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Abstract 

Maize (Zea mays) is one of the world’s most important grains that serve as staple food for 

billions of humans and feed for livestock. The cultivation of maize in South Africa 

contributes the most in the grain output of the African continent and one of the major 

contributors at the global level. The cultivation of maize is sensitive to climatic conditions 

which have focused its production around the famous “Maize Triangle” of South Africa 

which comprises of sections from three provinces namely Gauteng, North West and Free 

State with the Free State being the major producer. The production in this region like 

elsewhere in the world has been faced with challenges of various natures including socio-

economic factors (such as high demand), agronomic (nutrients) and climatic (water 

availability) that does tamper with outputs. The socio-economic factors have sparked 

increased development of cultivars to withstand changing climatic conditions and 

maximizing yields. The estimation of yields well ahead of actual grain harvest is therefore 

relevant for a full comprehension of decision makers on import and export decisions. 

Monitoring of nutrient status such as nitrogen and water in the crops during the growth 

cycle is also a very important management aspect for intervention techniques to correct 

negative situations that could hinder productivity. All of these aspects are being studied in 

South Africa but through traditional or manual methods that entail extensive, labour-

intensive, time-consuming and costly field visits and laboratory analyses. Remotely sensed 

data and their associated analytical techniques have offered complementary measures that 

are less costly, covering larger spatial extents at almost near real-time for identifying crop 

types in the field, estimating yields well in advance before actual harvest and monitoring 

nutrient status in crops generally. The continuous improvement in the technology and its 

techniques of information extraction have evolved over the years for both multispectral and 

hyperspectral data. Therefore, this study aimed to investigate the potential of using 

remotely sensed data from both multispectral and hyperspectral sensors at ground and 

space level to discriminate between cultivars, monitor nutrient concentrations and estimate 

grain yields in maize crops under field conditions. 

The potential of hyperspectral data through in-situ measurements on maize leaves was 

tested in discriminating and classifying eight cultivars grown under field conditions, and 

monitoring water and nutrient (nitrogen) status. The data collected with the PSR-3500 

series handheld spectroradiometer were processed successfully through the random forest 
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ensemble plus the partial least squares algorithm after resampling to 10 nm from the 0 – 

4 nm range obtained from the spectroradiometer. The results of the cultivar discrimination 

illustrated potential through selection of wavelengths with an optimum number of 50 for an 

improved overall accuracy of classification for all eight maize cultivars of 54%±1.75 

compared to 47%±1.81 produced from all wavelengths. The in-situ spectroscopy also 

provided results of high accuracies (R2 of 0.94 and 0.93 with RMSEP of 0.08 and 0.10 

respectively) in predicting nitrate levels in maize leaves with a nitrate index of NDVI850-640 

and SR970-680. The potential for predicting maize leaf nitrate levels using imaging 

spectroscopy through EO-1 Hyperion data was further tested and showed good accuracy 

(R2 of 0.90 and RMSEP of 0.15) but with its nitrate index at SR752-681. The water status of 

the maize leaves also monitored through in-situ spectroscopy illustrated good results of an 

overall accuracy at 70%±1.2 from selectively developed indices with the NDWI860-1240 

ranked as the most relevant. 

The multispectral sensor used for maize grain estimation in this study was SPOT 5 from 

which a number of plant vigour indices were developed and used as independent input 

variables to predict yields using the random forest regression algorithm. The NDVI was the 

index that yielded the highest coefficient of determination (R2) with low root mean square 

errors of predictions (RMSEP) and mean bias errors (MBE). 

Conclusively, the aim of this study was realized as proven by the results obtained in 

discriminating maize cultivars, monitoring nutrients and estimating grain yields through 

remotely sensed data and techniques. The study used different sites but with different 

cultivars and management regimes on the crops which illustrated varying accuracies of the 

models. For instance, the nutrient status experiment was performed only on one cultivar 

and knowing that there are many other cultivars grown around this region, it would be 

worth the while to test the predictive algorithms on them. Also for the yield estimation 

models, the different fields showed different accuracies of performance which meant the 

models were site specific and that should be considered if applying in other fields. The 

resultant accuracies also varied with growth stages thereby indicating the need for in-depth 

research to identify optimum growth stages for monitoring nutrients and predicting yields 

in maize over this region. The use of remotely sensed data from other newly developed 

sensors could also be tested in this light given the positive results obtained in this study. 
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CHAPTER ONE 

This chapter is based on the general introduction to the study where it was contextualised 

bringing out problem statement from which the aim and objectives were developed. The 

scope and significance of the work was also described in this chapter. 
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1. GENERAL INTRODUCTION  

1.1. Background 

Maize (Zea mays) is a grain crop that has become a staple food to many on the African 

continent especially in the Southern African region. In a global classification of maize 

consumption by national diets, three of the top countries were from this region with maize 

contributing over 50% of total calories in the local diet. These countries are Zambia, 

Malawi and Lesotho (Dowswell et al., 1996). The supply of maize grain to these countries 

is supplemented with imports from South Africa where over 60% of all the cultivated land 

in cereals is made up of maize (Akpalu et al., 2009). The maize grain produces more food 

per unit land than any other cereal including wheat and sorghum which have been 

overthrown by maize (Dowswell et al., 1996; McCann, 2001). 

The maize plants are very sensitive to water availability and changes in temperatures 

making it extremely vulnerable to environmental shocks such as drought (Lobell et al., 

2011). The sensitivity has allowed the crop to be cultivated mostly within the “Maize 

Triangle” of South Africa. The region consists of friable soils and well-defined rainfall and 

developed as an agricultural landscape to meet up with the urban food demand that was 

emanating from the mining labour force of Kimberly and the Witwatersrand (McCann, 

2001). 

Cultivation challenges include socio-economic and natural factors. While the socio-

economic factors involve increasing demand on the grain, the natural or climatic factors 

include mostly water availability and/or droughts that are linked to rainfall and 

temperatures. These two factors influence the agronomic management of the crops leading 

to nutrient deficiencies. Insects and pests are also another challenge to cultivation of maize 

in this region but affects mostly the subsistence farmers who lack high technology 

mechanical support that is available for commercial farmers (Jones & Schofield, 2008). 

The commercial farmers apply pesticides before the crops are planted. The same goes for 

weed control which also affect the subsistence farmers. These stress factors will in one 

way or the other hinder the proper functioning of the growth system of the maize plants 

(Baret et al., 2007; Jones & Schofield, 2008) and subsequent yield outputs.  

The monitoring of these stress factors as well as yield estimations on maize cultivation 

relies heavily on the cultivar type. The genetic makeup of every cultivar means it responds 

to management regimes and stress factors differently. Therefore, in order to look at grain 
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yield estimations, which are essential for decision making on import and export policies, it 

is important to identify the different cultivars grown. Monitoring aspects on the crop 

growth status which does contribute towards the estimation of yields is very vital, since it 

can enable some interventions to ameliorate situations of vices that might be detected 

during the monitoring process. The time factor is crucial in crop growth cycle wherein 

timely detection of these factors will also mean quick intervention measures. However, 

manual or traditional agronomic methods to crop type identification or cultivar 

identification, monitoring of nutrient deficiencies or water stress and yield estimations 

have proven to be not just time-consuming and labour-intensive but also tend to produce 

subjective results (Jongschaap & Booij, 2004).  

Remote sensing from especially hyperspectral sensors has offered at almost near real-time 

and with larger spatial extent coverage, some needed support in crop cultivation across the 

globe in various aspects including identification, discrimination, mapping, nutrient 

monitoring and yield estimation. The availability of remotely sensed data at almost near 

real-time for crop management serve as an early warning system that supports timely 

intervention measures to correct negative situations and avoid losses (Lillesand et al., 

2008). The application of remote sensing in support of maize cultivation is growing around 

the globe but still premature in South Africa (Ngie et al., 2014).  

1.2. Problem statement  

Maize has been considered globally as the most important agricultural grain which is a 

staple food in many countries just like in the Southern African region and feed to livestock. 

Over 50% of total maize output in this region is produced in South Africa, where 

production covers 60% of cropland and makes up to 70% of total grain production (Akpalu 

et al., 2009). South Africa is among the top ten producers of maize globally and the highest 

producer in the Southern African region and the continent of Africa. 

Stress factors to maize production would include but not limited to water and nutrients, 

(nitrogen, phosphorus, potassium, etc.) insect pests, and diseases. The proper functioning, 

growth and eventually yield output of the crop is influenced by these factors (Zhao et al., 

2003). Detection of stress levels to which maize production is subjected is therefore 

essential for assessing the effects on yield and for taking action to mitigate these effects. In 

South Africa, the monitoring of these nutrients and yield estimations has largely been done 

but through traditional or manual methods that entail extensive, labour-intensive, time-
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consuming and costly field visits and laboratory analyses. The application of remotely 

sensed data and its analytical procedures have provided alternative means to identify crop 

types and even discriminate amongst cultivars of the same crop on the field, monitor 

nutrient concentrations in crops and estimate yields well in advance before actual harvest 

of the crops. The continuous improvement in the technology and its techniques of 

information extraction have evolved over the years for both multispectral and 

hyperspectral sensors. 

The use of random forest (RF) algorithm has been widely documented to enable with the 

extraction of variables (wavebands) from the highly dimensional hyperspectral data (Ngie 

et al., 2014). This has however had its limitations in the scope of the broader understanding 

of the spectral response of plants to various biophysical or biochemical changes due to 

collinearity. The partial least squares (PLS) was added to the RF for the statistical analysis. 

The combined algorithm (RF-PLS) was now able to handle the high dimensionality and 

minimise the challenge of collinearity of the hyperspectral data sets. There is also the 

integration of the conditional forest into the RF-PLS algorithm to enable the selection of 

predictor variables (wavebands and indices) for maize traits that are correlated but with a 

fair chance to selection (Strobl et al., 2009). 

1.3. Aim and objectives 

The study aimed to investigate the potential of using remotely sensed data from both 

multispectral and hyperspectral sensors at ground and space levels to discriminate between 

cultivars, estimate yields and monitor nutrient status in maize plants under field conditions. 

The study makes use of a case study which is the Free State province being the largest 

producer of maize in the Republic of South Africa. The case study will serve as an 

exemplar for more effective monitoring and yield predictions in other maize producing 

areas of the country. 

1.4. Objectives of the study 

The study set specific objectives towards the realisation of the aim which were: 

1.) To evaluate through published research articles the application of remote sensing in 

maize farming. 

2.) To identify and discriminate maize cultivars grown in the Free State through in-situ 

spectroscopic data sets. 
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3.) To estimate foliar nitrate concentrations using in-situ spectroscopic data at two 

growth stages of the maize plants and measuring the concentrations through 

chemical analysis in the laboratory. 

4.) To investigate the potential of imaging spectroscopy in predicting maize foliar 

nitrate concentrations at canopy level using the EO-1 Hyperion data. 

5.) To assess at leaf level water status on maize crops under field conditions using 

spectroscopic data. 

6.) To estimate maize grain yields using spectral vegetation indices derived from 

SPOT 5 data multispectral satellite data. 

1.5.   Scope of the study 

This study examines the potential use of remote sensing techniques to discriminate 

between cultivars, monitor stress in and estimate grain yield (dry weight of the grains) of 

maize in South Africa. There are a number of stress factors that affect the growth of maize 

in this region of the study and include; nutrient stress (nitrogen and other plant elements), 

water stress, stress of weed invasion as well as disease (such as the gray leaf spot fungal 

disease of maize) and pest stresses. The pest, disease and weed stresses were not inclusive 

in this study since the fields were commercially managed farms where advanced 

techniques were put in place to avoid the emergence of these stresses under field 

conditions. Therefore, the two stress factors that were investigated are nitrogen and water 

stresses. Through statistical techniques especially machine learning algorithms, the 

obtained spectral data was manipulated to extract information such as variables or features 

or wavelengths of importance to monitor the stress factors. 

The usefulness of hyperspectral data to predict maize leaf N content was evaluated using a 

handheld spectroradiometer or in-situ spectroscopy under field conditions to generate 

spectroscopic data. There was a follow-up study on the usefulness of a space-borne or 

imaging spectroscopy (EO-1 Hyperion) to estimate leaf N concentration of maize plants at 

canopy level. The water status of maize crops under natural field conditions identified at 

leaf level with the use of the handheld spectroradiometer generating spectroscopic data was 

also investigated. 

These two stress factors were chosen because nitrogen is the most important nutrient for 

maize farming and water is an essential limiting factor for the production of this crop 
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especially in South Africa which is a water-scarce country, and any control strategy will 

benefit from identifying and monitoring crop water status before wise application of 

irrigation. The utility of multispectral data sets for forecasting maize yields was then 

assessed through space-borne SPOT 5 images with a non-linear machine learning 

algorithm known as random forest.  

In summary therefore, the study was set to explore leaf to spaceborne remote sensing 

variables for assessing various plant traits required in precision farming of maize. This 

was done through the application of statistical approaches (RF-PLS and the cforest) 

to untangle hyperspectral data to determine the spectral information needs for precision 

farming of maize specifically the identification of wavebands of importance to the 

various maize traits. The last part of yield prediction also incorporated 

multispectral remote sensing into precision farming of maize and the selection of 

indices of importance to this aspect. 

This study was limited to working on maize crops grown under field conditions without 

control measures from weather conditions such as rainfall and sunshine or temperatures to 

which the crops were subjected. The only controlled factor was the application of nitrogen 

fertilizer to crops in one field where only one cultivar was also grown but water application 

was not controlled. Hence, note should be taken about the results obtained in this study as 

being generated from commercially motivated management conditions on the maize crops. 

1.6. Rationale for the study area and significance of study 

Maize is considered an essential tool in combating food security globally, and serves as a 

staple food to billions of humans. South Africa is among the top ten producers of maize 

globally and a major supplier of this important grain to its sub region (Southern African 

region) where the grain is in high demand (topmost countries in the world where maize 

makes up more than 50% of their diet are from this region including Zambia and Malawi). 

The region of South Africa contributing the most towards it high productivity is known as 

the “Maize Triangle” with the Free State province as major area with large maize fields 

suitable for remote sensing coverage. 

The significance of this study is that it has firstly contributed to the world of knowledge on 

the application of remotely sensed data and techniques in supporting field crop 

productivity specifically maize. The study identified key wavelengths of importance from 

the hundreds of hyperspectral wavelengths that could be used to discriminate maize 
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cultivars on the field, and monitor nitrogen concentrations in maize crops at both leaf and 

canopy levels. The identification of wavelength regions vital in the monitoring of water 

status in the maize crop, together with the nutrient concentrations could be directly 

supportive to farmers in site-specific application of crop growth supplements (fertilizers 

and water) that will be beneficial both economically and environmentally. 

1.7. Outline of thesis 

 This thesis is organized according to the outlined research objectives and structured in the 

form of papers for publication. The papers are either published in or submitted to peer-

reviewed journals, published in peer-reviewed proceedings, or under preparation for 

submission to international journals. The thesis consists of 8 chapters wherein chapter 1 is 

a general introductory section to the entire thesis, and chapter 8 is a synthesis with 

summary of findings and conclusions. Some relevant recommendations for future research 

are outlined in the section of the synthesis. 

Chapter 2 is made up of the review of relevant literature on the application of remote 

sensing in maize farming. Emphasis is laid on understanding the spectral characteristics of 

maize leaves to enable the identification, classification, nutrient status and condition 

monitoring as well as yield predictions of the crop. 

Chapter 3 deals with the identification and discrimination of different maize cultivars 

grown under field conditions using in situ spectroscopic data from a handheld 

spectroradiometer. The resampled data to 10 nm is statistically processed for the 

identification of wavelengths of importance in discriminating the eight maize cultivars. 

Chapter 4 covers the potential use of the handheld spectroradiometer in estimating nitrate 

content of maize leaves. This is further quantified through chemical analysis and correlated 

with the transformed reflectance values measured under field conditions. Through feature 

selection techniques, maize nitrate indices were identified and used to predict the 

concentrations of nitrates in maize leaves. 

Chapter 5 is an extension of findings from chapter 4 to upscale with the EO-1 Hyperion 

data set. This illustrates the potential of imaging spectroscopy in monitoring maize leaf 

nitrate content. The random forest regression algorithm was employed to reduce the 

redundancy in hyperspectral data and to predict maize leaf nitrate with a small subset of 

spectral variables derived from Hyperion images and an index was also selected for 

monitoring maize foliar nitrate concentration at canopy level. 
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Chapter 6 contains the results of evaluating the potential use of spectroscopic data in 

detecting the water status on maize leaves on plants grown under field conditions. This 

chapter focuses on determining if the different water conditions on maize leaves (fresh 

healthy (H), intermediary water stressed (IWS) and water stressed (WS)) reflect 

significantly different in the spectral region 350-2500 nm to enable an assessment and 

subsequent classification through spectral indices that deal with water absorption in plants. 

Chapter 7 provides an evaluation of the utility of different vegetation indices derived from 

SPOT 5 multispectral data sets for predicting maize grain yields. The random forest 

regression algorithm is implemented to test whether the developed vegetation indices could 

predict maize yields through the dry weight of the grains (tons per hectare, (t ha–1)) and at 

the same time rank the indices according to their importance. 

Chapter 8 is a synthesis of the study with emphasis on the practical use of remote sensing 

techniques in enhancing maize productivity through an early detection, monitoring and 

correction of vices accruing from determinant growth factors both at leaf and canopy 

levels. The encouraging results also obtained in cultivar discrimination and yield estimates 

also cemented the potential in remote sensing to support the cultivation of maize with 

valuable information and on time for decision making on the production and/or demand 

and supply dynamics of grains. 

A single reference list is provided at the end of the thesis for all the chapters. 
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CHAPTER TWO 

This chapter dwells on a review of the existing scientific literature on the application of 

remote sensing in managing crop growth processes for the enhancement of productivity 

from a global perspective and narrowing down to South Africa. It wraps up with a 

summary of work done so far and some recommendations for future research in the field of 

remote sensing application in crop productivity in South Africa. 
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2. REVIEW OF LITERATURE 

This chapter is based on1 

ABSTRACT  

Maize is considered globally as the most important agricultural grain which is a staple 

food for many humans and feed to livestock. There is need to enhance productivity through 

management tools to meet up with growing populations. Farmers are likely to be interested 

in technologies that are beneficial to their operations, where remote sensing could produce 

more value and benefit to maize production. The paper focuses on reviewing published 

research that deals with the application of remote sensing in maize farming. This review 

pays emphasis on the spectral characteristics of maize leaves, classification and mapping. 

It further surveys the application of remote sensing in detecting foliar nitrogen deficiency, 

water stress and disease infestations in maize. Remote sensing can be considered as fast, 

non-destructive and relatively cheaper method to study biophysical and biochemical 

parameters of vegetation across vast spatial areas than traditional methods. However, 

selection of appropriate sensors with special attention on their spatial and spectral 

resolutions as well as processing techniques will validate a success story for remote 

sensing application in maize production. 

KEYWORDS: maize, nutrient monitoring, spectral reflectance, yield predictions 

2.1. Background 

Maize has been considered globally as the most important agricultural grain which is staple 

food in many countries and feed to livestock. It is estimated that by 2050, the demand for 

maize in developing countries will double, and by 2025 maize will have become the crop 

                                                 

1 Ngie, A., F. Ahmed and K. Abutaleb, (2013): An investigation of remote sensing potential in maize 

production: a review. Paper presented at the 2nd SA-GEO symposium at East London, South Africa, 10-12th 

of September. 

Ngie, A., F. Ahmed and K. Abutaleb, (2014): Remote sensing potential for investigation of maize 

production: review of literature. South Africa Journal of Geomatics, 3(2), 163-184.  DOI: 

http://dx.doi.org/10.4314/sajg.v3i2.4 
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with the greatest production globally (FARA, 2009). In 2006 the Abuja Summit on Food 

Security in Africa identified maize, among other crops, as a strategic commodity for 

achieving food security and poverty reduction. There was a call to promote maize 

production on the continent to achieve self-sufficiency by 2015 (AUC, 2006). 

Maize production at macro level is limited by climate and soil. The potential areas maize 

can, therefore, be cultivated are geographically specific to these environmental conditions. 

At micro level, the determinant or stress factors to maize production would include among 

other factors water and nutrient deficiencies (nitrogen, phosphorus, potassium, etc.), insect 

pests, and diseases (Zhao et al., 2003). The proper functioning, growth and eventually 

yield output of the crop is influenced by these factors. The detection of stress levels to 

which maize production is subjected is therefore essential for assessing the effects on yield, 

taking action to mitigate these effects and enhancing production. 

Precision agriculture is based on intensive sources of information and attempts to address 

the site-specific needs with spatially variable application. This involves close monitoring 

and controlling many aspects of crop production that should aid in identifying proper 

targets and needs of crops for applying locally varying doses of chemicals (Mondal et al., 

2011). The combination of spatial technologies to monitor plant nutrient and moisture 

needs, soil conditions, and plant health (including identification of disease infestation) 

would be vital in achieving precision agriculture. 

Effective crop planning and management requires informed and sound decisions drawn 

from knowledge about the crops in the field. In order to improve agricultural management, 

scientist are applying information technology (IT) and satellite-based technology (e.g. 

global positioning system, remote sensing etc.) to identify, analyze, monitor and manage 

the spatio-temporal variability of agronomic parameters (e.g. nutrients, diseases, water, 

etc.) within crop fields. This aids in timely applications of only the required amount of 

inputs to optimize profitability, sustainability with a minimal impact on the environment 

(Mondal et al., 2011). There is therefore the assurance of proper resource utilization and 

management to enhance crop productivity. 

The purpose of this paper was to review published research in maize production using 

remote sensing as major research tool. The review seeks to investigate the potential of 

using remotely sensed data and analytical techniques to enhance productivity of maize. 

This is achieved through an understanding of the spectral characteristics of maize leaves 

for varietal separation, classification and mapping. The ability of these spectral 
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characteristics can be used to monitor the nutrient status and health condition of the maize 

leaves. The paper concludes with a summary and some recommendations for the 

application of remote sensing in the production of maize. 

2.2. Maize spectral characteristics: varietal discrimination and crop mapping 

 When energy strikes on a surface material, it is either absorbed or reflected back through 

the electromagnetic spectrum. The visible (400-700 nm wavelength) and near infrared 

(NIR) (700-1300 nm wavelength) region of the electromagnetic spectrum are the regions at 

which most agricultural studies carry out measurements. This is because the spectral region 

includes wavelengths which are sensitive to physiological and biological functions of crops 

(Lillesand et al., 2008). The spectral characteristics of healthy vegetation are distinctive 

with low reflectance in blue, high in green, very low in red and very high in the NIR (Chen 

et al., 2010; Genc et al., 2013). 

There is a large difference in the spectral characteristics between soil and crop, especially 

at the “red edge” which is the point where the electromagnetic spectrum changes from 

visible to NIR (wavelength of approximately 700 nm) (Figure 1). This region is used to 

detect biochemical and biophysical parameters in crops thereby being useful in vegetation 

studies. The principle is that the majority of the red light is absorbed by the chlorophyll in 

the canopy while a high proportion of the NIR light is reflected (Ramoelo et al., 2012). 

The canopy greenness increases, either due to increasing crop density or chlorophyll 

content. Canopy greenness is therefore related to the percentage of red reflectance 

absorbed and the percentage NIR reflectance reflected (Lillesand et al., 2008). Therefore, 

the reflectance spectral techniques are very suitable for providing relevant information on 

both crop foliar and canopy levels which could be related to nutrient status and stress 

factors on the crops (Scotford & Miller, 2005; Ramoelo et al., 2012). The reflectance 

spectral technique is also applicable in the separation of not just different plant species or 

crop types (Ishimwe et al., 2015) but also on cultivars of the same crop (Ngie et al., 2015). 

Measurements at the red-edge bands has made possible the estimation of foliar nutrients 

and chlorophyll concentrations in different vegetation types at various growth stages 

(Huang et al., 2004; Cho & Skidmore, 2006; Darvishzadeh et al., 2008; Mokhele & 

Ahmed, 2010). Therefore, remote sensing (both multispectral and hyperspectral) can 

provide an effective means for fast and non-destructive estimation of leaf nitrogen and 
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water status in crop plants through complimentary tools such as regression models (Yao et 

al., 2010). 

 

 

Figure 1: Spectral reflectance curves for soil and crop (green vegetation) 

according to Scotford & Miller, 2005 

Spectral unmixing techniques can be used to quantify crop canopy cover within each pixel 

of an image and have the potential for mapping the variation in crop yield. Each image 

pixel contains a spectrum of reflectance values for all the wavebands measured. These 

spectra can be regarded as the signatures of surface components such as plants or soil, 

provided that components, referred to as endmembers, covers the whole pixel. Spectra 

from mixed pixels can be analyzed with linear spectral unmixing, which models each 

spectrum in a pixel as a linear combination of a finite number of spectrally pure spectra of 

the endmembers in the image, weighted by their fractional abundances (Yang et al., 2007; 

Yang et al., 2010). Spectral unmixing is an alternative to soft classification for sub-pixel 

analysis (Lu & Weng, 2004). This is usually very essential in crop identification and 

classification studies. The classification is performed under either supervised techniques 

which include maximum likelihood, minimum distance, parallelepiped and others, or an 

unsupervised technique. 

Adding to traditional unsupervised and supervised classification methods are advanced 

techniques such as artificial neural networks (ANN), support vector machines (SVM), 

decision trees (DT) and image segmentation which have been used to classify remote 
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sensing data (Lu & Weng, 2007; Mathur & Foody, 2008). However, these classifiers 

remain to be evaluated using different types of remote sensing data from diverse crop 

growing environments. There is also the field-based crop identification which entails field 

boundary information and results in higher classification accuracy (De Wit & Clevers, 

2004). 

Remote sensing has played a significant role in crop classification for various purposes.  

Effective crop classification requires an understanding of the spectral characteristic (foliar 

and canopy levels) of the particular crop. In order to understand for instance the maize 

canopy spectral characteristics, a field investigation is targeted when the plant canopy is 

covered which is usually during six to eight weeks after planting. The light reflectances 

acquired during such growth stages could apply in differentiation of varieties; 

classification and mapping of maize varieties. For instance, Yang et al. (2011) used 

maximum likelihood and SVM classification techniques on SPOT 5 imagery to identify 

crop types and to estimate crop areas. Different band ratios of multispectral or 

hyperspectral data and classifications schemes have been applied, depending on 

geographic area, crop diversity, field size, crop phenology and soil conditions (Nellis et al., 

2009). 

To extract vegetation species from hyperspectral imagery, a set of signature libraries of 

vegetation are usually required (Xavier et al., 2006). For certain applications, the 

vegetation libraries for particular vegetation species might be already available. However, 

for most cases, the spectral signature library is established from data collected with a 

spectroradiometer. As such, vegetation mapping using hyperspectral imagery must be well 

designed to collect synchronous field data for creating image signatures (Melgani, 2004). 

In most agricultural studies, spectral reflectance values of at least two wavelength bands 

(on either sides of the “red edge”) are measured to enable the calculation of a ratio. These 

ratios are known as vegetation indices and many have been developed over the years. 

These indices are usually correlated against field observations of nutrient stress measured 

at foliar or canopy level. The number of wavelength bands measured will determine the 

complexity of the data analysis; wherein a small number of bands will translate to a simple 

data analysis. This could be illustrated in a scenario where in-situ measured reflectance 

values of the red and NIR wavelengths are used to calculate normalized difference 

vegetation index (NDVI).  
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However this only holds true until canopy closure when the crop has a leaf area index 

(LAI) of up to three where LAI is defined as the ratio between total leaf area, one side 

only, per unit area of ground (Scotford & Miller, 2005). Mirik et al. (2012) also described 

spectral vegetation indices as mathematical expressions that involve reflectance values 

from different parts of the electromagnetic spectrum. These expressions are aimed at 

optimizing information and normalizing measurements made across different 

environmental conditions. 

Shanahan et al. (2003) proposed a study evaluating the use of two indices (NDVI and 

green NDVI (GNDVI)) on a large plot scale to assess the maize chlorophyll content. The 

experiment was conducted on four varieties of irrigated maize treated with five differing 

levels of nitrogen. Remote measurements were taken with active sensors emitting light in 

four bands: blue (460 nm), green (555 nm), red (680 nm), and NIR (800 nm). The authors 

concluded that differences in NDVI were significantly impacted by nitrogen and sampling 

date. Also, increased nitrogen was correlated to increased chlorophyll content but not on a 

large scale. However, Strachan et al. (2002) recommended that canopy reflectance at red 

edge position can explain 81% of maize leaf nitrogen variability. 

2.3. Monitoring nitrogen and water stresses in maize  

2.3.1 Nitrogen deficiencies in maize 

Nitrogen (N) is a biochemical nutrient essential for plant growth. It forms part of many 

structural, metabolic and genetic compounds. Nitrogen is a critical building block of 

chlorophyll which is essential for the process of photosynthesis. Availability of N in the 

soil is usually related to plant growth, photosynthetic capacity and stress (Ustin et al., 

1998; Yao et al., 2010). Nitrogen deficiency in a plant will have symptoms on the lower, 

older leaves first before progressing upward to younger leaves if the condition is not 

corrected (Sawyer, 2004). 

Nitrogen deficiencies interfere with protein synthesis and growth in crops such as maize 

(Bruns & Abel, 2005). Numerous studies have been conducted to proof the direct effect of 

N to yield levels of maize (Lindquist et al., 2007; Shapiro and Wortmann, 2006; Singh et 

al., 2003; Abouziena et al., 2007; Savabi et al., 2013). Nitrogen deficiency-induced effects 

on kernel number could be related to photosynthesis or plant growth at flowering (Andrade 

et al., 2002). Gitelson et al. (2005) developed a model, based upon field measurements 
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made by means of a hyperspectral radiometer, for non-destructive estimation of 

chlorophyll in maize and soybean canopies. 

Nitrogen deficiency could be detected earlier in crops when visual symptoms of deficiency 

are less evident with the use of remote sensors (Jackson et al., 1981). This is achieved 

through its various compounds providing an effective means for monitoring growth status 

and physiological parameters in crop plants. Its presence in chlorophyll and other cellular 

structures influences information on spectral reflectance (Yao et al., 2010). The 

measurement of chlorophyll content is also important with regard to N management. 

Hence, a number of studies have utilised remote sensing techniques to determine the status 

of nitrogen and other essential nutrients in field crops such as maize and wheat being 

illustrated through this review. 

Zhao et al. (2003) induced differing levels of nitrogen stress on maize and measured 

growth parameters, chlorophyll concentration, photosynthetic rates, and reflectance. The 

study demonstrated that reductions in leaf nitrogen concentrations are greater in plants 

suffering from inadequate soil N availability. Reduced nitrogen concentrations were 

correlated with lower rates of stem elongation and leaf area. The authors in 42 days after 

crop emergence noticed a 60% reduction in chlorophyll a, which caused an increased 

reflectance near 550 and 710 nm. Therefore, reduced chlorophyll concentrations as a result 

of stress translate in decreased light absorbency and increased reflectance in these 

wavelength regions. 

Remotely sensed imagery can provide valuable information about in-field N variability in 

maize as well as variability at canopy level still using the relationship with N content. 

Maize leaf reflectance around the 550 nm wavelength has been identified as having a good 

relationship with leaf N content (Osborne et al., 2002). Martin et al. (2007) found that 

NDVI increased with maize growth stage during the crop life cycle and a linear 

relationship with grain yield is best at the V7–V9 (vegetative growth stages seven and 

nine) maize growth stages. 

Solari et al. (2008) investigated the potential use of active sensors at a field scale in 

determining N status in maize. Irrigated plots with uniform soils and fertilization, 

excluding N, were established at the initial stage and later differing rates and timing of 

nitrogen applications were administered in order to induce variable growth patterns. The 

authors discovered that the NDVI was sensitive to differences in N, hybrid, and growth 

stage. There exist a strong linear relationship between leaf chlorophyll concentration and 
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leaf N concentration, where the greater leaf area and green plant biomass levels result in 

higher reflectance and higher subsequent NDVI values (Inman et al., 2005). This implies 

that these variables (leaf area and plant biomass) are directly related to the N content of the 

plant; hence higher NDVI values indicate higher plant N content (Shaver et al., 2011). 

2.3.2 Water stress in maize 

The saying that ‘water is life’ denotes for both flora and fauna. Water is a key determinant 

in the production of crops with maize inclusive. Accurate water content estimation is 

required to make decisions on irrigation and also crop yield estimations in agricultural 

studies (Peñuelas et al., 1993). The water content/status of a plant can be measured from 

root, stem and leaf material or the whole canopy. Leaf analyses are however, the most 

important organ for evaluating nutrient and water status of plants in comparison to other 

tissue types (Suo et al., 2010). The leaf is also mostly responsible for photosynthesis, an 

essential physiological process in plants. Hence, the health and nutrient status with water 

status inclusive of the plants can be evaluated from the leaves. 

Considerable technological developments have taken place over the years to determine 

water stress using remote sensing. The basis of detecting water stress relates to the 

differences in reflectance properties of plants under different water stress levels at certain 

wavelengths in the NIR portion of the electromagnetic spectrum (Genc et al., 2013). Two 

spectral regions have been found useful for detecting water status in plants; one 

characterised by high reflectance caused by reflections and scattering of light in the spongy 

mesophyll layer at the NIR (700 – 1300 nm) and the other characterised by strong water 

absorption at the mid infrared (MIR) (1300 – 2500 nm). The first one is based on the turgor 

pressure in the leaf tissues while the second is directly related to leaf water content. The 

reflectance spectra of water stressed plants absorb less light in the visible and more light in 

the NIR regions of the spectrum than plants not experiencing water stress. 

As a result of the absorption by oxygen-hydrogen (O–H) bonds in water, its absorption 

features could be found at approximately 760 nm, 970 nm, 1200 nm, 1450 nm, and 

1950 nm (Li, 2006). The first derivatives of reflectance associated with the slopes of the 

lines near water-absorption wavelength bands 900 nm and 970 nm correlates well with leaf 

water content (Danson et al., 1992). Studies have shown that reflectance spectra of green 

vegetation in the 900-2500 nm region are associated with liquid water absorption and are 

also weakly affected by absorption from other biochemical components such as starch, 
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protein, lignin and others. It is possible to investigate the effect of water on nutrient stress 

(nitrogen) through discrimination based on the visible and NIR reflectance of maize leaves 

(Christensen et al., 2005). Prior knowledge of water status of plants can increase the ability 

to discriminate nutrient stress significantly. 

The water band index is derived from the ratio of reflectance measured at 950 nm and 

970 nm (Peñuelas et al., 1993). This spectral index has been correlated with ground-based 

measurements of plant water content at both the leaf and canopy scales. It is, however, 

more sensitive to leaf water content than the water content of the whole plant. This is 

advantageous in agricultural applications where leaf water content changes more 

noticeably in response to drought conditions than the water content of the entire plant 

foliage (Champagne et al., 2003). 

Genc et al. (2013) conducted an experiment on maize plants where reflectance 

measurements were made at the red and NIR portions before and after irrigation 

application. The results confirmed a decrease and increase in reflectance spectral at 

respective regions as the water level at field capacity increases. However, when the authors 

compared results at all four water levels, the reflectance spectra indicated that water 

stressed maize plants absorbed less light in the visible and more light in the NIR regions of 

the spectrum than unstressed plants. 

A recent significant breakthrough in passive optical remote sensing has been the 

development of hyperspectral sensors on satellite platforms (such as EO-1 Hyperion) that 

provide continuous narrow bands and high resolution in the visible and infrared spectral 

region. Compared with multispectral imagery that only has a dozen of spectral bands, 

hyperspectral imagery includes hundreds of spectral bands. Hyperspectral sensors are well 

suited for vegetation studies as reflectance/absorption spectral signatures from individual 

species as well as more complex mixed-pixel communities can be better differentiated 

from the much wider spectral bands of its imagery (Yang et al., 2010). However, the 

interpretation of this hyperspectral data can be complicated by the inter-relationships 

between wavelength variables but many statistical techniques have been utilised to analyse 

such data. For example, neural networks; partial least-squares analysis; fuzzy logic; 

principle component analysis and stepwise multiple linear regression have all been used 

(Xie et al., 2008) to extract information from the reflectance spectral data. 

Maize growth rate can be used as a good predictor of kernel number when nitrogen and 

water supply are considered as variables. This relationship has been proven by modifying 
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maize growth rate by N and/or water supply to that similarly obtained when plant growth 

was changed by variations in plant density and incident radiation. The effect of reducing N 

availability was similar to the effect of reducing water availability (Andrade et al., 2002). 

Table 1: Spectral indices and some wavelength bands used to detect water stress 

in maize 

Index Abbreviation and formula Reference 

Normalized difference 

vegetation index 

NDVI = (NIR − R) / (NIR + R) 

 
Rouse et al., 1974 

Green NDVI GNDVI = (NIR − G) / (NIR + G) 
Gitelson & Merzlyak, 

(1996) 

Simple ratio SR = NIR / R Jordan, (1969) 

Normalized difference 

water index NDWI = (G – NIR)/(G + NIR) 

Gao, (1996); Mcfeeters, 

(1996); Serrano et al., 

(2000) 

Water band index, WBI = 970nm/ 900nm Peñuelas et al., (1993) 

Shortwave infrared 

water stress index  

SIWSI(6, 2)= (r6-r2)/( (r6+r2) (10) or 

SIWSI(5, 2)= (r5-r2)/( (r5+r2) (band 6 

and 5 respectively of MODIS); 

SIWSI = SWIR−R(Rd) and SWIR+ R(Rs). 

Fensholt & Sandholt, 

(2003); Haixia et al., 

(2013) 

Ratio of blue and NIR BN = B / NIR Genc et al., (2013) 

Ratio of green and NIR GN = G / NIR Genc et al., (2013) 

Ratio of red + green 

and NIR 
RGN = (R + G) / NIR Genc et al., (2013) 

SWIR (short wave infrared); NIR (near infrared); R (red); G (green); B (Blue) 

Thus, the effect of water deficiencies, nitrogen stress, plant density, and incident radiation 

on maize kernel set can be predicted through a relationship between growth rate and kernel 

number. This is explained by two aspects: the correlation between growth rate at flowering 

to growth of reproductive structures, and also that early seed development and kernel set in 

maize is dependent on a continued supply of assimilates from concurrent photosynthesis 

(Zinselmeier et al., 2000). 



 

20 

A few water indices have been developed to study crop water stress and these include the 

water band index (WBI) (Peñuelas et al., 1993), shortwave infrared water stress index 

(SIWSI) (Fensholt & Sandholt, 2003) and normalized difference water index (NDWI) 

(Gao, 1996; Serrano et al., 2000). Recent studies have focused on combining the blue, 

green, and red with the NIR wavelengths through indices to estimate vegetation water 

content (Table 1) (Genc et al., 2013). Therefore, the use of remote sensing is particularly 

and practically suitable for assessing water status and implementing appropriate 

management strategies because it presents unique advantages of repeatability, accuracy 

and cost-effectiveness over ground-based survey methodologies for water stress detection. 

2.4. Maize pests and diseases detection 

Detection and identification of plant diseases and planning effective control measures are 

important to sustain crop production. Maize production is challenged by pest attacks 

ranging from insect to fungi. Plant diseases do not only affect yields but also increase the 

cost of production through treatment procedures on the crops. Some of the common 

diseases on the maize crop include but are not limited to grey leaf spot, common rust, 

northern maize leaf blight, phaeosphaeria leaf spot, maize streak disease, stem rot diseases 

and others. Another destructive insect that damages maize crops is the stem borers. There 

is also the recently discovered maize lethal necrosis (MLN) disease (Xie et al., 2011) 

which is a relatively new disease infecting maize crops, particularly in sub-Saharan Africa 

(Wangai et al., 2012; Mahuku et al., 2015a; Mahuku et al., 2015b; Kagoda et al., 2016; De 

Groote et al., 2016). 

When crops are infected by a disease, the biochemical constituent of the plant changes and 

so would be the spectral signatures. This is the reason why remote sensing could be used to 

monitor the infestation of diseases in field crops. Applications of remote sensing in field 

crops, for rapid detection of pest damage or disease, also include the use of handheld 

optical devices (Sudbrink et al., 2003; Moshou et al., 2004; Xu et al., 2007; Mirik et al., 

2012) and airborne sensors (Sudbrink et al., 2003). 

The health of the leaf can also be monitored wherein changes in leaf chlorophyll content 

provide an indicator of maximum photosynthetic capacity, leaf development and/or stress 

(Si et al., 2012). Assessment of photosynthetic functioning is one of the most important 

bases for the diagnosis and prediction of plant growth and subsequent yield estimation. 
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Williams et al. (2012) used the potential of the hyperspectral NIR imaging to evaluate 

fungal contamination in maize kernels. Using the principal component analysis (PCA), bad 

pixels as well as shading of acquired absorbance images were removed before further 

analysis. The researchers concluded that the methodologies used were able to detect 

infection, the degree of infection and increase of infection over time. Therefore, remote 

sensing could assist in early detection of disease infestation in maize. 

2.5. Maize crop yield predictions 

Crop yield prediction is production estimates that are made a couple of months before the 

actual harvest. This is frequently done through computer programmes that utilize agro-

meteorological data soil data, remotely sensed and agricultural statistics to describe 

quantitatively the plant-environment interactions (Dixon et al., 1994; Zere et al., 2004). In 

some instances, meteorological data is included to run some of the yield models (Unganai 

& Kogan, 1998). The meteorological data is usually generated from weather stations and 

cover a given area. 

Crop phenology is fundamental to crop management, where timing of management 

practices is increasingly based on stages of crop development. The development of maize 

is subdivided into ten growth stages which summarily fall between the vegetative and 

reproductive phases. Plant development (phenology) is influenced by a variety of factors 

such as genetic makeup, available soil moisture, date of planting, air temperature, day 

length, soil condition and nutrients. These factors therefore also influence the plant’s 

condition and productivity (Nellis et al., 2009). In order to achieve maximum production, 

vegetative stage three (four to six weeks after emerging) is more vital. This because at 

growth stage three there are eight to twelve leaves of the new maize plant that are fully 

unfolded. This is the stage of applying sprays and fertilizers. The yield potential of the 

plants is determined at this stage depending on the moisture and nutritional conditions at 

the time (Andrade et al., 2002). 

Maize yield is usually associated with the kernel or grain number at harvest and is a 

function of the physiological condition of the maize crop during the reproductive phases - 

bracketing, flowering or silking (Otegui & Andrade, 2000). Andrade et al. (2002) also 

determined that kernel number can be related to photosynthetic activity via chlorophyll 

content. 

http://www.sciencedirect.com/science/article/pii/S0034425797001326
http://www.sciencedirect.com/science/article/pii/S0034425797001326
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Remote sensing techniques can be used to extract information about biophysical and 

biochemical parameters of vegetation such as LAI, chlorophyll, phosphorus, fibre, lignin, 

N (Darvishzadeh et al., 2008; Ramoelo et al., 2011) and silicon (Mokhele & Ahmed, 2010) 

which are essential for the plant growth. Statistical regression techniques are used to derive 

specific vegetation parameters and indices (Darvishzadeh et al., 2008; Si et al., 2012) that 

could be utilised in estimating crop productivity. For instance, the LAI is used to quantify 

canopy structure, crop growth and hence predict primary productivity. 

High correlations are found between vegetation indices and green biomass in studies done 

at field level (Groten, 1993). This is related to the crop type and yields but requires ground 

truthing and actual yield measurements in selected fields (pixels) that cover the full range 

of observed vegetation indices such as NDVI values. Viña et al. (2004) using visible 

atmospherically resistant spectral indices documented a capability for detecting changes in 

maize due to biomass accumulation, changes induced by the appearance and development 

of reproductive structures, and the onset of senescence. 

Shanahan et al. (2001) used remotely sensed imagery to compare different vegetation 

indices as a means of assessing canopy variation and its resultant impact on maize (Zea 

mays) grain yield. Results showed that green normalized difference vegetation index 

(GNDVI), developed by Gitelson et al. (1996), and derived from images acquired during 

mid-grain filling were the most highly correlated with grain yield (Table 1). Therefore 

GNDVI could be used to produce relative yield maps depicting spatial variability in fields, 

offering a potentially attractive alternative to use of a combine yield monitor. 

While most studies on yield prediction with remotely sensed data apply multispectral data 

due to its availability, hyperspectral images could also be utilised. For instance, Uno et al. 

(2005) statistically analysed hyperspectral images with an artificial neural network (ANN) 

and vegetation indices to develop models to predict yields for maize in Canada. After using 

the PCA to reduce the number of input variables for analysis, greater prediction accuracy 

(20% validation) was obtained with an ANN model than with any of the three conventional 

empirical models based on NDVI, SR or photochemical reflectance index (PRI). 

The use of remote sensing to estimate biological crop yields is being explored in many 

countries such as the United States, China and India, and likely will become the keystone 

of agricultural statistics in the future (Zhao et al., 2007). The fact that crop productivity 

vary greatly across climatic regions since it depends on agroclimatic conditions, the 

application of remote sensing in this field would be necessary in other parts of the globe 
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(Table 11 is a summary of various studies on the prediction of maize grain yields through 

remote sensing) like South Africa. The variability of these conditions warrants models to 

be developed based on the conditions of different areas where the crops are planted. 

Moreover, there is room to improve on methodologies and principles already developed in 

the creation of new models. 

2.6. Summary and recommendations 

According to this review, there is great potential for remote sensing to be used in 

investigating maize growth processes in order to enhance production of this global crop. 

This is backed by the availability of products with higher spatial, spectral and temporal 

resolution becoming more efficient, affordable and cost-effective. Its success in 

biophysical vegetation parameters identification and monitoring through the various 

growth stages of maize has been studied even though not uniformly across the globe. 

Spectral reflectance measurements can provide a basis for variable biophysical vegetation 

parameters. There is a good relationship between these parameters when the spectral 

reflectance is measured at the leaf scale. Research in the past has been undertaken to 

estimate foliar nitrogen concentrations in experimental fields using portable spectrometers, 

with promising results. However when measured at the canopy level, the relationship is 

further complicated for various parameters (LAI, wet and dry biomass etc.) and therefore 

further studies are needed to fully comprehend the dynamics involved with the production 

of field crops. 

Sensor readings were also found to be more associated with chlorophyll content during 

vegetative growth phases than during reproductive phases (Solari et al., 2008). Taking 

advantage of improvements in sensor characteristics and processing techniques, the use of 

remotely sensed data for yield predictions for maize is gaining grounds. This is 

contributing substantially in a more accurate description of within-field crop yield 

variability which is a great concern in precision agriculture. However, it is still a challenge 

to develop accurate operational maize yield-estimating models across different fields. 

The challenge of water deficiency monitoring over a large spatial area has been overcome 

through the use of remote sensing. It is practically suitable for assessing water stress and 

implementing appropriate management strategies because it presents unique advantages of 

repeatability, accuracy, and cost-effectiveness over the ground-based surveys for water 

stress detection. 
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One of the potential applications of remote sensing techniques in agriculture is the 

detection of plant pests and diseases on extensive areas before the symptoms clearly appear 

on the plant leaves. This is advantageous because remote sensing detects biophysical 

changes before physiological changes are visible. The challenge of disease infestation on 

maize production warrants more investigation as not much was found during this literature 

survey. Early detection and delineation of maize infested areas especially in some of the 

high productive areas that are prone to diseases (e.g. grey leaf spot) using hyperspectral 

remotely sensed data could be attempted. Therefore, spectroscopy analysis could be 

considered as an efficient technique for non-destructive, rapid, and accurate measurement 

which is widely applied in agricultural fields for crop discrimination, monitoring of 

nutritional status as well as diseases (Sankaran et al., 2010). 
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CHAPTER THREE 

This chapter focuses on identification of wavelengths of importance in discriminating 

maize cultivars grown under field conditions using in-situ spectroscopy and random forest 

algorithm. The optimum number of wavelengths for the discrimination and classification 

of the eight maize cultivars was established. 
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3. MAIZE CULTIVAR DISCRIMINATION AND 

CLASSIFICATION USING IN-SITU SPECTROSCOPY AND 

THE RANDOM FOREST ALGORITHM  

 This chapter is based on2  

ABSTRACT  

There is increased pressure on farmers to enhance productivity of maize which has 

translated to high genetic manipulations with this crop. The genetic alterations have led to 

numerous cultivated varieties (cultivars) being developed and is vital to differentiate them 

in the field for onward management aspects. Remote sensing techniques may prove to be 

better in differentiating these cultivars when compared to the manual labour-intensive 

techniques. This paper seeks to extract wavelengths of importance from hyperspectral data 

sets collected at leaf level for the discrimination of the various cultivated varieties of maize 

in South Africa. The hand held Portable Spectroradiometer (PSR-3500 series) was used to 

measure the reflectance spectra from the leaves of eight different maize cultivars grown 

under field conditions.  Statistical analyses were performed on the spectra through the 

random forest (RF) algorithm to extract relevant wavelengths that could be used to 

discriminate the maize cultivars. The conditional forest (cforest) function was used to 

extract variables (wavelengths) of importance. Wavelengths from the visible and near-

infrared (NIR) regions which corresponded to the carotenoid and total chlorophyll 

contents in plants were enlisted the 10 most important according to the out-of- bag error 

ranking. The wavelengths included 555, 405, 416, 1100, 565, 535, 885, 425, 865 and 

396 nm. The random forest- partial least squares (RF+PLS) algorithm was implemented to 

take care of correlation within the data and subsequent classification of spectra into the 

various maize cultivars. Results showed a successful discrimination of all eight cultivars 

                                                 
2 Ngie, A., F. Ahmed, K. Abutaleb and R. Ishimwe, (2015): Discrimination of maize cultivars using 

hyperspectral remote sensing. Paper presented and published as peer-reviewed proceedings at the 10th 

Association of African Remote Sensing of the Environment (AARSE) at Johannesburg, South Africa.  

Ngie, A., F. Ahmed, H. van Deventer and K. Abutaleb (In Preparation): Wavelength optimisation of 

hyperspectral data for the separability of maize cultivars using random forest + partial least square 

Algorithm.  
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with an overall accuracy of 54%±1.8. Hence, the selected wavelengths of importance in 

the discrimination of maize cultivars indicated that the contributing factors to these 

differences are the pigments. There is therefore, potential for accurately identifying and 

mapping the maize cultivars using space-borne spectroscopic imagery (e.g. Hyperion). 

KEYWORDS: cultivars, crop discrimination, hyperspectral remote sensing, maize, partial 

least squares, random forest, variable importance 

 

3.1. Introduction 

Maize has remained an important crop in combating food insecurity both globally and the 

African continent in particular. The growing demand for maize has kept its producers in 

South Africa like elsewhere in the world forever seeking for ways to enhance productivity. 

Some of these ways include the development of new cultivars. A cultivar is considered as a 

cultivated plant variety that can be selected for a particular character or combination of 

characters that are distinct, uniform and stable, and when propagated correctly still retains 

them (Shaheen & Hood-Nowontny, 2005). The development of these cultivars is guided by 

the ability to adapt to local variations in climate and soil type. They are also expected to be 

resistant to pests and diseases as well as have shorter growth periods to harvest (McCann, 

2001). An important step in the crop management cycle is the ready identification of the 

different cultivars grown.  

In contrast to traditional methods of discriminating usually crop types or plant species that 

require not just laborious field work but also intensive laboratory analysis, remote sensing 

has been contributing towards lessening the task. Its spatio-temporal advantage has made 

remote sensing of vegetation, not just for discrimination but also identification of 

management regimes such as nutrient application, water or disease stresses which vary by 

cultivars a great contributing factor in enhancing crop productivity globally (Ngie et al., 

2014). This contribution has improved with the developments in this technology especially 

hyperspectral sensors (Mutanga et al., 2009). The identification of what crop type or 

species is grown where, facilitates the monitoring for different management regimes, 

evaluation of stress factors and estimation of yields well in advance before harvest (Nellis 

et al., 2009; Yao et al., 2010; Yang et al., 2011). In the case of a crop with more than one 

cultivar grown, it would be essential to discriminate those in order to accord the required 

management for expected output. 
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Usually the spectral characteristics of healthy vegetative surfaces have low reflectance in 

the blue, high in the green, very low in the red and very high in the near infrared (NIR) of 

the spectrum (Chen et al., 2010; Genc et al., 2013). The low areas signify regions of high 

absorption and the high regions signify those of high reflection of the energy. These 

absorptions and reflections are due to certain biophysical and biochemical properties of the 

given vegetation. This has resulted in some regions of the spectrum being essential for 

vegetation studies using remote sensing. As a result of the presence of wavelengths with 

potential to detect plant properties, the visible (400-700 nm) and NIR (700-1100 nm) 

regions have been seen as optimal areas where most vegetation studies focus on carrying 

out spectral measurements (Lillesand et al., 2008). 

There is a spectral overlap in the spectral response of plant members of the same species 

and the use of multispectral broadband sensors fail to accurately distinguish between 

species and cultivars. This is accounted for by limited basic components at the various 

bands such as VIR and NIR that could contribute to differing spectral reflectance (Kokaly 

et al., 2003). However, hyperspectral sensors provide narrow and contiguous bands that 

have great potential in distinguishing between plant species (Li, 2006; Vaiphasa et al. 

2007) and cultivars (Foster et al., 2011). The unique spectral signatures of features 

resulting from the absorptive or emissive factors in hyperspectral sensors allow much finer 

sampling of vegetation and other materials. Hence, making quantitative identification and 

classification of vegetation characteristics using hyperspectral images a success through 

the construction of spectral libraries (Rao et al., 2007). 

This technology has demonstrated the capacity of accurate vegetation identification like in 

teas (Chen et al., 2007), discrimination of plant species (Fu et al., 2007; Wang et al., 2006; 

Cho et al., 2008; Xu et al., 2009; Adam et al., 2012), cultivars of sugarcane in Brazil 

(Galvão et al., 2005; Johnson et al., 2008) and estimate biochemical content like nitrogen 

in wheat (Yao et al., 2010) and sugarcane (Abdel-Rahman et al., 2010). While some 

studies have used simply the spectral reflectance curve to evaluate the identification of 

different vegetation types (Beck, 2003), others have through statistical methods proof 

significant differences (p<0.05) to discriminate between cultivars (Ngie et al., 2014), and 

others have tested the use of different vegetation indices at both leaf and canopy levels to 

discriminate species (Cho et al., 2008; Adam & Mutanga, 2010).  

Most of these studies have focused on the separation of plant species including crops such 

as soybeans, wheat, rice, maize, groundnut etc. (Thenkabail et al., 2004; Vaiphasa et al., 
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2007) but with little done on the discrimination between cultivars of the same crop like in 

sugarcane (Johnson et al., 2008) and switchgrass (Foster et al., 2011). Others have 

considered the same cultivar of a crop but varying growth applications like water or 

nutrients and discriminating them such as rice (Song et al., 2011). However, the high 

dimensionality of hyperspectral data poses a serious challenge in handling during statistical 

analysis which according to some researchers has been termed the ‘curse of 

dimensionality’. This is capable of hindering proper results (Tsai et al., 2007). This 

challenge could be remedied through optimal band or wavelength selection for analysis.  

It is in the light of this challenge that several hyperspectral feature or band selection 

techniques have been proposed (Bajcsy & Grove, 2004) that possibly take care of the high 

dimensionality. Some of these methods include: the inter-band correlation analysis, 

principal component analysis (PCA) and the partial least squares (PLS) (Bajcsy & Grove, 

2004). The inter-band correlation analysis operates on the basis of the r value which when 

lower indicates less redundancy and higher translates to high redundancy in the 

wavelengths. The PLS is a generalization of multiple linear regression that models the data 

structure of the variables taking care of over-fitting through decomposition of the 

redundant ones (Höskuldsson, 1988). The PCA is a feature transformation which is applied 

to reduce the number of wavelengths that are redundant in a stepwise manner projecting 

those with less redundancy (Csillag et al., 1993). This dwells on the premise that there is 

an interdependence of wavelengths in forming groups with neighbouring ones. It can also 

define boundaries of complex decisions such as neural networks to enable classification of 

high-dimensional data sets (Thenkabail et al., 2004). The above methods all have 

advantages and disadvantages in application. Their success in application to reducing 

redundancy in high dimensional data sets such as hyperspectral data relies on the size of 

the training sample, the spectral data type and the number of components desired (Song et 

al., 2011). 

This study seeks to use the PLS together with the random forest algorithm to extract 

variables or wavelengths of importance in the separation of eight maize cultivars grown 

under field conditions in the north eastern sections of the Free State in South Africa. The 

over 1000 wavelengths from which reflectance were measured using the leaf-clip of the 

handheld spectroscopic device were through statistical procedures reduced by selection of 

relevant or important wavelengths. Then was the establishment of optimal number of these 
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wavelengths of importance that could successfully discriminate and classify the eight 

different maize cultivars. 

3.2. Materials and methods 

3.2.1 Description of study area 

The Free State is situated on flat boundless plains in the heart of South Africa. The rich soil 

and pleasant climate allow a thriving agricultural industry. With more than 30 000 farms, 

which produce over 70% of the country's grain, it is known locally as South Africa's 

breadbasket. The province is high-lying, with almost all land being 1 000 metres (m) above 

sea level. The Drakensberg and Maluti Mountains foothills raise the terrain to over 

2 000 m in the east. The Free State lies in the heart of the Karoo sequence of rocks, 

containing shales, mudstones, sandstones and the Drakensberg basalt forming the youngest 

capping rocks (Botha et al., 2007). The province falls within the grassland biome of the 

country which has suffered significant transformation into agricultural fields and urban 

development (Rutherford & Westfall, 1994). The region is predominantly grasses of 

various types with some dotted woody plants (Mucina & Rutherford, 2006). The 

agricultural fields include but not limited to grains (soybeans, sunflower, sorghum and 

maize). 

Maize is planted from October to December in this region of the Free State province. Due 

to variation in rainfall pattern, temperature and duration of the growing season, planting 

time varies from the eastern to the western production areas. Tillage practices vary from 

plough to no-till depending on soil type and rainfall. A wide range of cultivars is available, 

adapted to the range of climatic and production conditions (Botha et al., 2007). 

The plants were grown under field conditions on a display field organised by some seed 

companies in South Africa. The field was situated in Reitz, Free State province of South 

Africa (Figure 2) which falls within the “Maize Triangle” of the country. The geographical 

coordinates for the study field in Reitz is at 27° 47'12.25" S., 28° 25'32.37" E in the eastern 

section of the Free State (Figure 2). Reitz is a small farming town of mostly maize fields 

with annual rainfall of about 686 mm and average midday temperature ranges of 16 °C to 

27 °C in summers. The annual rainfall over this region is higher than the national annual 

levels of 465 nm (Pitman, 2011) hence crop cultivation relies on the rainfall with no 

irrigation schemes (dryland farming) during the summer season. 

http://en.wikipedia.org/wiki/Breadbasket
http://en.wikipedia.org/wiki/Drakensberg
http://en.wikipedia.org/wiki/Maluti_Mountains
http://en.wikipedia.org/wiki/Karoo
http://en.wikipedia.org/wiki/Shales
http://en.wikipedia.org/wiki/Mudstones
http://en.wikipedia.org/wiki/Sandstones
http://en.wikipedia.org/wiki/Basalt
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Figure 2: Location of the maize study field in Reitz, Free State province of 

South Africa (Insert image from GoogleEarth 4/10/2014) 
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3.2.2 Foliar spectral measurements and pre-processing 

The Leaf-clip of the handheld Portable Spectroradiometer (PSR-3500 series of Spectral 

Evolution Inc., USA) was used to measure spectra on the leaves of the different cultivars 

on February 4th, 2014. The instrument consists of the ultraviolet-visible-near infrared 

(UV-VIS-NIR) range spectrometer coupled with a calibrated lens foreoptic or fibre optic 

cable. Energy enters the spectroradiometer from an external illumination source via the 

lens or SMA (Sub-Miniature A) fibre optic cable. The system operates in the range of 345-

2503 nm. The complete system collects and stores spectral data which is calibrated to units 

of spectral radiance (W/m2/nm/sr) as output. The calibrated Spectralon reference panel 

allows for the obtained radiance measurements to be converted into relative reflectance 

values as a percentage (PSR, 2012). 

The seed companies included DEKALB, PANNAR, AGRICOLE, PIONEER, and Klein 

Karoo which were involved in the display of some maize cultivars grown in fields across 

South Africa during the 2013/2014 growing season. The cultivars included DKC 78-79 

BRGEN, BT 1 YGI Mon 810, 8216 BR, B 8301, PAN 3Q-222, IMP 51-92 R, SC 602 

Kuilvoer, P 31 M 05 R. As a result of the poor weather conditions (light rainfall) on the 

day of field visit, leaf samples were collected and measurements taken in-doors with the 

leaf-clip, avoiding the mid-rib region. About ten target measurements were made after each 

measurement on the reference panel. 

The resultant data comprising of the relative reflectance against the wavelengths were 

displayed using the DARWin SP (DARWin, 2012) data acquisition software to illustrate 

the spectral reflective curves for various measurements. The spectra data were then 

imported into Microsoft office excel where the mean spectra for every cultivar was 

calculated and a scatter plot of the reflective curves were developed that visually illustrated 

differences in the cultivars (Figure 3).  
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Figure 3: Mean leaf reflectance spectra of all 8 maize cultivars 

A total of 18 measurements were retained per cultivar for the analysis, giving a sample size 

of 18 X 8 = 144. The spectral resolution of the data was ranging from 0 to 4 nm resulting 

in over 1024 wavelengths from 345 to 2503 nm range. 

3.3. Wavelength selection and classification of maize cultivars 

The high correlation in hyperspectral data set causing the variables to be extensively huge 

(1024 wavelengths) posed a challenge in the analysis. A comprehensive comparison of all 

wavelengths towards the classification of maize cultivars and selection of important 

wavelengths warrants the entire spectrum to be involved in the analysis. The data was then 

resampled to 10 nm using the Environment for Visualizing Images (ENVI) software (v.4.5, 

ITT Visual Information Systems) image processing software in order to run the full range 

of the spectrum. The results were a total of 217 wavelengths at 10 nm spectral resolution. 

It has been recommended that the classification algorithm should be a part of the variable 

selection process in high dimension data sets such as hyperspectral (Granitto et al., 2006). 

For such an algorithm  would be more efficient since it uses the entire available training 

data with no need for a separate validation and demonstrates results faster by avoiding to 

retain a predictor for every subset investigated (Guyon & Elisseeff, 2003). One of the 

greatest challenges of hyperspectral data sets is the "small n large p" where the number of 
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training samples (n) is usually smaller than the number of hyperspectral bands (p) or 

wavelengths in this case. This challenge was able to be handled in the random forest (RF) 

algorithm where it identifies relevant predictor variable subsets from very large data sets 

(Breiman, 2001). The algorithm also has the ability to calculate variable importance 

(varimp) through the conditional forest (cforest) (Strobl et al., 2007) which would be able 

to extract relevant wavelengths to the classification of the maize cultivars. 

The RF has been used greatly in managing hyperspectral data set especially for vegetation 

studies in recent years. It has been proven to demonstrate good results in classification as 

well as regression analyses with an internal validation system. In addition to the errors 

produced by this internal validation system of the RF being more stable, its internal 

accuracy results are comparable with those from independent test data sets (Adelabu et al., 

2015). The developed script for RF in this study was combined with the PLS to take care 

of the redundancy in the data set. The PLS can handle a number of X-variables while 

simultaneously modelling so many responses or Y-variables. Hence, it aims to link the 

matrix of predictors being the X-variables to the responses being the Y-variables 

(Höskuldsson, 1988). 

According to a research in selecting optimal bands for agricultural crops, the waveband 

rankings were done through the loading or eigen factors of the corresponding principal 

components. The study identified band centres as optimal and dominating for corn or 

maize discrimination from other crops (rice, soybeans, and cassava) as belonging to the 

visible infrared (VIR) and shortwave infrared (SWIR). The VIR and SWIR contributed 16 

and 84% respectively to the variability in reflectance of maize and the other crops 

(Thenkabail et al., 2004). At the VIR, the wavebands included 405, 415, 425 and 435 nm.  

On the other hand, using Lambda-lambda coefficient of determination (R2) for the 

selection of optimal wavelengths demonstrated almost similar results of the regions but this 

time around for the VIR was 575 nm and 555 nm as well as wavelengths of the red (635 & 

675 nm) and the NIR (805, 875, 885, 1085) as dominating towards the variability between 

maize and the other crops (Thenkabail et al., 2004). 

The challenge with using the RF algorithm initially to select variables of importance was 

that it was performed in a biased way (Strobl et al., 2007). The cforest function that 

renders a lesser bias in the selection of variables for individual classification trees (Strobl 

et al., 2008) was then proposed in this study. The cforest function was included in the 

script to rank the wavelengths according to the out-of-bag (OOB) errors which indicate 
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what the error will be if that particular wavelength was left out of the permutation. There 

was also the logical selection of wavelengths from the top 50 drawn from the cforest 

results based on existing plant property knowledge (Thenkabail et al., 2000; Thenkabail et 

al., 2002; Thenkabail et al., 2004) to make up to 30 wavelengths for the classification. The 

top 10 selected wavelengths as ranked from the top 50 were also identified as input into the 

RF+PLS algorithm.  

For the selection of training and test spectra for each maize cultivar, the bootstrapping 

method was adopted in this study. The user, producer and overall accuracies were 

calculated as the average of the one hundred iterations for each run of the algorithm. 

3.4. Results and discussion 

The classification results of the different maize cultivars with ntree by 50 through to 500 

demonstrated overall accuracies (OA) of classification as shown in Figure 4 using all 217 

resampled wavelengths. The classification tree that demonstrated the better OA of 

classification of 51%±1.78 for the discrimination of the maize cultivars and with the user’s 

accuracy (UA) for individual cultivars of between 41 to 60% was identified being ntree of 

50. From this classification tree, the variables of importance function ranked all 

wavelengths according to their OOB errors where the top 100 wavelengths were selected. 
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Figure 4: Percentage of mean overall accuracy (OA) and individual user's 

accuracies (UA) for eight maize cultivars for ntree intervals of 50 from 50 to 

500. 

The selected wavelengths were mostly from the VIR and NIR regions with a few in the 

SWIR (Figure 5). To filter further for wavelengths of importance that could relate with 

maize cultivar discrimination, 50 top ranked wavelengths were selected from the best 

classification tree ran with the 100 wavelengths in the RF+PLS algorithm on the eight 

maize cultivars (Figure 6). 



 

37 

 

Figure 5: Wavelength selection from classification tree (ntree = 50) 

 

Figure 6: Accuracy results of the RF+PLS on first 100 selected wavelengths as 

variables of importance from ntree = 50 

The re-run of the RF+PLS algorithm with these selected wavelengths (50 variables) 

demonstrated a better OA for the classification of the maize cultivars (Figure 7) and again, 

the wavelengths contributing the most were identified through the higher OOB errors. 

Among the top ranking wavelengths were identified 30 wavelengths linked to plant 
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properties (Curran, 1989; Thenkabail et al., 2000; Thenkabail et al., 2004) and the top 10 

were also used as independent variables for the algorithm which illustrated various 

accuracies of classification. The 30 wavelengths as variable inputs illustrated a stage of 

asymptote where the OA was slightly lower than that produced from the 50 wavelengths 

being 53.52%±1.65 and 54.75%±1.67 respectively (Figure 8). The top 10 wavelengths 

however did not improve the accuracy as it illustrated a lower OA of 39%±1.98 (Figure 

9). 

 

Figure 7: Accuracy results of the RF+PLS on first 50 selected wavelengths as 

variables of importance from ntree = 100 
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Figure 8: Accuracy results of the RF+PLS on first 10 selected wavelengths as 

variables of importance from ntree = 500 

 

Figure 9: Accuracy results of the RF+PLS on 30 selected wavelengths as 

variables of importance from ntree = 500 
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There was an improvement in the accuracies for the selected wavelengths from the 217, 

100 and 50 illustrating OA of 51.15%±1.78, 52.92%±1.89 and 54.75%±1.67 respectively. 

There was also a positive improvement in the individual UA and PA for all eight cultivars 

with cultivars DKC and B showing the least classification accuracies (Table 2) implying 

not easily separated. Even though, the 100, 50 and 30 wavelengths demonstrated better 

accuracies than the 10 wavelengths as input variables, it was noticed that the PA and UA 

values for individual cultivars were more glaringly different when using these 10 most 

important wavelengths (Figure 8). 

Table 2: The accuracies of classification for the different number of 

wavelengths included in the algorithm 

# of 

wavelengths 
217 100 50 30 10 

best ntree 50 100 200 500 400 

OA 51.15 52.92 54.75 53.52 39.73 

OA_stdev 1.78 1.89 1.67 1.65 1.98 

PA_B 25.00 21.17 30.67 29.17 15.00 

PA_BR 38.00 39.00 36.33 41.33 28.67 

PA_BT 88.00 89.67 87.33 85.83 90.17 

PA_DKC 20.33 25.83 36.33 33.67 19.67 

PA_IMP 70.17 72.17 64.67 63.50 30.33 

PA_P 43.83 36.50 47.00 43.17 8.83 

PA_PAN 49.83 60.67 62.00 62.17 61.83 

PA_SC 74.00 78.33 73.67 69.33 63.33 

UA_B 44.86 49.48 57.82 47.17 31.64 

UA_BR 53.54 50.00 52.34 55.73 40.03 

UA_BT 56.23 61.44 59.50 58.96 50.88 

UA_DKC 41.76 44.44 52.22 50.00 34.84 

UA_IMP 56.78 56.91 57.80 56.45 41.67 

UA_P 59.87 57.21 60.82 60.45 25.40 

UA_PAN 59.78 58.96 62.64 59.12 45.11 

UA_SC 55.10 60.74 61.80 65.16 43.40 

OA= Overall accuracy, PA= Producer’s accuracy, UA= User’s accuracy and 

stdev=standard deviation. 

The variability in the maize cultivars according to the topmost ranked wavelengths in this 

study could be explained by a contribution of 70% from wavelengths in the VIR being 
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from the blue and green regions located at the 416 and 555 nm wavelengths respectively. 

The remaining 30% is contributed by wavelengths from the NIR regions being the 885 and 

1100 nm (Table 3). 

Table 3: Top 10 Wavelength selection contributing to maize cultivar 

discrimination 

Spectral region 
Wavelength range 

(nm) 

Number of variables 

(wavelengths) 
% to discrimination 

VIR 

Blue 340-500 416, 405, 425, 396, 

70 

Green 500-600 555, 535, 565 

Red edge 680-760  0 

NIR 700-1100 885, 1100, 856,  30 

SWIR  1200-2500  0 

 

The above identified wavelengths fall within band regions that have been considered as 

containing high information for agricultural crop studies (Thenkabail et al., 2004). The 

most important wavelength regions according to the OOB error ranking for the 10 

identified wavelengths of importance were located at the 555 nm with the least being 

396 nm (Figure 10). 

 

Figure 10: Top 10 wavelength selection by cforest from the 50 selected 

wavelengths 
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Some previous studies in discriminating crop cultivars using analysis of variance and 

multivariate mean separation of leaf spectra that registered accuracies of 75% separability 

with p-values < 0.05 for maize (Ngie et al., 2015) and 76% for sugarcane cultivars 

separation (Johnson et al., 2008). The abovementioned studies utilised simply mean 

comparison which did not take into account the correlation between wavelengths as well as 

their various contributions to the discrimination. Whereas this study used RF+PLS 

algorithm to classify different maize cultivars and at the same time selected wavelengths 

through cforest calculating the varimp. The wavelengths were also resampled in this study 

to 10 nm before analyses. The various selected wavebands were used to classify the 8 

maize cultivars with various performances. The best overall accuracy of 54%±1.75 but 

with some user’s accuracies for individual cultivars of 65% and the producer’s accuracies 

over 90% was obtained. 

The OA of slightly above 50% for classification would not be considered great but in the 

context of this study separating 8 maize cultivars grown under similar conditions through 

foliar reflectance is considered successful. The study dealt with cultivars of the same 

species (Zea mays) which might have just slight genetic alterations to enable improvement 

in productivity (climatically resistant varieties) (McCann, 2001; Shaheen & Hood-

Nowontny, 2005).   

However, the OA of classification obtained in this study was better as opposed to that 

obtained in other cultivar discrimination such as switchgrass (Foster et al., 2012). The 

research was conducted on discriminating switchgrass cultivars using principal component 

for discriminant analysis on the leaf spectra and the results showed classification 

accuracies of 14, 14, 3, 3 and 81% for the five growth stages monitored being May, June, 

July, August and September respectively. When the pigments data (chlorophyll, carotenoid 

and phenolic) were used, the overall classification accuracy of 6, 0, 23, 17 and 11% were 

achieved. Once again while some cultivars were easily discriminated and classified, others 

were difficult. The contribution of the pigments in improving cultivar discrimination was 

also realised in their study during the vegetative stages (July and August from 14 and 3% 

to 23 and 17% respectively). The improvement in classification accuracies in the present 

study was rather dependent on the number of input variables (wavelengths) used. These 

wavelengths were also linked to the pigment property of crops. 
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3.5.  Conclusion 

The variable selection for the discrimination of maize cultivars using spectroscopic data 

sets collected on maize leaves grown under field conditions demonstrated a successful 

selection of relevant wavelengths through the OOB error ranking. The wavelengths also 

indicated regions of the electromagnetic spectrum that contribute the most to the successful 

discrimination and classification of the eight maize cultivars. Over 70% of the selected 

wavelengths were drawn from the VIR and the remaining 30% from the NIR. These 

wavelengths included 555, 405, 416, 1100, 565, 535, 885, 425, 856 and 396 nm. Therefore, 

the maize cultivars were separated through a difference in their spectral characteristics 

influenced by pigment contents and specifically the carotenoid and total chlorophyll. 

The wavelength selection proved relevant in the successful classification of the eight maize 

cultivars with improved OA of 51.15% from using all available wavelengths (217) to 

54.75% (50).  The optimal number of variables that produced the best overall accuracy of 

classification for the maize cultivars was the 50 which showed just a slight increase to that 

illustrated from the selectively identified 30 wavelengths (with OA of 54.75% and 53.52% 

respectively). 

Future research would have to test the upscale of using a space-borne sensor other than 

Hyperion given that the accuracy of the in-situ spectroscopy in this study was not great 

(<75%) through the plant pigments for the various cultivars. However, considering the fact 

that cultivar spectral features may also differ in terms of canopy geometry, the 

discrimination and classification of maize cultivars grown over a larger spatial extent will 

have to use a relatively high spatial resolution shall be of importance. Therefore, a higher 

spatial resolution than the Hyperion which also has strategically located bands such as the 

red edge will have to be used. The recently launched multispectral spaceborne WorldView 

-2 and -3 sensors would be a strategic example. Such a study would be of great importance 

to policy makers and other stakeholders of maize production in the region and even South 

Africa as a whole. 
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CHAPTER FOUR 

This chapter dwells on the assessment of nitrate concentrations in maize crops at leaf level 

using a handheld spectroradiometer and random forest algorithm. It ends up identifying a 

maize nitrate index at leaf level and validated by actual nitrate concentration measurements 

obtained from chemical analysis. 
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4. MAIZE NITROGEN CONCENTRATION ESTIMATION AT 

LEAF LEVEL WITH SPECTROSCOPIC DATA USING THE 

RANDOM FOREST AND PARTIAL LEAST SQUARES 

ALGORITHM  

This chapter is based on3  

ABSTRACT  

The importance of nitrogen (N) through its compounds such as nitrates (NO3
-) in the 

growth and productivity of maize (Zea mays) is well established. The deficiency of this 

nutrient would have consequences on crop production making monitoring status of 

nitrogen in plants and soil an inevitable process. Remote sensing has been successful in 

the monitoring as well as assessment of nutrient status of plant crops such as wheat, rice, 

potato, including maize in different parts of the globe. “The Maize Triangle” of South 

Africa was being used to test this. The purpose of this study was to assess selected spectral 

wavelengths that would contribute to the prediction of foliar nitrogen in maize plants 

grown under field conditions at leaf level. An experimental field was established with the 

application of nitrogen fertilizer at three treatment levels (T1 = 20%, T2 = 50% and T3 = 

100%). The handheld PSR-3500 spectroradiometer was utilized to collect spectra within 

the range of 340-2500 nm of the electromagnetic spectrum for the PAN 6616 cultivar 

during the 2014 summer planting season at two growth stages (7-8 and 11-12 weeks after 

planting). The spectral resolution was between 0-4 nm (1024 wavelengths) and was 

resampled to 10 nm (217 wavelengths) to reduce the number of wavelengths into the 

algorithm. The nitrate content of sampled leaves was quantified through chemical analysis 

using ion chromatography (IC). The random forest algorithm and partial least squares 

regression (RF+PLS) algorithms were used for statistical analyses in RStudio. The 

analyses were conducted on both raw spectra and transformed spectra into the first-order 

derivatives. The wavelengths of importance selected were mostly from the visible and near-

infrared regions of the spectrum and used to develop the Normalised Difference Vegetation 

Index (NDVI) and Simple Ratio (SR). These indices were then used to assess the nitrate 

status in maize leaves. The results obtained included: raw spectra produced an overall 

accuracy (OA) of 54%±1.2 and individual user’s accuracies (UA) for the three NO3
- maize 

                                                 
3 Ngie, A., F. Ahmed and K. Abutaleb, (In preparation): Estimation of maize nitrate concentrations at leaf 

level using in-situ spectroscopy and random forest algorithm.  
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categories (T1, T2 and T3) as 61%, 50% and 56% from the 7- 8 weeks; and 60%±1.0 OA, 

with UA of 75%, 56% and 60% for the 11-12 weeks while the first order derivative 

performed poorly in the classification with OA less than 50% (39%±1.2 and 48%±1.3 for 

the 7-8weeks and 11-12 weeks respectively). The indices resulted in better predictions of 

the nitrate status in maize plants where the NDVI (850, 640; 860, 680; 890, 610) produced 

UA for T1 = 66%, T2 = 76% and T3 = 85% and an OA of 73%±1.2 for the 11-12 weeks 

growth stage. The SR (970, 680; 850, 640; 890, 610) generated an OA of 77%±1.2 with 

UA for T1 = 87%, T2 = 73%, T3 = 85% for same growth stage. The nitrate indices 

identified were NDVI850-640 and SR970-680 which were used as independent variables in the 

RF prediction models for nitrate concentrations in maize leaves and illustrated R2 of 0.94 

and 0.93, and RMSEP of 0.08 and 0.10 respectively. 

KEYWORDS: in-situ spectroscopy, maize, nitrate, partial least squares, random forest, 

spectral indices, variable importance 

 

4.1. Introduction 

Nitrogen (N) which is a biochemical nutrient essential for plant growth has been proven 

over the years to be an indispensable nutrient for crop growth. This is as a result of it being 

a part of many structural, metabolic and genetic compounds in plants. It is a critical 

building block of chlorophyll which is essential for the process of photosynthesis.  The 

availability of N in the soil usually relates to photosynthetic capacity, plant growth and 

stress (Ustin et al., 1998; Yao et al., 2010). Therefore, the deficiency of this vital nutrient 

in a plant will have symptoms on the lower, older leaves first before progressing upward to 

younger leaves if the condition is not corrected (Sawyer, 2004).  

The deficiency of nitrogen through its related compounds such as nitrates has been proven 

to interfere with protein synthesis and growth in crops (Bruns & Abel 2005). Nitrogen 

deficiency-induced effects on yields could be related to the process of photosynthesis or 

plant growth at flowering (Andrade et al., 2002). There have been studies conducted to 

prove the effect nitrogen levels have on yield levels of crops (Singh et al., 2003; Shapiro & 

Wortmann, 2006; Abouziena et al., 2007; Lindquist et al., 2007; Savabi et al., 2013). 

Hence, the measurement of this nutrient can either be as total nitrogen or the related 

compounds e.g. nitrates, constituting the greater amount and important form of this 
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element. The other compound is nitrite which is not essential for plant growth as it occurs 

in trace amounts and beneficial to crop roots against anoxia (Libourel et al., 2006). 

Nitrogen deficiency in plants has been detected in destructive methods of harvesting plant 

parts for analysis in the laboratory. Not only is this method destructive but also time 

consuming which might delay mitigation plans and can be subjective. However, a non-

destructive method that is time efficient or real-time could detect the deficiency of this 

nutrient earlier in crops when visual symptoms of deficiency are less evident visually with 

the use of remote sensors from the upper growth regions of the plants being the leaves has 

been established (Jackson et al., 1981). The remote sensing method can also afford larger 

spatial extent coverage for huge field sizes. The detection of nitrogen deficiency is 

achieved through its various compounds providing an effective means for monitoring 

growth status and physiological parameters in crop plants. The potential of reflectance at 

the visible or near infrared region (VIS/NIR) in a non-destructive monitoring of N status in 

rice plants was tested. It was established that the concentration of leaf N relates linearly to 

the reflectance at wavelength of 560 nm negatively but positively with a ratio index 

(R810/R560) (Xue et al., 2004). The presence of nitrogen in chlorophyll and other cellular 

structures influences information on spectral reflectance (Spaner et al., 2005; Yao et al., 

2010).  

When light energy reaches a vegetative surface, a majority of the red light is absorbed by 

the chlorophyll while a greater proportion of the NIR light is reflected. The region that 

transits between the high absorption and high reflection portions of the electromagnetic 

spectrum is described as the “red edge”. It is the point where the electromagnetic spectrum 

changes from visible to NIR (wavelength of between 680 and 760 nm) (Cho & Skidmore, 

2006). This region has proven to be very important in the detection of biochemical and 

biophysical parameters in vegetation through remote sensing (Horler et al., 1983; Filella & 

Peñuelas, 1994; Mokhele & Ahmed, 2010; Ramoelo et al., 2012). 

The measurement of chlorophyll content in crops is also important with regard to N 

management (Spaner et al., 2005; Sripada et al., 2005). Canopy greenness which is largely 

due to the chlorophyll content is related to the percentage of red reflectance absorbed and 

to that of the NIR reflected (Lillesand et al., 2008). The reflectance spectra obtained are 

very suitable for providing relevant information on both crop foliar and canopy levels 

which could be related to nutrient status or stress factors on the crops (Daughtry et al., 

2000; Scotford & Miller, 2005; Mutanga & Skidmore, 2007; Abdel-Rahman et al., 2010; 
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Ramoelo et al., 2012). Hence, a number of studies have utilised remote sensing techniques 

to determine the status of nitrogen and other essential nutrients in field crops as reviewed 

by Ngie et al. (2014). 

Chlorophyll has been proven to be a good indirect estimator of the nutrient status of the 

plants through spectral measurements (Haboudane et al., 2002). In a detailed study to proof 

the link between nitrogen deficiency, chlorophyll and crop growth, Zhao et al. (2003) 

induced differing levels of nitrogen stress on maize while measuring growth parameters 

(chlorophyll concentration and photosynthetic rates) using remote sensing. The study 

demonstrated that reductions in leaf nitrogen concentrations were correlated with lower 

rates of stem elongation and leaf area. After 42 days of crop emergence, there was a 

noticeable 60% reduction in chlorophyll a, which caused an increased reflectance around 

the 550 and 710 nm wavelength regions. Therefore, reduced chlorophyll concentrations as 

a result of stress factors including nutrient deficiency do translate into decreased light 

absorbency and increased reflectance in the wavelength regions of interest (Spaner et al., 

2005; Sripada et al., 2005). 

Economically and environmentally, it is very important for farmers to optimize the 

application of nitrogen fertilizers to crops. In a study in Hungary to establish the effect of 

irrigation and nitrogen fertilization on nitrate-nitrogen dynamics and grain yield in maize 

through chlorophyll content on the leaves, it was discovered that the application of these 

fertilizers in the absence of irrigation or water application did not decrease nitrate 

concentrations in the top soil as a result of minimal uptake by the crops. This subsequently 

affected the grain yields significantly (Széles et al., 2012). Therefore, the availability of 

water is important as a medium for nutrient uptake in plants. 

Remotely sensed data can provide valuable information about in-field N variability in 

maize as well as variability at canopy level using the relationship between reflectance 

values and N concentrations in the crops (Sripada et al., 2005). For instance maize leaf 

reflectance around the 550 nm wavelength has a good relationship with leaf N content 

(Osborne et al., 2002). Gitelson et al. (2005) developed a model, based upon field 

measurements made by means of a hyperspectral spectroradiometer, for non-destructive 

estimation of chlorophyll in maize and soybean canopies. The estimation of chlorophyll in 

both crops was accurate with the model detecting over 92% in the variation of this pigment 

within the crops.  
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While the above studies utilised direct spectral measurements to relate with nutrient 

contents, some have transformed it into vegetation indices such as the normalised 

differential vegetation index (NDVI). NDVI in maize plants increases with advancement 

into the vegetative growth stage during the crop life cycle (Martin et al., 2007). There 

exists a strong linear relationship between leaf chlorophyll concentration and leaf N 

concentration, where the greater leaf area and green plant biomass levels result in higher 

reflectance and subsequent higher NDVI values (Inman et al., 2007). Solari et al. (2008) 

investigated the potential use of active sensors at a field scale in determining N status in 

maize, also established that the NDVI was sensitive to differences in N, hybrid, and growth 

stage. Plant health variables such as leaf area and plant biomass are directly related to the 

N content of the plant; hence higher NDVI values indicate higher plant N content (Shaver 

et al., 2011). Hence, variability in chlorophyll levels in plant leaves could be considered a 

valuable indirect estimator of the nutrient conditions of a plant measured through remote 

sensors. The identification of wavelengths of importance to monitoring nitrogen 

concentration in field crops such as wheat has resulted in wavelengths of the NIR 

specifically selected (1000 and 1140 nm) (Wenjiang et al., 2004).  

The purpose of this study was to assess the utility of leaf level in-situ spectroscopy in 

evaluating the concentrations of nitrogen in maize crops grown under field conditions at 

leaf level. Field experiments were set through the application of controlled rates of N 

fertilizers and measuring of spectral data at leaf level to monitor the nitrate concentrations 

in the crop. This was done through a comparative use of the non-resampled leaf spectra 

and transformed spectra; selection of wavelengths of importance from both spectral data 

sets and developing vegetation indices that were tested in monitoring the different nitrate 

concentrations. Maize nitrate indices were identified and used through the regression 

algorithm to predict nitrate concentrations, and later validated by actual measurements 

from the laboratory. 

4.2. Materials and methods  

4.2.1 Description of study area 

The study area was located at the Glen Agricultural College fields in Bloemfontein with 

geographical coordinates of 28°56'41.37" S, 26°19'46.51" E which is about 20 km north of 

the city of Bloemfontein in the Free State province of South Africa (Figure 11). It 

experiences a continental climate, characterised by warm to hot summers and cool to cold 

http://en.wikipedia.org/wiki/Continental_climate
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winters. Almost all precipitation falls in the summer months as brief afternoon 

thunderstorms, with aridity increasing towards the west. The area receives mean annual 

precipitation of about 540 mm, mean annual maximum and minimum temperatures of 31° C 

and -1° C respectively (Botha et al., 2007). The summers are hot and dry with scarce episodes 

of rainfall with over 70% occurring from November to March while the winters are frosty and 

cold. Crop productivity is mostly over the summer season and still requires irrigation schemes. 

The local geology is primarily represented by late Permian, Balfour formation sedimentary 

rocks, made up of alternating sandstone and mudstone layers. These sedimentary rocks 

form the base on which younger, superficial deposits of Quaternary age have been 

deposited (Botha et al. 2007). The superficial deposits consist mainly of well-developed, 

agricultural soils mostly of sandy clay loamy texture. The growing of crops such as maize 

is only done once in a summer farming season that commences in December through to 

July. As a result of its sparing rainfall, the growth of crops is through irrigation schemes 

being through flooding and not sprinklers. 

http://en.wikipedia.org/wiki/Precipitation_(meteorology)
http://en.wikipedia.org/wiki/Thunderstorms
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Figure 11: The nitrogen experimental field in Glen within the Mangaung-

metropolitan municipality, Free State South Africa (Insert image from 

GoogleEarth 4/10/2014) 

4.2.2 Nutrient application and maize productivity in the Free State province 

The variation in climatic conditions across the province from the eastern to the western 

parts of the province has also influenced farming patterns. The eastern section is dryland 
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farming relying on rainfall and the western section irrigated farming. The soil types and 

nutrient contents vary, thereby also receiving different rates of fertilizer application. The 

farmers all strive towards precision agriculture through the help of the Department of 

Agriculture and Farmers’ unions such as GrainSA and the Maize Trust as well as other 

stakeholders in the agri-business sector.  

The general expectation from precision agriculture is to enhance crop yields, net returns 

and at the same time decrease environmental damage through the technological 

developments that allow variable application of all inputs from seed planting through 

fertilization and chemical applications across the fields (Schilfgaarde, 1999). With 

increasing knowledge on the importance of fertilization that directly affects yields (Welsh 

et al., 1999), and increased marketing from fertilizer companies, crop production is very 

expensive and most South African farmers have focussed on varying fertilizer application 

on cultivated fields especially with the practice of crop rotation. In an experiment to test 

strategies for variable rate applications, it was realised that the application of more N 

fertilizer to both the historically high and low yielding sections lead to a significant 

increase in yield for the latter but took two years for the former to get improved yields. The 

two year period was attained after fallowing and doing crop rotation (Maine et al., 2011).  

The evaluation of profitability of precision agriculture is not a unique procedure to be dealt 

with but has to be site-specific on a farm-to-farm basis (Lowenberg-DeBoer & Swinton, 

1997). Hence, every farm is required to undergo a detailed soil analysis in order to 

determine how and what quantities of fertilizers are to be applied. The process of 

monitoring the nutrient status in plants manually could be cumbersome and subjective 

across such huge commercial fields. The success in remote sensing application to monitor 

nutrient status in field crops and enable quick intervention measures has been enormous 

across the globe but limited in South Africa. 

4.2.3 Plot and planting design 

 The field utilised for this study was about 1.5 hectare (ha) that was subdivided into three 

equal plots by labelled poles for the three nitrogen treatment levels. The processes of 

preparing the field for planting with maize were uniform and included: 

- 17th December 2013 the entire field was sprayed against weeds  
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- 19th of December 2013 field was planted with same cultivar of maize (PAN 6616) 

using a tractor of 55 000 plants per ha and fertilised at 390 kg per ha of “home mix” 

(28 kg N/ha, 32 kg P/ha, 5 kg K/ha). 

- 20th of December 2013 the field was irrigated due to lack of rainfall and sprayed 

once again with pre-emergence herbicide chemicals (Acetochlor and Dischlormid 

antidote) at a rate of 2 Litres per hectare (L/ha).  

After 5-6 weeks from planting date the top dressing was applied which required sub-

dividing the field into three sections or plots according to the different nitrogen treatments 

(Treatments 1, 2 and 3) of approximately half a hectare. The treatment of plants in the 

various plots with fertilizer at different rates was to vary the amounts of nitrogen or 

concentration levels in the plants. Treatment 1 was made up of 28 kg of nitrogen per ha. It 

was not possible to plant the field without fertilization and expect germination, so the basic 

amount for maize germination was applied across the field (28 kg as determined by the 

agricultural scientist from the DoAFS). Hence, there was no 0% treatment. Treatment 2 

was made up of 70 kg of nitrogen per ha; and treatment 3 had 141 kg of nitrogen per ha 

(Table 4). The top dressing fertilizer was in the form of Limestone Ammonium Nitrate 

(LAN). 

  

Table 4: Description of nitrogen treatments used on maize plants on 0.5ha farm 

areas in Glen 

Treatment name Amount of Nitrogen (kg/ha) Percentage of Nitrogen in 

fertilizer 

T1 28 20 

T2 70 50 

T3 141 100 

 

4.2.4 Leaf sample collection 

Spectral measurements were taken under field conditions and thereafter the leaf was 

excised for further analysis in the laboratory (a minimum of two measurements were done 

per leaf on both sides of the midrib). The samples were taken from the three different 

treatment plots at two growth stages, 20 samples per treatment giving us 60 at each growth 
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stage. The maize plants chosen as samples presented no water stress and no visible disease 

or pest damaged symptoms. The leaf on the plant that was chosen for spectral 

measurement was the third fully expanded one from the top. The midribs were avoided 

during spectral measurements and also removed before preparation of samples for 

chemical analysis. In the case of poor weather conditions (lack of sufficient sunlight or 

cloud cover) that measurements could not be taken directly in the field, the leaf samples 

excised were placed in plastic bags to avoid loss of moisture since they were taken to the 

laboratory for spectral measurements before oven-drying. The distance from the field to 

the laboratory was about five minutes walk.  

4.2.5 Leaf spectral measurements 

The handheld spectroradiometer used to collect spectral measurements was the PSR-3500 

consisting of a UV-VIS-NIR range spectrometer coupled with an optional calibrated lens 

foreoptic or fiber optic cable. The complete system collects and stores spectral data. It 

produces output calibrated to units of spectral radiance (W/m2/nm/sr). Energy enters the 

spectrometer from an external illumination source by way of the lens or fiber optic cable. 

The spectroradiometer system operates in the range of 340 - 2500 nm with two or three 

detector elements: a 512-element silicon PDA covering the visible range and part of the 

near infrared (up to 1000 nm) and one or two InGaAs arrays that extend detection into the 

NIR (to 1900 or 2500 nm) (PSR, 2012). 

A scan of the reference panel or white plate is what initiates the reflectance measurements 

as the target scan to that reference is calculated. It is usually save to set the instrument on 

AutoDark Mode in order for the system to take a new dark reading with every scan and 

suitable to use with changing environmental conditions as well as lighting challenges 

(PSR, 2012). Also at the commencement of every scan after switching on the system or 

was left to idle, a new reference measurement must be taken. 

The absence of sufficient sunshine on the field meant the use of the leaf-clip that comes 

with the PSR-3500 system to avoid losing the appropriate and planned dates for field 

visits. Also spectra from collected samples were measured with the leaf-clip in the 

laboratory. The measurements were taken on both sides of the midrib region. Therefore, 

two measurements were taken per leaf with 10 leaf samples chosen from each treatment. 

The measurements of spectra for the 7-8 weeks were done at about 10 cm above the 

identified leaves during adequate weather conditions. Meanwhile for the 11-12 weeks after 
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planting, the crops were quite taller from the stands of the previous measurements and just 

the third fully expanded leaf from above was selected (a total of 60 samples per growing 

season). The radiance data obtained by the spectroradiometer was converted to reflectance 

using periodic scans after about three target measurements, on the white spectralon 

reference panel. 

4.2.6 Chemical analysis 

The chemical analyses were done in order to quantify the amount of nitrogen compounds 

in the maize leaves on which spectra were obtained. This was done through ion 

chromatography (IC) which is a technique to analyze solutions containing complex 

mixtures of ions. IC was considered since it is a rapid and sensitive technique for 

separation as well as analysis of solutions with complex mixtures of anions. Plant tissue 

extraction with water will reduce challenges that are linked with safety, disposal, or 

masking of ions that might occur in extractions with acids (Masson et al., 1996). 

In a study to determine which liquid was suitable for extracting plant ions, Russo et al. 

(1998) used maize tissue extracted by Hydro-chloric acid (HCl) and the high pressure (or 

performance) liquid chromatography (HPLC-grade water). Nitrate (NO3
-) is incorporated 

in the reduced form into organic molecules in plants. Since the concentration of nitrogen is 

a measure of plant health and accurate measurements of it through its associate compounds 

such as NO3
-, ammonium (NH4

+) and NO2
- is necessary. While plants make use of only the 

first two, the third one is less useful to plants (Libourel et al., 2006). The concentrations of 

NO3
- extracted with HPLC-grade water were comparable to those extracted with other 

acids. Therefore, the extraction of plant tissues with HPLC-grade water is recommended 

by their study since the concentration of ions produced by it was either equal or higher than 

the extracts by acids. 

There were 30 samples selected randomly (odd and even numbers of the sample labels 

collected from the field visits) from the 60 samples for chemical analysis as a result of the 

high cost involved. Laboratory procedure for the extraction of nitrogen ions (nitrates and 

nitrites) were as follows: 

- Oven-drying the leaf samples to almost 0% moisture content, after which they were 

pulverized using an electric pulverizer. A 53-mesh size was used to sieve crushed 

samples to have finer particle sizes. Caution was taken to avoid cross 
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contamination by washing the pulverizer and sieve after the preparation of each 

sample. 

- Then 0.1 g of each sample was accurately weighed to a 10 mL stoppered tube with 

5 mL of the high performance water (deionised) and heated for 30 minutes in a 

water bath. The tubes were removed after the time lapsed and allowed to cool to 

room temperature.  

- In order to separate the cooled liquid solution, tubes were placed in a centrifuge for 

5 minutes at a speed of 7 800 revolutions per minute (rpm) during which every 

solid particle in the solutions settled at the bottom of the tubes. The liquid part was 

then decanted into poly top vals. Additional 5 mL deionised (DI) water was used to 

wash the eluent and the process of separation repeated for liquid content to be 

added in the poly top vals (Appendix A). 

- The liquid solution was then used for the plant extracts to be analysed in the IC 

system. The Dionex™ Potassium Hydroxide Eluent Generator Cartridge (EGC-

KOH) system was used with a flow rate of 0.25 mL per minute (Appendix B). A 

3 mm Braun Injekt syringe was used to inject sample solutions into the analyser, 3 

injections were made per sample and thereafter washed the syringe as well as the 

analyser tubes with DI water through 3 sets of flushing to avoid contamination. The 

injections were made through a 25 mm syringe filters with a pore size of 0.2 µm to 

avoid blockage in the analyser tubes by any particles that were not eliminated by 

the centrifuge. 

Calibration standards with anions of interest being nitrates that was considered for this 

study and others such as nitrites, chlorides, fluorides as well as sulphates since it incurred 

no extra cost in the laboratory were used. However, only nitrates were included for 

analysis in this study. The results were then saved as excel worksheets in a computer. 

Every sample produced a worksheet with the accompanying details of the results. Each 

worksheet was opened and the value for the amount of nitrate present in that sample 

extracted and calculated as a percentage of the total nutrients analysed. 
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4.3. Data analysis 

4.3.1 Spectral transformation 

In order to reduce the sample geometry and roughness effect on the spectral reflectance 

measurements as a result of scattering of radiation, the first order derivative was applied to 

the original data set. First-order derivatives of the leaf spectra, also ensured that the 

location of absorption features as well as inflection points along the spectrum are visibly 

enhanced (de Jong, 1998; Huang et al., 2004; Thomas et al., 2007). Derivatives involve the 

calculation of the slope of the spectrum (rate of change of reflectance with wavelength, 

(Equation 1) and also takes care in separating peaks of overlapping wavelengths (de Jong, 

1998). 

Equation 1: First order derivative 

                       Equation 1 

 

Where  is the first-order derivative of reflectance at a wavelength i, midpoint 

between wavelength j and j+1,  is the reflectance at the j waveband,  is the 

reflectance at the j+1 waveband, and  is the difference in wavelengths between j and 

j+1. 

The water absorption regions around 1350-1450 and 1850-1950 were excluded from the 

analysis. The data was then resampled to 10 nm using the Environment Visualising Image 

(ENVI, version 4.5, 2008) image software which reduced the number of wavelengths from 

1024 to 217 (340-2500). The reason for the resampling was not just to curb redundancy but 

also to allow the software to handle the entire spectrum for analysis at once. 

4.3.2 Statistical analysis 

It was inevitable that statistical processes be applied to the data in order to ascertain the 

results from the spectral reflectance measurements. Firstly, a test of variance was done on 

the data to test the potential of discriminating between the various treatments of nitrogen 

on the maize plants. Secondly, the test of variance was also conducted on the different 
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growth stages monitored in this study being 7-8 weeks and 11-12 weeks after planting of 

the maize.  

Statistical analyses were performed on the raw spectra and the first order derivative spectra 

in order to comprehend the effect of the transformation on the results. The spectra 

produced from the PSR-3500 spectroradiometer like other hyperspectral data sets were 

highly correlated at certain wavelengths and redundant with even 0 nm difference between 

two wavelengths around the NIR part of the spectrum. This results in a large number of 

variables (wavelengths) as opposed to a smaller number of samples (N treatments), thereby 

making the machine learning algorithm known as random forest (RF) a vital tool to analyse 

the data (Breiman, 2001). The RF algorithm has the capability to identify relevant 

predictor variable subsets (wavelengths) from very large data sets as the one being handled 

in this study. The function used is known as the variable importance (varimp).  

The RF algorithm makes use of two important parameters viz the ntree and mtry, where the 

former is the number of trees and the latter being the number of variables randomly chosen 

at each split. It uses recursive partitioning to divide data into homogenous subsets or 

regression trees and then averages the result of all trees. This operates on the principle that 

every tree is constructed independently to a maximum size through a bootstrap sample 

from the training data being 2/3 of original data set while 1/3 is left for testing. The trees 

all grow to maximum length as there is no pruning. The trees can be combined and at each 

node choosing randomly a given subset of input variables (mtry) from which the split is 

calculated (Breiman, 2001).  

The algorithm uses the out-of-bag (OOB) error estimation which is derived by predicting 

the data that are not in each tree being considered (misclassification rate or error of 

prediction). The estimation of the OOB error for each variable in the tree is performed by a 

calculation of the difference in mean square error between the data used to develop 

regression trees. The comparison of the OOB errors to the previous or original ones 

produces values that indicate the importance of the variable. This is explained by how the 

error varies when a variable is permuted and all the other variables left unchanged. The 

variable importance can then be described as an evaluation of how worse the prediction 

becomes when the data for a variable were randomly permuted (Prasad et al., 2006).  

However, these measures of variable importance embedded in the RF illustrate a bias 

towards predictor variables (wavelengths) that are correlated through the preferences in the 

permutation scheme. The bias is as a result of the variable selection being in favour of 
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those predictor variables with many categories and continuous variables that are artificially 

preferred (Strobl et al., 2007). Strobl et al. (2008) reviewed the cause of the preferences 

and suggested the conditional permutation (cforest) that uses the partition automatically 

given by the fitted model as a conditioning grid. They also proved that the true impact of 

each predictor variable is reflected better in this new conditional permutation than the 

former method of Breiman (2001). Hence, this study used the cforest function proposed by 

Strobl et al. (2009) since the predictor variables are correlated. This however, does not 

completely remove the bias but grants the predictor variable some fair chances to selection.  

4.3.3 Wavelength selection 

The high dimensionality of hyperspectral data has always been a challenge in analysis 

thereby causing researchers to adopt methods of reduction or mining and decorrelating the 

data. In this study, the variable or wavelength selection was adopted to extract wavelengths 

of importance to the prediction of nitrate content in maize leaves under field conditions. 

The process is to select a subset of relevant features (wavelengths) for use in model 

construction. The process is guided by the assumption that the data contains many 

redundant wavelengths as has been identified above by low spectral ranges (Kokaly, 2001; 

Thenkabail et al., 2004). The selected wavelengths were then used to produce vegetation 

indices and test their ability to predict the nutrient status (nitrates) at foliar level in maize.  

4.3.4 Development of vegetation indices 

The top most important selected wavelengths were used to develop vegetation indices and 

used to evaluate the potential of discriminating the different nitrogen treatments. These 

indices included the simple ratio (SR) of Huemmrich & Goward (1992) (Equation 2) and 

the normalized difference vegetation index (NDVI) of Rouse et al. (1974). The indices 

were calculated as the ratio between the near-infrared wavelengths ( ) and the red 

wavelengths ( ) (Equation 3). However, from the wavelength selection results the 

SWIR region also had wavelengths identified as important in predicting the nitrate status in 

maize leaves. These wavelengths at the SWIR were also utilised in the development of 

ratios as well as differences and tested in the model for prediction. 

Equation 2: Simple ratio (SR) 

       Equation 2 
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While the NDVI was calculated as:  

Equation 3: Normalised difference vegetation index (NDVI) 

       Equation 3 

where  and  were defined as any reflectance within the ranges of 700 - 1100 nm 

and 580 - 680 nm, respectively. 

4.3.5 Cross validation of predictions 

The partial least squares (PLS) regression is particularly suited when the matrix of 

predictors has more variables than observations (Wold, 1995; Wold et al., 2001). The PLS 

transformation was combined with the RF (Boulesteix et al., 2008) in order to test the 

potential of the raw spectral data, transformed spectra and the vegetation indices in 

predicting nitrate content in maize at foliar level. The algorithm was done through 

bootstrap sampling with a train and test data sets. A total of 100 iterations were drawn at 

each ntree. The percentage of the cross validation error (or out-of-bag (OOB) error) was 

calculated for each nitrogen treatment. The user, producer and overall accuracy were 

calculated as the average of the one hundred iterations for each ntree. The accuracy was to 

show how well the various nitrogen treatments have been classified and calculated in 

percentages. The standard deviation which quantifies the amount of variation or dispersion 

of the overall accuracy was also calculated. 

The selected indices for nitrate concentration of maize leaves were used as inputs into the 

predictive model where the coefficient of determination (R2) (Equation 4) as well as the 

root mean squared error of prediction (RMSEP) (Equation 5) were determined for the 

models. 

Equation 4: Coefficient of determination (R2) 

                     Equation 4 

 

R2 is the percentage variation explained by the regression model.  denotes the mean value 

of reference value in the data set, 

http://en.wikipedia.org/wiki/Statistical_dispersion
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Equation 5: Root mean squared error of prediction (RMSEP) 

          Equation 5 

where and  denoted the reference value and predictive value of the 𝑖 th sample in 

prediction sets or leave-one-out cross-validation sets, respectively, and  is the number 

of prediction sample. 

4.4. Results and discussion 

4.4.1 Descriptive analysis for foliar nitrate content 

The nitrate content in the maize leaves sampled showed increasing amounts from T1 

through to T3 though with varying concentrations ( 

Figure 12). These amounts ranged from 0.2 to 1.4% with means of 0.76 and 0.91 for the 7-

8 weeks and 11-12 weeks respectively (Table 5). The nitrate concentrations related to the 

application of the N fertilizers on the crops where the least amounts (0.2%) were from T1 

and the highest (1.4%) was from T3. 

 

Table 5: Descriptive analysis of nitrate content in maize leaves 

Growth stage Count Minimum Maximum Mean 
Standard 

Deviation 

Confidence 

Level 

(95.0%) 

Feb. (7-8 weeks) 15 0.224 1.425 0.756 0.397 0.220 

Mar. (11-12 weeks) 15 0.342 1.426 0.905 0.330 0.183 

 

4.4.2 Discrimination of different nitrogen treatments 

The spectral data was able to differentiate the three nitrogen treatments (Figure 13) at the 

two growth stages being investigated in this study. This differentiation was more evident 

around some of the regions of the electromagnetic spectrum viz the visible, NIR and the 

SWIR regions. However, it was not all wavelengths within these regions that proved 
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importance in differentiating these N treatments. This prompted the variable selection in 

order to identify specific wavelengths that were relevant to N status in maize leaves. 

 

Figure 12: Nitrate content in maize leaves across the 15 counts (treatments) 

sampled for the three treatment levels during the 11-12 weeks growth stage 



 

63 

 

Figure 13: Differentiation of N treatments in maize leaves through spectral 

measurement 

4.4.3 Distinguishing foliar nitrogen content at different growth stages 

In comparison of the nitrogen treatments as detected on the leaves at the 7-8 weeks and 11-

12 weeks growth stages, it was clear that treatment 1 and 3 (20% and 100% N application 

respectively) were easily differentiated at the two stages throughout the sections of the 

electromagnetic spectrum (Figure 14 (a) & (c.)) while treatment 2 was only separable at 

the visible part of the spectrum (Figure 14 (b)). The situation with T2 was expected since 

the crops had the same N applications but the T1 and T3 was not clear. However, not the 

same plants were sampled from the various treatments (T1, T2 and T3). It is worth noting 

that mean reflectance values for the treatments at both stages showed a difference (Figure 

14 (d.)). Then it was clear that the measurements obtained at various growth stages were 

better dealt with independently in subsequent analyses in this study. 
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Figure 14: Differentiation of nitrate content in maize leaves at growth stages 

with F and M signifying February (7-8 weeks) and March (11-12 weeks) (a.) T1 
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at the two growth stages; (b.) T2 at both stages; (c.) T3 at both stages; and (d.) 

All three treatments at both growth stages 

4.4.4 Wavelength selection 

The first ten wavelengths from the results of the cforest were identified for the various 

categories (raw spectra, first order derivatives for the 7-8 and 11-12 weeks growth stages) 

showed different selections (Plain sections of Table 6). The wavelengths that were 

selected from the spectra of the 7-8 weeks measurements were located around the SWIR, 

NIR and the VIS with a strong contribution from the SWIR (Figure 15). Meanwhile the 

transformed spectra to first order derivative for the same growth stage (7-8 weeks), 

identified wavelengths of importance mostly around the NIR with the VIS and SWIR 

regions almost contributing nothing. Another thing to note is that the raw spectra selection 

of wavelengths of importance was fuzzy as opposed to the first order derivative data set 

that was discrete (Figure 15). 

 

Figure 15: Wavelengths selection from 7-8 weeks (a) raw spectra (b) first order 

derivative 

For the 11-12 weeks growth stage, the results of the wavelengths of importance from 

untransformed spectra resulted in its first ten wavelengths selected from the visible and red 

edge regions while those from the first order derivative were much spread across the 

electromagnetic spectrum. The first ten wavelengths were mostly in the NIR region and 

some within the visible or better still known as the visible near-infrared (VNIR) region 

(Figure 16; Table 6). 
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Figure 16: Wavelength selection from 11-12 weeks (a) raw spectra (b) first 

order derivatives 

Table 6: Wavelength selections at the various growth stages of the N treatments 

with OOB ≥1 

S/N 
7-8 

weeks_ntree400 

7-8 

weeksfod_ntree300 

11-12 

weeks_ntree400 

11-12 

weeksfod_ntree300 

1 1360 910 700 1110 

2 1340 1250 540 860 

3 1880 1030 570 970 

4 1400 1080 530 1530 

5 1890 1170 580 1100 

6 1350 820 630 1850 

7 1170 860 550 640 

8 1190 790 590 850 

9 1380 1210 560 940 

10 2460 1100 710 680 

11 1370 780 610 1820 

12 710 1410 690 570 

13 890 1060 600 650 

14 1710 830 520 1300 

15 1830 1700 620 590 

16 730 1640 2460 1070 

17 2500 1010 340 1140 

18 1870 1260 2500 1810 

19 1390 930 1900 890 

20 1160 1190 720 750 

21 1510 1270 1910 1680 

22 1970 1420 510 610 

23 
  

2430 1900 
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For the untransformed spectra and that transformed to first order derivative (fod) 

4.4.5 Validation of predictions 

The selected wavelengths from the cforest were used to create vegetation indices that 

included the SR and NDVI through all possible pairs. The results were tested in running a 

classification in RF combined with the PLS regression algorithm. The variable selection 

was also performed on the indices used for the classification of the various nitrate status in 

maize leaves where the first three for all the categories of data sets produced indices only 

involving wavelengths from the NIR and VIS or red edge portion of the electromagnetic 

spectrum (Table 7). 

Table 7: Selected wavelength pairs for vegetation indices successful 

classification of nitrogen treatments in maize plants 

7-8 weeks 11-12 weeks 

Raw spectra 
First order derivative Raw spectra First order derivative 

720, 520 
950, 790 720, 620 850, 640 

530, 480 
910, 860 630, 580 860, 680 

840, 720 
860, 820 550, 530 890, 610 

 

The 11-12 weeks growth stage measurements showed better results with overall accuracies 

of 60%±1.0 as opposed to the 54%±1.2 for the 7-8 weeks from the untransformed or raw 

spectra (Table 8) while the transformed spectra to first order derivative performed poorly 

in the classification with OA less than 50% (39%±1.2 and 48%±1.3 for the 7-8weeks and 

11-12 weeks respectively). The results from the untransformed and transformed spectra 

were in confirmation to those obtained by Martin et al. (2007), where it was discovered 

that NDVI improved at advanced vegetative stage of maize plants. The NDVI has been 

linked to the chlorophyll content of the plants. However, this will require further 

investigation in other to ascertain the optimal stage at which nutrient status can be assessed 

using spectroscopy since the above study (Martin et al., 2007) used other research tools to 

measure the chlorophyll content.  

This study then proceeded with spectra from the 11-12 weeks growth stage (both 

untransformed and transformed) for further analysis such as the development of indices 
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and testing of a nitrate index in predicting the concentrations of this nutrient (nitrate) in 

maize leaves grown under different nitrogen treatments. Therefore, subsequent analyses 

are based on spectra from the 11-12 weeks growth stage. 

Table 8: Comparison of the classification results for both the 7-8 weeks and 11-

12 weeks growth stages of the three nitrogen treatments on maize 

Classification units 7-8 weeks 11-12 weeks 

OA 54 60 

Std. 1.2 1.0 

UA –T1 61 75 

UA –T2 50 56 

UA –T3 56 60 

 

The developed indices (NDVI-based) from the ranked wavelengths of importance were 

used as independent variables for the RF+PLS algorithm and bootstrapping through ntrees 

of 50 up to 500. The best ntree that illustrated higher values of accuracies calculated on 

100 iterations at every ntree was 250 where the user’s accuracies (UA) were greatest (T1 = 

66%, T2 = 76% and T3 = 85%) and an OA and standard deviation (std) of 73.3%±1.2 

(Figure 17). The cforest rankings on the indices of importance showed as top three the 

NDVI850-640; NDVI860-680; and NDVI890-610. All these indices were developed from the NIR 

and red regions of the electromagnetic spectrum. 
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Figure 17: RF+PLS results using the NDVI-based indices for the three nitrogen 

treatments for maize from the 11-12 weeks stage 

The selected wavelengths were used to develop the SR-based indices that were input as 

independent variables for the RF+PLS algorithm to classify the nitrate status in the maize 

leaves according to the nitrogen treatment levels. It also resulted in successful 

differentiation to the various concentrations of this nutrient (nitrate) in the maize leaves. 

The highest accuracies were recorded at ntree 400 using the developed vegetation ratios in 

predicting nitrate content of maize. The various ratios that contributed the most as ranked 

by the cforest function to the successful classification included SR970-680, SR850-640, SR890-

610, SR860-680 and the OA was 77%±1.2. The UA were 87%, 73% and 85% for the various 

nitrogen treatments of T1, T2 and T3 respectively (Figure 18). 
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Figure 18: RF+PLS results of the SR-based indices on the three nitrogen 

treatments for maize at the 11-12 weeks stage 

This study proved the potential of in-situ spectroscopic data through important 

wavelengths around the visible and NIR region that could be used to assess the nitrogen 

status in maize leaves grown under field conditions. The transformation of the data to 

relevant vegetation indices resulted in better accuracies of determination than using the 

untransformed spectra (60% to 73% or 77% for NDVI-based or SR-based indices). The 

essential spectral region of assessment of nitrogen status in maize leaves was identified 

around the visible region which is associated with plant pigment (chlorophyll) content and 

the NIR which is linked to the leaf structure. The importance of the visible and red edge 

regions was also identified in an earlier study where wavelength pairs of 600/680 and 

630/680 showed higher correlations with the N status of maize plants with R2 of 0.83 

(Schlemmer et al., 2005). 

The most relevant index and ratio as ranked by the cforest function were identified and 

used in the RF predictive or regression algorithm for maize nitrate concentrations at leaf 

level. The results of prediction illustrated successfully the use of spectral data in 

determining concentrations of nitrate in maize leaves grown under field conditions. 

Therefore, the nitrate index identified in this study was NDVI850-640 which demonstrated a 

high coefficient of determination (R2) for the predictive algorithms for maize leaf nitrate 
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concentrations as 0.94. The validation was done through the RMSEP which was lower 0.08 

than the least amount of nitrate concentration as measured in the laboratory (0.2%) when 

comparing the predicted and measured nitrate concentrations (Figure 19). 

 

Figure 19: A one-to-one relationship between the measured and predicted maize 

foliar nitrate concentrations in assessed using random forest regression method 

and NDVI 850-640 

For the vegetation spectral indices, the most ranked by the cforest function was the SR970-

680 that demonstrated high R2 value of 0.93 with a low RMSEP of 0.10 which was also less 

than the least measured amount of the nitrates in the maize leaves when comparing the 

predicted and measured nitrate concentrations (Figure 20). 
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Figure 20: A one-to-one relationship between the measured and predicted maize 

foliar nitrate concentrations assessed using random forest regression method 

and SR 970-680 

4.5. Conclusion 

This study attained the testing of foliar spectra in predicting foliar nitrogen (in the form of 

nitrates) content of maize plants grown under field conditions. The selection of 

wavelengths was achieved being mostly drawn from the VIS and NIR regions of the 

electromagnetic spectrum. The selected wavelengths were used to develop vegetation 

indices that were used to predict the nutrient (nitrates) status in comparison. The indices 

were more robust in assessing and classifying the maize plants according to the three 

different nitrogen treatments with higher accuracies at individual treatments and at overall 

levels. Therefore the maize leaf nitrate indices were identified as NDVI850-640 and SR970-680 

which successfully predicted nitrate concentrations in maize which in comparison to the 

actual measured amounts showed R2 (RMSEP) of 94% (0.08) and 93% (0.1) respectively. 

The study also showed the dual importance of the RF in feature selection and its predictive 

ability to assess and classify maize nitrogen levels from leaf measurements. Nonetheless, it 

would be important to expand the study from individual leaf level to canopy level and test 

across different maize cultivars. Further research will have to monitor the same maize 

plants over time to optimise the growth stage at which nutrient content could be assessed 

after the application of fertilizers. The obtained results from this study prompted the need 

for an upscale to test potential of an imaging spectroscopy in monitoring maize nitrate 
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concentrations on a large spatial extent from canopy level which will be addressed in the 

following chapter. 
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CHAPTER FIVE 

This chapter focuses on the assessment of nitrate concentrations in maize crops at canopy 

level using imagine spectroscopy and random forest algorithm. It also wraps up with the 

identification of a maize nitrate ratio. 
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5. MAIZE NITROGEN CONCENTRATION ASSESSMENT AT 

CANOPY LEVEL USING IMAGE SPECTROSCOPIC DATA 

AND A RANDOM FOREST MACHINE LEARNING 

ALGORITHM 

This chapter is based on4  

ABSTRACT 

Nitrogen through its associated compounds such as nitrates has been considered the most 

important limiting nutrient for crop productivity. The detection and monitoring of the 

status of this element in crops have moved from destructive to non-destructive approaches. 

Optical remote sensing techniques have offered reliable, accurate and non-destructive 

approaches to monitoring or even predicting the status of nitrogen in crops during their 

growth cycle. This study aimed to use a satellite-based hyperspectral remote sensor known 

as Hyperion in evaluating its potential to assess nitrate content in maize (Zea mays) leaves 

at canopy level. The experimental plot had varying application of nitrogen as fertilizers to 

the maize plants as treatment 1 (20%); treatment 2 (50%) and treatment 3 (100%). 

Hyperion images were captured over the field at 11-12 weeks after planting. The random 

forest machine learning algorithm was implemented for dual function of feature selection 

to reduce redundancy in the Hyperion imagery, and regression analysis for predictions. 

Results indicated that maize nitrate levels were detectable through imaging spectroscopy 

with key wavebands (recorded through their wavelengths) of importance being 752, 1043, 

681, 851, 1820, 762, 862, 640, 1850, 609, 589, 569 and 650 nm. From this list, a subset 

that corresponded to previously identified wavelengths was used to develop vegetation 

spectral ratios for predictions of nitrate amounts in maize leaves. There was an 

improvement in the prediction accuracies from using all the selected wavebands, all 

developed ratios and the selected ratios as input independent variables for the algorithm. 

The SR752/681 was identified as the most important variable used in the prediction of nitrate 

concentrations in maize leaves from canopy scale with an R2 of 0.90; and RMSEP of 0.15. 

Imaging spectroscopy proved its potential to monitor and predict nitrate status in maize 

leaves from canopy measurements. This could generate information on the spatial 

variation of this important nutrient across the field for timely and sustainable management 

                                                 
4 Ngie, A., F. Ahmed and K. Abutaleb, (In preparation): The evaluation of nitrate concentration levels in 

maize plants at canopy level using imaging spectroscopy and a random forest machine learning algorithm. 
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techniques such as the application of site-specific amounts of nitrogen fertilizer to 

cultivated crops. 

KEYWORDS: imaging spectroscopy, maize, nitrate, random forest, spectral indices, 

wavelength selection 

5.1. Introduction 

Crop productivity is challenged among other factors by sustainable management regimes 

which are guided by timely monitoring of the nutrient status of the plants at critical 

growing stages (Fageria, 2009). Plant nutrient assessment has traditionally been done 

through numerous manual field visits through to tedious laboratory work. The process is 

labour intensive and destructive as the many visits translate to collection of plant tissue 

samples (roots, stems and/or leaves) for analysis. Over the years, non-destructive methods 

have been developed and being applied to monitor plant nutrient status such as nitrogen. 

Some of the methods included the use of chlorophyll metres to measure the concentration 

of the pigment in plants and relating it to their nutrient status. For instance, the chlorophyll 

metre was used in the monitoring of maize nitrogen status (Blackmer & Schepers, 1994). 

The use of this metre for in-season monitoring was useful but still time consuming and 

laborious for the collection of data over extensive agricultural fields.  

The introduction of remote sensing in monitoring plant nutrient content has been in almost 

real-time, non-destructive and covers huge spatial extent that most agricultural fields 

cover. Remote sensing is the process of getting information about a target through analysis 

of data derived from a device without being in contact with the target. This process or 

technology has been applied in diverse fields of studies with agriculture being one of the 

beneficiaries. The technology senses light energy reflected from the target at different 

wavelengths or bands of the electromagnetic spectrum (Lillesand et al., 2008). Its 

application in agriculture especially crop monitoring has grown over the years as the 

development of this technology in terms of resolutions and the number of spectral bands. 

From the multispectral to the hyperspectral bands, the monitoring of crop status has 

deepened to detecting specific important nutrients such as nitrogen, phosphorus, silicon, 

and many others (Ngie et al., 2014). The multispectral sensor is also known as broad-band 

sensing that collects data in up to some hundred nanometres (nm) apart while the 

hyperspectral or narrow-bands collect into ten or even less than one nm apart (Delalieux et 

al., 2008). 
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Hyperspectral sensing is a remote sensing technique therefore that captures reflectance 

data in many narrow and continuous wavelengths of the electromagnetic spectrum (usually 

between 350 and 2500 nm). It involves the generation of extremely large data sets of high 

dimensionality (Delalieux et al., 2008; Lillesand et al., 2008). Hyperspectral imaging or 

imaging spectroscopy allows the acquisition of satellite or airborne images in numerous 

narrow and continuous spectral bands. The images involve sufficient number of bands that 

could allow the construction of spectra that would closely resemble those measured with 

the laboratory instrument or handheld sensor (Goetz et al., 1985; Curran, 1994; Clevers & 

Jongschap, 2003). The data is also highly redundant at certain regions of the 

electromagnetic spectrum as a result of the strong correlation between wavelengths or 

bands that are adjacent to one another. These complexities of the data have seriously 

challenged the management of hyperspectral data and usually overcome through selection 

of most relevant spectral wavelengths or bands for the extraction of required information 

(Thenkabail et al., 2004). 

When light reaches a vegetation surface, energy is reflected in the visible (VIS) region 

being influenced by the presence of leaf tissue pigments such as chlorophyll which relates 

to leaf N concentration (Haboudane et al., 2002; Rodriguez et al., 2005). The two types of 

chlorophyll being a and b have been found to be related to the two absorption regions:  the 

blue region (400-500 nm) and the red region (600-670 nm). These pigments are harboured 

in the chloroplast which contains about 75% of total plant N (Lawlor, 2001). These 

absorption regions can serve as a measure of the N content in plants where the higher the 

absorption, the higher the chlorophyll content and so too will be the N content. 

In transition from the VIS to the near-infrared (NIR) region is the red edge. This is also a 

region of interest for crop biochemical studies. This region lies between the 680-760 nm 

and the reflectance have correlated positively to both leaf and canopy N status (Barnes et 

al., 2000; Cho & Skidmore, 2006). The next portion on the electromagnetic spectrum is the 

NIR region stretching from 700 to 1300 nm and contributes to crop nutrient status by the 

leaf internal structure which reflects high energy levels as opposed to the absorptions in the 

VIS. The region lying from the 1300-2500 nm is known as the shortwave infrared (SWIR) 

which has more absorption regions as a result of water content in the leaves (Thenkabail et 

al., 2004). However, some wavelengths found in the SWIR region reflect energy accounted 

for by the protein and starch content in the leaves (Murray & Williams, 1987). Hence 
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reflectance values acquired from canopy level have been used to determine fresh green leaf 

nitrogen concentrations even without in-situ nitrogen data (Bortolot & Wynne, 2003). 

The visible and near-infrared region (VNIR) has been described as the chlorophyll 

absorption feature (Kumar et al., 2003). This region shows through its reflectance a strong 

relationship with nitrogen content in plants (Mutanga & Skidmore, 2004; Zhao et al., 

2005). However, a contrary situation has been illustrated by a weak relationship between 

the nitrogen content and canopy reflectance of crops such as rice under controlled 

conditions (Stroppiana et al., 2006) which have not deterred other recent researchers from 

obtaining success with this region in rice nitrogen contents and different sensors (Wang et 

al., 2013).  

One of the largest inputs in crop productivity is nitrogen (N) through fertilisation and it is 

vital to apply not just at the right time but also the right amounts required by the crops 

(Fageria, 2009). The right application is important both for economic as well as 

environmental reasons. The nutrient variability spatially through soil quality is a 

confounding challenge to the right application of fertilizers as it requires a thorough 

assessment of N in the soil. An assessment as such could be very costly though essential. 

The application of remote sensing provides potential to rapid assessment of nutrient status 

in not just soils but crops alike (Tilling et al., 2007). 

The relationship between N and chlorophyll has been established over the years (Lee et al., 

1999). This relationship is not applicable in every condition due to varying environmental 

conditions or crop types or even cultivars (Spanar et al., 2005). Some studies have proven 

successfully that there is a linear relationship between chlorophyll and N content in plants 

with coefficients of determination (R2) of 0.61 to 0.71 (Houlès et al., 2007; Ziadi et al., 

2008; Haboudane et al., 2008). This conflict in results could be explained by the variability 

in crop types, data used as well as the methodologies applied. The use of remote sensing in 

assessing N through the chlorophyll content at canopy level has been possible (Chen et al., 

2010; Fitzgerald et al., 2010) but also varies across growth stages (Lemaire et al., 2008). 

Through a critical review, Patane and Vibhute (2014) concluded on the concept of this 

relationship though with varying results from different techniques applied. 

The monitoring of N status in field crops using hyperspectral remote sensing has recorded 

a resounding success over the years with different crops resulting in different selected 

wavelengths (Table 9). For instance Oppelt and Mauser (2004) (R2 = 0.78); Wenjiang et 

al., 2004 (R2 = 0.91); Zhu et al., 2008 (R2 = 0.85 and 0.66 for wheat and rice respectively); 
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Xue et al., 2004 (R2 = 0.85); Nguyen & Lee, 2006 (R2 = 0.87); Osbourne et al., 2002 (R2 = 

0.81); Strachan et al., 2002 (81%); Jain et al., 2007 (R2 = 0.55)). This has been done from 

reflectance obtained at both leaf and canopy levels (Yoder & Pettigrew-Crosby, 1995) in 

the field. 

Table 9: Summary on some of the studies on crop N status using canopy level 

remotely sensed data with identified N absorption bands  

Crop type 

Selected 

wavelengths for 

N-status 

Reference 

Wheat 
440 and 573; 400–

700; 600 and 735; 

870 and 660  

Hansen & 

Schjoerring, (2003); Jarmer et al., (2003); Oppelt & 

Mauser, (2004); 

Tilling et al., (2007); Zhu et al., (2008) 

Rice 

520–570; 810 and 

560; 300 and 

1100; 810 and 660  

Inoue & Peñuelas, (2001); Yang, (2001); 

Xue et al., (2004) (ratio of NIR to green (R810/R560)); 

Nguyen & Lee, (2006); Nguyen et al., (2006); Zhu et 

al., (2008) 

Potato 750 and 710  Jain et al., (2007) 

Soybeans 840 -870/720- 730 Gitelson et al., (2005) 

Maize 

600, 610, 625, 

700, 805, 875, 

975, and 980; Red 

edge, 1770 

Osborne et al., (2002); Strachan et al., (2002); 

Alchanatis & Schmilovitch, (2005); Ferwerda et al., 

(2005); Cho & Skidmore, (2006); Schlemmer et al., 

(2013) (730/750 ratio) 

Cotton 755 and 695 Read et al., 2002 

Sugar cane 

SR (743, 1316), 

SR (743, 1317) 

and SR (741, 

1323) 

Abdel-Rahman et al., 2013 

 

The wavelength range characteristics have been investigated as another alternative 

approach for more efficient and accurate modelling or predicting N status in plants. The 

spectra measured from the visible and NIR regions (400-900 nm) calibrated for plant N 

status resulted in an R2 of 0.71 with error of prediction as 0.38% (Hansen & Schjoerring, 
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2003). In a similar study using spectra measured at the 530-1100 nm the results were better 

with an R2 of 0.81 with error of prediction as 0.27% (Alchanatis & Schmilovitch, 2005) 

and a subsequent increase wavelength range from 400-2500 nm produced an R2 of 0.89 

with prediction error of 0.64% (Morón et al., 2007). However, it should be noted that some 

of the differences could have accrued from the different analytical methods applied on the 

data sets or sensors used to measure the reflectance. 

While some studies applied ratios of the reflectance value measured at the red and NIR 

regions to detect plant nutrients (Jackson et al., 1981), other utilised single wavebands 

(Stroppiana et al., 2006). Most of the above cited studies have made use of reflectance 

values from single wavebands or optimising wavebands that could predict plant nitrogen 

content. It should be noted that one advantage in the use of vegetation indices has been the 

reduction in variations resulting from canopy geometry, irradiance and shading. The 

indices have also assisted in minimizing soil background effect on canopy reflectance 

(Jackson & Huete 1991). Hence, the selection of wavebands for the creation of vegetation 

indices or ratios as input variables into predictive models using space-borne hyperspectral 

studies on biochemical content on field crops under irrigated or controlled conditions is 

relevant than using just single wavebands (Jain et al. 2007; Zhu et al., 2008). Also most of 

these studies have utilised handheld spectroscopic devices to measure reflectance to assess 

N status except for a few that have utilised airborne and satellite- or space-borne sensors 

(Huang et al., 2004; Oppelt & Mauser, 2004; Vigneau et al., 2011).  

Hyperspectral remote sensing has demonstrated its potential to detect the N status of field 

crops. In a previous study using hyperspectral data measured with a handheld sensor, 

indices developed from selected wavelengths 610, 640, 680, 850, 860 and 890 illustrated 

good accuracies in predicting maize leaf nitrogen concentrations (Chapter 4). Hence, it is 

vital for more studies to test the potential of space-borne sensors in detecting N status in 

maize grown under field conditions especially in the subtropical areas where moving 

through the fields can be challenged by its terrain and also use non-linear predictive 

models. This is done through firstly, an assessment of hyperspectral wavebands in 

monitoring N levels in maize leaves and selection of wavebands of importance. Secondly, 

to use these selected wavebands to develop spectral vegetation ratios as input into a non-

linear regression model and validate the predictive models through comparison of the 

predicted and actual or measured nitrate values with the R2 and the root mean squared 

errors of prediction (RMSEP). 
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5.2. Materials and methods 

5.2.1 Description of study area 

The study area is located at the Glen Agricultural College fields in Bloemfontein (Free 

State province of South Africa) situated around 28°56'41.37" S, 26°19'46.51" E and about 

20 km north of Bloemfontein in the Mangaung metropolitan municipality (Figure 11). The 

area receives mean annual precipitation of about 540 mm, mean annual maximum and 

minimum temperatures of 31° C and -1° C respectively (Botha et al., 2007). The summers are 

hot and dry with scarce episodes of rainfall with over 70% occurring from November to March 

while the winters are frosty and cold. 

The local geology is primarily represented by late Permian, Balfour formation sedimentary 

rocks, made up of alternating sandstone and mudstone layers. These sedimentary rocks 

form the base on which younger, superficial deposits of Quaternary age have been 

deposited (Botha et al., 2007). The superficial deposits consist mainly of well-developed, 

agricultural soils mostly of sandy clay loamy texture. The growing of crops such as maize 

is only done once in a summer farming season that commences in December through to 

July. As a result of its sparing rainfall, the growth of crops is through irrigation schemes 

being through flooding and not sprinklers. 

5.2.2 Experimental design 

The field used for this study was about 1.5 hectare (ha) in size and was subdivided into 

three equal plots to accommodate the experiments (three nitrogen treatments) on the maize 

plants. The field was planted at 55 000 plants/ha with the PAN 6616 maize cultivar with 

standard fertilizer application of 390 kg per ha (kg/ha) of “home mix” to enable 

germination of seeds. The fertilizer was made up of nitrogen, phosphorus (P) and 

potassium (K) in quantities of 28 kg N/ha, 32 kg P/ha, 5 kg K/ha. After 5-6 weeks of 

planting date the top dressing was applied which required sub-dividing the field into three 

sections or plots according to the different nitrogen treatments (Treatments 1, 2 and 3) of 

approximately half a hectare. This experiment was to induce some deficiency in nitrogen 

concentrations in the plants. Treatment 1 was made up of 28 kg (20%) of nitrogen per ha. 

It was not possible to plant the field without fertilization and expect germination, so the 

basic amount for maize germination was applied across the field. Hence, there was no 0% 

treatment. Treatment 2 was made up of 70 kg (50%) of nitrogen per ha; and treatment 3 

had 141 kg (100%) of nitrogen per ha. 
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5.2.3 Leaf sample collection and chemical analysis 

30 leaf samples were selected randomly on the maize field from the three treatments 

showing variations in nitrogen levels. The third fully expanded leaf from upper sections of 

the plants from which the spectral measurements were obtained was excised and taken to 

the laboratory for oven drying at 70° C over 2 hours. The oven-dried leaves were packaged 

into sampling bags and labelled according to the treatments – since the samples will be 

used to validate the predicted values. At collection of each leaf sample, the coordinates of 

the sample point were recorded and any relevant notes such as nitrogen treatment levels.  

The samples were transported to the chemistry laboratory in Johannesburg for further 

analysis. The samples were preheated once again to eliminate any trace of moisture and 

facilitate crushing in a pulveriser. The samples were crushed to enable the leaves become 

finer particles to go through the 53-mesh sieve and easily extract ions. The midrib region 

was excluded from the crushing.  

The chemical analyses were done in order to quantify the amount of nitrogen in the maize 

leaves on which spectra was obtained. This was done through ion chromatography (IC) 

which is a technique to analyze solutions containing complex mixtures of ions. IC was 

considered since it is a rapid and sensitive technique for separation of anions as well as 

analysis of solutions with complex mixtures of ions. Plant tissue extraction with water was 

preferred since it reduces the challenges that are linked with safety, disposal, or masking of 

ions that might occur in extractions with acids as proven with eluent of maize leaf sap 

(Masson et al., 1996). 

In preparing the solution for analysis, 0.1 g of the crushed samples was each placed in 

10 ml stopper tubes with 5 ml of deionised water added. The solutions were heated in a 

water bath for 30 minutes and later cooled to room temperature before placing in a 

centrifuge for separation of the solid particles. The resultant solution was then injected 

using a syringe into the IC system. The Dionex™ Potassium Hydroxide Eluent Generator 

Cartridge (EGC-KOH) system was used with a flow rate of 0.25 mL per minute (Appendix 

B). Anions components in the maize leaf extract were then measured and calibrated. The 

results were recorded on Microsoft excel spread sheets for further analysis. 

5.2.4 Image acquisition and pre-processing 

Hyperion images were acquired over the study area in Glen, Bloemfontein after tasking on 

the United States Geological Society (USGS) website. It is a challenge to obtain cloud-free 
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images over the area during the summer planting season. However, two cloud free images 

were obtained on the 25th of March and 2nd of April 2014 on the 171/080 path/row scene. 

Hyperion is a satellite-borne hyperspectral sensor onboard EO-1 mission that was launched 

by the National Aeronautics and Space Administration’s (NASA) New Millennium 

Program (NMP) on November 21, 2000. It contains 242 bands that range from 355-

2 577 nm with a spectral range of 10 nm and 30 m spatial resolution and a swath width of 

7.6 km. There are two spectrometers for Hyperion where one covers from the 355 to 

1 058 nm being the visible and near-infrared region (VNIR), and the other from 852 to 

2 577 nm as the shortwave infrared region (SWIR). The images were provided as Hyperion 

level 1B data.  

There is usually a challenge of illumination to some of the hyperion bands while others 

suffer from overlaps between the two spectrometers and end up without values or 

reflectance values set to zero during the Level 1B pre-processing (Datt et al., 2003). In 

reviewing the available bands of the acquired Hyperion images, over 44 bands out of the 

242 total bands of this sensor were without reflectance values. These consisted of bands 1-

7, 56-78 and 225-242 with the remaining 196 bands radiometrically corrected and 

calibrated to at-sensor radiance (Beck, 2003; Green et al., 2003). 

The images were geometrically referenced to a Landsat ETM+ image (19 January 2012) 

which was already georeferenced (Universal Transverse Mercator (UTM), zone 35 South). 

In minimising the effects of systematic noise in the image, a de-streaking algorithm 

proposed by Datt et al. (2003) was applied to reduce the stripping effect in images. After 

which the radiance images were then corrected atmospherically and transformed to 

reflectance at canopy level using the MOD-TRAN based Fast Line-of-sight Atmospheric 

Analysis of Spectral Hypercubes (FLAASH) algorithm that is built within the Environment 

for Visualising Images (ENVI version 5.0, 2012) software package. Through derivation of 

atmospheric properties including water vapour, surface albedo and others, FLAASH 

provides a well-adjusted input for the atmospheric correction (Thenkabail et al., 2013). 

The images were resampled to their initial partial resolution of 30 m, the nearest neighbour 

algorithm was performed wherein for an indicator of a good geometric correction, the root 

mean square error (RMSE) considered was at less than a pixel (Ferencz et al., 2004). 

Through the use of the collected ground truth points, the maize canopy reflectance spectra 

were extracted through areas of interest (AOIs) from single pixels for further statistical 

analyses. 
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5.3. Data analysis 

5.3.1 Spectral transformation 

In order to reduce the sample geometry and roughness effect on the spectral reflectance 

measurements as a result of scattering of radiation, the first order derivative was applied to 

the original data set. First-order derivatives of the canopy spectra, also ensures the location 

of absorption features as well as inflection points along the spectrum is enhanced (de Jong, 

1998). Derivatives involve the calculation of the slope of the spectrum (rate of change of 

reflectance with wavelength, and also takes care in separating peaks of overlapping 

wavelengths (de Jong, 1998). Therefore, the first order derivative curves can provide 

valuable information that cannot be obtained from normal spectra about the rate of change 

along the curve and indicate at what wavelengths the changes occur (Equation 1). 

5.3.2 Random forest algorithm 

In another recent study it was realised that the relationship between biochemical 

concentrations in plants and their measured reflectance maybe indeed non-linear (Milagni 

et al., 2008). The study tested the potential of neural networks and other linear regression 

models to predict the nitrogen concentration in vegetation with air-borne hyperspectral 

data set at canopy level. The neural network models illustrated higher R2 values than the 

others. In predicting sugarcane leaf nitrogen concentrations using reflectance values from a 

space-borne sensor, a non-linear model again outperformed the multiple linear regression 

models with higher R2 values (Abdel-Rahman et al., 2013). Hence, the choice of applying 

a non- linear model in this study was established on the above premise. 

The machine learning non-linear regression model used in this study was the random forest 

ensemble. The RF operates through two major parameters which include the ntree and 

mtry. The ntree is the number of trees that are to be used in an ensemble while the mtry is 

the number of variables that is being chosen randomly at each split. It uses recursive 

partitioning to divide data into homogenous subsets or regression trees and then averages 

the result of all trees. This operates on the principle that every tree is constructed 

independently to a maximum size through a bootstrap sample from the training data being 

2/3 of original data set while 1/3 is left for testing. The trees all grow to maximum length 

as there is no pruning. The trees can be combined and at each node choosing randomly a 

given subset of input variables (mtry) from which the split is calculated (Breiman, 2001).  
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The RF ensemble uses the out-of-bag (OOB) error estimation which is derived by 

predicting the data that are in each tree being considered (error of prediction). In order to 

estimate the OOB error for each variable in the tree, a calculation of the difference in mean 

square error between the data used to develop regression trees and the OOB data is 

performed. The comparison of the OOB errors to the previous or original ones gives values 

that indicate the importance of the variable. This is explained by how the error varies when 

a variable is permuted and all the other variables left unchanged. However, for the 

predictive model, the accuracy for each run was by measuring the root mean squared error 

of prediction (RMSEP) which is considered more stable than the OOB (Abdel-Rahman et 

al., 2013).  

The ensemble has the capability of performing variable (wavebands or wavelengths) 

selection of importance which reduces the high dimensionality in hyperspectral data sets 

and the predictive modelling. The process is to select a subset of relevant features 

(wavebands or wavelengths) for use in model construction. The process is guided by the 

fact that the data contains many redundant wavelengths as identified by its low spectral 

ranges (Kokaly, 2001; Thenkabail et al., 2004). The original RF ensemble by Breiman 

(2001) can perform this task of selecting variables but has been criticised for bias selection 

(Strobl et al., 2007). The researchers then subsequently proposed the conditional forest 

(cforest) function that performs the selection but with minimal bias (Strobl et al., 2009). 

This function also runs within the RF ensemble. 

5.4. Results and discussion 

5.4.1 Maize leaf nitrate content 

In this study, the maize nitrate content measured in the laboratory from leaves collected 

about 13 days (12/03/2014) to the passing of the EO-1 sensor recorded minimum and 

maximum nitrate concentrations as 0.2 to 1.4% respectively for the three different nitrogen 

treatment levels. There was no scenario of 0% nitrate measured for any of the leaves 

collected which was affirmation to the application of N fertilizers during planting to enable 

germination of all seeds. The amount of nitrates in the maize leaves related to the various 

N treatments, with treatment 3 having the highest concentrations. 
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5.4.2 Hyperion wavelength selection 

The results of the wavelength selection from the cforest were recorded. The most important 

26 Hyperion wavelengths to maize nitrate content were identified for this study (Figure 

21). These wavelengths were from the red region, NIR and the early mid-infrared regions 

of the electromagnetic spectrum. There were six wavelengths selected amongst the 26 

recorded appearing with quite high OOB error values that corresponded to those identified 

in previous studies (Thenkabail et al., 2004; Milagni et al., 2008). This included 609, 640, 

650, 681, 752 and 1043 that corresponded to bands 26, 29, 30, 33, 40 and 90 accordingly. 

It should be noted that the order here was not derived from the OOB error as will be seen 

below (Figure 21). 

 

 

Figure 21: 26 wavelengths selected for maize canopy nitrate content prediction 

from Hyperion image 

According to Thenkabail et al. (2004) the six identified bands in this study belonging to the 

region 599 - 650 are relatively sensitive to biomass; 671 - 681 are chlorophyll absorption 

region; 742 -752 which is the red edge region is sensitive to vegetation stress and/or 

dynamics; and the 1003 - 1053 is related to plant moisture status, biomass and even the 

leaf area index (LAI) which are all functions of the status of the plants. The first three 

regions (599 – 650; 671 – 681; and 742 -752) have jointly been labelled chlorophyll 
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absorption bands and are closely related to nitrogen concentration in plants (Curran 1989; 

Huang et al., 2004). In this study, some of the waveband regions in the most relevant 26 

ranked ones were also selected around the protein absorption region at 1648 nm, which is 

in proximity to 1645 identified by Murray and Williams (1987). The 752 nm was also 

identified by Vigneau et al. (2011) in addition to the other studies stated above as 

important in estimating N concentration though in wheat plants. 

5.4.3 Development of vegetation spectral ratios/indices 

The identified six wavelengths were used to develop all possible combinations of spectral 

ratios. This was done only with the first order derivative transformed spectra using the 

formula for the simple ratio (SR) by Rouse et al. (1974) (Equation 2). All the developed 

spectral ratios used as input independent variable in the predictive RF model with another 

sorting of variables (vegetation spectral ratios) according to their contribution in the 

permutation was performed (Figure 22). Once again the results presented are the top most 

25 vegetation spectral ratios ranked by their OOB error. The most important ones were 

created from the red edge wavelengths including the 640, 650, 681 and the 752 nm pairs.  

 

Figure 22: Selected vegetation spectral ratios from 6 X 6 identified wavelengths 

The ratio of SR752-681 is selected as the most important variable in the RF predictive model 

for nitrate content in maize plants. This is confirmation to the importance of the red edge 

region in assessing biochemical status of plants (Ramoelo et al., 2012). The red edge 
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position has proven to be influenced by N concentrations and other critical crop parameters 

such as water status in the leaves of the crops (Schlemmer et al., 2005; Schlemmer et al., 

2013). However, the selected variables in this study were not found around the known 

water absorption regions (970, 1450 and 1950 nm). This means there was no influence 

from water absorption in the performance of the models (Figure 22). It would be of 

interest to perform the experiments and vary not just N concentrations but other critical 

parameters like water status since both scenarios could occur in a field. 

5.4.4 Maize leaf nitrate predictions 

The prediction of maize leaf nitrate content using the imaging spectroscopy in this study 

from canopy level was a success through the RF ensemble as a non-linear regression 

model. The accuracies of the predictive models varied with the type of independent 

variable added but also the number of these variables included or utilised. For instance in 

comparing the performance of the selected spectral wavelengths and the developed 

vegetation spectral ratios, the latter recorded a higher R2 of 0.82 but with an RMSEP of 

0.29 whereas the former had an R2 of 0.74 and a rather RMSEP of 0.17 (Figure 23). The 

implication was that with the selected spectral wavelengths of importance in predicting 

maize leaf nitrate content, the error margin was smaller than the unselected spectral ratios 

(Table 10). 

Table 10: Summary of number of variables and accuracy measurements in 

predicting maize leaf nitrate concentrations using imaging spectroscopy 

Number of variables and type R2 RMSEP 

26 selected wavebands 0.74 0.17 

All developed spectral ratios (6X6) 0.82 0.29 

25 selected spectral ratios 0.86 0.12 

10 selected spectral ratios 0.91 0.15 
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Figure 23: The one-to-one relationships between measured and the predicted 

maize foliar nitrate contents assessed through the RF regression model using: 

(a.) the selected waveband and (b.) all developed ratios – 6 X 6 wavebands 

The selected vegetation spectral ratios also used as independent variables for the predictive 

model illustrated results of better accuracy with R2 = 0.86 and RMSEP = 0.12 (Figure 24 

(c.)). The results were better than those obtained from all the possible vegetation spectral 

ratios. To further test on variable performances, the cforest ranking of the vegetation 

spectral ratios identified a subset of the top 10 most important ratios. 
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Figure 24: The one-to-one relationships between measured and the predicted 

maize foliar nitrate contents   from the RF regression model using: (c.) Selected 

25 vegetation spectral indices and (d.) selected top 10 ratios/indices 

These top 10 ratios or vegetation spectral indices were mostly developed from the red edge 

wavelengths with the exception of 1043 nm region. These 10 vegetation spectral indices 

outperformed all the other variable sets implemented in this study in predicting maize leaf 

nitrate content at canopy level with an R2 of 0.91 but again with an RMSEP of 0.15 

(Figure 24 (d.)). The implication of this RMSEP value is that the predicted values of 

maize leaf nitrate content using the 10 indices was larger than the measured amount and 

subsequently with the 26 variables. This was quite interesting to realise that narrowing 
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down the variable numbers to only selected ones of importance gets better results to an 

extent. In this case, the smaller the variable number, the higher the R2 and the RMSEP 

which imply improve accuracy but increased error margin as well. There have been studies 

showing the optimal wavelength numbers for assessing crop biochemical status but also 

dependent on the crop types and showed that there is a point of asymptote in the number of 

selected wavelengths being 12 (Thenkanbail et al., 2000), 22 (Thenkanbail et al., 2004) or 

26 (Milagni et al., 2008). While the first scenario was performed on a shorter spectral 

range (maximum of 1100), the recent ones were on the full range up 2 500 nm. Further 

research will however be required to establish the optimal number of variables for 

predictive models of maize leaf nitrate content. 

5.5. Conclusion 

This study has proven the potential of the imaging spectroscopic data through EO-1 

Hyperion images in predicting maize leaf nitrate concentrations from canopy level under 

field condition. This was possible through the dual functionality of the random forest 

algorithm in reducing redundancy through variable selections and regression models for 

predictions. The selection of variables and developed spectral indices did aid in improving 

the accuracies of the models. The spectral vegetation index developed from the 752/681 

was the most relevant in contributing to the most accurate model for maize leaf nitrate 

concentrations with R2 of 0.90 and RMSEP of 0.15. It consolidates the importance of the 

red edge region in assessing plant biochemical status.  

However, this study was conducted on one maize cultivar grown on a single field where 

only the nitrogen application was varied. Hence, it would be of more interest to vary other 

growth parameters such as water supply and expand the field of interest to accommodate 

other cultivars especially with the numerous cultivars being grown around the region. 
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CHAPTER SIX 

This chapter focuses on the assessment of water status in maize crops at leaf level using in-

situ spectroscopy and random forest combined with the partial least squares algorithm. The 

RF enabled the selection of wavelengths of importance in water status monitoring which 

were used for the development of water spectral indices. It wraps up with the ranking of 

the spectral water indices for maize under field condition. 
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6. AN ASSESSMENT OF MAIZE FOLIAR WATER 

STATUSUSING LEAF LEVEL IN-SITU SPECTROSCOPY 

This chapter is based on:5  

ABSTRACT 

Plant physiological processes required for crop productivity are dependent on the 

availability of water to the crops. Water availability to crops therefore requires real time 

monitoring for timely rescue or intervention measures. Such monitoring over vast areas is 

only possible through remotely sensed techniques such as spectroscopy with its numerous 

fine wavelengths and is non-destructive to the crops as opposed to other traditional 

ground-based methods. The management of spectral reflectance data to extract 

information of importance for plant water status has been motivated by knowledge of the 

availability of specific bands in the electromagnetic spectrum responsible for water 

absorption. The purpose of this study was to investigate the potential of using selected 

spectral bands to develop water indices that could monitor the water status at leaf level on 

maize (Zea mays) plants grown under field conditions. Leaf spectral reflectance of maize 

plants was collected under three different water conditions being healthy (H), intermediary 

water stressed (IWS) and water stressed (WS) using a leaf-clip of a handheld 

spectroradiometer. The spectral reflectance indicated an increased reflectance in portions 

of the visible, near-infrared and short infrared regions of the electromagnetic spectrum for 

the water stressed maize plants. The random forest (RF) algorithm was utilised to extract 

wavelengths of importance from which water indices were developed among which were 

the normalised difference water index (NDWI860-1240) and the water band index (WBI950-

970). These indices were used in a combined algorithm of RF and the partial least squares 

(PLS) for its predictive ability to classify the maize leaf water status into the three 

categories (H, IWS and WS). The results showed an overall accuracy of 70±1.2%. 

Therefore, confirming the potential of assessing leaf water content using in-situ 

spectroscopy. The three most important indices as ranked by the conditional forest 

(cforest) function were NDWI860-1240, NDWI1700-1530 and NDWI1530-1360. An in-depth study 

would be required to quantify and measure actual water content in maize leaves and 

                                                 
5 Ngie, A., F. Ahmed and K. Abutaleb, (2015): Water stress level assessment in maize at leaf level using in-

situ spectroscopy with random forest and partial least squares algorithm. Presented at the GeoTech Rwanda 

2015: International Conference on “Geospatial Technologies for Sustainable Urban and Rural Development”. 
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possibly upscale to canopy level which would directly support irrigation management 

plans. 

KEYWORDS: in-situ spectroscopy, maize, partial least squares, random forest, water 

spectral indices, water stress, wavelength selection 

6.1.  Introduction  

6.1.1 Background on plant water availability 

Water is a key determinant in field crop productivity globally though its availability is 

highly variable. Challenging climate scenarios of unprecedented spatio-temporal 

temperature and rainfall patterns does translate into the availability of water to crops 

(IPCC, 2007). Accurate water content estimation is required to make decisions on 

management schemes and also crop yield estimations in agricultural studies (Peñuelas et 

al., 1993). The water content/status of a plant can be measured from root, stem and leaf 

material or the whole canopy. Leaf analyses are however, widely used since the leaf is the 

most important organ for evaluating nutrient and water status of plants in comparison to 

other tissue types (Suo et al., 2010).  

The most amount of water in leaves is found in the mesophyll cells and if the amount is 

tampered with, the immediate effect is on the tension in their cell walls thereby obstructing 

exchange of water and carbon dioxide (Canny & Huang, 2006). Leaf water content has 

been considered as an indirect estimate of the changes in the water status in the leaves that 

could be measured through the reactions of these altered cell structures (Canny & Huang, 

2006). The leaf is also mostly responsible for photosynthesis, an essential physiological 

process in plants. The health and nutrient status with water status inclusive of the plants 

can be evaluated from the leaves where its decrease would serve as an important indicator 

of stress (de Jong et al., 2012). Therefore, leaf water content can be used for the 

determination of the water status of the plants. 

Water availability could be considered as a variable for crop growth rates to be used for 

yield prediction. The relationship between water availability to yield is equally as 

important as any essential nutrient to crop growth. This has been proven by modifying crop 

growth rates with nitrogen and/or water supply to that similarly obtained when plant 

growth was altered through variations in plant density and incident radiation. The effect of 

reducing N availability was similar to the effect of reducing water availability (Andrade et 
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al., 2002). In an earlier study it was established that a continued supply of assimilates from 

concurrent photosynthesis driven by nutrients accounts for the correlation between growth 

rate and crop yields (Zinselmeier et al., 2000). 

Initially, water stress in plants has been measured through destructive approaches that are 

limited in spatial extent as a result of being labour intensive (Graeff & Claupein, 2007). 

There have been considerable technological developments taking place over the years to 

determine water stress using remote sensing which can afford larger spatial extent and aid 

in quick intervention measures (Eitel et al., 2006). A recent significant breakthrough in 

passive optical remote sensing has been the development of hyperspectral sensors that 

provide continuous narrow bands and high resolution in the visible and infrared spectral 

regions (Lillesand et al., 2008). In comparison to multispectral sensors that only have a 

dozen of spectral bands, hyperspectral sensors are made up of hundreds of spectral bands. 

Hyperspectral sensors are well suited for vegetation studies as reflectance/absorption 

spectral signatures from individual species as well as more complex mixed-pixel 

communities can be better differentiated from such wider spectral bands (Yang et al., 

2010). 

The basis of detecting water stress with remote sensing relates to the difference in 

reflectance properties of plants under different water stress levels at certain wavelengths in 

the NIR portion of the electromagnetic spectrum (Genc et al., 2013). Two spectral regions 

have been found useful for detecting water status in plants; one characterised by high 

reflectance caused by reflections and scattering of light in the spongy mesophyll layer 

(NIR (700-1300 nm) and the other characterised by strong water absorption (mid infrared 

(MIR) 1300-2500 nm). The first one is based on the turgor pressure in the leaf tissues 

while the second is directly related to leaf water content (Tong et al., 2004; Lillesand et al., 

2008). The reflectance spectra of water stressed plants absorb less light in the visible and 

more in the NIR regions of the spectrum than plants not experiencing water stress.  

The reflectance of light from plants is measured at varying rates according to the various 

wavelengths or regions of the electromagnetic spectrum. This is being influenced by both 

biochemical content and biophysical structure of the plants (Maracci et al., 1991). The 

reflectance rates measured in the VIS is influenced predominantly by chlorophyll pigment 

while the NIR and SWIR reflectance rates are accounted for by the absorption from liquid 

water in the plant tissues (additional absorption features are related to starch, proteins, 

sugars, lignin and other nutrients) that alter the internal structure of the plant cells (Tong et 
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al., 2004). Therefore, prior knowledge of water status of plants can increase the ability to 

discriminate nutrient stress significantly. For instance, Genc et al. (2013) conducted an 

experiment on plants where reflectance measurements were noted at the red and NIR 

portions before and after irrigation application. The results confirmed a decrease and 

increase in reflectance spectral at respective regions as the water level at field capacity 

increases. The study concluded that water stressed plants absorbed less light in the visible 

and more in the NIR regions of the spectrum than unstressed plants. 

The oxygen-hydrogen (O–H) bonds in water have contributed to the absorptive effect of 

water to energy thereby reflecting little. These regions of high absorption have been 

detected on the electromagnetic spectrum at various wavelengths or centres which include 

the 760 nm, 970 nm, 1200 nm, 1450 nm and 1950 nm (Li, 2006). The transformation of 

measured spectra into first order derivatives of reflectance has greatly enhanced the slopes 

at water-absorption wavebands (de Jong, 1998). These bands located at the 900 nm, 

950 nm and 970 nm wavelengths have had their reflectance correlated positively with leaf 

water content (Danson et al., 1992; Peñuelas et al., 1993). Studies have shown that 

reflectance spectra of green vegetation in the 900-2500 nm region are associated with 

liquid water absorption and are also weakly affected by absorptions from other 

biochemical components. It is possible to investigate the effect of water on nutrient stress 

(nitrogen) through discrimination based on the visible and NIR reflectance of plant leaves 

(Christensen et al., 2005). 

The use of hyperspectral data sets to assess water content in plants is faced with a 

challenge of interpreting such huge and continuous strings of data. The interpretation is 

complicated by the inter-relationships between wavelength variables which have required 

extensive statistical techniques to analyse the data for meaningful information to be 

derived. While some studies made use of the leaf spectral reflectance directly to assess leaf 

water content (Gaussman, 1977; Tucker, 1980; Hunt & Rock, 1989; Marraci et al., 1991), 

others have perform data transformations and developed water indices (Ceccato et al., 

2002; Sims & Gamon, 2003; Govender et al., 2009) to aid in the generation of information 

about the water status in plants.   

6.1.2 Leaf water content and water indices 

Water indices have been developed to evaluate plant water content at both leaf and canopy 

levels over the years with the most frequently used ones being the water band index (WBI) 
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(Peñuelas et al., 1993), normalized difference water index (NDWI) (Gao, 1996; Serrano et 

al., 2000) and recently the shortwave infrared water stress index (SIWSI) (Fensholt & 

Sandholt, 2003). These indices were developed from the combinations of bands or 

wavelengths from the NIR (WBI and NDWI) and the SWIR (SIWSI). However, more 

recently there have been attempts on using the blue, green, red wavelengths or bands (VIS 

region) and the NIR wavelengths in developing indices to estimate vegetation water 

content (Genc et al., 2013). The growing research effort in the use of remote sensing is 

proof that the technology is suitable for assessing water stress in plants. This is 

contributing in the implementation of appropriate management strategies because it 

presents unique advantages of repeatability, accuracy and cost-effectiveness over ground-

based survey methodologies for water stress assessment. 

The bands identified as suitable for water status assessment would not be exactly the same 

for all crops but serve as a guide to band centres for water absorption (Danson et al., 1992; 

Penuelas et al., 1993; Sims & Gamon, 2003; Clevers et al., 2008; Clevers et al., 2010; 

Elsayed et al., 2011; Genc et al., 2013). The minor water-absorption bands which are 

situated around 970 and 1200 nm have proven the ability to provide and or even quantify 

leaf water status in plants more than the major bands of the 1400 and 1900 nm region of 

the electromagnetic spectrum (Clevers et al., 2010).  The spectral indices developed from 

the minor water absorption band centres have also proven feasible (correlation of 0.70 on 

the right slope of 970 nm) in determining foliar water status (de Jong et al., 2014). 

The water band index (WBI) is derived from the ratio of reflectance measured at 950 and 

970 nm (Peñuelas et al., 1993); as well as 900 and 970 nm (Peñuelas et al., 1997). This 

spectral index has been correlated with ground-based measurements of plant water content 

at both the leaf and canopy scales. It is, however, more sensitive to leaf water content than 

the water content of the whole plant. This is advantageous in agricultural applications 

where leaf water content changes more noticeably in response to drought conditions than 

the water content of the entire plant foliage (Champagne et al., 2003).  

The normalised difference water index (NDWI) has been another widely used index for 

monitoring water status of vegetation both through multispectral (Jackson et al., 2004) and 

hyperspectral (Eitel et al., 2006; Elsayed et al., 2011; Winterhalter et al., 2011) remote 

sensing. It is measured by a ratio of difference between the reflectance value at 860 and 

1240 nm wavelengths (Gao, 1996) even though other wavelength ratios have illustrated 

important as a result of crop types or management conditions (Winterhalter et al., 2011). 
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The index is measured of wavelengths both from the NIR region of the electromagnetic 

spectrum and its application in detecting water content has been widely approved 

(Govender et al., 2009).  

The SWIR (1400-2500) has also proven important in leaf water content with the 

identification of the 1550 and 1750 nm (Tucker, 1980). The wavelengths for the various 

water indices using wavelengths from this region have been seen to vary across vegetation 

types where trees and some herbaceous plants showed water stress levels at 1530 and 

1720 nm (Foutry & Baret, 1997) in proximity to Tucker’s results. Some of the 

multispectral sensors have illustrated the importance of the SWIR also to assess water 

content in vegetation (Fensholt & Sandsholt, 2003). 

Hyperspectral remote sensing therefore, is able to provide easy records on the usually 

rapidly occurring water status changes in plants driven by dynamism in immediate 

environmental conditions. Maize is an important field crop that relies on water availability 

to enhance productivity. The available water to the crops is been monitored with the 

remote sensing technology (Elsayed et al., 2011; Winterhalter et al., 2011; Genc et al., 

2013). With the understanding that water status varies across crops and geographical 

locations as a result of varying water budgets, it still remains clearly important too that 

water stress affects crop productivity and thus requires monitoring. The above cited studies 

all obtained different wavelength ratios based on the differing conditions under 

observation. For instance the R940/R960 under well- watered maize plants was observed as 

highly important (Elsayed et al., 2011) and that is quite different from the wavelengths 

cited in another study (Genc et al., 2013).  

This study then seeks to utilise known spectral indices such as NDWI860/1240 and WBI950/970 

together with others developed from selected wavelengths of importance in detecting water 

status to distinguish different water status in maize leaves under field conditions. Firstly, 

the spectral data is resampled to 10 nm and a feature selection is performed to extract 

wavelengths of importance that contribute to the detection of water status in the maize 

leaves using in-situ spectral measurements. Secondly, the selected wavelengths were used 

to develop spectral indices. Lastly, the indices are all used as independent variables for the 

classification of the various water status of the maize leaves while ranking them according 

to importance based on the error size obtained when running the permutations without each 

index. 
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6.2. Materials and methods 

6.2.1 Description of study area 

The fields used for this study were located at the Glen Agricultural College fields in 

Bloemfontein (Free State province of South Africa) with geographical coordinates as 

28°56'45.86" S, 26°19'35.93" E (maize field) and 28°56'53.34" S, 26°19'41.49" E (adjacent 

field). The fields were located about 20 km north of Bloemfontein (Figure 25). The area 

receives long mean annual precipitation of about 600 mm; mean annual maximum and 

minimum temperatures of 25° C and 8° C respectively (Botha et al., 2007). Its summers 

are hot and dry with scarce episodes of rainfall while the winters are frosty and cold. The 

cultivation of crops such as maize is only done once in a summer farming season that 

commences in December through to July. As a result of its sparing rainfall, the growth of 

crops is through irrigation schemes being the flooding systems. 



 

100 

 

Figure 25: Study area showing the maize fields in Glen, Bloemfontein in the 

Mangaung metropolitan municipality (MM) of the Free State province (Insert 

image from GoogleEarth 4/10/2014) 
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6.2.2 Experimental design 

The fields were in proximity to one another and cultivated under the same conditions with 

the same maize cultivar (PAN 6616) on the 15th of January 2014. It was planted under 

irrigation scheme but the amount of water applied could not be measured since the scheme 

was through the flooding system as opposed to the sprinkling system. The flooding system 

does not apply water consistently over the fields, thereby creating variable water 

availabilities to the plants across the fields. In this flooding system, the area located close 

to the water source gets saturated with water before it flows to the other parts of the field. 

Hence, the areas farthest from the water source stay water stressed and in between the two 

areas is an intermediary scenario with limited amounts of water available to the plants 

(Figure 26). 

 

Figure 26: Maize leaves showing the different categories of water status on the 

day of spectral measurements: a is the healthy or unstressed leaves; b is the 

intermediary water stressed leaves; and c is the water stressed maize leaves 
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6.2.3 Spectral measurements and pre-processing of data 

The leaf spectra were collected on the 11th of April 2014 (11-12 weeks after planting) by 

selecting the top-most completely opened leaf. The measurements were taken in the 

morning period between 10 am and 12 noon to avoid the interference from the process of 

evapotranspiration and the difference in water potential between the plants are at their 

greatest (Cleary & Zaerr, 1984). The spectral measurements were done at single leaf-level 

on the adaxial surface of each leaf using the leaf-clip device of the hand-held portable 

PSR-3500 spectroradiometer (©2012 Spectral Evolution, Inc, USA), with the average scan 

time set at 10 (averaged to reduce scanner noise). The leaf-clip was used in this case as a 

result of its direct-contact probe which limits ambient light (Figure 27).  

The portable spectroradiometer consists of the ultraviolet-visible-near infrared (UV-VIS-

NIR) range spectrometer coupled with a calibrated lens foreoptic or fibre optic cable. 

Energy enters the spectrometer from an external illumination source via the lens or SMA 

(Sub-Miniature A) fibre optic cable. The spectroradiometer system operates in the range of 

340-2500 nm. The complete system collects and stores spectral data which is calibrated to 

units of spectral radiance (W/m2/nm/sr) as output (PSR, 2012). The non-destructive 

measurements in the field were obtained on both sides of the midrib but avoiding the 

midrib region. The radiance measurements were calibrated using a white spectralon 

reference panel before scanning the leaves and converted to relative reflectance (%). 
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Figure 27: Use of the PSR-3500 spectroradiometer’s leaf clip to measure maize 

leaf spectra under field conditions 

The data files were downloaded from the Getac system onto the computer. These files 

contained lots of information (including coordinate points, time of acquisition, elevation, 

and others) about each measurement but only the relative reflectance (%) and the 

wavelengths were extracted for this study. The displayed reflectance values against 

wavelengths established reflective curves for the various categories of maize leaf water 

status considered in this study (Figure 28). The use of the leaf clip minimised atmospheric 

interferences, hence minimal cleaning of noise. The sample number for each category of 

water status measured had to be equalised at 20 to avoid the influence of sample size of a 

variable on the others in the algorithm for classification, thereby establishing the total 

number of samples for this study as 60. 
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Figure 28: Leaf spectra for three categories of water status in maize plants (H is 

healthy or unstressed, IWS is intermediary stressed and WS is water stressed) 

The spectra were measured at a total of 1024 wavelengths with a spectral range of 0 to 

4 nm. The distribution of the spectral range across the electromagnetic spectrum (340-

2500 nm) could be categorised into three sections (Figure 29). These sections cut across 

the VIS/NIR, NIR/SWIR and the SWIR. The areas in between these sections are of lower 

spectral range (<1 nm) and could be found at the 973-1002 nm and 1861-1909 nm ranges. 

In order to reduce the number of wavelengths for the algorithm used in statistical analyses 

and reducing redundancy in hyperspectral data, the spectral measurements were resampled 

using a Gaussian model (full-width half-maximum) in the Environment for Visualizing 

Images (ENVI) software (v.4.5, ITT Visual Information Systems, 2008) that resulted into 

217 wavelengths with a 10 nm spectral range. 
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Figure 29: Spectral range of the 1024 wavelengths (PSR-3500) showing regions 

of redundancy 

6.3. Data analysis 

6.3.1 Wavelength selection and development of indices 

Data analysis was performed in RStudio using the random forest (RF) algorithm. The RF is 

an ensemble approach that is capable of performing a divide-and-conquer rule that 

improves performance of data management. This was done through recursive partitioning 

of the data into subsets (trees) known as ntree drawing random subsets of variables known 

as mtry (Breiman, 2001). The RF is a machine learning algorithm that has the potential of 

handling huge data sets of large predictor variable numbers (wavelengths) as oppose to the 

small sample size. In order to assess the impact of a predictor variable, the RF permutation 

of importance measured is biased as the preferential selection of correlated wavelengths 

(Strobl et al., 2007). The biased is adjusted in the conditional random forest (cforest) 

proposed by Strobl et al. (2008).  

Every tree in the classification was constructed using a different bootstrap sample from the 

original data that gets partitioned into smaller subsets or trees that are combined with the 

notion of an ensemble at the nodes. The RF algorithm uses about two thirds (2/3 or 70%) 

of the data as training data set in every bootstrap sample while a third (1/3 or 30%) is the 

test data set and is left out of the construction. The test is used to validate the construction 

where an error estimate is generated for every predictive variable. The error estimate is 



 

106 

known as the out-of-bag (OOB) error and measures the variable of importance in the 

algorithm trough what the error size would be if that particular variable was omitted in the 

permutation. In this study, the ntree were tested by 50s up to 500 and the mtry as  where 

n is the 217 wavelengths. Hence the mtry was 15. 

The top 10 wavelengths as ranked by the OOB errors were selected and used to develop 

the spectral vegetation indices relating to the NDWI (Equation 6). These wavelengths 

were considered as those of most informative to water status in maize leaves under field 

conditions. 

Equation 6: Normalised difference water index (NDWI) 

          Equation 6 

 

6.3.2 Assessment of maize foliar water status with spectral indices 

The combined RF and partial least squares (PLS) were used for the predictive 

classification of the water status of the maize leaves. The RF+PLS algorithm was 

introduced by Boulesteix et al. (2008) and has the pre-validation idea that is based on 

cross-validation to avoid over-fitting embedded within the data set. It is fast and flexible in 

performing analysis of such huge data sets. The PLS has been found to produce 

satisfactory predictions with precision in vegetation studies (Zhang et al., 2012). 

The bootstrap option of the RF+PLS is used that splits the data set of the developed 

indices. A total of 23 indices (independent variables) and a sample size of 20 for each of 

the three water classes or status (H, IWS and WS). Therefore, the total number of samples 

was 60 and utilized in the RF+PLS algorithm. The bootstrapping splits data into training 

and test data sets of two thirds (2/3) and a third (1/3) size respectively. The train data set is 

used to construct and predict with the algorithm while the test is used to confirm predicted 

values into the various classes. The overall accuracy and individual producer’s as well as 

user’s accuracies were used to validate results of the classification. This was done through 

summarizing the 100 iterations performed per ntree to derive accuracies in percentages 

(%). For data sets having n≤30, the minsplit parameter which controls the minimal size of 

nodes to be split within the bootstrap of the algorithm was defined as 4 (Boulesteix et al., 

2008). 
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The OOB is used to get a running adjusted biased estimate of the classification error as 

trees are added to the forest. This was applied in the RF+PLS algorithm to get estimates of 

index importance in the classification of the water status of maize leaves. In other words 

the OOB is obtained by comparing how much the error estimate increases when a variable 

is permuted while all other variables are left unchanged (Archer & Kimes, 2008). For the 

RF+PLS, the ntree were tested at 50s up to 500 with an mtry of 5 (for the indices √23). 

6.4. Results and discussion 

The collected spectra for the water stressed and unstressed plants plotted against the 

wavelengths showed a distinction at the visible, NIR and SWIR regions of the 

electromagnetic spectrum (Figure 30). The difference in the visible region for the water 

stressed spectra measured more reflectance and is explained by the reduced chlorophyll 

content resulting from water deficiency that accounts for most of the absorption in this 

region. The photosynthetic efficiency of vegetation relates to the concentration of 

chlorophyll in the leaves which then influences the spectral features in the visible region of 

the spectrum (Graeff & Claupein, 2007; Genc et al., 2013). Hence, the wavebands of the 

visible region are not directly related to water stress in vegetation but do indirectly.  

The alteration in the leaf structure also accounts for the visualised difference around the 

NIR region. This is as a result of the deficiency in liquid water within the plant tissues as 

explained by Canny and Huang (2006). 

The important plant biochemical component required for the photosynthetic process that 

accounts for plant growth is chlorophyll. The chlorophyll pigment greatly influences the 

response to light energy by plant tissues (Curran et al., 1992). This pigment performs its 

required function of photosynthesis in plants at the availability of water (Gaussman, 1977). 

Hence, the relationship between water content, chlorophyll concentration and plant growth 

rate is inseparable. Monitoring of water status in plants together with the chlorophyll 

concentration could be used as an indirect indicator for plant growth rate. A deficiency in 

water supply and low chlorophyll concentration in plants could then serve as stress 

indicators on plants. 

Water stress or deficiency is a growth limiting factor in crops since it leads to changes in 

the chemical-pigment concentrations, affects cell structure of plant tissues and subsequent 

leaf area. These alterations in leaf structure are caused by the changing properties of 

connections between air spaces and cell walls as well as their composition (Elsayed et al., 
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2011). Hence, water stress could be linked through causing a decrease in chlorophyll 

content to degrading the process of photosynthesis and altering the leaf structure (Elsayed 

et al., 2011). 

 
 

Figure 30: Spectra of water unstressed (healthy) and water stressed maize 

leaves under field conditions 

When the three categories of water status in maize plants through their foliar spectral 

measurements were combined, the results showed a similar pattern as that illustrated by the 

healthy and water stressed scenarios. However, in this case the intermediary water status 

was in between the healthy and water stressed maize leaves (Figure 28). The top 10 

wavelengths as ranked by their OOB error through the cforest function were located in the 

various regions of the electromagnetic spectrum (Figure 31). 
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Figure 31: Wavelength selection for maize leaf water status and regions of the 

electromagnetic spectrum 

The combined algorithm of RF+PLS for the water indices produced an overall accuracy of 

70±1.2% in distinguishing the different water stress levels for maize leaves under field 

conditions. The individual water stress categories obtained good producer’s and user’s 

accuracies (PA and UA) as follows: healthy, intermediary water stressed and water 

stressed of 63%, 94% and 65% for PA, and 73%, 76% and 71% for UA respectively. 

Previous studies realized only the NIR and SWIR regions to be important in leaf water 

content assessment (Ceccato et al., 2001; Ceccato et al., 2002). In some recent studies the 

VIS region was also identified as important in water status assessment (Graeff & Claupein, 

2007; Genc et al., 2013). The detection of leaf water content in the VIS/NIR regions 

linking it to chlorophyll and nitrogen status was recently assessed and approved (Zhang et 

al., 2012). In another more recent study to establish wavelengths for the differentiation of 

various water levels in maize plants, the reflectance in the red region decreased and there 

was an increase in the NIR region. It established therefore that water stress could be 

detected by looking at the difference between the higher reflectance values obtained at the 

red region in comparison to the lower values at the NIR when the plant is not water 

stressed (Genc et al., 2013). The study reaffirmed the importance of the VIS region in 

water status detection in plants (Figure 31). Therefore, water stress in crops has the 

potential of disturbing the proper functioning of the process of photosynthesis. 
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The red edge region has also proven important in the detection of plant water content using 

spectral reflectance (Figure 31). For instance Liu et al. (2004) realized that the relationship 

between some of the known indices (WBI950/970 and NDWI860/1240) and the leaf water 

content for wheat was actually less significant but highly significant when the red edge 

position (680 – 740 nm) was compared with it. Graeff and Claupein (2007) discovered 

wavelength ratios of 510/780 nm and 540/780 nm as suitable in detecting water content in 

wheat grown under controlled conditions. Winterhalter et al. (2011) also identified the 

spectral indices from the VIS region (R440/R685; R525/R685; R600/R680 and R630/R680) as 

highly significant in assessing relative water content in maize at pot levels and while at 

canopy level the significant index was the NDWI840/1650. 

The variable of importance ranked the indices according to their contribution in 

distinguishing maize water leaf status through a measure of their OOB error. The results 

obtained indicated the NDWI860-1240 as an important index for the monitoring of water 

stress levels in maize plants under field conditions (Figure 32). Other indices of importance 

as ranked at second and third position by the cforest included NDWI1700-1530; NDWI1530-

1360. The WBI950-970 did not perform well in the monitoring of water stress levels in maize 

leaves under field conditions as proven by the variable importance results. 

 

Figure 32: Selected indices for water stress level detection in maize 
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6.5. Conclusion 

The wavelengths of importance extracted as relevant in the assessment of maize leaf water 

status were actually located across the entire electromagnetic spectrum with a majority of 

them around the NIR and SWIR transition area (1300 and 1700 nm). The red edge region 

did not show strong importance in the assessment of leaf water content of maize plants 

under field conditions. The few wavelengths in the VIS could be accounted for by the 

influence that plant water content has on the chlorophyll concentration. The minor and 

major water absorption regions around the NIR and SWIR showed stronger importance.  

The developed indices from the selected wavelengths in combination to the known water 

indices (WBI950-970 and NDWI860-1240) showed a successful prediction and classification of 

the leaf water status in the maize leaves under field conditions. The RF+PLS algorithm 

resulted in an OA of 70±1.2%. The indices of importance extracted included the NDWI 

(NDWI860-1240; and other related ones as NDWI1700-1530; NDWI1530-1360). Therefore, 

spectroscopy could be used to assess the leaf water status of maize plants grown under 

field conditions. There is also the potential to upscale the monitoring of water status across 

a field using a space-borne sensor such as Hyperion data. 

Further research is required to be able to predict specific quantities of water in the leaf 

through well structured experiments. These experiments would control water applications 

to the plants and aid with the calculation of relative water content in the maize leaves 

through laboratory measurements that are required as ground-truth data. 
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CHAPTER SEVEN 

This chapter dwells on the assessment of multispectral data set such as SPOT 5 in 

predicting maize grain yields through spectral vegetation indices that measure the vigour of 

the crops in a random forest regression algorithm. The various developed spectral indices 

were subjected to ranking according to importance through their error values in every 

permutation. The most important spectral indices were then used in the regression 

algorithm with the results validated by the actual measured yields (dry weight in tha-1). 



 

113 

7. ESTIMATION OF MAIZE GRAIN YIELD USING 

MULTISPECTRAL SATELLITE DATA SETS (SPOT 5) AND 

THE RANDOM FOREST ALGORITHM  

This chapter is based on6  

ABSTRACT 

Crop yield estimation is a very important aspect in food production as it provides 

information to policy and decision makers that can guide food supply not only to a nation 

but also influence its import and export dynamics. It is vital to engage tools for estimating 

crop yields that are reliable, accurate and timely over vast agricultural fields. Remote 

sensing has the ability to provide the given tool for crop yield predictions before 

harvesting. This study utilised canopy reflectance from a multispectral sensor to develop 

vegetation indices that serve as input variables into an empirical pre-harvest maize (Zea 

mays) yield prediction model in the north eastern section in Free State province of South 

Africa. Selected fields in this region grown of maize under rain-fed conditions were 

monitored and the grain harvested after 7-8 months with actual yields measured. The 

acquisition of suitable high resolution SPOT 5 images over this area in 2012 was in March 

and June months before the grains were harvested. A number of spectral indices were 

developed from the SPOT 5 images using the visible and near infrared bands. The 

converted values from the images of the spectral indices were independent variables for 

the predictive model. Through the random forest algorithm predictive models, maize grain 

yields were estimated successfully with an R2 of 0.92 (RMSEP = 0.11, MBE = -0.08) for 

the Agnes field and for Cairo the R2 was 0.9 (RMSEP = 0.03, MBE = 0.004) from the 

March images. These results were produced by the SAVI and NDVI respectively for both 

fields. It was therefore evident that the predictive model applied in this study was site 

specific and would be interesting to be tested for other maize cultivars as well as testing 

for an optimal period during the plant life cycle to predict grain yields of maize in South 

Africa. 

KEYWORDS: maize, non-linear regressions, prediction, random forest, spectral indices, 

SPOT 5, variable importance, yield 

                                                 
6 Ngie, A. and F. Ahmed (In preparation): maize grain yield estimation using SPOT 5 and the Random Forest 

algorithm. 
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7.1. Introduction 

7.1.1 Background to study 

Crop yield prediction is production estimates that are made a couple of months or weeks 

depending on the crop before the actual harvest. This is frequently done through computer 

programmes that utilize agro-meteorological data, soil data, remotely sensed and 

agricultural statistics to describe quantitatively the plant-environment interactions (Zere et 

al., 2004). In some instances, meteorological data is included to run some of the yield 

models. The meteorological data is usually generated from weather stations and cover a 

given area. Hence, crop yield can be described as involving the effect of biotic and abiotic 

factors cumulatively which could however vary not just across fields but among fields and 

seasons alike (Bullock, 2004) 

Crop phenology is fundamental to crop management, where timing of management 

practices is increasingly based on stages of crop development (Pinter et al., 2003). Plant 

development (phenology) is influenced by a variety of factors such as available soil 

moisture, date of planting, air temperature, day length, soil conditions and nutrients. These 

factors therefore also influence the plant’s condition and productivity (Nellis et al., 2009).  

Crop growth models are described as those which simulate biophysical processes in the 

soil-crop-atmospheric system to provide a continuous description of growth and 

development of a crop (Rojas, 2007). Combining such growth models with input 

parameters derived from remotely sensed data provides spatial integrity. These models can 

also be known as agro-meteorological which introduce information about solar radiation, 

temperature, air humidity, and soil water availability, while the spectral component 

introduces information about crop management, varieties and stresses (Rojas, 2007).  

Crop yield estimations/predictions have been quantified through conventional methods 

based on ground reports involving agronomic as well as meteorological parameters 

(Duncan et al., 1973) and modelled (Muchow et al., 1990; Löffler et al., 2005; Soler et al., 

2007; Grassini et al., 2009). These predictions have been proven to support decision 

making and planning of food demand/supply at both local as well as global levels 

(Doraiswamy et al., 2004; Li et al., 2007). The various methods applied to determine these 

estimates are not without shortfalls. The traditional methods which implement direct field 
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surveys are considered to be labour intensive and could result in unreliable estimates. 

Those that have incorporated some of the abiotic factors such as weather data are 

challenged by the spatial distribution of weather stations (Doraiswamy et al., 2003; Kogan 

et al., 2005).  

There has been research attempts to improve these limitations in order to extend the ap-

plications of these models. These methods again turn to be time-consuming and could not 

consider yield variations over a field, therefore are prone to large errors due to incomplete 

ground observations, leading to poor crop yield assessment and crop area estimations 

(Reynolds & Yittayew, 2000; Sau et al., 2004). In the light of these limitations, remote 

sensing methods were introduced (Mo et al., 2005). While the remote sensing methods 

seemed to have responded to the above challenges, they were not without problems among 

which availability of suitable satellite data is enlisted. These challenges have led to the 

continuous seeking of improvements in yield estimation through either repeated 

application of already existing methods in different fields with different satellite data and 

crop types (Ngie et al., 2014). 

Crop growth models are considered complete models since they consider the effects of 

both biomass and water parameters with others such as nutrients, cultivar types or leaf 

structure (agricultural science details), and run over large areas. These models are 

challenged by high cost to obtain all the required parameters and are time consuming. 

Some of the methods will require calibration for a given area where it is being applied such 

as statistical models which are also limited over large areas. These challenges could be 

minimised by implementing another useful paradigm for modelling crop yield with remote 

sensing as derived from Monteith (1972). This uses biomass to estimate crop yield (Gallo 

et al., 1985). 

7.1.2 The remote sensing approach to crop yield prediction 

Remote sensors measure the reflectance from vegetation which is guided by the absorption 

strength of chlorophyll in the visible region while emitting thermal solar radiation. Since 

chlorophyll concentration determines the health or vigour state of vegetation, it could be 

used to assess the productivity thereof (Lillesand et al., 2008). Hence, high chlorophyll 

concentration can only translate to high solar energy absorption with little reflected back 

and vice versa. Meanwhile for the NIR region, the reflectance measured is influenced by 

the internal structure of the leaf which can be linked to its water status (turgidity). In 
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healthy vegetation, the reflectance at this region is lesser than for an unhealthy or water 

stressed vegetation due to light scattering. These two regions have been used to develop 

one of the widely used vegetation index known as the normalized difference vegetation 

index (NDVI) that measures the state of vegetation (Rouse et al., 1974). NDVI is higher in 

healthy plants and lower in unhealthy plants (Kogan et al., 2005). 

In addition to the remote sensing capability to provide spectral information on the 

biochemical and biophysical characteristics of crops, is the provision of this information in 

almost real-time relating to the health condition of the crops and eventually yield (Singh et 

al., 2002; Thenkabail, 2003). It can estimate crop yields at local as well as at regional 

levels (Doraiswamy et al., 2005) thereby covering large spatial extent and its archival data 

could be used in prediction models while using the actual yields in validation (Lobell et al., 

2005). 

Satellite remotely sensed data provide a real-time assessment of the magnitude and 

variation of crop condition parameters such as NDVI, biomass, leaf area index (LAI), etc. 

This technique of generating crop data is capable of providing certain characteristics and a 

real-time snapshot of conditional changes in crops as affected by nutrient status and/or 

weather related events. NDVI has been proven to be regulated by changes in the levels of 

chlorophyll content, green biomass and water stress. Hence through simple regression 

analysis, NDVI is related to crop yields (Li et al. 2007). 

There are empirical models which relate directly the crop yield to the satellite data or 

derived parameters in the form of spectral vegetation indices. The spectral vegetation 

indices have been proven to be useful in explaining crop yield variability which can then 

be available as input in yield forecasting models (Diker & Bausch, 2003) (Table 11). There 

has been the development of more vegetative spectral indices using the reflectance from 

the visible and NIR regions of the electromagnetic spectrum. These indices are also being 

related to crop yield through statistical analysis (Baez-Gonzalez et al., 2002; Baez-

Gonzalez et al., 2005). Panda et al. (2010) in optimizing the use of vegetation indices to 

predict maize yields in irrigated fields used four prominent indices viz NDVI and green 

vegetation index (GVI) (slope based indices) for the vegetation vigour and, soil adjusted 

vegetation index (SAVI) and perpendicular vegetation index (PVI) that are distance-based 

indices. Through the use of canopy reflectance to developed band ratios in the form of 

spectral vegetation indices with leaf area index (LAI), remotely sensed pre-harvest 

empirical yield prediction models for crops have been generated and applied with the noted 
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saturation limitation of these indices at an advanced vegetative stage (Pontailler et al., 

2003; Noureldin et al., 2013). 

In recent years remotely sensed data has proven worthy through its extracted spectral 

information to give information that relates statistically to crop yields and mapping of the 

spatial variability across regions as well as fields (Sun, 2000; Li et al., 2007). The 

frequently researched field crops have included wheat (Singh et al., 2002; Thenkabail, 

2003; Bullock, 2004; Kastens et al., 2005; Ren et al., 2008), rice (Casanova et al., 1998; 

Noureldin et al., 2013), soybeans (Kastens et al., 2005; Li et al., 2007; Sakamoto et al., 

2010) and maize (Lewis et al., 1998; Shanahan et al., 2001; Baez-Gonzalez et al., 2002; 

Ferencz et al., 2004; Baez-Gonzalez et al., 2005; Kastens et al., 2005; Kogan et al., 2005; 

Mkhabela et al., 2005; Li et al., 2007; Inman et al., 2007; Salazar et al., 2008; Panda et al., 

2010; Bognár et al., 2011). Most of these studies made used of the NDVI generated from 

the coarse resolution sensors such as the Advanced Very High Resolution Radiometer 

(AVHRR) and the Moderate Resolution Imaging Spectroradiometer (MODIS) to model 

yields. The use of these sensors was instrumental since the research focus was mostly at 

regional or county levels (Table 11). Among the above cited studies, only Singh et al. 

(2002) and Thenkabail (2003) worked on wheat fields at local levels and for the maize, 

only Inman et al. (2007) used a handheld sensor to collect remotely sensed data at field 

level for yield estimation. 

Most of the studies have also relied on simple and multiple linear regression models in 

estimating yields. While the linear models have been critiqued for assuming a linear 

relationship between the spectral inputs derived from remotely sensed data and actual 

yields which has not always been the case, the application of artificial neural network 

models have been applied as well (Drummond et al., 2003; Uno et al., 2005; Li et al., 

2007; Panda et al., 2010). 

The use of remote sensing to estimate biological crop yields is being explored in many 

countries such as the United States, China and India, and likely will become the keystone 

of agricultural statistics in the future (Zhao et al., 2007). The fact that crop productivity 

vary greatly across climatic regions since it depends on agroclimatic conditions, the 

application of remote sensing in this field would be necessary to show the differences. The 

variability of these conditions warrants models to be developed based on the conditions of 

different areas where the crops are planted. Moreover, there is room to improve on 

methodologies and principles such as applying non-linear statistical algorithms. 
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Table 11: Summary of studies on maize yield estimates using remotely sensed 

data through statistical analysis 

Scale of 

study 
Sensor Method Accuracy Reference 

Regional 

and local 

scale 

Lantsat MSS, TM 

and NOAA 

AVHRR 

Regression analysis 

between VI 
R2 of 0.75 

Ferencz et 

al., (2004) 

Regional-

Burkina 

Faso 

NOAA-AVHRR 
simple and multiple 

linear regressions 
R2 of 0.87 

Groten 

(1993) 

Regional-

Zimbabwe 

ENSO 

climatology 
Regression analysis R of 0.78, n=23 

Cane et al. 

(1994), 

Regional-

US Corn 

belt 

NOAA- AVHRR Analysis of variance Over 50% in variance 

Hayas and 

Decker, 

(1996) 

Regional-

Kenya 
NOAA-AVHRR 

Regression analysis 

between VI and corn 

yields 

R of 0.61 n= 81 
Lewis et al., 

(1998) 

Regional- 

Mexico 
NOAA-AVHRR Analysis of variance 

89% variability in 

yields in irrigated and 

76% in non-irrigated 

conditions 

Baez-

Gonzalez et 

al., (2002) 

Regional-

Mexico 

(corn-

producing 

zone) 

NOAA AVHRR-

NDVI, LAI and 

Degree days 

(DD) 

linear regression 

models 

R2 of  values ranging 

from 0.86 to 0.99 for 

NDVI:LAI and for 

DD R2 of 0.97 

Soria-Ruíz 

and 

Fernández-

Ordoñez, 

(2003) 

Sinaloa, 

Mexico 

Landsat ETM+ 

data 

an LAI-based yield 

model 
average error -9.2% 

Baez-

Gonzalez et 

al., (2005) 

Regional-

USA (8 

regions) 

NOAA AVHRR 

yield-correlation 

masking and crop-

correlation, Regression 

models between VI and 

corn yields 

RMSE of 31 to 17 
Kastens et 

al., (2005) 

Regional- 

China 
NOAA AVHRR 

Correlations between 

techonology-related 

and weather-related 

yield trends 

Errors of estimation 

are 7-10%. 

Kogan et al., 

(2005) 

Local- two 

irrigated 

fields in 

Colorado 

GreenSeekerTM 

hand-held active 

sensor 

Linear, Quadratic,  and 

non-linear exponential, 

non-linear logarithmic 

regression models 

Linear  regression 

was more suitable 

with R2 of 0.90 for 

specific years but for 

combined R2 of 0.65 

Inman et al., 

(2007) 
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Regional 
AVHRR and 

MODIS 

multivariate linear 

regression (MLR) 

Model and Neural 

networks 

Estimation error of 

15% 

Li et al., 

(2007) 

Local 

(irrigation 

plot) 

Aerial image 

Back-propagation 

Neural Network 

(BPNN) models 

R2 of 0.72 and 

standard error of 

prediction of 0.05 

t/ha 

Panda et al., 

(2010) 

Regional-

Hungary 
NOAA AVHRR 

Double-Gaussian curve 

fitting and GYURRI 

index calculation 

5% reliability with 

respect to the actual 

yield 

Bognár et 

al., (2011) 

Regional-

Kansa 

(USA) 

NOAA AVHRR 

Correlations between 

Vegetation health 

indices and actual corn 

yield 

Estimation error of 

3% 

Kogan et al., 

(2012) 

 

Maize is among the highly sensitive crops to extreme temperatures exceeding 30° C and 

inconsistent rainfall for rain-fed fields could account for severe losses in yields of about 

1% decrease from optimal (drought-free) with every 1° C increase during the growing 

season within the African region (Lobell et al., 2011). The temperature thresholds may 

vary across climatic regions but the sensitivity concept remains a vital issue to look out for 

in ensuring food security. With South Africa being among the top ten maize producers in 

the world and a major player on the African continent, it is necessary to monitor its 

productivity through quick and reliable methods such as remote sensing most especially 

the medium resolution SPOT 5 images provided by the South African Space Agency. This 

study also sets out to test a non-linear statistical method in analysing canopy reflectance 

values for precise or fairly accurate prediction of maize grains models for crops grown 

under field conditions. 

7.2. Materials and methods 

7.2.1 Description of study area 

The fields cultivated under maize in the 2012 farming season by the farmer with whom a 

collaboration was reached were around Sasolburg and Parys wherein the latter is the major 

town in the Metsimaholo local municipality (Metsimaholo LM) and the former is of the 

Ngwathe local municipality (Ngwathe LM), all in the north eastern section of the Free 

State province of South Africa (Figure 33). However, the selected fields for this study 

where access was granted by the farmer were located within the Ngwathe local 
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municipality (Figure 33). This area is located within the “Maize Triangle” of South Africa 

that is seated within two other provinces being the North West and Gauteng. 

 

Figure 33: Map of study farms Cairo and Agnes within the local municipalities 

(LM) in the Free State province of South Africa. The maize fields indicated here 

were only those cultivated by the farmer (Mr Jaap van der Westhuizen) with 
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whom the candidate collaborated with and who made the information available 

for this study (Insert image from GoogleEarth 8/5/2014) 

The annual rainfall of the Sasolburg area is about 550 mm which is slightly higher than 

that for the Parys area and is predominantly in summer (October to March) with maximum 

rainfall month being January (103 mm) and minimum being July (0 mm). While daily 

temperatures might rise to a maximum of 27° C in the summer months, the minimum daily 

temperatures can drop below 0° C in winter months (June-July) (SA Explorer, 2015). 

7.2.2 Satellite image acquisition and pre-processing 

The Satellite Pour l’Observation de la Terre (SPOT) 5 L3 data set of path/row 133/404 

acquired in March and June 2012 was obtained from the fundisa disc provided to 

universities by the South African National Space Agency (SANSA). The data was ortho-

corrected and ready for use after projecting into the Universal Transverse Mercator (UTM) 

Zone 35 South and World Geodetic System 1984 (WGS84) coordinate system. The 

multispectral digital imagery has a 10 m pixel value with the green band range of 500 - 

590 nm, red band range of 610 - 680 nm, near infrared (NIR) band range of 780 - 890 nm 

and the shortwave infrared (SWIR) band range of 1.58 -1.75 nm. The green and red bands 

make up the visible region of the electromagnetic spectrum for this sensor. For this study, 

the interest was with the visible and NIR bands which are vital in measuring the vigour or 

photosynthetic capacity of the plants. 

7.2.3 Field data acquisition 

Field visits were conducted firstly to ascertain accessibility to farms with proper harvesting 

systems that record the yields across the fields. Secondly, the visits to the selected fields 

were to ascertain the conditions of the plants as well as the plots. The fields were planted 

with maize and treated under the normal field conditions for maximal production as 

marketed by the seed company. After maturity, the plants were left on the field to lose over 

90% of its moisture to enable grain harvest and storage. The fields were harvested using a 

combine harvester that recorded the grain weight per hectare within 20 m X 20 m ranges at 

(kg/ha) (Figure 34). The harvester has an onboard system with a GPS and records the 

coordinates of the plots against the dry weight of the harvested grain (Table 12). 
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Figure 34: Combine harvester showing recording system onboard during 

harvest (Photos by candidate on harvest day) 

In order to avoid the effects from the field boundaries, only plots that were completely 

within the fields were selected for the extraction of reflectance values from the developed 

indices (Thenkabail, 2003). The demarcated polygons were comprised of 8 X 8 pixels each 

to correspond with the harvest area of 20 m X 20 m plots. The reflectance value from the 

polygons was an average of the 64 pixels and the value per polygon served as sample 

observation (n) for the yield prediction models. The sampling of plots across the field was 

crucial since spatial variability was evident and replicates at other locations were 

considered based on the actual yield provided by the farmer after harvest. 
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Table 12: Maize yield data as recorded from the combine harvester (part of 

Agnes field_2012) 

ID X Y 
Dry yield 

(kg) 
Clip ID Area (ha) 

102 27.80160124 -27.03820918 4502.1075 1 0.0398 

170 27.80160124 -27.03802952 4573.1350 2 0.0398 

171 27.80180296 -27.03802952 4004.2738 3 0.0398 

237 27.80139951 -27.03784987 3510.8237 4 0.0398 

238 27.80160124 -27.03784987 4348.9756 5 0.0398 

239 27.80180296 -27.03784987 3522.3289 6 0.0398 

240 27.80200469 -27.03784987 3381.7929 7 0.0398 

304 27.80119779 -27.03767021 3271.4616 8 0.0398 

305 27.80139951 -27.03767021 4048.6253 9 0.0398 

306 27.80160124 -27.03767021 4250.3529 10 0.0398 

7.3. Data analysis 

7.3.1 Spectral vegetation indices 

The principal reason for using spectral vegetation indices in crop studies has been to 

compensate the effects of factors of disturbance between the spectral reflectance measured 

from the vegetation and its characteristics such as canopy biomass or vegetation type 

(Bouman, 1995). The indices obtained from optical sensors have been valuable in crop 

production estimates through leaf interception media such as the LAI (Tucker, 1979). The 

main index from which this interception medium is derived is the NDVI thereby making it 

a building block towards crop yield estimation using remote sensing. However, this 

relationship between the NDVI and the LAI is not without vices as it saturates with the 

plant full canopy cover (Pontailler et al., 2003). 

The application of remotely sensed data in crop yield estimation is through the 

incorporation of spectral information as variable inputs into the models. The incorporation 

could either be directly or indirectly through vegetation indices to correlate the spectral 

information to yields in regression models (Yang et al., 2004). Other studies have used 

multiple linear regressions to model spectral vegetation indices such as NDVI and crop 

yields (Li et al., 2007). Another method of incorporation could be through the estimation 
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of crop parameters such as biomass and LAI to calibrate mechanistic crop growth models 

(Rojas, 2007). 

Table 13: Spectral vegetation indices used in this study 

Index acronym Name and Description Formula Reference 

NDVI 

Normalised difference index: 

related to changes in amount of 

green biomass: pigment content 

and water stress 

(RNIR–

RRED)/(RNIR+RRED) 

Rouse et al., 

(1974) 

 

TNDVI 

Transformed normalised 

difference index relates to the 

green leaf material or 

photosynthetically 

active biomass in the plant 

canopy 

(NDVI+ 0.5)1/2 Tucker (1979) 

RDVI 

Re-normalised difference 

vegetation index is used to  

linearise relationships between 

the index and surface parameters 

that tend to be nonlinear 

(RNIR –RRED)/(RNIR 

+RRED)1/2 

Roujean and 

Breon (1995) 

 

SR 

Simple ratio which relates to 

changes in the amount of green 

biomass, pigment content as well 

as leaf water stress 

RNIR /RRED 

Rouse et al. 

(1974) 

 

Sqrt SR 

Square root of simple ratio that 

relates primarily to the green leaf 

area or biomass 

(RNIR /RRED)1/2 
Tucker (1979) 

 

MSR 

Modified simple ratio that de-

linearises relationships between 

the index and biophysical 

parameters 

(RNIR/RRED-

1)/(RNIR/RRED)1/2+ 1 

Chen (1996) 

 

GVI or 

NDVIgreen or 

GNDVI 

Green vegetation index which 

determines nitrogen influences 

from the green colour of the leaf 

through green reflectance 

(RNIR–

RGREEN)/(RNIR+RGREE

N) 

Gitelson et al. 

(1996) 

 

GRDI 

Green red difference index which 

is the visible light normalised 

index and can relate to plant 

pigment content 

(RGREEN–

RRED)/(RGREEN+RRED) 

Gianelle and 

Vescovo (2007) 

 

VI 

Vegetation index is sensitive to 

the green leaf material or the 

photosynthetically active biomass 

in plant canopy 

RNIR–RRED 
Tucker (1979) 
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GDI 

Green difference index which is a 

non-normalised index. Could 

therefore be used 

when the impact of factors such 

as slope and aspect is not 

pronounced 

RNIR+RRED+RGREEN 

Gianelle and 

Vescovo (2007) 

 

SAVI 

Soil adjusted vegetation index is 

used to reduce soil brightness in 

vegetation reflectance 

(RNIR+RRED)(1+L7) 

(RNIR+RRED+L) 

 

Huete (1988) 

 

 
Spectral vegetation indices that measured the vigour of the maize plants were developed 

from the visible and near infrared reflectance values (Table 13). With some disturbing 

factors such as soil background to measured reflectance, other distance-based vegetation 

indices were included for this analysis such as SAVI (Huete, 1988). The index has the 

ability to completely cancel or reduce the effect of soil brightness wherever pixels have a 

combination of soil and vegetation reflectance (Huete & Jackson, 1988). It is a calibration 

factor in the NDVI equation that accounts for the first order soil-vegetation optical 

interactions and its potential has been successfully proven (Huete, 1988). 

All the spectral vegetation index images were created in the Environment for Visualizing 

Images (ENVI) software (v. 5.0, ITT Visual Information Systems, 2012) had the various 

areas of interest (AOI) that served as the plots converted to ASCII files. The exported 

ASCII files were opened in Microsoft Excel and prepared for export as CSV files that were 

imported into the R environment for statistical analyses. 

7.3.2 Random forest algorithm 

In order to understand the contribution of different vegetation spectral indices in predicting 

yields for different crops, it is vital to run a number of them as input into a model and 

measure their relevance. The different spectral indices are responsible for different crop 

characteristics (Table 13) which are important for crop growth but might not contribute the 

same in the prediction model for crop yields. The other challenge of developing these 

models is to avoid the over-fitting problem that occurs as a result of fewer field samples as 

opposed to a large number of input variables in a regression model. The over-fitting 

problem leads to model instability and needs to be overcome by generating quite a number 

of field samples (plots) (Faber & Rajko, 2007). However, statistical methods have been 

                                                 
7 L is a canopy background adjustment factor (a correlation factor for soil line between red and near infrared 

reflectance) set at 0.5 in this study. 



 

126 

commonly used that can select efficiently a few variable inputs into regression models 

avoiding the logistical challenges of getting to the field for the selection. One of the recent 

methods to handling this challenge is the random forest (RF) algorithm. 

The RF is a machine learning algorithm that is capable of performing both the non-linear 

regressions with the variable selection at the same time (Breiman, 2001). The robustness of 

the RF causes it to fit against the challenge of over-fitting (Prasad et al., 2006; Palmer et 

al., 2007). Hence the RF was used to develop the yield prediction models for maize grains 

with the different vegetation spectral indices. The analyses were done in RStudio which is 

an open source integrated development environment (IDE) for R ((RStudio Inc. v. 

0.98.507, 2009-2013), 2015). 

Through bootstrapping the RF regression algorithm randomly divides the original data set 

into the two third (2/3) training sample and one third (1/3) testing sample. There was a 

variation of the ntree and mtry parameters accordingly. Liaw and Weiner (2002) in their 

study recommended the optimum number of mtry to be defined by one third of the total 

number of the input variables (32 for Agnes and 36 for Cairo). Meanwhile the ntree was 

regularised through the model for selection from 500 up to 2500 at 500 intervals (Prasad et 

al., 2006). The algorithm was performed for each growth stage (March and June) for the 

two fields being calibrated on training sample, n = 64 for Agnes field;  n = 72 for Cairo 

and testing sample with n = 32 for the Agnes; n = 36 for Cairo fields. The same sample 

plots were used for both the March and June sample dates or growth stages of the maize 

plants. 

7.3.3 Selection of variables (vegetation indices) 

The RF algorithm also has the ability to calculate variable importance (varimp) (Breiman, 

2001). This function has been critiqued for its bias nature of selecting variables (Strobl et 

al., 2007) which would be able to extract relevant indices to maize yield prediction. The 

conditional forest (cforest) has been proposed for such variable selection analysis. The 

cforest function reduces the level of biased selection of variables in individual 

classification trees unlike the variable selection embedded in the original RF by Breiman 

(2001) (Strobl et al., 2008; Strobl et al., 2009). The cforest is able to be included within the 

development of the regression script for the RF algorithm to run simultaneously. 

The RF ensemble uses the out-of-bag (OOB) error estimation to rank variables and is 

derived by predicting the data that are in each tree being considered (error of prediction). 
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In order to estimate the OOB error for each variable in the tree, a calculation of the 

difference in mean square error between the data used to develop regression trees and the 

OOB data is performed. The comparison of the OOB errors to the previous or original ones 

produces values that indicate the importance of the variable. This is explained by how the 

error varies when a variable is permuted and all the other variables left unchanged. Prasad 

et al. (2006) then describes the variable importance as an evaluation of how worse the 

prediction becomes when the data for a variable were randomly permuted. 

For the evaluation of different variables (selected spectral vegetation indices from varimp) 

in the performance of the RF regression algorithms, the predicted and actual or measured 

maize yields were related in one-to-one sets. During the relationship match, the coefficient 

of determination (R2), root mean squared error of prediction (RMSEP) and the mean bias 

error (MBE) were calculated for every model run with the selected variables (spectral 

vegetation indices). 

7.4. Results and discussion 

7.4.1 Measured maize yields 

The actual or measured yields of the maize grains from the Agnes and Cairo field for 2012 

harvesting season from the combined harvester were recorded. The descriptive analysis 

indicated the Cairo field more productive with a higher mean yield of 4077.26 kg/ha 

(4.08 t/ha) as opposed to the 3207.1 kg/ha (3.21 t/ha) for the Agnes field (Table 14). 

Table 14: Descriptive statistics of the actual yields (ton/ha) in the study sites 

Description Agnes field Cairo field 

Total Area (ha) 110.45 97.83 

Count (number of quadrants) 2936 2597 

Minimum yield 0.98 2.75 

Maximum yield 4.57 5.46 

Sum 9416.05 10588.64 

Mean 3.21 4.08 

Standard Deviation 0.54 0.52 
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7.4.2 Random forest regression algorithms 

The RF regression algorithms for maize grain yields on the two fields and two growth 

stages running with the allocated sample sizes and parameters gave distinctive results. The 

predictions with the highest coefficient of determination (R2) with lowest root mean 

squared error of calibration (RMSEC) were identified (Table 15). The results obtained here 

involved all the 96 sample plots for Agnes and 108 for the Cairo field. The number of trees 

(ntree) were varied but the subset of input variables (mtry) from which the split is 

calculated was constant (32 or 36 for Agnes or Cairo fields respectively) based on 1/3 the 

total number of samples (n).  

The growth stage in March produced better predictions with higher R2 values (0.79 and 

0.82 for Agnes and Cairo fields respectively). This would have been accounted for by the 

higher chlorophyll content in the maize plants at this stage which also resulted in higher 

spectral vegetation index values that translated into better predictions from the vigour or 

stature point of view of these plants. However, this growth stage could not be conclusively 

made the optimal period for maize yield predictions in the Free State since the monitoring 

was not done throughout the season. 

Table 15: Summary results of the RF prediction models for maize with all 

indices showing validation parameters 

Field Data period ntree mtry R2 RMSEC 

Agnes 

March 

500 32 0.79 4.18 

1000 32 0.35 31.82 

1500 32 0.42 13.38 

2000 32 0.38 29.34 

2500 32 0.27 34.24 

June 

500 32 0.49 8.54 

1000 32 0.23 37.09 

1500 32 0.34 32.09 

2000 32 0.21 38.19 

2500 32 0.18 42.63 

Cairo 

March 

500 36 0.76 3.06 

1000 36 0.82 2.48 

1500 36 0.42 12.35 

2000 36 0.48 8.04 

2500 36 0.39 26.32 

June 

500 36 0.51 10.42 

1000 36 0.47 8.91 

1500 36 0.19 42.83 

2000 36 0.24 36.02 

2500 36 0.19 41.58 
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According to Panda et al. (2010), the mid cropping season of maize was ideal growth stage 

to predict grain yields of the crop in North Dakota. The March period in the Free State also 

corresponded to the mid-cropping season of maize and should account for the better results 

obtained than those from the June images. 

7.4.3 Spectral index of importance selection 

The RF prediction models for maize grain yield including all the developed spectral 

vegetation indices in this study proved successful. However, the contribution of the various 

spectral vegetation indices to the success would have varied according to their 

relationships with the grain productive parameters of the maize plants such as chlorophyll 

content, water content and others. The spectral vegetation indices were input into the 

model as independent variables and in running the variable selection function reported on 

their contribution through the errors of prediction recorded as the OOB error. The results 

once again showed the mid cropping growth stage (March for maize in this region) to be 

the relevant period for assessing crop vigour towards yields. Hence, the indices that relate 

most to chlorophyll concentrations were selected as contributing the most to the error of 

predictions. The selected indices at top three included NDVI, SAVI and GVI (Figure 35; 

Figure 36).  
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Figure 35: The importance of spectral vegetation indices for predicting maize 

grain yield (ton/ha) in the Agnes field (a.) March and (b.) June 

 
The ranking of individual spectral vegetation indices according to their importance in 

predicting maize yield from the March image were recorded (Figure 35). The importance 

of a spectral vegetation index in predicting maize yields seemed to have depended on the 

growth stage or period that the satellite images were acquired. This is proven by the higher 

OOB errors registered by the selected indices in March than for the June images (Figure 35 

and Figure 36). 
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Figure 36: The importance of spectral vegetation indices for predicting maize 

grain yield (ton/ha)in the Cairo field (a.) March and (b.) June 

The selection of the NDVI was in confirmation to its importance in relating the chlorophyll 

concentration to its absorption rate of the red light and reflectance levels in the NIR region 

of the electromagnetic spectrum by healthy plants (Rouse et al., 1974). The GVI was 

among the top three selected indices by the cforest which confirms its importance in maize 

yield estimation as reported in previous studies (Shanahan et al., 2001) where it highly 

correlated with maize grain yields. The relevance of the SAVI in maize yield predictions 

was also confirmation to Panda et al. (2010) where it was considered successful. It should 
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be clear that as the maize plants matured towards harvesting of the grains, soil background 

(Figure 34) had a significant effect on the maize spectral features. Then it accounts for 

identification of the SAVI as an important index to maize yield prediction at such growth 

stage.  

7.4.4 Random forest regression algorithm for maize yields using selected indices 

The results of the selected indices showed marked increase of the R2 values and relatively 

lower RMSEP values as well as the MBE for the corresponding growth stages (Figure 37; 

Figure 38; Figure 39; Figure 40). Once again, results from March images showed 

significantly better results than those from the June images for both fields (Table 16). The 

results could be attributed to the fact that the visible and NIR regions of the 

electromagnetic spectrum mostly relates to the chlorophyll light absorption feature in 

plants. According to Rouse et al. (1974) the concentration of this pigment dictates the 

amount of reflectance measured. With the maize plants being greener in March than in 

June not just because of the distinctive summer and winter seasons but also growth stages 

where March was the vegetative stage and June the reproductive stage. The NDVI which is 

developed from the difference of the region of maximum chlorophyll absorption (red 

region) and the corresponding region of maximum reflectance of incident light (NIR) 

(Equation 3) has proven successful in all maize yield estimation studies applying remote 

sensing (Table 11) and this study was not left out. It proved to be the best out of the indices 

for both growth stages though with varying accuracies as well as the two fields (Table 16). 

The accuracies of predictions obtained for this study however, do vary from previously 

recorded studies (Table 11) which could be accounted for by the different sensors used 

from coarse to medium and to fine resolution satellite images. The choice of the sensor 

also depends on the spatial extent of the study area. In some situation also where the same 

sensor was used, other factors such as soil characteristics, climatic conditions, cultivars 

types and the growth stage at which the yields were predicted varied, thereby causing 

discrepancies in the accuracy. For instance the results of this study which comprised of the 

same cultivar planted under same field conditions and monitored with the same sensor as 

well as dates did not provide the same accuracies in yield estimation. The difference in 

accuracies of R2 0.91 and 0.89 for Agnes and Cairo fields obtained from NDVI in March 

(Figure 37; Figure 39) was however slightly lower and could have been accounted for by 

the different soil nutrient levels at sites. 
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Figure 37: One-to-one relationship between predicted and measured maize 

yields from March images over Agnes using individual selected indices for 

Agnes with (a) = NDVI, (b) = SAVI and (c) = GVI 

The NDVI and SAVI variables performed better in the model than the GVI which has huge 

problems of underestimation and overestimation. The GVI even though resulting with a 

high R2 (over 70%) and a low RMSEP (0.18) over estimated the grain yield at higher 

productivity which could be a challenge to stakeholders requiring the yield information 

(Figure 37 (c)). 
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Figure 38: One-to-one relationship between predicted and measured maize 

yields from June images over Agnes using individual selected indices for Agnes 

(a) = NDVI, (b) = SAVI and (c) = VI 

The June images resulted in maize grain yields that were either underestimating or 

overestimating at both the low and high productivity. The results illustrated that the June 

images could not be used to establish the vigour in the plants since the crops were at an 

advanced stage of maturity. Hence, the model would have required other parameters to 

strengthen its predictive ability. 
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Figure 39: One-to-one relationship between predicted and measured maize 

yields from March images over Cairo using individual selected indices for Cairo 

in March (a) = NDVI, (b.) = SAVI and (c) = GVI 

Once again in the Cairo field, the model was more precise with the NDVI and SAVI 

variables than the GVI which was challenged with overestimation as the productivity 

increased (Figure 39).  
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Figure 40: One-to-one relationship between predicted and measured maize 

yields from June images over Cairo using individual selected indices for Cairo 

(a) = NDVI, (b) = SAVI and (c) = VI 

The Cairo field also experienced a poor performance of the model with variables (indices) 

developed from the June images which could be explained as above with the Agnes field. 

In validating the performance of the regression algorithms in maize grain predictions for 

the selected spectral vegetation indices, there was a general improvement in the accuracies 

from the ones ran from all the indices (Table 16). The evaluation of the accuracies was 
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noted through the lower RMSEP and MBE, and the increased R2 values for both fields as 

well as the growth stages (March and June). 

There was an improvement in the performance of the yield prediction algorithms (Table 

16) that was as a result of using the random forest selection function to identify relevant 

indices (variables of importance). These results illustrated a good performance of this 

algorithm in prediction and feature selection analysis as earlier noted by Prasad et al. 2006. 

The selected spectral vegetation indices related to the amount of green materials (NDVI, 

GVI or VI) in the maize plants (Rouse et al., 1974; Tucker, 1979). Spectral vegetation 

indices that are responsive to the green pigments are excellent indicators for vegetation 

quantity and status or vigour (Salazar et al., 2008), and confirms the selection of the GVI 

in the top three indices as ranked by the OOB errors in this study as relevant to maize grain 

yield prediction.  

Table 16: Summary results of performance of random forest predicted models 

for the 3 selected spectral vegetation indices individually 

Field 
Prediction 

periods 

Selected vegetation 

indices 
R2 RMSEP MBE 

Agnes 

March 

NDVI 0.91 0.03 -0.01 

GVI 0.71 0.18 -0.08 

SAVI 0.92 0.11 -0.17 

June 

NDVI 0.70 0.03 0.03 

SAVI 0.75 0.10 0.05 

VI 0.71 0.26 0.24 

Cairo 

March 

NDVI 0.90 0.03 0.004 

GVI 0.88 0.16 -0.14 

SAVI 0.61 0.09 -0.08 

June 

NDVI 0.42 0.12 0.07 

SAVI 0.37 0.10 -0.07 

VI 0.50 0.18 0.16 

 

The results obtained for the prediction of yields (t ha-1) for both the Agnes and Cairo fields 

from the various spectral vegetation indices were illustrated through the test sample size 

(Table 17; Table 18).   
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Table 17: Summary of maize yields (t ha-1) from the selected plots on the Agnes 

field used for the validation for both March and June as predicted by the three 

spectral indices (NDVI, SAVI and GVI)  

Plot ID Measured Predicted NDVI Predicted SAVI Predicted GVI 

  March June March June March June 

510 3.66 3.76 3.51 3.86 3.71 4.76 3.16 

917 3.28 3.18 3.83 3.38 3.03 3.08 2.78 

1134 4.13 4.43 4.64 4.53 4.84 4.63 3.93 

1384 3.65 3.45 3.08 3.75 3.28 4.35 3.45 

1599 3.75 3.65 3.38 4.05 3.58 4.05 3.55 

1787 3.21 3.01 3.70 3.21 3.10 3.71 2.81 

1941 3.58 3.68 3.89 3.78 3.09 3.78 3.18 

2068 3.85 3.85 3.78 3.95 3.98 4.15 3.45 

2224 4.01 4.01 4.44 4.41 4.64 3.81 3.81 

2363 4.07 3.97 4.05 4.17 4.25 3.47 3.87 

2479 3.28 3.18 3.03 3.58 3.23 2.98 3.08 

2616 2.67 2.57 2.53 2.47 2.73 2.97 2.37 

2712 2.95 3.15 2.77 2.85 2.97 2.85 2.65 

2834 2.15 2.05 2.59 2.25 2.79 1.85 1.85 

2975 3.57 3.97 3.52 3.27 3.72 3.17 3.27 

3105 3.15 3.45 3.64 2.95 3.84 3.35 2.55 

3226 2.76 2.76 2.97 3.06 2.17 2.46 2.36 

3357 2.71 2.61 2.88 2.81 2.08 2.41 2.41 

3492 2.55 2.35 2.84 2.55 2.04 2.95 2.45 

3621 3.72 3.62 3.48 4.02 3.68 4.02 3.02 

3745 3.07 3.07 3.28 3.17 3.48 3.17 2.37 

3854 2.84 3.14 2.52 3.04 2.72 3.24 3.24 

3918 2.70 2.70 2.98 2.40 2.18 3.00 2.80 

3993 2.78 2.98 2.38 2.68 2.58 2.98 3.78 

4066 2.63 2.53 2.22 2.83 2.42 2.53 2.93 

4170 2.54 2.24 2.73 2.64 2.93 2.84 2.24 

4327 2.76 2.56 2.56 3.06 2.76 2.96 2.46 

4531 2.45 2.65 2.30 2.25 2.23 3.15 2.75 

4728 2.81 3.11 2.58 2.91 2.78 3.11 2.51 

101 3.94 4.04 3.45 4.24 3.65 4.84 3.34 

1690 3.67 3.67 3.31 3.57 3.51 3.77 3.37 

3470 2.77 2.67 2.02 2.67 2.17 2.77 2.37 
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Table 18: Summary of maize yields (t ha-1) from the selected plots on the Cairo 

field used for the validation for both March and June as predicted by the three 

spectral indices (NDVI, SAVI and VI)  

Plot ID Measured Predicted NDVI Predicted SAVI Predicted VI 

  March June March June March June 

180 3.59 3.69 3.51 3.79 3.71 4.69 3.09 

387 3.57 3.47 3.83 3.67 3.03 3.37 3.07 

669 4.67 4.97 4.64 5.07 4.84 5.17 4.47 

744 5.05 4.85 5.08 5.15 5.28 5.75 4.85 

828 3.87 3.77 3.38 4.17 3.58 4.17 3.67 

908 3.69 3.49 3.70 3.69 3.90 4.19 3.29 

1048 4.14 4.24 4.89 4.34 3.09 4.34 3.74 

1184 4.52 4.52 4.78 4.62 4.98 4.82 4.12 

1266 3.76 3.76 3.44 4.16 3.64 3.56 3.56 

1377 4.52 4.42 4.05 4.62 3.25 3.92 4.32 

1448 4.34 4.24 4.03 4.64 4.23 4.04 4.14 

1555 2.84 2.74 2.53 2.64 3.73 3.14 2.54 

1722 5.01 5.21 5.77 4.91 5.97 4.91 4.71 

1793 4.61 4.51 4.59 4.71 4.79 4.31 4.31 

1912 4.40 4.80 4.52 4.10 4.72 4.00 4.10 

2049 3.36 3.66 3.64 3.16 3.84 3.56 2.76 

2185 3.66 3.66 3.97 3.96 3.17 3.36 3.26 

2456 3.68 3.58 3.88 3.78 3.08 3.38 3.38 

2524 3.68 3.48 3.84 3.68 4.04 4.08 3.58 

2656 4.39 4.29 4.48 4.69 4.68 4.69 3.69 

2799 4.08 4.08 4.28 4.18 4.48 4.18 3.38 

2941 4.35 4.65 4.52 4.55 4.72 4.75 4.75 

3037 3.98 3.98 3.98 3.68 5.18 4.28 4.08 

3202 4.10 4.30 4.38 4.00 4.58 4.30 5.10 

3366 4.82 4.72 4.22 5.02 4.42 4.72 5.12 

3506 3.65 3.35 3.73 3.75 3.93 3.95 3.35 

3597 3.80 3.60 3.56 4.10 3.76 4.00 3.50 

3712 3.77 3.97 0.03 3.57 3.23 4.47 4.07 

3802 3.76 4.06 3.58 3.86 3.78 4.06 3.46 

3941 4.29 4.39 4.45 4.59 4.65 5.19 3.69 

4093 4.47 4.47 4.31 4.37 3.51 4.57 4.17 

4370 3.47 3.37 3.02 3.37 4.17 3.47 3.07 

456 4.09 3.79 4.23 3.79 3.43 4.29 4.39 

1204 3.27 3.07 3.48 3.47 3.98 3.37 4.47 

1983 4.43 4.53 4.50 4.73 4.70 4.43 3.13 

3345 4.26 4.16 4.34 4.36 4.54 4.16 5.06 
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The results from the two dates of data acquisition illustrated March as a period of better 

grain yield prediction for maize in this area of South Africa than the June (Table 16; Table 

17; Table 18). Even though a more robust study would need to be conducted to ascertain 

the optimum period of yield estimates with more monitoring dates throughout the growing 

season, the March period which was about four months to harvest (mid cropping season for 

maize in this region) was in conformity to another study in the United States of America 

(USA). The maize grain yield forecasts in Kansas (USA) at 3-4 months before harvest 

resulted in an estimation error of 3% (Kogan et al., 2012). Also in another previous study it 

was 2-3 weeks before and 2-3 weeks after tasseling (Kogan et al., 2005) and an 8-leaf 

stage as optimal for predicting maize grain yields while the 3-leaf stage was optimal for 

biomass estimation for Islam et al. (2011).  

The observed inconsistency in maize grain yield predictability in the different fields 

(Agnes and Cairo in this study) could also have been explained by the complexity in crop 

yield that depends on other non-imagery factors, such as nutrient stresses, or water 

availability. These factors were not considered in developing the random forest regression 

algorithms used in this study. High performance in crop yields could be obtained if their 

production parameters remain consistent throughout the season until harvest (Panda et al., 

2010) which is hardly the situation and therefore contribute to discrepancies in crop yield 

estimate results. Hence, these algorithms are site specific and applying them to other areas 

might not produce same accuracies but should perform well considering all parameters. 

7.5. Conclusion 

In-field maize yield estimation using multispectral satellite imagery of high resolution over 

rain-fed fields proved successful through the use of vegetation spectral indices. The 

spectral indices derived from SPOT 5 imageries and used as input variables into the 

random forest algorithm for regression analysis predicted the grain yield of maize across 

both fields with a good accuracy of high coefficient of determination (R²) values and low 

RMSEP as well as MBE values. However, the prediction was more accurate earlier on in 

the season (vegetative growth stage in March) than later for the reproductive stage in June. 

This could be attributed to the fact that the green pigment in maize leaves is largely 

responsible for its yields through its photosynthetic activities. The NDVI was amongst the 

most important indices relating to maize yields for this study as proven through the random 
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forest non-linear regression algorithm and selected by the cforest ranking them through the 

OOB errors. 

It would be of interest for future research to engage in the optimisation of the grain 

prediction period in maize over the “Maize Triangle” of South Africa to ascertain in a 

timely manner the production of this important grain. Also as a result of the climatic 

challenges in obtaining real-time satellite optical data during the growing season, the 

potential of radar data could be exploited in monitoring crop productivity. There could also 

be the possibility to integrate climatic factors essential for maize productivity such as 

rainfall and temperature, and linking with soil nutrient data together with the vegetation 

spectral indices for a mechanical predictive model in future research. In that way, climatic-

related periods of critical development that controls productivity would be established 

thereby providing information for decisive measures to be taken. 
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CHAPTER EIGHT 

This chapter focuses on synthesis of the entire thesis drawing on all the individual chapters 

for a comprehensive section from the beginning to the end. Unlike in the general 

introduction, this chapter brings in the key aspects of the study from specific objectives to 

what key results were obtained. It then draws on some recommendations for future 

research based on the scope and limitations of this study. 
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8. AN INVESTIGATION INTO THE POTENTIAL APPLICATION 

OF MULTI- AND HYPERSPECTRAL REMOTE SENSING FOR 

THE SPECTRAL CHARACTERISATION OF MAIZE 

CULTIVARS, QUANTIFICATION OF SOME STRESS 

FACTORS, AND YIELD PREDICTION IN THE FREE STATE 

PROVINCE OF SOUTH AFRICA– A SYNTHESIS 

 

8.1. Introduction  

The cultivation of maize (Zea mays) has been motivated not only by the fight against 

hunger but also by its demand as primary feed to livestock. The ever-increasing demand of 

maize has led to numerous ways of enhancing productivity ranging from constant changing 

of grown varieties (cultivars) to monitoring of stress factors that could hamper yields. The 

proliferation of maize cultivars that are grown within the “Maize Triangle” of South Africa 

has also been driven by climatic adaptability to erratic climatic conditions especially with 

frequent droughts. The climatic conditions tend to affect the growth of field crops with 

maize inclusive and very sensitive too. Such scenarios bring in stresses such as water stress 

and nutrient deficiencies which will affect the productivity of the crops in question. 

The monitoring of these stresses is very vital for timely management interventions to 

remedy the situations. It is common practice in South Africa that most of the monitoring on 

maize crops is done through the manual destructive methods of collecting samples across 

the fields for onwards analysis in the laboratories. Such methods have not only been seen 

as time consuming but also expensive and produce subjective results (Doraiswamy et al., 

2003). These traditional methods have been used as well in yield predictions which do not 

take into account the growth conditions of the plants but apply statistical techniques to 

field samples collected. The laborious process might be contributing in the delays for the 

yield estimates released for decision makers, thereby hampering some import and export 

decisions (Li et al., 2007). The introduction of near-real time and non-destructive methods 

of remote sensing like in other parts of the globe or other crops in South Africa already 

will greatly enhance monitoring of these stress factors and produce timely as well as fairly 

accurate yield estimates. 

A majority of these studies applying remote sensing in monitoring crop nutrient status have 

mostly been centred on the development of relationships of empirical dimensions using 

actual measured vegetation parameters with spectral vegetation indices. Through 
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multispectral data sets one of the most frequently used indices in literature being the NDVI 

is used to relate so many crop growth parameters (Rouse et al., 1974; Tucker, 1979). The 

multispectral sensors such as Landsat and SPOT generate radiance data in broad bands of 

the electromagnetic spectrum that is presumed to loss vital information provided by 

narrow-band sensors (Gong et al., 2003). 

The recent development into the hyperspectral remote sensing with a variety of sensors 

ranging from handheld devices to air-borne or even satellite-borne which have additional 

continuous narrow-bands on the electromagnetic spectrum usually 400-2500 nm spectral 

range at bandwidths of 10 nm (Beck, 2003) with some of the handheld sensors measuring 

at even less than 1 nm and having a range from 345-2503 nm (PSR 3500, 2012). 

Therefore, hyperspectral data sets can provide vital information about crop growth status 

or biochemical constituents which could relate to not just vegetation species types (Cho et 

al., 2008; Adam et al., 2012) but also the cultivars, and proper nutrient monitoring at both 

leaf and canopy levels. However, this high dimensionality is also a challenge in handling 

the data sets wherein several methodological approaches have been tried which tend to be 

site specific thereby requiring continuous studies across different crops and areas of the 

globe. 

This study therefore was set to explore the potential of using remotely sensed data to assess 

stress factors in maize plants and estimate grain yields in the Free State province of South 

Africa. The study was guided by specific objectives that were set and attained as follows: 

1. To identify and discriminate maize cultivars grown in the Free State through in-situ 

spectroscopic data sets. 

2. To estimate foliar nitrate concentrations using in-situ spectroscopic data at two 

growth stages of the maize plants and measuring the concentrations through 

chemical analysis in the laboratory. 

3. To investigate the potential of imaging spectroscopy in predicting nitrate 

concentrations in maize crops at canopy level using the EO-1 Hyperion data. 

4. To assess at leaf level water status on maize crops under field conditions using the 

handheld spectroradiometer. 

5. To estimate maize grain yields using spectral vegetation indices derived from 

multispectral satellite data (SPOT 5 data). 
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8.2. Summary of results 

The collection of spectral measurements using a handheld sensor (PSR 3500 series from 

Spectral EvolutionTM) on maize leaves of different cultivars grown under field conditions 

with similar management was performed (Chapter 3). Through statistical analysis which 

included analysis of variance and mean comparisons, it was established that 6 out of the 8 

maize cultivars can be separated from their spectral reflectance values with p-values < 

0.0001. However, the high dimensionality as a result of high correlation or redundancy in 

some wavelengths of hyperspectral data required methodology that will reduce this and 

thereby extracting valuable wavelengths to maize cultivar discrimination. Hence, the 

combined random forest ensemble and partial least squares (RF+PLS) algorithm was 

applied for statistical analyses. The results indicated that the important wavelengths 

contributing in the discrimination of all 8 maize cultivars were located in the visible and 

near-infrared regions of the electromagnetic spectrum. The wavelengths included 555 nm, 

405 nm, 416 nm, 1100 nm, 565 nm, 535 nm, 885 nm, 425 nm, 865 nm and 396 nm. Using 

these selected wavelengths and others from literature based on their relation to plant 

properties (Curran, 1989; Thenkabail et al., 2000; Thenkabail et al., 2004) from the top 

100 wavelengths selected through the RF. This selection ended up with 50 wavelengths 

that were then used for the classification of maize cultivars and provided an improved 

accuracy of 54%±1.75 from 47%±1.81. 

The results obtained in Chapter 3 indicated the importance of plant pigments which are 

largely contributed by the nutrients within these plants. So in assessing the nitrate 

concentrations in maize leaves, field spectroscopy was employed to collect spectral data 

under field conditions (Chapter 4). The maize plants were subjected under 3 different 

nitrogen fertilizer applications (low, medium and high- (T1 = 20%, T2 = 50% and T3 = 

100%)). Only one maize cultivar (PAN 6616) was used in the experiment where during the 

7-8 weeks and 11-12 weeks after planting, the spectral measurements were collected using 

the leaf-clip of the PSR-3500 series handheld spectroradiometer. The measured leaf 

samples were excised and stored appropriately for onward transmission to the laboratory 

where actual measurements of nitrates were performed (Chapter 4 & 5). 

The collected spectra were resampled to 10 nm thereby reducing the total number of 

wavelengths to 217 from 1024 in order to cater for the redundancy in the hyperspectral 

data generated from the spectroradiometer. The spectra were then transformed into their 

first order derivatives. The untransformed and transformed spectra from the two growth 
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stages were subjected to feature selection through the RF algorithm for relevant 

wavelengths in assessing nitrate concentrations in maize leaves. The selected wavelengths 

of importance were used to develop spectral vegetation indices that have been frequently 

used in related vegetation studies being the NDVI and the SR developed from reflectance 

values of the NIR and VIS regions of the electromagnetic spectrum. 

The selected wavelengths were mostly in the NIR with a few in the visible and short-wave 

infrared (SWIR) regions of the electromagnetic spectrum. The NDVI-based index of  

(850/640) and SR-based index of (970/680) developed from the first order derivatives for 

the 11-12 weeks growth stage provided the best accuracies of prediction through the 

RF+PLS regression model as 73%  and 77% 1.2 respectively. 

The results of the above models illustrated successfully the use of spectroscopy at field 

level to predict nitrate content in maize leaves (Chapter 4) and prompted the need to 

investigate at canopy level using sensors that can cover a larger spatial extent. Such larger 

spatial extent coverage will be directly useful to the field management in carrying out 

nitrogen fertilizer applications accordingly at specific sites. Therefore, the study could add 

value to farmers in reducing expenses on fertilizers. As one of the sensors that could offer 

large spatial extent coverage with hyperspectral bands is the EO-1 Hyperion which is a 

space-borne sensor and provide data that is freely available at request was used to assess 

the potential of imaging spectroscopy in predicting the concentrations of nitrates in maize 

leaves (Chapter 5). After some corrections on the images reducing the number of bands 

from 242 to 196, and transforming the values to its first order derivatives, the reflectance 

values per pixel were exported into ASCII files. These files were then used as inputs for 

the random forest ensemble which performed two major functions of reducing redundancy 

that exist in the data set and prediction of nitrate content in the maize leaves from which 

the reflectance values were obtained. The redundancy reduction resulted in wavebands 

selected that were used for the development of spectral vegetation ratios that would serve 

as input independent variables in the prediction algorithm of RF. From the top selected 26 

important wavebands in predicting maize leaf nitrate concentrations that were mostly from 

the visible with a few from the NIR and SWIR regions of the electromagnetic spectrum 

were identified 6 that related to selections from similar previous studies on chlorophyll or 

nitrogen levels in maize or corn (Thenkabail et al., 2004). The resultant 6 wavebands were 

used to develop all possible (6X6) spectral vegetation ratios from which the RF ranking 

through their OOB errors and provided ratios of importance to maize leaf nitrate 
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concentration prediction and the top 26 were once again selected from the 6X6 

combinations. The RF non-linear regression algorithm was used with the various 

independent variable inputs (different ratios) and the results were improved from using all 

the developed ratios to the selected ones. 

From the results the SR752/681 ratio was identified as the nitrate index for maize leaves at 

canopy level from imaging spectroscopy as ranked by the OOB errors. 

Water being another key determining factor for cultivation of maize which has been 

proven to be very sensitive to temperature and water availability (Andrade et al., 2002; 

Lobell et al., 2011) was another important parameter for investigation in this study. The 

potential use of in-situ spectroscopic data set was assessed in determining water status in 

maize leaves under field conditions (Chapter 6). The water status in maize plants were 

categorised into 3 through their leaf appearances at the time of spectral measurements 

(between 10 am and 1 pm). These included; normal or healthy (H), intermediary water 

stressed (IWS) and water stressed (WS). The measured spectra were transformed to their 

first order derivative after resampling to 10 nm. Known water absorption wavelengths 

from literature were selected and their corresponding frequently used water indices 

developed being the normalised difference water index (NDWI860-1240) (Gao, 1996; Serrano 

et al., 2000) and the water band index (WBI950-970) (Peñuelas et al., 1993). The indices 

were used in the RF+PLS algorithm for classification of the maize leaf water status or 

categories and produced an overall accuracy (OA) of 70%±1.2 in classifying the different 

water status in maize leaves. The cforest function included in the script of the RF algorithm 

was used to rank the indices of importance to maize water status by their OOB error values 

and the (NDWI860-1240) was selected as most relevant in assessing maize leaf water status. 

After successfully monitoring nutrient status in the maize leaves through remotely sensed 

data, it was deemed important to test the potential of such data sets in predicting grain 

yields. The use of canopy reflectance from multispectral sensor of medium resolution such 

as SPOT 5 and freely available through the South African government for research were 

used to develop known vegetation indices that measure the vigour (chlorophyll 

concentrations) in the maize plants and were used as variables in the non-linear maize 

grain predictive algorithms (Chapter 7). The ranking of these indices according to 

important in maize grain yield predictions saw the selection of the NDVI, green vegetation 

index (GVI) or the vegetation index (VI) and the soil adjusted vegetation index (SAVI) 

from the two dates of image acquisition (March and June). The results indicated the maize 
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grain yields were better predicted by the NDVI from the March image (4 months to 

harvest) with an R2 of 0. 9 (RMSEP = 0.03, MBE = 0.004 for the Cairo field and the SAVI 

for the Agnes field producing R2 of 0.92 (RMSEP = 0.11, MBE = -0.08). 

8.3. Conclusions 

This study was set to evaluate the potential of remote sensing in yield predictions and 

quantification of stress factors in maize cultivation in the Free State. The results illustrated 

a successful application of remotely sensed data with its related techniques in 

discriminating cultivars of maize, monitoring nutrient status in the maize plants through its 

leaves and predicting grain yields. Maize cultivar discrimination and nutrient monitoring 

including nitrate and water content in maize leaves was performed using hyperspectral 

remote sensing while the grain yield predictions made use of multispectral remotely sensed 

data. The hyperspectral remote sensing made use of in-situ (handheld spectroradiometer) 

and the satellite- or space-borne spectroscopic sensors or imaging spectroscopy which all 

were successful.  

The non-linear random forest (RF) ensemble with the cforest together with the partial least 

squares (PLS) algorithms were important methodological tools in managing the 

hyperspectral data sets which are made up of huge number of variables (wavelengths) as 

opposed to fewer samples. The RF enabled successful variable (wavelengths) of 

importance selections relating to the different aspects being evaluated. Key conclusions 

from this study include: 

1. The eight maize cultivars were discriminated at wavelengths mostly in the visible 

region (396-565 nm) of the electromagnetic spectrum relating to plant pigments 

including chlorophyll and carotenoids. 

2. The variable selection for maize cultivar discrimination produced 10 relevant 

wavelengths as 555, 405, 416, 1100, 565, 535, 885, 425, 856 and 396 nm. 

3. The optimal number of wavelengths for successful classification of the eight maize 

cultivars was 50 with an overall accuracy of 54%±1.75.  

4. The maize leaf nitrate concentrations were successfully assessed through in-situ 

spectroscopy with relevant bands from the visible and NIR regions. 
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5. The transformed spectra to first order derivatives and development of spectral 

vegetation indices performed more successful in discriminating the three nitrogen 

treatments. 

6. The nitrate indices were selected as NDVI850-640 and the SR970-680 which 

successfully predicted nitrate levels in maize leaves with R2 of 0.94 and 0.93, and 

RMSEP of 0.08 and 0.10 respectively at the 11-12 weeks growth stage after 

planting. 

7. Imaging spectroscopy also successfully predicted maize leaf nitrate concentrations 

with the relevant index being the SR752-681 which resulted in an R2 of 0.90 and 

RMSEP of 0.15. 

8. In-situ spectroscopic data set successfully monitored water status in maize leaves 

under field conditions with the NDWI860-1240 as well as others developed from the 

mid-infrared region of the electromagnetic spectrum being NDWI1700-1530 and 

NDWI1530-1360 which all produced an overall accuracy of 70%±1.2 for 

differentiating non-water stressed or healthy (H), intermediary water stressed (IWS) 

and water stressed (WS) maize leaves. 

9. Wavelengths from the MIR were selected as relevant in the determination of maize 

leaf water status under field conditions. 

10. SPOT 5 which is a multispectral sensor also recorded a positive potential in 

predicting maize grain yields through vegetation indices serving as the independent 

variables in a non-linear random forest predictive algorithm. 

11. The predictive regression algorithms were site-specific in that they illustrated 

different accuracies of determination (R2) of 0.92 (RMSEP = 0.11, MBE = -0.08) 

for the Agnes field and for Cairo the R2 was 0.9 (RMSEP = 0.03, MBE = 0.004) 

from the March images by the SAVI and NDVI respectively. 

Therefore, this study has made an important original contribution to the specific domain of 

remote sensing application in agriculture and maize production to be more specific which 

is one of the most staple food crops in this region and other parts of the world. The study 

has provided important guidelines with respect to spectral information such as wavebands 

that could be applicable in precision farming of maize.  
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8.4. Recommendations 

This study was set to test the potential of remotely sensed data (from both multi- and 

hyperspectral sensors) through spectral characteristics of maize crops to discriminate 

cultivars, assess nitrogen concentrations at both leaf and canopy levels, assess water status 

and predict yields in the Free State province of South Africa. The different aspects tested 

were linked to the conditions under which the maize crops were subjected with mostly 

natural uncontrolled conditions. Therefore, in expanding the methodologies over other 

areas or larger spatial extents within the “Maize Triangle” region of South Africa will 

require checking these conditions in order to build a reliable geodatabase for instance in 

predicting nutrient status or grain yield estimations. Some of these conditions will include 

cultivar types, growth stage and management regimes. 

Further research should be undertaken in up-scaling the discrimination of maize cultivars 

on the field in order to enable management in understanding area sizes covered by each 

cultivar for a given planting season. 

The up-scaling could also be done using some of the new generation high resolution 

multispectral sensors. These sensors such as RapidEye, QuickBird together with the 

recently launched ones including WorldView-2 and -3 with strategically located red edge 

bands, would aid in capturing the high spatial variability across maize fields since a lot of 

crop rotation is practiced in this region. 

For the maize grain yield predictions, it would be of interest to test sensors such as Radar 

which can penetrate the thick summer clouds occurring over these tropical areas which 

hinder the acquisition of the other multispectral data sets such as Landsat 8 and provide 

multi-date data sets for monitoring the dynamics at the different crop growth stages. This 

would aid in optimising the growth stage for maize yield predictions in this region and 

nutrient monitoring. 

The monitoring of water content in maize leaves requires more in-depth study through 

controlled conditions of water applications to the plants and quantifying the amounts at 

leaf level. This information will aid to ground-truth the remotely sensed data and monitor 

over larger spatial extent. 

Future research is required for the nutrient monitoring, as many other essential nutrients 

are also critical for the growth of maize crops such as phosphorus and potassium which are 

supplemented by fertilizer applications. It might be of interest to develop algorithms that 
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have the capacity to predict the amount of these nutrients in a maize plant at the same time 

as this would greatly fit in directly to management plans in fertilizer (usually the NPK) 

applications. 
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ANNEXURES  

Appendix A: Prepared solutions of maize leaves ready for injection into the IC system 

 

Appendix B: The Ion Chromatography system (Dionex™ Potassium Hydroxide Eluent 

Generator Cartridge (EGC-KOH) system) 

 


