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Abstract 

The present dissertation was motivated by the need to apply innovative technologies, 

automation, and artificial intelligence to agriculture in order to promote crop production 

while protecting our environment. The main objective of this dissertation was to develop 

sensor-based, automated frameworks for high-throughput phenotyping of wheat to identify 

advanced wheat varieties based on three desired traits, including yield potential, tolerance 

to salt stress (an abiotic stress), and resistance to Fusarium head blight disease (a biotic 

stress). We leveraged the advantages of hyperspectral imaging, a sophisticated sensing 

technology, and artificial intelligence including machine learning and deep learning 

algorithms. Through integrating imaging and high-resolution spectroscopy, hyperspectral 

imaging provides valuable insights into the internal activity of plants, leaf tissue structure, 

and physiological changes of plants in response to their environment. Alternatively, 

advanced machine learning and deep learning algorithms are uniquely suited to extract 

meaningful features and recognize latent patterns associated with the desired phenotyping 

trait, and ultimately make accurate inferences and prediction.   

In the first study (Chapter 2), we focused on salt stress phenotyping of wheat in a 

hydroponic system. A novel method was proposed for hyperspectral image analysis to 

assess the salt tolerance of four wheat varieties in a quantitative, interpretable, and don-

invasive manner. The results of this study demonstrated the feasibility of quantitative 

ranking of salt tolerance in wheat varieties only one day after applying the salt treatment.  

In the second study (Chapter 3), we developed an ensemble feature selection pipeline by 

integrating six supervised feature selection techniques to identify the most informative 

spectral bands from high-dimensional hyperspectral images captured for plant phenotyping 

applications. First, the spectral features were ranked based on their ability to discriminate 

salt-stressed wheat plants from healthy plants at the earliest stages of stress. The proposed 

method could drastically reduce the dimension of hyperspectral images from 215 to 15 

while improving the accuracy of classifying healthy and stressed vegetation pixels by 

8.5%. Second, a clustering algorithm was proposed to form six broad spectral bands around 
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the most prominent spectral features to aid in development of a multispectral camera.  

In the third study (Chapter 4), we aimed to develop a phenotyping framework for 

Fusarium head blight (FHB), a devastating disease attacking small grain crops. The most 

informative spectral bands were identified to detect FHB-infected spikes. The results of 

this study revealed that a set of two broad spectral bands (766 nm and 696 nm) returns a 

classification accuracy of 99% in detecting FHB-infected spikes.  

In the fourth study (Chapter 5), we developed an autonomous robotic framework for high-

throughput yield phenotyping of wheat in the field. The data were collected by a 

hyperspectral camera mounted on an unmanned aerial vehicle flying over three 

experimental fields containing hundreds of wheat plots during two consecutive growing 

seasons. A deep neural network was trained to predict the yield of wheat plots and estimate 

the yield variation at a sub-plot scale. The coefficient of determination for predicting the 

yield at sub-plot and plot scale were 0.79 and 0.41with normalized root-mean-square error 

of 0.24 and 0.14, respectively. 

In the fifth study (Chapter 6), we focused on developing a deep autoencoder network by 

leveraging a large unlabeled dataset (~ 8 million pixels) to learn an optimal feature 

representation of hyperspectral images in a low dimensional feature space for yield prediction. 

The result demonstrated that the trained autoencoder could substantially reduce the dimension 

of hyperspectral images onto a 3-, 5-, and 10-dimenionsal feature space with a mean squared 

error less than 7e-5, while retaining the relevant information for yield prediction. 

At a higher level, this dissertation contributes to improving economic, ecological, and social 

impacts by improving crop production, reducing pesticides use, and properly leveraging salt-

affected farmlands. From an environmental perspective, a cultivar with high yield potential and 

a cultivar resistant to FHB disease both promote sustainability in crop production and 

environment by reducing the required fertilizer and pesticide to meet the anticipated farmers’ 

profit. The intelligent, automated phenotyping frameworks developed in this dissertation can 

help plant scientists and breeders identify crop varieties with the desired traits tailored around 

promoting crop production and mitigating food security concerns. 
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CHAPTER 1 

1 Introduction 

1.1 Problem statement 

Agriculture requires to fulfill growing expectations from various perspectives. From food 

security perspective, agriculture is expected to meet the increasing demand for food 

because of the growing population. More than 2 billion people will be born into the world 

by 2050 (United Nations, Department of Economic and Social Affairs, 2017) with the 

moral right to have access to sufficient and nutritious food. From the environmental point 

of view, agricultural practices are expected to be environmentally sustainable to reduce its 

remarkable negative impact on the environment. These challenges are compounded by 

various limitations including climate change, lack of productive land, water shortage, and 

labor unavailability. 

According to the United Nations Food and Agriculture Organization (FAO), about 10.9% 

people in the world (~ 821 million), were suffering from chronic undernourishment in 2017 

(FAO, IFAD, UNICEF, WFP, & WHO, 2018). Figure 1.1 demonstrates that the percentage 

and number of undernourished people have been increased since 2014, reaching an 
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estimated 821 million in 2017. This includes people in the developed countries such as the 

US. A 2018 report from the United States Department of Agriculture reported that an 

estimated 11.8% of U.S. households (about 15.0 million households) were food insecure 

in 2017, highlighting the high significance of this issue in the United States (Coleman-

Jensen, Rabbitt, Gregory, Singh, & Singh, 2018). 

 

Figure 1.1. The number of undernourished people in the world from 2005 to 2016, and an estimated value 

for 2017. The percentage and number of undernourished people have been increased since 2014, reaching 

an estimated 821 million in 2017 (FAO, IFAD, UNICEF, WFP, 2018). The numbers for 2017 were 

estimated values and illustrated by dotted lines. 

 

Considering the increasing world population and subsequent demand for food, crop 

production should double by 2050 (Tilman, Balzer, Hill, & Befort, 2011), indicating the 

average rate of yield increase of crops should be 2.4% annually (Ray, Mueller, West, & 

Foley, 2013) – the current average rate of increase is only 1.3% (Jose Luis Araus, Li, Parry, 

& Wang, 2014; Ray et al., 2013). In another study, it was argued that the crop production 

needs to increase about 59-98% between 2005 and 2050 if we are to meet the growing 

demand for food by 2050 (Valin et al., 2014). These statistics noticeably indicate an urgent 
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need for further efficiency improvement in crop production to alleviate the global concern 

of food security.   

Agriculture is responsible for a tremendous adverse impact on the environment with 

significant overall economic and social costs. Pesticides have significant undesirable 

effects on the ecosystem by contaminating food, soil, and surface/ground water that living 

organisms rely on (Aktar, Sengupta, & Chowdhury, 2009). In addition, pesticides can cause 

a wide range of acute and chronic human health risks, from skin irritation to cancer (Centers 

for Disease Control and Prevention, 2014). Extensive use of chemical fertilizer is another 

major source of environmental pollution. Studies conducted in the United States and 

Europe estimated the annual cost of nitrogen pollution to be in the range of US$59–US$340 

billion in the US (Sobota, Compton, McCrackin, & Singh, 2015) and €35–€230 billion in 

Europe (Van Grinsven et al., 2013). These costs undoubtedly demonstrate the 

environmental impact of intensive agricultural practices, conducted in the expectation of 

more yield. 

Developing elite varieties of crops through breeding is one of the main solutions to further 

improve crop production in order to meet the projected demand for food. These elite 

varieties entail desirable traits such as high yield potential and being resistant to 

abiotic/biotic stresses. Studies have shown that advances in breeding were responsible for 

a substantial increase in crop production over time (De La Fuente, Frei, & Lübberstedt, 2013; 

Duvick, 2005; Lopes et al., 2012), indicating the importance of selecting advanced varieties.  

Thanks to the advances in DNA sequencing and genotyping, development of plant 

genotypes is rapid and inexpensive (Peleman & van der Voort, 2003), providing a wide 

range of genetic information aimed at improving qualitative and quantitative traits. To 

enhance the genetic gain and genetic selection, accurate phenotyping1 is required. 

Comprehensive high-throughput phenotyping aids breeders and geneticists to identify the 

underlying genetic factors and observe the consequence of genetic modification on a 

desirable trait. However, phenotyping has failed to keep the pace with the progress in 

                                                 
1.  Phenotyping is a quantitative assessment of plant structure and function related to a desirable trait. 
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genotyping (Crain, Mondal, Rutkoski, Singh, & Poland, 2018). The conventional 

phenotyping approaches rely on time-consuming, labor intensive, and expensive tasks, 

such as repeated field measurements and visual inspection which could be subject to human 

errors and bias. Despite the recent attempts for developing effective high-throughput 

phenotyping pipelines, it remained as a bottleneck, in particular, developing phenotyping 

pipelines for yield potential and stress tolerance (José Luis Araus, Kefauver, Zaman-Allah, 

Olsen, & Cairns, 2018). 

1.2 Objectives  

This dissertation was motivated by the need for an automated phenotyping framework to 

identify advanced wheat lines1 in an efficient, cost-effective, interpretable, and non-

invasive manner. This is a multi-disciplinary study integrating remote sensing, computer 

vision, machine learning, and deep learning to address a challenge in plant science.  

The main objective of this dissertation is to develop a sensor-based, automated framework 

for high-throughput phenotyping of wheat aimed at identifying advanced wheat lines based 

on three major traits, including yield potential, tolerance to salt stress (abiotic stress), and 

resistance to Fusarium head blight (biotic stress). Hyperspectral imaging was used as a 

sophisticated sensing technology to acquire data from wheat plants with high spatial and 

spectral resolution. Subsequent to the required pre-processing steps for image analysis, 

advanced machine learning and deep learning algorithms were deployed to extract 

meaningful features and recognize latent patterns associated with the desired phenotyping 

trait. The remainder of this dissertation is organized as follows: 

Chapter 2 focuses on salt stress phenotyping of wheat in a hydroponic system. In this 

chapter, we propose a novel method for identifying salt tolerant wheat varieties to mitigate 

yield losses due to salinity, and to ultimately maintain or improve production on saline 

soils. The objectives of this chapter are to:  

i. Rank wheat lines based on their tolerance to salt stress.  

                                                 
1. A line is a wild species, landrace, historical cultivar or a possible new genotype that is still being tested for its 

potential value in a given environmental setting.  
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ii. Assess the difference between the salt tolerance of various lines to attain a 

quantitative ranking rather than a qualitative ranking. 

iii. Evaluate the feasibility of the precise ranking of wheat lines as early as one 

day after applying salt treatment. 

 

Chapter 3 introduces selecting prominent spectral bands from high-dimensional 

hyperspectral images, tailored around practical applications in plant phenotyping. In this 

chapter, an ensemble feature selection method is proposed to identify the most informative 

spectral bands for salt stress phenotyping. The objectives of this chapter are to: 

i. Develop an ensemble feature selection pipeline to aggregate the benefits of 

multiple feature selection approaches, therefore increasing the stability and 

accuracy of selecting predominant spectral features from hyperspectral 

images.  

ii. Rank the spectral features based on their ability to discriminate salt-stressed 

wheat plants from healthy plants at the earliest stages of stress. The purpose 

of ranking spectral features was to form six broad spectral bands around the 

most prominent features to aid in the development of a multispectral 

camera.  

iii. Use these multispectral bands to assess the salt tolerance of four wheat lines 

in the context of phenotyping and evaluate results based on findings in 

Chapter 2. 

Chapter 4 focuses on developing a framework for Fusarium head blight (FHB) 

phenotyping. FHB is arguably among the most widespread and devastating diseases, 

attacking small grain crops throughout the world. In this chapter, the most informative 

spectral bands for classifying healthy spikes and FHB-infected spikes are identified using 

the ensemble feature selection method developed in Chapter 3. The objectives of this 

chapter are to: 
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i. Evaluate the performance of the developed ensemble selection method on a 

different image dataset collected for phenotyping a different trait. 

ii. Identify a set of optimal spectral bands for FHB phenotyping. 

 

Chapter 5 aims to develop an autonomous robotic framework for high-throughput yield 

phenotyping of wheat in the field. The data were collected by a hyperspectral camera 

mounted on a UAV flying over three experimental wheat plots during two consecutive 

growing seasons. In this chapter, a deep neural network was trained to predict the yield of 

wheat plots. Furthermore, we investigated the feasibility of estimating yield variation at 

the sub-plot scale by leveraging the high spatial resolution of images. The objectives of 

this chapter are to: 

i. Predict the yield of wheat plots to identify high-yielding varieties using an 

automated pipeline.  

ii. Estimate the yield variation with a plot to study the marginal effects on yield 

production. This provides further insights into the process of screening.  

Chapter 6 focuses on dimensionality reduction of the input feature for yield prediction. In 

this chapter, a deep autoencoder network is proposed to project the hyperspectral images 

onto a low dimensional feature space. The objectives of this chapter are to: 

i. Train a deep autoencoder to project the hyperspectral data onto lower 

dimensional feature spaces while retaining invaluable information for yield 

prediction.   

ii. Compare the performance of the deep neural network in yield prediction 

based on the new datasets. 

Chapter 7 presents the conclusion and future directions for further research.  
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1.3 Overview  

The remaining sections of this chapter briefly overview the main components of this 

dissertation.  

1.3.1 Wheat 

Wheat is the largest cultivated cereal crops in the world as it is annually cultivated on more 

than 220 million hectares with 763 million metric tons production (United States 

Department of Agriculture, 2018c). Wheat plays a vital role both in human and animal diet. 

It provides about 20% of the overall dietary proteins and calories throughout the world 

(Shiferaw et al., 2013). Moreover, wheat is a major source of starch, energy, dietary fiber, 

and phytochemicals (Shewry & Hey, 2015).    

In the United States, wheat is the third largest crop after corn and soybean, in terms of 

either value or acreage (Vocke & Ali 2013). In 2018, wheat production in Minnesota was 

projected to be 98.3 million bushels, which is 30 percent more than 2017 (United States 

Department of Agriculture, 2018b).  

Nevertheless, genetic gain1 in yield of wheat, one of the major crops, was reported to be 

less than 1%, far behind the necessary yield increase (i.e., 2.4%) (Crain et al., 2018; Ray 

et al., 2013; Reynolds et al., 2012). Other studies even claimed that wheat yields have 

plateaued in various regions of the world (Acreche, Briceño-Félix, Sánchez, & Slafer, 

2008; José Luis Araus et al., 2018; Sadras & Lawson, 2011), indicating the importance of 

phenotyping for developing elite wheat varieties. 

 

                                                 
1. Genetic gain: “amount of increase in performance achieved annually per unit time through artificial 

selection.” (José Luis Araus et al., 2018)   
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Figure 1.2. Spring wheat production in Minnesota in 2018 (United States Department of Agriculture, 

2018a). 
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1.3.2 Hyperspectral imaging 

Hyperspectral imaging (HSI) integrates imaging and high-resolution spectroscopy 

whereby a continuous spectrum is scanned for each pixel, typically across the visible and 

near infrared range of electromagnetic spectrum. In essence, a hyperspectral image is a 

high-dimensional data cube (Figure 1.3) in which each pixel contains both spatial (location 

of pixels: x- and y-dimension), and spectral information (a continuous reflectance captured 

across a range of electromagnetic region: z-dimension). HSI has drawn substantial 

attention for plant phenotyping because it provides the ability to investigate the 

physiological dynamics of plants caused by environmental variables (Wahabzada et al., 

2016). 

 

Figure 1.3. The concept of hyperspectral imaging and terminologies1. 

                                                 
1. Modified from source: http://www.markelowitz.com/Hyperspectral.html  
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Recently, hyperspectral sensors have become more compact, more lightweight, and more 

available, and this has introduced new opportunities for field applications because 

hyperspectral images can be captured via unmanned aerial vehicles. In this dissertation, we 

utilize HSI because of its unique aspect among other imaging techniques. L. Li, Zhang, & 

Huang (2014) reviewed the application and limitation of several imaging technologies for 

plant phenotyping applications.  

Table 1.1. Applications and limitations of popular imaging techniques for plant phenotyping. 

Imaging techniques Applications Limitations 

Visible imaging 

Growth dynamics, Shoot 

biomass, Yield traits, Panicle 

traits, Root architecture, 

Imbibition and germination 

rates, leaf morphology, seedling 

vigor, coleoptile length and 

biomass at anthesis, seed 

morphology, root architecture 

Only provides plant 

physiological information 

Fluorescence imaging 

Photosynthetic status, indirect 

measurement of biotic or abiotic 

Difficult to analysis complicated 

whole-shoot of non-rosette 

species; pre-acclimation 

conditions required 

Thermal imaging 

Surface temperature; stomatal 

conductance water stress 

induced by biotic or abiotic 

factors 

Imaging sensor calibration and 

atmospheric correction are often 

required; sound physics-based 

results interpretation needed 

Spectral imaging 

Water content composition 

parameters for seeds; leaf area 

index; leaf and canopy health 

status; panicle health status; leaf 

growth; coverage density 

Sensor calibration required; cost, 

large image data sets for  

hyperspectral imaging, complex 

data interpretation 

Among these techniques, hyperspectral imaging (HSI) is uniquely suited to provide 

insights into the internal activities of plants, leaf tissue structure, leaf pigments, and water 

content (A.-K. Mahlein, Steiner, Hillnhütter, Dehne, & Oerke, 2012). In this dissertation, 

we deploy advanced machine learning algorithms and deep learning to address these 

limitations associated with spectral imaging and leverage the unique advantages and full 

potential of HSI.   
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1.3.3 Machine learning 

In recent years, the emergence of sophisticated sensing technologies and autonomous 

robotic platforms enables scientists to collect large datasets with high spectral-, spatial-, 

and temporal-resolution from greenhouse scale to large fields. These massive datasets, 

generated continuously in the context of phenotyping, require more advanced methods 

from pre-processing to post-processing steps, causing a paradigm shift from data collection 

to data analysis. Ignoring data analysis entails a tremendous loss of information that is 

required to perceive plant development and response to the environment and the 

phenotyping data.  

Machine learning algorithms have shown considerable promise in developing more 

efficient and effective pipelines for analysis of large datasets (A. Singh, 

Ganapathysubramanian, Singh, & Sarkar, 2016). The stagnation of data analysis makes 

using advanced machine learning algorithms more urgent to improve the efficiency of 

breeding, and subsequently crop production. Machine learning is an application of 

Artificial Intelligence to discover underlying patterns and make inferences from a large 

dataset. Such patterns might help scientists make appropriate decisions and predictions for 

future incidents.  

For the analysis of more complex and even larger datasets, deep learning has recently drawn 

substantial attention. Below is a definition for deep learning by LeCun, Bengio, & Hinton (2015): 

“Deep learning allows computational models that are composed of multiple processing 

layers to learn representations of data with multiple levels of abstraction. Deep learning 

discovers intricate structure in large data sets by using the backpropagation algorithm to 

indicate how a machine should change its internal parameters that are used to compute 

the representation in each layer from the representation in the previous layer.” 

Similar to various domains, deep learning has proved a great potential in plant phenotyping. 

In 2018, A. K. Singh, Ganapathysubramanian, Sarkar, & Singh (2018) reviewed the trends 

and future perspectives of deep learning for plant stress phenotyping. Two figures from 

their papers are presented here to illustrate the trend of publications related to machine 
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learning and deep learning (Figure 1.4) and to demonstrate a flowchart of a deep learning 

framework from collecting images to making decisions in the context of phenotyping 

(Figure 1.5).  

 

Figure 1.4. “Comparative Assessment of Publications Related to Machine Learning and Deep Learning. The 

open symbols indicate all topics, while the closed symbols indicate plant phenotyping topics. Notice the log 

scale for the y-axis. Source: Web of Science with keyword search ‘Machine Learning’; ‘Deep Learning’; 

‘Machine Learning and Plant Phenotyping’; and ‘Deep Learning and Plant Phenotyping’ using the 2008–

2018 period. DL; deep learning; ML; machine learning; PP; plant phenotyping.” (A. K. Singh et al., 2018). 

 

Figure 1.5. “An Illustration of a Deep Learning (DL) Tool Chain from Data Gathering to Decision Making. 

A key first step is to gather a large, diverse set of data. The data is then curated. Curation includes 

standardization, outlier rejection, some simple denoising and image preprocessing, and data augmentation. 

This dataset is then split into training, validation, and testing subsets. The training and validation subsets are 

used in training the DL architecture/network. Training the DL network essentially means optimizing the 

parameters (weights, biases) of the network such that the network accurately learns the mapping from the 

input data to the desired output label. The trained model is then finally tested on the unseen test image data 

subset. After successful completion of this testing, the DL network can be deployed for inference. While 

training the DL model can be resource intensive, deploying a trained model is relatively simple.” (A. K. 

Singh et al., 2018).   
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Abstract 

Salinity stress has significant adverse effects on crop productivity and yield. The primary 

goal of this study was to quantitatively rank salt tolerance in wheat using hyperspectral 

imaging. Four wheat lines were assayed in a hydroponic system with control and salt 

treatments (0 and 200 mM NaCl). Hyperspectral images were captured one day after salt 

application when there were no visual symptoms. Subsequent to necessary preprocessing 

tasks, two endmembers, each representing one of the treatment, were identified in each 

image using successive volume maximization. To simplify image analysis and 

interpretation, similarity of all pixels to the salt endmember was calculated by a technique 

proposed in this study, referred to as vector-wise similarity measure. Using this approach 

allowed high-dimensional hyperspectral images to be reduced to one-dimensional gray-

scale images while retaining all relevant information. Two methods were then utilized to 

analyze the gray-scale images: minimum difference of pair assignments and Bayesian 

method. The rankings of both methods were similar and consistent with the expected 

ranking obtained by conventional phenotyping experiments and historical evidence of salt 

tolerance. This research highlights the application of machine learning in hyperspectral 

image analysis for phenotyping of plants in a quantitative, interpretable, and non-invasive 

manner. 

Keywords: Bayesian inference, histogram distance, hyperspectral imaging, image 

processing, machine learning, plant phenotyping, salt stress, wheat. 
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2.1 Introduction 

Salinity stress is a major abiotic stress that has significant adverse effects on crop 

productivity and yield. These negative effects include interference of root function in 

absorbing water, as well as the prevention of physiological and biochemical processes such 

as nutrient uptake and assimilation (Carillo, Annunziata, Pontecorvo, Fuggi, & Woodrow, 

2011). Unfortunately, many regions around the world are facing a rapid increase in soil 

salinity and sodicity. It is estimated that at least 0.3 million hectares of farmland is 

becoming unusable annually, and another 20 to 46 million ha are suffering decreases in 

production potential each year (FAO and ITPS, 2015). Nevertheless, even with lower yield 

potential, these salt-affected farmlands must continue to produce crops so the increasing 

demand for food can be met and food security concerns mitigated. The lack of new 

productive land threatens food security, thus the productivity of existing marginal lands 

must improve. 

There are numerous potential solutions for mitigating salt stress, including genetic 

engineering of plants with salt tolerance (Agarwal, Shukla, Gupta, & Jha, 2013; Wei et al., 

2017) and application of exogenous compounds such as hormones, growth regulators, or 

nanoparticles (Mbarki et al., 2018). Among the potential solutions, selecting plant varieties 

with high tolerance to salt stress appears to be one of the most promising approaches in 

utilizing salt-affected soil for crop production (Ondrasek, Rengal, & Veres, 2011; Sytar et 

al., 2017). Although some progress has been made using measurement of photosynthetic 

parameters as a more sensitive method to screen for salt tolerance (Kalaji et al., 2018; Sun et 

al., 2016), the standard process of selecting either conventionally–bred or transgenic salt-

tolerant crop lines relies on laborious phenotyping to assess tolerance. Despite the emergence 

of innovative platforms, precise instrumentation, sophisticated sensors, and rapid 

development of advanced machine learning and deep learning algorithms, phenotyping is 

still a barrier to variety development. While DNA sequencing and plant genotyping has 

rapidly evolved, phenotyping still depends on conventional methods which are not as 

accurate or efficient. In general, these techniques can be time-consuming, destructive, 

subjective, and costly. In recent years, non-contact sensing technology, in particular imaging, 
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has been extensively deployed as a potential substitute for conventional methods for high-

throughput phenotyping of plants. Thanks to the advances in developing sensors with high 

spatial and spectral resolution, different imaging sensors including visible, fluorescence, 

thermal, and spectral imaging are available, each tailored for specific applications. Each of 

these sensing technologies can vary in their application, as well as limitations, in the context 

of plant phenotyping (Li, Zhang, & Huang, 2014). Among these techniques, hyperspectral 

imaging (HSI) is uniquely suited to provide insights into the internal activities of plants, leaf 

tissue structure, leaf pigments, and water content (A. K. Mahlein, Oerke, Steiner, & Dehne, 

2012). HSI also provides the ability to investigate physiological dynamics of plants caused 

by environmental variables (Wahabzada et al., 2016), and consequently has drawn 

substantial attention for plant phenotyping (Kuska et al., 2015).  

Few research studies have attempted to identify salt stress in plants using hyperspectral 

reflectance. In a previous study, three potential indicators including blue, yellow, and red 

edge positions of vegetation reflectance spectrum were calculated to detect four levels of 

salt stress imposed on Chinese castor bean (Li, Wan, Zhou, Yang, & Qin, 2010). The 

authors claimed that blue and red edge positions shift to the shorter wavelength in response 

to salt stress and therefore could be used to detect salt stress. However, the pattern of 

shifting to the shorter wavelength was not consistent across all treatments and hence further 

research is required. In another paper, the application of HSI to identify plant tolerance to 

salt stress in a high throughput phenotyping system was reviewed (Sytar et al., 2017). They 

concluded more efficient and fully automated methods are required to analyze complex 

hyperspectral images.  

To leverage the full potential of HSI, a large high-quality hyperspectral dataset and several 

preprocessing tasks are necessary (e.g., radiometric calibration, normalization, mixed pixel 

filtering, etc.). However, there are two major challenges that hamper the application of HSI. 

The first major challenge is accounting for the variance caused by the complex interaction 

between incident light and leaf surfaces due to non-Lambertian reflectance properties. The 

direction of reflected light is a function of leaf geometry, including leaf angle and 

curvature. Several researchers have focused on pre-processing techniques to address the 
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problems related to leaf angle and curvature (Behmann et al., 2015; Makdessi et al., 2017; 

Wendel & Underwood, 2017). One method to resolve this problem is to generate a high-

resolution 3D representation of plants by upfront geometric calibration of the hyperspectral 

camera (Behmann et al., 2015). However, this proposed method depends on highly 

intensive processing and is only suitable for close-range imaging.  

The second major challenge is analyzing the complex and high-dimensional hyperspectral 

images in order to extract meaningful features and recognize latent patterns associated with 

the desired phenotyping trait in a more interpretable manner. To address this issue, machine 

learning (ML) and deep learning algorithms can be leveraged. Recent reviews of various 

ML algorithms emphasize the potential of these methods in the context of agriculture and 

provide guidelines for plant scientists to deploy them (Bauckhage & Kersting, 2013; 

Coppens, Wuyts, Inzé, & Dhondt, 2017; A. Singh et al., 2016). Singh et al. (2016) reported 

that ML algorithms are a promising approach to analyze large datasets generated by 

sophisticated imaging sensors (e.g., hyperspectral cameras) mounted to platforms that can 

cover large areas. Despite several studies that focus on the application of HSI for plant 

phenotyping, research is limited in the context of handling, processing, and analyzing 

hyperspectral images.  

This research was motivated by the need to identify salt tolerant wheat lines to mitigate 

yield losses due to salinity, and to ultimately maintain or improve production on saline 

soils. The objectives of this study were to (i) rank wheat lines based on their tolerance to 

salt stress, (ii) assess the difference between the salt tolerance of lines to attain a 

quantitative ranking rather than a qualitative ranking, and (iii) evaluate the feasibility of 

precise ranking of wheat lines as early as one day after applying salt treatment. We 

hypothesized that the spectral response of wheat leaves experiencing salt stress would 

deviate from the control leaves even one day after adding the stress, and this deviation 

would be larger for a susceptible line compared to a salt tolerant line. To the best of our 

knowledge, no previous study has investigated early detection of salt tolerant plant lines 

using advanced phenotyping tools and approaches. This research proposes a machine 

learning approach to analyze hyperspectral images of wheat lines to rank their salt stress 
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tolerance in a quantitative, interpretable, and non-destructive manner while reducing cost, 

time, and labor input. 

2.2 Materials and Methods 

2.2.1 Sample preparation and conventional phenotyping for salt tolerance 

screening 

To develop analytical methods for analysis of hyperspectral images, four bread wheat 

(Triticum aestivum) lines were selected with varying levels of salt tolerance. The cultivar 

Kharchia was included as it is historically known to maintain a stable harvest index and 

yield well in high salt conditions (Munns, James, & Läuchli, 2006; Schachtman, Lagudah, 

& Munns, 1992), and the salt-sensitive cultivar Chinese Spring (CS) was selected as well 

(Zhang et al., 2016). Two additional “unknown” lines were selected for screening from a 

set of wheat alloplasmic lines developed in Japan (Tsunewaki, Wang, & Matsuoka, 1996; 

Tsunewaki, Wang, & Matsuoka, 2002). Alloplasmic lines are created by substitution 

backcrossing to replace the cytoplasmic genomes of one species (in this case, bread wheat) 

with those of another (in this case, wild wheat relatives) while maintaining the original 

nuclear genome background, and have shown promise for improving stress tolerance and 

other developmental traits (Liberatore, Dukowic-schulze, Miller, Chen, & Kianian, 2016). 

The two alloplasmic lines selected were Aegilops columnaris KU11-2 (CS) (abbreviated 

co(CS) hereafter) and Ae. speltoides aucheri KU2201B (CS) (abbreviated sp(CS) 

hereafter) with the cytoplasmic genome type preceding the nuclear genome background, 

which in this case is Chinese Spring (CS).  

Screening was performed in a hydroponic system in a Conviron growth chamber to ensure 

uniform conditions. Hydroponic systems are commonly used to screen plants for salt 

tolerance, including wheat. In all experiments, growth conditions in the Conviron were set 

at 22ºC during light conditions and 18ºC during the dark, 16h photoperiod, 375 μmol m-2 

s-1 light intensity, and 50% relative humidity. Three hydroponic tanks were used per 

treatment (control treatment: 0 mM NaCl and salt treatment: 200 mM NaCl). Each 

hydroponic tank contained a grid of 16 Cone-tainers (Ray Leach brand) filled with perlite. 
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Within each tank, there were four genotypes each with four individual replicates (4 cone-

tainers x 4 genotypes). For each treatment (salt or control), there were three replicate tanks; 

hence, there were a total of 48 (3 replications x 4 Cone-tainers x 4 genotypes) Cone-tainers 

for each treatment. The grid was placed into a tank just large enough to hold the grid, and 

20L of hydroponic solution was used per tank. Genotypes were randomly assigned to 

positions in each cone-tainer grid using the sample and matrix functions in R (version 

3.4.0). Aeration was supplied to each tank with an aquarium pump and two large airstones 

(at either end of the tank). Lines were transplanted into the tanks, and the lights and aeration 

were switched on 24 hours after transplanting. When leaf 1 emerged, ¼ strength 

Hoagland’s solution (PhytoTech H353) was added, and the pH was adjusted to 6.5. When 

leaf 2 emerged, the Hoagland’s was increased to ½ strength in all tanks and CaCl2 was 

added to the tanks destined for salt treatment in a 15:1 molar ratio of NaCl to CaCl2. When 

leaf 4 emerged, salt was added to the salt tanks gradually over 2 days to reach a final 

concentration of 200 mM. The water level and pH (to 6.5) were adjusted 3 times per week 

throughout the experiment. 

To compare the salt tolerance of four wheat lines, both aerial and root biomass was 

harvested separately for each individual plant two weeks after salt treatment was applied. 

Plant matter was dried at 60-65ºC for 4 days and then weighed. Dry weight data were 

analyzed in R (version 3.4.0) using ANOVA (car package, version 2.1-5) and linear mixed-

effect modeling (nlme package, version 3.1-120). For linear mixed-effect modeling 

analysis, dry weight was considered as the response in the analysis, salt level and genotypes 

were considered as fixed effects, and tank number was considered as a random effect. 

Model results were identical if tank position was considered as a nested-random effect of 

tank number, thus the results with tank number were used as the only random effect. To 

compare the response of the alloplasmics to the response of the euplasmic parents when 

the salt level is changed, the coefficient estimates of the lme model were examined. 

2.2.2  Hyperspectral image acquisition 

All tanks were transferred from the Conviron to greenhouse to take hyperspectral images 

under natural light conditions. To ensure that each hyperspectral image contained both salt 
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and control plants of a single wheat line, individual cone-tainers were removed from the 

randomized grid and arranged as salt and control tanks, each containing 12 cone-tainers as 

shown in Figure 2.1. After imaging, plants were placed back into their original randomized 

grid positions to avoid confounding effects from changing the tank position during the 

experiment.  

Image acquisition was done approximately 24 hours after salt application when there were 

no visual symptoms. To reduce the effects of sun angle and shade, images were captured 

close to noon (i.e., between 11:00 and 13:00 local time). A push broom (along-track 

scanner) hyperspectral camera (PIKA II, Resonon, Inc., Bozeman, MT 59715, USA) was 

used for image acquisition, which required constant movement during image capture for 

two-dimensional spatial information to be accurate. A glide gear slider was used to mount 

the camera on a horizontal bar. A Dayton DC gearmotor (model: 2L008, Dayton electric 

Mfg Co. Lake Forest, IL 60045, USA) was utilized to move the slider along at a set speed, 

with the camera oriented to face downwards. All of this was done as per (Moghimi, Yang, 

Miller, Kianian, & Marchetto, 2017). The camera scanned over 240 spectral channels 

ranging from 400 nm to 900 nm with a spectral resolution of about 2.1 nm and captured 

640 pixels in the cross-track direction (i.e., perpendicular to the direction of camera 

motion). The number of pixels in the along track direction was set to 2000 to assure both 

control and salt tanks of each line were captured in a single image. Therefore, the pixel size 

of each hyperspectral image, also known as hyperspectral data cube, was 2000×640×240, 

meaning each pixel has a 240 dimensional feature vector.  

The frame rate of the camera was adjusted based on the field of view (FOV), the distance 

between lens and target, and the speed of the camera motion as described by Moghimi et 

al. (2017). The field of view (FOV) of the camera lens was 33 degrees, and the distance 

between the target and lens was about one meter. The speed of the camera was set to 0.025 

m/s, thus the calculated frame rate was 27 frames per second to obtain square pixels (aspect 

ratio of 1:1). Gain and exposure time were adjusted appropriately based on light conditions 

to avoid over-exposure while taking advantage of the full dynamic range (12 bits). 
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2.2.3 Image preprocessing 

2.2.3.1 Radiometric calibration 

Raw images were radiometrically calibrated to account for non-uniform spatial and spectral 

responses of the sensor due to variability in gain and offset of each detector. Raw digital 

numbers (DNs) were converted to radiance (𝑊𝑚−2𝑠𝑟−1𝑛𝑚−1) using the radiometric 

calibration file provided by the camera manufacturer. Radiance was then converted to 

reflectance to normalize image data based on incoming solar irradiance so objects could be 

compared more objectively across images and across capture dates. A Spectralon panel 

(Labsphere, Inc., North Sutton, NH, USA) was placed in each image and was used as a 

reference to convert from radiance to reflectance. Spectralon reflects ~99.7% of incident 

light equally in all directions regardless of the illuminated light angle. Radiometric 

conversions were performed using Spectronon Pro software (Resonon, Inc., Bozeman, MT, 

USA).  

2.2.3.2 Noisy band removal 

Due to high noise, the first and last five bands were removed prior to any analysis. In 

addition, spectral bands from 753 to 766 nm and also from 813 to 827 nm were disregarded 

since they were noisy bands near the O2 (~760 nm) and H2O (820 nm) absorption regions. 

Following band removal, 215 of 240 bands were used for analysis. Subsequent analyses 

were performed using MATLAB R2017a (MathWorks, Inc., Natick, MA, USA).  

2.2.4 Vegetation mask 

Segmentation of the target of interest from background is a key step in image analysis. To 

segment vegetation pixels from background pixels, a binary mask was created by 

thresholding the normalized difference vegetation index (NDVI) (Rouse, Haas, Schell, & 

Deering, 1973) and excessive green index (EGI) (Moghimi, Aghkhani, Golzarian, Rohani, 

& Yang, 2015). The masks were then multiplied together element-wise to generate a 

primary mask for leaf segmentation (Figure 2.1 – step I). Pixels near leaf edges were likely 

to have spectral characteristics of mixed pixels, because they were located near the 
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vegetation/background boundary. To assure these mixed pixels would not pass the 

vegetation mask, a morphological operation (erosion with 3x3 matrix of ones as structuring 

element) was applied on the primary mask to check the connectivity of each pixel with its 

neighbors. Pixels from the primary binary mask that were connected with less than eight 

neighbors were excluded from the final mask (Figure 2.1 – step II). This final mask was 

then used to extract all vegetation pixels from the hyperspectral data cube. The masked 

hyperspectral data cube was converted to a 2D matrix X whose rows were features (i.e., 

wavelengths) and columns were samples (i.e., pixels) and subsequent analysis was 

performed on matrix X. 

 

 

 

2.2.5 Data analysis 

2.2.5.1 Normalized reflectance difference 

Matrix X was split into two matrices: matrix C (𝑑 × 𝑛𝑐) contained only control pixels and 

matrix S (𝑑 × 𝑛𝑠) contained only salt pixels where 𝑑 denotes the number of bands,  𝑛𝑐 and 

𝑛𝑠 represent the number of control and salt pixels from a single hyperspectral image, 

Figure 2.1. Two steps of creating vegetation binary mask, step I: segmentation of vegetation pixels from 

background using spectral indices (normalized difference vegetation index and excessive green index), and 

step II: filtering of mixed pixels at leaf edges using morphological operation (erosion with a 3 × 3 matrix of 

ones as structuring element). 
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respectively. The average reflectance for pixels of both treatments (control and salt) was 

calculated over all wavelengths for each wheat line to determine how the reflectance 

patterns varied due to salt stress. For this purpose, we proposed a method referred to as the 

normalized reflectance difference (NRD). For each wheat line, NRD was calculated as 

follows:  

𝑁𝑅𝐷𝑖 =  
[
1
𝑛𝑐

 ∑ 𝐶𝑖𝑘 ] − [ 
1
𝑛𝑠

 ∑ 𝑆𝑖𝑘 ]   
𝑛𝑠
𝑘=1

𝑛𝑐
𝑘=1

[
1
𝑛𝑐

 ∑ 𝐶𝑖𝑘 ] 
𝑛𝑐
𝑘=1

 
i = 1,…,d (2.1) 

𝑁𝑅𝐷𝑖 represents the difference between the average reflectance of pixels representing 

control and salt treatments divided by the average reflectance of the control at band i.  

2.2.5.2 Endmembers extraction  

It should be noted that those vegetation pixels that could pass the segmentation steps might 

not be pure pixels because of limiting factors such as leaf angle, leaf curvature, and shadow. 

Therefore, to extract the spectral signatures for salt stressed and control plants, the most 

pure pixels for each class (salt and control class) should first be identified among the pixels 

passed from the segmentation steps. These pure pixels can be considered as endmembers 

of the two classes. Each hyperspectral image contained only a single wheat line, but 

included both salt and control treatments. Consequently, there were only two potential 

classes and subsequently two respective endmembers in each image. These endmembers 

are the most spectrally pure pixels in the hyperspectral image. The assumption of pure 

pixels existence can be correct because of the high spatial resolution we attained (~1 mm).  

Based on the strategy proposed by Winter (1999), endmember pixels in a feature space are 

the vertices of a simplex that has the maximum volume compared to any other simplex 

formed by other pixels. To elaborate, consider each pixel as a point in a d-dimensional 

feature space where d is the number of bands. From prior assumption, there could be n 

endmembers which are pure pixels in the image. These n endmembers are the vertices of a 

(n-1)-simplex that has the maximum volume in a d-dimensional spectral feature space 

spanned by all pixels (i.e., this simplex contains the majority of pixels in the feature space). 
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Several algorithms and techniques for extracting endmembers based on this idea have been 

developed with the intention of improving computational time and accuracy (T. H. Chan, 

Ma, Ambikapathi, & Chi, 2011; Thurau, Kersting, Bauckhage, Iais, & Augustin, 2010; 

Winter, 1999). To find the unique set of two endmembers comprising the vertices of a 1-

simplex in this study, successive volume maximization (SVMAX) was utilized. SVMAX 

has a modified objective function in which endmembers are identified recursively through 

a successive optimization problem (T. H. Chan et al., 2011). In each image, SVMAX 

identified two pixels that were the furthest from each other in the high-dimensional feature 

space, each representing one class: salt and control. 

2.2.5.3 Measurement of pixels similarity to endmembers  

Similarity measurement by solving a quadratic optimization problem 

Once endmembers were identified, other pixels were represented as a convex combination 

of the endmembers. This is a factorization problem in which the matrix of data X is 

factorized as the product of two other matrices, W and H (Thurau, et al., 2010). Matrix W 

contains the endmembers extracted using the SVMAX algorithm, and matrix H is the 

matrix of coefficients. To find H, the Frobenius norm of  ‖𝑋 − 𝑊𝐻‖𝐹 can be minimized 

with two constraints: 

The jth column of X (xj: 215×1) can be represented as matrix multiplication of W (215×2) 

and the vector of coefficients located at the jth column of H (hj: 2×1), which can be 

interpreted as the abundance of corresponding endmembers in a particular pixel. These 

coefficients are most commonly used in spectral unmixing techniques to identify the 

abundance of each endmember. However, these endmember coefficients are interpreted as 

the ‘similarity’ of a given pixel to the salt and control endmembers in the current study. 

Therefore, all coefficients should be non-negative and less than or equal to one. 

Furthermore, the summation of coefficients (each column of H) for each pixel needs to be 

𝑚𝑖𝑛 ‖𝑋 − 𝑊𝐻‖𝐹 
(2.2) 

 𝑠. 𝑡. {
1𝑇.  ℎ𝑗 = 1

 0 ≤ ℎ𝑖𝑗 ≤ 1
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equal to one. Larger coefficients represent more spectral similarity between a given pixel 

and its corresponding endmember. 

The matrix of coefficient H can be calculated by solving Eq. (2.3) as a quadratic 

optimization problem as follows. 

min    
ℎ𝑗

1

2
 ℎ𝑗

𝑇𝑄ℎ𝑗 + 𝑐𝑇ℎ𝑗  ,            𝑗 = 1,… ,𝑁 

(2.3) 

𝑠. 𝑡. {
1𝑇.  ℎ𝑗 = 1

 0 ≤ ℎ𝑖𝑗 ≤ 1
 

 

where  

𝑄 = 2𝑊𝑇𝑊 
(2.4) 

𝑐 =  −2𝑊𝑇𝑥𝑗 

The algorithm (interior-point-convex) used to solve this optimization problem ran 

iteratively N times, where N was the number of pixels. Such an algorithm is not scalable 

for  

high-throughput phenotyping on a large scale due to the fact that there are hundreds of 

images, each containing thousands of pixels, and the algorithm should iteratively run for 

every single pixel.  

2.2.5.3.1 Vector-wise similarity measurement  

In this study, a more efficient technique, referred to here as vector-wise similarity 

measurement (VSM), is proposed to obtain the matrix of coefficients based on the concept 

that the two endmembers representing the salt and control classes are the two most 

separated pixels in the feature space. Thus, other pixels can be projected to a line passing 

between these two endmembers. The distance between the projected point and each of the 

endmembers can be a measure of similarity, indicating how similar the spectrum of a given 

pixel is to salt and control endmembers. Figure 2.2 depicts the graphical illustration of the 

VSM method. For the purpose of visualization, Figure 2.2 illustrates the similarity of a 
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given pixel to either of the endmembers only in a two-dimensional feature space spanned 

by two bands. Note that this technique was implemented in the full dimensional feature 

space of hyperspectral images. 

 

 

In Figure 2.2, �⃗⃗� 1 and �⃗⃗� 2 are the vectors of control and salt endmembers, respectively, and 

𝑟  is a vector representing a given pixel. The distance between a given pixel and the two 

endmembers is calculated as follows: 

𝑃𝑐 = 
|⟨𝑐, 𝐿⟩|

‖𝐿‖
 (2.5) 

Figure 2.2. Graphical illustration of the vector-wise similarity measurement (VSM) method to 

determine the similarity of a given pixel to control and salt endmembers in a 2D feature space. 
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𝑃𝑠 = 
|⟨𝑠, 𝐿⟩|

‖𝐿‖
 

where  𝑐 =  (𝑟 − �⃗⃗� 1),  𝑠 =  (𝑟 − �⃗⃗� 2), �⃗� =  (�⃗⃗� 1 − �⃗⃗� 2), 𝑃𝑐 and 𝑃𝑠 are the absolute values 

of the scalar projection of 𝑐  and 𝑠  on �⃗� , respectively. In order to impose the constraints 

similar to Equation (2.2), 𝑃𝑐 and 𝑃𝑠 were normalized based on the distance between the two 

endmembers (�⃗� ).   

𝐷𝑐 = 
𝑃𝑐

‖𝐿‖
=  

|⟨𝑐, 𝐿⟩|

‖𝐿‖2
 

(2.6) 

𝐷𝑠 = 
𝑃𝑠

‖𝐿‖
=  

|⟨𝑠, 𝐿⟩|

‖𝐿‖2
 

where 𝐷𝑐 and 𝐷𝑆 are the normalized distance between the projected point of a given pixel 

to the control and salt endmember, respectively; their summation is equal to one (𝐷𝑐 +

𝐷𝑠 = 1). Note that similarity S can be defined as S = 1 – D (i.e., similarity decreases as 

distance increases).  

The processing time for VSM (~ 70 seconds) was approximately 3500 times faster than the 

quadratic optimization algorithm (~ 0.02 seconds) using the same dataset (~15000 pixels) 

and processing power. It was substantially faster because the similarity of all pixels can be 

calculated through matrix multiplication rather than going through an iterative loop. In 

addition, no constraint was needed for VSM, whereas two constraints had to be met in each 

optimization loop of the quadratic optimization approach.   

Since the two distances calculated for pixels complement each other (i.e., they sum up to 

one), each pixel can be represented with a single value that represents the similarity of a 

pixel to either of the treatments. Representing pixels in this manner allows dimensionality 

to be reduced from 215-D to 1-D and more notably, allows for quantification of pixel 

similarity to either endmember. In this study, the similarity of individual pixels to the salt 

endmember was extracted as a row vector from the coefficient matrix obtained by VSM 

for further analyses. The equivalent row and column subscript values corresponding to a 

single index of similarity vector were determined to assign similarity values to the 
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corresponding non-zero pixels that could pass the mask in a given image. Figure 2.3 shows 

the result of mapping from similarity vector of the CS line to a gray scale image. In this 

image non-zero pixels represent the similarity of control and salt pixels to the CS salt 

endmember and pixels equal to zero represent the masked background. To illustrate the 

structure of similarity values in a proper manner, the gray scale image was transferred to a 

colormap image (Figure 2.3-b). 

 

 

2.2.5.4 Analysis of similarity vector obtained by VSM 

Two methods were used to analyze the similarity vector/gray-scale image obtained by 

VSM for each line. 

Figure 2.3. Similarity of pixels to the salt endmember for CS line. (A) Similarity of pixels to salt 

endmember represented as a gray scale image (bright colors denote more similarity). (B) Similarity 

of pixels to salt endmember represented as a colormap (larger values in colorbar denote more 

similarity). 
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2.2.5.4.1 Histogram distance 

The similarity vector obtained by VSM can be represented as a univariate histogram per 

each class to investigate the distribution of two classes for each line. To assess the tolerance 

of a wheat line to salt stress, histogram distance between the control and salt class was 

measured. The histogram distance indicates how much the imposed salt treatment caused 

a shift in the similarity distribution between the control and salt classes.  

A metric distance measure called the minimum difference of pair assignments (MDPA) 

was used to measure the histograms distance (Cha & Srihari, 2002).  MDPA was selected 

because the type of similarity histogram was ordinal in which order of bins matters. 

Moreover, similarity/difference between non-overlapping parts of control and salt 

histograms should be considered in measuring histograms distance. According to Cha & 

Srihari (2002), MDPA accounts for the similarities of the entire histograms, including 

overlapping and non-overlapping bins, while other methods such as Bayes error only 

consider the intersection of histograms for distance calculation. In addition, commonly 

used methods such as Euclidean distance and Bhattacharyya distance will remain 

unchanged if we permute the histogram bins. This ‘shuffling invariant’ property is not 

suitable for calculating the similarity of two ordinal type histograms.  

MDPA was calculated based on the equation proposed by Cha & Srihari (2002) as follows: 

where 𝐻(𝐶) and 𝐻(𝑆) are the similarity histogram of control and salt classes to salt 

endmember, respectively; and b is the number of bins. In this study, the number of bins 

was set to 100 and therefore, the width of each bin was 0.01 because the similarity ranged 

from zero and one.    

According to the MDPA equation, the distance between control and salt histograms is the 

minimum required sample replacements among bins such that the salt histogram becomes 

identical to the control histogram. This requires that the number of samples (i.e., pixels) be 

𝐷(𝐻(𝐶), 𝐻(𝑆)) =  ∑ |∑(𝐻𝑗(𝐶) − 𝐻𝑗(𝑆))

𝑖

𝑗=0

|

𝑏−1

𝑖=0

 (2.7) 
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identical for both control and salt class. However, it is rare that the number of 

samples/pixels belonging to the control and salt classes be equal after initial image 

processing. To account for the problems associated with an imbalanced dataset, the larger 

dataset was sub-sampled using a stratified random sampling method in which each bin was 

randomly sub-sampled based on the ratio between samples of the smaller and larger 

datasets. The stratified random sampling assured that the distribution of the sub-sampled 

dataset remained unchanged, which was required for MDPA to achieve proper results. In 

addition, MDPA, obtained from Equation (2.7) for each wheat line, was divided by the 

number of pixels belonging to one of its histograms (either salt or control histogram since 

they have equal number of pixels after subsampling) to account for the difference between 

the numbers of pixels among the wheat lines. 

2.2.5.4.2 Bayesian inference 

After sub-sampling, the gray-scale image obtained by VSM per each wheat line had equal 

number of salt and control pixels, each representing the similarity to the salt endmember. 

To make inferences about the tolerance of each wheat line using these gray-scale images, 

the posterior probability of salt class was calculated using Bayesian inference. The 

framework of the Bayesian inference is Bayes’ rule, which was written in this study as: 

(2.8) 

𝑃(𝑠𝑎𝑙𝑡|𝑥) =  
𝑃(𝑠𝑎𝑙𝑡) × 𝑃(𝑥|𝑠𝑎𝑙𝑡)

𝑃(𝑥)
 =  

𝑃(𝑠𝑎𝑙𝑡) × 𝑃(𝑥|𝑠𝑎𝑙𝑡)

𝑃(𝑠𝑎𝑙𝑡) × 𝑃(𝑥|𝑠𝑎𝑙𝑡) + 𝑃(𝑐𝑜𝑛𝑡𝑟𝑜𝑙) × 𝑃(𝑥|𝑐𝑜𝑛𝑡𝑟𝑜𝑙)
 

where 𝑃(𝑠𝑎𝑙𝑡|𝑥) is the posterior probability of salt class given an observation x. 𝑃(𝑥|𝑠𝑎𝑙𝑡) 

is the class-conditional probability which is the conditional probability of observation x 

given salt class, and 𝑃(𝑥) is the evidence representing the occurrence probability of 

observation x. 𝑃(𝑠𝑎𝑙𝑡) is the prior probability, and it was calculated as the ratio of the 

number of salt pixels to the total number of vegetation pixels in a single image. The 

posterior would have been biased toward the larger class if the dataset were imbalanced, 

and this is why stratified random sampling was performed in an earlier step. After sub-

sampling, each class had an equal number of pixels, and therefore, an equal prior (𝑃(𝑠𝑎𝑙𝑡) =

𝑃(𝑐𝑜𝑛𝑡𝑟𝑜𝑙) = 0.5). As a result, Eq. (2.8) can be simplified by canceling out the equal prior 
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of salt and control classes from the numerator and denominator. 

In this study, the similarity of pixels to the salt endmember, denoted as s, was considered 

as the observation x. To compute the class-conditional probability for salt and control 

classes, the similarity values of each class, which were continuous, were discretized into 

two ordinal bins by specifying 0.5 as the split point. Pixels with more similarity to the salt 

endmember (s > 0.5) were categorized in one bin and pixels with more similarity to the 

control endmember (s ≤ 0.5) were categorized in the other bin. Afterward, the posterior 

probability of salt class for pixels with more similarity to the salt endmember (i.e., 

𝑃(𝑠𝑎𝑙𝑡|𝑠 > 0.5)) was calculated for each of the wheat lines as follows: 

 

Eq. (2.8) was derived from Eq. (2.8) by canceling out the equal prior of salt and control 

classes and considering s > 0.5 as the observation. The numerator of Eq. (2.8) is the fraction 

of salt pixels with more similarity to the salt endmember to the total number salt pixels, 

and the denominator represents the fraction of all vegetation pixels with s > 0.5 to the total 

number of vegetation pixels within a single image.  

For a susceptible line, the spectral response of pixels representing the salt stressed plants 

become more district from that of the control plants because of physiological and metabolic 

alteration in stressed plants. As a result, the salt pixels shift more toward the salt 

endmember and become more distinct from the control endmember; and hence, the number 

of similar pixels to the salt endmember among salt treatment pixels (𝑃(𝑠 > 0.5|𝑠𝑎𝑙𝑡)) is 

much larger than the number of pixels similar to the salt endmember among control pixels 

(𝑃(𝑠 > 0.5|𝑐𝑜𝑛𝑡𝑟𝑜𝑙)). Therefore, it can be inferred that a susceptible line should have a 

larger posterior probability of salt class (𝑃(𝑠𝑎𝑙𝑡|𝑠 > 0.5)) than a tolerant line in which a 

given pixel with more similarity to the salt endmember can be assigned to the salt class 

with a lower confidence as its posterior probability of salt class is relatively lower.  

𝑃(𝑠𝑎𝑙𝑡|𝑠 > 0.5) =  
𝑃(𝑠 > 0.5|𝑠𝑎𝑙𝑡)

𝑃(𝑠 > 0.5|𝑠𝑎𝑙𝑡) +  𝑃(𝑠 > 0.5|𝑐𝑜𝑛𝑡𝑟𝑜𝑙)
 

(2.9) 
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2.3 Results 

2.3.1 Conventional biomass measurement to assess salt tolerance 

The primary objective of this research was to quantitatively rank wheat lines based on salt 

tolerance using HSI. As a case study, four Triticum aestivum bread wheat lines (see 

Methods for full description) were selected for assessment of salt tolerance with destructive 

biomass measurements in parallel with HSI.  

Many different molecular, physiological, and growth parameters can be used to assay salt 

tolerance differences between genotypes, including Na+ uptake, the ratio of K/Na+, 

photosynthetic activity (Nxele, Klein, & Ndimba, 2017), gene expression (Agarwal et al., 

2013), and aerial and root biomass in salt versus control conditions over extended growing 

periods (Munns & James, 2003). To assess salt tolerance, salt treatments were applied for 

two weeks, and then root and aerial biomass were measured on a dry weight basis.  

According to previous studies, Kharchia is a salt tolerant line since it maintains a stable 

harvest index and yields well in high salt conditions (Munns et al., 2006; Schachtman et 

al., 1992), while CS is a salt-sensitive cultivar (Zhang et al., 2016). Therefore, the main 

objective of performing conventional phenotyping was to identify the tolerance of the two 

unknown additional alloplasmic lines, co(CS) and sp(CS). The results of biomass 

measurements for these two lines were compared with CS since they contain the exact 

same nuclear background as CS, which allowed for a direct comparison of biomass to CS.  

The biomass measurements revealed that both CS and sp(CS), unlike co(CS), showed a 

reduction in both aerial and root biomass after growth in the presence of 200 mM NaCl 

(Figure 2.4). The analysis of variance found significant interactions at all levels for aerial 

and root biomass, including between salt level and genotype (Supplemental Table 2.1). A 

closer examination of effect sizes using linear mixed modeling showed significantly less 

change in aerial and root biomass from 0 to 200 mM in co(CS) when compared to CS 

(Supplemental Table 2.2), indicating that the alloplasmic line co(CS) is more salt tolerant 

than the nuclear donor CS in terms of salt effect on biomass. However, overall growth rate 
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may be impacted in co(CS), as biomass in the absence of salt is less than that of CS. A 

possible explanation for this observation is that altered nuclear-cytoplasmic 

communication in this line could lead to improper expression of organellar (or nuclear) 

transcripts involved in stress tolerance, therefore “priming” the alloplasmic for stress and 

reducing sensitivity to salt stress (as measured by the difference in biomass between 0 and 

200 mM). 

The response of the other alloplasmic line (i.e., sp(CS)) was not significantly different 

when compared to CS (Supplemental Table 2.2); however, it trended towards less change 

in response to salt compared to CS for aerial biomass. The change in root biomass was 

almost identical to that of CS. Based on these observations, it can be inferred that sp(CS) 

is slightly more tolerant than CS.  

Although it is historically known that Kharchia is more tolerant than CS, the result of 

biomass measurements of Kharchia was also compared with CS to examine if the 

conventional biomass measurement could capture the difference between these two lines 

with dissimilar genome backgrounds.  Intriguingly, the magnitude of aerial biomass change 

between the control and treatment in the highly salt-tolerant Kharchia cultivar was not 

significantly different when compared with salt-sensitive CS (Figure 2.4 and Supplemental 

Table 2.2). However, similar to sp(CS), the trend was also towards a smaller change in 

response to salt than CS. This indicates that biomass measurement, although a convenient 

parameter to measure in a lab environment, may not always reflect the actual field 

performance in desirable traits such as harvest index or yield. This is consistent with 

previous results that showed a substantial biomass decrease for Kharchia in the presence 

of salt, yet also a high relative yield and harvest index (Schachtman et al., 1992). Without 

the substantial historical knowledge of how Kharchia was derived from Indian landraces 

adapted to sodic soils (Munns et al., 2006), the assessment of salt tolerance with hydroponic 

screening and biomass measurement for this study may have missed this highly valuable 

source of germplasm. 
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Based on the results of our conventional salt tolerance and historical knowledge, we can 

conclude that Kharchia and co(CS) are more salt-tolerant than sp(CS) and CS. In addition, 

the time-consuming and laborious process of conducing the conventional biomass 

measurement for salt tolerance assessment underscored the need for more informative and 

quantitatively precise screening techniques to rapidly and non-destructively assess salt 

tolerance, particularly when comparing cultivars with drastically different genetic 

backgrounds and growth regimes, such as Kharchia and CS that differ in vernalization 

requirements and photoperiod sensitivity (Koebner, Martin, Orford, Miller, & Lupton, 

1996). However, since co(CS) and sp(CS) have identical nuclear backgrounds to CS but 

only differ in their organellar genomes, direct comparisons of biomass are more valid. 

Figure 2.4.  Aerial and root biomass in control (left bars) and salt (right bars) conditions. The upper 

panel shows aerial biomass and the lower panel shows root biomass for Chinese Spring (CS), the two 

alloplasmic lines Ae. columnaris(CS) (co(CS)) and Ae. speltoides(CS) (sp(CS)), and Kharchia. 
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2.3.2 Normalized reflectance difference 

To gain an overall view of how the four wheat lines differed in response to salt-stress, 

normalized reflectance difference (NRD) was examined. NRD in Eq. (2.1) indicates how 

much the reflectance of the salt class changed compared to the control class in response to 

the imposed stress (Figure 2.5). According to the NRD, Kharchia is the most tolerant 

among the four lines, which is consistent with previous studies and historical knowledge 

(Munns et al., 2006; Schachtman et al., 1992) but inconsistent with assessment of salt 

tolerance with biomass measurement. On the other hand, CS appears to be the most 

susceptible due to the larger difference between average reflectance of control and salt 

pixels. This observation was consistent with both previous studies (Zhang et al., 2016) and 

biomass measurement in this study. Based on NRD, the two alloplasmic lines, co(CS) and 

sp(CS), are somewhere in between Kharchia and CS. The NRD method alone provides a 

rapid and brief insight to identify the tolerant lines, but not in a quantitative manner. A 

quantitative ranking can be generated by calculating the area under the NRD curve as the 

summation area of all trapezoids formed between two successive bands and the NRD 

curve. To give more physical meaning to the area under NRD, wavelength (nm) of the x-

axis was converted to energy (J) using the Planck equation. Consequently, area under the 

curve (AUC) can be presented in the unit of energy. The results of AUC for the wheat lines 

are shown in Figure 2.6. The order of lines in terms of their tolerance to salt based on AUC 

is similar to the results achieved by conventional biomass assessment, except that we could 

detect the strong salt tolerance of Kharchia more readily with AUC. It is also notable that 

both alloplasmic lines show smaller AUC than the CS nuclear donor. 
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Figure 2.6. Area under the normalized reflectance difference curve calculated as the summation area of all 

trapezoids formed between two successive bands and the NRD curve (wavelength (nm) on x-axis was 

converted to energy (J) using the Planck equation). 

Figure 2.5. Normalized reflectance difference (NRD) of wheat lines, indicating how much the averaged 

reflectance of the salt pixels changed compared to the control pixels in response to the imposed salt stress 

on each wheat line. 
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2.3.3 Endmembers extraction using SVMAX 

Figure 2.7 presents the salt and control endmember locations of CS with respect to other 

pixels where all of the pixels extracted to find endmembers have been projected onto the 

first three components of principal components analysis for visualization purposes. It is 

evident that the endmembers identified by SVMAX are the pixels located at the extremes 

in the space spanned by the first three principal components.  

 

 

 

For this study, the endmembers are assumed to be the pixels that represent either the control 

or salt treatments. Afterwards, the reflectance of other pixels can be represented as the 

similarity to either of these endmembers while reducing the dimensionality from 215 to 

one.  

Figure 2.7 illustrates how pixels belonging to each of the two classes are intertwined (i.e., 

many occupy similar feature space) while a slight shift toward the lower values of PC1 can 

Figure 2.7. Control and salt endmembers identified by SVMAX for CS line as the furthest away pixels 

form each other illustrated in a space spanned by the first three principal components (i.e., PC1, PC2, 

and PC3). Green and yellow circles represent control and salt pixels, respectively. 
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be observed. One explanation for this intertwinement is that reflectance of a plant is not 

only a function of health status but it also depends on other parameters such as leaf angle, 

geometry of leaf, and configuration of sensor, leaf surface, and light source. As a result, 

we focused on the distribution of similarity to salt endmember for control and salt pixels 

rather than a pixel-by-pixel analysis. 

2.3.4 Histogram distance measure 

The distributions of pixel similarity to the salt endmember for control or salt treatments are 

illustrated via histogram (Figure 2.8). CS had the largest mean shift of salt pixels toward 

the salt endmember from 𝑚𝑐 = 0.50 to 𝑚𝑠 = 0.66 indicating that it is the least tolerant 

line. It is also notable that the standard deviation decreased with salt induction causing the 

pixels to aggregate towards the salt endmember. In the similarity distribution of the salt 

stress class of CS, there were no pixels similar to the control endmember. 

 For Kharchia, the mean of the salt pixels’ similarity to the salt endmember remained 

approximately unchanged compared to the control pixels (𝑚𝑐 ≅ 𝑚𝑠), and the standard 

deviation changed slightly (Figure 2.8). This suggests that the distribution of control and 

salt pixels between the two endmembers was similar for both conditions.  

The mean of salt pixels’ similarity to the salt endmember for co(CS) and sp(CS) shifted to 

the larger value indicating that salt stress caused the spectral response of pixels to change. 

However, this shift was lower compared to CS line in which salt stress made a large 

difference between the control and salt distribution. 

Except for Kharchia (the most tolerant wheat line), salt stress caused the similarity 

distribution of pixels belonging to the salt class to shift toward the salt endmember and 

caused the standard deviation to decrease. 
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To quantify the histogram shift due to the imposed salt stress, MDPA was calculated based 

on Eq. (2.7). Based on MDPA, CS has the largest distance between its salt and control 

classes, whereas Kharchia has the lowest distance (Figure 2.9). Except for Kharchia, that 

has been discussed ad nauseam, the results of MDPA for ranking wheat lines are similar to 

the results of conventional biomass measurement. 

 

Figure 2.8. Histogram of similarity to salt endmember for control and salt pixels of the four wheat lines. 

Kharchia, as a tolerant line, and CS, as a susceptible line, have the smallest and largest mean shift of 

salt pixels (mc) toward the salt endmember, respectively. 
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2.3.5 Posterior probability  

To provide an additional method to quantify salt tolerance of lines, we also calculated the 

posterior probability of salt class for each line if a given pixel is more similar to the salt 

endmember (i.e., 𝑃(𝑠𝑎𝑙𝑡|𝑠 > 0.5). Table 2.1 presents the posterior probability, prior, class-

conditional probability, and evidence for each wheat line. As expected, CS had the largest 

posterior probability. This indicated that if a pixel of CS was more similar to the salt 

endmember, then this pixel could be classified as salt class with a higher confidence in 

comparison with other lines. The relatively large posterior probability of salt class for CS 

also implied that the spectral response of salt treated plants became more distinct than 

control plants even after a short time (only one day after salt application) such that the salt 

pixel were more similar to the salt endmember and more distinct from the control pixels. 

This can be attributed to the susceptibility of CS to salt stress. However, no such inference 

could be made for Kharchia because pixels with more similarity to the salt endmember 

could not be classified with high confidence to salt class. In addition, the subtle difference 

of posterior and prior probabilities of Kharchia implied that the imposed salt stress did not 

have a significant impact on the spectral response, and hence, the salt and control pixels of 

Kharchia were alike in terms of similarity to the salt endmember.   

Figure 2.9. Results of the minimum difference of pair assignments (MDPA) for 

calculating histogram distance between distribution of similarity to salt endmember for 

control and salt pixels. 



 

40 

The quantified ranking of wheat lines based on Bayes’ rule is consistent with the MDPA 

ranking, and similar to the results of biomass measurement. Again, we could readily detect 

the robust salt tolerance of Kharchia compared to CS, which was missed with conventional 

phenotyping. We could also quantify differences between the nuclear donor CS and the 

two alloplasmic lines, co(CS) and sp(CS). The result of posterior probability indicates that 

HSI could be useful to measure subtle changes which are less noticeable with conventional 

phenotyping. 

Table 2.1. Bayes’ rule components (prior, class-conditional probability, evidence, and posterior) for 

wheat lines  

 P(salt) P(s>0.5|salt) P(s>0.5) P(salt|s>0.5) 

Kharchia 50.00% 68.61% 68.32% 50.21% 

CS 50.00% 89.77% 70.88% 63.33% 

co(CS) 50.00% 86.21% 74.84% 57.60% 

sp(CS) 50.00% 89.32% 75.70% 59.00% 

 

The similarity values were also discretized into 10 ordinal bins to observe how the posterior 

probability of both salt and control class vary over the variation range of similarity to the salt 

endmember (i.e., 𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟𝑖 = {𝑃(𝑐𝑙𝑎𝑠𝑠𝑖|𝑠𝑗) 𝑠. 𝑡. 𝑠𝑗 ∈ 𝑏𝑖𝑛𝑗 , 𝑗 = 1, … ,10}, 𝑎𝑛𝑑 𝑖 ∈

{𝑐𝑜𝑛𝑡𝑟𝑜𝑙, 𝑠𝑎𝑙𝑡}) (Figure 2.10). The distribution of posterior probability of the two classes 

for Kharchia, the most tolerant line, represented a high degree of uncertainty in making 

inference because posterior probabilities of the two classes fluctuated throughout the 

similarity bins. This fluctuation can be associated with the absence of significant difference 

in spectral response of control and salt pixels due to the high degree of tolerance to salt 

stress in Kharchia. For the other wheat lines, the posteriors of two classes intersect at one 

point, which can be considered as the threshold of decision for making inferences. For 

co(CS), the second most tolerant line, posteriors fluctuated after the threshold point, such 

that the posterior of salt class is highly likely indicating the moderate tolerance of co(CS) 

line to salt stress. However, for CS and sp(CS), the two most susceptible lines, posterior 

probability of control and salt classes diverged after the decision point. In general, 

𝑃(𝑠𝑎𝑙𝑡|𝑠𝑗) of these two susceptible lines monotonically increased as similarity to the salt 
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endmember increased. The trend of posteriors for these two wheat lines indicated how salt 

pixels became more distinct than control pixels in response to the imposed salt stress. 

 

 

 

To illustrate the result of posterior probability more intuitively, 𝑃(𝑠𝑎𝑙𝑡|𝑠𝑗) for all pixels in 

each wheat line image is shown as a colormap in which a distinct color was used to 

highlight the difference between posterior probability of pixels in control and salt regions 

Figure 2.10. Posterior probability of belonging to control and salt classes given similarity to salt 

endmember. Posterior probability was calculated for each individual 10 bins of similarity to salt 

endmember. 
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(Figure 2.11). According to Figure 2.11, the control and salt pixels of CS, the most 

susceptible line, can be visually distinguished, whereas the majority of Kharchia pixels, 

regardless of belonging to either class, have a similar posterior probability.  

 

 

  

Figure 2.11. Posterior probability of belonging to salt class given similarity to salt endmember for 

control and salt pixels of each wheat line [i.e., P(salt|s)]. 
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2.4 Discussion 

Three methods including area under the NRD curve, MDPA, and posterior probability were 

utilized in this study to analyze hyperspectral images of wheat lines. In all methods, salt 

stress treatment of each line was compared to its control treatment because differences in 

spectral responses of a given line may not necessarily be related to the imposed stress, but 

rather to differences in inherent characteristics such as having waxy and/or darker leaves. 

The order of ranking of the examined wheat lines was similar for all of these methods. 

Kharchia was ranked as the most tolerant line followed by co(CS) and sp(CS). CS was 

identified as the most susceptible line by all three methods. In addition to ranking the wheat 

lines, more inferences could be made from calculating the posterior probability compared 

to the other two methods. For instance, it could provide the ability to observe the variations 

of posterior probability over all similarity bins (Figure 2.10). This observation can be used 

to define a threshold of making a decision for classification purposes if the classification 

of salt and healthy plants is of interest.  

In this section, results and achievements of this research study are discussed. 

2.4.1 Quantitative ranking 

Our findings revealed that conventional phenotyping methods to identify salt tolerant 

wheat lines could be replaced by the fast and non-invasive methodology proposed in this 

study. It was surprising to find that the conventional assessment of salt tolerance with 

biomass measurement was not consistent with the anecdotal and historical evidence of salt 

tolerance for the Indian landrace Kharchia. However, biomass measurements of Kharchia 

were indeed consistent with previous studies that documented a significant biomass 

decrease, yet stable harvest index and yield in response to salt stress (Schachtman et al., 

1992). Kharchia does show a significantly reduced level of Na+ uptake in the 5th leaf when 

compared to salt-sensitive cultivars, which likely explains the stable harvest index of this 

line (Schachtman et al., 1992). Based on these contradictory findings, it appears that the 

most informative way to conventionally assess salt tolerance is to measure multiple growth 

and physiological parameters simultaneously. However, this is laborious, expensive, and 
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not feasible for many lines or populations simultaneously as is required for breeding 

programs. In contrast, our method could be used to quantitatively and objectively rank salt 

tolerance of individual wheat lines in a non-destructive and cost-effective manner. 

Moreover, the proposed method could be successfully used to detect subtle differences 

between lines, such as between alloplasmics and euplasmics. 

2.4.1.1 Early detection 

Detection of tolerant wheat lines was achieved as early as one day after the salt treatment 

when no visual symptoms were observed, and physiological and growth measurements 

were not yet possible. Early detection enables faster screening cycles and reduces the 

energy and costs needed to maintain plants in a controlled environment. The findings of 

this experiment provide evidence that breeders and plant geneticists would be able to 

properly manage time, energy, cost, and space in greenhouses while maintain accuracy and 

improve precision by implementing HSI and the proposed analytical methods. Faster 

assessment of stress tolerance is a major advantage to breeding programs and basic research alike.  

2.4.1.2 Analysis of complex and high dimensional hyperspectral images 

Appropriate preprocessing tasks and machine learning techniques were utilized to leverage 

the full potential of HSI in a phenotyping context. The achievements of this study in the 

context of hyperspectral image analysis are discussed in the following sub-sections.  

2.4.1.2.1 Elimination of mixed pixels  

A mixed pixel contains spectral information derived from a combination of objects that 

inherently have varying spectral characteristics. Mixed pixels are often located along the 

edges of objects in images, especially when the spatial resolution of an image is finer than 

the individual objects contained in the image (e.g., a leaf). In this study, mixed pixels along 

the edges of leaves were eliminated from the binary vegetation mask using morphological 

image processing. Without masking, these mixed pixels would have led to reduced 

accuracy through the endmember selection and subsequently in computing the similarity 

of pixels to the salt endmember on which further analyses were based. Prior to using 

morphological operations, filtering based on vegetation indices allowed us to appropriately 
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mask pixels that were covered by shadows from other leaves or objects.  

2.4.1.2.2 Interaction between incident light and leaf surface  

The interaction between incident light and the leaf surface is complex due to leaf angle and 

curvature. The intensity of the reflected light from leaves is both a function of physiology 

and leaf geometry, and tends to cause a significant change in the spectral response of 

vegetation. Behmann et al. (2015) reported 60% of the spectral response of sugar beets 

could be influenced by the geometry of plant leaves. This provides explanation for 

observing several control and salt pixels having similar spectral properties (pixels were not 

perfectly distributed in two well-separated classes). Although we did not explicitly address 

the issue of leaf geometry, we could mitigate its negative effects on the results by 

considering the similarity distribution of pixels to the salt endmember. By deploying a 

fuzzy concept (i.e., where each pixel can be partially similar to either endmember) rather 

than a hard classification (i.e., binary classification where each pixel is a member of only 

a single class), downstream processing techniques were possible, such as posterior 

probability and histogram distance.  

2.4.1.2.3 Complex interpretation of hyperspectral images 

In this research, the curse of dimensionality in analysis of hyperspectral images was 

addressed by projecting from a high dimension (215-D) feature space onto one dimension. 

The one-dimensional feature space, which can be represented as a gray-scale image, 

denoted the similarity of each pixel to the salt endmember while maintaining the required 

information for making further inferences. As a result, interpretation of hyperspectral 

images could be performed in a much more efficient manner with more meaningful 

information. By reducing dimensionality, results are simpler and are easier to comprehend. 

Because agricultural research groups are oftentimes comprised of many scientific 

disciplines, this directness is imperative. In general, the proposed strategy helps to interpret 

complex hyperspectral images by discovering the underlying hidden features caused by 

salt stress. This strategy will also provide more flexibility in selecting ML methods to 

analyze images. For instance, MDPA was utilized to measure the distance between the 

similarity distributions of control and salt pixels to the salt endmember. Another benefit of 
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conversion to a one-dimensional feature space is that visualization of relevant spectral 

information is possible in a more meaningful manner while involving all bands in similarity 

measurement and maintaining spatial integrity.  

The other important advantage is that the required computational time and data storage 

space for analyzing and storing hyperspectral data was significantly reduced due to 

converting from a high-dimensional to one-dimensional space. For instance, the average 

size of a hyperspectral image (2000×640×215) was approximately 400MB while the size 

of obtained gray scale image (2000×640×1) was less than 1MB. It is also noteworthy that 

the VSM method used for computing the coefficient matrix proposed herein significantly 

reduced the processing time compared to the quadratic optimization problem that is 

commonly used. 

2.5 Conclusion 

In this study, we investigated the application of hyperspectral imaging in assessment of salt 

stress in four wheat lines one day after salt treatment. A novel pipeline was proposed for 

hyperspectral image analysis to leverage the full potential of HSI in a salt stress 

phenotyping context. The proposed pipeline can be applied for other plant phenotyping 

traits. The results of this study demonstrated the feasibility of quantitative ranking of wheat 

lines based on their salt tolerance by integrating HSI and novel analytical approaches. 

Quantitative and objective ranking methods are much needed, and provide invaluable 

information that can accelerate genomics research, such as GWAS or QTL mapping, used 

in breeding programs. The quantitative ranking of salt stress tolerance helps breeders 

integrate salt tolerance results with other desired traits (e.g., grain yield), which ultimately 

accelerates the development of new plant varieties. In future work, we will focus on 

identifying sensitive wavelengths to aid in development of a multispectral camera for salt 

stress phenotyping, and consequently reducing the cost of the sensor as well as the 

complexity of data collection associated with a hyperspectral line scanner. 
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2.11 Supplementary Material 

Supplemental Table 2.1.  Analysis of Deviance for Conventional Biomass Measurements 

Analysis of Deviance Table for Aerial Biomass (Type II tests) 

 
Chisq Df Pr(>Chisq) 

Salt Level 27.31 1 1.733e-07 *** 

Genotype 48.511 3 1.657e-10 *** 

Salt Level:Genotype 12.635 3 0.005497 ** 

 

Analysis of Deviance Table for Root Biomass (Type II tests) 

 
Chisq Df Pr(>Chisq) 

Salt Level 23.9625 1 9.823e-07 *** 

Genotype 41.9167 2 4.179e-09 *** 

Salt Level:Genotype 7.6443 2 0.05396 .   

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 
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Supplemental Table 2.2. Linear Mixed Effects Modeling for Conventional Biomass Measurements 

Linear Mixed Effects Modeling of Aerial Biomass* 

Akaike Information Criterion (AIC) 188.6683 

Bayesian Information Criterion (BIC) 213.0949 

Log-Likelihood -84.33417 
 

Value Standard Error DF t-value p-value 

Intercept1 2.205 0.15205739 81 14.501104 0 

salt_level2002 -0.0052375 0.00107521 4 -4.87115 0.0082 

co(CS)3 -1.1057504 0.18508003 81 -5.974445 0 

sp(CS)3 0.0833572 0.18508003 81 0.450385 0.6536 

Kharchia3 -0.0408333 0.18089641 81 -0.225728 0.822 

salt_level200:co(CS)4 0.0041496 0.00129401 81 3.206773 0.0019 

salt_level200:sp(CS)4 0.0003749 0.00129401 81 0.289705 0.7728 

salt_level200:Kharchia4 0.0009923 0.001294 81 0.766813 0.4454 

 

Linear Mixed Effects Modeling of Root Biomass* 

Akaike Information Criterion (AIC) 137.2866            

Bayesian Information Criterion (BIC) 161.7131            

Log-Likelihood -58.64329 
 

Value Standard Error DF t-value p-value 

Intercept1 1.195 0.09669393 81 12.358583 0 

salt_level2002 -0.0022625 0.00068373 4 -3.309058 0.0297 

co(CS)3 -0.6513636 0.13981919 81 -4.658614 0 

sp(CS)3 0.0777273 0.13981919 81 0.555913 0.5798 

Kharchia3 0.1641667 0.13674587 81 1.200524 0.2334 

salt_level200:co(CS)4 0.002236 0.00097787 81 2.286597 0.0248 

salt_level200:sp(CS)4 -0.0000511 0.00097787 81 -0.052294 0.9584 

salt_level200:Kharchia4 0.0000848 0.00097787 81 0.086769 0.9311 

*Both models fit by Residual Maximum Likelihood (REML) 

1Chinese Spring at 0 mM salt            

2The change (coefficient) when salt level changes from 0 to 200 mM for Chinese Spring            

3The change in dry weight from Chinese Spring to the indicated genotype when the salt level is 0            

4The coefficient changes from Chinese Spring to the indicated genotype when the genotype changes from 0 

to 200 mM salt 
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CHAPTER 3 

3 Ensemble Feature Selection for Plant Phenotyping:  

A Journey from Hyperspectral to Multispectral Imaging 

Ali Moghimi, Ce Yang, Peter M. Marchetto 

Department of Bioproducts and Biosystems Engineering, University of Minnesota, MN, USA 

Abstract 

Hyperspectral imaging is becoming an increasingly popular tool for high-throughput plant 

phenotyping because it provides remarkable insights about the health status of plants. 

Feature selection is a key component in hyperspectral image analysis, largely because a 

significant portion of spectral features is redundant and/or irrelevant, depending on the 

desired application. This paper presents an ensemble feature selection method to identify 

the most informative spectral features for practical applications in plant phenotyping. The 

hyperspectral dataset contained images of four wheat lines, each with a control and a salt 

(NaCl) treatment. To rank spectral features, six feature selection methods were used as the 

base for the ensemble: correlation-based feature selection, ReliefF, sequential feature 

selection, support vector machine-recursive feature elimination (SVM-RFE), LASSO 

logistic regression, and random forest. The best results were achieved by the ensemble of 

ReliefF, SVM-RFE, and random forest, which drastically reduced the dimension of the 

hyperspectral dataset from 215 to 15 features, while improved the accuracy in classifying 

the salt-treated vegetation pixels from the control pixels by 8.5%. To transform the 

hyperspectral dataset into a multispectral dataset, six wavelengths as the center of broad 

multispectral bands around the most prominent features were determined by a clustering 

algorithm. The result of salt tolerance assessment of the four wheat lines using the derived 

multispectral dataset was similar to that of the hyperspectral dataset. This demonstrates that 

the proposed feature selection pipeline can be utilized for determining the most informative 

features, and can be a valuable tool in the development of tailored multispectral cameras. 

Keywords: Band selection, classification, ensemble feature selection, hyperspectral 

imaging, machine learning, multispectral imaging, plant phenotyping, salt stress, wheat. 
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3.1 Introduction 

Hyperspectral imaging (HSI) integrates imaging and high resolution spectroscopy whereby 

a continuous spectrum is scanned for each pixel, typically across the visible and near 

infrared range of electromagnetic spectrum. Because of this unique aspect, HSI has been 

utilized as a fascinating and intriguing research tool in various domains including 

agriculture (Mohd Asaari et al., 2018; Thomas et al., 2018), environmental surveillance 

(Schmid et al., 2016; Veraverbeke et al., 2018), mineralogy (Aslett, Taranik, & Riley, 

2018; Bedini & Rasmussen, 2018), biotechnology (Feng et al., 2018; Moghimi et al., 

2017), medical diagnoses (Beaulieu et al., 2018; Liu, Wang, & Li, 2012; G. Lu & Fei, 

2014), and pharmaceuticals (Masia, Pope, Watson, Langbein, & Borri, 2018; Pavurala, Xu, 

& Krishnaiah, 2017). HSI has recently drawn substantial attention in plant biology because 

it enables extensive investigation on the internal activities, physiological dynamics, and 

cell structure of plants (A. K. Mahlein et al., 2012; Moghimi, Yang, Miller, Kianian, & 

Marchetto, 2018; Wahabzada et al., 2016). Recently, hyperspectral sensors have become 

more compact, more lightweight, and more available, and this has introduced new 

opportunities for field applications because hyperspectral images can be captured via 

unmanned aerial vehicles.  

Despite impressive progress of hyperspectral sensor development and autonomous 

platforms, there are still several challenges in the post-processing and analysis portion of 

the workflow, hindering the comprehensive application of HSI. Analysis of hyperspectral 

images is oftentimes challenging, mainly due to the complexity and high-dimensionality 

of the hyperspectral data. To find the correlation between the spectral response of plants 

and the desired traits, the complex and high-dimensional hyperspectral images must be 

interpreted appropriately. Among the hundreds of wavelengths scanned by the 

hyperspectral imager, a small set of wavelengths may be related to the desired traits, and 

the remaining are oftentimes either irrelevant or redundant. These redundant and irrelevant 

features make interpretation complex, and increase risk of overfitting, computational cost, 

and required storage space. In addition, when applying classification algorithms to a dataset 

with a high dimension of features a larger number of annotated samples (e.g., pixels) are 
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required for each class (referred to as ‘the curse of dimensionality’). Another drawback of 

high-dimensional feature space is that the performance of subsequent modeling (e.g., 

classification, clustering, regression, etc.) might be deteriorated due to the presence of 

redundant and irrelevant features that merely expand the dimension of feature space 

without offering new information. Therefore, dimensionality reduction is a beneficial pre-

processing step in implementing machine learning algorithms for hyperspectral image 

analysis.  

Two main approaches exist for dimensionality reduction of a high-dimensional dataset: 

feature extraction and feature selection. In the feature extraction approach, all original 

features are combined in a transformation process to map from a high-dimension to a low-

dimension feature space. For example, principal component analysis and linear 

discriminant analysis (two popular feature extraction methods) require all features to 

project to a lower-dimensional feature space. Alternatively, in feature selection, a subset 

containing discriminative features is selected such that it captures the most valuable 

information with minimum redundancy. The original semantics of features do not change 

using the feature selection approach, and this is advantageous because the subset is 

interpretable by a domain expert (Saeys, Inza, & Larranaga, 2007).  

There are two main reasons that feature selection is preferred over feature extraction for 

hyperspectral image analysis. First, feature selection maintains the physical meaning 

associated with the measured reflectance per each wavelength as they are the functions of 

the object characteristics such as plants’ internal/physiological activities, whereas with 

feature extraction, the physical information is lost through transforming to a new feature 

space. Secondly, all features must still be measured in feature extraction approach because 

each feature in the new space is a combination of all the original features. Alternatively, if 

a subset of the original wavelengths can be identified for a specific type of application 

using the feature selection approach, then a multispectral camera can be designed for that 

particular application to leverage the advantages incorporated with multispectral imaging. 

Multispectral cameras are less expensive and complex compared to hyperspectral cameras, 

and thus enable wider application of spectral imaging for trait analysis among plant 
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breeders and plant scientists.  

Feature selection algorithms can be classified in three general subsets: filter, wrapper, and 

embedded methods, each of which has advantages and drawbacks (Saeys et al., 2007).   

Filter methods rank features based on a statistical criteria, such as distance, correlation, and 

information, without involving classification/regression models (i.e., no learning is 

involved). Filter methods are either univariate or multivariate. In univariate methods, each 

single feature is ranked independently, whereas multivariate methods incorporate feature 

dependency (Saeys et al., 2007), inferring the ability of multivariate methods in handling 

feature redundancy (Tang, Alelyani, & Liu, 2014). Filter methods are fast and 

computationally efficient, and are therefore scalable to large datasets. The major drawback 

of filter methods is that the selected feature subset may not be the best feature subset for 

classification purposes since they were selected regardless to their effects on the 

performance of classifiers (Saeys, Abeel, & de Peer, 2008). Some of the widely used filter 

methods are correlation-based feature selection (Chutia, Bhattacharyya, Sarma, & Raju, 

2017), ReliefF (Chutia et al., 2017), and information gain (Koonsanit, Jaruskulchai, & 

Eiumnoh, 2012). 

Wrapper methods include a feature subsets search algorithm wrapped around a 

classification algorithm (Kohavi & John, 1997). The search algorithm explores the space 

of all possible feature subsets and generates various feature subsets. The performance of 

the classifier is evaluated using the generated feature subsets, and subsequently an optimal 

feature subset is identified based on the classification performance. Wrapper methods tend 

to offer improved results compared to filter methods because the best feature subset is 

selected by incorporating the performance of a predefined classifier algorithm as the 

selection criteria. Moreover, wrappers have the ability to handle feature dependencies. 

These advantages of wrapper methods are achieved at the cost of losing computational 

efficiency and being biased towards the classifier algorithm (Jovic, Brkic, & Bogunovic, 

2015). Examples of wrappers methods include sequential feature selection (Rady, 

Ekramirad, Adedeji, Li, & Alimardani, 2017), genetic algorithms (Nagasubramanian et al., 

2017; Thorp, Wang, Bronson, Badaruddin, & Mon, 2017), and support vector machine-
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recursive feature elimination (SVM-RFE) (Archibald & Fann, 2007) 

In embedded methods, selecting an optimal feature subset is embedded in the construction 

of a classifier. Embedded methods offer a high accuracy due to the search process being 

guided by the learning process. However, in contrast to wrapper methods, embedded 

methods tend to have less computational cost because feature selection is conducted during 

the classifier construction (i.e., no need to iteratively run the classifier for all feature 

subsets). Similar to wrappers, feature selection in embedded methods inevitably depends 

on the classifier that was utilized, meaning that the selected feature subset may not 

necessarily be effective for other classifiers (Hira & Gillies, 2015). Random forest (J. C. 

W. Chan & Paelinckx, 2008) and LASSO (Qian, Ye, & Zhou, 2013) are among the most 

representative algorithms of embedded methods.  

Each of the feature selection approaches has advantages and disadvantages, and tend to be 

tailored for specific applications. Despite the availability of several feature selection 

approaches and a substantial number of feature selection algorithms, defining an efficient 

benchmark to select predominant spectral features has remained a challenge in 

hyperspectral image analysis (Damodaran, Courty, & Lefevre, 2017).  

This study was motivated by the need to reduce the complexity and high-dimensionality 

of hyperspectral images in high-throughput plant phenotyping where HSI has recently 

drawn a substantial attention and introduced new opportunities. The first objective of this 

research was to develop an ensemble feature selection pipeline to aggregate the benefits of 

multiple feature selection approaches, therefore increasing the stability and accuracy of 

selecting predominant spectral features from hyperspectral images. The second objective 

was to rank the spectral features based on their ability to discriminate salt-stressed wheat 

plants from healthy plants at the earliest stages of stress. The purpose of ranking spectral 

features was to form six broad spectral bands around the most prominent features to aid in 

development of a multispectral camera. The third objective was to use these multispectral 

bands to assess the salt tolerance of four wheat lines in the context of phenotyping and 

evaluate results based on findings in previous studies.  
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The remainder of the paper is organized as follows. Section II describes the hyperspectral 

dataset containing the images of four wheat lines with various levels of salt tolerance. 

Section III introduces the ensemble feature selection method proposed in this study for 

spectral feature selection. Section IV reports the ranking of spectral features and discusses 

the experimental results of salt stress phenotyping in wheat using the selected multispectral 

bands. Section V draws the conclusion and presents the idea of developing a digital spectral 

library for plant diseases and stresses in future work.  

3.2 Hyperspectral dataset 

A hyperspectral dataset from a phenotyping study (Moghimi, Yang, Miller, et al., 2018), 

freely accessible to the public at (Moghimi & Yang, 2018), was used in this study. They 

investigated the salt stress tolerance in four wheat lines using HSI. The hyperspectral 

dataset for each wheat line contained the spectral reflectance of leaves for a null control 

and a salt treatment (as sodium chloride; Table 3.1). The spatial resolution was about 1 mm 

and the wavelengths range was from 400 nm to 900 nm with a spectral resolution of about 

2.1 nm. In this study, the dataset of the most susceptible line (Chinese Spring) was selected 

among the four wheat lines to find sensitive spectral features for salt stress phenotyping of 

wheat. Once the spectral features were identified, all four hyperspectral datasets of wheat 

lines were utilized to evaluate the feasibility of the selected bands in ranking the wheat 

lines based on their tolerance to salt stress. The matrix of the data was initially normalized 

to make each spectral feature have zero-mean and unit-variance. 

 

Table 3.1. Hyperspectral image dataset of four wheat lines to assess salt stress (Moghimi & Yang, 2018) 

Wheat lines    Abbreviation 

Number of 

spectral 

features  

Number of 

pixels 

class size 

C0 (control) C1 (salt) 

Chinese Spring CS 215 12896 7060 5836 

speltoides aucheri KU2201B (CS) sp(CS) 215 11665 5590 6075 

Aegilops columnaris KU11-2 (CS) co(CS) 215 5228 1878 3350 

Kharchia - 215 14652 9013 5639 
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3.3 Proposed ensemble feature selection method 

3.3.1 Feature Selection Methods 

The hyperspectral dataset of CS was split into training (70% of dataset) and test (30% of 

dataset) datasets (Figure 3.1-step I). Training dataset was used by feature selection 

techniques, referred to as rankers in this study, and the test dataset was employed to 

evaluate all potential ensembles of rankers. The following six rankers were the individual 

base rankers and used to construct an ensemble feature selection pipeline (Figure 3.1-step 

II).  

3.3.1.1 Correlation-based feature selection (CFS) 

CFS is a univariate filter method that measures the Pearson’s correlation coefficient 

between features and the output variable (Hall, 2000). The spectral features are ranked 

based on their correlation to the class. In this study, the number of components in the 

feature subset was considered to be one to identify the rank of each individual feature. 

Therefore, CFS ignored features redundancy and correlation between features since the 

features were treated independently. 

3.3.1.2 ReliefF 

ReliefF is also a univariate filter method that assigns weight to features through an iterative 

process (Kira & Rendell, 1992; Kononenko, Šimec, & Robnik-Šikonja, 1997). In each 

iteration, an instance is randomly selected and the weight of features is updated based on 

the distance between the randomly selected instance and the k closest instances from each 

class. The weight of a given feature increases at each iteration if it makes the selected 

instance be more similar to its neighbors in the same class and be more distinct from its 

neighbors from the other class. In this study, the iteration was performed for all samples 

and the number of neighbors, k, was set to 10.  

3.3.1.3 Sequential feature selection - forward selection (SFS-forward) 

SFS-forward is a wrapper method to find an optimal feature subset using a greedy search 
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algorithm. It starts with an empty subset and adds one feature through sequential iteration 

to the subset based on the performance of a predefined classifier. Quadratic discriminant 

analysis (QDA) was used in this study as the classifier. The order in which all features 

added to the subset denoted the ranking of features. 

3.3.1.4 Support vector machine-recursive feature elimination (SVM-RFE)  

SVM-RFE is another wrapper method in which support vector machine is used as the 

classifier (Guyon, Weston, Barnhill, & Vapnik, 2002). Liner SVM classifier is trained 

using the training dataset containing all features in the first iteration. Then SVM-RFE 

eliminates one single feature with the lowest weight among all weights required to define 

the best hyperplane in separating the classes. These weights are assigned by the SVM 

classifier to features. This procedure was recursively executed until only one feature 

remained in the feature dataset to rank all features based on their elimination order through 

the recursive process.  

3.3.1.5 LASSO Logistic Regression 

The idea of adding L1 regularization into the objective function of linear least-squares 

regression, so-called LASSO, was first proposed by (Tibshirani, 1996) to shrink coefficients 

and control the model complexity. The regularization term defines an upper bound on the 

sum of the absolute values of the model coefficients to prevent overfitting and make the 

coefficient of irrelevant features equal to zero. Therefore, the coefficient vector of features 

becomes sparse. For classification purpose, the LASSO estimator can be added to Logistic 

Regression model, and coefficients (β) can be obtained as follows: 

𝛽 ̂ =  argmin
𝛽

 (‖𝑌 − 𝛽𝑋‖2
2 +  𝜆‖𝛽‖1) (3.1) 

where 𝜆 is the tuning parameter which controls the balance between bias and variance. The 

larger it is the larger the number of coefficients are penalized to be equal to zero, and hence 

the variance decreases while bias increases. A number of 100 different values (between 0 

and 1) for 𝜆 were tested to obtain the optimized values for coefficients (�̂�). Since the 

spectral features were first centered and scaled, the absolute value of non-zero coefficients 
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implies the importance of features, while irrelevant features have coefficients of zero. 

LASSO is an embedded method for feature selection. 

3.3.1.6 Random Forest 

Random forest is another embedded method building an ensemble of de-correlated decision 

trees (Breiman, 2001), each trained on a training set created by bootstrap aggregation in 

which samples are randomly drawn from initial training set with replacement. To split each 

node in each decision tree, a randomly selected subset of features is evaluated. Based on 

the defined split-criterion, which was entropy in this study, a feature with the best strength 

of classification is selected among the randomly selected feature for each node to divide 

the training samples into smaller and more pure subsets. The importance of features is 

calculated based on how much the splitting feature can decrease the weighted impurity at 

that node, and it is then averaged over all the trees in the forest. Number of trees was 1000 

in this study.  

3.3.2 Ensemble feature selection method  

Each ranker has its own drawback such that the final selected feature subset may not be the 

optimal feature subsets in the feature space. To aggregate the benefits of each feature 

selection approach and increase the robustness and accuracy of the final selected feature 

subset, ensemble feature selection approach was used (originally proposed by (Saeys et al., 

2008)). Ensemble feature selection method reduce the risk of capturing local optima where 

a single ranker may be trapped. Various methods have been used to combine the feature 

ranking obtained by each base ranker (Abeel, Helleputte, Van de Peer, Dupont, & Saeys, 

2009; Ben Brahim & Limam, 2017). In this study, the complete linear aggregation method 

was used to average the ranking f assigned to feature i by ranker j as presented in Eq. (3.2) 

, and the ranking values of features was then sorted to list features based on their 

importance. 

𝑅𝑎𝑛𝑘𝑖 =
1

𝑛
∑𝑓𝑖𝑗      𝑖 = 1,2,…,215,   and n = 6

𝑛

𝑗=1

 (3.2) 
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In this equation, the rankers had the same weight, which is equal to one over the number 

of rankers. To ensure the optimal feature subset is achieved, all base rankers used for 

aggregation should be accurate and diverse (Kuncheva, 2014). However, based on the 

dataset and the nature of the problem, a given ranker may not be accurate or may contribute 

to redundancy in the ensemble process. Therefore, a more intelligent approach was 

designed to evaluate which combination of these six rankers would result in the selection 

of the best feature subset based on the classification of vegetation pixels into control and 

salt classes.  

In this study, the decision on exclusion of a ranker was made through a recursive 

elimination process. In this greedy search, a ranker was removed at each step if its 

elimination resulted in the best classification performance among all choices for 

elimination in that step. For instance, at step 1, there were six iterations, at each of which 

one ranker was eliminated. At the end of step 1, the ranker whose elimination resulted in 

the best classification performance among the six options was eliminated for the next step. 

This process continued until only one ranker remained. Algorithm 1 presents a summary 

of the recursive elimination of rankers. Besides the ensemble of all six rankers (Figure 3.1-

step III), there were five other ensembles of rankers each of which was obtained at each 

step (Figure 3.1-step IV). The combination of rankers that offered the best classification 

performance was selected among these six sets. This approach assures that the presence of 

a ranker would not deteriorate the classification result. 

Two criteria related to the classification performance were defined to compare all potential 

ensembles of rankers at each step.  

The first criterion was the size of feature subset to attain the minimum classification error 

of a quadratic discriminant analysis (QDA) classifier. This process was performed on the 

training dataset, containing 70% of the whole dataset, with 10-fold cross validation. To 

identify the best feature subset, the process of training and testing with QDA was conducted 

in an iterative process in which the ensemble feature list, obtained at iteration k by Eq. 

(3.2), was imported to QDA using a stepwise approach until all features were exhausted. 

Therefore, at the ith iteration, QDA was trained and tested 10 times using only the first ith 
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features. For instance, at the first iteration, only the first feature at the top of the ensemble 

list was used, and all 215 features were employed at the 215th iteration.  

The mean of cross validation error (CV error) and standard deviation of error over 10 folds 

were recorded for each iteration. The standard deviation of error indicates the error rate 

uncertainty; thus, one-standard error rule was used as a conservative metric to determine 

feature subset size (Hastie, Tibshirani, & Friedman, 2009). Using this approach, the most 

parsimonious feature subset within one standard error (1SE) of the minimum error was 

selected as the best feature subset. In other words, the mean of error for this parsimonious 

subset should not be more than 1SE above the minimum error. 

The second criteria was the classification accuracy of a QDA algorithm evaluated on the 

test dataset (the remaining 30% of the dataset), which has not been used during any of the 

feature selection and parameter tuning process of rankers. For this purpose, the QDA 

algorithm was trained on the whole training dataset using only the features obtained by the 

1SE rule. The performance of the trained QDA was evaluated on the test dataset. The 

metric used for classification accuracy was F1-mean which was defined as a mean between 

F1 measures of both control (F1C0) and salt (F1C1) classes.  

The procedure of eliminating a ranker per iteration was considered as a multiple criteria 

decision-making problem in which the performance of feasible ensemble of rankers, 

obtained at iteration k, was evaluated based on the defined criteria: feature subset size and 

F1-mean. To allocate weight to the alternatives, we utilized the technique for order 

preference by similarity to an ideal solution (TOPSIS) proposed by (Hwang & Yoon, 1981) 

as a simple and useful method for multiple criteria decision making problems. TOPSIS 

dispensed the weight among feasible ensembles at each iteration k based on the Euclidian 

distance of each ensemble to the negative ideal solution divided by the summation of 

distance to the positive and negative ideal solutions. The positive ideal solution was a 

solution capturing the maximum benefit criteria (i.e., F1-mean) and the minimum cost 

criteria (i.e., minimum required number of features or feature subset size), and vice versa 

for the negative ideal solution. The best ensemble is the one that has the maximum weight, 

indicating it has the maximum normalized distance to the negative ideal solutions. TOPSIS 
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facilitates decision-making on eliminating rankers and ultimately determining the best 

ensemble of rankers. Figure 3.1 shows the flowchart of the proposed pipeline for ensemble 

feature selection.  

 

 

Figure 3.1. Flowchart of the proposed pipeline for ensemble feature selection. Step I) Splitting the data into 

training set (70%) and test set (30%) using cross validation – holdout method. Step II) Ranking the spectral 

features using six base rankers: correlation-based feature selection, ReliefF, sequential feature selection - 

forward selection, support vector machine-recursive feature elimination, and random forest. Step III) 

Ensemble of all six rankers. In this step, the optimal feature subset size and F1-mean for the ensemble of all 

six rankers are calculated. Step IV) Eliminating rankers through a recursive process presented in Algorithm 

1 to identify the best ensemble of the rankers. 
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Algorithm 1. Recursive ranker elimination to identify the best ensemble of the rankers 

1. Let 𝒳𝑡𝑟𝑎𝑖𝑛 = {(𝑥𝑖𝑗 , 𝑦𝑖)| 𝑖 = 1, 2, … , 𝑛𝑡𝑟𝑖𝑎𝑛 , 𝑗 = 1, 2, … , 215} be the training dataset 

2. Let 𝒳𝑡𝑒𝑠𝑡 = {(𝑥𝑖𝑗 , 𝑦𝑖)| 𝑖 = 1, 2, … , 𝑛𝑡𝑒𝑠𝑡 , 𝑗 = 1, 2, … , 215} be the test dataset 

3. Let ℱ = {[𝑓𝑖𝑗] | 𝑖 = 1, . . . , 215, 𝑗 = 1, 2, … , 𝑛}, a matrix containing ranking of features for all n ranker 

4. For step = 1 to (n – 1) do 

5.           For k = 1 to (number of columns in ℱ) do 

6.                     ℱ̂𝑘 = {[𝑓𝑖𝑗] | 𝑖 = 1, . . . , 215, 𝑗 = {1,2, … ,6}\𝑘}, eliminate the kth column of ℱ  

7.                     𝐸: ensemble ℱ̂𝑘 using Eq 2 
8.                     𝑅: sort features based on their ensemble ranking 𝐸  
9.                     For i = 1 to 215 do 

10.                                 r = R[1:i], the first i features at the top of the list 

11.                                 Train and test QDA on 𝒳𝑡𝑟𝑎𝑖𝑛 with 10 folds cross validation using features ∈ 𝑟 

12.                                 e𝑖: mean of error for 10 folds 

13.                                 𝑠𝑡𝑑𝑖: standard deviation of e𝑖 

14.                     End For      

15.                     Err =  min(e𝑖) 

16.                     𝑆𝐸 =  
𝑠𝑡𝑑𝑎𝑟𝑔𝑚𝑖𝑛(𝑒𝑖)

√10
            

17.                     𝑚: Find the size of the most parsimonious feature subset whose error is less than (Err + SE) 

18.                     Train QDA on 𝒳𝑡𝑟𝑎𝑖𝑛 using only the first 𝑚 feature in R 

19.                     Test the trained QDA classifier on 𝒳𝑡𝑒𝑠𝑡 

20.                     Calculate F1 measure for both C0 and C1 classes 

21.                     F1-mean: mean of 𝐹1𝐶1 and 𝐹1𝐶0 

22.                     𝐶𝑘 = [𝑚, 𝐹1], two criteria used by TOPSIS to allocate weights 

23.           End For 

24.           𝑊𝑘: weights assigned by TOPSIS to each ensemble 

25.           𝑖𝑛𝑑 = 𝑎𝑟𝑔𝑚𝑎𝑥(𝑊𝑘), denotes the index of the rankers to be eliminated 

26.           𝑀𝑠𝑡𝑒𝑝 = 𝐶𝑖𝑛𝑑, the performance criteria of the best ensemble obtained at this iteration 

27.           ℱ[: , 𝑖𝑛𝑑] = [ ], eliminate the ranking list whose elimination resulted in maximum TOPSIS weight 

28. End For 

29. Return 𝑀𝑠𝑡𝑒𝑝, presented in Table 3.3 
 
 

3.3.3 Clustering of top-ranked features to develop broader multispectral 

bands 

After determining the optimal ensemble and the subsequent ranking of features, Algorithm 

2 was developed to cluster the most informative features. The clustering algorithm was 

designed to form six broad spectral bands around the most prominent features to mimic the 

spectral bands of a typical multispectral camera (six bands were chosen because 

multispectral cameras rarely possess more than six spectral channels). The six most 

informative bands are composed of multiple nearby spectral features at the top of the 

ensemble feature list. The clustering algorithm was initialized with a set of six cluster 
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centers with zero values, then it clustered the features through an iterative loop starting 

from the first feature at the top of the ensemble ranking list. At each iteration, one feature 

was assigned to a cluster if it is within 10 nm of the center of cluster, otherwise was 

allocated to the next empty cluster with zero center. At the end of each iteration, the cluster 

centers were updated. This process of clustering continued until the next feature could not 

be assigned to any of the six clusters. The input of Algorithm 2 was the ranking of features 

obtained by Algorithm 1, and the output was the center of broad bands to select an 

appropriate set of optical band-pass filters for developing a multispectral sensor. 

Algorithm 2. Clustering of the top features to develop broad multispectral bands 

1. Let ℱ = { 𝑓𝑖 | 𝑖 = 1, 2,… ,215}  be the features ranking obtained by Algorithm 1  

2. Let 𝒞 = { 𝐶𝑗 =  0 |  𝑗 = 1 , 2, … , 𝑚𝑐} be the cluster centers initialized with zero values 

3. Let 𝑚𝑐 denote the number of desired clusters, here 𝑚𝑐 = 6 

4. Let 𝑛𝑐 denote the number of filled clusters, initially 𝑛𝑐  = 0 
5. for i = 1:215 do 

6.       𝐷𝑗 = |𝑓𝑖 − 𝐶𝑗|, compute the distance of 𝑓𝑖 ∈ ℱ to cluster centers  

7.       𝑀𝑑 = min (𝐷𝑗), find the minimum of distance  

8.       if 𝑀𝑑 < 10 nm then 

9.              assign 𝑓𝑖 to 𝐶𝑗, 𝑗 = argmin(𝐷𝑗)  

10.       else  

11.              𝑛𝑐 = 𝑛𝑐+ 1 

12.              if 𝑛𝑐 <= 𝑚𝑐 then  

13.                         assign 𝑓𝑖 to the first empty cluster 

14.              Else 

15.                         break 

16.              end if  

17.       end if 

18.       update the cluster center  𝒞 =  { 𝐶𝑗 = 
1

𝑛
∑ 𝑓𝑘

𝑛
𝑘=1  | 𝑓𝑘 ∈ 𝐶𝑗 , 𝑛 = |𝐶𝑗| }  

19. end for 

20. Return 𝒞, containing six centers of clustered features 

 

3.3.4 Phenotyping the salt tolerance of wheat lines using selected 

multispectral bands 

The ultimate goal of clustering spectral features was to identify the most discriminative 

broad spectral bands for the salt stress phenotyping of wheat. To test the potential of the 

selected broad bands for salt stress phenotyping in wheat lines, the hyperspectral dataset 

for each of the four wheat lines was transformed to multispectral dataset. Each 

multispectral band was obtained by averaging the adjacent hyperspectral bands within ±5 
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nm of the cluster centers calculated by Algorithm 2. To identify how many of these six 

bands might be sufficient for salt tolerance assessment, the multispectral bands were ranked 

in a recursive elimination process described in Algorithm 3 (similar approach to Algorithm 

1). In Algorithm 3, a band is removed at each iteration if its elimination led to the least 

classification error averaged across all wheat lines (Algorithm 3). The classification error 

referred to the summation of the mean and standard deviation of error rate obtained for 10-

fold CV. During the last iteration, Algorithm 3 saved the most discriminative band that had 

the lowest classification error at that iteration across all four lines.  In essence, Algorithm 

3 ranked the six bands based on the mean of classification error across four wheat lines 

obtained by removing a band at each iteration.  

After determining and ranking the most informative multispectral bands, then the tolerance 

of wheat lines to salt stress were assessed using techniques proposed by . These techniques 

included the minimum difference of pair assignments (MDPA) and Bayesian inference, the 

latter of which returned the posterior probability (i.e., P(salt|x)) of belonging to salt class 

given an observation x, which was defined as the similarity of pixel to the salt endmember. 

To compare differences between the values obtained by using multispectral and 

hyperspectral datasets for each of these techniques, the normalized root mean square error 

(NRMSE) was calculated as follows: 

𝑁𝑅𝑀𝑆𝐸 =  
√(∑ (�̂�𝑖 − 𝑦𝑖)

2𝑛
𝑖=1 )/𝑛

(𝑦𝑚𝑎𝑥 − 𝑦𝑚𝑖𝑛)
 (3.3) 

where y denotes the value calculated for one of the techniques (posterior probability or 

MDPA) using hyperspectral dataset, �̂� refers to the value obtained for the same technique 

by using multispectral dataset, and n is equal to the number of wheat lines.  
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Algorithm 3. Ranking of six broad multispectral bands  

1. 
Let 𝒳𝐿 = {(𝑥𝑖𝑗 , 𝑦𝑖)| 𝑖 = 1, 2, … , 𝑁, 𝑗 = 1, 2, … , 𝑚,𝑚 = 6} be the multispectral dataset for the 

Lth wheat line 

2. n_bands = 6, initial number of bands before the elimination process 

3. for step = 1: (m -1) do 

4.         for  L = 1:4 do, for all four wheat lines 

5.                 for b = 1:n_bands do 

6.                        �̂�𝐿 = 𝒳𝐿 

7. 
                       �̂�𝐿 = {(𝑥𝑖𝑗 , 𝑦𝑖)| 𝑖 = 1, 2, … , 𝑁, 𝑗 = {1, 2,… , 𝑛_𝑏𝑎𝑛𝑑𝑠}\𝑏}, eliminate the bth          

column from dataset 

8.                        Train and test QDA on �̂�𝐿 with 10-fold CV  

9.                        Record mean of error and standard deviation of error for 10-folds CV 

10.                          𝑒𝐿𝑏 = 𝑚𝑒𝑎𝑛(𝑒𝑟𝑟𝑜𝑟) + 𝑠𝑡𝑑(𝑒𝑟𝑟𝑜𝑟), error for Lth wheat line by removing bth band  

11.                 end for  

12.         end for  

13.         𝑀𝐸𝑏 = 
1

4
∑ 𝑒𝐿𝑏

4
𝐿=1  , b = 1, 2, …, n_bands; mean 𝑒𝐿𝑏 across four wheat lines  

14.         𝑖𝑛𝑑 = 𝑎𝑟𝑔𝑚𝑖𝑛(𝑀𝐸𝑏) 

15.         𝒳𝐿[: , 𝑖𝑛𝑑] = [ ], update the dataset of all four wheat lines by removing the band at column ind 

16.         n_bands = n_bands – 1 

17. end for 

18. Return ranking of bands based on the order in which they were removed  

 

3.4 Experimental Results and discussion 

3.4.1 Band pair correlation 

Adjacent spectral bands tend to be correlated in hyperspectral imaging. Figure 3.2 shows 

the correlation between all pairs of bands, which is a symmetric matrix represented as a 

colormap image. Among highly correlated spectral bands (~505 to ~645 nm), a few bands 

(567, 569, 589, 590, and 593 nm) had less correlation with their adjacent bands. These un-

correlated bands are responsible for the two stripes in Figure 3.2 denoted by the arrows. In 

general, bands between ~505 to ~645 nm were highly correlated to each other and also 

correlated to bands between ~690 to ~715nm, indicating that some of these spectral 

features are redundant and do not contribute valuable information. 
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3.4.2 Ranking of spectral features by six rankers 

The high correlation between features emphasized the importance of feature selection to 

eliminate the redundant features while retaining the relevant information. Each ranker 

utilized in this study ranked the spectral features based on their importance (Figure 3.3). 

Four of the six rankers (i.e., random forest, LASSO, ReliefF, and SVM-RFE) identified 

589 nm as the most informative spectral feature among all 215 bands. Intriguingly, 589 nm 

is among the Fraunhofer lines (i.e. spectral absorption lines of elements) and associated 

with sodium (Na). It is a promising result considering sodium chloride (NaCl) was the 

applied salt treatment to the wheat plants. This result suggests that these four rankers were 

able to capture the fundamental physical meaning concealed in the spectral response of 

wheat plants treated with NaCl. It is remarkable that the hyperspectral images were 

captured only one day after the salt treatment was applied. SFS-forward ranked 589 nm as 

the third most important feature and ranked 751 nm and 532 nm as the first two important 

spectral features. CFS ranked 589 nm as the 210th most informative feature and 583 nm as 

the first most informative feature despite the fairly close correlation between these two 

bands (i.e., 0.77). Except SFS-forward, all rankers had their first two dominant features 

between 581 nm and 589 nm, indicating the importance of this region of the 

Figure 3.2. Correlation between all pairs of spectral features (i.e. 215 spectral bands 

from 400 nm to 900 nm) presented as a colormap image. 
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electromagnetic spectrum for determining salt stress in wheat. 

The other inference from Figure 3.3 is that the spectral features in blue (around 450 nm) 

and red (650 nm) regions, known as the chlorophyll absorption bands, had the least 

importance (i.e., largest ranking value) among all the spectral features. 

 

 

Figure 3.3. Ranking of the 215 spectral features for each of the six rankers. Top-ranked spectral features are 

represented with lighter color and low-ranked features are represented with darker color. Dark blue refers to 

the least important features with large ranking values and light yellow refers to the most important features 

with low ranking values. Gray color (zero value in colorbar) was used to separate the results of rankers. 

 

Feature subset size and F1-mean were computed for each ranker to compare the rankers 

with each other and further compare them with the results obtained by the ensemble of 

rankers (Table 3.2). The QDA classifier required a different number of features from the 

feature set ranked by each ranker to attain a CV error with 1SE of the minimum error. The 

lowest CV error on the training dataset and the maximum F1-mean on the test dataset were 

both achieved when QDA used the feature set ranked by SFS-forward. However, this 

performance was attained at the cost of larger feature size (28 features) and higher standard 

deviation of CV error. Alternatively, the lowest feature subset size and standard deviation 

of error was achieved using random forest. The F1-mean for random forest dropped only 

1.63% compared to that of SFS-forward, while the feature subset size for random forest 
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(12 features) was significantly less than SFS-forward (28 features). Among all rankers, 

CFS resulted in the lowest classification accuracy as indicated by the lowest F1C0 and F1C1 

values.  

Table 3.2. Classification performance of QDA on the training and test datasets for individual rankers (for 

training dataset: mean and standard deviation of cross validation error and feature subset size obtained by the 

one standard error rule; for test dataset: F1 measure of control (C0) and salt (C1) classes obtained by training 

QDA on the training dataset using only features in feature subset and testing on unseen dataset) 

 Training dataset with 10-fold CV  Test dataset 

 
Feature 

subset size 

Error 

(%) 

StD  

(%) 

 F1C0 

(%) 

F1C1 

(%) 

F1-mean 

(%) 

CFS 21 27.33 1.30  71.74 71.76 71.75 

ReliefF 19 21.57 1.47  78.41 75.85 77.13 

SFS-forward 28 20.36 1.78  78.87 76.55 77.71 

SVM-RFE 19 21.86 1.55  78.27 74.91 76.59 

LASSO 18 21.39 1.68  78.23 75.20 76.71 

Random Forest 16 22.58 1.29  77.29 74.87 76.08 

 

3.4.3 Ensemble of feature selection techniques 

The ranking assigned to the features by the six rankers were aggregated together (Figure 

3.4 (a)) using Eq. (3.2) (Figure 3.1-Step III). As expected from the ranking results of the 

base rankers, spectral features near the 589 nm band were dominant at the top of the ranking 

list of features. 
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Figure 3.4. (a) Ranking of features obtained by the ensemble of all six rankers: correlation-based feature 

selection, ReliefF, sequential feature selection - forward selection, support vector machine-recursive feature 

elimination, and random forest. (b) Cross validation error (CV error) of QDA on the unseen fold of the 10-

fold cross validation for each feature subset size. The feature subset size required to obtain the minimum CV 

error is shown by the vertical dashed line, the lowest error plus one standard error is presented by the 

horizontal dashed line, and the feature subset size of the most parsimonious model whose error was within 

1SE of the minimum error is illustrated by the vertical solid line. (c) CV error for the first few feature subset 

size to show with more detail how the most parsimonious feature subset size is selected. 

 

From the ensemble ranking list, a subset of features was selected by QDA based on the 

minimum CV error and 1SE rule (Figure 3.4 (b)). Figure 3.4 (b) illustrates the mean and 

standard deviation of the 10-fold CV error for all 215 feature subsets, in which the leftmost 

subset contains only the top ranked feature and the rightmost subset contains all features 

(the model complexity increases across the horizontal axis). CV error decreased with an 

increasing size of feature subset until feature subset contained 23 features whereby CV 

error began to increase, which underscore the need for feature selection. Because of the 

uncertainty around CV error of each feature subset (shown in Figure 3.4 (b)), it was 
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appropriate to determine the most parsimonious feature subset within one standard error of 

the minimum CV error for determining the optimum number of features. QDA classifier 

needed the first 18 features at top of the feature list ranked by the ensemble of all rankers 

to achieve an error rate within 1SE of the minimum CV error. To achieve a similar CV 

error obtained by using all the 215 features (CV error = 0.30), QDA required the top seven 

features from the feature list. 

3.4.4 Recursive elimination of rankers 

A base ranker was disregarded from the ensemble process if its elimination resulted in an 

improved classification performance among all options at a given step. The F1-mean and 

number of features in the subset were used by TOPSIS to determine which rankers should 

be eliminated from the ensemble process at each step (results are presented in Table 3.3). 

The highest F1-mean was achieved at step 1 using 19 features obtained by the ensemble of 

all rankers except CFS. However, elimination of LASSO and SFS-forward at the next two 

iterations resulted in four less features while only reducing F1-mean by less than 0.5% 

compared to step 1 that offered the largest F1-mean. Although the results obtained at step 

2 and 3 were similar, the ensemble of three rankers at step 3 is preferred due to less 

complexity and less computation compared to the ensemble of four rankers at step 2. 

Therefore, the final ensemble feature subset was obtained by aggregating the ranking of 

ReliefF, SVM-RFE, and random forest, each of which belongs to a different feature 

selection category: filter, wrapper, and embedded, respectively. 

The size of feature subset obtained by the ensemble of these three rankers (Table 3.3; Figure 

3.5) dropped to 15 features, three features less than the ensemble of all six rankers. 

Furthermore, the difference between classification accuracy of the ensemble of three rankers 

(F1-mean = 77.07) and the maximum accuracy of individual rankers achieved by SFS-forward 

(F1-mean = 77.71) was less than 1%, while the model complexity of SFS-forward (28 features) 

was approximately twice as that of the three rankers ensemble (15 features). This demonstrates 

the benefit of using ensemble feature selection.  

 



 

71 

Table 3.3. Feature subset size and F1-mean after each step of the recursive elimination of rankers (Algorithm 3). 

Recursive step Removed technique Feature subset size F1-mean (%) 

Full dimensional hyperspectral dataset - 215 68.49 

Step 0- Ensemble 6 techniques - 18 77.32 

Step 1- Ensemble 5 techniques CFS 19 77.47 

Step 2- Ensemble 4 techniques LASSO 15 77.09 

Step 3- Ensemble 3 techniques SFS-forward 15 77.07 

Step 4- Ensemble 2 techniques ReliefF 17 76.89 

Step 5- 1 technique SVM-RFE 16 76.08 

 

 

 

Figure 3.5. (a) Ranking of features obtained by the ensemble of selected rankers: ReliefF, SVM-RFE, and 

random forest. (b) The 15 features selected among the 215 spectral features scanned from 400 nm to 900 nm. 

(c)  Cross validation error (CV error) of QDA on the unseen fold of the 10-fold cross validation for each 

feature subset size. The feature subset size required to obtain the minimum CV error is shown by the vertical 

dashed line, the lowest error plus one standard error is presented by the horizontal dashed line, and the feature 

subset size of the most parsimonious model whose error was within 1SE of the minimum error is illustrated 

by the vertical solid line. (d) CV error for the first few feature subset size to show with more detail how the 

most parsimonious feature subset size is selected. 



 

72 

Figure 3.5 (a) depicts the feature ranking achieved by the ensemble of ReliefF, SVM-RFE, 

and random forest, and Figure 3.5 (b) demonstrates the ranking and distribution of the 15 

selected features over the scanned electromagnetic wavelengths. The band nearest to the 

region of sodium absorption (589 nm) and the adjacent bands were among the most 

informative and were consequently the top-ranked features.  

Similar to the ensemble of all six rankers, the ensemble of the top three rankers resulted in 

a decreasing CV error of QDA to a point (21 features), followed by an increasing CV error 

as feature subset size increased. However, the CV error obtained by the ensemble of three 

rankers had a sharper decrease within the first few feature subsets compared to the 

ensemble of six rankers. The two top-ranked features (589 nm and 583 nm) from the 

ensemble of three rankers were able to achieve a similar CV error obtained by using all 

215 features (CV error = 0.30), whereas the top seven features from the ensemble of six 

rankers were required to achieve a comparable CV error.  

3.4.5 Clustering of top-ranked features  

The ensemble feature list derived from the top three techniques was utilized in Algorithm 

2 to find the first six clusters of spectral features whose mean values were at least 10 nm 

apart. The first 18 features were needed to form the six clusters (Table 3.4). Cluster 1 had 

the largest size (nine members), whereas cluster 3 and 5 had the smallest size (one 

member). 

 
 

Table 3.4. Clustering of features ranked by the ensemble of three rankers: ReliefF, SVM-RFE, and random 

forest. Algorithm 1 was used for clustering (only integer part of wavelengths are presented; superscripts 

denote feature rank).  

 
Cluster 

center 

 
Members of each cluster 

Cluster 1 589  5891 5832 5873 5854 5815 5916 5937 5958 59711 

Cluster 2 573  5699 57313 57917       

Cluster 3 546  54610         

Cluster 4 805  80912 80115        

Cluster 5 751  75114         

Cluster 6 528  52516 53018        

 
 
 



 

73 

3.4.6 Importance of multispectral bands 

The spectral bands within ±5 nm of the six cluster centers (Table 3.4) from the 

hyperspectral dataset were averaged to imitate a multispectral dataset for each of the four 

wheat lines (Table 3.1). Algorithm 3 ranked these six bands via a recursive elimination 

process as 

𝓡 = {𝟓𝟐𝟖, 𝟖𝟎𝟓, 𝟓𝟖𝟗, 𝟓𝟕𝟑, 𝟕𝟓𝟏, 𝟓𝟒𝟔} 
 

where 528 nm is the center of the most informative band that persisted after the last iteration 

and 546 nm is the center of the least important band eliminated during the first iteration. 

Among all wheat lines, Kharchia had the largest CV error across the hyperspectral and all 

multispectral datasets (Figure 3.6). This result can be explained by the fact that Kharchia 

is the most salt-tolerant line among the four lines (Moghimi, Yang, Miller, et al., 2018), 

indicating the spectral response of plants under the salt treatment were less likely to be 

affected by the imposed stress. Consequently, the classification algorithm failed to 

accurately discriminate between pixels that represented plants under each of the control 

and salt treatments for Kharchia. Alternatively, the lowest CV error was found for CS, 

which was the most susceptible line among the others. The lowest CV error for CS was 

achieved by using the six multispectral broad bands and it increased as the number of bands 

decreased. 
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Figure 3.6. Mean of error across four wheat lines (dash line) and CV error of four wheat lines for 

hyperspectral (n = 215) and multispectral datasets using 10-fold cross validation. Bands were selected from 

the 𝓡 set in order (i.e., 5 Bands contains the first five bands in 𝓡 and 1 Band contains only the first band in 

𝓡).    

3.4.7 Salt stress phenotyping of wheat lines using multispectral bands 

The performance of multispectral bands in ranking wheat lines based on their salt tolerance 

was determined using methods used by (Moghimi, Yang, Miller, et al., 2018) (i.e., MDPA 

and posterior probability), and results were compared with those derived from the 

hyperspectral dataset (Figure 3.7). Using hyperspectral dataset and MDPA and Bayesian 

approaches, the ranking of salt tolerance for the evaluated wheat lines (from most tolerant 

to most susceptible) is: 1) Kharchia, 2) co(CS), 3) sp(CS), and 4) CS, which is consistent 

with the results of conventional phenotyping and historical evidence (Moghimi, Yang, 

Miller, et al., 2018; Munns et al., 2006; Zhang et al., 2016). The results presented here 

show that the same ranking of wheat lines is obtained using six multispectral bands 

developed in this study (Figure 3.7). Bands were selected from the ℛ set, which contains 

the bands in the order of their importance.  
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For both MDPA and posterior probability, lower values indicate a higher tolerance to salt 

stress. Use of only the top two multispectral bands in ℛ set (i.e., 528 nm and 805 nm) 

resulted in the same ranking of wheat lines as was achieved using more multispectral bands 

or the complete hyperspectral dataset. However, using fewer bands may lead to more 

uncertainty because as the number of bands decreases, the values deviate more from the 

base values obtained by using the hyperspectral bands (Figure 3.7). To quantify the 

difference between the values achieved by using various multispectral band combinations 

with base values obtained by all bands, NRMSE was computed for both techniques  

(Table 3.5). NRMSE could also be used to compare the performance of MDPA and 

Bayesian inference in ranking wheat lines as the number of multispectral bands decreased, 

since NRMSE calculated for both techniques has the same scale due to normalization based 

on the range of base values for each technique.  

 

Figure 3.7. Performance comparison between the selected multispectral bands and the full hyperspectral 

dataset  (reported by (Moghimi, Yang, Miller, et al., 2018) for ranking wheat lines based on their salt stress 

tolerance using (a) Minimum difference of pair assignments (MDPA) and (b) the Posterior probability 

P(salt|x). For both MDPA and posterior probability, lower values indicate a higher tolerance to salt stress. 
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Table 3.5. Normalized root mean square error (NRMSE) of minimum difference of pair assignments (MDPA) 

and Bayesian inference approach calculated for the selected six multispectral bands. 

 NRMSE (%) 

 6 Bands 5 Bands 4 Bands 3 Bands 2 Bands 1 Band 

MDPA 1.71 2.20 3.18 3.63 7.46 20.55 

Bayesian inference 6.23 2.90 8.29 4.42 8.94 14.83 

 

By decreasing the number of multispectral bands, NRMSE fluctuated for the Bayesian 

inference approach, whereas it consistently increased for the MDPA approach. By using 

only the first three bands in ℛ (528, 805, and 589 nm), NRMSE for MDPA was less than 

4%, indicating a multispectral camera with three broad bands centered at these bands would 

be sufficient for salt stress phenotyping. 

3.5 Discussion 

The present study proposed a pipeline to ensemble multiple rankers to rank spectral 

features of a high-dimensional hyperspectral dataset. The proposed pipeline offered a novel 

ensemble of base rankers to aggregate the benefits associated with the base rankers while 

disregarding those whose presence reduced the performance of classification. The 

algorithm was able to determine the inclusion/exclusion of a ranker for the final ensemble 

based on two criteria: feature subset size and F1-mean.  

The ensemble feature selection drastically reduced the dimension of the hyperspectral 

dataset (from 215 to 15 spectral features). While 200 features were eliminated, the F1-

mean improved by 8.5% from 68.49% to 77.09% using only 15 features of the feature 

ranking list obtained by the ReliefF, SVM-RFE, and random forest rankers. This reveals 

that a small subset of spectral features are able to capture a large portion of the most 

valuable information, while the remaining features tend to be redundant and/or contribute 

to noise. Moreover, ranking 589 nm, a known Na absorption band, as the top-ranked feature 

indicated that the proposed ensemble method was able to discover a physical meaning 

concealed in the high-dimensional spectral data of NaCl-treated wheat plants under salt 

stress. 
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In addition to the ensemble feature selection pipeline, the other contribution of this study 

was finding the centers of broad multispectral bands and ordering them based on their 

importance in discriminating salt stress leaves from healthy ones. This discovery can be a 

foundation for developing a custom-designed multispectral camera that aims to leverage 

the advantages of a multispectral versus hyperspectral sensing (e.g., simplicity, reducing 

cost, avoiding complications associated with line scanning hyperspectral cameras, etc.). 

Furthermore, by using the multispectral bands identified in this study, the salt stress 

tolerance of four wheat lines was assessed in a more interpretable and efficient manner. 

The ranking of wheat lines using the multispectral dataset was consistent with the analysis 

of the hyperspectral dataset evaluated by (Moghimi, Yang, Miller, et al., 2018). 

In this study, we initiated the idea of establishing a library for spectral features correlated 

to the plant diseases and stresses, each of which adversely affecting the plant physiology. 

Consequently, the spectral response of plant would change based on the type of disease 

and stress. This underscores the importance of hyperspectral imaging as a promising 

research tool to find meaningful wavelengths for each type of applications at the first place. 

Once important features are identified, then multispectral sensors can be designed 

accordingly for that specific application. In general, the benefits of identifying appropriate 

multispectral bands to reduce the dimension of a hyperspectral dataset can be summarized 

as (i) reducing the complexity of interpretation as complexity is a function of input data 

dimensions, (ii) reducing the risk of overfitting by selecting a less complex model, (iii) 

reducing the running time, computational cost, and storage required for processing and 

storing large hyperspectral datasets, (iv) reducing the required number of samples/pixels, 

and (v) reducing the cost of data collection (e.g. a multispectral sensor versus a 

hyperspectral sensor). Furthermore, a simpler model with less redundant/irrelevant features 

is more robust.  
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3.6 Conclusion 

The proposed ensemble feature selection pipeline ranked the spectral features of a 

hyperspectral dataset from the most to the least important based on the accuracy of a 

classifier in distinguishing between healthy and stressed vegetation pixels. The top 15 

features in the feature ranking list achieved the best classification results, and the top two 

features were able to achieve a similar CV error as that of all 215 spectral features. The 

findings of this study suggest that feature selection should be embedded as one of the main 

pre-processing steps in hyperspectral image analysis. Feature selection mitigates the 

challenges in post-processing (e.g., complex interpretation and expensive computational 

cost) while improving classification accuracy. We were able to determine six multispectral 

bands that can substantially contribute in the development of a custom-designed 

multispectral camera for wheat salt stress phenotyping. A multispectral camera designed 

for a specific application can benefit scientists, farmers, agricultural practitioners, and field 

consultants across a wide range of use cases. Some benefits include avoiding: (i) the high 

cost of hyperspectral sensors, (ii) difficulties with data collection, especially as it relates to 

properly using a line-scanning camera, and (iii) the required expertise for analyzing high-

dimensional hyperspectral images. The proposed feature selection pipeline can be utilized 

for feature selection and, subsequently, dimensionality reduction of other types of high-

dimensional datasets (e.g., microarray datasets). In future work, we will employ this feature 

selection pipeline to select informative spectral features in phenotyping for other 

abiotic/biotic stress tolerance in plants, and work to extend the library of spectral features 

associated with various plant diseases and stresses. 
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CHAPTER 4 

4 Selecting informative spectral bands using machine 

learning techniques to detect Fusarium head blight in 

wheat 

4.1 Introduction 

Fusarium head blight (FHB, also known as scab), is among the most widespread and 

devastating disease, attacking small grain crops throughout the world. FHB is caused 

largely by the fungal pathogen Fusarium graminearum, which can substantially reduce the 

yield and grain quality of wheat and other small grain cereals, and subsequently, have a 

significant impact on agriculture, economy, and society. Moreover, the FHB pathogens 

produce mycotoxins, such as deoxynivalenol (DON), that contaminate the grain, making it 

unsuitable for human and livestock consumption (O’Donnell, Kistler, Cigelnik, Ploetz, & 

Taylor, 1998).  

FHB is very difficult to manage completely. It is best to use an integrated strategy that 

includes management practices (e.g., tillage and crop rotation), the application of 

fungicides, and the deployment of resistant cultivars. Management practices alone will not 

completely address the problem. With respect to fungicide treatments, they cause 

additional costs to producers who are already on a tight profit margin in their operations. 

Moreover, fungicides can have adverse impact on environment (such as contaminating soil, 

and surface/ground water), and some even contribute to higher mycotoxin levels in grains. 

Development of FHB resistant cultivars is the most effective solution in response to FHB 

threat (Rawat et al., 2016), and it is an essential approach to mitigate the yield and quality 

losses caused by FHB (Anderson et al., 2001). Consequently, many cereal improvement 

programs currently dedicate a significant portion of their overall effort on developing varieties 

resistant to FHB. 
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On the St. Paul campus, several research labs are currently involved in breeding wheat and 

barley for resistance to FHB. Each year, thousands of experimental wheat lines are planted 

in field plots managed by these labs. When wheat heads have fully emerged, they are 

inoculated with a spore suspension of the FHB pathogen. To create optimal conditions for 

infection throughout the nursery, an overhead irrigation system is established in the field. 

About three weeks after inoculation, each line in the nursery is carefully assayed for the 

severity (% infection) of FHB by visual inspection. This disease assessment or “disease 

phenotyping” is the most demanding part of breeding for disease resistance. The sheer 

magnitude of this task becomes evident when considering that thousands of lines are 

screened each growing season through visual assessments to score/rate them based on their 

resistance to FHB. This process is extremely demanding, laborious, and time-consuming. 

Additionally, it often results in inconsistent scores because individual raters may score 

diseased wheat lines differently.  

Over the past few years, the emergence of sophisticated imaging systems mounted on 

unmanned aerial/ground vehicles introduced new opportunities for high-throughput 

phenotyping of plants. One of the non-contact sensing technologies that has drawn a 

substantial attention in stress phenotyping is hyperspectral imaging (HSI) which offers the 

ability to investigate the spectral response of stressed plans over hundreds of narrow bands 

with a high spatial resolution (spatial distribution pattern). HSI provides remarkable 

insights about internal alternations (e.g., degradation of chlorophyll, damages of leaf tissue 

structure, decrease of water content, etc.) in plants caused by abiotic/biotic stresses because 

these changes entail deviations in spectral response of the stressed plans compared to the 

healthy one. Several studies focused on the detection of FHB in small grains using 

hyperspectral imaging (Barbedo, Tibola, & Fernandes, 2015; Elke Bauriegel & Herppich, 

2014; Whetton, Hassall, Waine, & Mouazen, 2018), all emphasizing the importance of 

identifying the infected kernels. 

Despite the unique advantages/capabilities of HSI, its application has been mainly limited 

to research studies, and its practical application has lagged behind the theoretical and 

methodological developments. One of the main challenges is the complex analysis and 
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interpretation of hyperspectral images to appropriately recognize patterns and identify 

meaningful features from the high-dimensional images.  

In the context of FHB phenotyping, various methods have been utilized to reduce the 

dimension of hyperspectral images for detection of FHB in wheat kernels. These methods 

include: (i) band ratio (Delwiche & Kim, 2000; Polder, Van Der Heijden, Waalwijk, & 

Young, 2005), (ii) feature extraction (e.g. principal component analysis, and linear 

discriminant analysis) (E. Bauriegel, Giebel, Geyer, Schmidt, & Herppich, 2011; Shahin 

& Symons, 2011), (iii) Pearson correlation coefficient (Alisaac, Behmann, Kuska, Dehne, 

& Mahlein, 2018), and (iv) spectral indices (e.g. normalized difference vegetation index 

(NDVI) and structure insensitive pigment index (SIPI)) (Alisaac et al., 2018; E. Bauriegel 

et al., 2011).  

Delwiche & Kim, (2000) examined 231 possible band ratio between two bands 

(
𝜌(𝜆1)

𝜌(𝜆2)
 ;  𝜆1 < 𝜆2) ranging from 458 nm to 844 nm. They reported the best ratio obtained by 

568nm and 715nm, which resulted in classification error between 2 and 17% to classify 32 

healthy kernels from scab-damaged kernels of three varieties. In another study, Delwiche, 

Kim, & Dong (2011) identified two pair of wavelengths, one pair from visible region (502 

nm and 678 nm) and the other from near infrared region (1198 nm and 1496 nm), have the 

best performance in discrimination of FHB kernels with accuracy of about 95%.  

Bauriegel et al. (2011) attempted to determine the optimal wavelengths range for 

discrimination of FHB kernels. They concluded that four spectral range (500-533 nm, 560-

675  nm, 682-733 nm, and 927-931 nm), computed based on factor loadings of PCA, are 

the most appropriate wavelength range for FHB detection. They also proposed an index, 

called head blight index, composed of two spectral range with 10 nm width (550-560 nm 

and 665-675 nm). The head blight index could predict the disease degree in 84% of kernels 

within ±10 percent of the visual rating of disease degree.  

In another investigation, Shahin & Symons (2011) selected six wavelengths (484 nm, 567 

nm, 684 nm, 817 nm, 900nm and 950 nm) using PCA to detect FHB infected kernels with 

classification accuracy of 92%. 
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Bauriegel and Herppich (2014) stated that two spectral regions (550-560 nm and 665-675 

nm), each with 10 nm width, are needed to detect the FHB infected spikes.  

More recently, Alisaac et al. (2018) conducted a study to assess the resistant of seven wheat 

varieties to FHB using hyperspectral imaging over 400-2500 nm. According to their 

results, there is a high correlation between the severity of FHB disease and four broad 

spectral ranges (430-525 nm, 560-710 nm, 740-810 nm, 1115-2500 nm). They also 

investigated the correlation between the severity of FHB disease and fifteen vegetation 

indices (e.g., NDVI and SIPI), concluded that there is a high correlation between them. 

However, Bauriegel et al. (2011) reported that the classification results obtained by using 

vegetation indices (e.g., NDVI and SIPI) were not satisfactory. 

It can be inferred from the results of former studies that there is a discrepancy in selecting 

the most informative bands to detect the FHB spikes from the healthy ones. This variation 

can be explained by the fact that spikes experiencing FHB exhibit premature bleaching, 

while healthy spikes are still green. This causes the spectral response of infected spikes 

deviate in significant portion of visible and near infrared region from the spectral response 

of healthy spikes. Consequently, various feature selection methods may recognize different 

spectral bands or region to be the most informative for distinguishing the FHB spikes from 

the healthy ones. Therefore, a more robust method is needed to identify the most 

discriminative spectral bands to detect the infected spikes in a more dynamic field 

environment at the early stages of infection when the detection can be challenging.  

One possible solution is to integrate several feature selection techniques to leverage the 

benefits associated with each of these techniques. In this study, we utilized the ensemble 

method proposed by Moghimi, Yang, & Marchetto (2018) with several adjustments to 

identify sensitive bands for FHB detection. The objective of this study was to take 

advantage of high spectral resolution of HSI, as a research tool, to identify the most 

sensitive spectral features for assessment of FHB resistance of wheat lines. The result of 

this study can be used to develop a custom-designed sensor tailored around FHB 

phenotyping in a rapid, accurate, efficient, and cost-effective manner. 
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4.2 Methods 

4.2.1 Plant preparation  

The spring wheat variety ‘Wheaton’, which is historically known as a susceptible variety 

to scab, was selected for selecting the most sensitive wavelengths in discriminating healthy 

plants from infected spikes. Wheaton seeds were planted in 10 pots (four seeds per pot), 

five pots as control and five pots for FHB treatment. After the heading time, the spikes in 

the pots designated for scab were inoculated by injecting the FHB inoculum (Figure 4.1). 

The process of spike inoculation was performed on six days depending on the maturity 

stage of the spikes. After about three weeks, the infected spikes and control spikes were 

cut and immediately transferred to a dark room for imaging.  

 

Figure 4.1. An inoculated spike. Colorful ribbons were used to keep track of the inoculation date. Plastic bag 

was used to provide a humid environment for the fungus. (B) An infected spike became bleached. In an 

infected spike, awns tend to bend.   
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4.2.2 Hyperspectral image acquisition 

Hyperspectral images were captured using a push-broom (along-track scanner) 

hyperspectral camera (PIKA II, Resonon, Inc., Bozeman, MT 59715, USA) mounted on a 

motorized slider moving with a constant speed across a horizontal bar (Figure 4.2). The 

camera recorded the spectral response of the spikes over 240 spectral channels in visible 

and near infrared region (400 nm to 900 nm) with about 2.1 nm spectral resolution and 640 

spatial channels in the cross-track direction. The scanning frame rate of the camera was set 

as described by (Moghimi et al., 2017) based on the field of view of the camera lens (33 

degrees), the distance between the lens and spikes (about 0.8 meter), and the speed at which 

the camera was moving (0.025m/s). The lighting source was composed of four halogen 

lamps (250W), appropriately adjusted to obtain a uniform illumination. The gain and 

exposure time of the imager was set appropriately to avoid over-exposure while obtaining 

a maximum dynamic range.  

 

Figure 4.2. Hyperspectral imaging setup. 
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4.2.3 Preprocessing of hyperspectral images 

Two preprocessing steps were required before image analysis steps, radiometric calibration 

and noisy bands removal.   

The radiometric calibration step accounted for the two main inconsistent factors: sensor-

dependent factors and time-dependent factors. Sensor-dependent factors include 

parameters related to the sensor, such as inconsistency among spatial and spectral 

responses of detectors in the camera (e.g., gain, offset, and quantum efficiency). To account 

for these sensor-dependent factors, raw images were converted to radiance 

(Wm-2sr-1nm-1) using a vendor-supplied calibration file. Alternatively, time-dependent 

factors refer to the factors that tend to change over the course of imaging, such as variation 

in intensity of incident light over time. To account for time-dependent factors, images in 

radiance were converted to reflectance using a Spectralon panel (Labsphere, Inc., North 

Sutton, NH, USA) placed as a reference surface in all images. The second preprocessing 

step was noisy band removal. The first 30 bands (up to ~455 nm) were eliminated from the 

dataset as they were noisy.   

4.2.4 Segmentation of spikes 

To identify the most discriminative bands for FHB detection, pixels representing the 

spikelets with FHB infection and pixels representing healthy spikelets were separately 

segmented from background, which was a black fabric. At the imaging time, healthy 

spikelets were still green while the infected spikelets were bleached. To segment the 

healthy pixels and the infected pixels form background, excessive green index (EGI) and 

transformed soil-adjusted vegetation index (TSAVI) (Baret, Guyot, & Major, 1989) were 

used, respectively (Figure 4.3). 
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Figure 4.3. (A) RGB representation of a hyperspectral image captured from wheat spikes. (B) Excessive 

green index (EGI), shown in colormap, was used to segment pixels representing healthy spikelets. (C) 

Transformed soil-adjusted vegetation index (TSAVI), shown in colormap, was used to segment infected 

spikelets from background. (D) Thresholding EGI to create a mask for healthy spikelets. (D) Thresholding 

TSAVI to create a mask for infected spikelets. (E) Healthy and infected spikes segmented from background.  

4.2.5 Feature Selection Method 

Despite all of the investigations attempting to deploy HSI, still more research is needed to 

address the challenges in analysis of hyperspectral images. Moghimi, Yang, and Marchetto 

(2018) leveraged advanced machine learning algorithms for developing a robust ensemble 

feature selection method to identify sensitive spectral features for salt stress phenotyping 

in wheat. They identified the six most predominant wavelengths for salt stress assessment 

in wheat. Their finding suggests the importance of spectral feature selection as a pre-

processing step in analysis of hyperspectral images. In the present study, to determine 
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sensitive wavelengths for FHB detection, their ensemble feature selection pipeline was 

utilized with a minor modification: instead of the minimum error, the required number of 

features to obtain an error within one standard error (1SE) of 0.05 was considered as one 

of the criteria. The reason for changing this criterion was that the cross validation error 

dropped for the first few feature subset size and reached a steady state for FHB data.   

Subsequent to the ensemble process, two methods were used to identify six broad spectral 

bands around the most informative bands at the top of the ensemble feature list. The first 

method was the clustering algorithm proposed for the salt stress project (Algorithm 2 in 

Moghimi et al. (2018)). The second method was a nonparametric method for probability 

density estimation, called kernel estimator also known as Parzen windows as follows:  

�̂�(𝑥) =  
1

𝑁ℎ
 ∑𝐾(

𝑥 − 𝑥𝑡

ℎ

𝑁

𝑡=1

) (4.1) 

𝐾(𝑢) =  
1

√2𝜋
 exp [−

𝑢2

2
] 

(4.2) 

 

where �̂�(⋅) is the estimator of probability density, 𝐾(⋅) is the Gaussian kernel function, 𝑁 

is the number of spectral features, ℎ is the band interval which was set to 10 nm in the 

present study.   

4.3 Results 

4.3.1 Band pair correlation  

In hyperspectral imaging, hundreds of spectral bands are scanned. However, a great portion 

of the scanned bands might be highly correlated. Figure 4.4 depicts a colormap representing 

the correlation between all pairs of bands. It appeared that there is a high correlation 

between near infrared bands. This could be anticipated because the spectral response of 

both control and scab pixels changed very slightly from about 750 nm to 90 nm (Figure 

4.5). Alternatively, there is a low correlation between near infrared bands and red bands, 

shown as dark blue in Figure 4.4. Nevertheless, there is a general pattern in band pair 

correlation: nearby bands tend to highly correlate with each other.  
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Figure 4.4.Correlation between all pairs of spectral features presented as a colormap image. 

 

 

Figure 4.5. Average spectral response from healthy and infected spikes.  



 

89 

4.3.2  Ranking of spectral features by six rankers 

Similar to feature selection for salt stress study, feature subset size and F1-mean were 

computed for each ranker to compare the performance of rankers with each other (Table 

4.1). Among the six rankers, CFC and random forest required a significant large number 

of features to obtain an error within 1SE of the defined error (5% error). On the other hand, 

SFS-forward, LASSO, and SVM-RFE required only two features to meet the requirement. 

Although random forest required a large feature subset size, it had the lowest CV error on 

the training dataset and the maximum F1-mean on the test dataset. However, QDA 

classifier (i.e., quadratic discriminant analysis) used only the first two features ranked by 

SFS-forward, LASSO to obtain a similar F1-mean as random forest.  

 

Table 4.1. Classification performance of QDA on the training and test datasets for individual rankers. 

 Training dataset with 10-fold CV  Test dataset 

 
Feature 

subset size 

Error 

(%) 

StD  

(%) 

 F1C0 

(%) 

F1C1 

(%) 

F1-mean 

(%) 

CFS 25 4.65 0.46  95.86 96.13 95.99 

ReliefF 4 2.53 0.33  97.42 97.77 97.59 

SFS-forward 2 0.73 0.14  99.09 99.23 99.16 

SVM-RFE 2 2.72 0.46  96.85 97.26 97.05 

LASSO 2 0.68 0.19  99.06 99.21 99.13 

Random Forest 11 0.65 0.16  99.12 99.25 99.18 

 

Table 4.2 presents the first 11 top-ranked features per each ranker. Intriguingly, four 

rankers belonging to wrapper and embedded categories identified their most informative 

spectral feature around 760±12 nm. Among these four rankers, random forest required the 

largest feature size (i.e., 11 spectral features) because the first 10 features were within 20 

nm interval (775±10 nm). As shown in Figure 4.4, these 10 spectral features were highly 

correlated. Therefore, once a spectral feature (686 nm) from outside of this range was added 

to the feature subset size as the 11th feature, the error dropped to lower than 5%.  
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Table 4.2. The first 11 top-ranked features per each rankers to classify healthy and infected pixels. 

Rankers First 11 top-ranked spectral features (nm) 

CFS 686 684 688 682 680 690 678 692 676 674 672 

ReliefF 489 497 466 770 471 475 499 709 477 458 700 

SFS-forward 772 696 752 594 709 764 869 682 754 549 538 

SVM-RFE 748 602 659 703 594 620 631 680 690 641 725 

LASSO 760 698 709 764 750 766 756 754 752 707 746 

Random Forest 772 774 778 776 768 785 783 781 766 770 686 

4.3.3 Ensemble of feature selection techniques 

The ensemble feature selection method developed for the salt stress project was a recursive 

elimination process in which one ranker was eliminated at each step provided that its removal 

resulted in the best performance based on two criteria (F1-mean and feature subset size) among 

all other potential choices for elimination in that step. However, the recursive elimination 

method was not used for this scab project because feature subset size was identical for three 

base rankers (SFS-forward, SVM-RFE, and LASSO), and there was a subtle difference 

between their F1-mean (Table 4.1). Therefore, the complete linear aggregation method was 

used to average the ranking assigned to each spectral feature by these three rankers. Afterwards, 

two clustering methods was used to determine the center of six broad spectral bands. Figure 

4.6 demonstrates the first 30 top-ranked spectral features from the ensemble list. Noticeably, 

three regions are dominant, including spectral bands between 680 to 720 nm, 750 to 800 nm, 

and between 850 nm to 900 nm. The first interval (680 to 720 nm) refers to the red-edge region 

and the other two denote the near infrared regions of electromagnetic spectrum. Kernel 

estimator was able to identify one cluster center per each of these three intervals as well as two 

other cluster centers with lower probability density (Figure 4.7). The cluster centers identified 

by Kernel estimator and the clustering algorithm proposed in the salt stress study are presented 

in Table 4.3. The results revealed that both methods could find similar cluster centers as the 

center of broad multispectral bands. The difference was the number of cluster centers - the 

clustering algorithm was required to identify six clusters as the number of clusters was set to 

six, whereas, Kernel estimator is a nonparametric method and could find five clusters with high 

probability density.  
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Figure 4.6. The first 30 top-ranked spectral features from the ensemble list mainly located in three regions: 

680 to 720 nm, 750 to 800 nm, and between 850 nm to 900 nm. 

 

Figure 4.7. Probability density estimation calculated by a Kernel estimator with Gaussian kernel function. 

Five clusters were generated as the center of broad spectral bands.  

 

Table 4.3. The cluster centers identified by Kernel estimator and the clustering algorithm proposed by 

(Moghimi, Yang, & Marchetto, 2018) 

 Center of clusters (nm) 

Kernel estimator 766 868 696 591 540 - 

Clustering algorithm 696 764 874 851 591 540 
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4.4 Discussion 

Each year, wheat growers struggle with major yield losses, costly management practices, 

and discounts on their delivered crop, all caused by scab disease. One promising solution 

is to cultivate a resistant wheat variety to scab. Breeders conduct experiments in multiple 

locations for several years to identify resistant wheat varieties through screening thousands 

of wheat lines in fields. The process of rating the resistance of each wheat line is performed 

by visual assessment of spikes, which is prohibitive given the labor, time, and cost 

requirements. Moreover, visual assessment is subject to human error and bias of raters who 

score the resistance of wheat lines. FHB is certainly a devastating plant disease that needs 

an improved phenotyping method for assessment. 

In this study, the optimal set of spectral bands appropriate for discriminating control and 

scab pixels were determined by an ensemble feature selection method. A very high 

classification accuracy (~99%) was achieved by using two spectral features: 766 nm and 

696 nm. This finding evidently demonstrates the redundancy of hyperspectral bands. 

However, it should be noted that these results were achieved in the laboratory with different 

conditions than the field environment where FHB screening is performed in a large scale 

with uncontrolled lighting condition and a more complex background. Therefore, it is 

critical to find the most informative spectral features to develop a custom designed 

multispectral camera tailored to recognize FHB infected spikes in field conditions. Based 

on the results, a regular RGB camera is sufficient for classifying infected spikes from 

healthy ones since it captures images in red and green regions which are among the 

informative bands (696 nm and 540 nm). However, incorporating NIR bands might 

improve the performance of spike recognition from background as well as discriminating 

healthy and scab infected spikes.   
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CHAPTER 5 

5 A deep neural network for analysis of aerial 

hyperspectral imagery to predict the yield of 

experimental wheat plots 

5.1 Introduction 

Considering the increasing world population and subsequent demand for food, crop 

production should double by 2050 (Tilman et al., 2011), indicating the average rate of yield 

increase of crops should be 2.4% annually (Ray et al., 2013) – the current average rate of 

increase is only 1.3% (Jose Luis Araus et al., 2014; Ray et al., 2013). These statistics 

noticeably indicate an urgent need for further efficiency improvement in crop production 

to alleviate the global concern of food security. Nevertheless, genetic gain in yield of 

wheat, one of the major crops, was reported to be less than 1%, far behind the necessary 

yield increase (i.e., 2.4%) (Crain et al., 2018; Ray et al., 2013; Reynolds et al., 2012). Other 

studies even claimed wheat yields have plateaued in some regions of the world (Acreche 

et al., 2008; José Luis Araus et al., 2018; Sadras & Lawson, 2011), indicating the 

importance of phenotyping for developing wheat varieties with high yield potential. 

To identify crop varieties with high yield potential, plant scientists and breeders evaluate 

the performance of hundreds of lines developed through breeding and genotyping. This 

evaluation is performed through conventional phenotyping methods which rely on 

demanding, extremely laborious, and time-consuming tasks to measure various crop traits. 

For instance, in experimental yield nurseries of wheat, the grains of each plot should be 

individually harvested by a combine harvester followed by packaging, labeling, and sealing 

to avoid blending grains of plots. These exhausting tasks should be performed at multiple 

locations in a rather short harvesting time since breeders have yield nurseries at various 

regions to account for non-uniform climate, soil, and environmental conditions. 
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Furthermore, conventional yield phenotyping is restricted by the availability of machinery, 

labor, and weather conditions. Each of these factors could potentially postpone harvesting 

time for several days during which yield loss can occur because of animals’ attack (e.g. 

birds and rodents) and/or severe weather (e.g. hail and winds). Any of these challenges 

could deteriorate the quality and validation of the data, therefore, wasting the enormous 

efforts made thorough growing season.      

The other limitation associated with conventional methods is that it ignores the spatial 

variability of yield within the plots. Various regions in a plot contribute unequally to the 

measured yield for the plot (i.e., yield is non-uniformly distributed within an experimental 

plot). Therefore, breeders are unable to study the effect of crop density on yield potential 

of various varieties. Moreover, ignoring the variability of yield within plots entails an 

enormous loss of information regarding the marginal effects on yield to identify the lines 

whose plants located in the middle of plot can compete for nutrition and therefore can 

contribute to yield as much as the plants located at the margin of the plot. Considering the 

importance of selecting high-yielding varieties and limitations associated with 

conventional phenotyping methods, there is a compelling need to predict yield, preferably 

with high-resolution. 

Precise prediction of yield has always been of particular interest worldwide to agricultural 

communities as it provides insights into making the best site-specific management 

decisions at the right time and right place. A substantial number of studies have been 

performed to predict the crop yield using various platforms and sensors.  

For large-scale yield prediction (e.g., county, state, and nationwide), satellite imagery has 

been widely used as a decision support tool for researchers and policy-makers (Aase & 

Siddoway, 1981; Benedetti & Rossini, 1993; Chaparro et al., 2018; Labus, Nielsen, 

Lawrence, Engel, & Long, 2002; Lobell, 2013). However, satellite imagery is not an 

appropriate tool for plant phenotyping which requires high temporal and spatial resolutions 

given the size of plots and the objective of the problem. Jin et al. (2017) used HJ-1A/B and 

RADARSAT-2 imaging data as the input variables for AquaCrop model to estimate 

biomass and canopy cover of winter wheat, and subsequently, predict the yield of 30 field 
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experiments. They reported that the estimated biomass had a better agreement with the 

yield (R2 = 0.42 and RMSE = 0.81 ton/ha) compared to the yield prediction based on the 

estimated canopy cover (R2 = 0.31 and RMSE = 0.94 ton/ha).  

A decade ago, flexible and maneuverable platforms to carry sensors in experimental field 

trials comprising hundreds of varieties were considered the bottleneck in plant 

phenotyping. However, it is not a challenge anymore with the emergence of unmanned 

aerial vehicles (UAVs) into the agricultural domain and advances in autonomous ground 

vehicle. On the other hand, image-based remote sensing technologies with higher spectral 

and spatial resolution has become more lightweight and available at lower cost, and 

subsequently suitable for mounting on UAVs. In high-throughput field phenotyping, UAVs 

have been implemented to study several traits of various crops: plant height in maize (Han 

et al., 2018), drought-adaptive traits in wheat (Condorelli et al., 2018), seasonal growth and 

development of barley (Burkart, Hecht, Kraska, & Rascher, 2017), plant density of wheat 

(Jin, Liu, Baret, Hemerlé, & Comar, 2017), yield estimation of soybean (Yu et al., 2016), 

plant height of sorghum and maize (Shi et al., 2016). 

In high-throughput field phenotyping for yield estimation of wheat, researchers have 

utilized UAVs equipped with various sensors. Madec et al. (2017) attempted to predict the 

yield of various wheat genotypes based on maximum plant height estimation using RGB 

images and LiDAR data collected by a UAV. They reported a low correlation between 

yield and maximum plant height derived from LiDAR data (R2 = 0.22) and RGB images 

(R2 = 0.13). Duan, Chapman, Guo, & Zheng (2017) computed normalized difference 

vegetation index (NDVI) derived from multispectral images captured by UAV to predict 

the yield of wheat for high-throughput purposes. Because of the attained low spatial 

resolution (2-5 cm), the NDVI calculated per each pixel was a combination of vegetation 

and background, inherently with different spectral characteristics. To address the mixed 

pixel issue, they proposed a naïve (ineffective) solution in which pixels with NDVI less 

than a predefined threshold were masked for further analysis. They suggested that there is 

a high correlation (R2 = 0.87) between the adjusted NDVI, computed around flowering 

time, and final yield. However, this finding was achieved from a few number of plots (in 
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total 12 plots including three cultivars with four treatments). To predict the yield of a 

particular winter wheat, Du & Noguchi (2017) deployed stepwise regression to analyze 

five color vegetation indices derived from multi-temporal color images captured by a UAV 

from heading stage to ripening stage. They performed the analysis on only nine samples of 

wheat yield. Their results demonstrated a strong correlation (R2 = 0.94 and RMSE = 0.02) 

between four color vegetation indices and yield for this limited number of samples. In 

another study, aerial images acquired from UAV were utilized to estimate the yield of 

twenty wheat varieties under a water limited and heat stressed environment (Kyratzis, 

Skarlatos, Menexes, Vamvakousis, & Katsiotis, 2017). Two vegetation indices including 

green normalized difference vegetation index (GNDVI) and NDVI were calculated at 

various growing stages of plants over two consecutive years. They concluded that GNDVI, 

compared to NDVI, performed better in explaining variability of grain yield with R2 = 0.31 

and R2 = 0.21 for the first and second year of experiment, respectively.  

Nowadays, with the commercialization of UAVs and increasing availability of more 

compact, inexpensive, and sophisticated sensing technologies, the challenge shifted from 

data collection to data analysis - extracting significant features and recognizing underlying 

patterns from large datasets captured by autonomous platforms equipped with sophisticated 

non-contact sensing technologies. The most common approach for analysis of image-based 

data (RGB, muti- or hyper-spectral images) is to calculate spectral vegetation indices 

derived by simple arithmetic equation (e.g. ratio) among few spectral bands. Nevertheless, 

more advanced analysis methods are required to extract valuable information from images 

for high-throughput field phenotyping rather than simple vegetation indices which entail 

several limitations. For instance, it has been proved that NVDI, the most widely used index, 

suffers from saturation issue over vegetation canopy with moderate-to-high level of density 

(Asrar, Fuchs, Kanemasu, & Hatfield, 1984; Gitelson, 2004; Gitelson, Kaufman, & 

Merzlyak, 1994). 

More advanced techniques are required for high-throughput analysis of large image-based 

phenotyping datasets. Recently, machine learning and deep learning algorithms have 

shown considerable promise in developing more efficient and effective pipelines for 
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analysis of large phenotyping datasets (A. Singh et al., 2016; A. K. Singh et al., 2018). 

Among a variety of algorithms, techniques, such as convolutional neural network, capable 

of analyzing large image-based datasets have drawn a substantial attention since imaging 

has been shown to be a promising component in high-throughput phenotyping.  

The primary objective of this study was to develop a sensor-based, automated framework 

for high-throughput yield phenotyping of wheat in the field. The data from hundreds of 

wheat varieties were collected by a hyperspectral camera mounted on a UAV flying over 

three experimental wheat plots during two consecutive growing seasons. To analyze high-

dimensional hyperspectral images captured with high spatial and spectral resolution, a deep 

neural network was trained to predict the yield of wheat plots. In addition to yield 

prediction at plot scale, the feasibility of yield estimation at a finer spatial resolution (i.e., 

sub-plot scale) as well as a coarser spatial resolution (i.e., field scale) was investigated in 

this study.  

 

5.2 Materials and methods 

5.2.1 Field site and experimental setup 

Field experiments were conducted at three experimental yield trials (C3, C4, and C9) 

during two consecutive growing seasons 2017 (C3 and C9) and 2018 (C4). Field sites were 

located at St. Paul Campus Research Facility, University of Minnesota, MN 

(44°59'28.15"N and 93°10'48.34"W) (Figure 5.1). Yield trials were composed of hundreds 

of new wheat lines, several check lines, and advanced lines from other breeding programs. 

Each wheat line was planted as a plot with about 1 meter (3.5 ft) width and 2.4 meter (8 ft) 

length. The plots were harvested with a combine designed for harvesting small plots. After 

harvest, the grains were weighted for each wheat plot. Therefore, the unit of yield was gram 

per plot. Since the area of the plots was the same, yield is presented in terms of gram 

hereinafter.   
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Figure 5.1. Layout of yield plots in 2017 experimental wheat trials (C3 and C9). Crop rotation was done in 

2018 and C4 was planted with wheat.    

 

5.2.2 Platform for aerial imagery 

The UAV used in this study was DJI Matrice 600 Pro equipped with A3 Pro flight 

controller. The flight missions were created and executed in a grid mode with DJI Ground 

Station Pro (Figure 5.2). Table 5.1 presents the detail of the flight mission. For image 

collection, the entire mission was executed in autonomous mode except the take-off and 

landing which were performed manually. On the same day of image collection, a manual 

flight was performed at very low altitude (~ 5 meter) to collect images for endmembers 

extraction, described in section 5.2.6.1.  

A gimbal (DJI Ronin-MX) was used to carry the airborne hyperspectral imaging 

components and maintain automatically the camera at nadir position regardless of the UAV 

movements (Figure 5.2B).  
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Figure 5.2. (A) Unmanned aerial vehicle: DJI Matrice 600 Pro equipped with A3 Pro flight controller. (B) 

Gimbal: DJI Ronin-MX. (C) DJI Ground Station Pro. (D) Airborne hyperspectral imaging system mounted 

on the gimbal. (E) Components of airborne hyperspectral imaging system. 

  

A 

B | C 
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Table 5.1. Flight information for two missions. 

Flight mission for: Flight mode Altitude 

(m) 

Speed 

(m/s) 

Silelap Spatial resolution 

(cm) 

Yield prediction Autonomous 20 2 50% < 2 

Endmember extraction Manual ~ 5 0.5 - < 0.5 

5.2.3 Airborne hyperspectral imaging setup 

The camera used in this study was a push-broom hyperspectral camera (PIKA II, Resonon, 

Inc., Bozeman, MT 59715, USA) with the specifications presented in Table 5.2. The 

components of airborne hyperspectral imaging system include the imager, flight computer, 

GPS antenna, inertial measurement unit (IMU), and a solid-state hard disk (Figure 5.2E).  

To have the imager automatically start and stop collecting data, the aircraft should be above 

a defined minimum altitude (8 meters for yield prediction mission and zero for endmember 

extraction mission) and the GPS of imaging setup should be inside a predefined target area. 

To define the area of interest, a polygon was created with appropriate buffer around the 

experimental field in Google Earth, saved as KML file, and then uploaded into the flight 

computer. The camera started image collection when the GPS of imaging setup entered the 

polygon above the predefined threshold, and it stopped the imagery once the aircraft exits 

from the polygon.  

Image acquisition was performed in auto expose mode in which gain and exposure time 

were automatically adjusted based on the ambient lighting conditions and the brightness of 

the target. The other parameter that should be adjusted by user was the frame rate of 

scanning denoting the number of pixel lines scanned at each second perpendicular to the 

direction of movement.  

Frame rate of scanning was a function of two user-defined parameters including aircraft 

speed and flight altitude as well as two specifications of imager including field of view (33 

degree) and spatial channels. In this study, a low flight altitude (20 meter) was defined to 

attain a high spatial resolution while avoiding the potential turbulence over canopy caused 
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by the propellers of UAV. The speed of aircraft was set 2 m/s to cover the entire field in 

one flight while the required scanning frame rate to maintain the spatial integrity (square 

pixels with aspect ratio of 1:1 in cross and across track) to be less than the maximum frame 

rate of imager. Once the flight altitude and speed were set, a frame rate of 108 frame per 

second  was calculated as described by (Moghimi et al., 2017). 

The hyperspectral pixel lines captured by PIKA II were transferred to the flight computer 

via an Ethernet cable, synchronized by GPS and IMU data, broken into about 2000 lines, 

and then saved as a hyperspectral image cube to the hard drive through a USB-3 

connection. Therefore, the pixel size of each hyperspectral image cube was 2000×640×240, 

requiring about 640 megabytes space for saving.   

Table 5.2. Specifications of the PIKA II hyperspectral camera  

Hyperspectral 

imager 

Spectral 

range 

(nm) 

Spectral 

resolution 

(nm) 

Spectral 

channels 

Spatial 

channels 

Maximum frame rate 

(frame per second) 

Bit depth 

PIKA II 400 – 900 2.1 240 640 145 12 

 

5.2.4 Pre-processing of hyperspectral images 

5.2.4.1 Radiometric Calibration 

The hyperspectral images were collected as raw digital numbers (DNs) which is the least 

useful format with no units or physical meaning. Therefore, raw images were converted to 

radiance (Wm−2sr−1nm−1) using the lab-derived radiometric calibration file provided by the 

manufacturer of imager. This conversion is a key step required in radiometric calibration 

of hyperspectral images to compensate the non-uniform spectral and spatial responses of 

the instrument (Moghimi, Yang, Miller, et al., 2018).  

To account for potential variation in solar illumination, hyperspectral images in radiance 

were then converted to reflectance using reference panels (60×60 cm) placed in the field 

before image collection. The panels were pained with gray paint mixed with Barium 

Sulfate to diffuse the incoming solar irradiance to various directions (no specular 
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reflection). In a laboratory setup, the actual reflectance of gray panels were measured by a 

ASD FieldSpec 4 spectroradiometer (Analytical Spectral Devices, Inc., Longmont, CO, 

USA) with respect to the reflection of a Spectralon panel (Labsphere, Inc., North Sutton, 

NH, USA) used as a standard reference panel with highly Lambertian surface. Radiance 

and reflectance conversion were performed using SpectrononPro software (Resonon, Inc., 

Bozeman, MT 59715, USA). The gray panels were placed north side of black panels in 

alleys. The location of panels was calculated based on image swath to maximize the 

probability of capturing at least one set of reference panel in each image. The unique ID of 

the plots located at both side of gray panels were recorded in an inventory for further 

processing to recognize the ID of all plots across the image.  

5.2.4.2  Noisy Band Removal 

Prior to any further analysis, the first and last few bands were disregarded because of high 

noise (any bands before 430 nm and after 870 nm). In addition, spectral bands near the 

absorption region of O2 and H2O were removed from the hyperspectral data cube 

(Moghimi, Yang, Miller, et al., 2018). In total, 190 spectral bands out of 240 bands were 

kept for further analyses.  

5.2.5 Plot segmentation and identification  

5.2.5.1 Segmentation of plots from background 

When aerial images were collected, wheat plots were at the senescence stage. While 

chlorophyll a and chlorophyll b in a green, healthy leaf of a wheat plant require absorbing 

a high extent of light at blue and red region of electromagnetic spectrum for photosynthesis, 

a senescent leaf tends to absorb less light at these two regions, this is because of a 

significant decline in chlorophyll content (C. Lu, Lu, Zhang, & Kuang, 2001). However, 

the extent of enhancement in reflection from senescence leaves of wheat at red region is 

higher than the reflection at blue region. The reason for this change in reflectance pattern 

is that carotenoid, with a high absorption at blue region (Lichtenthaler, 1987), is much less 

affected compared to chlorophyll a and b during the leaf senescence, meaning the 

illuminated light is still highly absorbed at blue region during senescence (Biswal, 1995; 
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Grover, Sabat, & Mohanty, 1986). Therefore, to segment wheat plots from background, a 

vegetation index referred to as normalized difference plant senescence index (NDPSI) was 

proposed in this study. NDPSI is essentially a vegetation index derived from two broad 

bands: red (670±5 nm) and blue (450±5), as follows: 

𝑁𝐷𝑃𝑆𝐼 =  
𝑅𝑒𝑑 − 𝐵𝑙𝑢𝑒

𝑅𝑒𝑑 + 𝐵𝑙𝑢𝑒
=  

1
𝑛

∑ 𝜌𝑖 − 
1
𝑚

∑ 𝜌𝑗 
455
𝑗=445

675
𝑖=665

1
𝑛

∑ 𝜌𝑖 
675
𝑖=665 + 

1
𝑚

∑ 𝜌𝑗 
455
𝑗=445

 (5.1) 

 

where 𝜌 denotes reflectance at particular wavelength, 𝑛 and 𝑚 refer to the number of bands 

used to generate broad red and blue spectral bands (𝑛 = 𝑚 = 5), respectively. While single 

band at 670 and 450 nm can be also used to calculate NDPSI, consolidating five bands as 

broad red and blue bands rendered a NDSPI gray-scale image with effectively reduced salt 

and pepper noise.  

Pixels representing wheat plots displayed a tendency to exhibit large values of NDPSI 

compared to the background pixels, which were mainly reference panels, green winter 

wheat planted in alleys, soil, and shadow caused by plants. A threshold was defined for 

pixel values of NDPSI to segment wheat plots from the background (Figure 5.3). Several 

morphological operations were applied on this binary image. First, a flood-fill operation 

was conducted to fill the holes generated inside the objects. The second mathematical 

morphology was opening operation, an erosion followed by a dilation with a rectangle 

structuring element (10×5), to remove small objects and break the potential connection 

between adjacent plots due to the lodging of plants. To assure small objects are disregarded, 

a threshold was defined for the area of the objects in terms of pixels. The obtained binary 

mask was then used to segment the plots and fit bounding boxes enclosing the plots 

(Figure 5.3).  
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Figure 5.3. (A) RGB representation of a hyperspectral image. (B) Gray scale image of normalized 

difference plant senescence index (NDPSI). (C) Binary image obtained by thresholding NDPSI. (D) 

Binary mask obtained by morphological operations including flood-fill, opening, and area thresholding. 

(E) RGB representation of hyperspectral image of plots segmented from background using the binary 

mask. (F) Fitting bounding boxes enclosing the segmented wheat plots. 

A | B | C 

D | E | F 
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5.2.5.2 Recognizing plots ID 

The geo-rectification process of hyperspectral images failed largely because the IMU data 

was not accurate enough due to the magnetic interference. Therefore, a semi-automatic 

pipeline was developed to identify the plot ID of segmented plots in each image.  

Manual processing 

GPS/IMU data was utilized to generate an approximate swath outline (i.e., image 

boundary) per each image. These swath outlines were saved as KML files and imported 

into QGIS to have an estimate for the geographical position of the field area scanned in 

each hyperspectral image. To create a detailed basemap with reference features, such as 

location of reference panels, an orthomosaic was generated using high-resolution RGB 

images orthorectified and stitched together using Pix4Dmapper. These images were 

captured at low altitude (7 meter) by DJI Inspire UAV equipped with a double 4K sensor 

(Sentera, Inc., Minneapolis, MN 55423, USA). Using the orthomosaic as the basemap for 

the swath outlines assisted in identification of at least two plots per image since the plot ID 

of the plots located at both side of gray panels was previously recorded.   

Automatic processing  

The automatic processing part was mostly based on image processing techniques. Pixels 

representing the top-left corner of bounding boxes in a single hyperspectral image were 

clustered based on row- and column-wise pixel distance from each other. The number of 

clusters obtained by row- and column-wise clustering denoted the number rows and 

columns of plots exist in a given image, respectively. Afterwards, a grid was created from 

horizontal and vertical lines obtained by taking the average over the row as well as column 

arrays of the pixels (i.e., top-left corner of bounding boxes) grouped in one cluster.  

Given the fact that the ID of two plots per each image are previously identified through the 

manual processing, the procedure of assigning a plot ID to each grid cell can be 

automatically propagated across the image using plot ID matrix. Theoretically, each cell of 

the grid should entail a wheat plot with unique ID, and potentially a bounding box 
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encompassing the plot. However, a few plots were not detected by the segmentation 

algorithm since they could not pass the thresholds defined in morphological operations. If 

a bounding box exists in a given cell gird, the algorithm allocates the ID assigned to the 

cell to the bounding box. If there is no bounding box in a given cell, then the algorithm 

skips to the next grid cell.  

Subsequent to plot segmentation and identification, plots were cropped from the 

hyperspectral images using fitted bounding boxes and saved as 3-D matrices (𝑥 × 𝑦 × 𝜆) 

to preserve the spatial (𝑥 × 𝑦) and spectral (𝜆) integrity of plots for further workflow. These 

3-D matrices will be referred to as plots hyperspectral cube (P-HSC) hereinafter.  

 

 

A B C 

Figure 5.4. (A) Bounding boxes enclosing the wheat plots. (B) Top-left corner of bounding boxes are 

clustered based on row- and column-wise pixel distance. It is shown how top-left corners are clustered 

together in a row and a column. In this example, there are eight rows and eights columns of clusters 

(C) horizontal and vertical lines of the grids were generated by taking average over the row array of 

pixels group in a row cluster and column array of the pixels grouped in a column cluster, respectively.  

Based on the plot ID of the plot next to the gray panel (red box), a plot ID was assigned to the grid 

cells, and subsequently to the bounding boxes inside them. 
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5.2.6 Hyperspectral image analysis 

5.2.6.1 Endmember selection 

Despite the high-spatial resolution (~2 cm) attained by flying at low altitude (20 m), each 

pixel of a plot might exhibit spectral characteristics of a mixed pixel, largely due to 

properties of the objects of interest (spikes and leaves) such as size, angle, and curvature. 

Within a plot image, there were mainly four classes, including spikes and leaves, two 

classes of our interest, as well as soil and shadow, two classes considered as background. 

Therefore, the spectral response of a plot pixel can be composed of these four classes, each 

contributing with various extent and with a distinct spectral signature. To distinguish the 

abundance of these four classes in each pixel, the pure spectral signature, called 

endmember, should be identified per each of the classes. Nevertheless, it should be noted 

that the notion of endmember existence in the form of perfectly pure pixel is for conceptual 

convenience because of uncertainty caused by sensor noise and spectral signature 

variability within a class (Schowengerdt, 2012). In practice, each pixel is essentially a 

mixed pixel to a certain extent in remote sensing. Therefore, the most pure pixels in the 

scene with the most distinct spectral response are often considered as endmembers. One of 

the widely-used techniques to identify the endmembers is N-FINDR algorithm, in which 𝑛 

endmembers are selected as the 𝑛 vertices of a (𝑛 − 1)-simplex with a maximum volume 

encompassing the majority of pixels in the feature space spanned by all pixels (Winter, 

1999, 2004). However, N-FINDR algorithm suffers from issues such as long processing 

time, and inconsistency in selecting the final set of endmembers due to the random initial 

endmember selection. Various automated techniques, all inspired by N-FINDR, were 

proposed to ameliorate the process of endmember extraction (T. H. Chan et al., 2011; 

Chang, Wu, & Tsai, 2011; Zortea & Plaza, 2009). 

In the present study, successive volume maximization (SVMAX), proposed by Chan et al. 

(2011), was utilized to identify the endmembers through a successive optimization 

problem.  
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In hyperspectral images collected at 20 meter AGL, it was impossible to find a pixel that 

contains only a spike because of the spike geometry from the sensor perspective. To obtain 

a sufficient resolution for capturing spikes, a low altitude flight (5 meter AGL) was 

performed in which the resolution of hyperspectral images was approximately 0.5 cm. This 

flight mission was executed in manual mode because DJI Ground Station Pro prohibited 

autonomous flight at such a low altitude.  

There were six endmembers in both hyperspectral image datasets collected at 5- and 20-

meter AGL, each representing one of the six distinct classes, including spikes, wheat 

leaves, soil, shadow, winter wheat, and gray panel. 

5.2.6.2 Spectral Mixture Analysis 

Once the endmembers were identified from the images captured at low altitude, each pixel 

of a P-HSC can be represented as a convex combination of the endmembers. Since P-HSCs 

contained mainly the four classes (spikes, wheat leaves, soil, and shadow), their 

endmembers were used for the un-mixing process. In this study, to determine the fractional 

abundance of the endmembers in the pixels of P-HSCs, a matrix factorization problem with 

two constraints was defined as per Thurau, Kersting, Bauckhage, Iais, & Augustin (2010) 

in which a Frobenius norm is minimized as follows: 

 

Where 𝑋(𝑑 × 𝑁) is the matrix of data obtained by reshaping a P-HSC (i.e., 3D matrix) to 

a 2-dimenionsal matrix such that pixels (𝑁: number of pixels) were extracted in column-

wise order and were placed as the columns of matrix 𝑋, and bands (𝑑: number of bands) 

were placed as the rows. 𝑊(𝑑 × 𝑒) and 𝐻(𝑒 × 𝑁) are the endmembers matrix (𝑒: number 

of endmembers), and the abundance matrix, respectively. Each columns (ℎ𝑗) of matrix 𝐻 

was calculated by resolving a quadratic optimization problem (Moghimi, Yang, Miller, et 

al., 2018) iteratively 𝑁 times with similar constraints as follows: 

𝑚𝑖𝑛 ‖𝑋 − 𝑊𝐻‖𝐹 

(5.2) 

𝑠. 𝑡. {
1𝑇.  ℎ𝑗 = 1

 0 ≤ ℎ𝑖𝑗 ≤ 1
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min    
ℎ𝑗

1

2
 ℎ𝑗

𝑇𝑄ℎ𝑗 + 𝑐𝑇ℎ𝑗  ,            𝑗 = 1,… ,𝑁 

(5.3) 

𝑠. 𝑡. {
1𝑇.  ℎ𝑗 = 1

 0 ≤ ℎ𝑖𝑗 ≤ 1
 

 

where 

𝑄 = 2𝑊𝑇𝑊 
(5.4) 

𝑐 =  −2𝑊𝑇𝑥𝑗 

 

5.2.6.3 Sub-plot image analysis 

The distribution of the measured yield for a plot was not homogeneous over the plot 

because of the factors such as spatial variability of soil, available nutrient, and marginal 

effects. While studying the yield variation within a plot can provide valuable insights into 

the breeding for selecting advanced wheat lines, harvesting the wheat grains at sub-plot 

resolution in a large yield trial is a tedious, unrealistic, and impractical task. One of the 

objective of this study was to leverage the high spectral and spatial resolution of aerial 

hyperspectral images in order to examine the yield variation within a plot.    

Each plot was divided into square sub-plots (15×15 pixel). To assure P-HSC can be divided 

into 15×15 grids, zero-padding was applied at the margins of P-HSC, meaning each pixel 

can be fitted in a 15×15 grid. Once a plot was divided into sub-plots, a yield should be 

assigned to each sub-plot. For this purpose, we hypothesized that the yield of a sub-plot is 

proportion to the number of spikes and leaves (SL) pixels which are representing the above-

ground biomass in the subplot (i.e., subplots with higher density of spikes and leaves 

contribute more in plot yield). To count the number of SL pixels within each sub-plot, sub-

plot pixels were classified into two classes: SL class or soil-shadow (SS) class. A given 

pixel was classified to SL class if the summation of abundance for spikes and leaves 

endmembers in that pixel was more than 0.5; otherwise, it was assigned to SS class 

(background). Afterwards, if the measured yield of a plot was 𝑦, a normalized yield value 

𝑦𝑖 was assigned to the 𝑖th sub-plot as follows: 
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𝑦𝑖 =
𝑛𝑖

𝑁
× 𝑦 𝑗 = 1,… ,𝑚 (5.5) 

𝑁 = ∑𝑛𝑖

𝑚

𝑖=1

  
(5.6) 

 

where 𝑚 is the number of sub-plots in the plot, 𝑁 is the total number of SL pixels in the 

plot, and 𝑛𝑖 is the number of SL pixels in 𝑖th sub-plot. Since the yield assigned to a sub-

plot was normalized based on the total number of SL pixels in the plot, the summation of 

yield for all sub-plots in the plot was equal to the measured yield of the plot 

(∑ 𝑦𝑖
𝑚
𝑖=1 = 𝑦).   

5.2.6.4 Extracting input features from sub-plots 

Each sub-plot was composed of several SL pixels segmented from SS pixels. These SL 

pixels were considered as one object per each sub-plot window. Object-based image 

analysis (OBIA) approach was then used to leverage extracting features (such as size, area, 

texture, mean and standard deviation per band) associated with a set of pixels as oppose to 

per-pixel analysis (Blaschke, 2010). 

In the present study, mean and standard deviation (std) per band (in total 190 bands) were 

extracted as input features because they provide adequate information to estimate the 

distribution of pixels’ reflectance per band per each subplot. The other input features 

extracted from sub-plots was the area of the SL object in terms of pixels (i.e., the number 

of SL pixels). This referes the number of samples used to calculate the mean and std of the 

distribution.  In total, the number of input features per sub-plot was 381 (190+190+1). 

5.2.6.5 Dataset 

There were three sets of data each from an adjacent field C3 and C9 collected in 2017, and 

C4 collected in 2018. After removing the damaged plots, a set of 50 plots was selected for 

test dataset using stratified sampling to assure test dataset has an akin yield distribution to 

the training and validation datasets. The number of plots selected for test dataset from each 

field was proportion to the total number of training samples (i.e., number of sub-plots) 
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belonging to that field. The sub-plots of these 50 plots were held out as the test dataset for 

an unbiased evaluation of the final trained model (Figure 5.5). Subsequent to selecting the 

test dataset, other plots of the three fields were divided into sub-plots and merged together 

to form a dataset for training and validation of the model. Using stratified sampling, these 

sub-plots were split into training (90%) and validation (10%) datasets to train and validate 

the model during the training process (Table 5.3).  

In another experiment, the dataset of each field was separately divided into training, 

validation, and test datasets with a similar approach described above to develop an 

individual model per each field. 

After splitting the data, the training dataset was normalized to make each feature have zero-

mean and unit-variance. Subsequently, validation and test datasets were standardized using 

the mean and variance obtained from training dataset.  

Table 5.3. Number of plots and sub-plots in each field and size of training, validation, and test datasets 

Year Field Number of plots Number of sub-plots Training Validation Test 

2017 
C3 422 19287 14491 2557 2239 

C9 345 19650 14343 2531 2776 

2018 C4 254 12773 8726 1540 2507 

All fields 1021 51710 44,261 4,919 2,530 
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Figure 5.5. Yield histogram of the plots used for training and test per each field: 20 plots from C3 (A), 20 

plots from C9 (B), and 10 plots from C4 (C) were selected for test dataset. (D) Yield histogram of the sub-

plots used for training, validation, and test datasets.  
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5.2.6.6 Deep Neural Network 

Deep learning (DL), inspired by the biological neural structure in the human brain, refers 

to computational non-linear models composed of various processing layers in which an 

abstract representation from the output of the previous layer is learned up to the output 

layer where a complex functions is learned in terms of these abstract representations 

(Lecun, Bengio, & Hinton, 2015). 

Among various type of architectures, convolutional neural network (CNN) (Krizhevsky, 

Sutskever, & Hinton, 2012; Y LeCun et al., 1989; Yann LeCun et al., 1990) is well suited 

for data with spatial structure. However, the spatial information within sub-plots was lost 

since the yield assigned to the sub-plots was based on the number of SL pixels, regardless 

of the spatial location of SL pixels with respect to each other in the sub-plot window. 

Consequently, a vector of features for each sub-plot was considered as the input layer for 

a deep neural network (DNN) with fully connected layers in preference to CNN. In this 

study, the network was a feedforward neural network, also known as multilayer perceptron 

(MLP) (Goodfellow, Bengio, & Courville, 2016), composed of an input and output layer 

as well as four hidden layers.  

The input layer represented the input features, thus it had 381 units (190+190+1). The 

output layer was a single unit representing the predicted yield (Figure 5.6). The number of 

hidden layers and their units were two important hyper-parameters of the network defined 

through an empirical process in which the performance of various network architectures, 

selected based on the domain knowledge, were evaluated. Since a large portion of 

wavelengths scanned by the hyperspectral camera are redundant or irrelevant to the desired 

phenotyping trait (Moghimi, Yang, & Marchetto, 2018), the number of units in the hidden 

layer was selected among a set of small numbers relative to the input layer. Alternatively, 

the number of hidden layers was limited by the size of the training dataset since an 

additional hidden layer increased the required number of data to train the model parameters 

(weights and biases).  
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Figure 5.6. The architecture of deep neural network with fully connected layers. 

 

Layers were fully connected, meaning each unit in layer 𝑙 was connected via weighted 

linkage to the all units in the layer 𝑙 + 1. Therefore, the input of unit 𝑗 in layer 𝑙 + 1 (𝑧𝑗
𝑙+1) 

was the weighted sum of the output of all units in layer 𝑙 (𝑎𝑖
𝑙) plus a bias term (𝑏𝑗), and the 

output of the unit 𝑗 in layer 𝑙 + 1, denoted by 𝑎𝑗
𝑙+1, were calculated as follows: 

𝑧𝑗
𝑙+1 = ∑𝑤𝑖𝑗

𝑙

𝑑

𝑖=1

𝑎𝑖
𝑙 + 𝑏𝑗

𝑙 
(5.7) 

𝑎𝑗
𝑙+1 = 𝑓(𝑧𝑗

𝑙+1) (5.8) 
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where d is the number of units in layer 𝑙, 𝑤𝑖𝑗
𝑙  refers to the weights of links connecting all 

the units in layer 𝑙  into unit 𝑗  in layer 𝑙 + 1 , and 𝑓(. )  was the activation function to 

introduce non-linearity into the network. The transfer function was rectified linear unit 

(ReLU) 𝑓(𝑥) = max (0, 𝑥)  (Glorot, Bordes, & Bengio, 2011; Jarrett, Kavukcuoglu, 

Ranzato, & LeCun, 2009; Nair & Hinton, 2010), a non-linear function that allows the 

network learn faster and avoids saturation for large positive inputs.  

The weights and biases were adjusted through an iterative process using training and 

evaluation datasets. The training began with initial random values as per Glorot & Bengio, 

(2010) for weights and biases. In the forward phase of an iteration, weights and biases were 

used to calculate the network output using equations (5.7) and (5.8). In the backward phase, 

weights and biases were updated based on the network error. The cost function used to 

measure the network error was mean squared error (MSE) which is the squared difference 

between the output of the network (i.e., the predicted yield for a sub-plot) and the desired 

value (i.e., the yield value assigned to the sub-plot), averaged across all training samples.  

During the training process, an optimization algorithm was used to identify the network 

parameters for which the cost function was minimized (returned a low value for the error). 

The optimization algorithm was Adam (Kingma & Ba, 2014), a computationally efficient 

optimization algorithm with adaptive learning rate. Adam embraces the benefits of 

adaptive gradient algorithm (Duchi, Hazan, & Singer, 2011) and root mean square 

propagation (Tieleman & Hinton, 2012), which are suitable for sparse gradients and non-

stationary setting, respectively (Kingma & Ba, 2014). The number of epochs1 was set to 100.  

5.2.7 Computational environment 

The DNN model was developed and tested in Keras 2.2.2 (Chollet & others, 2015) with 

TensorFlow 1.9.0 (Abadi et al., 2015) backend running on an NVIDIA (GeForce GTX 750 

Ti) GPU. All other computations and image analysis were performed by MATLAB 

R2017b (MathWorks, Inc., Natick, MA, USA). 

                                                 
1. The number of times that the entire dataset is passed through the network to find the optimized values for 

parameters of the network. 
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5.3 Results 

5.3.1 Endmember extraction 

The number of endmembers in SVMAX was set to six, as there were six distinct classes in 

the image collected at 5-meter altitude. Pixels identified by SVMAX as the endmembers 

were the vertices of a simplex with the maximum volume compared to any other possible 

simplex formed by pixels in the feature space spanned by all pixels. To account for 

uncertainty caused by factors such as sensor noise, the reflectance of pixels within a 

specified Euclidean distance of the identified endmembers were averaged as the new set of 

endmembers. For visualization of the endmembers location with respect to the other pixels, 

all pixels were projected onto a 2- and 3-dimensional feature space, respectively spanned 

by the first two and three principal components (PC) obtained by principal components 

analysis (Figure 5.7). It should be noted that the location of endmembers might not be the 

vertices in the new feature space because of projection onto a lower dimension. For 

instance, in a 2-dimensional feature space, the endmembers of gray panel, winter wheat, 

and shadow were the vertices of a triangle while the endmembers of spike, leaves, and soil 

were placed in the established triangle. Alternatively, in a 3-dimensional feature space 

spanned by the first three PCs, a different set of endmembers might be the vertices 

depending on the viewing angle (Figure 5.7). 

Figure 5.8 illustrates the spectral signature of endmembers. Based on the spectral signature 

of endmembers and configuration of endmembers’ location in the 3-dimensional feature 

space, it can be inferred that spectral response of spikes and senescence leaves as well as 

soil and shadow tend to be similar, whereas, the spectral response of gray panel and shadow 

had the most distinct spectral signature.  
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Figure 5.7. Location of the endmembers in the feature space spanned by the first two principal components 

(PC) (A), and the first three PCs (B). (C) Projecting the endmembers on the PC1 and PC2 plane. (D)  

Projecting the endmembers on the PC1 and PC3 plane. (E) Projecting the endmembers on the PC2 and 

PC3 plane. Depending on the projection, different set of endmembers become the vertices.  
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Figure 5.8. Spectral response of the six endmembers. 

 

5.3.2 Spectral un-mixing 

The spectral response of four endmembers, including spikes, leaves, soil, and shadow, were 

used for un-mixing analysis of P-HSC because the pixels representing winter wheat and 

gray panels were masked out during the segmentation process. The quadratic optimization 

problem, defined to minimize the Frobenius norm, returned four gray scale images, each 

of which representing the abundance of a particular endmember (Figure 5.9B). Therefore, 

for a given pixel in a P-HSC, there are four values denoting the abundance of endmembers 

such that the summation of these four values is equal to one due to the applied constraints 

in solving the optimization problem. To segment pixels representing biomass (i.e., SL 

class), the abundance of spikes and leaves were added pixel-wise. A binary mask was 

created to segment SL pixels (Figure 5.9C). A pixel was assigned to SL class if the 

summation of spikes and leaves abundances was more than the summation of soil and 

shadow abundances.  
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Figure 5.9. (A) Hyperspectral cube of a plot (P-HSC). (B) Abundance of endmembers in each pixel shown 

as gray scale images. (C) Binary mask of spikes and leaves class. A threshold of 0.5 was applied on the 

summation of spikes and leaves abundances. (D) Summation of spikes and leaves abundances shown as a 

colormap. (E) Summation of Soil and shadow abundances shown as a colormap. (F) Spikes and leaves pixels 

masked from background. 
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5.3.3 Yield allocation to sub-plots  

The measured yield for a plot was distributed among the sub-plots based on the ratio 

between the number of SL pixels in sub-plots to the total number of SL pixels in the plot. 

Each sub-plot represents an area about 30×30 cm on the ground because the size of sub-

plot was 15×15 pixels and the size of pixels were about 2 cm.  

Several sizes for sub-plot window were evaluated to find an appropriate window size. 

While a small window size allows investigating the yield variation at a higher spatial 

resolution, the allocated yield to the sub-plots becomes very small as the number of SL 

pixels per windows decreases. In addition, the probability of having sub-plots with the 

same number of SL pixels increases, meaning an identical yield is assigned to a significant 

portion of sub-plots within a given plot. This can deteriorate the process of training the 

model since a significant portion of sub-plots has identical target variables. For instance, 

by dividing a plot shown in Figure 5.10 with a window size of 10×10, more than 40 sub-

plots had yield values varying between 12.5 and 15 grams, and more than 54 percent of 

sub-plots had identical yield (Figure 5.11). Alternatively, for a larger window size, the 

assigned yield to sub-plots varied substantially at the cost of sacrificing the spatial 

resolution for investigating the yield variation in a plot. By dividing the same plot shown 

in Figure 5.10 using a window size of 20×20, the yield of sub-plots varied from zero to 

about 60 grams with only about 8% identical sub-plots yield. To maintain the possibility 

of investigating the yield variation at a higher spatial resolution and avoid numerous sub-

plots with identical yield, the size of window was set to 15×15, compromising the benefits 

of 10×10 and 20×20 window size.   
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Figure 5.10. Dividing a plot using various window size of 10×10, 15×15, and 20×20. (A) Summation of 

spikes and leaves abundances in a plot. (B) Dividing the binary mask of spikes and leaves into sub-plots 

using various window size. (C) Yield allocated to the sub-plots.  
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Figure 5.11. Yield histogram of sub-plots generated by various window sizes. For the window size of 10×10, 

the variation range of the allocated yield values to sub-plots was small, whereas the variation range of the 

allocated yield values to sub-plots generated by a window size of 20×20 was wide.  

5.3.4 Deep Neural Network  

5.3.4.1 Yield prediction at sub-plot scale  

The training dataset of sub-plots was used to train a DNN model. In training the model, the 

main goal was to identify a set of model parameters (weights and biases) that minimize the 

cost function’s value (i.e., RMSE). As training continued, model parameters were updated. 

To achieve an interpretable unit (gram) as the target value (yield), root mean square error 

(RMSE) was calculated for presenting the variation of cost function over epochs. Figure 

5.11 illustrates how RMSE changes over training epochs for three individual models 

developed for each field as well as the model trained on the large training dataset obtained 

by merging all three fields. For all four models, RMSE decreased rapidly over the first 

training epochs for both training and validation datasets, subsequently, reached a plateau 

where RMSE remained rather unchanged. However, for the merged dataset, there was a 

sharp decrease in RMSE within the first few epochs, meaning that the convergence 



 

123 

occurred faster than other models. Among the 100 epochs, the weights and biases returning 

the lowest RMSE for validation dataset was saved as the model parameters to predict the 

yield of test dataset. 

 

Figure 5.12.Variation of root mean squared error over epochs for C3, C9, C4, and merged dataset. 

Figure 5.13 demonstrated the performance of the trained models in predicting the yield of 

the sub-plots in test datasets. The model trained on C9 dataset had the largest coefficient 

of determination (R2) and lowest RMSE in predicting the yield. Alternatively, C3 model 

had the lowest R2 and largest RMSE, indicating the generalization of the trained model on 
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an unseen dataset was not as satisfactory as the C9 model. This could be anticipated 

because the train and validation cost for C3 model during the training process was largest 

among the models (Figure 5.12). One reason that might explain this is the difference 

between the dates that imaging were captured from these two fields in 2017. The time 

interval between imagery and harvesting of C3 was one week more than C9.  

 

Figure 5.13. Performance of deep neural network models on yield prediction of sub-plot test datasets. The 

model trained on C9 training dataset had the best performance (R2=0.81 and RMSE=5.5 gram), while the 

model trained on C3 had the lowest R2 and largest RMSE. 
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The model trained on the merged dataset had a promising R2 (R2 = 0.79) and low RMSE 

of 5.90 gram, indicating the DNN model could explain 79 percent of yield variation among 

the 2444 subplots in the test dataset.  The DNN model was able to predict the yield of a 

significant portion of the test sub-plots with a low error as they located close to the 1:1 line 

(the black dashed line). However, the model demonstrated a tendency to under estimate the 

yield of sub-plots with the large yield value (more than 40 gram). This might be because 

the number of sub-plots with the yield more than 40 gram in the training dataset was 

substantially lower than the number of sub-plots with the yield less than 40 gram (Figure 

5.5D). Therefore, the network was moderately successful to learn the yield estimation 

based on the input data with a large sub-plot yield. A similar pattern was observed in yield 

prediction of the individual fields (Figure 5.13).   

5.3.4.2 Yield prediction at plot scale 

As described before, these test sub-plots were obtained from the 50 test plots selected from 

the three fields using stratified sampling. To observe the performance of the trained model 

in predicting the yield at plot scale, the summation of the predicted yield for the sub-plots 

belonging to a test plot were compared to the measured yield for that plot (Figure 5.14). 

For yield prediction at plot scale, R2 dropped to 0.41 compared to R2 at sub-plots scale, 

which was 0.79. To compare the prediction error obtained for plot and sub-plot analysis 

and account for the difference in the scale of yield variation, the normalized RMSE was 

calculated by dividing the RMSE of plot and sub-plots to their mean of yield. The 

normalized RMSE for predicting the yield at plot level was 0.14, while it was 0.24 for yield 

prediction of sub-plots, indicating the error in yield prediction of plots improved although 

R2 deteriorated compared to the sub-plots.  

Moreover, Figure 5.14 demonstrates that the DNN model, trained on the merged sub-plots 

of three fields, tends to overestimate the yield of the high-yielding plots and underestimate 

the yield of low-yielding plots. This suggests that DNN could not adequately learn the 

complicated pattern from the spectral response of the low- and high- yielding plots, largely 

because there were limited number of low- and high-yielding plots in the training dataset. 

Figure 5.5 showed the low number of plots at the two tails of the yield histogram for each field. 
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Figure 5.14. Performance of the model on yield prediction at plot scale. 

Among the test plots, there were plots that the network could accurately predict the yield 

of their sub-plots. Figure 5.14 illustrates an example of such a plot that the network could 

explain about 96 percent of yield variation among its 62 sub-plots with RMSE of 1.90 

gram.  In addition, Figure 5.15 shows a test plot that the network overestimated the yield 

of the substantial number of its sub-plots, and an example of a test plot that the network 

underestimated the yield of the majority of its sub-plots.  

5.3.4.3 Yield prediction at a larger scale 

To evaluate the feasibility of yield prediction at a large scale, the measured yield for all 50 

test plots were added as a yield of a large field composed of 50 wheat plots. Alternatively, 

the predicted yield for these 50 plots were also added together as the predicted yield for 

such a large field. The total actual yield of the test plots was 59,356 gram, and the total 

predicted yield of these plots was 59,494 gram. Such an impressive result (i.e., about 0.2% 

error in yield prediction) indicates the capability of the proposed pipeline for yield 

prediction at a large field scale.  
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Figure 5.15. Examples of test plots that the network accurately estimated (A), overestimated (B), and 

underestimated (C) the yield of their sub-plots. Wheat plots are wavy because the gimbal could not restrict 

the amplitude of vibrations caused by UAV. 
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5.4 Discussion 

Yield is the most fundamental trait in plant breeding since almost every other characteristic 

of crops, treatments, and management decisions are evaluated through the lens of whether 

they promote or hinder the yield potential. Two years of yield experiments were performed 

in three experimental fields, two fields, C3 and C9, in 2017 and one field, C4, in 2018. The 

grain of individual wheat plots was harvested by a combine, weighted, and recorded as the 

ground truth data. Several plots were disregarded for analysis because of damages caused 

by animals (e.g., rodent and birds) and severe weather (e.g., hail and strong wind). Aerial 

hyperspectral images were captured at about 20 meter above the ground level, resulting in 

spatial resolution about 2 cm. Image pre-processing, including radiometric calibration and 

noisy band removal, was performed to compensate for the non-uniform spectral and spatial 

responses of the instrument and suppress the impact of noisy bands, respectively. 

Subsequent to the pre-processing steps, various methods could be used to analyze 

hyperspectral images for yield prediction.  

One of the widely used approaches is to utilize spectral indices, mostly NDVI.  While yield 

prediction would be more accurate toward the end of growing season and prior to 

harvesting when the density of crop canopy is moderate to high, a method based on NDVI 

suffers from saturation issues at this stage of crop growth (Asrar et al., 1984; Gitelson, 2004; 

Gitelson et al., 1994). Therefore, this method was not suitable for yield prediction.  

The other possible method was to train a model to predict the yield at plot scale. For such 

a model, the spectral response of pixels representing spikes and leaves in a single plot 

should be averaged to have one feature vector since there was a single target value (i.e., 

measured yield) per each plot. One main drawback of this naïve approach is that substantial 

spectral information is suppressed by taking the spectral average over hundreds of SL 

pixels in a plot. Moreover, the spatial information attained with high resolution is 

diminished through the averaging process. The other disadvantage of taking average across 

the plot pixels is that the number of samples is limited to the number of plots which was 

about 1000 in this study. This low number of samples might be insufficient to recognize 

the pattern from a high dimensional dataset with 190 features (i.e., number of bands) to 
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develop a robust model for yield prediction.  

This study proposed an innovative method for analysis of high-dimensional hyperspectral 

images captured at high spatial and spectral resolution to estimate the yield of hundreds of 

wheat lines. Aerial hyperspectral images were captured in less than 10 minutes from each 

field using an autonomous platform. Several image processing techniques and an 

optimization algorithm were integrated with the domain knowledge to segment the plots 

from background, divide them into sub-plots, unmix the plot pixels, and assign a yield 

value to each sub-plot. Subsequent to these analyses, OBIA approach was deployed to 

extract features from each sub-plots. Finally, deep neural networks were used to estimate 

the yield at sub-plot and plot scale. The results achieved by the proposed analysis 

framework are discussed in this section. 

5.4.1 Spectral mixture analysis 

With the spatial resolution of 2 cm, each pixel could potentially be a mixed-pixel, a spectral 

mixture of more than one particular endmember. Once the spectral signature of the 

endmembers were discovered from the hyperspectral image with 0.5 cm spatial resolution, 

the spectral mixture analysis was performed to identify the abundance of the endmembers 

in a given pixel. The benefits of un-mixing the pixels can be summarized into twofold. 

First, it allowed segmenting the plot pixels with high abundance of wheat leaves and spikes 

and disregarding the pixels representing background for further processing. Second, this 

approach provided the opportunity to assign a yield value to a given sub-plot based on the 

number of SL pixels in that sub-plot.  

5.4.2 Yield analysis at sub-plot scale  

Besides the yield potential of a variety, evaluation of producing a uniform yield across the 

plot is valuable information that could assist breeders in selecting advanced lines. 

However, harvesting the grains at sub-plot scale to study the yield variation of various 

wheat varieties within plots is not practical particularly in a large nursery. The novel 

approach proposed in this study offered this chance to investigate the feasibility of yield 
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estimation at sub-plot scale with very high spatial resolution, and further evaluate the 

performance of various wheat lines in terms of producing yield uniformly distributed 

across the plot.  

The results of the yield analysis at sub-plot scale revealed the significance of marginal 

effects on the distribution of spikes and leaves for various wheat varieties. While a 

particular variety might be capable of producing a uniform yield across the plot because 

the plants were able to compete with their neighbors, another variety might be sensitive to 

the plant density, causing non-uniform yield production. A uniform yield production is a 

fundamental trait because plants should maintain their potential yield in a competitive 

environment at field scale. Figure 5.16 shows two wheat lines A and C suffering from 

marginal effects while producing more yield compared to the wheat lines presented in B 

and D producing less yield but more uniformly, less affected from the marginal effect. 

According to the colormaps in Figure 5.16 showing the distribution of the spikes and 

leaves, lines A and C produced less yield inside of the plot and more yield at the margins 

of the plot. Therefore, breeders prefer line B and D because of their potential for uniform 

yield production. 

It should be noted that although the existence of SL pixels (presented in red color) is a 

reasonable indicator for more yield within a plot (i.e., one variety), it is not necessarily a valid 

metric to compare the yield across the plots (i.e., varieties). It is because the plants within a 

plot share similar characteristics as they all belong to a single variety, whereas, plants of 

different plots may demonstrate various characteristics since they belong to diverse wheat 

varieties. For instance, one variety with more spikes might produce less yield compared to a 

variety that has fewer spikes but with larger size and more weight.   Therefore, spectral 

information is required to account for variability across the varieties since the spectral 

response of a plant carries valuable information about the internal activity. 

Alternatively, the existence of more SS pixels (presented in blue color) implies less yield 

regardless of the variety because it indicates the pixels representing soil and shadow, which 

does not contribute to the yield. A large proportion of a plot covered with background 

pixels (blue spots in colormap) refers to a low-yield plot.   
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Figure 5.16. Distribution of spikes and leaves pixels in four wheat lines. Two wheat lines suffer from 

marginal effects (A) and (C); while the other two wheat lines produce less yield with a uniform distribution 

(B) and (D).  Despite less yield production, breeders may prefer (B) and (D) because of uniform yield 

production. Wheat plots are wavy because the gimbal could not restrict the amplitude of vibrations caused 

by UAV. 
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5.4.3 Yield production in the middle one-third of the plot 

An additional analysis was performed to determine the potential of each wheat variety in 

producing yield in the middle one-third of the plot. The results suggest that about 90 percent 

of the plots produced more yield at one side of the plot (Figure 5.17). Lower productivity 

in the middle one-third can be a result of the high competition between the plants in the 

middle of the plot and/or receiving less light compared to the plants at the border of the 

plots.     

 

Figure 5.17. Analysis of yield production in the middle one-third of the C3 and C9 plots. 

5.4.4 Aerial inspection of the field 

Breeders visually inspect the nursery multiple times during the growing season to record 

any incidents that might affect their screening, such as damages caused by animal or severe 

weather condition. Obviously, this is an extremely demanding, time-consuming, and 

subjective task. Aerial imaging followed by the proposed automated analysis pipeline can 

facilitate the visual inspection to be performed with high temporal resolution and across all 

nursery in multiple locations. Figure 5.18 shows the SL colormap obtained by analysis of 

aerial hyperspectral images conformed to the notes taken by an expert in the field. This 

observation again demonstrates that breeder can identify quickly and effectively the plots 

with low yield with large proportion of blue spots representing background.    
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Figure 5.18. Analysis of aerial imagery to replace the visual inspection of the plots. The notes made by an 

expert for these plots in the field were: (A) ½ of the plot is shorter, (B) weak plot, (C) strong plot. Wheat 

plots are wavy because the gimbal could not restrict the amplitude of vibrations caused by UAV. 

5.5 Conclusion  

Crop production needs to increase in a sustainable manner to meet the growing global 

demand for food. To identify crop varieties with high yield potential, plant scientists and 

breeders evaluate the performance of hundreds of lines in multiple locations over several 

years. To facilitate the process of selecting advanced varieties, an automated pipeline was 

developed by mounting a hyperspectral camera on a UAV to collect aerial imagery in a 

fast, cost-effective manner, and integrating domain knowledge with computer vision and 

deep learning to analyze the images. The proposed method offers novel insights for making 

decisions in selecting high-yielding wheat varieties in an efficient and effective manner by 

predicting the yield at sub-plot level. The coefficient of determination for predicting the 

yield at sub-plot scale was 0.79 with RMSE of 5.90 gram. In addition to yield prediction 

at sub-plot scale, the findings of this study revealed that the proposed method was able to 

accurately predict the yield at larger scale: plot size and large field.  In addition to yield 

estimation, this study can benefit plant scientist and breeders in various ways, including: 

(i) optimizing the plot size to mitigate the alley effects on yield, (ii) investigating the effect 

of plant density on yield at high spatial resolution, (iii) studying the impact of side trimming 

A B C 
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on yield across various varieties, and (iv) facilitating the process of visual assessment of 

the plots by collecting images at high spectral, spatial, and temporal resolution. In future 

work, the dimension of hyperspectral images can be reduced to avoid the issues associated 

with high dimensional data. Furthermore, a deeper network can be trained with the same 

sample size because the number of model weights will be significantly reduced due to 

fewer dimension of input features at the first layer of the network.  
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CHAPTER 6 

6 Deep Autoencoder for unsupervised feature learning 

from hyperspectral images to predict the yield of 

experimental wheat plots 

6.1 Introduction 

The importance of yield estimation to identify high-yielding varieties were discussed in 

Chapter 5. Alternatively, in Chapter 3 and 4, we discussed the significance of 

dimensionality reduction in hyperspectral image analysis. In summary, we argued the high-

dimensionality of hyperspectral images hinders the analysis of images by increasing the 

required sample size, risk of overfitting, complexity of interpretation, and running time. 

Therefore, selecting an innovative data representation is a crucial step in hyperspectral 

image analysis using machine learning algorithms. However, feature engineering to extract 

meaningful features and discriminative information that are appropriate for the subsequent 

machine learning algorithms is a challenging task. Goodfellow, Bengio, & Courville 

(2016) described why this is a difficult task through a car detection example. They 

mentioned we might consider the presence of wheels as a feature since cars have wheels. 

Then, they argued that: 

“Unfortunately, it is difficult to describe exactly what a wheel looks like in terms of pixel 

values. A wheel has a simple geometric shape, but its image may be complicated by 

shadows falling on the wheel, the sun glaring off the metal parts of the wheel, the fender 

of the car or an object in the foreground obscuring part of the wheel, and so on.” 

Similar problems exist in analysis of images captured in agricultural fields with even more 

complex environment. Goodfellow et al. (2016) proposed using representation learning as 

an approach to address this problem: 

“One solution to this problem is to use machine learning to discover not only the mapping 

from representation to output but also the representation itself. This approach is known as 

representation learning. Learned representations often result in much better performance 

than can be obtained with hand-designed representations. They also enable AI systems to 
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rapidly adapt to new tasks, with minimal human intervention.” 

The present study focused on learning a representation of hyperspectral data that reduces 

the dimensionality of the images while retaining the yield prediction accuracy. The method 

used for representation learning was autoencoder, which is a deep leaning method. The 

objectives of this study were to: (i) develop a deep autoencoder network to project the 

hyperspectral data onto lower dimensional feature spaces while retaining invaluable 

information for yield prediction, and (ii) train a deep neural network based on the new data 

representation to predict the yield potential of experimental wheat plots. 

6.2 Deep fully-connected autoencoder 

Autoencoders are categorized as self-supervised learning techniques composed of two 

symmetrical networks: encoder and decoder. While an autoencoder network attempts to 

reconstruct the input layer at the output layer, the hidden layer is forced to learn the best 

representation of the input data (Goodfellow et al., 2016). Figure 6.1 shows the encoder 

and decoder part of a shallow autoencoder network with one hidden layer. In encoder part 

of the network, the input data 𝑥 is encoded as a compressed representation (projecting to a 

3-dimenional feature space), and subsequently, the encoded data is decoded back to the 

same dimension of the input data 𝑥, meaning the input data is reconstructed in decoder part.  

In this study, we developed a deep autoencoder consisted of an encoder with three hidden 

layers and a symmetric decoder (Figure 6.2). The encoded part of the network entailed 

three fully connected hidden layers each of which had a ReLU activation function. The 

decoded part of the network had a similar architecture except the transfer function of the 

last layer, which was a sigmoid function. The reason for using the sigmoid function for the 

last layer was to keep the range of the output layer values between zero and one, similar to 

the input layer values, which were the reflectance of a pixel. To measure the network error, 

the cost function was defined to mean squared error (MSE) which is the squared difference 

between the decoded data (i.e., the reconstructed spectral response) and the input data (i.e., 

the spectral response of a pixel), averaged across all pixels used for training. Number of 

epochs was set to 100, and the model returning the minimum MSE for validation dataset 
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was saved for further processing. Since the size of the training dataset was large, it was 

divided to mini-beaches. The batch size1 was set to 212, meaning 4096 samples were 

propagated through the network before updating the network’s parameters. Consequently, 

in each epoch2, there were 479 iterations3 (number of samples divided by the batch size). 

At each iteration, one mini-batch is used to update the network’s parameters. It should be 

noted that the size of the samples in the final mini-batch was fewer than the other batches. 

Adam algorithm (Kingma & Ba, 2014) was used as the optimization algorithm to identify 

the network parameters aimed at minimizing the cost function. 

 

The number of hidden layers and nodes in each layer was defined through an empirical 

process. The first and second hidden layers had 90 and 30 units, respectively. For the third 

hidden layer, the number of units was set to three and five to evaluate the projection of 

hyperspectral data onto a 3- and 5-dimensoinal feature space. In addition, another 

autoencoder was trained to project the hyperspectral data onto a 10-dimensional feature 

space. The first two hidden layers in this autoencoder had 100 and 50 units, respectively, 

and the number of units in the third layer was set to 10. 

                                                 
1. Batch size indicates the number of samples passed through the network before updating the parameters.  

2. Epoch refers to the number of times that the entire training dataset is passed through the network.  

3. Iteration denotes the number of batches in each epoch.   

Figure 6.1. A fully-connected autoencoder with one hidden layer, 𝑥 is the 

input to the network and �̂�  is the reconstructed input at the output layer.  
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Figure 6.2. Architecture of a fully-connected autoencoder to project the input data onto a low dimensional 

feature space. Since the last layer of encoder has three units, this network projects the input data onto a 3-

dimensional feature space. This layer with three units is the input of the decoder. To reconstruct the input 

data, the decoder projects it back the same dimension of the input data at the output layer.  

6.3 Hyperspectral dataset 

Since the objective was yield prediction, the pixels representing the wheat plots were used 

for the training the network. In total, there were more than eight million pixels segmented 

as the wheat plots. The results obtained during the tuning of hyper-parameters 

demonstrated that about two million pixels were adequate to achieve a reasonable MSE. 

Therefore, a subset of two million were randomly selected, 1,960,000 pixels to train the 

hyper-parameters of the network, and a subset of 40,000 pixels for validation of the 

network.  
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6.4 Results  

6.4.1 Feature learning  

The Adam optimization algorithm updated the network’s parameters (weights and biases) 

at each iteration to minimize the MSE. Figure 6.3 demonstrates how MSE for training and 

validation dataset changed over various epochs. It should be noted that the MSE presented 

for a particular epoch was obtained by averaging across all the iterations in that epoch. 

After the first few epochs, MSE remained rather unchanged for the three networks. This 

might be because of the large training dataset, and the fact that the network’s parameters 

were actually updated 479 times at each epoch.  

 

Figure 6.3. The variation of MSE over epochs for the three autoencoders projecting the input data onto 3-,  

5-, and 10-dimensional feature space. Only the first 20 epochs were shown because MSE remained 

unchanged afterwards.  

The error of reconstructing the input data from three, five, and 10 dimensions was about 

7e-5, 6e-5, and 5e-5, respectively. The result demonstrated that the trained autoencoder 

could substantially reduce the dimension of hyperspectral data, and subsequently, project 

these low dimensional data back to the same dimension of the input with minor error. 

Through this reconstruction process, a substantial noise was eliminated from the raw data. 

Figure 6.4 depicts the spectral response of two randomly selected pixels verses their 

reconstructed reflectance obtained by decoding the 3-, 5-, and 10-dimensional data. The 

reconstructed data has considerably lower noise compared to the raw data. This indicates 

that autoencoders can be used for data denoising besides feature learning.  
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Figure 6.4. The reflectance of two randomly selected pixels and the reconstructed spectral reflectance 

obtained by decoding the 3-, 5-, and 10-dimensional encoded data. The reconstructed reflectance is less noisy 

compared to the input raw reflectance.  
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6.4.2 Low dimensional feature space 

Each hidden layer of the encoder is a new representation of the input data in a different 

feature space. Through the encoding process, the dimension of the input data was reduced 

until the last layer of the encoder. For instance, the first layer projected the input data with 

full-dimension (190 bands) onto a 90-dimensional feature space. This process continued 

until the last layer of the encoder where the input data was projected on 3-, 5-, or 10-

dimensional feature space.  

The results achieved during the hyper-parameter tuning revealed that one or more units of 

the last layer of encoder (bottleneck layer) become zero if the number of units for this layer 

was set to a number more than five. For instance, when the autoencoder was trained to 

project the hyperspectral images onto a 10-dimensioal feature space, the decoder required 

eight units of the encoder output (bottleneck layer) to reconstruct the input data, meaning 

two units of the last layer of the encoder were zero. This might be because the decoder 

could learn how to reconstruct the input layer using only eight units while minimizing the 

cost function. To assure this is not because of the ReLU transfer function, the transfer 

function of the last layer in encoder (bottleneck layer) was set to a sigmoid function, which 

returns values between zero and one. In the new autoencoder, the values of two units in the 

last layer of the encoder were saturated to one, regardless of the input data. The result of 

the new autoencoder verified that the decoder required eights units when the number of 

units in the last layer of encoder was set to 10.  

6.4.3 Deep neural network for yield prediction 

Once the autoencoder network was trained, the encoder part of the network was used to 

project the hyperspectral images onto a lower dimensional feature space, a new 

representation of the input data in three, five, and 10 dimensions.   

The pipeline developed in Chapter 5 was used for splitting the data into training, validation, 

and test datasets, and dividing the plots into subplots. Furthermore, the same deep neural 

network (DNN) architecture was utilized for yield prediction based on the new datasets 

(i.e., 3-, 5-, 10-dimenionsal datasets). Table 6.1 compares the performance of DNN on 
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yield prediction of the test dataset.  

 

Table 6.1. Performance of deep neural network on yield prediction of the test dataset. The network were 

trained on three datasets: full-, 10-, 5-, and 3-dimensional datasets. 

  Hyperspectral 

dataset (full-

dimensional) 

10-dimensional 

dataset 

5-dimensional 

dataset 

3-dimensional 

dataset 

Year Fields R2 RMSE R2 RMSE R2 RMSE R2 RMSE 

2017 

C3 64.13 8.76 65.60 8.54 61.86 9.00 58.30 9.41 

C9 81.49 5.50 79.59 5.78 79.33 5.81 76.31 6.22 

2018 C4 75.35 5.71 75.18 5.73 73.79 5.89 74.48 5.81 

All fields 79.89 5.90 78.52 6.10 76.19 6.42 68.13 7.43 

6.5 Discussion 

Selecting an optimal set of informative bands is the most practical and appropriate solution 

for dimensionality reduction of hyperspectral images. However, feature selection with 

supervised learning techniques requires a large labeled dataset to identify the best 

informative bands. Yield study was a regression problem with limited number of samples, 

about 1000 plots each with one target value (i.e., measured yield). Therefore, a deep 

autoencoder network was used in this study to learn a new representation of hyperspectral 

images in a low dimensional feature space through a self-supervised learning approach by 

leveraging the large amounts of unlabeled pixels. Identifying a suitable representation 

oftentimes makes the subsequent learning processes more interpretable and less complex.   

The results achieved in the present study revealed that the trained autoencoder could 

effectively project the high-dimensional hyperspectral images onto a 3-, 5-, and 10-

dimensional feature space with mean squared error of 7e-5, 6e-5, and 5e-5, respectively. 

In addition, the reconstructed data appeared to be less noisy compared to the input data. 

While the encoder reduced the dimensionality, the decoder eliminated the noise from the 

input data.  
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The results of training deep neural networks on the low dimensional datasets demonstrated 

that the dimension of hyperspectral images could be significantly reduced without 

deteriorating the performance of the networks on yield prediction. Furthermore, a low 

dimensional dataset reduces the required sample size, risk of overfitting, complexity of 

interpretation, and running time, because the number of model parameters (weights and 

biases) that should be tuned becomes significantly fewer. For instance, if the hyperspectral 

dataset in Chapter 5 with 381 features (190+190+1) is used as the input layer of a fully-

connected DNN model with 10 units in the first layer, there will be 3820 ((381×10) + 10) 

parameters that should be trained. However, if the 5-dimensional dataset (5+5+1) is used 

as the input layer of the same DNN model, the number of parameters will be 120 

((11×10)+10), significantly lower compared to using the hyperspectral image dataset.  
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CHAPTER 7 

7 Conclusion 

Developing crop varieties with desired traits through plant breeding and genetics is crucial 

in promoting crop production to meet the projected demand for food. To improve genetic 

gain for developing advanced lines, it is required to investigate the breeding and 

genotyping data in association with the corresponding information acquired by plant 

phenotyping.  

This dissertation focused on applying innovative technologies, automation, and artificial 

intelligence to develop sensor-based, intelligent frameworks for high-throughput 

phenotyping of three major wheat traits: yield potential, salt stress tolerance, and Fusarium 

head blight resistance. 

In this dissertation, several disciplines were integrated to develop automated phenotyping 

frameworks for the desired traits in wheat, tailored around improving wheat production. 

These disciplines include remote sensing (radiometric calibration of hyperspectral images, 

designing and execution of missions for aerial imagery), computer vision (segmentation of 

the object of interest from background, eliminating mixed pixels, morphological operations 

for processing binary images), machine learning/deep learning (feature selection, feature 

learning, quantitative ranking, making prediction), and plant science (defining the 

problems, collecting ground truth data, incorporating domain knowledge).  
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7.1 Summary of projects 

Project 1 was conducted with collaboration of the USDA cereal disease laboratory to 

identify wheat varieties tolerant to salt stress as early as one day after applying salt 

treatment. In this project, a sensor-based phenotyping framework was developed by 

leveraging the unique advantages of hyperspectral imaging in providing valuable 

information about the internal activities of plants. By integrating image processing, 

optimization and machine learning algorithms, we were able to quantitatively rank wheat 

varieties based on their tolerance to salt stress in a non-invasive manner only one day after 

salt application when there were no visual symptoms. The quantitative ranking of salt stress 

tolerance helps breeders integrate salt tolerance results with other desired traits (e.g., grain 

yield) to mitigate yield losses due to salinity, and to ultimately maintain or improve 

production on saline soils. 

Project 2 focused on selecting the most informative spectral bands from high-dimensional 

hyperspectral images to mitigate the challenges associated with analysis of hyperspectral 

images. In this project, an ensemble feature selection pipeline was developed to aggregate 

the benefits of multiple feature selection methods. The performance of algorithm was 

evaluated on the salt stress dataset. The proposed method could drastically reduce the 

dimension of hyperspectral images from 215 to 15 while improving the accuracy of 

classifying healthy and stressed vegetation pixels by 8.5%. Furthermore, we were able to 

determine the center of six broad bands that returned similar ranking of wheat lines 

obtained by analysis of hyperspectral dataset. Such a discovery can substantially contribute 

in the development of custom-designed multispectral sensors for detecting crop stresses. A 

multispectral camera designed for a specific application can benefit scientists, farmers, 

agricultural practitioners, and field consultants across a wide range of use cases.  

Project 3 was performed with collaboration of Dr. James Anderson’s lab and Dr. Brian 

Steffenson’s lab to develop a framework for Fusarium head blight (FHB) phenotyping. 

FHB is among the most widespread and devastating diseases of small grain crops 

throughout the world. Besides the negative impact on yield and grain quality, the FHB 

pathogens produce mycotoxins, such as deoxynivalenol (DON), that contaminate the grain, 
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making it unsuitable for human and livestock consumption. In this study, the most 

informative spectral bands for classifying healthy spikes and FHB-infected spikes were 

identified using the ensemble feature selection method developed in Project 2. The results 

of this study revealed that a set of two broad spectral bands (766 nm and 696 nm) returns 

the maximum classification accuracy of healthy spikes from FHB infected ones.  

Project 4 aimed to develop an autonomous robotic framework for high-throughput yield 

phenotyping of wheat in the field through collaboration with Dr. James Anderson’s 

research group. The data were captured by a hyperspectral camera mounted on an 

unmanned aerial vehicle (UAV) flying over three experimental wheat plots during two 

consecutive growing seasons. In this study, a deep neural network was trained to predict 

the yield of wheat plots. In addition to yield prediction at plot scale, the findings of this 

study revealed that the proposed method was able to accurately predict the yield at a finer 

spatial resolution (i.e., sub-plot scale) as well as a coarser spatial resolution (i.e., field 

scale). In addition to yield estimation, this study can benefit plant scientists and breeders 

in various ways by providing further insights into the process of screening. These benefits 

include: (i) optimizing the plot size to mitigate the alley effects on yield, (ii) investigating 

the effect of plant density on yield in such a high spatial resolution, (iii) studying the impact 

of side trimming on yield across various varieties, and (iv) facilitating the process of visual 

assessment of the plots by collecting images at high spectral, spatial, and temporal 

resolution. 

Project 5 focused on developing a deep autoencoder network to learn an optimal feature 

representation of hyperspectral images in a low dimensional feature space for yield 

prediction. In this study, a deep fully-connected autoencoder network was trained on a 

large unlabeled dataset (2 million pixels) to project the hyperspectral images onto a 3-, 5-, 

and 10-dimenionsal feature space. The result demonstrated that the trained autoencoder 

could substantially reduce the dimension of hyperspectral images with minimum error, 

while retaining the relevant information for yield prediction.  
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7.2 Broader potential impacts 

Although the underlying aim of this dissertation was to apply automation and artificial 

intelligence to phenotyping, it potentially has long-term benefits for scientists, growers, 

and other stakeholders. At a higher level, this work contributes to improving economic, 

ecological, and social impacts by improving crop production, reducing pesticides use, and 

properly leveraging salt-affected farmlands. From an environmental perspective, a cultivar 

with high yield potential and a cultivar resistant to FHB disease both promote sustainability 

in crop production and environment by reducing the required fertilizer and pesticide to 

meet the anticipated farmers’ profit. From food security perspective, identifying crop 

varieties tolerant to salt stress, resistant to diseases, and with high yield potential can 

promote crop production, and subsequently, mitigate food security concerns.  

The analytical tools established through this study can be deployed for other applications 

in addition to plant phenotyping. For instance, the pipeline proposed in yield study could 

be applied for yield prediction in large-scale agricultural fields. Yield prediction at large 

scale can provide insights into crop management, business decisions (e.g., crop insurance), 

and policymaking. Furthermore, the feature selection method developed for selecting the 

most informative bands can be deployed for feature selection, and subsequently, 

dimensionality reduction of other types of high-dimensional datasets (e.g., microarray 

datasets). In addition, this feature selection framework can be utilized to extend the digital 

library, initiated in this dissertation, by identifying spectral features associated with various 

crop diseases and stresses. This discovery of the most discriminative spectral bands for 

detecting crop diseases can be a foundation for developing custom-designed sensors that 

can be mounted on advanced autonomous vehicles to generate precise disease maps in 

large-scale fields, aimed at leveraging variable rate technologies for pesticides spraying at 

hot spots.  
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7.3 Future work  

Based on the findings of this dissertation, we suggest several directions for potential future 

work per each project: 

Salt stress project 

The proposed framework can be used for salt stress phenotyping of a large number of wheat 

lines. For such a project, we suggest to evaluate the performance of the two proposed 

techniques (Bayesian approach and MDPA) on several wheat lines based on the 

conventional phenotyping and/or historical knowledge. Once the robustness and 

performance of each technique was determined, a large number of wheat lines can be 

assessed in a short time period in greenhouse because these techniques are able to 

discriminant the difference between the salt stress tolerance of wheat lines as early as one 

day after applying salt treatment. Furthermore, the results of such a project can be 

incorporated with the findings of phenotyping for other desired traits, such as yield, to 

identify a variety with multiple desired traits; for instance, a cultivar with high tolerance to 

salt stress as well as high yield potential.  

Feature selection project 

The proposed ensemble feature selection pipeline can be used to identify the most 

informative bands for other crop stresses/diseases and extend the digital spectral library 

initiated in this dissertation. For instance, the proposed feature selection method can be 

utilized to determine an optimal set of spectral bands for nitrogen deficiency detection in 

corn to alleviate the nitrogen loss that contaminates ground/surface water.  

FHB (scab) project  

The results of the FHB project suggest that a RGB or a multispectral camera with three 

bands are adequate for FHB detection. We recommend training a Convolutional Neural 

Network model on a large annotated RGB dataset. To facilitate the process of gathering a 

large annotated data, transfer learning can be used such that only the last few layers of the 
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network is tuned since the weights and biases of the Convolutional layers are borrowed 

from a network already trained on an available large annotated dataset. As of now, there 

are two annotated datasets that can be sued for transfer learning to detect the wheat spikes. 

One of the dataset is for detection of wheat spikes (Hasan, Chopin, Laga, & Miklavcic, 

2018), and the other is for locating spikes and spikelets (Pound, Atkinson, Wells, Pridmore, 

& French, 2017).  

Yield prediction project 

For yield project, we recommend incorporating a temporal component and evaluate the 

feasibility of yield prediction at various phases of plant development as well as various 

locations. An accurate yield prediction at earlier growth stage could provide invaluable 

information for making appropriate agronomic decisions such as nutrient management.  

Feature learning by deep autoencoder 

Supervised learning techniques can be used to find a set of informative bands for yield 

prediction. Since these methods require large labeled datasets, we suggest increasing the 

number of samples in yield dataset by using the methodology proposed for dividing the 

plots into sub-plots and assigning yield to each of sub-plots. Subsequent to identifying the 

optimal set of bands, the new dataset can be used for training a deep neural network to 

evaluate the performance of the selected bands in yield prediction.  
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Glossary 

Artificial intelligence: “a system’s ability to correctly interpret external data, to learn from 

such data, and to use those learnings to achieve specific goals and 

tasks through flexible adaptation.” (Kaplan & Haenlein, 2019). 

Cultivar: Cultivar is a commercialized variety.  

Deep learning: “Deep learning is a class of machine learning algorithms that: 

 use a cascade of multiple layers of nonlinear processing 

units for feature extraction and transformation. Each 

successive layer uses the output from the previous layer as 

input. 

 learn in supervised (e.g., classification) and/or 

unsupervised (e.g., pattern analysis) manners. 

 learn multiple levels of representations that correspond to 

different levels of abstraction; the levels form a hierarchy 

of concepts.” (Wikipedia on “Deep Learning” around 

February 2019). 

Genetic gain: Genetic gain: “amount of increase in performance achieved 

annually per unit time through artificial selection.” (José Luis Araus 

et al., 2018). 

Hyperspectral imaging: Hyperspectral imaging (HSI) integrates imaging and high-

resolution spectroscopy whereby a continuous spectrum is scanned 

for each pixel, typically across the visible and near infrared range 

of electromagnetic spectrum. 

Line:  A line is a wild species, landrace, historical cultivar or a possible 

new genotype that is still being tested for its potential value in a 

given environmental setting. 

Machine learning: “Machine learning (ML) is the scientific study of algorithms and 

statistical models that computer systems use to effectively perform 

a specific task without using explicit instructions, relying on models 

and inference instead. It is seen as a subset of artificial intelligence. 

Machine learning algorithms build a mathematical model of sample 

data, known as "training data", in order to make predictions or 

decisions without being explicitly programmed to perform the 

task.” (Wikipedia on “Machine learning” around February 2019). 

Phenotyping: Phenotyping is a quantitative assessment of plant structure and 

function related to a desirable trait. 

 


