a non-linear separating 

hyperplane in a space of high-dimensionality using kernels (Karatzglou et al., 2006).  

ANNs are models that are inspired by the structure and functions of neural networks 

present in biological systems. They consist of interconnected groups of nodes, which 

are analogous to the neurons in living systems. Input variables are passed to these 

neurons as a multi-linear combination of weights, which gives the neural network the 

ability to model complex non-linear relationships. ANNs have previously been 

applied to the estimation of biophysical parameters of vegetation (Gupta et al., 2015; 

Linderman et al., 2004) and are widely applied in Earth surface remote sensing with 

similar accuracies as RF and SVM (Petropoulos et al., 2012; Rumelhart et al., 1986). 

However, this technique is not considered suitable for small to medium size data, as 

it requires rather large training sets relative to other approaches.  

RF is a non-parametric ensemble classification and regression machine learning 

approach based on many decision trees as base classifiers. It provides a means of 

averaging predictions of multiple decision trees, trained on different sub-sets of the 

same data, in order to overcome the problem of over-fitting by individual decision 

trees. Comparisons of these machine learning algorithms have been made in various 
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studies using hyperspectral data (Abdel-Rahman et al., 2011; Abdel-Rahman et al., 

2014; Gao et al., 2018; Raczko and Zagajewski, 2017) but with inconclusive results.  

There are a few considerations that establish the RF approach as preferable to other 

methods. RF can handle a large number of variables (and relatively small number 

samples) as well as complex, multivariate and non-linear relationships. It is relatively 

simple and requires only two tuning paramenters. RF has the ability to to provide a 

variable importance metric to rank input variables. The RF technique has the built in 

cross-validation mechanism through the OOB error. It has been shown to provide 

relatively good accuracy without the danger of over-fitting. The bootstrapping 

approach, representing the random selection of a sub-set sampled from the entire 

data set that is used in the construction of decision trees, also acts to reduce the 

prediction error. Instead of growing a single deep decision tree, growing multiple 

trees with parallelized computations also makes the algorithm faster. In addition, the 

RF machine learning method provides a straightforward approach of feature 

selection and cascading the variable importance. There are relatively few 

assumptions attached to it, so data preparation and model parameterization is less 

challenging. However, there is some loss of interpretability of results at the expense 

of a boost in the final model performance. Ensemble RF regression approaches 

combine the fits from a large number (100’s or 1000’s) of individual regression tree 
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models to provide an overall predictor. The methodology uses multiple decision trees 

as building blocks.  

To understand how the RF works first requires an understanding of what decision 

trees are and how they are grown. Decision trees (named after the tree-like structure 

representation of the predictive model) are statistical models designed for 

supervised prediction problems in which a set of explanatory variables (also known 

as input features or predictors i.e. spectral bands and VIs in our study) are used to 

“predict” the value of a response or target variable (e.g. chlorophyll content). An 

illustration of a simple decision tree analysis is provided in Figure 5.. Here, the tree is 

read from the top down, starting from the root (root node), going down through the 

internal nodes (the splits based on the values of one of the predictors), and finishing 

when a terminal node (called a leaf) is reached. Each regression tree extends from the 

roots to leaves under a set of conditions and restrictions (Breiman et al., 1984, 

Breiman et al., 2001). The internal nodes are decision points. The starting point of the 

single decision tree growth is to draw several bootstrap samples (randomly selected 

subset data) from the larger training data set. This increases diversity in the forest, 

leading to a more robust overall prediction. A regression tree is fitted to each of the 

bootstrap samples in such a way that for each node of a tree, a subset of randomly 

selected input predictors is considered for binary partitioning (a binary decision rule 
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is applied for split at each node). The Gini Index is often used for split based on a pure 

choice in the decision trees (choosing the input predictor with the lowest Gini Index): 

𝐼𝐺(𝑡𝑋(𝑥𝑖)
) = 1 − ∑ 𝑓(𝑡𝑋𝑥𝑖 , 𝑗)2

𝑚

𝑗=1

 

where xi is a value of the sample proportion, 𝑓(𝑡𝑋𝑥𝑖
, 𝑗) is the proportion of 

samples with the value xi belonging to leaf j as at node t (Wang et al., 2016). Each 

decision tree grows from the root node, splits into branches (intermediate nodes) and 

down to terminal nodes (leaves). Every node in the tree checks a condition of only 

one predictor variable at a time (e.g. NDVI <0.5) for all the observations. If the 

condition is fulfilled, another predictor variable is taken for the next node (e.g. SAVI 

<0.7) and a decision is made in a binary fashion. This way, the decision tree grows 

down to terminal nodes (leaves) and each leaf contains a response. Two inputs are 

required to be optimized at the beginning of the RF implementation. The first is the 

number of regression trees (ntree), needing to be at maximum for a dense forest. The 

second is the “number of leaves”, which corresponds to the terminal nodes of the tree 

(i.e. tree growth is stopped). Too large a number of leaves means stopping tree 

growth after only a few splits (shallow trees), which could result in poor predictive 

performance. On the other hand, a small number of leaves (deep trees) could result 

in overfitting. Predictive power is calculated based on an aggregate from all the trees.  
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Figure 5.. Simple illustration of decision trees regression models, showing the building blocks 

for the Random Forest (A). Random Forest combines multiple randomized decision trees into 

a single output (B). The trees generated in the random forest are not interpreted individually, 

but are used collectively in predicting the response variable. 
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Each tree of the random forest is constructed based on a different model. The 

bootstrapping samples randomly selected from the total are called “in bag” samples, 

while those not used in the model construction are referred to as “out of bag” (oob) 

samples. This concept gives random forest the power of not needing a separate set of 

data for model evaluation i.e. the prediction error is measured through an out-of-bag 

error method in the RF and independent cross-validation is not necessarily required. 

Typically, two-thirds of the samples are used for model training and one-third of the 

samples are used as oob samples. Oob estimates provide RF with robust measures of 

model accuracy, as the oob samples are not used for building the trees. Thus, overall 

model accuracy results from aggregating oob-based predictions over all the trees. In 

our study, the model accuracy was assessed via the RMSE.  

5.2.7. Implementing the Random Forest Approach 

Before using established VIs as input features into the leaf chlorophyll prediction 

model, we first trained the model using all of the individual spectral bands (i.e. 2,102  

bands in total) as input features. Responses from all the predictors were recorded 

and statistical parameters (R2 and RMSE) were calculated. In a second experiment, 

we re-trained the model using the established VIs as input features and examined the 

difference between the results. The modeling procedure was performed as follows: 
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1. Define the optimum number of trees (“ntree”) based on bootstrapping 

sampling procedure. 

2. Optimal number of leaves (nodesize) was decided as a specified stop condition 

to reach during the data splitting process at all internal nodes. Leaves are the 

terminal nodes where the tree growth is stopped. If the trees are allowed to 

grow to full depth, it may be too variable (i.e. result in relatively high variance 

and low bias and a possible overfitting of the data).  Thus, pruning of the tree 

is done by deciding upon the optimal number of leaves. 

3. At every node of the tree, the number of input variables (bands or VIs) used 

for the split decisions were randomly selected out of the total (2,102 

individual spectral bands or 45 VIs). 

4. The stopping condition of each tree growth in our method was determined by 

defining an optimum number of leaves. The number of trees and number of 

leaves were optimized by minimizing the RMSE. A diagram of the workflow is 

provided in Figure 5.. 
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Figure 5.. Schematic of workflow of procedure for data processing and random forest 

machine learning analysis. 
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The relative importance of the input features was measured at the completion of the 

RF model training. The measure of variable importance in RF helps in the 

interpretability of the overall random forest. The variable importance is based on the 

concept that if the exclusion of a variable is associated with a considerable reduction 

in the accuracy of the tree, then that variable is deemed as important. Thus, a subset 

of attributes is selected based on the importance scores. The procedure adopted in 

this study is referred to as the “permutation accuracy importance”, and is considered 

one of the more useful approaches for ranking variable importance (Breiman et al., 

2001; Strobel et al., 2009; Castro-Franco et al., 2017). The procedure is carried out in 

two steps to simplify the RF model without losing predictive accuracy. In the first 

step, the model is trained using all of the predictors as input features. The aim of the 

second step is to determine the effect on model performance by progressively 

reducing the number of predictors using an iterative elimination of the less important 

predictors to determine the predictive accuracy of the RF model (Xiong et al., 2012). 

Based on this rule, the number of input features (VIs) were reduced, step-by-step, to 

50% of the total at each iteration, and this continued until the error does not increase 

significantly. 

A typical benchmark dataset for cross validation consists of a training dataset and a 

testing dataset, but partitioning of data into two sets reduces the amount of data that 

can be used for training the model. The K-fold cross validation (Rodriguez et al., 2010) 
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method does not involve exclusive training and validation sets. Instead of dividing the 

data into distinct portions, the procedure involves splitting the data set into K number 

of folds, and then going through an iterative process where it first trains on the 

random subset size (K-1)/K of the observations (K-1 of the folds) and then evaluates 

performance on the random subset size 1/K of the observations (Kth fold). The 

process is repeated K times. At the end of the K-fold cross validation, the average of 

the validation metrics for each of the K iterations is used as the final performance 

metric. Although out-of-bag performance for an RF model is very similar to cross 

validation, it is strongly recommended to use a proper validation using an 

independent test dataset (Genuer et al., 2010). We first randomly split the entire 

dataset into two parts, a training set (80%) and a test set (20%). In this study, a 5-

fold internal cross-validation method was employed to examine the predictive 

accuracy of the model. This implies that 80% of the training dataset was used for 

model training, and the remaining 20% for testing at each iteration i.e. all of the 

training data are used for both training and validation after the 5 iterations. The R2 

and RMSE presented here are the average of the 5 repetitions.  
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5.3. Results 

5.3.1. Regression analysis using established vegetation indices for 

chlorophyll content determination 

To understand whether the established vegetation indices were able to accurately 

estimate the Chlt in wheat leaves, we performed regression between each of the 

indices and the Chlt per leaf area obtained from the laboratory analysis (see Materials 

and Methods, Section 2.6). Traditionally, vegetation properties have been estimated 

using simple vegetation index relationships that are often established statistically by 

fitting standard regression functions based on the in-situ measurements (Houborg 

and McCabe, 2018; Dorigo et al., 2007, Gitelson et al., 2014). After evaluating various 

types of linear regression models, the best models were chosen for each index and 

accuracy parameters were recorded. The vegetation indices achieving the best fits (in 

terms of R2 and RMSE) are provided in Table 5. and ranked based on performance. 
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Table 5.. Regression analysis and curve fitting results of the selected vegetation 

indices versus chlorophyll content, ranked in descending order of goodness of fit (followed 

by ascending RMSE). Indices reported as being indicators of chlorophyll content (see Table 

1) are highlighted in green.  

 
No. Vegetation 

Index 
R2 RMSE(µg 

cm-2) 
No. Vegetation 

Index 
R2 RMSE(µg 

cm-2) 1 D12 0.86 6.05 24 DND3 0.43 12.41 

2 MTCI 0.86 6.07 25 SR 0.39 12.74 

3 VREI1 0.85 6.24 26 NDVI 0.37 12.98 

4 VREI2 0.85 6.25 27 DND4 0.35 13.22 

5 D02 0.85 6.26 28 PSRI 0.32 13.46 

6 MRENDVI 0.85 6.34 29 MCARI 0.30 13.73 

7 DND1 0.85 6.36 30 CRI1 0.27 13.96 

8 RSR 0.85 6.38 31 NLI 0.26 14.03 

9 NDRSR 0.85 6.39 32 EVI 0.24 14.22 

10 DND8 0.85 6.45 33 ARI2 0.24 14.23 

11 DMAX22 0.85 6.47 34 RNDVI 0.24 14.25 

12 D32 0.83 6.71 35 SAVI 0.24 14.25 

13 DMAX42 0.82 6.91 36 PRI4 0.24 14.30 

14 RENDVI 0.82 6.97 37 CRI2 0.22 14.49 

15 DND2 0.82 7.01 38 MCARI2 0.20 14.63 

16 GRVI 0.80 7.40 39 MTVI 0.20 14.63 

17 GNDVI 0.79 7.42 40 VARI 0.17 14.88 

18 GARI 0.79 7.55 41 RGRI 0.14 15.16 

19 DND7 0.78 7.64 42 DMAX 0.09 15.61 

20 DMAX12 0.62 10.09 43 NDWI 0.08 15.66 

21 PRI 0.54 11.12 44 DND5 0.02 16.21 

22 SIPI 0.53 11.27 45 DND6 0.01 16.30 

23 ARVI 0.43 12.32     

 

As can be seen, the prediction performances of the studied VIs were quite variable, 

with the R2 value ranging from 0.01 to 0.86 and RMSE ranging from 6.05 to 16.30 µg 

cm-2. The best performing VI was found to be D12, a non-specific vegetation index 
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presented as the simple ratio of the first derivative of the 712 to 702 nm spectral 

bandwidth. The R2 and RMSE for the D12 index was 0.86 and 6.05, respectively, which 

was followed closely by the MERIS (Medium Resolution Imaging Spectrometer) 

Terrestrial Chlorophyll Index (MTCI) (R2 = 0.86; RMSE = 6.07). The poorest 

performing index was DND6, another non-specific vegetation index, with an R2 of 0.01 

and a RMSE of 16.30 µg. cm-2. The statistical ranking in Table 5. showed that the top 

11 indices were largely indistinguishable, with only slight differences in R2 and RMSE 

values. These 11 indices adopt different combinations of two or more spectral bands 

sourced predominantly from the red-edge region (see Table 1) (e.g. 529, 661, 691, 

702, 712, 722, 732, 742, 752 and 872 nm). 

The VIs derived from the first derivatives of the spectral data (such as D12, D02, 

DND1 and DND8), and which were developed for quantifying overall vegetation 

health, tended to perform as well as (or better than) some indices specifically 

developed for chlorophyll estimation. Indeed, half of the indices with an R2 value 

above 0.80 and RMSE less than 7 µg. cm-2 (i.e. the top 16) were based on derivative 

calculations. The use of derivatives of specific reflectance spectra has previously been 

recognized as a means to eliminate the background signals (such as soil) and 

resolving problems related to overlapping spectral features (Kochubey and 

Kazantsev, 2012). However, due to the lack of dedicated hyperspectral sensors on 

satellite monitoring systems, they are not widely implemented. The strong 
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performance of the derivative-based indices highlights the importance of an 

appropriate transformation of spectral data for our modeling purposes. More 

importantly, the results suggest the potential of using full spectrum data to enhance 

the detection of the target trait (i.e. chlorophyll) so that “hidden” information can be 

utilized.  

The top 4 best performing VIs from Table 5. were further examined in Figure 5.. 

Following D12, the MTCI was the next best performing, with only a small difference 

in RMSE separating it from D12.  MTCI estimates the relative position of the red-edge 

by using data in three wavebands centered at 681.25, 708.75 and 753.75 nm (Dash 

and Curran, 2007), is easy to calculate and is sensitive to a wide range of Chlt (Dash 

and Curran, 2004). As can be seen in Figure 5., fitting a second order polynomial curve 

to the data resulted in a high R2 (0.86) and low RMSE (6.07 µg. cm-2). The third and 

fourth best performing indices were the Vogelmann red-edge indices VREI1 and 

VREI2 (Vogelmann et al., 1993), with an R2 of 0.85 and a RSME of 6.24 and 6.25 µg. 

cm-2, respectively. Both the VREI1 and VREI2 are calculated from spectral bands in 

the red-edge region (Table 5.1), further establishing the importance of that portion of 

the spectrum.  
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Figure 5.. Total leaf chlorophyll content (Chlt) as a function of the vegetation indices for the 

top 4 performing vegetation indices (out of 45 evaluated) based on regression analysis 

(n=276). All spectral index-chlorophyll relationships were best fitted using a second order 

polynomial. 

 

Multiple regression analysis of the four best performing indices (D12, MTCI, VREI1 

and VREI2) produced the following equation: 
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𝐶ℎ𝑙𝑡 = 5.8 ∗ 𝐷12 + 8.9 ∗ 𝑀𝑇𝐶𝐼 + 37.1 ∗ 𝑉𝑅𝐸𝐼1 + 91.2 ∗ 𝑉𝑅𝐸𝐼2 − 37.63 

with an R2 of 0.86 and a RMSE of 6.04 µg. cm-2. The use of multiple regression did not 

improve prediction performance in terms of R2 and RMSE values. Overall, the results 

show that there are many vegetation indices that are able to provide a strong 

relationship with the Chlt in wheat leaves. Yet, an investigation of the full spectral 

range using the RF technique will provide the capacity to exploit the spectral 

information lie in the bands not covered by the VIs for the prediction of chlorophyll 

content. An investigation of the full spectral range of data using the RF technique is 

the focus of Section 5.3.2.  

 

5.3.2. RF machine learning approach using all hyperspectral bands as 

input features 

To examine the information content available within the hyperspectral data, the RF 

model was first trained and run with the full suite of hyperspectral bands as input 

features for the prediction of chlorophyll content. This section describes the use of 

the full spectrum reflectance data between 400 and 2500 nm (after removal of 350-

399 nm due to noise). Although, out-of-bag performance for a RF is very similar to 
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cross validation, it is strongly recommended to use a proper cross-validation, as RF 

does not usually take longer time to train.  

A typical benchmark dataset for cross validation consists of a training dataset and a 

testing dataset. Partitioning of data into the two sets reduces the amount of data to 

be used for training the model. The K-fold Cross Validation (Rodriguez et al., 2010) 

method does not require to artificially cut the data into training set and validation set. 

Instead of dividing the data set into distinct training and validation sets, this involves 

splitting the data set into K number of folds, and then going through an iterative 

process where it first trains on the random subset size (K-1)/K of the observations 

(K-1 of the folds) and then evaluates performance on the random subset size 1/K of 

the observations (Kth fold). The process is repeated K times and at the end of K-fold 

cross validation, it takes the average of validation metrics on each of the K iterations 

as the final performance metric. 

In this study, a 5-fold cross-validation method was used to examine the predictive 

accuracy of the model. This implies that 80% of the original hyperspectral reflectance 

dataset was used for model training, and the remaining 20% for testing at each 

iteration. The R2 and RMSE presented here are the average of the 5 repetitions of the 

process. The results of model training showing chlorophyll content predicted from 

the model as function of true chlorophyll content determined in laboratory 
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analysisare presented in Figure 5.. Model performance was evaluated by plotting the 

values of actual chlorophyll content against the chlorophyll content predicted from 

the model. As can be seen in Figure 5., the RF model fits the testing data very well 

when all the spectral bands were used as input features. The R2 value is 0.89, which 

is higher than the best performing vegetation index using the linear regression 

analysis detailed in Section 5.3.1, while the RMSE was also improved (5.49 µg. cm-2) 

compared to that from the simple regression against the individual indices (6.05 µg. 

cm-2). Although the RF model shows a significantly better performance in prediction 

of Chlt when all the spectral bands were used input predictors, a selection of optimal 

input variables is consider a key feature of the RF modeling approach, which is an 

aspect explored in Section 5.5.3.  

 

5.3.3. Random Forest approach using vegetation indices as input 

features  

Typically, RF models are utilized as “black boxes”, with the reason being that the 

forests contain a huge number of dense trees, and every tree is trained on bagged data 

based on a random selection of input features comprised of a wide range of spectral 

bands. This makes it infeasible to fully understand the decision process by evaluating 
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every single tree individually. Thus, the selection of proper input parameters is a key 

element that is required to produce meaningful outputs. To explore this concept, the 

45 selected vegetation indices from Table 5. were used as input features to train the 

RF model and then to predict chlorophyll. The use of vegetation indices is expected to 

have several advantages over utilizing the full spectrum, including reducing any 

redundancy in the spectral data, focusing on indices that enhance the spectral 

properties of vegetation, reducing any influence of background spectral noise, and 

simplifying the model by reducing the amount of data used. 

Our results confirmed that model performance was significantly improved when the 

VIs were used as input predictors. The R2 value of 0.95 (see Figure 4B) is higher than 

the value (0.89) obtained using the RF model with all the spectral bands as input 

predictors. Similarly, the RMSE obtained by employing the RF model with VIs as input 

predicators was also much improved (3.71 µg. cm-2) compared to using all the 

spectral bands as input predictors (~5.49 µg. cm-2). 
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Figure 5.. Ensemble bagged trees operation using (A) all the spectral bands and (B) the 45 

selected spectral vegetation indices as input features, showing the Chlt predicted from the RF 

model plotted against the actual Chlt obtained from chemical extraction of leaf tissues in the 

laboratory. The fitted 1:1 regression line and model metrics of RMSE and R2 values (n=2760) 

are also included. 

 

5.3.3.1. Optimization of the random forest model 

As noted earlier, one of the key steps in the RF machine learning implementation is 

the optimization of input parameters: in particular, the choice of an optimal number 

of trees (ntree), minimum size of terminal nodes (leaf number, nodesize) and the 

number of predictors evaluated at each node (mtry) i.e. number of random predictors 
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selected for split (Prasad et al., 2006). The optimization of parameters was carried 

out under a combination of different numbers of trees and leaves in order to develop 

an optimal predictive model with the lowest root mean square error. We trained the 

model using different numbers of trees (1, 5, 10, 15, 20, 30, 60, 90 and 120) and at 1, 

5, 10, and 20 numbers of leaves, aiming to identify the lowest possible number of 

trees and highest possible number of leaves (less dense forest with deeper trees) that 

generates the lowest error. Figure 5. summarizes the simultaneous evaluation of 

RMSE for the number of trees and number of leaves tested using all the variables 

under analysis.  

The effect of the number of trees is evident from Figure 5.A, which shows that as the 

number of trees increases, the RMSE decreases under all of the examined number of 

leaves. The decrease in error is sharper at the beginning, and then tapers off between 

ntree = 20 to 60. Although, our results showed that variations in RMSE are small 

beyond ntree=60, we chose 120 trees for training our models, since a search of the 

literature has reported that RF models with ntree > 100 showed greater stability 

(Belgiu and Drăguţ, 2016; Probst and Boulesteix, 2017). The specification of ntree will 

also depend on the size of dataset, but the RF machine learning methodology can 

handle large numbers of trees due to the high computational efficiency and low risk 

of overfitting. As can be seen from Figure 5.B, the lowest error was produced by the 

models trained with between 1 and 5 numbers of leaves. An increasing number of 
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leaves at a given number of trees results in a higher value of RMSE. However, the 

difference between the RMSE values is quite low for numbers of leaves between 1 and 

5. A deep tree with many leaves is usually highly accurate on the training data, as 

there is a tendency of overfitting by employing very leafy trees. On the other hand, a 

very simple tree with fewer leaves does not generally attain a high training accuracy, 

since the training samples used to calculate the response of each leaf node is low. As 

such, it is important to define a balanced number of leaves that retrieve an accurate 

but flexible model. Following the methodology reported in related studies (Chan and 

Desiré, 2008; Díaz-Uriarte and Sara, 2006; Liaw and Wiener, 2002), we use 5 leaves 

in combination with 120 trees to train the RF model for subsequent analysis.  

 

Figure 5.. Optimization of input parameters for the Random Forest model training.  The 

optimum number of trees (A) and optimum number of leaves (B) were selected based on the 

variation in error using all the variable in analysis, as well as a search of the available 

literature.  
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5.3.3.2. Selective Reduction of Important Predictors  

Once the RF model was optimized using the selected input features (the 45 vegetation 

indices), they were ranked based on their importance using a forward selection 

function to identify which vegetation indices predict chlorophyll content with 

greatest accuracy. The model was initially applied to the training data containing all 

vegetation indices. Figure 5.A shows the ranking of the most important vegetation 

indices based on out-of-bag permuted predictor estimates of the vegetation indices. 

Results show that the most important predictor was the Anthocyanin Reflectance 

Index (ARI2) followed by the Normalized Difference Water Index (NDWI), the 

Modified Chlorophyll Adsorption Ratio Index (MCARI2), the Carotenoids Reflectance 

Index (CRI2) and the Semi Empirical Index (SIPI).  

After the model evaluation using the entire set of vegetation indices as input features, 

subsequent iteration of the model was performed by excluding features (i.e. 

vegetation indices) that were identified as being the least important. At each iteration, 

the number of predictors were reduced by half the original number. Essentially, the 

least important variables were excluded and a reduced configuration was defined. 

Figure 5.BD illustrate the output of the iterative procedure of permutation accuracy 
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importance for a reduced number of important feature selections, together with the 

associated (minimal) impact on the RMSE. By halving the input predictors to 23, 

RMSE decreased from 3.75 µg.cm-2 (with 45 vegetation indices as input predictors) 

to 3.66 µg.cm-2 (Figure 5.B).  RMSE further decreased to 3.58 µg.cm-2 by reducing the 

number of vegetation indices input predictors to 12 (Fig 6C). However, further 

reduction to 7 input predictors (Figure 6D) slightly increased the RMSE to 3.7. µg.cm-

2. Applying the procedure across 4 iterations (i.e. reducing from 45, to 23, 12 and then 

7) we identified the 7 most important vegetation indices out of the original 45 (Figure 

6D). According to this analysis, the most important predictors of leaf Chlt were DND2, 

NDWI, DND5, PRI4, ARI2, CRI and CRI2 (see Figure 6D), ranked in descending order 

of variable importance. Importantly, the top 10 best performing VIs established from 

the simple linear regression (see Table 5.) did not appear in the important variables 

identified from the RF machine learning algorithm shown in Figure 5.D. Indeed, the 

top 7 important variables resulting from the RF approach occupy 14th, 43rd, 44th, 33rd, 

32nd, 30th and 37th place in the ranking list based simple regression against the VIs 

(see Table 5.). 
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Figure 5.. Importance ranking of out-of-bag permuted predictor estimates of the vegetation 

indices. All 45 vegetation indices are ranked in descending order of importance values (A). 

The order changes slightly each time the model is run due to the permutation and the 

bootstrap procedure. B-D show the impact of narrowing the number of important variables 

(half each time) and the minimal change in the RMSE. 
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One interesting outcome from this analysis is that the importance rankings, or at least 

the order of the ranked indices, were not always consistent throughout the iterations 

(see Figure 5.). The values, as well as the ranked position of the different predictors, 

changed during repeated runs of the prediction model. Figure 5. shows the effect of 

repeatedly running the predictive model on the relative importance of features for 

the case where 15 indices were being considered as an example. The feature 

importance procedure was repeated 10 times to assess the ranking frequency of each 

importance variable, with the ranked histogram of the variable importance for the 15 

most important vegetation indices provided in Figure 5.A. Results indicate that ARI2 

and NDWI proved to be the most important vegetation indices for prediction of 

chlorophyll content when the procedure was repeated 10 times, followed by PRI4 and 

DND5 and CRI. Importantly, the RMSE resulting from running the model iteratively 

did not change significantly. Indeed, the RMSE ranged from 3.62 to 3.91 across the 

different runs, with an average value of 3.76 µg. cm-2.  
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Figure 5.. Effect of repeating the  predictive model 10 times (n=10) on the relative 

importance of 15 features; (A) shows the histogram of the relative importance of the VIs; and 

(B) shows the variations in root mean square error due to the repetition of 10 the runs. The 

average RMSE was 3.76 for n=10.  
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5.4. Discussion 

In this study, we investigated leaf level hyperspectral properties for the purpose of 

estimating leaf chlorophyll content in wheat plants. Regressions analysis using 

established vegetation indices was explored, together with an application of a 

Random Forest machine learning approach, using 1) all of the available spectral 

bands, and 2) a selected range of calculated vegetation indices as predictor variables. 

While previous chapters have explored the impact of salinity and fertilizer gradients 

on plant growth and response, we did not explicitly examine this here due to the 

sample size being too small to undertake a meaningful RF machine learning study 

(with an intent of discriminating between treatments). The robustness of any RF 

model depends heavily on the size of the training dataset (Houborg and McCabe, 

2018). So in order to create a model that is portable and can be used more widely 

requires a large training set that captures a range of chlorophyll values and stress 

conditions that may be encountered in a real field setting. Furthermore, as outlined 

in Section 3.3.2, it was found to be challenging to differentiate the effects of salinity 

and fertilizer on the relationship of pigment concentrations using SPAD values. As 

such, we were more interested in developing an application that can be used 

generally, rather than focusing on specific aspects of our analysis. Overall, results 

illustrate that it the RF approach can provide an improved level of retrieval accuracy, 
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regardless of salinity and fertilizer gradients. Further discussion on key elements of 

this analysis are presented below.  

5.4.1. Simple Regression Analysis of the Vegetation Indices for 

Chlorophyll Content Determination 

Vegetation indices obtained through mathematical combinations of different spectral 

bands have long shown promise as an assessment tool for application in agricultural 

monitoring, environmental assessment and hydrological estimation (Ashourloo et al., 

2014; Chen et al., 2005; Kumar et al., 2010). Due to their relative ease of processing, 

these indices established a useful way to extract information from large amounts of 

remotely sensed data (Govaerts et al., 1999; Myneni et al., 1995). A range of 

vegetation indices have been developed for the purpose of inferring specific 

biophysical characteristics, and have been commonly employed in studies to 

remotely monitor such traits (Boegh et la., 2013; Hansen and Schjoerring, 2003). In 

this study, we sought to establish relationships between the leaf chlorophyll content 

and a number of established VIs that are based on different formulations of spectral 

bands across the visible and NIR domains. Regression analyses examining the 

relationship between individual VIs and chlorophyll content were performed, with 

the indices arranged in descending order of performance (as presented in Table 5.). 

The D12 index, which is the simple ratio of the first derivatives at spectral bands 712 
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and 702 nm, was the best performing vegetation index based on R2 and RMSE values 

(0.86 and 6.05) using a second order polynomial. Kochubey and Kazantsev (2012) 

reported upon a similar index derived from the first derivative of reflectance data to 

accurately describe chlorophyll related vegetation characteristics. However, the first 

10 indices in Table 5. performed almost equally well, at least in regards to their R2 

and RMSE value (6.05 – 6.45 µg cm-2). The top ranked list includes indices derived 

from a range of spectral combinations spanning the visible to red-edge portion of the 

electromagnetic spectrum, further verifying the sensitivity of this spectral region to 

chlorophyll content (Dash and Curran, 2004; Gitelson et al., 2001; Houborg and 

McCabe, 2018; Liu et al., 2016). 

In addition to identifying some of the vegetation indices explicitly developed for 

chlorophyll estimation (such as MTCI, MRENDVI, and NDRSR), indices based upon the 

first derivatives of the reflectance spectra occupy the highest ranks of the best 

performing VIs. The various advantages of derivative based vegetation indices over 

traditional simple reflectance based indices have been reported in previous studies 

(Kochubey and Kazantsev, 2012; Smith et al., 2004; Zarco-Tejada et al., 2003). They 

are indicative of the slope of the reflectance spectra with respect to central band 

wavelength. As such, they are becoming increasingly popular, especially with the 

introduction of narrow band hyperspectral sensors for remote sensing (Thenkabail 

et al., 2000). 
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Although many of the VIs under investigation performed well in determining leaf Chlt 

from spectral data, others illustrated poorer performance. These included indices 

that have previously been demonstrated to show good performance in inferring 

vegetation health and function. For instance, NDVI, which is routinely employed as an 

indicator of plant health, presented relatively poor statistical results (R2 = 0.37, RMSE 

= 13.0) and ranked 26th out of all the VIs tested (see in Table 5.). Similarly, another 

standard index that has been used to describe leaf area index (MCARI2 (Haboudane 

et al., 2004)), also showed a poor statistical response (R2 = 0.20, RMSE = 14.6 µg cm-

2). Of course, this is not necessarily unexpected, since VIs relate most strongly to the 

crop type, vegetation parameter or phenological stage for which the index was 

developed (Hatfield and Prueger, 2010), and may not be transferable to other 

varieties or conditions. 

While hyperspectral reflectance tools offer much promise for sensing a diverse range 

of vegetation traits (Houborg et al., 2015), systems remain expensive, require 

considerable computational effort to process, and in practical applications, may 

provide far more information than the user requires for their particular purpose. 

Undertaking analyses such as those performed here, allows for the identification of 

useful spectral combinations for specific variables of interest. So, instead of needing 

a hyperspectral sensor to retrieve multiple indices (that may or may not be 

informative), pre-defined band combinations can be incorporated into customized 
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multi-spectral systems, focusing on those band-combinations that are known to 

perform well. A number of such sensing systems are commercially available 

(Ampatzidis and Partel, 2019; Matese and Di Gennaro, 2018). 

5.4.2. RF Machine learning approach using hyperspectral bands and 

VIs as input features 

The objective of employing an advanced RF machine learning technique was to make 

the best use of the acquired high resolution (narrowband) spectral data over a wide 

spectral domain, instead of using traditional approaches of selecting only a few bands 

out of the available high resolution data. To explore this concept, an RF approach that 

utilized 80% of the available hyperspectral measurements as input training data and 

20% as validation data, was employed.  First, the RF model was trained and run with 

the full range of hyperspectral bands as input features for the prediction of 

chlorophyll content from the spectral data. Second, selected VIs were then used as 

input features to train and run the RF model for a comparative analysis. In the first 

experiment (as shown in Section 5.3.2),  in terms of R2 and RMSE values, using all of 

the available spectral bands as input variables in the RF yielded improved accuracies 

compared to those obtained via simple regression of individual vegetation indices 

alone (Figure 5. and Figure 5.). By analyzing the estimated versus measured values 

(Figure 5.B) the RF model had singificanlty higher R2 (0.89) and lower RMSE values 
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(5.49) than any of the best performing single vegetation indices. The RF model 

performance further improved (average RMSE = 3.76) when the 45 selected 

vegetation indices from Table 1 were used as input predictors to train the model for 

prediction Chlt. The R2 value increased to 0.95, which is higher than the value (0.89) 

obtained from the analysis using all the spectral bands as input predictors. Similarly, 

the RMSE obtained from VIs based RF modelling was also improved (3.71 µg. cm-2) 

compared to that from RF model with all the spectral bands as input predictors 

(~5.49 µg. cm-2).These results highlight the importance of key element needed to 

obtained robust outputs using RF approach is the selection of proper input variables. 

Employing VIs brought about several advantages over using full spectrum, including 

reducing inherent redundancy in the spectral data, focusing on indices that sharpen 

vegetation spectral properties, background noise removal, and the model simplicity 

due to less data input. 

Factors that govern the spectral reflectance of vegetation include leaf biochemical 

traits in the visible to red-edge region, biophysical properties arising from the leaf 

internal structure in the near infrared region, and leaf water and dry matter content 

in the mid-infrared region. Both leaf and canopy level reflectance is of key significance 

to inform on the plant status. However, variables other than those important in leaf 

level spectral properties such as canopy architecture, stem characteristics, leaf 

orientation, light angle, shadowing and background play a significantly role in 
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alterations of canopy reflectance spectra (Ollinger, 2011). This explains the 

importance of examining multiple spectral wavelengths for a specific plant 

functioning trait at canopy as well as leaf level. As such, canopy spectral properties 

can be quite different from a corresponding leaf measurement, with the reflectance 

of leaves routinely higher than the overall canopy response. However, the spectral 

signatures of various components of vegetation are not mutually exclusive. Thus, a 

combination of bands across different domains should provide an improved measure 

of vegetation properties. The main reason for the improvement in model 

predictability and accuracy could be the contribution of all spectral bands to the final 

results (in the case of RF) rather than a few pre-selected bands for the individual 

indices (Ismail and Mutanga, 2010;  Liu et al., 2016). 

While using all the spectral bands as input variables in the RF model caused an overall 

improvement in prediction and accuracy compared to the simple regression (RMSE 

of 5.49 µg cm-2 compared to 6.47 µg cm-2). The key benefit of the RF algorithm is the 

ability to deduce appropriate input variables (the most significant spectral features) 

for enhanced model simplicity and improved accuracy (Abdel-Rahman et al., 2014). 

Using all of the spectral bands as input variables is likely to supply redundant spectral 

information to the model algorithm. Therefore, being able to identify a few specific 

VIs derived from the most relevant spectral bands as input variables to the RF 

algorithm is a preferred outcome, particularly if the intent is to provide guidance on 
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band selection for future observation platforms (i.e. UAV or satellite based 

instrumentation)(Manfreda et al., 2018). Our results demonstrated that the use of a 

smaller subset of the originally selected 45 vegetation indices as input variables in 

the RF regression algorithm provided a stable, or even improved, prediction accuracy 

(see further details in Section 5.4.3 below). Iteratively running the model produced 

an average RMSE value of 3.76 µg. cm-2 (Figure 5.B), which was 30% lower than that 

yielded when the full range of the spectral bands were used as input variables in the 

RF model (i.e. 5.49 µg. cm-2). Considering the specific conditions of our particular 

experiment, this result supports the hypothesis that a smaller selection of chlorophyll 

related VIs from the entirety of hyperspectral data can be used as input variables in 

the RF machine learning model to produce a robust and accurate retrieval. 

5.4.3. Selection of Important Predictors 

Following the variable selection and model calibration, one of the key steps in the RF 

approach is model simplification through quantification of the predictor importance, 

which is particularly critical in the case of high dimension problems (Genuer et al., 

2010, Strobl et al., 2009). This process is performed to reduce the number of input 

features in such a way that the predictive accuracy of the model is maintained, or at 

least is not significantly reduced. After several iterative eliminations of less important 

predictor variables by 50% each time (Figure 5.), we ended up with seven important 
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VIs that provided an RMSE value similar to that determined from using all 45 VIs as 

input variables. One should bear in mind that the rank of importance of the predictive 

variables changes slightly throughout the iterative process of RF modelling 

(Figure 5.A).  

From Figure 5., the indices that were repeatedly identified as being highly important 

in the estimation of leaf Chlt (i.e. they appeared at least 6 times out of 10) were ARI2, 

NDWI, PRI4, DND5, CRI2 and DND2 (see Figure 5. and Table 5.1). Two of the top 

ranking indices that appeared in all 10 of the iterative runs were ARI2 and NDWI. 

ARI2 is related to leaf anthocyanin content (Gitelson et al., 2001), which may reflect 

the linear relationship of chlorophyll and carotenoids content established in this 

study. On the other hand, NDWI is derived from spectral bands sensitive to the 

moisture content in leaves (Gao, 1996), and the only index in this study sampling from 

the SWIR domain. It is likely that the selection of NDWI can be attributed to the 

significant part of the data set that was collected from plants under salinity stress, 

which is directly related to plant water status (and the potential impact of this on 

chlorophyll content). However, further studies are required to determine the specific 

nature of this relationship. PRI4 is an improved photochemical reflectance index 

derived from spectral bands sensitive to xanthophylls and carotenoids (Goerner et 

al., 2011) as well as Chlt. The selection of PRI4 as the third most frequently occurring 

VI can be attributed to the linear relationship of Chlt to Ct in wheat leaves (Shah et al., 
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2017). Similarly, CRI2 is associated with plant carotenoids content (Gitelson et al., 

2001; Gitelson et al., 2002), reflecting the close relationship of carotenoids and 

chlorophyll in this study. The two other frequently occurring indices included DND2 

and DND5, which are derived from first derivatives of spectral bands considered 

useful for overall vegetation health and plant pigments assessment (Wójtowicz et al., 

2016), again reflecting the close relationship of carotenoids and chlorophyll in this 

study. Encouragingly, these results are supported by a previous study exploring the 

same data set (Shah et al., 2017), which illustrated the strong linear relationship 

between chlorophyll and carotenoids content in wheat (see Section 3.4.3, Figure 3.B). 

However, a linear relationship between Chlt and carotenoids is not universal. For 

instance, chlorophyll is often seen to degrade faster than carotenoids: an effect 

readily observed during seasonally related color changes in leaves (Wellburn, 1994).  

It is worth noting that some of the more popular VIs (e.g., NDVI, MRENDVI, RGRI and 

RNDVI) that have been associated to overall vegetation health and plant chlorophyll 

content (Gamon and Surfus, 1999, Roujean and Breon, 1995; Rouse et al., 1973; Sims 

and Gamon, 2002), were not identified as important input variables to the RF 

regression algorithm for prediction of chlorophyll. Interestingly, these same 

vegetation indices were individually among the best performing indices during 

evaluation using regression analysis. Intriguingly, none of the top 10 best performing 

VIs listed in Table 5. appeared in the important variables for the RF machine learning 
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algorithm shown in Figure 5.D. Similarly, the top ranking important 7 variables 

resulting from the RF machine learning algorithm occupy 14th, 43rd, 44th, 33rd, 32nd, 

30th and 37th place in the ranking list built on the best performing VIs through simple 

regression. Such a result further supports the concept that VIs may perform very 

differently when used in combination as input variables in the RF machine learner for 

determining certain vegetation properties and characteristics. Importantly, the 

results indicate the possibility of using RF machine learning for analysis of narrow-

band hyperspectral data for extracting new and improved metrics of vegetation 

biophysical parameters.   

5.4.4. Limiatations of the Experimental and Modelling Approach 

The experimental results presented here are based purely on the greenhouse pot 

experiment and focused on wheat crop. One of the limitations of laboratory based 

analyses is that they are routinely focused on just a single crop type and reflect a 

rather narrow range of environmental conditions. It is important to highlight that the 

experimental data isare based purely on leaf spectra and not canopy spectra. When 

using canopy spectra, confounding factors such as leaf orientation, leaf area, time of 

the day and sun angle, and canopy shadowing will inevitably influence the results. 

One of the advantages of using vegetation indices instead of the full range of spectrum 

at the canopy level would be their lower susceptibility to shadowing and viewing 
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angle. For generality, further analysis beyond the greenhouse and into the field is 

required. Further investigations are needed to establish the transferability of this 

analysis to the canopy level, as well as for additional cropping systems. 

Of course, the implementation of the RF approach is not without its own restrictions. 

One of the main limitations to generalization of the results showcased here is the 

inability of the RF machine learning to predict beyond the range of the training data, 

and the severe limitations in the transferability of results between test sites (Verrelst 

et al., 2015; Vuolo et al., 2013). The machine learning models are black boxes that are 

very difficult to interpret in physical terms (Liang, 2007). On the other hand, 

traditional physically based retrieval methods involve physical laws for establishing 

relationships between the radiation and vegetation traits using radiative transfer 

models and variables are inferred in physical terms. The PROSAIL radiative transfer 

model, a combination of leaf properties model (PROSPECT) and canopy reflectance 

model (SAIL) (Jacquemoud and Baret, 1990; Verhoef, 1984), has been used 

extensively to retrieve biophysical variables of vegetation from remotely sensed data. 

A more recent approach that combines the straightforwardness, accuracy and 

generalization capabilities of physically-based methods with the flexibility 

robustness and computational efficiency of advanced machine learning methods are 

represented by hybrid models (Berger et al., 2018; Campos-Taberner et al., 2018). 
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These models are complex, but highly versatile and can be used to characterize a 

variety of vegetation traits in diverse conditions. 

An additional challenge relates to the fact that the collected spectral data is based 

purely on leaf level spectra. Several differences in the properties of the canopy (as 

opposed to leaf level) reflectance spectra are expected due to factors such as leaf area, 

orientation, sun angle, time of the day, canopy structure, soil background and 

shadowing effects that would directly translate into the outcome of the model 

simulations. Another important aspect that will influence the performance of the RF 

model when scaling from leaf to canopy observations is he difference between 

spectral and spatial resolution between a field spectrometer (with contact probe) 

compared to UAV airbron (or satellite) sensors. The RF model is likely to be sensitive 

to coarser spatial and spectral resolution. These will be particularly relevant for any 

planned application to UAV or satellite based retrieval. Further analysis in the field 

will obviously be required to determine the fidelity of these greenhouse based results, 

but given the clear improvements in accuracy that have been obtained within this 

regression modeling study, it is highly likely that the results will translate.  

Overall, this study provides a foundation for the potential upscaling of results to 

airborne and/or space-borne platform. With the planned launch of satellites carrying 

hyperspectral sensors in the near future, and the increased access of high resolution 
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hyperspectral data to the remote sensing community, improved techniques for 

biophysical retrieval will be required. Considering the vast quantities of earth 

observation data that are being produced (McCabe et al., 2017), there is a clear need 

for retrieval and analysis tools that have broad applicability, are robust and 

computationally fast. The RF machine learning approach appears to be well suited to 

contribute to this challenge. However, given the emerging nature of machine learning 

approaches for process understanding and interpretation, many aspects require 

further research and investigations. Likewise, further investigations are needed to 

establish the transferability of this leaf-level analysis to the canopy scale, as well as 

for additional cropping systems. 
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5.5. Conclusion 

Non-destructive methods for the rapid and accurate estimation of Chlt in crops is an 

area of much interest for both practical and fundamental applications. Here we 

present work that explores the application of a random forest machine learning 

approach using input predictors derived from leaf level hyperspectral data. A simple 

regression analysis was performed to provide a benchmark for comparative 

assessment. Experiments were also undertaken using the random forest approach, 

including analysis of the full diffuse reflectance spectrum together with a selection of 

defined vegetation indices. The 45 vegetation indices evaluated in this study 

exhibited a mixed response when simple regression of any single vegetation index 

was employed. Using the random forest regression algorithmmachine learning 

approach significantly improved the predictability and accuracy of the model in terms 

of R2 and RMSE. Our results showed that using vegetation indices as input predictors 

improved the estimation accuracy and robustness of the RF model compared to using 

the entirety of the hyperspectral data. The RF model performance was further 

improved by the iterative reduction of the number of key indices from 45 down to 12 

by employing the variable importance feature of the RF modeling approach. To our 

knowledge, this is one of the first applications of RF using hyperspectral VIs as input 

for informed assessment of leaf Chlt in wheat and provides a solid foundation from 
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which to expand the analysis to other observing platforms, such as unmanned aerial 

vehicles and satellite data. 
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Conclusions 

6.1. Summary 

Food security for an exponentially growing global population poses one of the major 

challenges for the 21st century. Two possible pathways to meet estimated food 

demands are: 1) to minimize current losses in agricultural production by improved 

management practices; and 2) increase yield potential by genetic manipulation of 

crops to enhance resources use efficiency and tolerance to unfavorable growth 

conditions. In both cases, there is a need to develop fast, easy and widely applicable 

technologies for monitoring plant traits related to crop health, growth and 

productivity. Such techniques have an enormous potential to replace the time 

consuming traditional methods of tracking vegetation health and hold great promise 

for sustaining agricultural production.  

Environment stressors represent major threats to crop productivity and sustainable 

food security. Wheat represents one of the key contributors to world food security, 

given that it is a staple food for a majority of the world’s population and the most 

widely cultivated cereal crop. The major production losses in wheat are generally 

brought about by abiotic stressors such as drought, salinity, nutrient deficiency and 
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high temperatures. The exposure of wheat to abiotic stresses deteriorates 

productivity by damaging key physiological processes such as leaf photosynthesis. 

The timing of exposure to stress is critical, as certain growth stages appear to be more 

sensitive to stress than the others.  

In this research we evaluated the influence of salinity and nutrient stress on 

photosynthetic responses such as gas exchange, biochemical and water relation 

parameters, for a wheat crop being monitored across distinct developmental stages. 

These features were observed through the key growth stages using novel in situ tools 

and techniques that included plant physiological monitoring and spectral sensing. 

Collected data were combined within an exploratory machine learning framework to 

facilitate additional process insight and to enable a broader generalization of results.  

The following paragraphs provide an overview of the key findings from each of the 

major research thrusts explored in this thesis. More detailed outcomes are provided 

in the individual chapters that comprise this dissertation. 
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6.1.1. Leaf photosynthetic pigment content and SPAD-502 values under 

the influence of salinity and nutrient stress 

Given the crucial role that plant pigments play in the photosynthetic process and 

general plant physiological condition, their accurate estimation and response to 

stress should provide a means to monitor plant health and productivity. The aim of 

this work is to evaluate the response of leaf chlorophyll and carotenoid (Ct) content 

in wheat to changes in varying application levels of soil salinity and fertilizer applied 

over a complete growth cycle. The study also seeks to establish and analyze 

relationships between measurements from a SPAD-502 instrument and the leaf 

pigments, as extracted at the anthesis stage. Based on our results for pigment content 

per leaf area and total pigment amount per plant, we found that wheat plants under 

salinity stress presented a significant increase in the chlorophyll and Ct contents per 

leaf area, although the total content of the produced pigments per plant was reduced 

as a consequence of lower production of leaf matter.  

The capacity of fertilizer to influence the response of leaf photosynthetic pigment 

content in wheat to salinity was also investigated. While the application of fertilizer 

enhanced the photosynthetic pigment content per leaf area, their interaction with 

salinity stress was found to be significant and varied with the level of salinity present 

in the root zone. As mentioned above, while the pigment content per unit area 
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increased, the total amount of pigment content per plant was also significantly 

increased with increasing dose of fertilizer.  

In terms of monitoring the Chlt and Ct content of the plant in a passive and non-

destructive manner, a strong positive and statistically significant correlation of the 

extractable pigment contents was found using SPAD-502 readings, based on a large 

experimental data set of chemical analysis undertaken in the laboratory. The analyses 

indicated that the strength of the correlations remained largely unaffected by salinity 

stress and that the relatively small variations in model coefficients were the result of 

biochemical and structural alterations in leaves modified by the salinity stress. The 

results confirm that SPAD-based retrieval of photosynthetic pigments can be 

undertaken with confidence without considering specific conditions induced by 

prevailing stress in wheat plants. However, further work is required to extrapolate 

these results to field conditions and the specific outcomes from this analysis may not 

have broader application to other plant species. 

6.1.2. Growth stage-based response of leaf photosynthesis to salinity 

and nutrient stress  

Water scarcity and poor soil fertility are among the major constraints to plant 

production in semi-arid and arid regions. Continued use of marginal quality water 
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deteriorates soil quality and results in secondary soil salinization, and ultimately poor 

plant health and low productivity. Plant water relations and photosynthesis are 

among the main processes impacted by these stresses, due to direct limitations on 

stomatal and mesophyll conductance and indirect biochemical alterations. In this 

study, the leaf photosynthetic responses to varying levels of salinity and nutrient 

stress was investigated for a winter wheat crop at four distinct growth stages of the 

development cycle. It was observed that reductions in leaf photosynthetic activity in 

wheat under salinity and nutrient stress come from substantial diffusional as well as 

biochemical limitations on photosynthesis. Higher salinity adversely affected the 

photosynthetic traits of wheat at all growth stages. The single recommended dose and 

double dose fertilizer application improved the photosynthetic process profoundly in 

the latter vegetative and reproductive stages, although the process showed little 

response to fertilizer application at the earliest growth stage. Importantly, neither the 

salinity nor nutrient stress affected the others interaction influence on the 

photosynthetic process.  

An analysis of the results across the distinct growth stages revealed that the 

photosynthetic parameters directly related to biomass accumulation (such as Vcmax, 

Jmax and gs) vary considerably with growth stage, with high values of these parameters 

observed in periods of more vigorous growth. Indeed, both the water relation and the 

biochemical parameters were very active during the fast growing periods, supported 
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by the fact that most of the biomass is accumulated by plants during the two rapid 

growth stages of booting through anthesis. On the other hand, a key biochemical 

photosynthetic parameter Rd, responded to salinity and fertilizer dose in a manner 

contrasting to Vcmax and Jmax, showing lower values at times of rapid growth stages.  

It is important to recognize that while the results of leaf photosynthetic response are 

robust for this particular greenhouse setting, further verification under field settings 

and where other environmental variables might come into play is warranted.  

6.1.3. Random Forest Machine Learning Approach for Retrieval of Leaf 

Chlorophyll Content in Wheat 

Improved non-destructive methods that provide rapid and accurate estimation of 

chlorophyll content is an area of much interest for both practical and fundamental 

applications of crop improvement and agricultural monitoring. Examining the 

spectral properties of plants via remote sensing has shown much promise as a means 

to capture variations in vegetation properties in response to abiotic stresses, while 

offering a non-destructive and scalable approach to monitoring. However, 

determining the optimum combination of reflectance spectral bands, or spectral 

indices, to inform upon plant response remains a challenge.  
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In this project we presented work that offers an effective application of a random 

forest machine learning approach using input predictors of established VIs derived 

from leaf level hyperspectral data. The 45 vegetation indices evaluated in this study 

exhibited a mixed response when simple linear regression of any single vegetation 

index was employed. Employing a random forest machine learning approach 

significantly improved the predictability and accuracy of the model when all 

hyperspectral data were used as input features. Our results also showed that using 

VIs as input predictors further improved the estimation accuracy and robustness of 

the random forest model by reducing redundancy in the complex hyperspectral data.  

One striking aspect of the results was that the most popular VIs (e.g., NDVI, MRENDVI, 

RGRI and RNDVI) that have been associated with overall vegetation health and plant 

chlorophyll content, were not identified as important input variables to the random 

forest regression algorithm for prediction of the chlorophyll content in wheat leaves. 

Interestingly, these same vegetation indices were individually among the best 

performing indices during evaluation using a simple regression analysis. Intriguingly, 

none of the top ten best performing VIs listed in Table 5. appeared in the important 

variables for the RF machine learning algorithm. Similarly, the top seven important 

variables resulting from the RF machine learning algorithm occupy 15th, 43rd, 44th, 

36rd, 33nd, 30th and 37th place in the ranking list built on the best performing VIs 

through simple regression.  
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To our knowledge, this is one of the first applications of the random forest approach 

with input variables of VIs as a decision support tool for the assessment of leaf 

chlorophyll content in wheat. It is important to recognize that the data obtained is 

based purely on leaf spectra and not on canopy spectra. Differences might be 

expected in canopy spectra due to several factors such as leaf orientation, leaf area, 

canopy shadowing, time of the day and sun angle. One of the advantages of using 

vegetation indices at the canopy level would be their reduced susceptibility to 

shadowing and viewing angle effects. Further investigations are needed to confirm 

the results at the canopy level and in multiple cropping systems.  

Overall, this study provided a foundation for the potential upscaling of results to an 

airborne and/or space-borne platform. With the planned launch of new satellites 

carrying hyperspectral sensors in the near future, and the increased access to the 

remote sensing community to high resolution hyperspectral data from both satellite 

and UAV platforms, improved techniques for biophysical retrieval are required. 

6.2. Future Research Directions 

To further elucidate the influence of salinity and nutrient stress on plant 

photosynthesis, further exploration of the data obtained in this research should be 

explored. Following is a brief outlined of some of these potential research lines that 
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would potentially leverage and expand upon the results and outcomes identified in 

the current dissertation.  

 The results of leaf photosynthesis in response to the investigated abiotic 

stressors only represent those acquired from the gas exchange analysis 

(followed by modelling for the extracted information about the 

biochemical photosynthetic parameters). A significant amount of 

information could also be extracted by the leaf fluorescence 

measurements that were collected simultaneously with the gas exchange 

measurements during the experiments. Simultaneous leaf chlorophyll 

fluorescence and gas exchange measurements can be used to investigate 

the quantum efficiency of the electron transport of photosystem II (light 

dependent reaction of photosynthesis) against the quantum efficiency of 

CO2 assimilation in the Calvin cycle (light independent reactions of 

photosynthesis). Such an analysis would provide further insights into the 

photosynthesis efficiency and partitioning. In this study we evaluated the 

response of wheat in the experiment, but the approach could be extended 

to other field crops with appropriate modification in the basic 

experimental design as well as using different sensors in conjunction with 

hyperspectral data.  
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 Leaf chlorophyll content was collected at four distinct growth stages of 

wheat plants grown under the salinity and nutrient stress. The 

measurements were taken at the same time as, and points coinciding with, 

the photosynthetic, SPAD-502 and hyperspectral measurements. Due to 

time constraints, the data set was only partially explored in this 

dissertation (i.e. only results from the maturity stage were examined in 

Chapter 3 and 5). Further research to link the full data set on chlorophyll 

content with the photosynthetic traits across all growth stages is required. 

Such a data set would allow a tri-variate examaintion of leaf chlorophyll 

variation under nutrient and salinity stress across, focusing not just on 

pigment response, but also plant photosynthetic and hyperspectral 

behavior.  

 The Random Forest Machine Learning approach we presented in this 

research (employed only for the pigment data obtained from laboratory 

analysis at the anthesis stage) could also be extended to the leaf 

chlorophyll content, photosynthetic parameters and leaf fluorescence 

parameters that were measured across the four distinct plant growth 

stages. The hyperspectral data was acquired simultaneously with 

chlorophyll content (SPAD-502), gas exchange and fluorescence 
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measurements during the wheat growth cycle. We would propose a 

combination of the hyperspectral data and Random Forest machine 

learning method to estimate and therefore to monitor the leaf 

photosynthetic and fluorescence parameters in wheat across growth 

stage. Possible differences arising from the growth stages, salinity and 

nutrient stress on the output training models of RF machine learning 

would also be explored.   

 A range of ancillary measurements were also collected throughout these 

experiments. For instance, leaf temperature data using FLIR imagery were 

monitored for each of the leaf disc samples used for determination of leaf 

pigment content by chemical methods in the laboratory.  A good data set 

based on sufficiently large number of samples (n=276) covering a range of 

values and plant stress (nutrient and salinity) remains unexplored. For 

further exploration of the data, we hypothesize that leaf photosynthetic 

pigment contents determined in the laboratory may exhibit a close 

association with the leaf temperature variations measured with the FLIR 

imagery during the experiment. This research may provide an opportunity 

for deeper insights into how leaf temperatures are affected by the pigment 

content under different stress conditions. 
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One of the limitations of this (and most) laboratory based analyses is that they are 

routinely focused on just a single crop type and reflect a rather narrow range of 

environmental conditions. To increase confidence in the generality of the results 

obtained in this research, further analysis beyond the laboratory and into the field is 

required. Likewise, the experimental focus on wheat could be expanded to other 

cereal crops and types that form the basis of food security strategies. While clearly 

beyond the scope of a single investigator, the tools and techniques employed and 

explored herein are readily adaptable to such situations.  

6.3. Key contributions to knowledge 

Key research contributions presented in this thesis are summarized as follows: 

 Photosynthetic pigments content per leaf area were increased by soil salinity 

stress but at whole plant level those were decreased. 

 The developed regression models based on large data set showed good 

predictability of photosynthetic pigment content from SPAD-502 values and 

that the model estimations were not affected by salinity stress in wheat. 

 Salinity caused substantial diffusional as well as biochemical limitations on 

photosynthesis. The response of photosynthetic paramters to salinity and 

fertilize application were variable across the plant growth stages. 
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 Improvements in photosynthetic paramters due to fertilizer were more 

pronounced at fast developmental stages (i.e. booting and anthesis) 

 The RF machine learning showed a high predictability and accuracy of 

prediction of chlorophyll content from hyperspectral data compared 

univariate regression estimations of the individual VIs. 

 Using VIs as input improved the RF performance (over all spectra) and a 

sequential reduction of input variables is possible (45 > 7) achieve for model 

simplicity. 

 The top VIs identified in RF were different than the top perfroming VIs in the 

univariate regression analysis and vice versa.  
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