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ABSTRACT 
 

Monitoring crop development and health using UAV-based hyperspectral 

imagery and machine learning 

Yoseline Betzaida Angel López 

 
Agriculture faces many challenges related to the increasing food demands of a 

growing global population and the sustainable use of resources in a changing 

environment. To address them, we need reliable information sources, like 

exploiting hyperspectral satellite, airborne, and ground-based remote sensing 

data to observe phenological traits through a crops growth cycle and gather 

information to precisely diagnose when, why, and where a crop is suffering 

negative impacts. By combining hyperspectral capabilities with unmanned 

aerial vehicles (UAVs), there is an increased capacity for providing time-critical 

monitoring and new insights into patterns of crop development. However, 

considerable effort is required to effectively utilize UAV-integrated 

hyperspectral systems in crop-modeling and crop-breeding tasks. 

 

Here, a UAV-based hyperspectral solution for mapping crop physiological 

parameters was explored within a machine learning framework. To do this, a 

range of complementary measurements were collected from a field-based 

phenotyping experiment, based on a diversity panel of wild tomato (Solanum 

pimpinellifolium) that were grown under fresh and saline conditions. From the 

UAV data, positionally accurate reflectance retrievals were produced using a 

computationally robust automated georectification and mosaicking 

methodology. The resulting multitemporal UAV data were then employed to 

retrieve leaf-chlorophyll (Chl) dynamics via a machine learning framework. 
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Several approaches were evaluated to identify the best-performing regression 

supervised methods. An investigation of two learning strategies (i.e., sequential 

and retraining) and the value of using spectral bands and vegetation indices 

(VIs) as prediction features was also performed. Finally, the utility of UAV-

based hyperspectral phenotyping was demonstrated by detecting the effects of 

salt-stress on the different tomato accessions by estimating the salt-induced 

senescence index from the retrieved Chl dynamics, facilitating the identification 

of salt-tolerant candidates for future investigations. 

 

This research illustrates the potential of UAV-based hyperspectral imaging for 

plant phenotyping and precision agriculture. In particular, a) developing 

systematic imaging calibration and pre-processing workflows; b) exploring 

machine learning-driven tools for retrieving plant phenological dynamics; c) 

establishing a plant stress detection approach from hyperspectral-derived 

metrics; and d) providing new insights into using computer vision,  big-data 

analytics, and modeling strategies to deal effectively with the complexity of the 

UAV-based hyperspectral data in mapping plant physiological indicators. 
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 Introduction 
 

______________________________________________________________ 

Efficient and sustainable precision agriculture and phenotyping-driven 

improvements can be enabled by quantifying biophysical and biochemical 

dynamics across various crop and plant development cycles. Chapter 1 

explores the potential of monitoring crop development and health using UAV-

based hyperspectral imagery and machine learning. The purpose of this 

Chapter is to provide a broad overview of the thesis, the underlying motivation 

behind the research, and an outline of the plan towards addressing some of the 

key research questions. More detailed literature reviews are provided in each 

of the focused Chapters.   

______________________________________________________________ 

1.1 Precision agriculture using hyperspectral imaging 

 
Agriculture has been one of the most disruptive anthropogenic-driven 

influences on our planet, changing the foundation of our relationship with nature 

and guiding our path from hunter-gatherers to producers-consumers. Modern 

food production has evolved over the course of the twentieth century from 

cropland expansion via large-scale mechanization, to a more recent focus on 

intensification efforts to yield more crop production from the same unit area, 

most recently through genetically modifying varieties and developing synthetic 

fertilizers and pesticides to reduce crop losses (Finger et al., 2019). However, 

several studies have warned about the insufficient improvement of yields (Ray 
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et al., 2013) and the unsustainability of the food system (Ramankutty et al., 

2002) in light of the some of this current centuries biggest challenges: notably, 

projected population increases (to 10 billion people by 2050), climate change, 

and even unplanned disruptive events such as the current COVID-19 crisis. 

Why has large-scale agriculture productivity reached its limits despite 

standardizing within-field practices? One explanation relies on the reduced 

ability to efficiently manage the spatial, temporal, and environmental 

heterogeneities in croplands (Zhang et al., 2002). Precise information about 

plant traits, soils, topography, abiotic and biotic stressors is required to 

characterize, model, and tailor decisions to specific conditions at a within-field 

scale. Plants are the central player amongst these many aspects, so monitoring 

and understanding the relationships between plants and such factors might 

allow more precise diagnostics and better management of farming resources. 

 

Precise farm management based on specialized equipment, software, and 

information technology (IT) services has been advocated as the future of 

productive and sustainable agriculture. Precision agriculture (PA) aims to 

sustainably utilize resources, such as irrigation water, soils, nutrients, and 

pesticides while improving crop yield efficiency. Its adoption has been more 

oriented towards diagnostic technologies that combine geographic information 

systems (Agisoft, 2018) with proximate remote sensors that gather several 

types of data and are often coupled to platforms such as unmanned aerial 

vehicles (UAVs) (Zhang & Kovacs, 2012). Indeed, it seems PA technologies 

are becoming more precise since the boom in UAV-based remote sensing 

began around ten years ago. However, there are still significant roadblocks to 
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this technology, including rapid production of results, ease of operation by non-

technical staff, and accurate geometric (sub-meter) mapping (Weersink et al., 

2018). It is not just farmers who may benefit from advances in drone 

technology. Plant phenomics researchers are increasingly realizing the 

advantages offered by UAV sensors to capture multiple plant trait time series 

at different scales (e.g., leaf, plant, crop), but particularly in field conditions. 

From these data, information about the structure, function, and performance of 

vast numbers of plants can be undertaken, allowing an association of 

genotypes to phenotypes under different environmental conditions, with a 

purpose to discover a new generation of crops resilient to climate change 

challenges (Jin et al., 2021). Such research can be advanced under the 

umbrella of UAV-based optical remote sensing, including both multispectral and 

hyperspectral systems, through which high spatial and rich spectral data can 

be frequently collected while being adaptable to specific crop calendar 

requirements or experimental field designs (Figure 1.1). Multispectral sensors 

are more commonly used because of their low cost and ease-of-use, allowing 

to build up the knowledge required to provide rapid solutions for growers and 

breeders (Aasen et al., 2018). However, multispectral bands can be limited 

when questions related to specific biochemical and biophysical traits involved 

in crop productivity modeling and crop discrimination have to be solved. In 

these cases, hyperspectral sensors have shown much potential to overcome 

such constraints (Mariotto et al., 2013). Due to the lower popularity (related to 

cost) and more limited accessibility to imaging spectroscopy sensors, data 

management and analysis tools are required to bridge the gap between rapidly 
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developing UAV-based hyperspectral technology and its practical application in 

the agriculture field. 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 

Figure 1.1 Multi-temporal high spatial resolution aerial images of croplands are collected using 
a hyperspectral camera onboard a hexacopter multi-rotor. Leaf and canopy reflectance 
response changes across the visible and near-infrared spectrum over the developmental and 
aging cycle of the plants. These can be captured to provide insights into plant health and 
development.  

 
Hyperspectral series compiles multitemporal collections of hundreds of spectral 

layers that contain surface reflectance spectra, from ~ 400 nm up to ~ 2500 nm. 

Each raster is composed of a three-dimensional datacube, where an individual 

pixel is characterized by a two-dimensional spatial location and a unique 

spectrum. Depending on the pixel size, a single spectral profile can represent 

a kind of volatile fingerprint that reflects particular conditions (intrinsic and 

environmental) of a surface: in this case, canopies or even individual leaves 

(Figure 1.2). In terms of post-processing this type of data, two general fronts 

have progressively been covered: the geometrical rectification and the 

radiometric calibration (Adão et al., 2017). On the one hand, producing 

accurate spatial maps of vegetation metrics is the primary purpose of using 
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image sensing. Sub-meter accuracies require ground control points and 

integrated GPS devices with inertial movement sensors onboard the UAV 

platforms, allowing the tracking of imagery collections along flight paths. 

Recently, computer vision techniques have been integrated to semi-automate 

the orthorectification process of multiple swaths, producing highly accurate 

spatial mosaics (Turner et al., 2012), unlocking the potential for more expedited 

and fully automated workflows. On the other hand, the radiometric calibration 

process is relevant to derive physically meaningful data. The translation from 

raw digital numbers to ground reflectance units for proximate remote sensing 

platforms is still in an experimental stage, with investigations tending to focus 

on adopting radiative transfer models or empirical approaches previously 

established for satellite and airborne sensing (Anderson et al., 2011) to UAVs. 

A key goal here is to make multitemporal reflectance datasets comparable with 

each other to characterize and model biophysical and biochemical vegetation 

changes over time.   

Figure 1.2 Hyperspectral images are 3D blocks of data, comprising two spatial and one 
wavelength dimensions. Every pixel has a complete reflectance spectrum correlated with 
physiological crop, plant, or leaf characteristics. Leaf spectral profile is linked to three broad 
plant factors: leaf pigments (0.4 µm – 0.8 µm), cell structure (0.8 µm – 1.3 µm), water content 
(1.3 µm – 2.5 µm). 
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Three general data modeling approaches explored in hyperspectral satellite 

and airborne studies to quantify plant traits can be adapted to UAV-based 

imaging spectroscopy: parametric, non-parametric, and physically radiative 

transfer models (RTM) (Verrelst, et al., 2015). For instance, vegetation indices 

(VIs) are considered parameterized formulations of multiple spectral bands 

covering certain spectral features (e.g., absorptions, peaks, slopes) and 

relatable to specific biochemical and structural traits such as pigments, cell 

structure, and water content (Figure 1.2) (Thenkabail et al., 2018). Numerous 

machine learning regression approaches (Dorigo et al., 2009) have been used 

to retrieve physiological metrics by correlating ground truth data with the 

imagery collection. These non-parametric models interrogate the entire 

information contained by the collected data, offering flexibility and operability in 

the retrieval process (Gewali et al., 2018). Conversely, physically-based 

models that characterize optical and radiative properties (scattering and 

absorption) for leaves and canopies can be inverted to estimate plant traits that 

are causally linked with the reflectance response (Berger et al., 2018). 

Alternatively, parametric and non-parametric approaches can be combined to 

enrich the retrieval workflow. Since hybrid modeling frameworks are still in 

development, this field of research is open to advance new non-parametric 

statistical algorithms looking for robust, meaningful, operative, and automated 

modeling frameworks. ML approaches can be trained using either visible and 

near-infrared (VNIR) bands or VIs to investigate the relevance of these data as 

predictor variables. Different structural and biochemical parameters have been 

successfully examined under this scope with satellite and airborne applications, 

including green leaf area index (LAI) and chlorophyll content (Verrelst et al., 
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2015). From these attempts, significant results have been achieved, 

demonstrating the potential of synthesizing narrowband VIs data under a 

machine learning regression framework and suggesting further investigation on 

retrieving plant trait dynamics from hyperspectral data series (Houborg et al., 

2016; Shah et al., 2019; Zarco-Tejada et al., 2013). 

 

1.2 UAV-based hyperspectral imagery processing 

Recent small and compact hyperspectral sensor developments aligned with the 

availability of multi-rotor and fixed-wing UAVs capable of carrying such 

equipment have opened a new chapter in imaging spectroscopy. These 

advances in high-resolution sensing provide new opportunities for monitoring 

crops and plant phenotyping. To date, different UAV-operated hyperspectral 

systems have been assessed through multiple experimental studies to look for 

improved and standardized solutions in pre and post-processing data analysis 

stages (Aasen et al., 2018). Selecting an appropriate platform-sensor 

combination plays a decisive role. In terms of the scanning system, there are 

two basic types of cameras: push-broom and single-frame. The first one 

captures images in strips during the platform's motion along a trajectory, 

requiring advanced geometrical adjustments given the narrow collimation 

between line arrays and compensating for imprecise motion (Turner et al., 

2012). A full-frame sensor captures single areal-arrays, skipping any 

geometrical correction before the orthorectification and mosaicking procedures. 

However, line-scanning cameras are still preferable over frame-based cameras 

in terms of finer spectral resolution and the wide variety of these on the market 

(Ramirez-Paredes et al., 2016). In both cases, suitable sensor-carrying 
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vehicles are required to provide stability and balance while flying smoothly and 

at a constant speed. Mostly, multi-rotor vehicles coupled with a gimbal, and 

equipped with an inertial measurement unit (IMU) and GPS antennas, are 

adequate to accomplish such requirements (Hruska et al., 2012; Lucieer et al., 

2014). Earlier attempts to automate this geometric correction process have 

been conducted, taking advantage of photogrammetric imaging techniques like 

structure from motion (SFM). Using matching detector algorithms such as 

speeded-up robust feature (SURF) (Habib et al., 2016; Habib et al., 2017b) and 

scale-invariant feature transform (SIFT) (Jakob et al., 2017), the scanned 

hyperspectral scenes are coupled and adjusted with framed-RGB orthorectified 

images and a set of ground control points (GCPs).  

 

Radiometric correction post-processing is required to translate raw digital 

numbers (DNs) to surface reflectance. For this purpose, several aspects should 

be accounted for, including varying illumination conditions (Hakala et al., 2013), 

bidirectional reflectance distribution function (BRDF) effects, reflectance 

anisotropy, and adjacency effects (Houborg & McCabe, 2016). Some 

experiments have modeled BRDF by estimating hemispherical directional 

reflectance factor (HDRF)(Hakala et al., 2014), or normalized anisotropy factor 

(ANIF) (Burkart et al., 2015), and collecting multiangular UAV-based 

hyperspectral measurements (Roosjen et al., 2016). According to results from 

these studies, describing anisotropy and accounting for BDRF effects may lead 

to more accurate reflectance estimations, highlighting the importance of further 

research in calibrating the hyperspectral cameras, implementing adequate 

empirical approaches, or using radiative transfer models. From this, it is evident 



 

 

23 

 

how radiometric post-processing for UAV-based hyperspectral data is an open 

research field that requires rigorous processing procedures to retrieve valid and 

physically comparable reflectance information, especially when working with 

time-series hyperspectral datacubes. 

 

1.3 Retrieval methods for plant physiological parameters  

Field-based phenotyping plays a critical role in crop management, acquiring 

structural, physiological, and biochemical data of plants under different 

environmental conditions to follow their genome response (Pieruschka & 

Schurr, 2019). Several strategies for multi-scale phenotyping based on remote 

sensor imaging and data analysis provide large and near real-time 

physiological databases for both researchers and commercial farmers 

(Reynolds et al., 2020). While the potential of UAV technology is promising in 

commercial agriculture and crop phenomics, there is a need to fill the gap 

between advancing these sensing systems and being able to utilize the data 

they collect. Research in translating large compilations of images and in-situ 

data into useable information is still at an early stage, which is why methods to 

streamline data analysis and modeling are required. 

 

Translating such massive numbers of images and in-situ sensor data into 

information (and knowledge) requires improved data handling methods. 

Numerous studies in imaging spectroscopy, satellite, and, more recently UAV-

based sensing, have been oriented to monitor and characterize diverse 

croplands by retrieving specific physiological properties through various 

methods, some of them still in an experimental stage. These approaches can 

be broadly grouped into statistical and physical: but an alternative expanded 
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classification could divide them into parametric, non-parametric, physically-

based, and hybrid methods (Verrelst et al., 2015) (Figure 1.3). The following 

sub-sections offer a review of these in the context of hyperspectral remote 

sensing. 

 

 

Figure 1.3 General retrieval approaches for plant physiological parameters: parametric, non-
parametric, radiative transfer model inversion. 
 

 

1.3.1 Parametric regression  

Parametrized expressions are fitted to data representing a relation, linear or 

non-linear, between a physiological variable of interest and vegetation indices 

(VIs). VIs can be established based on individual spectral channels, band 

rationing, and shape-related features such as red edge, derivative, and 

continuum removal (Thenkabail et al., 2018). One of the advantages of 

narrowband VIs relies on its simplicity, exploiting specific spectral regions that 

are more sensitive to reflectance control factors in plants (pigments, structure, 
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and water content). Some efforts towards defining hyperspectral VIs for crop 

monitoring have been accomplished to date. For instance, Thenkabail et al., 

2000 explored two-band and multiple narrowband combinations to predict wet 

biomass, leaf area index, plant height, and yield, determining strong 

relationships with twelve spectral channels in the 350 – 1050 nm range.  Other 

studies using airborne hyperspectral images have also tested derivative indices 

like the red edge inflection point (REP) to investigate leaf and canopy 

chlorophyll content (Darvishzadeh et al., 2008; le Maire et al., 2008; Mariotto et 

al., 2013), representing a significant advance over the non-derivative VIs. 

Efforts to optimize VIs by identifying optimal band combinations via correlation 

matrices have confirmed that narrowband VIs can be favorably optimized for 

local applications, but unsuccessfully replicable to heterogeneous crops and 

conditions (Caicedo et al., 2014). Parametric approaches are simple to use and 

fast processing, although with a tendency to produce overfitted models, limiting 

their portability. They may also exploit some specific spectral regions, making 

them noise-sensitive. However, determining the most relevant spectral bands 

and VIs in retrieving a specific physiologic variable is still an open question, the 

answer to which would help establish an adequate generic or transferable 

parametric formulation. 

 

1.3.2 Non-parametric regression 

Under the non-parametric modeling framework or machine learning regression, 

a retrieval model is constructed according to information derived from the 

spectral data imagery and field spectra without accounting for prior 

physiological knowledge (Dorigo et al., 2009). Since the structure of the model 
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and the estimates depend on exploiting empirical data, this approach requires 

larger sample sizes than parametric regressions. In contrast to parametric 

models, all the spectral channels can be exploited simultaneously without 

requiring a previous selection or transformation. However, this type of model 

can become overfitted when including many predictors, which is often the case 

when using hyperspectral data (Caicedo et al., 2014). Thus, dimensionality 

reduction and feature extraction strategies are essential to prune redundant 

bands, reduce computational time and increase the interpretability of results 

(Camps-Valls et al., 2016). There are two general types of non-parametric 

methods: linear and non-linear. Linear approaches are often used for simplicity 

- however, if the multicollinearity of spectral data is not handled, the trained 

model can produce inaccurate predictions. The most common linear regression 

algorithms in the hyperspectral remote sensing literature are stepwise multiple 

linear regression (SMLR) (Wang et al., 2015) and partial least squares (PLSR) 

(Atzberger et al., 2010). Both methods have been used to estimate nutrients 

content, like nitrogen and phosphorus, finding coherent correlations between 

some selected bands and these target variables. On the other hand, non-linear 

parametric models can model relationships without assuming a defined 

probability density distribution. They also allow flexibility to train a model based 

on different types of predictors or variables simultaneously (Theodoridis, 2020). 

There is a wide variety of methods that can be used either independently or 

jointly. Among these, random forest (RF), support vector machine (SVM), and 

artificial neural networks (NN) are three of the most explored in the retrieval of 

biophysical and biochemical parameters using hyperspectral data. Recently, 

several studies have tested some of these algorithms simultaneously to 
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compare them and to choose the best-fitted model according to a cross-

validation process (Das et al., 2017; Doktor et al., 2014; Siegmann & Jarmer, 

2015; Sun et al., 2017; Yuan et al., 2017). An alternative study proposed to use 

some of these approaches under a multi-method ensemble framework 

(Feilhauer et al., 2015), claiming more reliable results than the application of a 

single method alone. The Bayesian kernel method, referred to as the Gaussian 

Process Regression (GPR), is another approach that has been applied for the 

retrieval of chlorophyll content using airborne hyperspectral imagery. GPR can 

deliver a spatially distributed prediction map, reporting relevant predictors and 

confidence maps as indicators of the reliability of each predicted pixel (Verrelst 

et al., 2013). 

 

In general, MLR algorithms have several advantages in terms of robustness 

and flexibility, with some also able to provide uncertainty metrics and identify 

the relative importance of relevant bands. These approaches can also be 

ensembled under a modeling framework to operate autonomously, allowing an 

integration of the hyperspectral data analysis in a chain of mapping production. 

However, some deficiencies have been identified, such as their operation as 

“black boxes”, the risk of biased or overfitted results, and computational burden 

when processing large training datasets. Thus, expert knowledge is required 

for proper algorithm tuning and application, leading to an open opportunity to 

advance MLR toolboxes oriented to automate the retrieval and mapping 

process of physiological metrics. 
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1.3.3 Physically-based methods  

Radiative transfer models (RTM) rely on the inversion of canopy and leaf 

reflectance formulations that are based on physical rules relating biophysical 

and biochemical variables to reflectance data. RTMs can be fed with spectral 

data collected by any spectrometer (satellite, airborne or field-based) to 

estimate physiological plant properties. One of the most common RTMs used 

is PROSAIL (Berger et al., 2018; Féret et al., 2017), which is a 1-D directional-

hemispherical reflectance and transmittance (400 nm - 2500 nm) model that 

integrates a canopy structural approach known as SAIL (Verhoef, 1984), with 

the optical-biochemical leaf approach, PROSPECT (Jacquemoud et al., 2009). 

A recent version includes the retrieval of anthocyanins, in addition to 

chlorophylls and carotenoids estimation (Féret et al., 2017). More advanced 3-

D models, considering complex canopy structures, have also been developed 

and applied, like FLIGHT (North, 1996) and DART (Gastellu-Etchegorry et al., 

2004). According to multiple studies, one of the pros of RTMs is their generic 

applicability  to different canopies (Dorigo et al., 2009). However, their reliability 

and the operational inversion depend on the complexity and the ill-posed nature 

of the model. Inverse problems might not have a unique solution in the strict 

sense, since different combinations of initial physiological sampled parameters 

can produce similar simulated spectra, and they are unstable if there are small 

perturbations in the data (Kattenborn & Schmidtlein, 2019). There are two main 

RTM-based inversion techniques: iterative numerical optimization and 

simulated Look-Up tables (LUT). Both alternatives seek to minimize the 

difference between the simulated and the measured reflectance, with LUT 

being the faster option (although the dimensions of the table must be large 



 

 

29 

 

enough to achieve highly accurate results) (Li & Wang, 2011). Some 

agricultural focused studies have used one or another solution for PROSAIL 

inversion, retrieving chlorophyll content (Darvishzadeh et al., 2008), nitrogen 

content (Clevers & Kooistra, 2012), LAI (Darvishzadeh et al., 2011), and 

canopy water content (Clevers et al., 2010). Recently, this method has been 

applied using UAV-based hyperspectral data (Duan et al., 2014), from which 

the importance of collecting multiple directional information is highlighted, since 

anisotropy reflectance observations provide a complete and robust 

characterization of the canopy (Dorigo, 2012). To date, a wide variety of 

biophysical retrieval techniques have been developed, but relatively few of 

them have been integrated into operational crop monitoring (Rivera et al., 

2014). When the inversion is performed, data is constrained to several 

prerequisites and structural parameters with solid physical foundations, limiting 

their application. 

 

1.3.4 Hybrid methods 

Hybrid methods attempt to take advantage of the best characteristics of 

different approaches: for example, combining the transferability of RTMs with 

the flexibility of ML regression algorithms. In such cases, spectra simulated 

through RTM inversion are used as input features to train any non-parametric 

regression model when ground-truth data is not available. Some of the hybrid 

frameworks have been developed using simulations from PROSAIL to train 

neural-network (NN) models and estimate leaf area index (LAI) (Liang et al., 

2015) or chlorophyll content from hyperspectral airborne imagery based on 

PROSPECT-DART (Malenovský et al., 2013). In contrast, some other hybrid 
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options include ML and data analysis techniques to mitigate reflectance 

saturation effects or noisy features in simulated spectra by including 

transformation strategies to convert spectral bands into principal components 

(PC) or VIs (Fei et al., 2012). Incorporating VIs as predictors in ML routines 

such as random forest has been used as an alternative to enrich non-

parametric methods with meaningful biophysical and biochemical metrics, 

either using high-throughput spectral libraries (Shah et al., 2019) or using 

hyperspectral satellite imagery series (Houborg et al., 2016). In general, there 

are several ML models yet to be explored in hybrid methods, with the potential 

to provide robust, transferable, and accurate frameworks to advance the 

production chain of physiological mapping from high spectral resolution data 

(Verrelst, et al., 2015). 

 

1.4 UAV-based hyperspectral remote sensing of croplands  

Precision agriculture relies on high-quality and timely information to succeed. 

To deliver an effective growth strategy, it is essential to know three general 

aspects of a field crop: how stable are the physiological conditions during the 

crop cycle; which conditions change considerably through stages; and 

information to diagnose precisely when, why, and where a crop is suffering 

disease outbreaks, getting stressed, or even dying. Traditional platforms such 

as satellites and manned-aircrafts have proven to be helpful in agricultural 

management applications. Indeed, satellite remote sensing offers one of the 

most advanced forms of monitoring at low spatial and temporal scales. 

However, there are some drawbacks in terms of immediacy, availability, and 

cost-efficiency when real-time and high spatial resolution data is required. 
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However, UAVs carrying light and miniature cameras have emerged as a 

popular and real-time data gathering media. Information acquired from UAV-

based remote sensors has been increasing in the agro-industry, where 

extensive croplands are permanently monitored to detect any issue early, 

leveraging both the rapidly developing technology and the non-destructive 

methodology. Compared to satellites, UAVs provide high flexibility of use, low 

operational costs, and a very high spatial resolution (subcentimeter-scale) 

alternative. In addition to enhanced space-time resolution, spectral features 

play an important role in the characterization, classification, modeling, and 

mapping of physiological variables. By precisely measuring wavelengths of 

radiant solar energy reflected and absorbed from plants, and collecting 

continuous and narrow bands to target and highlight specific parameters, 

hyperspectral sensing has advanced the retrieval of biophysical and 

biochemical metrics. Imaging spectroradiometers have been used for detecting 

pigments (chlorophyll-a,-b, and carotenoids) (Blackburn, 2006), estimating 

green leaf area (Haboudane et al., 2004), leaf water content (Clevers et al., 

2010), and various types of plant stress (Zarco-Tejada et al., 2012).  

 

There has been an increasing trend in the use of UAV-based hyperspectral 

sensors to provide time-series of spectral information across geographically 

distributed locations in the field throughout a crop growth cycle (Roosjen et al., 

2017; Yuan et al., 2017; Zarco-Tejada et al., 2012). In such examples, the 

remote sensing loop starts with the spectral data collection, including ancillary 

in-situ sampling, before post-processing is performed to transform raw data into 

an orthorectified mosaic of ground reflectance pixels. These results, when 
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combined with auxiliary in-situ data (pigments content, leaf area, stomatal 

conductance, temperature, etc.), can then be used to establish a model based 

on vegetation indices, from which the vegetation parameters of interest are 

mapped per stage, and multitemporal metrics can be analyzed or included as 

input layers into a decision support system. 

 

A number of space-borne imaging spectrometer missions oriented towards 

monitoring and characterizing biogeophysical variables on a global scale are 

scheduled for launch in the near future (such as EnMAP, HyspIRI, and FLEX) 

(Cawse-Nicholson et al., 2021). These systems will provide a vast data stream, 

requiring enhanced, robust and flexible big-data processing techniques. Hence, 

a key motivation of this project is to not only exploit UAV-based hyperspectral 

data to provide a near-real-time crop development monitoring and phenotyping 

platform, but also develop one that can be extended to satellite imaging that 

both agriculture producers and researchers can use practically and realistically. 

 

1.5 Hyperspectral data for plant salinity-stress quantification 

Remote sensing has long been used as a technique for the early detection of 

biotic stress symptoms in plants, such as drought and salinity (Wang et al., 

2003). Hyperspectral VNIR reflectance data can be deployed to obtain 

information related to plant physiological stress: for instance, vegetation indices 

can be correlated with chlorophyll, while other pigment concentrations can be 

related to monitor salt-induced senescence issues (Isayenkov & Maathuis, 

2019; Acosta-Motos et al., 2017). Indeed, there are many pigment-based 

indices that have proven to be useful for stress detection (Zarco-Tejada et al., 
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2012). For instance, one of the earliest attempts to do this was explored using 

UAV-based hyperspectral data (Haboudane et al., 2002), exploiting the ratio 

between the transformed chlorophyll absorption reflectance (TCARI) (a metric 

sensitive to changes in chlorophyll content and LAI) and the optimized soil-

adjusted vegetation index (OSAVI) (an index used to reduce the influence of 

soil background reflectance and solar zenith angle). Other well-tested 

indicators are the narrowband photochemical reflectance index (Gamon et al., 

1992; Wang et al., 2015), oriented to measure changes in carotenoid pigments 

to provide some insight about photosynthetic light use efficiency, and its 

normalized version PRInorm, which is more sensitive to changes in xanthophyll 

concentration due to water stress (Zarco-Tejada et al., 2013).  

 

One of the most critical threats in agriculture is salinity, which affects the growth 

and productivity of crops. A key research challenge has been to identify salt-

tolerant species that can be irrigated with saline water, contributing to mitigating 

the growing demand for food and reducing the reliance on fresh water (Negrão 

et al., 2016). Diverse phenotyping efforts based on the analysis of 

hyperspectral data aim to detect and quantify salt stress at individual plant and 

canopy levels. Some of these have evaluated the relationship between ground-

based VNIR hyperspectral reflectance and yield for crops under varying salinity 

and water stress conditions by estimating multiple linear regression models 

from several VIs (Poss et al., 2006). Correlations between PRI and water 

content and stomatal conductance have been successfully explored, confirming 

the relevance of PRI as an indicator of early stress (Naumann et al., 2008). 

Alternatively, other studies have been oriented to monitor soil salinity, 
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estimating soil-adjusted vegetation index (SAVI) from spectral collections and 

correlating both through partial least square (PLS) models while identifying the 

most sensitive bands (Zhang et al., 2011). Soil salinity studies using satellite-

based hyperspectral data have advanced the use of spectral imaging to identify 

new salt and water stress indices (Hamzeh et al., 2013). Based on these and 

related studies, there is an increasing body of literature that indicates that 

synthesizing hyperspectral remote sensing and hybrid retrieval methods 

represents a novel and powerful tool to develop non-destructive and efficient 

phenotyping methods aimed to investigate salt resistance in plants: an aspect 

that will be explored further in this thesis.  

 

1.6 Motivation and Outline of Thesis  

The spectral properties of plants are determined by their biophysical and 

biochemical characteristics, which means that it is possible to gain insight into 

such features and even retrieve them via examining the underlying vegetation 

spectra. However, conventional collection of in-situ spectral data is a time-

consuming and even destructive process when detailed leaf sampling is 

required. To advance UAV-based imaging spectroscopy for agricultural 

applications, this dissertation provides methodological approaches, 

incorporated in operative pipelines of precision agriculture and phenotyping, to 

monitor crop development and health. To do this, we leverage UAV-based 

hyperspectral imagery and integrate this within a machine learning modeling 

framework. The main contribution of this project is using high spectral resolution 

and sub-centimeter scale UAV-based imagery to produce time-series of precise 

physiological indicator maps across important stages of crop development. A 
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major objective of this work included the provision of pixel-wise mapping 

predictions through adaptable and transferable processing and ML modeling 

frameworks with quality assessment mechanisms. Three individual problems 

were identified and tackled under this project, including: 

 

 Designing and implementing an automated georectification and mosaicking 

workflow for UAV-based hyperspectral pushbroom imagery; 

 Implementing a hybrid machine learning framework to retrieve biophysical 

and biochemical dynamics using visible and near-infrared (VNIR) 

hyperspectral imagery data series; 

 Integrating UAV-based hyperspectral retrievals in the precision agricultural 

monitoring and phenotyping pipelines to account for crop growth and health 

condition via spatio-temporal data analytics. 

 

The study consists of four general steps: (i) collecting imagery and in-situ data, 

(ii) processing data, (iii) machine learning modeling, and (iv) mapping and 

analytics of biophysical and biochemical traits (see Figure 1.4). For the data 

collection stage, field experiments were conducted over an experimental field 

in Saudi Arabia using a small and light pushbroom hyperspectral camera (272 

bands, 400 nm – 1000 nm) mounted onboard a drone platform (i.e., 

hexacopter). From there, an ultra-high spatial resolution multitemporal dataset 

was gathered over a complete growth cycle of a wild tomato phenotyping study, 

targeting different accessions under control and high salinity conditions. 

Additional ancillary ground truth data were also collected, including ground 

control points (GCPs), in-situ calibration reflectance spectra, leaf and top of 
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canopy reflectance spectra, and SPAD-based leaf chlorophyll content. Further 

details about the data collection stage and study site are provided in each of 

the following chapters (Chapter 2, Chapter 3, Chapter 4).   

 

 

 
 

Figure 1.4 Four general project stages are defined as a roadmap: data collection, data 
processing, ML-based retrieving modeling, mapping plant traits, and retrieval analytics. 

 

The processing stage is covered in Chapter 2 via a published contribution on 

the automation of a georectification and mosaicking methodology for UAV 

hyperspectral imagery. One of the bottlenecks in pushbroom imagery 

processing workflows is caused by geometric distortions introduced in the 

datacubes due to the UAV movements during flight, even if the payload 

includes navigation sensors accounting for the position, heading, and 

orientation metrics. The imagery was geometrically corrected through a 

computationally robust and automated computer vision-based solution. 

Hyperspectral swaths from two different study sites, with different spatial 

resolution (centimetric and millimetric order) and size (GB and TB), were used 

to evaluate the proposed methodology. Part of the research challenge was 

obtaining geometrically accurate mosaics from running a fast parallelized 

processing workflow while optimizing the positional ground data collection 
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efforts. A fully automated coregistration strategy between RGB-based 

orthophotos and the hyperspectral strips was developed to gather hundreds of 

ancillary stitching points that allowed the geometrical transformation and 

mosaicking of the swaths, assuring high relative positional accuracies. For 

radiometric post-processing, an empirical line solution was explored to translate 

the raw digital numbers to surface reflectance by implementing a calibration 

protocol developed in collaboration with other team partners; some details of 

which are provided in the methods section of Chapters 2 and 3, with the full 

version of the protocol published in Barreto et al., 2019 and presented in 

Appendix 5. The protocol includes a spatio-temporal assessment of dark and 

white references, evaluating the spectral fidelity of the pushbroom sensor, and 

determining the empirical relationships between captured radiance and derived 

reflectance. 

 

The modeling stage (Chapter 3) includes an automated hybrid machine 

learning framework that comprises a novel strategy for retrieving leaf-

chlorophyll dynamics from UAV-based hyperspectral imagery series. The 

framework assessed several machine learning approaches for SPAD-based 

chlorophyll retrieval, including partial least square regression (PLSR), support 

vector machine, decision trees (random forest), and the Gaussian process 

regression (GPR). Two different learning strategies (sequential versus 

retraining) were explored, offering new insight into modeling temporal 

dynamics. Further, a set of pigment and greenness VIs were comparatively 

evaluated with hyperspectral bands as predictors, identifying the most relevant 

variables in estimating SPAD-based chlorophyll by performing comparative 



 

 

38 

 

analysis on feature importance techniques between the PLSR, random forest, 

and GPR methods. In addition to the goodness-of-fit (R2) and accuracy metrics 

(MAE, RMSE), the uncertainty of the retrievals was quantified and mapped 

using the GPR approach, offering an additional quality control metric on the 

results. The modeling framework was tested using SPAD and in-situ field 

spectral data for training/testing and validation purposes, and demonstrated its 

applicability in mapping biochemical plant traits such as leaf-Chl, using high 

spatial-temporal-spectral resolution imagery and limited ground-truth data. 

Finally, an optimal hybrid modeling scheme, based on retraining a GPR 

machine learning algorithm using parametric VIs as predictors, was 

implemented to map high-quality spatially distributed and multi-temporal SPAD-

based chlorophyll maps with sub-centimetric pixel resolution.  

 

Chapter 4 showcases the use of the SPAD retrievals to produce senescence 

stress indicator maps at a within-plant level, enabling salinity stress detection 

by quantifying salt-induced senescence (SIS) between developmental stages 

across 200 different accessions of the wild tomato species Solanum 

Pimpinellifolium. The most relevant VIs in the ML workflow were identified, with 

findings indicating the adjusted-reflectance, derivative, and continuum-removal 

greenness indices were at the top of the ranking. Different visual spatio-

temporal data analytics tools were implemented, examining the potential to 

discriminate the salinity tolerance features (i.e., growth, Chl content) of the 

accessions. The correlation between SIS and economically important traits 

such as shoot-fresh mass (SFM) and total yield mass (TYM) was assessed, 

finding consistent correlations across the evaluated stress periods and 
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treatment conditions. The potential of these indicators in tracking Chl dynamics 

and their suitability to be included in the field phenotyping pipelines was shown, 

providing insight for the further identification of productive salt-tolerant 

candidates. Overall, the study case showcased the integration of UAV-based 

hyperspectral imaging in the field phenotyping pipeline, which is extensible to 

precision agriculture monitoring workflows to quantify growth and senescence 

dynamics.  

 

Although not included directly in the body of this thesis, various collaborations 

with multidisciplinary researchers provided an opportunity to explore related 

research avenues and develop publications aimed at the practical use and 

integration of UAV, satellite, and in-situ reflectance: many of which involved 

integrating observations within physically, parametric and non-parametric 

canopy and plant reflectance modeling frameworks. For example, a historical 

archive of sub-weekly Hyperion hyperspectral satellite imagery allowed the 

development of a method to reconstruct cloudy pixels using spatiotemporal 

covariance functions and multitemporal hyperspectral imagery (Appendix 1). 

These data were then used to complete and enhance reflectance data for the 

extraction of chlorophyll and leaf area index dynamics (Appendix 2) and to track 

productivity in pivot agriculture of a commercial farm in Saudi Arabia (Appendix 

3). An initial exploration on the development of non-destructive hybrid methods 

for retrieving leaf chlorophyll content in wheat was also conducted, combining 

random forest with narrowband VIs from leaf spectral sampling (Appendix 4). 

Finally, for UAV-based applications, a radiometric assessment of push-broom 

imaging spectrometers and radiometric imagery calibration was compiled in a 
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protocol for processing the hyperspectral data used in this project (Appendix 

5). The protocol was extended to calibrate UAV multispectral imagery captured 

under the same field experiment and used for phenotyping, quantifying 

responses to salinity stress (Appendix 6), and predicting biomass and yield 

based on random forest modeling (Appendix 7). 
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 Automated georectification and mosaicking of UAV-
based hyperspectral imagery from push-broom sensors  
 
 

 

Chapter 2 presents an automated workflow developed and implemented for the 

geometric calibration and processing of push-broom hyperspectral imagery, 

including two broad sub-processes: georectification and mosaicking. The chain 

processing integrates co-registration approaches from computer vision and 

parallelized computing methods for the automated detection of stitching points 

required for the geometric transformation and merge of hyperspectral swaths. 

The results from this Chapter facilitated the detailed spatio-temporal analysis 

that follows in Chapters 3 and Chapter 4.  

 

The contents of Chapter 2 were published as a research article in the journal 

MDPI Remote Sensing: Angel, Y.; Turner, D.; Parkes, S.; Malbeteau, Y.; 

Lucieer, A.; McCabe, M.F. Automated Georectification and Mosaicking of UAV-

Based Hyperspectral Imagery from Push-Broom Sensors. Remote Sensing. 

2020, 12, 34. https://doi.org/10.3390/rs12010034 

__________________________________________________________________________ 

2.1 Abstract 

Hyperspectral systems integrated on unmanned aerial vehicles (UAV) provide 

unique opportunities to conduct high-resolution multitemporal spectral analysis 

for diverse applications. However, additional time-consuming rectification 

efforts in postprocessing are routinely required, since geometric distortions can 
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be introduced due to UAV movements during flight, even if navigation/motion 

sensors are used to track the position of each scan. Part of the challenge in 

obtaining high-quality imagery relates to the lack of a fast-processing workflow 

that can retrieve geometrically accurate mosaics while optimizing the ground 

data collection efforts. To address this problem, we explored a computationally 

robust automated georectification and mosaicking methodology. It operates 

effectively in a parallel computing environment and evaluates results against a 

number of high-spatial-resolution datasets (mm to cm resolution) collected 

using a push-broom sensor and an associated RGB frame-based camera. The 

methodology estimates the luminance of the hyperspectral swaths and 

coregisters these against a luminance RGB-based orthophoto. The procedure 

includes an improved coregistration strategy by integrating the Speeded-Up 

Robust Features (SURF) algorithm, with the Maximum Likelihood Estimator 

Sample Consensus (MLESAC) approach. SURF identifies common features 

between each swath and the RGB-orthomosaic, while MLESAC fits the best 

geometric transformation model to the retrieved matches. Individual scanlines 

are then geometrically transformed and merged into a single spatially 

continuous mosaic reaching high positional accuracies only with a few numbers 

of ground control points (GCPs). The capacity of the workflow to achieve high 

spatial accuracy was demonstrated by examining statistical metrics such as 

RMSE, MAE, and the relative positional accuracy at 95% confidence level. 

Comparison against a user-generated georectification demonstrates that the 

automated approach speeds up the coregistration process by 85%. 
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2.2 Introduction 

Remote sensing has provided incredible advances in our capacity to observe 

and understand the earth system (Atzberger, 2013), with new and emerging 

technologies providing further opportunities for insights and understanding 

(McCabe et al., 2017). One of the key constraints in our observation capacity 

relates to the compromise between spatial and temporal resolution, i.e., space-

based platforms tend to suffer from either spatial or temporal restrictions that 

affect the frequency and fidelity of retrievals. Within the last decade, 

developments in remote sensing using unmanned aerial vehicles (UAV) have 

provided a sensor-flexible platform that has lowered operational costs, while 

providing unprecedented spatial (<10 cm) and on-demand temporal resolution 

(Manfreda et al., 2018; Warner & Cracknell, 2017). To leverage these 

technological advances, hyperspectral camera systems capturing radiances 

across the visible and near-infrared portions of the spectrum (H. Aasen et al., 

2018) have been developed, with diverse applications being presented in 

agriculture (Honkavaara et al., 2013; Roosjen et al., 2016; Zhang & Kovacs, 

2012), forestry (Pádua et al., 2017), and mining (Jakob et al., 2017) studies. 

However, while UAV technology has progressed rapidly and there is a level of 

maturity in many sensing capabilities (Adão et al., 2017), routine application of 

hyperspectral imaging systems remains challenging and has been constrained 

by a lack of automation and processing options to streamline the image 

analysis. In particular, additional efforts are required in the integration of 

accurate positional sensors with spectral devices during image collection and 

subsequent automated geometric calibration frameworks based on image 

coregistration and ground control points. To realize this potential, UAV-based 
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hyperspectral sensing systems need to provide radiometrically and 

geometrically accurate data that allow posterior quantitative analysis to be 

performed with confidence.  

 

UAV-based image products are generally produced by stitching together 

hundreds of overlapping scanlines or frames captured on the fly (Jakob et al., 

2017). However, when “matching” any two images, the transformation and 

reprojection undertaken by the fitting algorithms routinely introduce localized 

distortions. While the positional accuracy of an individual image may be on the 

order of a few centimeters, the accuracy of the completed mosaic may increase 

to the decimeter range as the positional errors accumulate through the merging 

process. In the case of scanning systems, image distortion can also result due 

to geometric noise induced by UAV movements. Likewise, accurately 

overlapping swaths requires a good number of matching and ground control 

points (GCPs) to avoid further distortion in the final mosaic (Adão et al., 2017). 

A range of hyperspectral sensor configurations is available for UAV-based 

integration, including point (Burkart et al., 2014) and push-broom 

spectrometers, as well as 2D spectral imagers (Warner & Cracknell, 2017). In 

general, the traditional image georectification process for any such system 

relies on positional, orientation, rotation, and acceleration data collected by 

Global Navigation Satellite Systems (GNSS) and/or Inertial Navigation Systems 

(INS) (Turner et al., 2014). In the case of point spectrometers (Burkart et al., 

2014; Garzonio et al., 2017; Schickling et al., 2016; Uto et al., 2016; Zeng et 

al., 2017), spectra are collected with no integrated spatial reference, requiring 

ancillary data (onboard and in situ) to georeference the imagery. Push-broom 



 

 

45 

 

sensors (Calderón et al., 2013; Headwall-Photonics, 2018; Lucieer et al., 2014; 

Malenovský et al., 2017; Sankey et al., 2017; Suomalainen et al., 2014; Turner 

et al., 2017; Zarco-Tejada et al., 2014; Zarco-Tejada et al., 2013) offer a high 

spectral and spatial resolution by sampling individual lines of spectra during 

flight. However, the spatial accuracy of each scanline is highly dependent on 

flying conditions, with the resulting error constrained by GNSS/INS sensors 

accuracy (Hruska et al., 2012) and the stability provided by the gimbal setup. 

Conversely, 2D cameras collect band sequential spectra data in two spatial 

dimensions or by integrating multiple synchronized cameras (Aasen & Bolten, 

2018; Berni et al., 2009; Pérez-Ortiz et al., 2015; Stagakis et al., 2012; Torres-

Sánchez et al., 2015). Such is the case of snapshot systems (Hagen et al., 

2012; Hagen & Kudenov, 2013; Yuan et al., 2017), which record all the bands 

simultaneously, with the advantage of capturing spatial and spectral data with 

every scene. In both cases, the mosaicking process of UAV-based spectral 

imaging requires rectification approaches (Habib et al., 2017a; Ramirez-

Paredes et al., 2015), which, when integrated with an optimal combination of 

complementary sensors, assure the spatial accuracy of the products. 

 

Multiple applications using UAV-based hyperspectral systems have been 

proposed in the literature, exploring a range of prototypes and georectification 

methods. For instance, Zarco-Tejada et al., 2014 and Zarco-Tejada et al., 2013 

investigated the early detection of plant diseases and the seasonal trends of 

narrow-band physiological and structural vegetation indices using a Headwall 

micro-Hyperspec (Headwall-Photonics, 2018) VNIR push-broom sensor 

onboard a fixed-wing platform. In their studies, the geometric rectification of the 
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30 cm (Zarco-Tejada et al., 2014) and 40 cm (Zarco-Tejada et al., 2013) pixel 

resolution imagery was conducted using the PARGE (Schläpfer et al., 1998) 

software, which relies on GNSS/INS parameters and a digital elevation model 

(Fernandez et al. 1993) to perform the ortho-rectification of airborne optical 

scanner imagery. Lucieer et al., 2014, Turner et al., 2017, and Malenovský et 

al., 2017, used the same sensor mounted on a multirotor aircraft, collecting 2–

4 cm ground sample distance (GSD) hypercubes to map the health and status 

of vegetation. In these cases, the geometrical rectification was based on a 

dense network of ground control points in addition to using PARGE (Schläpfer 

et al., 1998) and achieved a root mean square error (RMSE) of around 5 cm. A 

different arrangement was employed by (Sankey et al., 2017), who collected 12 

cm pixel resolution data by integrating the Headwall Nano-Hyperspec 

(Headwall-Photonics, 2018), and a Light Detection and Ranging (LiDAR) 

system onboard an octocopter for forest monitoring. Sankey et al. 

preprocessed the individual hyperspectral tiles in the SpectralView software 

(Headwall-Photonics, 2019), and then manually tied the georectified swaths to 

produce a single mosaic, achieving an RMSE of 0.94 m and 1.1 m in the X and 

Y dimensions, respectively. Recently, a boresight calibration of GNSS/INS has 

been explored by (Habib et al., 2018), in an attempt to directly derive the 

scanner position and orientation by defining the optimal/minimal flight and 

control/tie point configuration.  

 

With an aim of reducing the required ground sampling efforts and the payload 

onboard, some studies have explored photogrammetry-based computer vision 

approaches to determine sensor orientations. (Suomalainen et al., 2014) and 
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(Turner et al., 2017) developed processing workflows that include RGB frame-

based scenes captured simultaneously with the hyperspectral imagery, to 

produce a DSM by using Structure from Motion (SfM) algorithms, and then 

feeding PARGE (Schläpfer et al., 1998) with this high-resolution model, with 

resulting imagery achieving accuracies below 10 cm RMSE. Ramirez-Paredes 

et al. (Ramirez-Paredes et al., 2015) sought to exploit the homographies 

between RGB frames to align line-to-line the hyperspectral data in the frame 

camera image plane, by using a low-cost payload on a radio-controlled 

airplane. Habib et al. (Habib et al., 2017b)proposed an alternative mosaicking 

approach relying on image coregistration algorithms to stitch together 

hyperspectral swaths, which were previously rectified by feeding SpectralView 

with a base-frame DSM, reaching submetric accuracies. Further, computer 

vision coregistration approaches have even been explored as standard video 

stabilization techniques (Chen et al., 2014; Jeon et al., 2017; Shene et al., 

2016) by performing a robust feature detection using Scale-invariant Feature 

Transform (SIFT), Speeded Up Robust Features (SURF), Features from 

Accelerated Segment Test (FAST), and Binary Robust Independent 

Elementary Features (BRIEF) key points between adjacent frames, then 

smoothing the sensor path and finally rendering the stabilized frames of a video. 

 

From the approaches presented above, the semiautomated (Lucieer et al., 

2014; Schläpfer et al., 1998; Suomalainen et al., 2014; Zarco-Tejada et al., 

2014; Zarco-Tejada et al., 2013) solutions require additional efforts, including 

collection of a high number of GCPs and manually detecting matching points to 

produce decimeter accurate georectified mosaics. In contrast, previous 
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semiautomated (Habib et al., 2017b; Ramirez-Paredes et al., 2015) methods 

identify pairs of points based on image coregistration algorithms, with the 

limitations involving manually identifying geometrical features (Hruska et al., 

2012), being compute-intense, and not exceeding the accuracies achieved by 

manually-based approaches. In general, all of the described techniques 

highlight the necessity for further research towards highly accurate, fast and 

fully automated methods that provide a balance between sensors payload, 

ancillary field data needs, and computational efficiency. An additional challenge 

is the massive volume of UAV-based hyperspectral data cubes (on the order of 

terabytes) that are now being collected (Anand et al., 2017), particularly for 

those studies where millimeter scales may be required (i.e., phenotyping 

investigations)(Shi et al., 2016). All of these factors highlight the need for 

speeding up geo-processing to achieve highly accurate hyperspectral imagery 

while optimizing the data collection demands. 

 

In view of the above, the goal of this research was to conduct a fully automated 

workflow to produce highly accurate georectified UAV-based hyperspectral 

mosaics collected by push-broom scanners and to optimize the geoprocessing 

time by adopting an efficient computing coregistration strategy, requiring a 

small number of GCPs. UAV-based hyperspectral scans and RGB scenes from 

two different experiments were used to assess the applicability of the proposed 

workflow, which follows the five stages of image coregistration process 

between individual hyperspectral scans and an RGB frame-based orthophoto 

(Hassaballah et al., 2016), including: (i) feature detection and description, (ii) 

feature matching, (iii) inlier selection, (iv) derivation of a transformation function, 
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and (v) image mosaicking. RGB frame-based orthophotos were used as a 

reference to georectify preprocessed hyperspectral swaths by implementing a 

parallelized routine of feature detector functions that find the corresponding 

points between them. The Speeded Up Robust Features (SURF) (Bay et al., 

2008,) matching algorithm was integrated with the Maximum Likelihood 

Estimation SAmple and Consensus (MLSAC)(Torr & Zisserman, 2000), 

estimator method to automate the coregistration processing. Accordingly, 

individual geographical transformations per swath were estimated, and the 

georectified strips were mosaicked. The computational robustness of the 

approach was evaluated by timing each step-process, and the spatial accuracy 

was assessed by determining standard accuracy metrics such as root mean 

square error (RMSE), mean absolute error (MAE), with the relative positional 

accuracy determined at the 95% confidence level. The proposed methodology 

provides a novel solution to expedite one of the most costly postprocessing 

stages of UAV-based hyperspectral remote sensing for push-broom sensors, 

implementing a simplified coregistration strategy and achieving high positional 

accurate results. 

 

2.3 Materials and methods 

2.3.1 Study area and experimental design  

Data were collected from two experimental facilities in Saudi Arabia (Figure 

2.1). The first dataset supports a phenotyping study undertaken over a wild 

tomato crop at the King Abdulaziz University experimental farm, located at 

Hada Al-Sham, approximately 60 km east of Jeddah (Johansen et al., 2019). 
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The site is characterized by a tropical arid climate (Torr & Zisserman, 2000) 

with an annual rainfall below 100 mm and is situated in a valley at an elevation 

of approximately 250 m above sea-level, with a predominantly sandy loam soil 

type. Four campaigns were conducted during the winter season from 

November 2017 to the end of January 2018, when the average air temperature 

(during UAV flight) was between 10 and 35 °C. The second study site was a 

commercial date palm plantation near Al-Kharj (Aaftab et al., 2018), a city 

approximately 200 km southeast of Riyadh. The site is located in a desert 

depression approximately 1300 m above sea level, it has an average annual 

rainfall of 51 mm and has sandy desert soils that are irrigated by a natural spring 

(Aly et al., 2016). A single campaign was undertaken during May 2018, when 

average daytime temperatures reached highs of around 33 °C. Both sites 

present quite different crop types and geographic extents, which allows an 

assessment of the transferability of the proposed georectification approach. For 

instance, a square area of 80 m x 80 m was established for the tomato 

experiment, comprising four fields with rows aligned along the north-east 

direction at approximately 2 m spacing. For the date plantation, a total area of 

approximately 8.7 hectares (270 m x 320 m) was overflown following a north-

east direction, with a total of 1300 individual palms (equally spaced at 8 m 

intervals) captured. 
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Figure 2.1 Study site locations, including (left) the tomato experiment at the Hada Al-Sham 
experimental facility (Lat. = 21.797°, Long. = 39.725°), approximately 60 km east of Jeddah, 
and (right) the commercial date farm near Al Kharj (Lat. = 24.231°, Long. = 47.633°), 
approximately 200 km southeast of Riyadh. 

 

2.3.2 Unmannered aerial vehicles and sensor package  

Two separate UAV-based remote sensing systems were used for data 

collection (Figure 2.2). Hyperspectral imagery was collected using a DJI 

Matrice 600 (M600) hexacopter (DJI, 2018) coupled with a Ronin-MX gimbal to 

reduce flight dynamic effects. The flight platform housed a Headwall Nano-

Hyperspec (Headwall-Photonics, 2018) push-broom camera, with 12 mm lens 

and a horizontal field of view (FOV) of 21.1°, which gathered radiometric data 

in the 400–1000 nm range across 272 continuous bands and with 6 nm FWHM. 

Two GNSS antennas were mounted on the upper plate of the UAV, with one 

for the aircraft navigation and another for the hyperspectral camera. An Xsens 

inertial measurement unit (IMU) was paired with the camera and the GNSS 

antenna, to monitor the roll, pitch, and yaw motions. The total payload of the 

M600 was 3.65 kg, which constrains the flight time to approximately 20 min. 

Ancillary RGB imagery was captured using a DJI Matrice 100 (M100) 

quadcopter(DJI, 2019), which is paired with a 3-axis gimbal to keep the camera 

steady in the air, an IMU built in the main controller, and a single GNSS 

navigation antenna. An on-board Exmor CMOS Zenmuse X3 frame camera 
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(DJI, 2017), with 20 mm optical lens and diagonal FOV of 94°, collected RGB 

data across a single spectral range (400–700 nm). The total payload of the 

M100 was 0.25 kg, constraining the flight time to approximately 20 minutes. 

 

 

Figure 2.2 The DJI Matrice 600 and 100 unmanned aerial vehicle (UAV) systems, sensors, and 
payload used for data collection over the experimental sites. The Headwall Nano-Hyperspec 
collects surface radiance in the wavelength range from 400–1000 nm across 270 continuous 
bands. The Zenmuse X3 camera collects RGB radiance in the visible spectral range across a 
single 400–700 nm spectral range. 

 

2.3.3 Flight planning  

Prior to each field campaign, a flight plan was designed depending on flight 

altitude, spatial resolution requirement, area to cover, overlap percentage 

between swaths, and lighting conditions (Figure 2.3). Additional preflight 

aspects to consider included planning for optimal atmospherical conditions. 

Morning hours close to solar noon under clear sky were preferred to avoid wind 

and thermals generated by environmental heating. The Universal Ground 

Control Station (UGCS, 2018) desktop application was used to construct all 

UAV flight plans. For the tomatoes experiment, the hyperspectral swaths were 

collected using the M600, with 30% sidelap at a speed of 1 m/s and a height of 

16 m, scanning at a frame rate of 100 fps to ensure square pixels. A total of 



 

 

53 

 

four flights per campaign were required to collect 56 swaths, with a ground 

sampling distance (GSD) of 0.007 m. RGB data was captured with a 78% 

along-track overlap and 82% sidelap at a speed of 2 m/s and a height of 13 m, 

with a frame frequency of 0.33 fps. A total of 196 frames with a 0.005 m pixel 

size fully covered the area. For the date palms plantation, a total of 16 

hyperspectral strips were scanned, reaching a GSD of 0.06 m with 40% sidelap, 

flying at a speed of 5 m/s and a height of 80 m above the ground, scanning at 

a frame rate of 100 fps. In addition, 184 RGB frames at a 0.04 m spatial 

resolution were captured with the M100, with an 82% along-track overlap and 

87% sidelap, flying at a speed of 5 m/s and a height of 80 m. More detailed 

information on the specific flight configurations is provided in Table 2.1.  

 

Figure 2.3 Flight plans and mission areas for (a) the experimental crop of tomatoes, where one 
flight per quarter of the field was required to cover the total area; and (b) the commercial 
plantation of date palms, which was covered by a single flight. 

 

2.3.4 Ground data collection  

The GNSS receivers fitted on the UAVs record the geographical location of the 

cameras with decimeter-level accuracy when an image is taken. However, this 

low geometric accuracy could affect the quality of the imagery and 
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consequently the products derived from them. In order to assure the highest 

possible geometric accuracy, GCPs were spaced throughout each area of 

interest, surveying their center coordinates using a Leica Viva GS15 rover 

(Leica, 2019) and a RTK Leica AS10 GNSS base station (Leica, 2018). All raw 

data from the base station and rover were postprocessed using Leica Geo 

Office package(Leica, 2017). For the tomatoes field, five checkerboards of 

dimension 1 m x 1 m were used as GCPs, with four placed in each corner and 

one in the center of the field. For the date palms, three circular targets of 0.5 m 

diameter were spaced throughout the area of interest. 

 

Table 2.1 Flights planning and collected data details per campaign. 

 
 

2.4 Methods  

Raw remote sensing imagery is comprised of row and column coordinates 

pairs, i.e., pixels do not have preassociated geographic coordinates. 

Unprocessed images present geometric and location distortions that must be 

corrected through a process known as georectification. This process combines 

two key steps including rectification, whereby pixels are transformed to a 

common plane that corrects for geometric distortions; and georeferencing, 

where real-world coordinates are assigned to each pixel of the image. For an 

Crop 
Area 
(ha) 

Year / 
DOY 

RGB 
frames 

Hyperspectral 
swaths per 

day 

Hyperspectral 
data size 

(Gigabytes) 

Ground 
Sampling 
Distance 
GSD (m) 

GCPs 

Tomato 0.64 

2017 / 320 

196 56 

232.8 

0.007 5 2017 / 334 220.4 
2017 / 340 202.2 
2018 / 007 274.7 

Date 
Palms 

8.70 2018 / 087 184 16 77 0.06 3 
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accurate georectification, an automated coregistration methodology between 

preprocessed hyperspectral scans and RGB orthorectified images is proposed 

herein (Figure 2.4). Under this approach, the pixel geometry and location in 

each data-cube is defined by its corresponding pixel in the RGB base image, 

which has been previously orthorectified using a digital elevation model 

reconstructed from a Structure from Motion technique (SfM)(Turner et al., 

2012). The automated georectification workflow was fully coded in Matlab and 

performed under a parallel computing scheme to speed up data processing. 

The desktop analysis employed an Intel Xeon E5-2680 v2 processor, 20 cores 

@2.8 GHz, and 200 GB RAM. The following sections describe the proposed 

methodological workflow to rectify, georeference, and ultimately to mosaic 

UAV-based hyperspectral imagery. 
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Figure 2.4 The workflow of the proposed methodology is divided into two main stages, 
preprocessing and automated processing. The preprocessing corresponds to raw data 
preparation before going through the georectification and mosaicking routine. The automated 
processing starts with an RGB subsampling from the hyperspectral swaths to calculate the 
illuminance image, followed by the coregistration strategy phase required to perform the 
geographical transformation by swath. Then, the set of georectified strips are merged together 
to retrieve the final hyperspectral mosaic. 
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2.4.1 RGB imagery orthorectification 

The RGB data was processed in Agisoft PhotoScan Professional 1.3 (Agisoft, 

2018) to produce a georeferenced orthomosaic for each experimental 

campaign. The digital photogrammetric routine implemented in Photoscan 

(Verhoeven, 2011) includes several stages (Ziliani et al., 2018) based on SfM 

and computer vision algorithms. First, the frame camera positions measured by 

the GNSS/IMU sensors onboard the M100 aircraft and the set of matching 

points generated between overlapping images were used in a bundle 

adjustment to perform the imagery alignment. The default number of key and 

tie points, 40,000 and 4,000 pairs, respectively, were used to retrieve an initial 

cloud of matches. Then, the external and internal orientations of the frame 

camera were estimated. Based on the camera positions and a minimum of 

three GCPs manually identified, a dense cloud of georeferenced 3D points was 

generated and interpolated over the area to produce a digital elevation model 

(Fernandez et al.) and an RGB orthomosaic. Ultra-high accuracy and moderate 

depth filtering options were set to discriminate most of the outlier points and 

retrieve the dense cloud. Because the GSD reached by the orthomosaics was 

smaller than the hyperspectral imagery GSD (Table 2.1), the orthomosaics 

were resampled to the hyperspectral pixel size by applying a bilinear 

interpolation, where the output pixel value is estimated by averaging the four 

surrounding pixels. 

 

2.4.2 Raw hyperspectral data preprocessing  

Nonsystematic distortions are common in airborne sensing. For instance, 

turbulence and eddy-induced effects during the flight can cause scale and 
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location errors, since the sensor direction and height above ground level varies 

while scanning. Initial preprocessing of the raw hyperspectral swaths was 

performed to correct for such distortions by using a parametric model 

developed by Headwall (Headwall-Photonics, 2019). Under this approach, the 

difference (θ) between the effective view angle vector (V) and the theoretic view 

angle vector (Vt) is calculated by modeling the three-dimensional movements 

of the aircraft, i.e.,  roll (ω), pitch (φ), and yaw (κ), which are recorded by the 

onboard IMU (Figure 2.5). This formulation considers adjustment features such 

as GPS coordinates, timestamps, IMU offsets, the field of view (FOV), lens 

parameters, and sensor orientation, to reconstruct the scanning geometry line 

by line and to compose each individual swath. However, this reconstruction 

approach is limited by the GPS/IMU accuracy leading to geometric errors in the 

preprocessed scans (Hruska et al., 2012), hence requiring additional 

processing. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 2.5 Three-dimensional range of motion of the UAV, where ω, φ, κ denote roll, pitch, and 
yaw angles, respectively. θ represents the difference between the theoretical view angle vector 
Vt and the effective look angle vector V. 
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2.4.3 Luminance Retrieval  

Grayscale images are preferred over colored ones in order to simplify the image 

processing complexity, by transforming an RGB color image into a single 

channel image. Moreover, grayscale images contain the brightness, contrast, 

edges, shapes, contours, textures, perspective, and shadows of the original 

RGB data, easing the matching process between two scenes. From the variety 

of grayscale approaches, luminance images are considered as the best option 

to identify potential matching points in scenes composed of homogenous 

textures (Kanan & Cottrell, 2012). In this study, the RGB mosaic was converted 

to a grayscale luminance image (Lrgb) by eliminating the saturation and hue 

information, while retaining the original luminance, using the formulation 

defined in the international standard National Television System Committee 

(NTSC) (ITU, 2018) (Eqn. 2.1). Contrast enhancement of the luminance image 

was then performed using a histogram equalization process. 

 

L =  0.299R +  0.587G +  0.114B , (2.1)

 

A luminance image was also retrieved via an RGB composite from each 

preprocessed hyperspectral swath (Lhyp) by extracting the central wavelength 

red, green, and blue bands (670nm, 540nm, and 480nm). 

 

2.4.4 Extraction of matching points by SURF 

An implementation of the Speed Up Robust Features (SURF) (Bay et al., 

2008,)computer vision technique was used to align the Lhyp based on 

corresponding points from the Lrgb. SURF is implemented since it is widely used 
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as a scale-invariant feature detector method that is able to retrieve both 

matching points position and their correspondent descriptors. SURF performs 

the matching points (or features detection) by following three main stages: (i) 

extraction, (ii) description, and (iii) matching. Edges, corners, blobs, ridges, or 

any other specific pattern is considered as a feature, with the only condition to 

be unique, easily tracked, and comparable. First, the locations of key points 

that are likely to be found in both images are extracted by convolving two-

dimensional box Gaussian smoothing filters, vertically and horizontally, with the 

integral images of Lhyp and Lrgb, which are an averaged version of the luminance 

L commonly used to speed up the convolution calculation. Thus, feature 

orientations are defined by the vector sum of vertical and horizontal responses 

for the neighborhood around each point. This process is done in parallel for 

different scales by using filters with different sizes, increasing the chances to 

detect both smaller and larger sized features, and identifying in this way, scale 

and rotation invariant key points such as corners, blobs, and T-junctions. The 

results of these convolutions are integrated into a Hessian matrix per each 

point. Then, a new neighborhood window is oriented along the dominant 

direction of each point, and by dividing each window into 4 x 4 sub-regions, 

horizontal (Σdx) and vertical (Σdy) Haar wavelet responses are again taken to 

form a vector descriptor V (Eqn. 2.2), which describes the luminance (L) 

distribution and polarity (Σ|dx|, Σ|dy|) of the surrounding pixels. Finally, the sign 

(- , +) of the Hessian matrix trace is used to classify bright features on dark 

backgrounds and dark features on a bright background. Only features from both 

images, Lrgb and Lhyp, with identical sign are compared, and the Euclidian 
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distance between their descriptor vectors is calculated to select the set of 

matching points. 

 

𝑉 =  (Σdx, Σdy, Σ|dx|, Σ|dy|) , (2.2)

 

2.4.5 Selection of true matching points by MLSAC 

The set of paired points obtained by SURF can contain both true and false 

feature matches, affecting the accuracy of the fitted geographical 

transformation. To address this, a parameter estimation approach is required, 

that adjusts the best transformation model from outlier-corrupted data. Here, 

we use the Maximum Likelihood Sample Consensus (MLSAC) (Torr & 

Zisserman, 2000) algorithm, which is an adaptation of the widely applied 

Random Sample Consensus (RANSAC) technique. RANSAC (Fischler & 

Bolles, 1981) is a hypothesis-verify iterative method used in coregistration 

applications to estimate model (projective, affine, etc.) parameters that best fit 

the set of paired points (true and false) retrieved by a feature detector (SIFT, 

SURF, etc.). It proceeds by repeatedly generating and testing solutions 

estimated from a minimal random set of matches gathered from the total paired 

points. The best solution relies on the highest number of true matches (inliers), 

with an error below a user-defined threshold. In contrast, MLSAC adopts the 

same iterative strategy to generate solutions from random samples of matches, 

but chooses the solution that minimizes the error, rather than just looking for 

the maximum number of inliers. The following three points motivate that use of 

MLSAC herein: 
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• MLSAC improves upon RANSAC by assuming the distance between 

paired points follows a Gaussian distribution, with a zero-mean error and a 

uniform standard deviation. 

• A maximum likelihood cost function is evaluated in terms of finding the 

solution that minimizes the error. 

• Since the optimal solution does not rely on a defined number of inliers, 

MLSAC is well suited to estimating complex geometric transformations that 

exist between images captured under different viewing geometries, where just 

a few true matches could be retrieved. 

 

MLSAC workflow consists of five general stages. First, a randomly sampled set 

of matching points is considered to fit an initial transformation model, using the 

remaining points for testing. Then, each individual matching pair is evaluated 

by using the fitted model to estimate the distance error in pixels between the 

point in Lrgb and the projection of the corresponding point from Lhyp. The 

algorithm classifies as inliers those points whose distance error is below a 

threshold of N pixels and counts the total number of inlier candidates. The N 

limit depends on the aimed positional accuracy of the results, which in this case 

was set to a maximum of 1.5 pixels. Then, the likelihood of the probability 

distribution function of the errors is maximized, and the above process is 

repeated i times (Eqn. 2.3) to evaluate a statistically significant number of 

subsamples. These i iterations depend on the randomly sampled subset size 

(m), the percentage of outliers (w) allowed, and the probability of selecting a 

good subsample (q). Generally, a probability q = 99% is desired, considering w 

= 50% as the worst case scenario, and m = 3, or m = 4 when using an affine or 
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projective transformation, respectively. After the loop is finished, the 

transformation model that maximizes the likelihood of the cost function with a 

99% confidence of finding the maximum number of inliers is selected as the 

best solution. 

𝑖 =  
( )

( )
, (2.3)

 

2.4.6 Geographical transformation and mosaicking  

Affine transformation, a special case of the projective approach, was used to 

convert the Lhyp units to real-world coordinates, based on the Lrgb mosaic, since 

it is one of the most flexible transformation methods (Hartley & Zisserman, 

2004) (Eqn. 2.4). This transformation model requires a minimum of three pairs 

of matching points to translate, scale, shear, and rotate an image while 

preserving parallelism. Generally, the greater the number of true matching 

pairs, the higher the accuracy of the model. 

 

𝑥′
𝑦′
1

=  
𝑥
𝑦
1

𝑎 𝑎 𝑡
𝑎 𝑎 𝑡

0 0 1

, 
(2.4)

 

 

Where 𝑥′ and 𝑦′ are the coordinates of the transformed point, 𝑥 and 𝑦 are the 

original coordinates of the point, 𝑎 , 𝑎 , 𝑎 , and 𝑎  define linear transformations 

composed by scale, shear, and rotation factors, and 𝑡  and 𝑡  specify the 

displacement or translation along the 𝑋 and 𝑌 axis, respectively. 

 

By running the routines previously described individual geographic 

transformation solutions per swath were determined and operated band by 
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band. Finally, the hyperspectral mosaic is produced by merging one by one 

these multiple georectified swaths into a single mosaic per band and stacking 

together these individual mosaics into a raster data cube, where the output pixel 

values for the overlapping areas are determined by the value from the last 

swath added into the mosaic. 

 

2.4.7 Georeferencing assessment  

The relative positional accuracy between each georectified hyperspectral 

dataset and the correspondent RGB mosaic was determined by calculating the 

root mean square error (RMSE), the mean absolute error (MAE), and the 

accuracy at the 95% confidence limit. The RMSE (Eqn. 2.5) is determined by 

calculating the Euclidean distance between the rectified coordinates in the 

hyperspectral mosaic and the reference coordinates in the RGB mosaic. The 

closer the RMSE values are to zero, the more accurate the georectification. In 

this case, the reference coordinates were prespecified check points from each 

of the imagery. Check points are identifiable features in both the reference RGB 

image and the hyperspectral mosaic, whose locations are used to quantitatively 

assess the positional quality of the georectified data cube. To compute the 

RMSE, at least 20 well-defined checkpoints are used per mosaic, making sure 

that 25% are well distributed in each of the four quadrants of the image of 

interest (for the tomato experiment). A total of 52 (tomato) and 25 (date 

plantation) checkpoints were randomly spread over each dataset. 

 

𝑅𝑀𝑆𝐸 =   ∑ 𝑥 − 𝑥 + 𝑦 −  𝑦 , (2.5)
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The MAE (Sammut & Webb, 2011) (Eqn. 2.6) measures the average magnitude 

of the Euclidean distance in the set of checkpoints, where all individual 

differences have equal weight. 

 

𝑀𝐴𝐸 =  
∑ ( )  

, 
(2.6)

 

 

According to the National Standard for Spatial Data Accuracy (NSSDA) (FGDC, 

2018; ISO, 2018), the relative horizontal positional accuracy is reported in 

meters at the 95% confidence level (Eqn. 2.9) and is determined in two 

separate components: x (Eqn. 2.7) and y (Eqn. 2.8). The value of 1.22385 in 

the accuracy expression in (Eqn. 2.9), is derived from the Chi-square statistical 

distribution for 2 degrees of freedom and a lower tail area of 0.05. In other 

words, 95% of the positions in the hyperspectral mosaic will have an error with 

respect to the RGB mosaic position that is equal to, or smaller than, the 

reported accuracy value. 

 

𝑅𝑀𝑆𝐸 =    ∑ (𝑥 − 𝑥 )   , (2.7)

 

𝑅𝑀𝑆𝐸 =    ∑ (𝑦 − 𝑦 )   , 
(2.8)

 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 % =  1.22385 ×  𝑅𝑀𝑆𝐸 + 𝑅𝑀𝑆𝐸    , (2.9)
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In addition, the performance of the proposed automated method was evaluated 

with respect to a semiautomated approach by manually selecting matching 

points between the hyperspectral swaths and the RGB image. The number of 

good matches (or inliers) retrieved by the automated workflow was used as a 

reference to set the number of point pairs to be identified by hand and to fit an 

affine transformation per swath. The aligned strips were mosaicked together, 

and the above-mentioned positional accuracy metrics were estimated to 

compare the performance of both methods. 

 

2.5 Experimental results and analysis  

The UAV-based hyperspectral imagery for both field experiments was 

georectified and mosaicked using the methodology described above. In this 

section, the efficiency of the automated coregistration routine between 

hyperspectral data and RGB frame-based imagery is evaluated, together with 

a qualitative and quantitative assessment of the accuracy reached for the 

georectified high spatial and spectral resolution mosaics. An analysis of the 

computational cost of the automated process is also undertaken. 

 

2.5.1 RGB frame-based orthomosaic  

As described in the previous section, the RGB orthomosaics derived from the 

collected frame images were processed using a SfM package and GCPs. All 

the mosaics over the tomatoes field (Figure 2.6a) were resampled from 0.005 

to 0.007 m, with a rectification error of 0.002 m. Similarly, the native resolution 

of the date palms mosaic (Figure 2.6b) was resized from 0.034 to 0.060 m, with 
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an RMSE error of 0.043 m. From visual inspection of these images, in general 

a good alignment was reached by the RGB mosaics, well preserving sizes and 

shapes. Figure 2.6a shows how some linear features are continuous, such as 

irrigation pipes, defined objects like individual plants are free of gaps or blur 

effects, and contrasting tones and textures are visible in the bare soil areas. 

From Figure 2.6b, road edges are continuous and well defined, date palms 

keep their characteristic shapes, and soil areas preserve smooth textures and 

contrasting tones. 

 
Figure 2.6 (a) Multitemporal RGB orthomosaics over the tomatoes field and close-ups of one 
of the quarters of the total area showing the good alignment and high spatial resolution 
achieved; (b) RGB orthomosaic and close-up over the date palms plantation. 

 

2.5.2 Efficiency of the automated coregistration routine  

The most important steps in the coregistration processing are the extraction 

and selection of common features between the RGB reference image and each 

preprocessed hyperspectral swath. Under the proposed methodology, SURF 

was used to extract a set of matching points, which were purged of false 
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positives or outlier pairs by using the MLSAC model. The efficiency of these 

combined routines relies on the number of inliers retrieved to fit the best affine 

transformation function, to align each swath to the RGB mosaic. The higher the 

number of inliers, the better the fitting of the transformation model. Table 2.2 

presents the number of features detected in the RGB mosaics and the average 

detected per swath, together with the matches identified by SURF, and the total 

inliers selected by MLSAC. It is evident how the features retrieval varies from 

one flight to another, since this process is performed by using luminance 

images, which in turn vary with the illumination and surface conditions. 

Although a large number of features were extracted, from 10K in the 

hyperspectral data to 300K in the RGB approximately, only few matches were 

retrieved, between 505 and 951 pairs in the case of the tomato crop, and 103 

pairs in the date palms dataset. This performance is explained not only by 

different illumination conditions but also when coregistering data from different 

sensors (Sedaghat & Ebadi, 2015). In the case of the tomato field experiments, 

the percentage of points pairs detected as inliers from the total of matches 

varies between 65% and 80%. An average of 26% of matches was selected as 

inliers for the date palms swaths. In both cases, the number of inliers was 

sufficient to fit the transformation models by swath and to ultimately stitch the 

hyperspectral mosaics. 
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Table 2.2 Features, matches, and inliers detected per flight. 

Crop 
Year / 
DOY 

RGB 
features 

Metrics accounting all swaths per flight 

Hyperspectral 
features 

Matching points Average 
Inliers 

Inliers  
/ Matching 

Min. Aver. Max. Min. Aver. Max. (%) 

Tomato 

2017 / 
320 

309461 37135 38667 40199 818 951 1083 757 80 

2017 / 
334 

293013 32817 35161 37505 633 771 908 591 77 

2017 / 
340 

246575 29589 36487 43385 393 505 616 327 65 

2018 / 
007 

301210 36145 36798 37451 520 667 813 477 71 

Date 
Palms 

2018 / 
087 

448156 8963 9750 10537 80 103 125 27 26 

 
 
Both the number of inliers and the distribution of the points along the swaths 

are determinant by the georectification quality. Inliers should be fairly uniform 

and located across the strips in order to avoid local distortions after performing 

the geometric transformation. Figure 2.7 shows some examples of the 

distribution and location of the matching points extracted by SURF, from which 

MLSAC selected the set of inliers. In the case of the tomato crop Figure 2.7a, 

a dense cloud of matches was retrieved, including some outliers that are 

generated when the texture, color, or intensity of the surface are homogeneous, 

thus identifying similar patches between the hyperspectral strip and the RGB 

reference. After MLSAC prunes the false matches (or outliers), a good 

distribution of inliers is achieved.  

Figure 2.7 shows a close-up of an area where some calibration panels and 

GCPs were placed and where a good number of inliers were selected. 

However, the number of matches can decrease when repetitive forms are 

present within the images, i.e., the neighborhood around the features does not 
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vary enough to allow for reliable comparison between both scenes. An example 

of this effect is shown in Figure 2.7b where the crown of the palms represents a 

very homogeneous pattern. In this case, the density of matches is reduced, but 

the extracted inliers are still well distributed across the swath.  

  

Figure 2.7 (a) Matches identified by Speeded-Up Robust Features (SURF) and inliers selected 
by Maximum Likelihood Estimator Sample Consensus (MLSAC) between both the 
hyperspectral strip (Lhyp) and the RGB reference (LRGB) luminance images in the tomatoes field 
on 2017/320; (b) matching and inlier points identified between Lhyp and LRGB in the date 
palms field. 

 

2.5.3 Qualitative Accuracy Assessment  

As part of the accuracy assessment of the results, an evaluation of visual 

factors such as gaps, matches across boundaries, deformations, and patches 

was performed. Figure 2.8 shows a comparison between the preprocessed and 

the georectified multitemporal hyperspectral mosaics for the tomato 
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experiment. As can be seen, the full dataset is free of gaps and patches, and 

the hyperspectral swath borders are dissembled. In the zoomed areas, the 

impact of the automated alignment can be seen on some linear features, such 

as irrigation pipelines, furrows, and fences, which are straight, parallel, or 

continuous across the stitched swaths. Likewise, the shapes and sizes of 

individual plants are well maintained. The high degree of visual consistency 

achieved indicates that the estimated affine transformations were well fitted 

with sufficient and well-distributed corresponding points. 

 

Figure 2.8 Comparison between preprocessed (before) and rectified multitemporal 
hyperspectral data (after). Close-ups of a central area show the good alignment achieved by 
continuous linear features, such as irrigation pipelines and furrows, which were originally shifted 
before performing the georectification. 
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For the case of the date palms experiment, the misalignment between 

preprocessed passes can clearly be seen in Figure 2.10, with overlapping 

distortions of individual palms. After processing, a good fit between the RGB 

reference and the hyperspectral georectified mosaic was reached. The 

matching quality of linear geometries, such as the border of the roadway (Figure 

2.10b), or the continuity of leaflets in the crown of the palms can be observed 

throughout the mosaic. As with the tomato experiment, the collinearity and 

equidistance between individual palms were recovered by the georectification 

process. Particularly noticeable is the good performance of the affine 

transformations at the extreme borders of the swaths, which are usually 

susceptible to deformation when insufficient or poorly distributed stitching 

points are retrieved. While the automated routine produced a lower number of 

matches in this case than for the tomatoes experiment, the set of inliers was 

sufficient to fit a highly accurate transformation model. 
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Figure 2.9 (a) Box-plot of the spatial error distribution for the tomatoes case study; (b–e) false 
infrared composition of the georectified hyperspectral mosaic of the tomato experimental field 
and positional error for 52 check points. 
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2.5.4 Spatial accuracy  

Although the visual inspection of the hyperspectral mosaics provides an 

important qualitative indication of the spatial accuracy, quantifying statistical 

metrics such as the mean absolute error (MAE), root square mean error 

(RMSE), and relative positional accuracy (Table 2.3) is necessary to develop 

confidence in the approach.  

 

Table 2.3 Relative positional accuracy assessment of the automated georectification. 

Crop 
Image 

(Year/DOY) 
Check 
Points 

Min. 
Error 
(m) 

Max. 
Error 
(m) 

MAE 
(m) 

RMSE 
(m) 

Accuracy 
95% (m) 

# 
Check 
points 
whose 
Error 

> MAE 

Tomato 

2017 / 320 52 0.005 0.151 0.044 0.054 0.092 3 

2017 / 334 52 0.001 0.214 0.046 0.063 0.107 2 

2017 / 340 52 0.003 0.289 0.060 0.083 0.137 1 

2018 / 007 52 0.003 0.224 0.056 0.074 0.126 3 

Date 
Palms 

Automated 
25 

0.001 0.222 0.095 0.113 0.188 1 
Semi-

automated 
0.032 0.275 0.096 0.102 0.167 3 

 

 

Figure 2.9 illustrates the checkpoints evaluation for the hyperspectral data 

series in the tomato experiment. The error is randomly distributed over the 

mosaics, reaching an overall MAE between 6 and 8 times the ground sampling 

distance (which represents around 5 cm) and an RMSE at the level of 7 to 11 

times GSD (corresponding to approximately 6 cm). Figure 2.10 shows how the 

error is distributed throughout the checkpoints over the date palms crop. In this 

case, the MAE and RMSE were at the level of 1- and 1.5-times GSD, which 

equates to 6 and 9 cm, respectively. However, errors for some of the mosaics 

are more variable than others, which is the case for the last two datasets in the 

tomato experiment and single capture for the date palm experiment, showing a 
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direct correlation between the achieved error and the percentage of inliers 

selected from the total matching points, i.e., the more inliers that are detected 

(Table 2.2), the lower the RMSE. 

 

 

Figure 2.10 (a) Comparison of the hyperspectral mosaic before and after the automated 
georectification; (b) false infrared composition of the georectified hyperspectral mosaic 
overlapping the RGB base and positional error for 25 checkpoints. Some close-up (right) of two 
areas show the alignment of a road and the palm crowns. 

 
The relative accuracy was tested by comparing the X (east) and Y (north) 

coordinates of the checkpoints with their correspondent coordinates from the 

RGB mosaic, which is considered an independent source of higher accuracy. 

This metric is reported in ground distances to directly compare the results, 

considering their different spatial resolutions. The accuracy achieved in the 

tomato experiments throughout the 52 checkpoints and at a 95% confidence 
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level, varies between 9 and 13 cm (Table 2.3). According to the NSSDA 

standard, when 50 points are tested, the percentage confidence level allows a 

maximum of three checkpoints to be above the MAE. This criterion is met for 

all of the mosaics in the tomato experiments, as shown in Table 2.3 (last 

column) and Figure 2.9 (red points). In the case of the date palm experiment, 

the accuracy reached throughout the 25 checkpoints at a 95% confidence level, 

was 18 cm. Following the NSSDA standard for >20 tested points, only one is 

allowed to be above the MAE, which is a condition achieved by the resulting 

mosaic (see Figure 2.10, red points). 

 

An additional spatial quality assessment for the date experiment was performed 

by comparing a semiautomated georectification with the automated method 

proposed herein. To do this, matching points between each scanned swath and 

the RGB-frame reference were manually identified, with a total of 27 stitching 

points per swath selected (as this number corresponds with the average of 

inliers retrieved per swath by the automated method; see Table 2.2. A 

polynomial affine transformation was performed using these points, achieving 

an RMSE of 0.102 m, an MAE of 0.096 m, and an accuracy of 0.167 m at a 

95% confidence level. Figure 2.9d,e show the error distribution of the 

checkpoints achieved for both methods. As anticipated, the error is smaller and 

more homogenous across the manually rectified mosaic compared to the 

automated effort, although the difference in spatial accuracy achieved is around 

1 cm.  
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2.5.5 Processing efficiency  

Given that the proposed approach can achieve spatial accuracies comparable 

with those obtained by manually identifying the matching points, one of the key 

reasons for choosing an automated method will be based on the processing 

time (i.e., it should be faster and as reliable when compared with manual 

approaches). The efficiency of an algorithm is usually expressed in terms of its 

processing time. As such, the computational cost of the proposed automated 

georectification workflow, coded in Matlab, was measured on a per step basis 

to allow an intercomparison of the approaches. Some factors, such as 200 GB 

of RAM memory and 20 processor cores, were set as constant to execute the 

routines. Table 4 compares the timing measurements per dataset for three 

general stages: (i) extraction and selection of matching points, (Uddling et al.) 

geographic transformation, and (iii) mosaicking. The manual coregistration 

performed for the date palms imagery was also timed, with an average of 3 

minutes required to manually identify each of the 27 pairs of matching points 

per swath, from a total of 16 flight lines (i.e., 21.6 hours in total). It is noticeable 

that the time required to execute each stage is correlated with the data size. 

That is, the larger the data set, the longer the processing time. For the 

automated solution, nearly 10% of the processing time is used to extract and 

select the matching points, while another 10% is spent by the geographic 

transformation. The majority of the time, around 80%, is dedicated to stitching 

the strips and stacking the bands together into a single hyperspectral mosaic. 

In contrast, when comparing both approaches (the automated with the 

semiautomated), a difference of 21.3 hours was measured, where 85% of the 

total time was spent by the handmade selection points.  
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Table 2.4 Georectification processing time by stage 

Crop 
Hypers. 
mosaic 

Mosaic 
dimension 

(rows x 
columns) 

Mosaic 
size 

(Giga-
bytes) 

Matching 
points 

extraction 
and 

selection 
(hours) 

Geographic 
transforma- 

tion 
(hours) 

Mosaicki
ng 

time 
(hours) 

Net 
Proce
ssing 
time 

(hours) 

Toma-
toes 

2017/320 
16571 x 
16429 

220 0.6 0.6 5.3 6.5 

2017/334 
16714 x 
16143 

195 0.5 0.6 5.2 6.3 

2017/340 
16571 x 
16000 

170 0.4 0.5 5.2 6.1 

2018/007 
16429 x 
16571 

220 0.6 0.6 5.3 6.5 

Date 
Palms 

Automa-
ted 

8588 x 7758 
17 0.3 

0.4 3.0 
3.7 

Semiauto
mated 

17 21.6 25 

 
 

2.6 Discussion  

A range of semiautomated (Habib et al., 2018; Lucieer et al., 2014; 

Suomalainen et al., 2014; Zarco-Tejada et al., 2014; Zarco-Tejada et al., 2013) 

and fully automated frameworks (Goncalves et al., 2011; Habib et al., 2017b; 

Liu et al., 2017; Ramirez-Paredes et al., 2016) have been explored to georectify 

UAV-based hyperspectral data captured by push-broom cameras. However, 

challenges related to data collection procedures, quality assessment, and 

optimization of algorithms require further investigation to expedite data 

processing and accomplish a standardized positional accuracy of retrieved 

data. These factors, together with the need for processing large volumes of 

image time-series, motivated the development of a simplified, expedited, and 

automated workflow to georectify and mosaic high-spatial-resolution 

hyperspectral images acquired by UAV-based push-broom 

spectroradiometers. To address these challenges, an improved coregistration 

strategy combining SURF feature detector and MLSAC model-fitting algorithm 
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was established to allow robust direct geographic transformation between the 

hyperspectral scans and an RGB reference orthophoto. An additional novel 

aspect of the proposed approach is the fact that high positional accuracies can 

be reached with different percentages of true matches without requiring any 

additional image treatment and with a limited number of GCPs. 

 

Some considerations relevant to the development and execution of the 

proposed methodology must be taken into account to assure an effective 

implementation for multiple applications. For instance, in the data collection 

stage, it is advised to design a flight plan that allows the simultaneous collection 

of coincident hyperspectral and RGB frame-based data. Establishing a 

minimum of requisites, such as atmospheric conditions, side-lap overlaps, flight 

speed and height, frame rate scanning, and FOV allows the capture of both 

datasets under similar illumination conditions and to achieve comparable 

spatial resolutions. However, if different GSD are collected between the RGB 

reference and the hyperspectral dataset, then the RGB dataset should be 

resampled to the hyperspectral imagery resolution, to increase the efficiency of 

the SURF coregistration method. Although SURF is a scale-invariant feature 

detector, it has been shown elsewhere that the algorithm operates considerably 

better when comparing similarly scaled images (Tareen & Saleem, 2018). An 

alternative to managing the scale difference was proposed by (Habib et al., 

2017b), who established a GSD ratio threshold between the spectral scans and 

the RGB reference to constrain the feature detection in SURF. However, our 

study demonstrates that resizing the RGB orthomosaic is enough to retrieve 

hundreds of matches. Another aspect to account for is the flight time, since the 
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coregistration is based on the similarity of the luminance images derived from 

the hyperspectral swaths and the RGB orthophotos. Both datasets should be 

consecutively (or simultaneously) collected in order to avoid significant changes 

in luminance. Theoretically, SURF or any other type of feature 

detector/descriptor algorithm always retrieves interest points from an image 

unless it is a constant matrix whose pixel values are all the same (Tareen & 

Saleem, 2018). However, the number of features detected can be reduced by 

the homogeneity of the scene, since the detection is based on local texture 

analysis. For instance, a poor number of SURF points could be retrieved for an 

image covering a highly homogeneous and flat desert area. In such a case, the 

number of true matches between two scenes could be null if these were 

captured under slightly different illumination conditions, hence requiring 

ancillary GCPs. Although SURF is also robust under invariant illumination 

conditions (Bay et al., 2008), large differences between the images to 

coregister (e.g., shadows or new elements placed on the ground) can reduce 

the number of matches and the georectification quality. Considering such 

factors will not only help to reduce ground-based collection efforts, but it will 

also make the data more reliable. 

 

Amongst the different approaches used to georectify and mosaic UAV-based 

hyperspectral data, those using coregistration methods with RGB scenes from 

frame sensors generally yield better accuracies and products than those based 

on dense networks of ground control points (GCP) and manual stitching (Habib 

et al., 2017b; Lucieer et al., 2014; Sankey et al., 2017) used the same 

hyperspectral camera and IMU reference employed in this study, with a 17 mm 
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lens and onboard a fixed-wing UAV, to capture 5 cm GSD swaths with 50% 

side lap over a crop field. Their approach includes a partial rectification of the 

hyperspectral scans based on a derived DEM from the RGB frame-based 

dataset and a coregistration strategy based on a modified version of SURF. 

Their results achieved relative accuracies between 0.5 to 0.9 m RMSE per 

swath. Considering the comparable date palm study (6 cm GSD) explored here, 

the relative accuracy achieved for our georectified mosaic (0.1 m RMSE) 

improved these results by between 67% and 88%. This improvement relies on 

the use of luminance images and the integration of SURF and MLSAC. In 

previous approaches (Habib et al., 2017b; Schläpfer et al., 1998; Turner et al., 

2012), most establish a comparison between the hyperspectral and the RGB 

data using a single band (often the red band), thereby omitting radiometric 

differences of both sensors. In contrast, luminance images are based on a 

model of a weighted combination of RGB wavelengths that equalizes multiple 

data sources under a standard metric. By comparing the luminance images 

derived from the high spectral and the RGB datasets, SURF is able to retrieve 

thousands of features and hundreds of matching points, as shown in the 

presented study cases. Furthermore, the strategy of selecting true matches (or 

inliers) is essential to fit an affine model, especially when the study site has a 

homogeneous land cover. The alternative proposed by (Habib et al., 2017b) to 

reduce the number of false matches, was by constraining SURF with some 

ratios and ranges in the spatial location, scale, and main orientation, achieving 

a maximum of 350 true matching pairs between consecutive swaths, and fitting 

an affine model base on them. In contrast, our study implements the MLSAC 

routine as a strategy to do both, selecting the best matching points or inliers, 
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and fitting the transformation model per swath through a maximum likelihood of 

the error, where the distance error parameter can be set to be as restrictive as 

required. In the case of the date palms, only an average of 27 inliers per swath 

are retrieved, and these are the best points that assure an affine model with an 

error ≤0.09 m per swath. 

 

One of the aims of automated approaches based purely on computer vision 

and coregistration algorithms is to reduce field and manual work. Ramirez-

Paredes et al. found that navigation and positional data are not required to 

achieve an alignment line-to-line between the RGB reference and the 

hyperspectral strips, demonstrating this by combining a light payload sensing 

system with machine vision algorithms. However, spatial accuracy is the most 

important factor to evaluate in the georectification and mosaicking process. In 

order to quantify and minimize the absolute error, GCPs, check points, and 

onboard navigation sensors are always required. Here, it is demonstrated that 

an automated method that relies on the RGB reference accuracy, requires just 

a few well-distributed GCPs (minimum five), high-precision GNSS base 

stations, and GNSS/IMU sensors integrated with the cameras, to produce high-

quality results. Moreover, recent studies (Oniga et al., 2018) have found that a 

minimum of three GCP/ha are sufficient to assure sub centimeter-level 

horizontal accuracies when operating similar UAV-based RGB systems at 30 

m above the ground approximately. One of our study cases reached absolute 

accuracies of ~1.5 pixels for RGB orthophotos with 5 mm GSD, and relative 

accuracies between two and seven pixels for hyperspectral images with 

millimetric resolution (7 mm). (Turner et al., 2017) conducted a comparative 
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experiment by using the Headwall Micro-Hyperspec onboard a small multi-rotor 

UAV, integrated with a dual frequency GNSS antenna, an IMU, and a machine 

vision camera. Their georectified hyperspectral imagery achieves 2 cm GSD 

with an absolute accuracy of ~2.5 pixels, by sampling 46 GCPs. Although 

having a significant level of difference in accuracy, these results support the 

viability of using an ancillary frame camera and automated coregistration 

methods in combination with a sufficient quantity of GCPs. Ultimately, the 

number of required GCPs will depend on the area, the desired accuracy level, 

the terrain conditions, and the available resources (i.e., equipment, time, 

people). 

 

In terms of computational efficiency, the robustness of the presented workflow 

is demonstrated (Table 2.4) by the parallel implementation of optimized 

algorithms, following the suggestion of (Ramirez-Paredes et al., 2016). 

Although it is not possible to establish a comparison between the automated 

methods in the literature (since these do not report the process timing and 

barely describe the computational resources and data size), some aspects can 

be highlighted regarding the efficiency of some of the adopted algorithms. In 

comparison with the (Habib et al., 2017b) approach, our method performs the 

feature detection routine SURF only once, whereas their workflow executes it 

several times, since there is a feature detection between consecutive swaths, 

and between the swaths and the RGB orthomosaic. Consequently, under that 

approach, the computational effort in the extraction and selection of matching 

points stage could increase considerably as the number of flight lines 

increases. Another comparison can be established with the geocoding package 
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PARGE (Schläpfer et al., 2000; Schläpfer et al., 1998), whose ortho-

rectification strategy relies on using navigation data (GNSS/IMU), ancillary 

sensor information (FOV, scanning frequency), high-resolution digital surface 

models (DSM), and tens of GCPs, in order to fully reconstruct the geometry of 

the scanning process. According to (Schläpfer et al., 2000) the whole 

processing time that PARGE can take to georectify a typical airborne-based 

scan of 512 x 2000 pixels at 200 spectral channels, is within about 4 hours, 

achieving submetric accuracies. Based on this performance, it is expected that 

this approach would require a higher computational and manual effort than the 

approach proposed herein. Likewise, the SpectralView (Headwall-Photonics, 

2019) application provides a quick geometry correction approximation, 

requiring only a coarse resolution DTM and navigation data to produce 

georeferenced scans. Based on the preprocessing stage of our study data, one 

hyperspectral scan of 640 x 2000 pixels with 270 bands can be georeferenced 

through SpectralView within about 1 hour, reaching only a submetric level of 

accuracy and requiring additional processing (like that proposed herein), in 

order to obtain consistently high positional accuracies. 

 

Although the presented case studies show this automated approach is a valid, 

computationally efficient, and accurate alternative to the current variety of 

georectification methods, some improvements would further strengthen the 

performance of the methodology. In terms of the extraction and selection of 

matching points, a further comparative study could explore different possible 

integrations of new image feature detector methods (Tareen & Saleem, 2018) 

(like SURF) with model fitting routines (Choi et al., 2009) (like MLSAC), aiming 
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to strengthen the proposed coregistration strategy. With respect to the spatial 

accuracy assessment of automated georectification methods, as a best 

practice, it is suggested to use international spatial quality control tests (Hartley 

& Zisserman, 2004; Mesas-Carrascosa et al., 2014) that guide how to decide 

when the accuracy of the results is sufficient or not, for a specific study purpose. 

Further work could also involve laying out a dense GCP network over a study 

site to assess the absolute accuracy of the hyperspectral mosaics, especially 

for mountainous terrains or nonflat fields. In addition, regarding the 

computational efficiency of the mosaicking stage, it is advised that efficient 

stitching and band-stacking strategies that can speed up the creation of the 

hyperspectral mosaic data cube be explored. 

 

2.7  Conclusion  

In order to address the postprocessing georectification challenges in a timely 

and computationally efficient manner, a batch processing workflow was 

presented to produce georectified UAV hyperspectral mosaics captured with 

push-broom sensors. The approach uses as a reference an auxiliary 

orthophoto collected with a frame-based camera, which is used to individually 

coregister each spectral scan. SURF and MLSAC computer vision stitching 

algorithms were implemented to produce thousands of matching points 

between the intensity images of the RGB reference and each hyperspectral 

swath. Affine transformations were estimated to obtain free-distortions 

scanlines, and to stitch them together as mosaic data cubes. The number of 

inliers extracted from the matching points is correlated with the accuracy of the 

results, which demonstrates the importance of the SURF coregistration 
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approach to produce high-quality matches, and the consensus algorithm 

MLSAC to select the inlier pairs. The methodology was tested with different 

temporal and high-spatial-resolution scenes collected over two varying 

landscapes. The hyperspectral mosaics with millimeter spatial resolution (7 

mm), achieved centimeter level residual errors, with an RMSE of ~7 cm, MAE 

of ~ 5 cm, and accuracy of ~9 cm at a 95% confidence level. The hyperspectral 

dataset with centimetric spatial resolution (6 cm) achieved decimeter level 

residual errors, with an RMSE of ~11 cm, MAE of ~9 cm, and accuracy of ~18 

cm at a 95% confidence level. In terms of the computational complexity of the 

workflow, SURF and MLSAC provide a robust and highly efficient solution to 

automate the matching points selection process, assuring enough high-quality 

points to perform an affine geometric transformation. Additional tests are 

required for implementing approaches that speed up the mosaicking step, since 

the composition of a mosaic data cube is computationally intensive. Future 

work should also focus on testing the proposed approach over different terrains 

and land surface and atmospheric conditions to further improve the framework. 
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 Machine learning strategies for the retrieval of leaf-
chlophyll dynamics: model choice, sequential versus retraining 
learning, and hyperspectral predictors 
 
 

 

Chapter 3 introduces a customizable machine learning workflow for mapping 

plant traits, such as SPAD-based leaf chlorophyll content, across a crop cycle 

using UAV-based hyperspectral imagery of ultra-high spatial resolution, in-situ 

SPAD observations and field spectra. We guide the application of multiple 

machine learning techniques for plant-phenology description, highlighting the 

importance of modeling temporal dynamics and allowing new insights into 

learning and feature selection strategies to solve prediction problems using 

large spectral, temporal, and spatial datasets – even under limited in-situ data.  

 

The contents of this chapter have been submitted as a research article to the 

journal New Phytologist: Angel, Y., & McCabe, M. F. (2021). Machine learning 

strategies for the retrieval of leaf-chlorophyll dynamics: model choice, 

sequential versus retraining learning, and hyperspectral predictors. 

 
 

3.1 Abstract  

 
Leaf Chlorophyll (Chl) is a key indicator of plant photosynthetic activity. While 

in-situ monitoring is widely used to measure leaf Chl, it is a time-consuming and 

labor-intensive process, limiting representative sampling that allows for detailed 

mapping of Chl variability at field scales or across time. Unmanned aerial 
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vehicles (UAV) coupled with hyperspectral cameras provide a highly flexible 

platform for observing agricultural systems, overcoming this spatio-temporal 

sampling constraint. However, an effective means of inferring and translating 

point-to-field scale relationships is still required. Here we evaluate a customized 

machine learning workflow for the retrieval of multi-temporal leaf Chl levels, 

combining sub-centimeter resolution UAV-hyperspectral imagery (400-1000 

nm) with leaf-level reflectance spectra (350-2500 nm) and Soil-Plant Analysis 

Development (SPAD) measurements. The study is performed within a 

phenotyping experiment designed to monitor wild tomato plants across five 

different development stages. While machine learning allows for exploring 

connections between ground-truth and spectrally derived metrics, there is still 

much that is unknown about capturing temporal correlations, selecting relevant 

predictors, and retrieving accurate results under different conditions. Focusing 

on a number of unique experiments, we undertake a comprehensive 

assessment to evaluate the robustness and accuracy of multiple machine 

learning models. These experiments included: 1) exploring sequential vs. 

retraining learning; 2) comparing insights gained from using 272 individual 

spectral bands, 60 pigment-based vegetation indices (VIs), and a subset of 145 

bands used to estimate the VIs; and 3) an assessment of six regression 

methods (linear, partial-least-square regression; PLSR, decision trees, support 

vector, ensemble trees, and Gaussian process; GPR), including different 

kernels. To assess model performance, the goodness-of-fit (R2) and accuracy 

metrics (MAE, RMSE) were determined by using a training/testing subset and 

a validation subset of the sampled data, respectively. A comparative analysis 

between retrievals and validation subset distributions informed on a particular 
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models ability to capture Chl temporal variability through SPAD levels. An 

examination of feature importance was also performed for random forest and 

squared exponential GPR (GPR-SE) against PLSR. Results show that: (a) the 

retraining strategy improved the ability of most of the approaches to model 

SPAD-based Chl dynamics through time; (b) using VI predictors slightly 

improved the R2 (e.g., from 0.65 to 0.68 units for random forest and from 0.59 

to 0.74 units for GPR) and accuracy (e.g., MAE and RMSE differences of up to 

2 SPAD units) in specific algorithms; (c) the PLSR, random forest, and GPR-

SE, provided the most accurate fits; and (d) there was strong overlap between 

the importance features identified in the band-based and VI-based analyses 

(i.e. identified bands were also elements of the identified VIs). Overall, while 

equally good performance was obtained using either PLSR, GPR-SE or 

random forest, improved results were generally obtained when using these with 

retraining learning and VI predictors. Applying these results, high quality 

spatially distributed and multi-temporal SPAD-based chlorophyll maps were 

retrieved at a pixel resolution of 7 mm. 

3.2 Introduction  

Chlorophyll (Chl) is the primary pigment that drives the exchange of energy 

required for sugar production through photosynthesis, which ultimately sustains 

life, produces oxygen, and regulates CO2 for the entire planet. From the 

interaction of visible solar radiation with leaves (approx. 400-750 nm), around 

85% is absorbed by leaf pigments to fuel the photosynthesis processes, 10% 

is reflected, 2% is emitted as fluorescence, and the rest is transmitted (Lambers 

& Oliveira, 2019). However, this balance can vary depending on the chlorophyll 

content and concentration throughout the plant developmental phases, which 
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itself is subject to environmental factors that influence physiological responses 

like growth, structural changes, and stress. The importance of Chl 

quantification, beyond its inherent ecosystem value, is widely documented in 

the agricultural literature, with efforts exploring its role in underpinning gross 

primary productivity (Houborg et al., 2015), leaf nitrogen monitoring 

(Schlemmer et al., 2013), assessing health status (López-López et al., 2016), 

supporting fertilization management practices (Gabriel et al., 2017), and 

senescence detection (Netto et al., 2005). Despite the importance of chlorophyll 

for phenotyping and agricultural purposes, accurately quantifying its temporal 

dynamics at different spatial scales (i.e., leaf, canopy, or field) remains a 

significant challenge, given the laborious and time-consuming sampling 

procedures required for its accurate characterization. From the diversity of 

methods available for examining leaf chlorophyll content, two of the most widely 

used include a destructive laboratory procedure based on in vitro 

spectrophotometric techniques (Porra, 2002; Wellburn, 1994) and a non-

destructive method based on in-situ observations collected via chlorophyll 

meters, such as the Soil Plant Analysis Development (SPAD) system (Dong et 

al., 2019; Shah et al., 2017; Yuan et al., 2016). 

 

However, despite the high accuracy provided by the laboratory method, or the 

portability offered by handheld sensors, both procedures face limitations when 

covering large study areas, where numerous samples are required to assess 

entire plant populations. An alternative and complementary approach to tackle 

this limitation is through combining field-based sampling (or scouting) with 

remote sensing based observations. Total chlorophyll can be tracked by its 
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reflectance response using optical sensors (Curran, 1989), which can detect 

spectral absorption peaks within the visible wavelengths, centered at the 400-

450 nm range and around 680 nm for Chl-a, and at the 450-500 nm range and 

around 650 nm for Chl-b. In recent decades, progress has been made in using 

multispectral satellite observations in combination with field data to estimate a 

range of “greenness” indices and gross primary productivity using MODIS 

(Wang et al., 2020), Landsat (Croft et al., 2015; Houborget al., 2015) and 

Sentinel-2 (Clevers & Gitelson, 2013; Delloye et al., 2018) platforms. More 

recently, some first attempts at using multispectral data from Cubesats have 

emerged to monitor nitrogen stress symptoms at the farm-scale (Cai et al., 

2019). Other initiatives have explored space-borne hyperspectral imagery from 

the EO-1 Hyperion sensor, tracking yield dynamics based on Chl content and 

leaf area index (Houborg et al., 2016; Wu et al., 2008). For more regionally 

focused retrieval, the high spatial resolution offered by airborne imaging 

spectrometers like AVIRIS (Hunt et al., 2013), AISA (Malenovský et al., 2013), 

CASI (Zhang et al., 2008), APEX (Laurent et al., 2013), and HyMap (Verrelst et 

al., 2016), has been preferred to explore biophysical and biochemical variables 

from large-scale agricultural fields, covering a wide variety of food crops 

(Daughtry et al., 2000; Kooistra & Clevers, 2016; Zarco-Tejada et al., 2004). 

However, recent advances in miniaturizing optical sensors and systems, which 

can capture high spatial, spectral and temporal resolution data, offer new 

research opportunities to progress open questions in retrieval models and 

dynamics of Chl at both leaf and canopy scales. For example, studies based 

on unmanned aerial vehicles (UAVs) coupled with hyperspectral cameras have 

examined pigments content estimation (Zarco-Tejada et al., 2013) by 
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replicating modeling approaches already implemented with satellite and 

airborne-base data. With the enhanced spatial and temporal resolution afforded 

by such systems (Aasen & Bolten, 2018), these technologies also bring new 

challenges in terms of the computational efficiency required to process, model, 

and analyze the large volumes of data collected.   

 

Translating these massive quantities of hyperspectral imagery and in-situ data 

into useable information and knowledge requires improved and targeted 

modeling strategies. Early studies using UAV-based imaging spectroscopy 

were often focused on monitoring and characterizing croplands, retrieving Chl 

content, and other specific physiological properties using a range of methods. 

Broadly speaking, these approaches can be grouped into parametric, machine 

learning, physically-based, or hybrid methods (Verrelst et al., 2019). 

Parameterized relationships between spectral bands sensitive to physiological 

traits, more generally referred to as vegetation indices (VIs), are probably the 

most common approach to map pigments content (Haboudane et al., 2002), 

with examples including the Photochemical Reflectance Index (Wang et al., 

2015; Zarco-Tejada et al., 2013), the optimized soil-adjusted vegetation index 

(OSAVI) and the modified chlorophyll absorption in reflectance index (MCARI) 

(Franceschini et al., 2017), among many others. Statistical regression 

approaches are routinely employed to capture linear and non-linear 

relationships between spectral features and biophysical traits. For example, 

one of the more widely used linear methods is partial least squares regression 

(PLSR), which has been implemented to simultaneously estimate Chl and LAI 

(Kanning et al., 2018). Machine learning regression (MLR) algorithms have 
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become increasingly popular due to their diversity of model types and utility for 

analyzing large datasets, with examples including ensemble trees, random 

forest, and support vector machines. Bayesian algorithms, such as the 

Gaussian process regression (GPR) (Camps-Valls et al., 2016; Rasmussen & 

Williams, 2005; Verrelst et al., 2013), have gained popularity in remote sensing 

applications due to their capacity to measure uncertainty and include prior 

knowledge about the modeled variables by using kernel functions. Together 

with GPR, an ensemble of multiple algorithms (Feilhauer et al., 2015; 

Vanbrabant et al., 2019) has been shown to outperform what can be achieved 

from application of any single method. As a further alternative, radiative transfer 

models (RTM) offer a more physics-based approach to retrieval and have been 

successfully used in UAV-based studies for estimating leaf Chl, e.g., PROSAIL, 

an RTM that accounts for plant canopy spectral and directional reflectance 

(Jacquemoud et al., 2009). Finally, more recent developments have sought to 

combine elements from the approaches mentioned above, resulting in hybrid 

methods that have the advantage of complementing the biophysical properties 

of VIs and RTMs with the computational efficiency and flexibility of non-

parametric models, especially when dealing with large datasets (Capolupo et 

al., 2015). Hybrid-combinations remain an open and promising research path 

for phenotyping at canopy and leaf–level, with applications including training 

machine learning regression approaches with simulated VIs retrieved by RTMs 

(Houborg & McCabe, 2018; Liang et al., 2016) or producing ensembles of 

dimensionality reduction (DR) and MLR methods able to filter critical spectral 

predictors (Rivera-Caicedo et al., 2017; Shah et al., 2019) to boost 

hyperspectral derived results. 
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Machine learning has shown considerable potential for delivering novel insights 

in leaf Chl retrieval, yet there are numerous implementation challenges that can 

frustrate application, including algorithm choice, training data, learning 

strategies, and predictors selection (Verrelst et al., 2019). Identifying the right 

algorithm among the many available depends on evaluating elements such as 

accuracy, interpretability, complexity, scalability, and computational cost: pre-

analysis steps that are not always followed. Some approaches make particular 

assumptions about the data structure (i.e., distribution), demanding an 

exhaustive exploratory data analysis prior to modeling. Establishing a learning 

strategy has important implications for making the most of limited training data 

and prediction purposes. For instance, a data integration strategy for multi-

temporal observations is required to understand how dynamics in Chl content 

combine to affect spectral responses. Likewise, the idea of strengthening the 

predictive power by using hundreds of spectral bands as predictors may result 

in computationally expensive models and multicollinearity issues, thus requiring 

coupled DR methods or testing transformed variables that bolster the spectral 

features sensitive to Chl (i.e., VIs). Overall, although there is not a generic 

recipe that can be applied to most machine learning problems, a modeling 

framework that integrates the above-highlighted aspects provides a much-

needed road-map for retrieving biophysical variables from hyperspectral data.  

 

The present study aims to assess the robustness of a machine learning 

framework to map a metric of leaf Chl through the use of multi-temporal UAV-

based hyperspectral imagery. This is done using a training dataset composed 

of multi-temporal in-situ SPAD observations, together with VI estimates from 
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field-based spectra measurements (350-2500 nm) at the leaf level. Coincident 

and high-spatial resolution UAV-based hyperspectral scans (400-1000 nm 

across 272 continuous bands) were also collected to provide a spatially 

distributed extension to the point scale in-situ training collections. A novel 

aspect of this work is that several training combinations are performed prior to 

retrieving the Chl metric prediction from the hyperspectral data-cubes, using 

multiple learning models, spectral bands and VIs predictors, and under both 

sequential and retraining learning strategies. Three particular research 

objectives are explored in this study: (1) examining the ability of different 

training strategies (retraining versus sequential) to capture and exploit temporal 

correlations in leaf Chl; (2) quantify any potential gain (via a feature selection 

method) from using pigment-based VIs as Chl content predictors versus 

individual spectral bands; and (3) evaluate the performance of different 

machine learning regression approaches to accurately model and retrieve a 

SPAD-based Chl metric under dynamic training and field conditions 

3.3. Materials and methods  

3.3.1 Study area and experimental design  

As part of a phenotyping study of a wild tomato (Solanum pimpinellifolium) crop, 

data were acquired over an experimental farm located in the valley of Hada Al-

Sham, approximately 250 m above sea-level and 60 km east of Jeddah, Saudi 

Arabia (Figure 3.1). The regional climate is tropical and subtropical desert, with 

annual rainfall averages of around 100 mm. Although there was no rainfall 

during the study period, several sandstorms occurred through the growing 

cycle. 1200 individual tomato plants were planted across the field, spaced 
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equally at 1.5 m intervals and comprising 60 rows aligned along the north-east 

direction at approximately 2 m separation. The area was divided into four plots, 

containing a total of 300 plants each. The substrate was predominantly sandy 

loam soil. Five field campaigns were conducted between the fall and winter 

seasons (from November 2017 to January 2018), capturing crop growth stages 

corresponding to establishment, development, flowering, fruiting, and pre-

harvest. As the primary purpose of the original phenotyping study was to 

identify salinity tolerance within the chosen selections, the experiment included 

duplicate saline and freshwater irrigation across four sub-areas (see Johansen 

et al., 2019 for further details). Here we focus our analyses on a single quadrant 

in order to reduce the computational burden involved in multi-quadrant 

processing (considering the terabytes of imagery involved). Ultimately, results 

can be expanded to the rest of the field to explore the impacts of salt-stress. 

 

Figure 3.1 Temporal maps of the studied quadrant at the Hada Al-Sham experimental facility 
(Lat. = 21.797°, Long. = 39.725°), where a wild tomato species was cultivated. Five different 
collections were performed between November 2017 and January 2018. 
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3.3.2 Field spectra data collection  

During each campaign, field-based reflectance spectra were collected close to 

solar noon using an ASD FieldSpec-4 (Analytical Spectral Devices Inc., 

Boulder, CO, USA) spectroradiometer, which samples data in the visible (VIS) 

and shortwave infrared (SWIR) spectral range (from 350 nm to 2500 nm), with 

a resampled spectral resolution of 1 nm. From the total population of 1200 

plants, 36 individuals were randomly selected, and the reflectance response 

from three of their top leaflets measured (i.e., 108 samples for each campaign). 

An 8-degree fore optic lens was attached to a pistol grip to limit the field of view 

(FOV) diameter to 1.5 cm, measuring at a constant 10 cm zenith distance from 

each leaflet, which was placed on a black background. A white spectralon 

reference panel was used to calibrate the spectral measurements during the 

collection process. Five reflectance measurements were recorded for every 

leaflet, averaged, and spectrally resampled from 400 nm to 1000 nm to match 

the spectral resolution of the UAV-based hyperspectral imagery (272 bands; 

see Section 2.4). 

 

3.3.3 Ground truth data sampling  

Non-destructive measurements of relative chlorophyll content (Chl) per leaf 

surface area were collected from the same spectrally sampled leaflets each day 

between 9:00 and 11:00 am local time, using a handheld SPAD-502 optical 

chlorophyll meter (Konica Minolta, Inc., Osaka, Japan). The operation of the 

SPAD meter is based on light transmittance at red and near-infrared 

wavelengths through a plant leaf. The instrument has two LEDs, one of which 
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emits red radiance at 650 nm, with the other emitting near-infrared radiance at 

940 nm. Most of the red light is absorbed by plants for photosynthesis, whereas 

longer near-infrared light passes through the leaf or is reflected. The ratio of 

transmittance at the near-infrared and red wavelengths is estimated and 

expressed as a unitless indicator, commonly referred to as SPAD units, which 

can range between 0 and 50 under standard measurement conditions (relative 

humidity <85% at <35°C) with a ±1 unit accuracy, and up to 70 under high 

humidity/temperature conditions, with a drift of ±0.04 units/°C (Konica, 2009). 

Several studies have demonstrated near-linear and mostly exponential 

correlations between SPAD values and leaf chlorophyll content, although they 

can vary among species and growth habit groups (Cerovic et al., 2012; 

Markwell et al., 1995; Parry et al., 2014; Shah et al., 2017; Uddling et al., 2007). 

Since chlorophyll is not uniformly distributed in leaves and the device covers a 

small area of 6 mm2 (2 mm x 3 mm) per measurement, the SPAD average of 

five different locations across each leaflet surface was considered as a metric 

of its chlorophyll content. 

 

3.3.4 Hyperspectral imagery collection and calibration  

Spatially dense hyperspectral imagery was collected using a Nano-Hyperspec 

(Headwall-Photonics, 2020) push-broom camera integrated onboard a DJI 

Matrice 600 (M600) hexacopter (DJI, 2021). The Nano-Hyperspec was fitted 

with a 12 mm lens that afforded a horizontal field of view (FOV) of 21.1°, and 

collected data across the 400–1000 nm spectral range in 272 continuous 

bands, with a 6 nm full-width half-maximum (FWHM). Flights were performed 

close to solar noon under clear sky conditions for all campaigns (see Fig. 3.1 
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for specific dates). Raw data were translated into radiance values using 

Headwall’s SpectralView package (Headwall-Photonics, 2019), including the 

specific sensor calibration files for each band (Barreto et al., 2019). Automated 

georectification and mosaicking were performed to obtain geometrically 

accurate data-cubes with a ground sampling distance (GSD) of 0.007 m. 

Further details on the geometric calibration process can be found in (Angel et 

al., 2020). For the spectral calibration, at-sensor radiance data-cubes were 

converted into surface reflectance by performing an empirical line correction 

method (Wang et al., 2015), which estimates a linear regression for each band, 

matching ground-truth reflectance with its correspondent radiance spectra in 

the hyperspectral image. Following the procedure of (Barreto et al., 2019), 

reflectance data were collected from six near-Lambertian gray-scale panels (60 

cm x 80 cm) placed in the middle of the field before each hyperspectral 

scanning. The ASD FieldSpec-4 bare fiber optic (25-degree) was attached to 

the pistol grip measuring at a constant 50 cm zenith distance, limiting the FOV 

diameter to approximately 22 cm. A chess-patterned target and soil reflectance 

measurements taken from across the field were also used for validation. Finally, 

reflectance mosaics were spectrally enhanced by applying a pixel-based 

Savitzky-Golay smoothing filter (Savitzky & Golay, 1964) and running a de-

noising process with the minimum noise fraction (MNF) transformation 

approach (Green et al., 1988), in order to attenuate any artifacts that may lead 

to distorted spectra shapes affecting the data reliability (Ruffin & King, 1999). 
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3.3.5 Extraction of vegetation indices  

Vegetation indices (VIs) are mathematical formulations of spectral bands that 

are widely used to quantify structural, physiological, and biochemical plant 

characteristics. These relationships are based on established correlations 

between reflectance spectra features and specific phenotypic traits. In addition 

to band specific ratios, narrowband (or hyperspectral) VIs often combine many 

continuous bands to capture spectral profile features, such as slopes, 

curvatures, and absorption depths (Thenkabail et al., 2018).  Our study 

investigates 60 significant VIs that have previously been reported in the 

hyperspectral literature to be correlated with leaf and canopy chlorophyll 

content at various stages. For instance, from the Index DataBase (Henrich et 

al., 2009) (one of the most comprehensive online resources) we selected VIs 

that were reported in studies conducted with spectrally similar sensors (i.e. 

covering the 400-1000 nm range, including CASI550 and PHI, with 288 and 

244 bands, respectively). We also include the Chl indices used by (Zarco-

Tejada et al., 2019) to generate large-scale chlorophyll content maps, as well 

as the summary of derivative VIs in . In addition, the VIs explored by (Shah et 

al., 2019) to retrieve leaf Chl in wheat, and those studied by (Houborg & 

McCabe, 2016) to detect leaf Chl dynamics from hyperspectral satellite imagery 

were added. In total, 145 unique spectral bands were used in the formulations 

of the 60 indices, which were arranged into nine groups based on their 

calculation of similar phenotypic properties (see Supplementary Table S1, 

including formulations and key citations, and Figure 3.2). The first set contains 

widely used broadband greenness indices that explore the correlation between 

the near-infrared peak and the deepest absorption in the red range of the 
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vegetation spectra to account for the gross chlorophyll amount at a canopy 

level. The second group involves narrowband greenness indices focused on 

studying the transition between the red absorption and the near-infrared (650 

nm - 750 nm), commonly known as the red-edge range, allowing an estimate 

of leaf and canopy chlorophyll content. The third set of VIs examines the light 

use efficiency for photosynthesis and leaf redness by measuring the ratio of 

carotenoids and anthocyanins to chlorophyll, using blue, red, and near-infrared 

narrowbands, and minimizing leaf structural confounding effects. The fourth 

group accounts for plant senescence by assessing the carotenoid to chlorophyll 

ratio. A fifth group of VIs determines stress levels based on leaf pigments, 

where bands between 510 nm and 550 nm are used to measure carotenoid 

concentration, and bands around 550 nm and 750 nm are used to evaluate 

anthocyanin content. A sixth group comprises a leaf water content index was 

used to consider the indirect relationship between water status and leaf 

chlorophyll (Peñuelas et al., 1993) by measuring a characteristic absorption 

feature in the range from 900 nm to 970 nm, which is also observed by the 

SPAD chlorophyll meter (e.g., ~940 nm). The seventh group comprises indices 

for estimating chlorophyll a and b content based on absorption peaks around 

430 nm, 550 nm, 670 nm, 705 nm, and absorption minimums around 750 nm, 

780 nm, 800 nm and 860 nm, to quantify the difference between high near-

infrared reflectance and red light absorption. A group of derivative VIs was 

included to investigate the relationship between slope and curvatures of the 

vegetation spectra with leaf chlorophyll content, with most of these focused on 

the red edge range and a few on the green peak range. In the final VI grouping, 

continuum removal-based indices in the range 550 nm to 750 nm were included 
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to account for the close relationship between absorption features, such as the 

area under the curve and maximum depth, with leaf chlorophyll content. 

 
Figure 3.2 Spectral ranges covered by the 60 vegetation indices (VIs) explored in this study 
(gray bars; see Supplementary Table S1 for complete list). The absorption spectrum for 
photosynthetic pigments (Chl-a, Chl-b, and Car; dark green, light green and yellow lines, 
respectively) and the typical leaf reflectance spectra (red dashed line) overlapping these ranges 
show the dominant pigments considered for each index. A total of 145 unique spectral bands 
were used in the formulations of the 60 VIs. 

 

3.4 Machine learning modeling workflow  

In this study, a variety of regression approaches were evaluated under a 

proposed machine learning framework for multi-temporal mapping of leaf 

chlorophyll content (in SPAD units). The retrieval process combines five steps, 

including feature selection, learning different methods, cross-validating each 

model, assessing their performance, and mapping the SPAD predictions. 

SPAD data described in Section 3.3.3 are used as the response variable y , and 

the predictor variables x  are derived from the field spectra samples (Section 

3.3.2). Two training strategies are tested: one considers sequential learning, 
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and the other a time-series or retraining prediction (Dietterich, 2002). In 

sequential learning, the entire sequence of ground-truth observations is used 

to train each model and make all the predictions. In retraining prediction, 

models are cumulatively trained or retrained, and predictions are retrieved with 

the sampled data starting from the first stage 1 t  up to a time  it (i.e., i =5 growth 

stages). Retraining implies a repetition of the workflow that generated the 

previously fitted model, but based on a new training dataset that reflects the 

most recent and current status of the plants, which is composed of the previous 

data and the new data (i.e., t1, t1+t2, t2+t3, t3+t4, t4+t5), thus re-fitting the 

model while keeping its underlying architectural components (i.e., predictor 

variables, hyperparameters). This is an important strategy to explore because 

models can be retrained progressively with newly sampled data. 

 

The learning workflow (see Figure 3.3) starts with the selection of predictor 

features, where each model is trained by using either all spectral bands (272 

bands) or the set of vegetation indices (60 VIs), derived from the field spectra 

samples, allowing an investigation of the correlation and relevance of these 

variables as predictors. In addition, the subset of 145 bands that are used in 

the calculation of the various VIs were considered to examine any gain from 

transforming the spectral bands into VIs and the capability of the models to 

capture relevant and unknown relations between these selected bands and 

SPAD levels. The framework is evaluated with the most common 

nonparametric ML regression methods reported in retrieving biophysical 

variables from remote sensing applications (Verrelst et al., 2019). It is worth 

noting that the word nonparametric does not imply the lack of parameters, but 
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that such parameters are adjustable and can be tuned by minimizing the 

estimation error while training takes place. In order to identify an optimal model 

structure, a total of 17 algorithms from three main categories are trained (e.g., 

linear-based, decision tree-based, and kernel-based). These include 

multivariate linear regression, partial-least-square regression (PLSR), decision 

trees, ensemble trees, support vector machines (SVM), and Gaussian 

processes regression (GPR). Kernel-based methods allow for an exploration of 

different types of mathematical functions (or kernels) to model the unknown or 

non-explicit relationships in the input data under a specific kind of function. For 

instance, those most commonly used in Earth Observation (EO) studies include 

linear, polynomial, and radial basis function (RBF) for SVM, and covariance-

kernels for GPR (e.g., exponential, rational quadratic, RBF, and Matern) 

(Camps-Valls et al., 2016). The architecture of some of these nonparametric 

approaches have embedded automated dimensionality reduction (DR) 

mechanisms, or band analysis tools (BAT) (Rivera-Caicedo et al., 2017), to 

select relevant predictors, which is critical when dealing with hundreds of 

variables. For instance, the PLSR reduces the predictors to a smaller set of 

uncorrelated components, while the decision and ensembles of trees rely on 

pruning strategies, and GPR implicitly infers the feature's relevance from a 

length-scale parameter enclosed in the covariance functions. 80% of the input 

dataset is used to train and test each model under a 5-folds cross-validation 

routine, with their goodness of fit estimated using the R2 metric (Eqn. 3.1). The 

remaining 20% of observations are used to identify the best performing model 

by assessing two prediction accuracy metrics: the root mean square error 

(RMSE) (Eqn. 3.2) and the mean absolute error (MAE) (Eqn. 3.3). Using these 
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metrics, the most accurate model per method is employed to retrieve the multi-

temporal SPAD predictions for each data-cube at a pixel-level using a plant 

delineation mask to exclude soil background (see Johansen et al., 2019) for 

further details), while the best overall models are used to determine the most 

relevant predictors. 
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Figure 3.3 Machine learning workflow for the retrieval of multi-temporal leaf chlorophyll 
dynamics using ultra-high-resolution UAV-hyperspectral imagery. The retraining loop should 
operate using the selected algorithms by starting from the first dataset (i.e., t=1), then re-
running the fitting process on the next training datasets, but using the previously fitted predictor 
variables and hyper-parameters (i.e., t1+t2, t2+t3). In this way, the model is updated as new 
training data is used in the learning process, and predictions are estimated accordingly. 
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Following is a brief overview of the chosen regression methods, including 

multivariate linear, partial-least-square, decision trees, ensemble trees, support 

vector regression, and Gaussian process, with further details provided in the 

associated references. 

 

3.4.1 Multivariate Linear Regression  

Multivariate linear regression attempts to establish a relationship between the 

dependent variable   iy  and one or more independent variables or predictors jx  

(Eqn. 3.4), by fitting a linear prediction equation (Eqn. 3.5) to observed data, 

using the method of least squares (Eqn. 3.6)  (Anderson, 2003).  
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                                                                      (3.6) 

 

where  n is the number of observations, m is the number of predictors, 0  is 

the intercept term, j  coefficients express the impact of predictors jx  on the 

mean of the response   iy , ijx  is the i th observation on the j th predictor, and 

i  are noise terms normally distributed with mean zero and constant variance 

σ2. The model (Eqn. 3.4) is fitted by finding the values of β0 and βj that minimize 

the sum of the squared differences between   iy  and the predictions ˆiy  (Eqn. 

3.5). 
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3.4.2 Partial least-squares regression (PLSR) 

Partial least squares is a method that models the relationships between the 

dependent and independent sets of variables by projecting them into a low-

dimensional subspace of components or latent variables (Eqn. 3.7). Such 

components are retrieved by maximizing the covariance between features x 

and response y and maximizing their individual variances. The score 

components serve as new predictors to regress y and inspect how strongly 

each component depends on the original independent variables x (Eqn. 3.8).  

Based on the weights (Eqn. 3.9), PLSR can be used for dimensionality 

reduction tasks by retaining only the x variables contributing the most to each 

component (Rosipal & Krämer, 2006)  and comparing the relevance of the 

predictors with other models through using the weights as an index. 

 

                                                            Y X                 (3.7) 
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                                                     1' '
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                                (3.9) 

 

where Y is the matrix of the dependent variable, X is the matrix of the 

explanatory variables, T is the matrix of x-scores,C  is the y-loading matrix, P  

is the x-loading matrix, W is the x-weight matrix, and  is the matrix of residuals. 

The regression coefficients of Y on X are comprised in the matrix  , with h

components retrieved by PLSR. 
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3.4.3 Individual decision trees  

Binary tree-based models establish non-linear relationships between the 

response iy  and the predictors jx  by flowing data down from a root node to 

leaves (Eqn. 3.10) (Eqn. 3.11) (Kamiński et al., 2018). Training data is 

sequentially split into smaller samples according to specific cutoff conditional 

values of the predictor variables, creating different intermediate leaf nodes. 

Once the terminal splits are reached, the average outcome of the training data 

contained in each end leaf node is used to retrieve a prediction. It is essential 

to consider that simple trees prevent overfitting, but their predictive power could 

be compromised; in contrast, leafy trees are usually highly accurate but tend to 

overfit. An option to balance these aspects is by optimizing the minimum leaf 

size, which is a limit to stop splitting nodes once the number of observations in 

an intermediate node reaches the defined minimum. In this study, three types 

of decision trees are evaluated based on this parameter: fine, medium, and 

coarse. As a rule of thumb, the optimization should start with a fine tree whose 

minimum leaf size is 5, yielding a leafy tree with many small leaves. Then, a 

medium tree with a minimum leaf size of 10. Finally, a coarse tree of a few large 

leaves with a minimum size of 20. 
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When predicting n  observations using a decision tree of l  leaf nodes, each 

observation ix  falls into a single end leaf node   kS . The algorithm returns an 

identical function I  of ones if the observation ix  is in the subset   kS , or zero 

otherwise. Thus, the prediction ˆiy  is the average of all training samples ka  in

  kS . 

 

3.4.5 Ensembles of decision trees 

The response iy  is also determined by using two widely known methods of 

ensembles of decision trees: bagging and boosting. Under the bagging model, 

decision trees are grown simultaneously from multiple replicas of the training 

dataset and randomly sampled with replacement. The number of learned trees 

is set to 60, following the tuning procedure of previous research using similar 

datasets (see Shah et al., 2019 for further details), suggesting that the optimal 

amount of trees can vary between 60 and 120 with no significant performance 

gain (Breiman, 2001; Oshiro et al., 2012). Splitting operates under an 

interaction-detection technique (Loh, 2002) designed to reduce issues caused 

by bias in variable selection when predictors and response are highly inter-

correlated, thus retrieving better predictor importance estimates than standard 

techniques that rely on a defined number of input variables. From a bag that 

contains one-third of the total number of predictors   jx , the interaction-detection 

runs two chi-square tests of independence: one between each pair of predictors 

and the response variable, and the other between each predictor and the 

response. Branch nodes are split level by level using the predictor that 

minimizes the p-value (< 0.05) of both tests until all tests can no longer be 
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minimized ( p-value > 0.05). Then, the predicted response ˆiy  is estimated by 

averaging individual predictions from each tree. The importance of each 

predictor is estimated through a permutation accuracy metric during the fitting 

process. For each tree T in the forest, the prediction error is calculated on the 

out-of-bag (OOB) training data; then, the same calculation is performed by 

randomly permuting the values of each predictor. Finally, the difference in 

prediction errors are averaged over all the forest for each variable. Thus, the 

worse a model performs when permuting a variable, the more relevant that 

variable is in the model. 

 

Alternatively, under the boosting approach, trees are learned sequentially by 

fitting each new tree to the difference between the sampled response   iy  and 

the accumulated prediction of all trees previously grown, minimizing the mean 

squared error (Dietterich, 2002). The leaf size is set to 10 for both approaches 

to compare with the individual medium decision tree performance.   

 

3.4.6 Support vector regression  

Support vector regression (SVR) performs multivariable linear regression in a 

higher-dimensional space (Awad & Khanna, 2015). Assuming  f x  (Eqn. 3.12) 

is a straight line going through the  y  axis, the objective of the SVR algorithm is 

to find a flattened (Eqn. 3.13) hyperplane or regression function   f x  with the 

widest buffer zone that contains the maximum number of training data points

  iy . This margin of tolerance defines a decision boundary at an   distance from 



 

 

111

 

either side of the hyperplane (Eqn. 3.14), and observations   iy  on the edge and 

within the decision boundary swath, are called support vectors.  
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This optimization problem is solved by constructing a Lagrange function with 

dual positive multipliers i  and *
i  for each training observation ix , which leads 

to a linear combination to describe β  (Eqn. 3.15), and a fitted function (Eqn. 

3.16) for new predictions. 
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In this study, we explore additional non-linear SVR cases, replacing the linear 

kernel   lK  (Eqn. 3.17) by using a polynomial kernel qK  of order 2, 3 q  (Eqn. 

3.18) and a Gaussian kernel GK , also known as a radial basis function (RBF) 

in the literature (Eqn. 3.19). 

                                               ,lK  i ix x x x                                                           (3.17) 

                                          , 1   
q

qK  i ix x x x                                                       (3.18) 

                                      2, expGK   i ix x x x                                                 (3.19) 
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where  is a positive scale parameter that sets the width of the Gaussian curve. 

 

3.4.7 Gaussian process  

Gaussian process regression (GPR) is a kernel-based probabilistic approach 

that not only fits one regression function, but a family of non-linear multivariate 

functions over the set of observed predictors (Rasmussen & Williams, 2005). 

Unlike other machine learning methods that only calculate a prediction value 

for each observation, GPR also retrieves confidence intervals of the prediction. 

Assuming the linear function (Eqn. 3.4), where  x  is the input vector of 

predictors, and  y  is the scalar output of the dependent variable,   f x  is 

considered as a Gaussian process whose prior    0,f x k  has a zero 

mean and covariance    ,k k x x . Thus, a new prediction *y  given an observation 

*x  can be estimated by a joint distribution (Eqn. 3.20) over the training and 

testing datasets. 
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where 2   A k I , I  is an  n n  identity matrix,    * *, 1 *,  ,  , 
T

nk k   k x x x x  and

  2
* * * A ,k  x x . The prediction *y  follows a normal distribution and is 

expressed in terms of a mean *μ  (Eqn. 3.22), and the uncertainty of the 

prediction 2
*σ  (Eqn. 3.23). 
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The covariance matrix k  is parameterized by a kernel function that measures 

the similarity between predictor values  x  in order to retrieve correlated 

predictions  y . In this study, four different covariance functions (or kernels) are 

evaluated: exponential expk  (Eqn. 3.24), squared exponential sqk  or RBF (Eqn. 

3.25), rational quadratic rqk  (Eqn. 3.26), and Matern Mk  (Eqn. 3.27).  
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   for 1, 2,  , j m   number of predictors.  

The vector of parameters   υ,  jl   θ  parameterizes these kernels, also known 

as automatic relevance determination (ARD) structure, which is available in 

some band analysis tools (BAT) (Rivera-Caicedo et al., 2017). θ  is composed 

of a smoothing factor υ , and a length scale l j  that informs on the relevance of 

each predictor in the model through a weakness index. 
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3.5 Results  

3.5.1 Exploratory input data analysis  

The various modeling trials performed in this study, as outlined in the workflow 

described in Figure 3.3, evaluate both sequential and retraining learning 

strategies. Ground-truth data comprise a total of 108 observations of SPAD 

samples and leaf spectra per field campaign, randomly split into two subsets: 

training/testing (80%) and validation (20%), assuring their distributions are as 

similar as possible. SPAD observations, considered as the prediction response, 

are variable, symmetrically distributed, and rising across the growing season 

(Figure 3.4a). For the first date, 50% of the data ranged between 29 and 38 

SPAD units, with a median of 33. Half of the samples reached a higher median 

of 49 for the second date, within a range of 45 to 54 SPAD units. For the third 

campaign, the observations have a narrower distribution than the previous 

collection, with a minimum and maximum value of 38 and 67 units, respectively, 

although reaching a slightly higher median of 52 units. SPAD data for the fourth 

campaign were more widely distributed, with half ranging between 48 and 59 

units, with a median value of 53 units. For the last date, observations were less 

variable, spanning between 40 and 66 SPAD units, with a median of 55 units. 

Although training/testing and validation datasets show a slightly different 

distribution, their median values follow a similar trend over time (Figure 3.4a).  

 

Each of the 272 bands from the resampled field spectra data are considered as 

an individual prediction feature. Figure 3.4b shows the multi-temporal spectra 

mean and their standard deviation, which in general follow a similar pattern in 

the blue (450-510nm) and red edge (660-730nm) regions, although differing 
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along the green (510-660nm) and near-infrared (740-1000nm) wavelengths. 

For the first date (20171109), the maximum average green and NIR reflectance 

reached 18% and 49%, with a standard deviation of 2% and 3%, respectively. 

For the second, third, and fourth campaigns, the mean green peak decreased 

to ~15%, with a standard deviation of ~3%, and the mean NIR response 

increased to ~50%, with a standard deviation of ~10%: although the NIR 

response during the second date is up to ~13% higher. For the last date, green 

reflectances were similar to previous collection times, yet the average NIR 

responses dropped to 45%, with a standard deviation of ~10%. 

 

 
 

Figure 3.4 (a) Traditional boxplots show the multi-temporal distribution of SPAD observations 
divided into training/testing (left) and validation sets (right). Median values are shown as the 
horizontal lines near the box centers, and the quartiles are delimited by the horizontal lines 
above and below the median. Whiskers indicate the variability outside upper and lower 
quartiles, locating the maximum and minimum scores at the top and bottom ends, respectively. 
An outlier observation (21 SPAD units) is shown during the second campaign (t2) in the 
training/testing dataset. (b) Reflectance profiles collected per field campaign (format 
YYYYMMDD). The continuous lines indicate the mean spectra, and the filled areas define the 
range of reflectance measured each time. Dashed lines indicate the wavelengths where 
reflectance data reaches the lowest (~650 nm) and the highest (~950 nm) variability. 

 

Pearson correlation matrices were calculated to visualize any multicollinearity 

in both predictor sets, bands and VIs (Figure 3.5). In the case of spectral bands, 



 

 

116

 

SPAD data has a low negative correlation (-0.2 < r < -0.3) with bands in the 

blue (400 nm – 510 nm) and red ranges (650 nm – 680 nm), but more highly 

negatively correlated (r < -0.6) with the green spectral window (510 nm – 650 

nm) and the red-edge bands (680 nm -730 nm). In contrast, near-infrared bands 

(730 nm – 1000 nm) are weakly correlated (r ≈ 0) with SPAD, but with high 

multicollinearity between them (r > 0.8): recognized as the Hughes 

phenomenon, which is thoroughly documented in the literature (Thenkabail et 

al., 2018). Concerning the VIs (Supplementary Table S1), the narrowband 

greenness indices have a stronger correlation with SPAD than the broadband 

greenness indices. In contrast, photosynthesis efficiency, senescence, and 

pigments–based indices are weakly correlated with both SPAD and the other 

indices. For the set of VIs that evaluate leaf chlorophyll based on reflectance 

and derivative spectra, most show a high correlation with SPAD, while several 

(10 out of 31) have low inter-correlation with the rest. Finally, the group of 

continuum-removed VIs exhibit a low correlation with SPAD, with two 

negatively correlated with the other indices. Overall, although some of the 

indices are strongly inter-correlated (r > 0.8), this is only a measure of the 

association between them, not their causation. All the bands and VIs were 

included as predictor variables to let the MLR methods evaluate their relevance 

in predicting leaf chlorophyll. 
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Figure 3.5 Correlation matrices showing Pearson’s r coefficient between SPAD and individual 
VIs (left-hand side), and between SPAD and individual spectral bands (right-hand side).  The 
first column in the SPAD vs VIs matrix (left) and the last column in the SPAD vs Bands matrix 
(right) show the coefficients for the dependent variable SPAD. The color scale represents 
correlation coefficients between 1 and -1. VIs are grouped and organized according to 
Supplementary Table S1.  
 

3.5.2 Multiple model regression assessment  

Seventeen variations of key supervised regression algorithms, including 

multivariate linear regression, PLSR, decision trees, ensemble trees, support 

vector (SVR), and Gaussian processes (GPR), were trained and validated to 

retrieve multi-temporal SPAD maps at the individual plant scale. Three different 

metrics, R2, RMSE, and MAE, were used to undertake a comparative accuracy 

assessment of the models. R2 was used to assess the performance of the 

models from the k-fold cross-validation, and RMSE and MAE to evaluate their 

actual accuracy by using ground-truth validation data. Figure 3.6 summarizes 

these metrics for all the algorithms tested under the two training scenarios and 
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three sets of predictors: all bands, selected bands used for calculating the VIs, 

and VIs. 

 

 

Figure 3.6 A comparative assessment was performed between the 17 trained models by 
comparing three different metrics: R2, RMSE, and MAE. Model-fit and accuracy were evaluated 
under both training strategies (sequential and retraining) and considering different sets of 
prediction features (all spectral bands, selected bands from VIs, and VIs). An average 
prediction error threshold of 5 SPAD units was established to evaluate individual model 
accuracy (dashed line). Base-10 log scale is used for the x-axis (RMSE). 
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For the sequential strategy case, PLSR coupled with band predictors achieved 

the best fitted models, either using all the bands (R2AllBands = 0.80) or the 

selected subset (R2SelectedBands = 0.89); although retrieving more accurate 

results when using all of them (RMSESelectedBands = 5.45, MAESelectedBands = 4.27 

> RMSEAllBands = 4.40, MAEAllBands = 3.50). As can be seen in Table 2, the 

various GPR models, along with SVRLinear and SVRMediumGaussian, were 

the best-performing algorithms across both types of predictors, reaching low 

RMSE and MAE around 5 SPAD units when using spectral bands and below 3 

SPAD units for the VIs case (and with an R2 above 0.7). In comparison, 

multivariate linear regression and SVRCubic models produced the poorest 

results, with higher errors (RMSE > 5, MAE > 6) and R2 below 0.3. Overall, the 

GPRSquaredExponential (i.e., with a squared exponential kernel) achieved the 

second-best scores when considering both types of prediction features 

(RMSEAllBands = 5.17, RMSESelectedBands = 5.09, RMSEVIs = 2.28, MAEAllBands = 

4.06, MAESelectedBands = 3.96, MAEVIs = 1.98, R2AllBands = 0.76, R2SelectedBands = 

0.76, R2VIs = 0.77). In general, most of the models coupled with band predictors 

reached comparable R2 and accuracy results, except for PLSR and the 

multivariate linear approaches; whereas modeling with the set of VI predictors 

was more accurate and better fitted than performing with the spectral bands. 

 

For the retraining strategy, accuracy and goodness-of-fit of the models were 

assessed date by date. Overall, improved RMSE and MAE metrics were 

achieved using band predictors when compared to the sequential strategy 

case, although the R2 decreased gradually over time (Table 3.2). Results using 
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VI predictors provided models that were comparable (i.e., similar R2) to those 

produced by band features, but also recorded a similar drop in R2 through time 

and producing slightly less accurate predictions. For the first date (t1), the 

GPRSquaredExponential was the most accurate (RMSEAllBands  = 2.14, 

MAEAllBands = 1.73) when paired with all the bands, and the best fitted (R2AllBands  

= 0.86, R2SelectedBands = 0.75, R2VIs = 0.83) using the three sets of predictors: 

although beaten by PLSR when coupled with VIs (RMSEVIs = 1.93, MAEVIs = 

0.86). For the second campaign (t2), the GPRSquaredExponential again 

produced the most accurate results from the all bands-based case 

(RMSEAllBands = 2.71, MAEAllBands = 2.13), while the PLSR model was better 

fitted using the selected bands (R2SelectedBands = 0.95). In the VIs-based case, 

the PLSR was the most accurate (RMSEVIs = 2.56, MAEVIs = 0.98), but 

GPRSquaredExponential was better fitted (R2VIs = 0.74). For the third date (t3), 

the GPRSquaredExponential model achieved the highest accuracy 

(RMSEAllBands = 3.62, MAEAllBands = 3.01) under the all bands-based setup, and 

RandomForest the best fitting (R2AllBands = 0.67); whereas in the selected bands-

based and the VIs-based case, PLSR was the best fitted (R2SelectedlBands = 0.75, 

R2VIs = 0.79), and the most accurate (RMSESelectedBands = 3.77, MAESelectedBands 

= 2.66, RMSEVIs = 1.72, MAEVIs = 0.78). For the fourth campaign (t4), the PLSR 

trained with the selected bands was the best-fitted model (R2SelectedlBands = 0.97), 

although it was poorly accurate (RMSESelectedBands = 6.37, MAESelectedBands = 

5.30) to the others performance. In contrast, the GPRSquaredExponential was 

the second best-fitted model (R2AllBands = 0.61, R2VIs = 0.64), reaching the 

highest accuracy when trained with all the band features (RMSEAllBands = 4.49, 

MAEAllBands = 3.99). However, this model was exceeded by the RandomForest 
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(RMSEVIs = 3.35, MAEVIs = 1.53) when using VI predictors. For the last date 

(t5), the RandomForest model shown the highest accuracy (RMSEAllBands = 

5.59, MAEAllBands = 4.37) and best-fitting (R2AllBands = 0.41) when coupled with 

all the bands; whereas PLSR was the most accurate when trained with VIs 

(RMSEVIs = 2.89, MAEVIs = 0.96). Overall, sub-optimal results were retrieved 

using the selected set of bands, and all the models were poorly fitted with R2 

below 0.1. 

 

Under both training strategies, the three sets of predictors showed comparable 

performance, yet most of the VIs-based models achieved better scores than 

the band-based ones. Slightly better results were reached by most of the 

models when trained with all the bands than with the selected ones (i.e., 

between ~0.1 and 0.4 units in R2 scores), except for the PLSR. Also, despite 

being the weakest approach (with the highest RMSE and MAE, and the lowest 

R2) across the different strategies and predictors, the multivariate linear (or 

linear) model scores were considerably improved when using the subset of 

selected bands (see Table 3.2 and Figure 3.6). For instance, the linear model 

improved relative to the medium tree model performance and was comparable 

to the random forest model results under the sequential strategy. Considering 

the slightly better scores retrieved by the full set of spectral bands than the set 

of selected bands, the models trained with all 272 bands were considered 

together with the VIs-based ones to perform the predictions and select the best 

among them to produce the SPAD maps.  
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Table 3.1 Goodness-of-fit (R2) and accuracy (RMSE, MAE) for each case's top models, 
compared with the linear regression case; best and lowest RMSE are highlighted in bold font 
as pointed up in Figure 6. 
 

 

 

   All Bands Selected Bands VIs 

Strategy Time Model R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE 

Sequential  

GPRSquaredExponential 0.76 5.17 4.06 0.76 5.09 3.96 0.77 2.28 1.98 

RandomForest 0.73 5.23 4.04 0.66 5.92 4.78 0.74 5.23 2.62 

MediumTree 0.44 7.16 5.63 0.48 7.28 5.89 0.65 2.93 2.61 

SVRLinear 0.75 5.21 4.17 0.75 5.18 4.14 0.76 3.77 2.47 

PLSR 0.80 4.40 3.50 0.89 5.45 4.27 0.82 5.90 5.60 

Linear 0.01 7.68 6.25 0.64 5.33 4.16 0.17 9.24 6.54 

Retraining 

t1 

GPRSquaredExponential 0.86 2.14 1.73 0.75 2.21 2.16 0.83 2.41 2.06 

RandomForest 0.65 3.42 2.91 0.55 4.37 3.21 0.68 3.01 2.62 

MediumTree 0.50 4.33 3.51 0.42 5.29 4.07 0.51 3.28 2.81 

SVRLinear 0.68 3.24 2.64 0.61 3.92 3.26 0.67 3.77 2.97 

PLSR 0.66 3.70 3.24 0.73 3.59 3.20 0.77 1.93 0.86 

Linear 0.01 18.12 10.25 0.01 13.61 10.30 0.01 9.26 6.54 

t2 

GPRSquaredExponential 0.59 2.71 2.13 0.69 4.08 3.37 0.74 4.80 3.80 

RandomForest 0.24 4.44 3.73 0.20 6.11 4.58 0.60 4.55 3.29 

MediumTree 0.10 6.00 4.70 0.09 7.65 6.24 0.44 6.04 4.90 

SVRLinear 0.62 2.82 2.20 0.65 4.86 3.45 0.74 4.75 3.54 

PLSR 0.08 5.43 4.08 0.95 4.84 3.49 0.61 2.56 0.98 

Linear 0.02 11.37 8.93 0.01 21.24 17.25 0.01 5.54 3.86 

t3 

GPRSquaredExponential 0.64 3.62 3.01 0.56 3.81 3.21 0.68 3.37 2.77 

RandomForest 0.67 4.58 4.11 0.26 4.92 3.93 0.65 3.00 2.52 

MediumTree 0.21 5.24 4.54 0.19 5.56 4.48 0.52 3.43 2.97 

SVRLinear 0.61 3.94 2.80 0.54 4.35 3.57 0.66 5.80 3.61 

PLSR 0.16 4.75 4.00 0.75 3.77 2.66 0.79 1.72 0.78 

Linear 0.01 14.33 10.24 0.01 27.46 24.10 0.01 44.93 17.08 

t4 

GPRSquaredExponential 0.61 4.49 3.99 0.48 4.02 3.07 0.64 4.03 3.37 

RandomForest 0.42 7.62 6.22 0.28 5.89 4.52 0.56 3.88 3.12 

MediumTree 0.26 8.52 7.20 0.13 6.44 4.82 0.41 4.83 3.91 

SVRLinear 0.61 4.77 4.10 0.50 4.26 3.22 0.63 3.90 3.20 

PLSR 0.56 5.15 4.54 0.97 6.37 5.30 0.44 3.35 1.53 

Linear 0.01 21.74 17.23 0.08 25.32 13.56 0.01 17.06 11.51 

t5 

GPRSquaredExponential 0.34 5.80 4.52 0.09 4.80 4.25 0.32 4.80 3.39 

RandomForest 0.41 5.59 4.37 0.01 5.83 4.55 0.37 5.08 3.87 

MediumTree 0.34 5.76 4.60 0.01 5.24 3.74 0.13 4.87 4.09 

SVRLinear 0.15 6.05 4.96 0.01 4.07 3.26 0.03 5.14 3.87 

PLSR 0.07 7.47 6.51 0.01 6.46 5.69 0.31 2.89 0.96 

Linear 0.015 18.97 12.68 0.01 16.25 11.66 0.01 42.52 13.55 
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3.5.3 Multiple model SPAD predictions  

Based on the assessment metrics, a criteria model selection was established 

to map the SPAD predictions. Different factors, such as leaf water content and 

irradiance changes, can introduce between 2 and 4 unit biases in SPAD 

readings (Martínez & Guiamet, 2004), in addition to the instrumental accuracy 

of ±1 units. Accounting for these influences and equating the quality of the 

SPAD predictions with the SPAD readings, we defined an error threshold of up 

to 5 units for both metrics (RMSE and MAE) under the assumption that all of 

the errors would have the same magnitude, which is the only theoretical case 

when RMSE and MAE would be equal. Under these criteria, models with 

average prediction errors above 5 SPAD units were excluded from the final 

selection, and the best-fitting model from each approach was used to retrieve 

the predictions from the hyperspectral imagery (see Fig. 3.6). Accordingly, 

PLSR, the medium trees, random forest, SVR linear, and GPR squared 

exponential models were selected together with the linear regression, which 

was only included for comparison purposes despite it showing inferior 

performance amongst all model configurations. These trained models were 

used to retrieve the SPAD values at a pixel level on the multi-temporal 

hyperspectral data-cubes, then averaged at a plant level to evaluate the spatial 

and temporal distribution of the predictions across the study area. Figure 3.7 

shows an array of the results organized by learning strategy, type of predictors, 

time, and types of models, where each box comprises a matrix of cells that 

represent the mean predicted SPAD per plant, following the same sowing 

arrangement of the field (rows x columns).  
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Figure 3.7 Multi-model comparison of averaged SPAD predictions and GPR uncertainties at a 
plant level, where each pixel represents an individual plant in the field. (a) Sequential strategy 
results using All Bands vs. VIs. (b) Retraining strategy results using All Bands vs. VIs. 
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In the sequential strategy (Figure 3.7a), most of the models retrieved 

homogeneous SPAD maps across time, hence not showing significantly 

different changes during the growing season. Of note, the multivariate linear 

model produced results at the extremes when using different predictors, 

underestimating (≤ 20 units) when using bands, and overestimating (≥ 70 units) 

when using VI predictors. Similarly, PLSR estimates diverge under different 

predictor scenarios, realizing homogeneous result series (~30 - 50 units) 

through the band predictors while overestimating with VIs (≥ 60 units). In 

contrast, the medium tree model retrieved almost identical results for both 

cases, with SPAD values ranging around ~40 units: comparable with the 

performance of random trees when only using VI predictors. However, when 

using band features, random forest yielded similar results to SVR linear and 

GPR squared exponential models, with more variable retrievals between ~30 

to 50 units (although the GPR-based map for the fourth date shows higher 

values around ~60 units). Using VI features, SVR-based results were more 

heterogeneous (around ~45 units) during the first two campaigns than the 

retrievals (≥ 60 units) during the last three dates. Overall, following a sequential 

learning strategy, GPR squared exponential predictions were the most dynamic 

across time, indicating its flexibility to learn and model temporal dynamics. 

However, this performance was degraded when using a more straightforward 

set of predictors like vegetation indices.   

 

In general, for the retraining strategy (Figure 3.7b), the performance of the 

learning algorithms over both types of predictors was similar, with SPAD 

estimates varying over time and space - except those calculated by the 
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multivariate linear regression and PLSR, which led to poor retrieval 

performance. Again, medium tree and random forest methods, combined with 

both predictor sets, reached matching results, increasing across time between 

~30 and ~60 SPAD units during the first and last campaigns, respectively 

(although the VIs-based maps present slightly lower values than the bands-

based ones). In the case of the SVR linear method, contrasting results were 

produced by each class of predictors, showing an ascendant trend across the 

time when using band features, comparable to the decision trees and GPR 

results. However, the SVR linear method underestimated results using VIs, 

even yielding values below 20 SPAD units for some plants during the last three 

campaigns (t3, t4, t5). In contrast, the GPR squared exponential results are 

congruent with the decision trees-based predictions under both types of 

predictors, although different estimates were achieved for the second and last 

dates. When using band features for the last campaign, the GPR-based map 

overestimated results, with values above ~60 SPAD units. 

 

Together with the mean SPAD estimates, GPR reports the standard deviation 

at 95% (σ95%) confidence interval for each prediction, which is used as an 

uncertainty metric to assess the variance of the retrievals. For the sequential 

learning case (Figure 3.7a), homogeneous variances were achieved across the 

whole series, with low uncertainties between 4 and 6 SPAD units, when training 

with the band predictors, but high uncertainties ranging between 10 and 15 

SPAD units when using VI features. In contrast, under the retraining strategy 

(Figure 3.7b), heterogeneous variance levels were observed throughout the 

series. For instance, an increase in the uncertainty was reported when using 
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band features, starting from 5 to 6 units in the first date (20171109), then 

between 6 and 7 units during the second date (t2), until reaching standard 

deviations between 9 and 11 units during the third collection (t3). After this, the 

uncertainty levels decreased slightly to around 10 units on the fourth date (t4), 

achieving the lowest variance in the last date (t5) with 4 SPAD units. More 

stable variances were achieved using VI predictors, starting with low 

uncertainty levels between 5 and 6 SPAD units in the first three dates, with a 

minor rise of variance for the last two dates, with values between 6 and 8 units.  

 

3.5.4 Model selection  

The identification of suitable learning algorithms and predictors is a critical step 

to develop accurate SPAD retrieval maps. Therefore, an additional evaluation 

of the previously selected methods was performed by comparing the retrieved 

and original distributions of the validation dataset. Figure 3.8 presents the 

variability of SPAD predictions and in-situ collected measurements used for 

validation, with colored and grey delineated box-plots, respectively. As can be 

seen, the multivariate linear regression results were widely dispersed, either 

overestimated or underestimated, and divergent from the measured data 

distribution. In the case of PLSR, the distribution of the estimates reflected the 

validation reference only under the sequential training strategy using band 

predictors. Overall, most of the pre-selected algorithms achieved relatively 

consistent results, except SVR linear when combined with VI predictors.  

 

For the sequential approach (Figure 3.8a) with band features, predictions from 

all models, except for the medium trees, followed the ascending trend across 
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time observed in the in-situ data, although exceeding them by up to 15 units on 

the first date, if comparing their medians. The best distribution matches with the 

observations were obtained by random forest, and GPR squared exponential 

only on the third date (t3). In contrast, when using VI predictors, overall median 

estimates were below the ground-truth data distribution by between 10 and 20 

SPAD units for the decision trees models, and between 3 to 10 units for the 

GPR model.  

 

For the retraining case (Figure 3.8b), the performance was generally higher 

relative to the sequential strategy and more consistent between the assessed 

algorithms. In particular, the distribution of the results from the medium trees 

and random forest were comparable, reaching similar medians, although with 

different dispersion, over the different campaigns. The GPR squared 

exponential model achieved better results when combined with VI predictors, 

following the SPAD observations trend, although with less dispersed 

distributions and reaching median values between 1 and 5 SPAD units below 

the in-situ data. The best predictions were achieved by combining random 

forest with VI features, retrieving minor discrepancies between 1 to 3 units in 

the median values compared to the SPAD measurements, and yielding 

matching spread distributions, as shown by the minimum and maximum values 

of each campaign dataset. 

 

Based on the accuracy assessment and the analysis of the prediction 

distributions achieved by all the evaluated methods, three out of the seventeen 

regression models were selected to retrieve the multi-temporal SPAD maps at 
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a pixel scale. The selected methods included the PLSR using all bands under 

the sequential strategy, and random forest and GPR squared exponential, 

using vegetation indices as predictor variables under the retraining strategy.  

 

 
Figure 3.8 Assessment of multi-temporal predictions distribution (gray colored boxes) against 
the actual distribution (gray delineated boxes) of the validation data, showing (a) distribution 
per model under the sequential strategy using band and VI predictors; and (b) distribution per 
model under the retraining strategy using band and VI predictors. 
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3.5.5 Multi-temporal spatial predictions of SPAD 

The hyperspectral mosaics, and the vegetation index data-cubes derived from 

them for each campaign, were used as input to feed the three selected 

regression models and to retrieve the multi-temporal SPAD maps at a pixel 

scale. Figure 3.9 depicts a comparison of the results achieved by each method 

over some of the sowed furrows, showcasing the differences between PLSR, 

random forest and GPR squared exponential estimates throughout the study 

period. For the first three campaigns, the PLSR model reached different results 

than the other two methods, with a slight increase from an average of 48 units 

in the first stage (t1) to 50 units in the third (t3), whereas random forest and 

GPR squared exponential reached similar estimates, with an increase in SPAD 

values from an average of 30 units in the first stage (t1) to 55 units in the third 

(t3). The PLSR and GPR-based estimates were uniformly distributed in leaves, 

changing over time without marked differences between stages, especially 

during the last two dates. However, some negative retrievals from the PLSR 

approach during the third and fourth campaigns can be seen as gap pixels in 

the showcased plants in Figure 3.9. On the other hand, random forest-based 

predictions differed from time to time, with a slight decrease in the last stage 

and showing more clustered estimates toward the center of the plants surface. 

 

The plant growth dynamics can be described from the multi-temporal SPAD 

retrievals detailed in Figure 3.9. As can be observed, leaf chlorophyll content 

increases as plants grow and increase their leaf density from the establishment 

stage (t=1), reaching a maximum value at the start of flowering (t=3). Plants 

reach a mature state and produce fruits (t=4), where SPAD estimates from 



 

 

131

 

PLSR increase slightly, whereas random forest results remain at the same 

level, and retrievals from GPR decrease slightly. At the pre-harvesting stage 

(t=5), leaves and stems gradually age, turning yellowish, which is evident from 

the low SPAD levels predicted by all the methods. These dynamics are 

consistent with the distribution analysis described previously (Figure 3.8b), and 

illustrate how SPAD results from the three methods follow a similar temporal 

trend, albeit with GPR retrievals presenting a more homogeneous and tighter 

distribution than PLSR and random forest estimates. The uncertainty maps 

retrieved by the GPR algorithm were plotted to assess the variance of the 

predictions at the pixel level. As previously noted, the uncertainty of the 

estimates vary across the map series, starting with low (~4-6) standard 

deviations during the first three stages and slightly higher values during the 

fruiting and pre-harvesting phases (~6-8 units). Moreover, when zooming into 

the maps at a plant level, the spatially distributed uncertainty levels can be 

observed over the plant canopies, although with some higher variances 

associated with either bright or shadowed pixels. 

 

  



 

 

132

 

 
Figure 3.9 Comparison of multi-temporal SPAD prediction maps generated with PLSR coupled 
with band predictors, random forest and GPR squared exponential models, using vegetation 
indices predictors (lower panels). True color-balanced pictures of a showcase plant (upper 
panel) depict changes throughout the growing cycle. The colored bar represents the estimated 
SPAD values in the range between 20 to 70 units. 



 

 

133

 

 

3.5.6 Important features 

In addition to the retrieved SPAD maps, another useful output to examine from 

the selected methods is the importance of the features estimated by each 

approach while fitting the models. Feature selection approaches used for 

dimensionality reduction (DR), allow for the determination of each predictor's 

relevance in any particular model by scoring the features with a relevancy 

metric. They also help to better understand the dynamics between dependent 

and independent variables and enable a subset of less redundant features that 

could lead to model improvement (Mladenić, 2006) . 

 

The PLSR, random forest, and GPR approaches include feature selection 

mechanisms in their architecture to score the band and VI predictors base on 

their relevance towards the SPAD variable (Section 3.4.2, Section 3.4.4, and 

Section 3.6). Various metrics are reported in each model: for instance, feature 

importance for the random forest, weakness index for GPR, and weight index 

for PLSR (Figure 3.10). The PLSR weights are retrieved for each of the 

components used to fit the model, which describes how strongly each 

component depends on the original predictors. The number of components 

(i.e., seven) was tuned by minimizing the error of the predictions through cross-

validation during the training/validation stage (Figure 3.10d). The predictor 

scores were extracted from the three selected models when trained under the 

strategy they perform the best (Figure 3.8). Thus, the fitted models under the 

sequential strategy were used for comparing the spectral bands' metrics, 
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whereas their results under the retraining strategy were gathered for the VIs 

case. 

 

Since each model has its own metric, their predictors' scores cannot be directly 

compared. Thus, we use a quartile classification to rank the top features of each 

method, where each quartile contains 25% of the total predictors. For PLSR 

(Figure 3.10d) and random forest (Figure 3.10c), the highest quartile (Q3) was 

set as the threshold to denote the most important features, whereas the lowest 

quartile (Q1) was set for the GPR squared exponential (Figure 3.10b) to indicate 

the less weak (or most relevant) variables. A summary of the top predictors 

retrieved by either one, two, or three of the selected methods were highlighted 

(see Figure 3.10a), allowing the identification of those variables that might play 

a physically meaningful role in predicting Chl levels. The spectral information 

contained by the highlighted VIs can be traced in Figure 3.10a. Only three VIs 

contain information from the blue spectral region (~450 nm), followed by a small 

group of VIs that gather information from the green wavelengths (500 nm -550 

nm). However, most of the important indices comprise the information from the 

red edge region (650 nm - 750 nm), and few individual VIs collect the 

information from narrow spectral ranges along the near-infrared (~800 nm, 870 

nm, 970 nm). 
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Figure 3.10 (a) Summary of the top predictors (bands and VIs) that were identified by either 
one (orange), two (yellow), or three (Green et al.) of the selected methods. A quartile 
classification was used to rank the top features of each method. (b) For random forest, the 
highest quartile was set as threshold to identify the most important bands (Q3 = 0.21) and VIs 
(Q3 = 0.27). (c) For GPR squared exponential, the lowest quartile was set as threshold to 
classify the less weak bands (Q1 = 8.02) and VIs (Q2 = 7.16). (d) The predictor weights were 
retrieved for the first seven components used to fit the PLSR model. The highest quartile was 
set as the threshold to denote the most relevant bands (Q3 = 0.48) and VIs (Q3 = 0.04). 
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A combination of both individual bands and band ranges were identified as the 

most relevant for each model (Table 3.3). Groups of continuous bands 

comprising less than ten nanometers spectral range were counted as a single 

variable around the central band. For instance, the bands around 405 nm were 

identified as relevant by random forest and GPR, but weighted low by PLSR, 

although with a broader range for the random forest (i.e., 400-410 nm) where 

Chl-a is highly absorbed. The spectral variables between 450 nm and 490 nm 

were ranked as relevant by all the methods, coinciding with the most substantial 

Chl-b absorption. Bands from the green spectral range (i.e., 530 nm and 590 

nm), where Chl reflectance peaks, were also highlighted as relevant by random 

forest and GPR, but not highly weighted by the first and seventh PLSR 

components. Towards the red wavelengths, random forest identified two 

narrow ranges (i.e., 610 nm and 620 nm), that agreed with GPR and PLSR in 

the Chl-a and Chl-b absorption crest (i.e., 650-670 nm). From 690 nm to 750 

nm, the red-edge region was also highlighted as relevant by all models, 

although GPR identified two specific ranges: one spanning from 695-710 nm at 

the beginning of the red-edge, and another from 720-760 nm, where the red-

edge inflection point shifts accordingly to Chl content. The three methods 

identified a critical thin region between 760-770 nm at the end of the red-edge. 

Near-infrared (NIR) bands indicated variable relevancy levels among the 

methods: PLSR highly ranked the region between 800-830 nm, while the flat 

sill on the plant reflectance spectra (i.e., 910-1000 nm) was identified by 

random forest and PLSR, whereas GPR highlighted the very end of the NIR 

(i.e., 980-1000 nm). 
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Table 3.2 Relevant bands and VIs retrieved by the three selected models: random forest, GPR 
and PLSR. The fitted models under the sequential strategy were used for comparing the 
spectral bands, whereas their results under the retraining strategy were gathered for the VIs 
case. Consecutive bands are comprised in spectral ranges accordingly to Figure 9a. 
 

 

A total of fifteen VIs were scored as relevant by each method (Table 3.3 and 

Figure 3.9). From the greenness indices, PLSR identified two of the broadband 

VIs (i.e., SRI and LAI) as significant and corresponding with random forest in 

selecting the narrowband red-edge position index REPI4. However, random 

forest highlighted two other indices of this category as relevant (i.e., VREI1, 

VRE2). The light use efficiency indicators (PRI and SIPI) were considered by 

GPR and random forest as critical, while the senescence index (PSRI) was only 

highlighted by random forest. In contrast, the stress-on-pigments production 

indices were highly scored by the three methods (i.e., CRI1, CRI2, ARI1, and 

ARI2). The water content index (WBI) was classified as relevant by the GPR 

and the PLSR models. From the fifteen leaf Chl indices, random forest selected 

four of them (i.e., MTVI2, TCARI, GNDVI, and NDCI1), GPR selected just one 

(Savitzky & Golay), while the PLSR model selected three (i.e., MCARI, 

Model 
Relevant 

bands 
Relevant 

VIs 
Model 

Relevant 
bands 

Relevant 
VIs 

Model 
Relevant 

bands 
Releva
nt VIs 

Random  
Forest 

400-410 VREI1 

GPR 

405 PRI 

PLSR 

420-480 SRI 

450 VREI2 445-450 CRI1 540-590 LAI 

490 REPI4 460-470 CRI2 650-670 
MRESR

I 

510-540 SIPI 530-540 ARI2 690-710 REPI4 

550-570 PSRI 550-580 WBI 760-770 CRI1 

610 CRI1 640-650 SAVI 800-830 ARI1 

620 CRI2 655-660 VREDI 930-940 WBI 

660 MTVI2 695-710 REPI1 980-1000 MCARI 

690-710 TCARI 720-760 REPI2  MCARI/
OSAVI 

770 GNDVI 765-770 EGFN  NDCI2 

790 NDCI1 980-985 Datt  Datt 

800 D720 990-1000 DPI  DSR2 

890 EGFN  FDNDVI  FDNDVI 

910-950 Datt  AUC  ANMB 

960-1000 DSR1  ANMB  LPSDI 
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MCARI/OSAVI, and NDCI2). From the derivative-based leaf Chl indices, all the 

methods highlighted the Datt index as critical, although random forest identified 

three more (i.e., D720, EGFN, and DSR1) and GPR identified another two (i.e., 

DPI and FDNDVI) - coinciding with PLSR in selecting the FDNDVI index. 

Finally, GPR and PLSR both identified ANMB from the continuum removed-

based indices, whereas only GPR highlighted the area under the curve index 

(AUC) and the leaf plant stress detection index (LPSDI).   

 

The feature importance analysis was extended to the models trained with the 

subset of 145 bands (i.e. the source of the VI predictors) to investigate how the 

feature selection operates on a smaller dataset.  The same training strategies 

and ML approaches were used to retrieve, score, and classify the 145 selected 

bands, following the rationale presented previously (in Figure 3.11). For random 

forest (Figure 3.11a) and PLSR (Figure 3.11c), the third quartiles (Q3=0.19 and 

Q3=0.6, respectively) define the minimum threshold to identify the relevant 

bands, whereas for GPR (Figure 3.11b), the first quartile (Q1=10.01) sets the 

maximum limit to classify the less weak features. 
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Figure 3.11 Feature importance plots for the 145 bands subset. The quartile classification was 
used to rank the top features of each method. (a) For random forest, the third quartile threshold 
identifies the most important bands (Q3 = 0.19). (b) For GPR squared exponential, the first 
quartile classifies the less weak bands (Q1 = 10.01). (c) The predictor weights were retrieved 
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for the first seven components used to fit the PLSR model, and the third quartile defines the 
most relevant bands (Q3 = 0.6). The relevant bands linked to one or more VIs were counted 
per VI and model under both band datasets: (d) using all bands, (e) using the selected 145 
bands.  

 
Table 4.3 summarizes the relevant bands and spectral ranges identified from 

the 145 bands subset (Figure 4.11). For the random forest case, several 

individual features (10 bands) and two spectral ranges (marked with an asterisk 

in Table 4.4) coincide with the relevant features presented in Table 4.3. For the 

GPR squared exponential case, three spectral ranges (665-680 nm, 695-705 

nm, 730-740 nm) and one individual band (970 nm) matched the features 

identified in Table 4.3. In contrast, for the PLSR model, only three spectral 

ranges (445-505 nm, 700-710 nm, 762-770 nm) were common between both 

band-based cases. 

 

Table 3.3 Relevant bands from the 145 band subset retrieved by the three selected models: 
random forest, GPR and PLSR. The fitted models under the sequential strategy were used for 
comparing the two sets of spectral band predictors; the common relevant bands between them 
were marked with an asterisk.  
 

 

The relevant bands in Table 4.3 and Table 4.4 were used to trace the VIs that 

could be calculated from them, allowing an examination of the amount of 

spectral information that each index could comprise compared to the actual 

relevant VIs identified by the models. The number of relevant bands that could 

be used to estimate each VI was accounted for each model and set of 

predictors (all bands, selected bands).  

Model Relevant bands 

Random 
Forest 

445* 470 475 510* 515-525* 531* 536* 540* 560* 570* 585 
615

* 

626-630 660* 
665 – 
670 

680 695-715* 726 747 760-765 783 880 900 
970

* 
GPR 

Squared 
Exp. 

430 475 520-530 585 665-680* 
695-
705* 

715 
730-
740* 

762 
770-
800 

860 
970

* 

PLSR 445-505* 590-605 640-655 
700-
710* 

762-770* 900 970      
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For the all bands case (Figure 4.11d), the relevant bands could be partially 

covered by most of the VIs, except for the PSRI, NDCI1, and D720, which 

registered zero bands. Other indices that were not traced by the relevant bands 

include: NDVI, SRI, and NPCI from the random forest model, VREI1, CRI1, 

WBI, NPCI, and FDNDVI from the GPR model, and VREI1, VREI2, CRI1, 

GNDVI, GRVI, and FDNDVI from the PLSR approach. For the selected bands 

case (Figure 4.11e), most of the VIs could partly contain the information 

explained by the relevant bands, except for the D720 and FDNDVI indices. 

Other indices not traced include: NDVI, SRI, VREI1, GNDVI, GRVI, NDCI1, 

D703, and D720 from the random forest model, CRI1 from the GPR model, and 

NLI, VREI1, VREI2, PRI, MCARI2, MTVI, MTVI2, GNDVI, NPCI, GRVI, NDCI1, 

and NDCI2 from the PLSR model. 

 

3.6 Discussion  

3.6.1 Sequential vs. retraining learning  

Modeling biophysical dynamics such as leaf Chl content throughout a crop 

growing season requires treating plant traits as continuous processes across 

time, which can be accounted for through implementing sequential and 

retraining learning strategies. Sequential learning is a common practice in 

remote sensing, wherein the full observed series is used to fit a single model 

either to gather a sufficient number of observations to split into test, training, 

and validation data (Dietterich, 2002), or because it is assumed that the 

relationships between the prediction features and the independent variable 

remain fixed through time. In contrast, the retraining strategy uses a loop to 
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learn a model progressively as new data is collected. Deciding whether to follow 

one or the other relies on the modeling problem and the data itself, since both 

are data-driven strategies after all. In this study, we followed a simple and useful 

diagnostic suggested in the machine learning literature by examining the target 

variable distribution (Sculley et al., 2014). 

 

Leaf chlorophyll content and reflectance response change significantly through 

time, which is evident in this study by analyzing the distributions of sampled 

SPAD and spectral data (Figure 3.4a). Hence, the correlation between SPAD 

and predictors, either by bands or VIs, varies across time as well. The temporal 

distribution of the SPAD validation dataset can be used as a reference to 

assess the coherence of the SPAD retrievals (Figure 3.8). For instance, 

differences between the distribution of the SPAD predictions and the validation 

reference (Figure 3.8a) resulted in poor model performance under the 

sequential learning strategy (Figure 3.7a), suggesting the benefit of evaluating 

a different approach such as the retraining learning. In doing this, the accuracy 

metrics (MAE, RMSE) estimated for each of the learned models can be used 

jointly to determine the best candidates to retrain (i.e., PLSR, random forest, 

GPR squared exponential). That is, the retraining loop should operate using the 

selected algorithms by starting from the first dataset (i.e., t=1), then re-running 

the fitting process on the next training datasets (i.e., t=2, t=3), but using the 

previously fitted predictor variables and hyper-parameters. In this way, the 

model is updated as new training data is used in the learning process, and 

predictions are estimated accordingly. 
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The predicted SPAD maps averaged at a plant level and retrieved under the 

retraining strategy (Figure 3.7b) are coherent with the SPAD distributions of the 

in-situ validation dataset (Figure 3.8b). Such a result demonstrates the 

capability of the selected models to learn from in-situ data using a retraining 

routine, and thereby enhances the capacity to turn UAV-based hyperspectral 

imagery into valid multi-temporal SPAD maps. It also proves the capability and 

flexibility of the retraining strategy to capture temporal dynamics in chlorophyll 

levels from time series of hyperspectral imagery by fitting multi-temporal 

regression models and advancing, for instance, uni-temporal approaches that 

develop individual growth-stage models (Aasen & Bolten, 2018). Such a 

strategy also offers a solution to open questions raised in some related studies, 

where sequential learning was implemented to map Chl series from satellite 

(Houborg & McCabe, 2016) and UAV (Vanbrabant et al., 2019) hyperspectral 

images, and advising further investigation in learning regression approaches 

capable of capturing subtle temporal dynamics linked to short-term variations 

in plant traits.  

 

The comparative SPAD distribution analysis using validation data can 

complement the accuracy metrics (MAE, RMSE) to assess how the selected 

regression algorithms handle the temporal dynamics and trends. Most of the 

selected algorithms performed significantly better under the retraining learning 

strategy than under the sequential one, although the goodness-of-fit (R2) 

estimated from the training/testing dataset can be affected as new training data 

is introduced. Further experiments can be conducted to incorporate a time 

component (i.e., hyper-parameter, kernel) in the regression algorithms 



 

 

144

 

definition, which can be fully dedicated to capturing temporal correlations, and 

non-stationary behavior associated to Chl content dynamics. One candidate to 

consider for advancing more specialized modeling structures is the Gaussian 

process, which can be composed of temporal, in addition to spectral covariance 

kernels, as already demonstrated by other applications in modeling solar 

irradiation predictions (Camps-Valls et al., 2016). 

 

3.6.2 Leaf Chl retrieval using spectral bands vs. vegetation indices 

Predictor or feature transformation is a critical task in any machine learning 

framework, especially when involving datasets comprising of hundreds of 

variables. This aspect should be carefully reviewed before fitting any model by 

evaluating the types of variables that are part of the dataset and exploring 

possible transformations and reductions to optimize the model performance 

(Guyon & Elisseeff, 2003). In this study, three particular elements can be 

highlighted regarding evaluating VIs as transformed variables out of reflectance 

spectral bands. First, using VIs slightly improves the goodness-of-fit and 

prediction accuracy of different types of ML models. Second, the VI predictors 

approach provide an alternative way to use spectral variables without affecting 

the capturing of temporal dynamics. Third, hyperspectral VI predictors add 

specific biophysical background to the training knowledge, hence enriching 

model interpretability.  

 

Few studies in the literature have explored multivariate regression algorithms 

to retrieve Chl content or SPAD levels using VI predictors derived from 

hyperspectral datasets. Linear regressions (Qi et al., 2020), ensemble of trees 
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such as random forest (Shah et al., 2019), or Cubist (Houborg & McCabe, 2018) 

have been combined with different types of VIs, reaching more accurate results 

than univariate regressions, or than using spectral bands as input features. In 

this study, a comparative evaluation of seventeen different ML regression 

algorithms was performed, using three different sized sets of predictors: 272 

spectral bands, 60 VIs (oriented towards greenness and pigment-content 

metrics), and the 145 selected bands used to calculate the VIs. Based on R2 

results (Figure 3.6), most of the models (i.e., all except for the SVR model) were 

better fitted when trained with VIs than when using the two sets of spectral 

bands. Although higher R2 scores were achieved when using all bands as 

predictors than the 145 selected bands (i.e., all except for the PLSR model). In 

terms of accuracy, MAE and RMSE results do not show significant differences 

(i.e., 1-2 SPAD units) when using one or the other set of band predictors, but 

higher accuracies (i.e., up to 3 SPAD units below) were reported when using 

the VI features. Indeed, these results follow what has been suggested in other 

studies regarding the low (or no) impact of the number of variables in the 

accuracy estimates, but rather the importance of identifying the marginal effect 

of the explanatory variables in the dependent variable (Alin, 2010). 

 

Maximizing predictive power while minimizing features dimensionality is aimed 

towards optimizing machine learning modeling, especially when hundreds of 

highly correlated input variables are involved (i.e., adjacent hyperspectral 

bands). Dimensional reduction can be made via pruning spectral bands or 

transforming them into new variables related to plant biochemical traits (as is 

done herein). (Feilhauer et al., 2015) assembled different regression 
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techniques to prune bands based on regression coefficients (R2) and metrics 

that measure band importance, managing to reduce predictors to dozens of 

chlorophyll absorption channels within the range of 500 to 750 nm. The same 

spectral region was fully covered in our study by 15 derivative and continuum-

removal based VIs that also inform on Chl content. If we apply this pruning 

approach to our dataset, it would require approximately 110 bands (Figure 3.2) 

to train the models, which is still a large number compared to the available 

observations (i.e., three samples per plant and 36 plants, for a total of about 

108 samples per campaign), leading to the question: what is the impact of not 

having much larger samples than predictors? A clear example of the impact is 

evident in the performance of the multivariate linear regression approach 

presented in this study (Section 3.5.2, Section 3.5.3). When observations do 

not sufficiently exceed the number of predictors, the least square cost function 

may overfit the training set, consequently producing poor retrievals. While the 

other algorithms can cope with this dimensionality issue, a lower-dimensional 

dataset is desired to improve the computational efficiency of the workflow, and 

thus feature transformation is a suitable alternative to follow.  

 

Rivera-Caicedo et al., 2017 have investigated some feature transformations 

through dimension reduction approaches that project the n original predictors 

into an m-dimensional subspace (i.e., m < n), such as principal components 

transformation and partial least squares (PLSR), among others. Although some 

of their trials led to better-fitted models than using all bands, only slight 

improvements were achieved in terms of accuracy. Similar results were 

reached in our study when comparing the different ML methods against PLSR 
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(Table 3.2; Figure 3.6). PLSR reached the best fitting and accuracy scores 

under the sequential strategy by using band predictors; however, it was 

exceeded by the random forest and GPR squared exponential models when 

using the VIs features under the retraining strategy. Multicollinearity causes this 

performance by increasing the vulnerability of the predictor weights to vary 

whenever there is a small change in data, resulting in unstable model 

performances. Based on the ML algorithm designs (i.e., their mathematical 

formulations), some are inherently able to handle multicollinearity better than 

others. For instance, random forest deals well with large dimensional problems 

due to its pruning strategy, which uses bootstrapping and feature sampling to 

pick different sets of data and features, and estimate relative importance while 

training each tree (Section 3.4.5; Figure 3.10b). Alternatively, GPR kernels are 

coupled with a length scale parameter that measures how strong is each 

predictor variable in a model (Section 3.4.6) (Figure 3.10c). Through such 

feature engineering methods it was possible to perform a comparative analysis 

to account for coincident relevant variables identified under each approach 

(Figure 3.10a). However, although few VIs and spectral ranges were classified 

as relevant by all three methods, results could still be affected by 

multicollinearity, especially when features reach similar scores, leading to 

difficulties in ranking their importance. Developing reduction and transformation 

dimensionality approaches for hyperspectral data, while retaining the most 

information, remains a challenge (Thenkabail et al., 2018). As such, new ways 

to construct alternative prediction variables require continued investigation. 
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VIs can be considered as a transformed version of the spectral bands that 

involve known relationships between spectral response and biophysical traits, 

and hence, are suited to track temporal dynamics along the phenological 

growth stages. At first glance, such patterns are traceable in our results. For 

instance, evident Chl level changes at a plant level through the growing season 

(Figure 3.9), estimated by retraining random forest and GPR squared 

exponential coupled with VI features. Moreover, similar multi-temporal SPAD 

retrievals were achieved using all of the bands under the same strategy (Figure 

3.7b). Such agreement among methods reveals that VIs can be used 

alternatively as predictor variables. Even more, an exhaustive comparative 

analysis on the importance of the predictors (Section 3.5.6) allowed us to trace 

the spectral information in the most relevant bands and indices (Table 4.3, 

Table 4.4),  used to fit each model (Figure 4.10, Figure 4.11). This revealed that 

although most of the assessed indices contain the same spectral information 

covered by the relevant bands, VIs transform the spectral data into new 

explanatory variables. As such, the VIs approach should be considered as a 

feature transformation strategy more than a dimensionality reduction method, 

with the advantages of providing interpretable results and being straightforward 

to implement in production.   

 

3.6.3 Which non-parametric model to use for multi-temporal retrieving 

leaf Chl content? 

Considering the capacity of a wide gamut of non-parametric ML methods to 

learn from in-situ observations and translate large hyperspectral datasets into 

biophysical information, the present study sought to examine the most 
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commonly used types of supervised algorithms (Verrelst et al., 2019). Models 

from five different general approaches were trained, including some variations 

with different kernels, in order to compare their performance under different 

training routines, with varying input predictors, and changing number of 

observations (Figure 3.3). Beyond indicating which, if any, particular method 

could be identified as being the best in estimating Chl metrics from high spatial, 

spectral and temporal data, some findings can be highlighted for the non-linear 

approaches (i.e., SVR, decision trees, ensembles of trees, GPR) base on the 

data characteristics of this study, the learning strategies, and the subsequent 

results.   

 

One of the explored methods was support vector regression (SVR) using three 

different types of kernels and scales: linear, second, and third-degree 

polynomial, and fine, medium, and coarse Gaussian. Our results showed that 

SVR linear was the best performing kernel when using the 272 reflectance 

bands as predictors, although retrieving poorer results when the number of 

predictors was reduced to 60 VIs. Such behavior suggests that SVR algorithms 

require a preliminary kernel and feature engineering to fit the regression 

relationship. In a previous study, (Malenovský et al., 2017) found that the 

Gaussian SVR outperformed random forest in retrieving total chlorophyll (Cab) 

for Antarctic moss by using uni-temporal UAV-based hyperspectral data at a 

sub-decimeter resolution, training with continuum-removed bands as 

predictors, and advising to optimize feature selection if intending to use fewer 

predictors.  

 



 

 

150

 

Simple decision trees were also evaluated by setting three different leaf sizes 

(i.e., coarse, medium, fine) to prevent overfitting and bias error. Decision trees 

have rarely been explored in hyperspectral applications, since ensembles of 

trees are more commonly used. The best performing and more accurate out of 

the three configurations was the medium tree algorithm under the retraining 

strategy. However, this model led to poor results under the sequential learning 

approach (Figure 3.6). Although decision trees are simple and computationally 

fast, high variance in the training dataset can weaken estimations. Considering 

our input data varies and follows different distributions across time, it is 

reasonable to conclude that the single tree could not cope with the high 

variability of the entire data series under the sequential learning. In contrast, 

the same tree reached comparable results to an ensemble of trees when it was 

retrained time by time, dealing with the individual variations of each stage. This 

behavior is clearly shown in the SPAD averaged maps in Figure 3.7, and the 

comparison of distributions using the validation data in Figure 3.8. 

 

Another regression approach explored in this study was the ensemble of trees, 

which is an advanced version of decision trees that combines a group of trees 

to obtain a more robust model. Two general algorithms of ensemble trees (i.e. 

boosted and bagged), were tested in this study by training multiple individual 

medium trees (i.e., ntrees = 60). Specifically, the random forest was explored 

from the bagged approach, which in general outperformed the boosted 

ensemble, reaching higher accuracies and better-fitted regressions (Figure 

3.6). However, some of these differences were minor: for instance, when using 

VI predictors under sequential learning, and for the first and fourth stages under 
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retraining learning, which suggest both methods are suitable for modeling and 

retrieving multi-temporal Chl content dynamics. The choice of random forest 

over boosted trees was based on ease of use, since it relies on less tuning 

parameters than boosted ensembles, and is less prone to overfit when training 

highly variable or noisy data (Breiman, 2001). It is advised to perform a 

comparative analysis by training both algorithms, carefully tuning the shrinkage 

or learning rate parameter in boosting trees, which is decisive in its 

performance. Similar results have been reported in studies that followed a uni-

temporal or sequential learning strategy (Shah et al., 2019), finding slightly 

improved accuracies (i.e., from 5.5 to 3.5 µg·cm−2 in the RMSE) and better-

fitted models (i.e., up to 0.89 to 0.95 units in the R2) when training random 

forest with VIs than when using a full suite of field spectral bands. However, 

despite the improved metrics reached by the VI-based model, we found better 

validation distributions across time when using the band-based model (Figure 

3.8a). In contrast, random forest retrievals and validation distributions did best 

with the retraining learning routine. However, the similar estimates produced by 

the medium tree suggest that random forest should be optimized by increasing 

the number of trees, or by exploring alternative feature engineering techniques 

(Rivera-Caicedo et al., 2017). 

 

Finally, we also examined one of the most promising approaches in 

hyperspectral remote sensing data analysis: a Bayesian kernel-based method 

referred to as Gaussian process regression (GPR) (Camps-Valls et al., 2016). 

Four different kernels or covariance functions were compared within this 

particular modeling framework: exponential, squared exponential (SE), Matern, 



 

 

152

 

and rational quadratic, with all of them integrated with a maximum likelihood 

technique for auto-tuning their parameters. Any of these covariance functions 

captures the similarity between pairs of observations under the assumption that 

if the input predictors are close to each other, it is expected that their SPAD 

values will also be close. Although marginal differences were found amongst 

the tested formulations in terms of accuracy with MAE and RMSE 

discrepancies below 2 SPAD units, the SE kernel stood out from the rest by 

achieving up to R2 scores that were 0.1 units higher (Figure 3.6). Moreover, the 

assessment metrics for the SE kernel outperformed most of the models 

examined in this study: only barely surpassed by random forest in some trials 

using VI predictors and retraining learning. However, an interesting finding 

developed from the GPR uncertainty maps (Figure 3.7) and the validation 

distributions (Figure 3.8) regarding some inconsistencies in the prediction 

series. SE estimates were associated with high uncertainties when using VIs 

under sequential learning (~10-15 SPAD units), and for the third and fourth 

stages when using band features under the retraining routine (~10-12 SPAD 

units). Accordingly, distributions of the same trials showed discrepancies 

between the estimates and actual SPAD values from the validation samples, 

indicating that the GPR model should be subject to optimization routines 

(Rivera-Caicedo et al., 2017; Verrelst et al., 2016), despite its flexibility and 

robustness to deal with multi-temporal hyperspectral data. 

 

Few studies in the vegetation spectroscopy literature have extensively 

compared GPR with other non-parametric regressions (Ashourloo et al., 2016). 

In two notable examples, Verrelst et al., 2012 and Rivera et al., 2014 found SE 
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kernel performance exceeded decision trees, neural networks, support vector 

regression, and kernel ridge methods. To date, most of the ML implementations 

in hyperspectral applications have tended towards random forest 

implementations to retrieve biophysical variables (Shah et al., 2019; 

Vanbrabant et al., 2019). Based on this previous research and the analysis 

above, the GPR squared exponential and random forest was moved to 

production in the last stage of our workflow, in order to plot the multi-temporal 

SPAD maps at a pixel level, and including the uncertainty maps produced by 

GPR, which provides an additional level of information regarding the quality of 

the estimates. Further analysis based on deep learning and neural networks is 

recommended to compare their performance against GPR and random forest 

under the same dataset. 

 

3.6.4 Practical considerations on the leaning workflow for Chl retrieval  

In general, any non-linear machine learning approach can be implemented to 

model multi-temporal vegetation biophysical traits and to retrieve biochemical 

parameters such as Chl content or SPAD levels. However, considering each 

model has its own architecture, different strategies and techniques should be 

explored in order to ensure the efficiency, accuracy, and transferability of model 

selections. The first general task to pursue in a machine learning framework 

should include an exploratory comparative assessment of different models 

within the training workflow, using the full training/testing and validation data, 

but predicting over a sub-set of new data. Numerous learning libraries and 

toolboxes (Rivera et al., 2014) are available for both open-source and 

commercial applications, including multiple regression algorithms that can be 
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easily implemented to run a preliminary comparative analysis as soon as the 

first collection of data is available. (Verrelst et al., 2019) provide an extensive 

review of state-of-the-art retrieval methods in the context of hyperspectral 

remote sensing that can be considered as candidates to examine. Selecting 

the methods to further explore should rely on the data characteristics, such as 

spatial, spectral, and temporal resolution, and the number of ground-truth 

samples available.  

 

For chlorophyll monitoring applications specifically, non-destructive in-situ 

sampling can be conducted by using chlorophyll meters that provide a relative 

indicator of leaf Chl content (i.e., SPAD), which can be considered as the 

dependent variable to estimate. However, if the formulations to translate 

relative units to physical units (i.e., μmol m−2) are available, it is advised to 

translate the data and use Chl content as the dependent variable to estimate 

(Parry et al., 2014).  It is also preferable to use field spectra data to train and fit 

the models, assuring its comparability with the UAV hyperspectral imagery, 

which has to be radiometrically calibrated and processed in advance (Angel et 

al., 2020). For structurally vertical, complex, and mixed species e.g., orchards 

or cereals, it is also essential to include BDRF corrections (Aasen & Bolten, 

2018). If field spectra data are not available, it may potentially be replaced by 

synthetic spectral datasets generated through inverting radiative transfer 

models, although field data is necessary for validation (Feilhauer et al., 2015). 

 

A final consideration for successfully retrieving multi-temporal Chl metrics relies 

on quality assessment tasks. Ensuring sufficient observations to split between 
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training, testing, and validation will improve not only the learning routines but 

also the assessment and model selection stages. In particular, validation is a 

decisive phase in the machine learning workflow, and it can be performed by 

cross-validation when few data are available – although a thorough accuracy 

assessment should be performed on new data, which has not previously been 

used to train or test the models. When multi-temporal data is involved, poor 

results can be overlooked if evaluating the validation dataset across time is 

skipped.  Since phenotypic data is dynamic (i.e. it changes over time), modeling 

should be treated as a continuous process by periodically retraining and 

validating the models, particularly if the new incoming data distribution varies 

significantly from the first dataset. Such a phenomenon is known as model drift 

in machine learning literature (Webb et al., 2016) and has to be continuously 

assessed through different metrics. Complementary to analyzing quality 

metrics (i.e., RMSE, MAE, R2), some algorithms like GPR can provide the 

uncertainty associated with each prediction, allowing uncertainties to be 

mapped together with model estimates. Accounting for uncertainties associated 

with SPAD retrieval is of particular interest, since small variations in SPAD units 

will lead to exponential variations in the actual Chl content (Parry et al., 2014). 

Multiple evaluation techniques can be further explored to assess different 

metrics and make improvements accordingly until accurate and coherent 

results are obtained.  

 

3.7 Conclusion  

A machine learning workflow for mapping leaf chlorophyll content across a crop 

cycle, using ultra-high resolution UAV-based hyperspectral imagery, in-situ 
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collected SPAD observations and field-based spectra, was developed. The 

workflow evaluates a range of model scenarios in order to determine the best-

performing methods, based on the production of accurate and coherent multi-

temporal retrievals. Three specific conditions were explored: a sequential 

versus retraining learning strategy, using individual spectral bands versus a 

collection of pigment-based VIs as predictors, and an intercomparison of five 

different machine learning approaches, including some variations and kernel 

formulations that accounted for a total of seventeen different models. The 

analysis also included the subset of bands used in the formulations of the 

studied VIs, in order to investigate the capabilities of VI predictors in explaining 

the SPAD variable compared to the spectral band features. The collection of 

in-situ data was split into a training/testing subset that was used to fit the models 

through cross-validation and estimate R2, and also a validation subset that was 

employed to assess the accuracy of the models via RMSE and MAE.    

 

It was determined that a retraining learning strategy, whereby a model is 

updated as new data becomes available, proved superior in capturing the 

temporal dynamics of SPAD-based Chl. In contrast, if models are trained using 

the full data series at any instance in time (i.e. a sequential learning strategy), 

only a few model combinations were able to yield results close to the validation 

data. Importantly, the Chl-level changes over time vanished. It was determined 

that the best combination of training conditions was achieved by coupling 

sequential learning with spectral bands, and retraining learning with VI 

predictors. However, given the link that VIs establish between plant traits and 

spectral responses along the phenology stages, VI predictors may be preferred 
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over spectral bands in order to add interpretability to the models without 

deteriorating their performance or accuracy. In this direction, PLSR, the family 

of GPR models and random forest were selected as the most promising 

approaches to optimize and estimate the SPAD predictions. Overall, PLSR and 

GPR squared exponential outperformed the other models in terms of accuracy 

and goodness of fit when operated under the sequential and retraining 

strategies, respectively. However, random forest estimates were closer than 

GPR to the actual validation data distribution, which was used as a reference 

to evaluate the multi-temporal coherence of the results. An additional 

assessment element is provided by uncertainty metrics that are included as 

part of the GPR results. A filtering of the most relevant predictors (bands and 

VIs) resulted from the inherent feature importance mechanisms of the PLSR, 

random forest, and GPR approaches. By scoring and classifying the predictors, 

the selected models reached some agreement on strong individual bands and 

VIs that highlighted a few decisive spectral ranges and indices useful for 

retrieving Chl levels. 

 

While a comprehensive assessment of factors contributing to model accuracy 

and performance were evaluated herein, there remain several further 

opportunities to advance upon the evaluated approaches, considering the wide 

range of learning strategies, optimization, and assessment techniques 

available in open source and commercial applications. Of particular note, there 

is a need to develop approaches capable of capturing non-evident relationships 

within large, high-spectral, -temporal, and -spatial datasets, and solving 

prediction problems even under limited in-situ training data. As data-collection 
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technology evolves, producing ever-larger volumes of data, identifying how 

best to retrieve accurate informatics in a timely and efficient manner is an area 

of critical and much needed research interest. If such techniques and 

approaches are not developed, we risk being overwhelmed by information, 

thereby losing the capacity for process insight and knowledge advancement. 
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3.8 Supplementary information  

Supplementary Table S1. List of vegetation indices (VIS) 
 

# Name VI Formulation Group 
Referen

ce 

1 

Normalized 
Difference 
Vegetation 

Index 

NDVI 
860 650

860 650

R R

R R




 

Broadba
nd 

Greenne
ss 

Rouse et 
al., 1917 

2 Simple Ratio 
Index 

SRI 
860

650

R

R
  Birth et 

al., 1968 

3 
Non-Linear 

Index NLI 

2
880 670
2
880 670

R R

R R




 
 Goel et 
al., 1994 

4 

Visible 
Atmospherically 
Resistant Index 

[green] 

VARI 
555 650

555 650 475

R R

R R R


 

 
 Gitelson 

et al., 
2002a 

5 
Enhanced 
Vegetation 

Index 
EVI    

860 650

860 650 4506 7,5 1

R R

R R R


    

 Huete et 
al., 2002 

6 Leaf Area Index LAI  3,618 0,118EVI   
 Boegh 
et al., 
2002 

7 

Atmospherically 
Resistant 

Vegetation 
Index 

ARVI 
  
  

860 650 470 650

860 650 470 650

R R R R

R R R R

  

  
 

Narrowb
and 

Greenne
ss 

Kaufman 
et al., 
1992 

8 

Red Edge 
Normalized 
Difference 
Vegetation 

Index 

RENDVI 
750 705

750 705

R R

R R




 
 Gitelson 

et al., 
1994 

9 
Modified Red 
Edge Simple 
Ratio Index 

MRESRI 
750 445

705 445

R R

R R




  Sims et 
al., 2002 

10 

Modified Red 
Edge 

Normalized 
Difference 
Vegetation 

Index 

MRENDVI  
750 705

750 705 4452

R R

R R R


  

  Sims et 
al., 2002 

11 
Sum Green 

Index 
SGI 

600

500

N

ii
R

N




 

 Lobell et 
al., 2003 

12 
Vogelmann Red 

Edge Index 1 
VREI1 

740

720

R

R
 

 
Vogelma
nn et al., 

1993 

13 
Vogelmann Red 

Edge Index 2 
VREI2 

734 747

715 726

R R

R R




 

 
Vogelma
nn et al., 

1993 

14 

Red Edge 
Position Index 
(4 Point Linear 
Interpolation) 

REPI3 

670 780
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32 
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et al., 
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et al., 
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38 
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Gitelson 
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 Field phenotyping of plant senescence and salt-stress 
dynamics from ultra-high spatial resolution UAV hyperspectral 
imagery and machine learning 
 
 
 

Chapter 4 presents the integration of one of the machine learning strategies 

selected for the retrieval of SPAD-based chlorophyll in the plant phenotyping 

pipeline (see Chapter 3), showcasing the quantification of senescence and salt 

stress dynamics in a wild tomato species (Solanum pimpinellifolium). The 

within-plant estimated chlorophyll levels were used to analyze the salt-induced 

senescence (SIS) using visual data mining approaches and providing ancillary 

metrics that can be used to identify salt-tolerant candidates in genotyping 

studies. The correlation between growth, senescence and economically 

important primary traits such as biomass and yield was assessed.  

 

The contents of this chapter have been submitted as a research article to the 

journal Frontiers in Plant Science: Angel, Y., Tester, M.,  McCabe, M. F.  (2021). 

Field phenotyping of plant senescence and salt-stress dynamics from ultra-high 

spatial resolution UAV hyperspectral imagery and machine learning. 

______________________________________________________________ 

4.1 Abstract  

Unmanned-aerial-vehicles (UAV), hyperspectral sensing, and machine 

learning are three rapidly evolving technologies that can be used in synergy to 

understand the genetic basis underlying naturally occurring variation in plants. 
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In this study, we explore the integration of these techniques to quantify the 

senescence dynamics of a moderately salt-tolerant wild tomato species 

(Solanum pimpinellifolium) and provide tools to identify productive salt-tolerant 

candidates. Using a UAV-mounted hyperspectral camera, sub-centimeter (i.e., 

7 mm pixel size) datacubes were captured over a field planted with 1200 

seedlings of 199 different accessions, half of which were subjected to salt-

stress treatments. Approximately 3% of the plants were sampled in-situ to 

gather SPAD-based leaf Chl ground truth data after each of 5 salt applications. 

A machine learning framework was implemented to retrieve SPAD levels from 

the remaining plants using 60 biochemical vegetation indices and a Gaussian 

process regression (GPR) approach under a retraining strategy. The R2 

goodness-of-fit decreased progressively from the first (R2 = 0.83) to the 

penultimate collection campaign (R2 = 0.61), before a significant drop in the last 

stage (R2 = 0.32) when the sample size decreased due to plant death. 

Importantly, the model's accuracy was consistent through time, achieving root-

mean-square errors (RMSE) and mean-absolute errors (MAE) between ~2 and 

~5 SPAD units. Salt-induced senescence (Hairmansis et al.) was quantified by 

classifying the senescent and healthy shoot areas per plant based on the 

machine-learning derived SPAD levels. Ancillary metrics (i.e., quadrant position 

and radial distance) derived from Cartesian statistical visualization tools were 

used to track the SIS dynamics after each salt application, identifying common 

patterns in accessions with similar salt tolerance levels. A two-fold correlation 

analysis was performed between the different gathered metrics under both 

treatment conditions. Significant correlations were found between the trait-

based metrics such as total-shoot and senescent areas with shoot-fresh mass 
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(SFM) and total yield mass (TYM). In contrast, significant inverse relationships 

were observed over time between the index-based metrics such as the stress-

tolerance index (STI) and SIS, indicating that senescence might reduce crop 

yield when induced prematurely. The ancillary metrics were strongly associated 

with the salt-tolerant (Salt/Control ratio) indicators across the stress intervals 

and between the treatment conditions, showing the potential of these indicators 

to be included in the field phenotyping pipelines to tracking the dynamics of the 

Chl-based traits. 

 

4.2 Introduction  

To advance productive and resistant crop cultivars that can survive in a 

changing environment or under constrained resources, plant breeders rely on 

phenotyping techniques to map and measure a range of biophysical and 

biochemical traits across a plant's life cycle (Pieruschka & Schurr, 2019). In a 

recent review, (Reynolds et al., 2020) classified field-based phenotyping into 

three broad domains: a “minimum dataset” based on ease of collection and 

use; high throughput phenotyping (HTP), noted for its technical hurdles and 

steep learning curve; and precision phenotyping, which is typically targeted at 

identifying a specific set of traits. Non-destructive sampling and human visual 

assessment are considered accessible approaches, routinely included in 

phenotyping campaigns to quantify plant growth (i.e., height), development 

(i.e., flowering), resistance, and yield traits. While relying on relatively simple 

tools, such efforts can still be both costly and time-consuming. Recent 

advances in remote sensing tools and uncrewed vehicles (UVs), including both 

terrestrial and aerial platforms, are an increasingly common sight in HTP due 
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to their capacity to collect ultra-high-resolution data across a wide range of traits 

(Araus & Kefauver, 2018). Whether it is to measure biochemical and structural 

traits at the canopy or within-plant level,  UAVs coupled with imaging cameras 

or laser scanners can expedite and systematize the 2D and 3D screening of a 

whole field that might otherwise require long and arduous work by hand. 

However, when detailed characterization of primary traits is required for 

genotyping purposes, HTP is complemented with precision phenotyping 

practices that include the destructive sampling of shoots and roots and the in-

situ screening of accessions candidates for breeding.  

 

Plant phenotyping can be directed towards the study of morphological, 

anatomical, biochemical, physiological, or phenological traits (Violle et al., 

2007) while targeting specific scales (i.e., plant, farm, landscape), purposes 

(i.e., agriculture, ecology), and environmental conditions or constraints (i.e., 

water scarcity, soil salinity, extreme temperatures)(Martin & Isaac, 2015). For 

plant breeding-oriented research, numerous contributing traits can be observed 

across the crop development stages, which can then be assessed based on 

economically important traits such as yield or biomass. Some of the contributor 

phenotypes frequently measured due to their genetic traceability and heritability 

include the categories of radiation use efficiency (RUE) and light interception, 

which also comprise the stay-green (or greenness) secondary traits, which are 

directly related to leaf-Chl content as an indicator of foliar senescence (Thomas 

& Ougham, 2014). Several studies have investigated stay-green traits by 

visually rating foliar greenness (Xu et al., 2000), measuring the normalized 

difference vegetative index (NDVI) with active spectral sensors (Christopher et 
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al., 2014) or sampling SPAD Chl levels to determine drought (Harris et al., 

2006), heat (Pinto et al., 2016), and salt tolerance (Shah et al., 2017), and its 

association with crop productivity (Gregersen et al., 2013; Kumar et al., 2010). 

Evidence demonstrating the relevance of leaf senescence in stress response 

has motivated HTP screening of the stay-green traits to assess their dynamics 

for different genotypes and contrasting environments. Indeed, field HTP 

protocols have included sensors covering a broader spectral range to identify 

relevant stay-green and early senescence phenotypes. For instance, 

associations of stay-green traits with grain yield have been reported using 

ground-based platforms (Kipp et al., 2014), coupling crop models with 

secondary greenness vegetation indices (VIs) retrieved from either UAV-based 

multispectral imagery (Cerrudo et al., 2017; Liedtke et al., 2020), or deriving 

indicators from high-resolution hyperspectral airborne imagery (Gonzalez-

Dugo et al., 2015) to enrich the knowledge gathered from the commonly used 

NDVI. 

 

Leaf Chl content is one of the most critical indicators of senescence and plant 

stress. Numerous studies have explored its retrieval via hyperspectral remote 

sensing across the plant developmental stages (Aasen & Bolten, 2018; 

Vanbrabant et al., 2019). Four main Chl retrieval approaches have been 

reported in the literature and include the use of vegetation indices, machine 

learning regression, radiative transfer models (RTM), and hybrid methods 

(Verrelst et al., 2019). Vegetation indices are parametrized formulations 

designed to express the empirical relationship between observed broad or 

narrow band spectral features (ratios, inflection points, derivatives, absorptions) 
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and specific structural, biochemical, and physiological traits. For instance, more 

than sixty different VIs, comprising information from the spectral range between 

the visible to the near-infrared wavelengths (400 – 1000 nm), have been shown 

to be highly correlated with leaf and canopy Chl content across many different 

plant species (Thenkabail et al., 2018). However, although VIs are widely used 

as indicator variables, employing individual indices for the direct retrieval of 

plant physiological properties introduces uncertainty and underutilizes 

additional spectral information that could be exploited (Verrelst et al., 2019). An 

alternative is the application of machine learning techniques, which provide a 

mechanism to “learn” the relationships between an observed trait(s) and 

spectral predictors (e.g., bands, VIs). An ensemble of algorithms can be 

trained, tested and validated simultaneously, although just a few account for 

the uncertainty of the retrievals (e.g., Gaussian processes regress; GPR) or 

identify relevant predictors (e.g., partial least squares regression; PLSR,  

random forest, GPR) (Angel & McCabe, 2021). Among the most commonly 

used methods is the random forest, since it is less sensitive to overfit and robust 

to noisy data (Shah et al., 2019). The PLSR has also been widely implemented 

for spectroscopy analysis due to its dimensionality reduction mechanism via 

constructing new and reduced sets of predictor variables or components 

(Capolupo et al., 2015). Recently, Bayesian kernel-based methods such as the 

GPR family have garnered interest in the Earth Observation (EO) field due to 

their ability to provide uncertainty measurements (e.g., confidence intervals) on 

the predictions (Camps-Valls et al., 2016) and out-performing other algorithms, 

including neural network methods (Caicedo et al., 2014). A third general 

approach is the inversion of RTMs that simulate solar radiation interactions 
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within canopies and leaves and its relative orientation to the sensor by 

incorporating traits related to a plants light transmission properties (Kattenborn 

& Schmidtlein, 2019). RTMs are often preferred for their consideration of the 

underlying physics: yet they are often an intense computational approach and 

require ancillary observations to regulate the inversion process (Hernández-

Clemente et al., 2019). More recent advances in hybrid retrieval solutions 

promise to overcome the in-situ sampling limitations, computational efforts and 

provide improved assessment mechanisms (Houborg & McCabe, 2018). 

Examples of hybrid approaches have included simulating data with RTMs to be 

used as training inputs (Berger et al., 2021) or using the growing and extensive 

list of VIs as predictors (Shah et al., 2019) for the retrieval of traits under 

machine learning regression frameworks. 

 

Unlocking the capacity to identify latent phenotypes that reflect an underlying 

biological function using digital tools based on HTP hyperspectral technology 

requires innovative hybrid retrieval solutions. To showcase the integration of 

UAV-based hyperspectral remote sensing into the phenotyping pipeline, we 

explore the use of leaf-level SPAD-based Chl content estimated under a hybrid 

machine learning framework to characterize salt-induced senesce in a wild 

tomato species (Solanum pimpinellifolium). The machine learning workflow 

relies on greenness VI predictors derived from ultra-high-resolution UAV-based 

hyperspectral imagery (400-1000 nm across 272 continuous bands) and 

SPAD-based in-situ observations collected at six developmental stages under 

control and salt stress conditions. The GPR algorithm coupled with a squared 

exponential kernel was used to estimate and map leaf Chl levels and their 
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corresponding uncertainties. Four specific objectives were explored in the study 

and included: (1) examining the use of “stay-green” associated VIs in the 

machine learning-based retrieval of leaf Chl dynamics under induced stress 

conditions; (2) segmenting the within-plant Chl variation to account for natural 

and salt-induced senescence (SIS); (3) evaluating the use of multi-temporal  

SIS distribution across accessions to identify salt-tolerant candidates; and (4) 

assessing the correlation between SIS and economically important primary 

traits such as biomass and yield. 

 

4.3 Materials and methods  

4.3.1 Plant material and seedling nursery  

A diversity panel of 199 wild tomato (Solanum pimpinellifolium) accessions and 

one commercial (Solanum Lycopersicum) variety (Heinz 1706) were used in 

this experiment (Supplementary Table S2). The seeds were obtained from the 

Tomato Genetics Resource Center, University of California Davis, and 

propagated under controlled conditions in the greenhouse of King Abdullah 

University of Science and Technology (KAUST). The Solanum pimpinellifolium 

species, native to coastal areas from northern Ecuador to southern Peru, is of 

high research interest due to its evident robustness under harsh environmental 

conditions, making it a donor candidate for beneficial traits such as salt 

tolerance. The commercial accession was included to compare the salt 

tolerance of the wild accessions (Morton, 2019). The seedling nursery was 

operated under controlled conditions at the KAUST greenhouse. Germination 

was observed between October 4th and 6th, 2017, and plants were moved to 

the field site for transplanting by October 31st.   
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4.3.2 Study site and experimental setup  

The field experiment was conducted over a growing cycle from November 1st, 

2017, to January 26th, 2018, within an 80 m2 plot at the King Abdulaziz 

University (KAU) agricultural research station in Hada Al-Sham (21.7967°N, 

39.7264°E). The site is located approximately 250 m above sea level and 60 

km east of Jeddah, Saudi Arabia (Figure 4.1) and is characterized by a tropical-

arid climate with sandy loam soils and an annual precipitation average below 

100 mm, although no rainfalls were recorded during the season. The minimum 

and maximum day and night temperatures throughout the growing cycle ranged 

between 27°C to 37°C and 12°C to 24°C, respectively. Strong winds were 

observed between December and January, and sandstorm conditions were 

recorded between December 8th and 16th. Four plots, two each for control (C1 

and C2) and saline (S1 and S2) treatments, were arranged to grow 300 plants 

each (i.e., 15 lines of 20 plants), spaced equally at 1.5 m intervals. Three 

replicates per accession were randomly planted per treatment (control, salt), 

accounting for 1200 plants (Johansen et al., 2019). 
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Figure 4.1 UAV-based multi-temporal images of the experimental tomato crop at the KAU 
facility in Hada Al-Sham, Saudi Arabia. Six campaigns were performed between November 
2017 and January 2018. The field is divided into quarters, with two under control (C1, C2) and 
two under salt conditions (S1, S2). Field spectra and SPAD samples were collected for 36 
plants distributed across the plots. Refer to Section 4.3.2 for a detailed description of the salt 
treatments that were administered throughout the study period. 

 

4.3.3 Salt stress treatment  

Dripper irrigation lines along the furrows were connected to four water tanks. 

All the plots were irrigated using low salinity (27 mM NaCl) groundwater prior 

to the salt treatment, after which only control plots (C1, C2) were irrigated with 

the same low salinity source (Figure 4.1). Three irrigation regimes of twice-daily 

water application were imposed over the fields, starting with 10 minute periods 

from 1 to 8 days after transplanting (DAT), then 15 minutes between 9 DAT and 

46 DAT, and 30 minutes after 47 DAT. Salt treatment was administered 

gradually to plots S1 and S2, starting at the same developmental stage (DAT 

14) with 127mM NaCl, then a second treatment at the flowering stage (DAT 34) 

with 197 mM NaCl. Two treatments were applied with 225 mM and 254 mM 

NaCl at DAT 40 and DAT 48, respectively, during the fruiting phase. Finally, the 
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salt concentration was reduced to 183 mM for the final treatment due to 

additional stress caused by the strong winds and applied during the pre-harvest 

stage (73 DAT). 

 

4.3.4 Hyperspectral imagery collection   

Six flight campaigns were conducted throughout the crop cycle to capture key 

development stages. These included establishment (DAT 9), development 

(DAT 16), flowering (DAT 30), fruiting (DAT 36), and two prior to harvesting 

time (DAT 68 and 75) (Figure 4.1). Hyperspectral imagery was collected with a 

Nano-Hyperspec pushbroom camera (Headwall-Photonics, 2020) mounted 

onboard a DJI M600 hexacopter (DJI, 2021), flying at 15 meters above ground 

level with a field-of-view (FOV) of 21.1°, under clear sky conditions around solar 

noon. Raw data was radiometrically corrected following Barreto et al. (2019) 

(Barreto et al., 2019) and geometrically calibrated to produce a georectified 

reflectance datacube per campaign. The datacube had a spatial resolution of 

0.007 m and comprised 272 bands covering the 400 -1000 nm visible-to-near-

infrared spectral range (Angel et al., 2020).  

 

A minimum noise fraction (MNF) transformation was applied to produce an 

additional datacube with bands arranged in descending order based on their 

signal to noise ratio (SNR). The first three MNF bands were used to perform a 

supervised classification to separate the plant shoots from the soil background. 

Then, an automated delineation approach was employed to vectorize the 

classified shoot pixels per plant. 
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4.3.5 Ground-truth data sampling  

Extensive ground-truthing was performed during each campaign at the leaf 

level, including non-destructive measurements of relative chlorophyll content 

(Chl) and reflectance spectra. In these particular cases, the three youngest fully 

expanded leaves on a single shoot were selected at the beginning of each 

campaign. Measurements were carried out on selected leaves from the six 

individuals of six different accessions (i.e., 36 plants and 108 leaflets in total) 

(Figure 4.1) expected to have high, medium, and low salinity tolerance levels 

(e.g., two accessions per level) based on a preliminary field trial (Morton, 2019). 

Eleven of the sampling plants were severely affected by the strong winds and 

died before the last campaign (DAT 75), reducing the number of samples from 

108 to 75 leaflets. Chl level readings were conducted on the reference leaves 

using a SPAD-502 optical chlorophyll meter (Konica Minolta, Japan), recording 

the average of five different locations across each leaflet surface. Reflectance 

spectra were measured using a FieldSpec-4 spectrometer (Analytical Spectral 

Devices Inc., USA) for the same reference leaves, using an 8-degree fore optic 

lens attached to a pistol grip to limit the FOV diameter to 1.5 cm, at a constant 

zenith distance of 10 cm from the leaflet surface and against a black 

background. Five reflectance measurements were averaged per leaflet and 

spectrally resampled from the original spectral range (300 - 2500 nm) at 1 nm 

resolution to the spectral configuration of the hyperspectral imagery (e.g., 400-

1000 nm at 6 nm resolution) (Angel & McCabe, 2021). 

 

During the harvesting stage between January 18th and 26th (DAT 79 – 87), all 

the plants were weighed to record their shoot fresh mass (SFM, i.e., the total 

mass of all aerial tissues, including fruits) and total yield mass (TYM, i.e., the 
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total mass of mature and immature fruit). Fruits were manually picked and 

classified between mature and immature based on their redness and 

greenness, respectively. For TYM measurement, all fruits with a diameter > ~3 

mm were weighted for small plants (SFM < 1 kg), whereas for bigger plants 

(SFM > 1 kg), fruits were selected from a representative subset of the shoot (~ 

1 kg). Overall, TYM was then extrapolated, multiplying the fruit-subset mass by 

the ratio between the total SFM and the SFM of the shoot subset (Johansen et 

al., 2020). 

 

4.3.6 Machine learning framework  

A hybrid retrieval approach, developed in a preliminary study, was followed to 

estimate and map the SPAD-based Chl across the study site (Angel & McCabe, 

2021). The approach consists of a machine learning framework that transforms 

the spectral data into VI predictors and fits a regression model under a 

retraining strategy (Figure 4.2). The learning loop starts with the first dataset 

(i.e., first campaign t = 1), with training and fitting of a model progressively as 

new data is collected. For each iteration (i.e., t = 2, t = 3, t = 4, t = 5, t = 6), the 

hyper-parameters of the model are tuned again, updating the previously fitted 

model and estimating new predictions accordingly. A preliminary comparative 

study between several algorithms was previously performed using a subset of 

the same imagery series, revealing the Gaussian process regression (GPR) as 

one of the best performing approaches, with the additional advantage of 

providing confidence intervals (i.e., 95%) of the predictions. GPR is a Bayesian 

kernel-based method that captures the correlations between predictors through 

covariance functions (or kernels) by measuring the similarity between pairs of 
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observations and assuming that if the input predictors are similar, the 

responses should also be (Rasmussen & Williams, 2005). For this study, GPR 

was coupled with the square exponential kernel (see Section 3.4.7 for details), 

which includes a parameter that informs each predictor's relevance (i.e., VI) in 

the fitted model. 

 

 

Figure 4.2 Machine learning workflow implemented for the retrieval of multi-temporal  SPAD-
based Chl maps. Sixty VIs were used as predictors, with the GPR algorithm coupled with a 
squared exponential kernel selected as the regression method. The learning process operates 
under a retraining strategy whereby the model from the first date (i.e., t=1) is progressively 
refitted as new training data is collected and included in the learning process. See also Figure 
3.3. 

 

The field spectra and SPAD samples per leaflet per time were used as input 

data to trigger the learning workflow. SPAD observations are labeled as 

responses (i.e., yn), and each spectrum is translated into a new set of 60 

vegetation indices (Supplementary Table S1), correlated with leaf and canopy 

Chl content and senescence traits, as previously reported in the literature (Shah 

et al., 2019). Each index expresses the correlation between spectral features 

(e.g., absorption depths, inflection points, curvatures, areas under the curve-

AUC) and specific phenotyping secondary traits. For instance, six broadband 
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and nine narrowband are greenness indicators, three accounts for light use 

efficiency; one is correlated with dryness and senescence, four metrics for leaf 

pigments (e.g., carotenoids), one for leaf water content, sixteen reflectance-

based indices commonly used to monitor leaf Chl, fifteen based on the 

derivative of the reflectance, and five more based on the continuum-removed 

spectra to explore the link between spectral features and leaf Chl responses 

(see Angel & McCabe, 2021 for further details). The set of VIs is labeled as 

predictors (i.e., xm,n), and the data is randomly split into training-testing (80%) 

and validating subsets (20%). The model is fitted with the 80%-subset under a 

cross-validation routine (with five folds), and the goodness-of-fit metric R2 (Eqn. 

4.1) is estimated. The remaining 20%-subset is used to assess the prediction 

accuracy through the root mean square error (RMSE) (Eqn. 4.2) and the mean 

absolute error (MAE) (Eqn. 4.3). Finally, each hyperspectral datacube is 

transformed into a VIs datacube (with 60 layers), then masked with the plant 

delineation layer to exclude soil background (Section 4.3.4) and used as input 

to feed the fitted regression model and retrieve the SPAD predictions at a pixel-

level. 
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4.3.7 Salt-induced senescence index   

Salt stress effects in shoots are observable in both rapid and delayed tempos. 

Among the rapid (or osmotic) phenotypic effects are stomatal closure, reduced 

transpiration, and decreased growth rates, whereas delayed or gradually 

developed effects occur with sodium accumulation, causing photosynthesis 

damage and exhibiting early senescence (Morton, 2019; Munns & Tester, 

2008). However, to measure the impact of an applied source of stress like 

salinity, it is necessary to differentiate between induced stress and its relation 

to normal functional development (e.g., natural senescence). This study follows 

an approach based on the salt-induced senescence (SIS) index (Eqn. 4.4) that 

measures premature senescence dynamics across the crop cycle by assessing 

the plants after exposure to salinity and comparing the senescent area ratios 

between plants under control and salt conditions (Berger et al., 2012; 

Rajendran et al., 2009). 

 

                                , ,
,

, ,

a t a t
a t

a t a t

ASS ASC
SIS

AShS AShC
                      (4.4) 

 

Where AShS  and AShC are the median projected shoot areas per accession 

a  under salt and control conditions, respectively. ASS and ASC are the median 

areas that are senescing per accession a  under salt and control conditions, 

respectively. t  indicates the date or campaign. 

 

The projected shoot area per plant was estimated by the sum of pixels of each 

delineated shoot polygon (Section 4.3.5). The senescent areas per plant were 
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extracted by first ranking the SPAD predictions based on an equal-interval 

classification from low to high Chl content (Table 4.1), which divides the range 

of values into equal-sized subranges. Then the SPAD levels were categorized 

into young, senescing, and healthy states based on visual assessment and 

literature review (Ban et al., 2019; Jiang et al., 2017), after which individual 

pixels were classified based on the senescing category. 

 

Table 4.1 SPAD levels are classified by five equal intervals from low to high Chl content (low 
to high SPAD) and categorized by the corresponding leaf health status. 
 

SPAD 
Levels 

Interval Category 

< 35 1 Young 
35 - 45 2 

Senescing 
45 - 55 3 
55 - 65 4 

Healthy 
>  65 5 

 

Multitemporal SIS distribution across accessions was evaluated to analyze 

senescence dynamics over time, based on the sampled salt-tolerant 

candidates. The correlation between SIS and economically primary traits such 

as shoot fresh mass (SFM) and total yield mass (TYM) was assessed (Section 

4.3.5) via a two-fold process. First, by analyzing the relationship between 

projected shoot areas, the percentage of senescence areas, SFM and TYM, 

and then analyzing the correlation between SIS and two harvest indices derived 

from the SFM and TYM traits. One of the indices is widely known as the salt-

tolerant index (S/C) (Munns et al., 2002) (Eqn 4.5), and the other as the stress-

tolerance index (STI) (Fernandez et al., 1993) (Eqn. 4.6). 
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Where T represent any measured trait under control ( CT ) and salt ( ST ) 

conditions and 
C

T denotes the population-wide trait measured under control 

conditions. 

 

4.4 Results  

4.4.1 Multitemporal SPAD-based Chl estimations  

The sixty vegetation index datacubes derived from the hyperspectral mosaic 

series were used to train the GPR squared exponential model under the 

retraining strategy, achieving different performance metrics across the various 

field campaigns (Table 4.2). The goodness-of-fit (R2) progressively decreased 

over time from the first date (DAT 9) until the fifth campaign (DAT 68), with 

differences of 0.09, 0.06, 0.04, and 0.03 from date to date. However, a more 

significant fluctuation resulted from the last campaign (DAT 75) with an R275DAT 

= 0.32, which can be explained by the reduced number of samples (from 108 

to 75 leaflets) during the last retraining loop (Section 4.3.5). The accuracy 

assessment was performed using the 20% of samples excluded from the 

training/testing process, showing more steady performance over time. The 

lowest RMSE and MSE were reached for the first loop with RMSEDAT9 = 2.41 

and MAEDAT9 = 2.06 SPAD units, and the highest for the fourth date with 

RMSEDAT68 = 5.02 and MAEDAT9 = 3.99 SPAD units. 
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Table 4.2 GPR square exponential assessment metrics over time; best and lowest goodness-
of-fit (R2) and accuracy (RMSE, MAE) are highlighted in bold font. 
 

DAT R2 RMSE MAE 

9 0.83 2.41 2.06 

16 0.74 4.80 3.80 

30 0.68 3.37 2.77 

36 0.64 4.03 3.37 

68 0.61 5.02 3.99 

75 0.32 4.80 3.39 

 

Figure 4.3 illustrates an array of the SPAD retrievals and uncertainties at a 

confidence level of 95%, organized by time and field plots (i.e., salt or control). 

Each box comprises a matrix of colored points representing the mean predicted 

SPAD and uncertainty per plant, sized proportionally to the actual projected 

shoot area (pixels per plant), following the same sowing arrangement of the 

field (rows x columns). During the first stage (DAT 9), average SPAD 

predictions and uncertainties were homogeneously low (~ ≤ 33 units ± 6 units), 

and projected shoot areas were below ~ 35 cm2 (i.e., 500 pixels) across the 

four plots. For the second stage (DAT 16),  two days after the first salt 

application, SPAD retrievals and uncertainties increased across the plots (~ ≤ 

45 units ± 13 units), the C1 plot reached the highest SPAD values (i.e., max = 

45, min = 40, median = 43 units) and the C2 estimations were more 

homogeneous across accessions (i.e., max = 42, median = 41, min= 40 units). 

In contrast, plots S1 and S2 predictions were slightly lowest (i.e., max = 44, 

median = 40, min= 33 units), yet providing similar uncertainties (i.e., between 

11 and 14 units). Projected shoot areas were less homogeneous between 

accessions than the previous stage, with sizes below ~ 56 cm2 (i.e., 800 pixels). 

For the third date (DAT 30), sixteen days after the salt treatment, stress 
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symptoms are exhibited with a reduction of growth in the salt-treated plots (S1, 

S2) compared to the control (C1, C2), with projected shoot areas below ~ 175 

cm2 (i.e., S1median = 1.7K pixels, S2median = 2.5K pixels), whereas control plots 

areas were above ~ 300 cm2 (i.e., C1median = 5K pixels, C2median = 3.7K pixels). 

However, SPAD retrievals increased across the four plots (> 48 units), and 

displayed low uncertainties of  ~ 7 units. Chl levels for salt-treated plots were 

higher than in the control plots, reaching up to 60 SPAD units in S1 and 58 

SPAD units in S2, whereas C1 and C2 plants reached a maximum of 55 SPAD 

units. For the fourth campaign (DAT 36), two days after the second salt stress 

application, SPAD levels dropped across the entire field, with slightly higher 

uncertainties and reaching median values of around ~ 45 units ± 9 units. 

However, the different growth dynamics between salt and control plots 

continued during this stage, i.e., plants under control expanded their shoots up 

to ~371 cm2 and ~280 cm2, for C1 (i.e., C1median = 5.3K pixels) and C2 (i.e., 

C2median = 4K pixels), respectively. In contrast, salt-stressed plants exhibited a 

slight enlargement in plot S1 only, reaching average shoot areas above ~175 

cm2 (i.e., S1median = 2.5K) with few accessions exceeding 350 cm2 (i.e., S1max = 

5.4K). Finally, during the last two campaigns, SPAD retrievals follow an 

opposite trend between salt and control plots. SPAD levels slightly increased 

for control plots between ~45 and 50 units, whereas salt-stressed plots showed 

a homogeneous decline to around ~ 45 units. However, similar and steady 

uncertainties around ±9 SPAD units were reached across the plots. The 

projected shoot areas were also reduced across the field, reporting sizes 

around ~300 cm2 under control conditions (i.e., C1median = 4.5K pixels, C2median 

= 4.2K pixels) and around ~160 cm2 under salt treatment (i.e., S1median = 2.1K 
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pixels, C2median = 2.4K pixels). Overall, SPAD-based Chl levels varied 

considerably over time, showing a clear difference from stage to stage between 

control and salt conditions. However, salt-stressed plants started to exhibit a 

gradual Chl decline after the second salt treatment (i.e., DAT 36) that might 

indicate a delayed sodium accumulation effect. In contrast, stress effects in 

shoot areas (growth) were observable rapidly after the first salt treatment. 
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Figure 4.3 Multitemporal averaged SPAD predictions and uncertainties at the plant level under 
control (C1, C2) and salt (S1, S2) treatments. Each point represents an individual plant as 
arranged in the field, proportionally sized according to the projected shoot area (i.e., pixels per 
plant). Boxplots (right) show the multi-temporal distribution of SPAD predictions and 
uncertainties per plot. Median values are shown near box centers and horizontal lines above 
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and below the median delimit quartiles. Whiskers indicate the variability outside upper and 
lower quartiles, locating the maximum and minimum scores at the top and bottom ends, 
respectively. Projected shoot areas boxplot (bottom) show the distribution of the growth 
dynamics over time (y-axis) and across plots (x-axis). 

 

4.4.2 Stay-green VIs importance  

With multiple VIs involved in the retrieval process, it is useful to know which are 

more relevant to estimate the SPAD variable. The scoring of predictors is an 

additional output of the GPR squared exponential method, which uses a hyper-

parameter to record the predictor's relative weakness in retrieving the target 

variable. The GPR algorithm evaluated sixty vegetation indices (Supplementary 

Table S1) throughout the six retraining loops (or stages). Figure 4.4b and Table 

4.3 show the multi-temporal weakness scores per index, classified by four 

quartiles to identify the top 15 (i.e., first quartile – Q1). Overall, nine top VIs 

were identified for five, four, or three of the retraining stages (Figure 4.4a). 

Leading the ranking was the soil adjusted vegetation index (SAVI), a variant of 

the NDVI used in areas where vegetative cover is low. Also, at the top of the 

ranking is the area under the continuum-removed-curve (AUC), which 

measures the depth of the Chla+b absorption located in the spectral range 

between ~555 nm and ~752 nm. Identified four times as relevant, the red edge 

position index (REPI1) is a sensitive indicator of Chl content, measuring the 

maximum slope in the spectral range between ~690 nm and ~740 nm. Similarly, 

the derivative ratio between 730 nm and 705 nm (DSR1) measures the variance 

of the red edge position. Four indices were also highlighted at least three times 

as relevant: one of these was the photochemical reflectance index (PRI), 

derived from narrow bands at 531 nm and 570 nm, to measure photosynthetic 

radiation use efficiency. The water band index (WBI) was also included as a 
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relevant water content indicator, measuring the ratio between the water 

absorptions at 970 nm and 900 nm. The derivative of the red edge position 

(RE), informing on the derivative value at the red edge position, was also 

identified as important. Finally, the last index included in the ranking was the 

first derivative of the NDVI (FDNDVI), which follows the exact formulation of 

NDVI, but using the derivative spectrum instead of the reflectance. 
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Figure 4.4 (a) Summary of the top VIs identified as relevant for five (Green et al.), four (yellow), 
or three (blue) of the retraining stages. (b) A quartile classification was used to categorize the 
top VIs of each retraining stage. The highest quartile (Q1) was set as the threshold to identify 
the most important VIs (Q1DAT9 < 2, Q1DAT16 < 10, Q1DAT30 < 9, Q1DAT36 < 6, Q1DAT68 < 10, 
Q1DAT75 < 6 ). 
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Table 4.3  Summary of relevant vegetation indices (VIs) identified as identified in the top 15 
(i.e., first quartile – Q1) across stages and classified by trait categories and spectral type. 
 

VIs 
category 

Spectra 
type 

DAT 

9 16 30 36 68 75 

Greenness 

Reflectance 

EVI, LAI, 
SGI, 
REPI3 

ARVI, SGI 
LAI, 
RENDVI 

NLI, 
MRENDVI
, VRE1 

SGI  

Ligh use 
efficiency 

PRI SIPI PRI, SIPI  SIPI PRI 

Senescense PSRI      

Carotenoid 
& 

anthocyanin 

CRI1, 
CRI2, 
ARI2 

 ARI1 ARI1 CRI2 
CRI1, 
CRI2, 
ARI2 

Water 
content 

WBI WBI    WBI 

Chlorophyll 
content 

SAVI, 
NDI2 

MCARI, 
SAVI, 
MCARI/OS
AVI, 
TCARI 

SAVI, 
OSAVI, 
NPCI 

SAVI, 
GNDVI, 
GRVI, 
NDCI1, 
NDCI2, 
MTCI 

MTVI, 
SAVI, 
TCARI/OS
AVI, TVI 

SAVI 

Derivative 
DPI, 
DSR1 

VREDI, 
REPI1, 
RE, DSR1, 
DSR2, 
FDNDVI 

VREDI, 
RE, 
DSR1, 
DSR2, 
FDNDVI 

REPI1, 
EGFR, 
DSR1 

REPI1, 
REPI2, 
D703, 
D720, 
Sum1, 
DZ_DGVI, 
Datt 

VREDI, 
REPI1, 
RE, 
EGFN, 
Datt, DPI, 
FDNDVI 

Continuum-
removed 

CPSDI AUC 
AUC, 
LPSDI, 
CPSDI 

AUC, 
ANMB 

AUC 
AUC, 
ANMB 

 

4.4.3 Salt-Induced senescence mapping  

The SPAD-based retrievals were classified into five levels in an effort to 

discriminate natural and salt-induced senescence (SIS) (Section 4.3.7). Figure 

4.5 presents the SPAD-based Chl dynamics for the six accessions sampled in-

situ, which had been identified as potential salt-tolerant candidates in a 

previous study (Morton, 2019). The commercial accession (i.e., Heinz-1706) is 

included as a reference to null tolerance. Prior to starting the salt treatment, low 

and homogeneous Chl levels (SPAD ≤ 35) were exhibited during the first 

observation date (DAT 9) for all accessions and corresponding to young plants. 

Two days after the first salt application (DAT 16), plants under salt treatment 
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showed more within-plant Chl variation than their control counterparts. Young 

leaves in the center of the projected shoot of salt-stressed plants reached 

higher SPAD values than those towards the border, except for the commercial 

accession. Sixteen days after the salt treatment (DAT 30), accessions under 

control conditions exhibited gradually ascending Chl levels towards the 

projected shoot center, except for one of the low salt-tolerant (M253) and the 

commercial variant. In contrast, the salt-stressed counterparts exhibited higher 

within-plant SPAD values, reaching peak Chl levels during this stage. Two days 

after the second salt application (DAT 36), leaf Chl levels dropped across the 

accessions under both treatment conditions, showing the first signs of 

senescence. However, within-plant Chl levels of the high-tolerant accessions 

are similar to their control duplicates. On the other hand, low-tolerant 

accessions revealed more senescent shoots under salt treatment conditions. 

The commercial accession was the most affected by the salt treatment, 

revealing high senescence or toxicity symptoms, registering low SPAD levels 

(i.e., below 45 units), and dying a few days later. After two consecutive salt 

applications (DAT 68), there were no longer significant differences between the 

same treatment or between control and salt-stressed plants, except for one 

individual of the accessions labeled as high-tolerant (M061) that died under 

controlled conditions. Finally, prior to harvesting (DAT 75), plants in salt plots 

exhibited more senescent shoots than plants in control. 

 

The senescent pixels per plant were counted from the third stage (DAT 30) 

onwards and summarized through the median value by accession by treatment. 

Significant differences in the percentage of senescent pixels were detected 

between treatments during the third date (Figure 6a), indicating that the effects 
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of salt stress imposed sixteen days before (DAT 14) can be measured in terms 

of senescence (or stay-green) traits. Plants under control conditions recorded 

percentages of senescence pixels below 50%, whereas their counterparts in 

the salt-treated plots recorded percentages around 50%. In contrast, for the 

fourth stage (DAT 36), the percentage of senescence pixels increased up to 

~80% under both treatments, though senescence percentages were more 

variant across accession in the control plots (i.e., between 70% and 90%) than 

their pairs in the salt-treated plots (i.e., between 80% and 90%). For the last 

two dates (DAT68 and DAT75), the percentage of senescent pixels reached 

~90% under both treatments. However, percentages were highly variable 

across accessions, indicating the necessity of estimating a different metric to 

measure senescence dynamics across accessions, e.g., the salt-induced 

senescence index (Hairmansis et al.), which is calculated via the percentage 

difference of senescence pixels between both treatments (Section 4.3.7).  

 

Figure 4.6b presents the multi-temporal distribution of the SIS index, which can 

range between -1 and 1, where negative values indicate natural senescence 

was higher than under salt-stress conditions, positive values indicate the 

opposite, and values around zero indicate a balance between both conditions. 

For the third date (DAT 30), the SIS distribution across accessions is symmetric 

and centered on SIS = - 0.1, suggesting that the within-plant low Chl levels 

come from natural senescence for most of the accessions. From the fourth date 

(DAT 36) onwards, the SIS values gradually increased over time, with positively 

skewed distributions (e.g., mean, median, and mode are positive), showing the 

accumulated effect of salt-induced senescence in most of the accessions. 
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However, the few accessions that retrieve negative SIS values during the last 

two dates are of most interest since they were less prone to be affected by early 

salt-induced senescence. 

 
 
Figure 4.5 Classification of within-plant SPAD retrievals, showcasing an individual of each of 
the six accessions screened in situ and including the commercial variant (Heinz1706) for 
comparison. The sampled accessions were labeled with different tolerance levels from a 
preliminary study (see further details in Morton 2019). An equal-interval classification from low 
to high SPAD levels was applied to identify young, senescent, and healthy shoot pixels under 
both treatment conditions (control and salt) over time. The top panels show the multi-temporal 
true-color imagery of the showcased projected shoots. N.B. the white object in panels is a rope 
used to identify plants for targeted field sampling. 
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Figure 4.6 (a) Percentage of senescing pixels per projected shoot area were quantified and 
summarized by median values per accession per treatment. A multi-temporal comparison of 
boxplots between control (C – natural senescence) and salt (S – natural and salt-induced 
senescence) treatments across accessions allows visualization of the variability in senescing 
dynamics from DAT 30 onwards. Accessions are arranged in descending order along the y-
axis from the top (starting with Heinz1706 and M001) to the bottom (M301).  (b) Multitemporal 
histograms show the SIS index distribution, which can range between -1 and 1, where negative 
values indicate natural senescence was higher than under salt-stress conditions, positive 
values indicate the opposite, and values around zero indicate a balance between both 
conditions. 
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4.4.4 Multitemporal analysis across accessions  

Usually, plant traits such as Chl levels follow different trends over time due to 

their particular response to abiotic stress at different stages. In order to assess 

the dynamics of a targeted trait in response to a stress factor (e.g., salinity), it 

is advised to evaluate the intervals when the plants were stressed, instead of 

measuring the effects as a total for the crop cycle (Negrão et al., 2016). Each 

interval can be defined as starting at the first stress application until each of the 

posterior applications. As shown in Figure 4.6, senescence and the SIS index 

varied across accessions and time for our study case; hence, three intervals 

were established to evaluate the accessions responses to salt-stress, defining 

the initial point when the Chl levels peaked after the first salt application (i.e., 

DAT 30). Scatter plots with marginal standardized histograms (Gerbing, 2020) 

were used to visualize the relationship and distributions between salt 

treatments, plotting the accessions based on their SIS level at three different 

stages (i.e., SISDAT30 vs. SISDAT36, SISDAT30 vs. SISDAT68, SISDAT30 vs. SISDAT75) 

(Figure 7). Four graph quadrants make up the scatter plot plane. Each quadrant 

includes a combination of positive and negative SIS values for the compared 

stages (assigned to the x-axis and y-axis). The first quadrant (QI) contains 

accessions with positive SIS values, indicating high salt-induced senescence 

levels for both stages. The second quadrant (QII) comprises accessions with 

negative SIS at the first stage and positive at the second, indicating a higher 

impact on salt-induced senescence from the second phase. The third quadrant 

(QIII) includes accessions with positive SIS at the first stage and negative at the 

second, meaning recovery from high salt-induced senescence or less impact 
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from the second phase. The fourth quadrant (QIV) comprises accessions with 

positive SIS at both stages, pointing to low impact in the senescence process 

coming from salt-induced stress.  

 

Figure 4.7a shows a null correlation in the SIS values between the first two salt 

treatments (i.e., SISDAT30 vs. SISDAT36). However, the position of the accessions 

in a specific quadrant informs on their senescence response to the imposed 

stress, as explained previously. For instance, the commercial variant (i.e., 

Heinz 1706) was located in the QI, indicating the high effect of induced 

senescence after both salt applications, whereas the two high-tolerant 

accessions (i.e., M061 and M007), located in the QII, were more affected by the 

second application than the first. In the QIV quadrant, one of the medium and 

one of the low tolerant accessions (i.e., M255 and M251) show a minor effect 

from the second salt application than from the first one. Figure 4.7b presents 

the scatterplot for the second assessed interval, between the first and fourth 

salt-treatment (SISDAT30 vs. SISDAT68), showing a weak negative correlation 

between both phases. The commercial variant remains in QI, indicating its 

senescence process was highly affected by the four salt applications. In the QII 

quadrant, one of the high tolerant accessions (i.e., M061) continued exhibiting 

salt-induced senescence effects, although in a lower magnitude than the 

previous interval (i.e., from SISM061,DAT36 = 0.9 to SISM061,DAT68  = 0.3). In the QIII 

quadrant, one of the medium tolerant accession (i.e., M255) almost reached a 

tied response between natural senescence and salt-induced (i.e., SISM255,DAT68  

= -0,08), whereas one of the low-tolerant accessions (i.e., M251) maintained 

the same SIS level as the previous interval (i.e., SISM251,DAT68  = -0.5). In 
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contrast, three accessions of different tolerance levels (i.e., M007, M009, 

M253) were located in the QIV quadrant, indicating low salt-induced senescence 

after the third and fourth salt applications. During the last interval, measured 

between the first and the last salt treatment (i.e., SISDAT30 vs. SISDAT75), Figure 

4.7c reveals a weak and negative correlation between both stages. The high-

tolerant accessions (i.e., M007 and M061) and one of medium-tolerance (i.e., 

M255) kept almost the exact quadrant locations as the previous interval, while 

another (i.e., M009) remained in the same quadrant (i.e., QIV) but with lower 

levels of salt-induced senescence after all the salt applications. The low-

tolerance accessions had different responses to the last salt-stress treatment, 

with one of these exhibiting less salt-induced senescence (i.e., M253) than the 

other (i.e., M251). Together with the commercial accession, these were the only 

two identified with high salt-induced senescence after all the salt treatments. 

 

In addition to the quadrant-based analysis using the multi-temporal scatterplots, 

the radial distance from the origin (i.e., x=0, y=0) was measured across 

accessions. The origin (or center) of the plots represents an equilibrium point 

between natural and salt-induced senescence across the different salt 

treatments. Dotted centered circles were plotted for each of the sampled 

accessions and used as a reference (Figure 4.7). An overall trend was noticed 

for the three assessed intervals. The accessions with high-tolerance (green 

dotted circles) to salinity conditions were more concentrated around the origin, 

followed by the medium-tolerant accessions (yellow dotted circles) that were 

further from the center and the low-tolerant accessions (red dotted circles) that 

were farthest from the origin. The commercial accession was the most remote 
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point amongst all the accessions. The quadrant position and the radial distance 

could be used as ancillary visualization metrics of the SIS index to identify 

salinity-tolerant candidates based on the observed patterns. However, the 

correlation between these data visualization-based metrics, SIS index, and 

economically primary traits requires further investigation to consider them as 

indicators to assess senescence response to salt stress conditions. 
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Figure 4.7 Scatter plots with marginal standardized histograms show the relationship and SIS 
distributions between salt treatments across accessions at three different stages. (a) SISDAT30 
vs. SISDAT36, (b) SISDAT30 vs. SISDAT68, (c) SISDAT30 vs. SISDAT75.  The plot is divided into four 
quadrants. The first quadrant (QI) contains accessions with positive SIS values, indicating high 
salt-induced senescence levels for both stages. The second quadrant (QII) comprises 
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accessions with negative SIS at the first stage and positive at the second, indicating a higher 
impact on salt-induced senescence from the second phase. The third quadrant (QIII) includes 
accessions with positive SIS at the first stage and negative at the second, suggesting recovery 
from high salt-induced senescence or less impact from the second phase. The fourth quadrant 
(QIV) comprises accessions with positive SIS at both stages, pointing to low impact in the 
senescence process coming from salt-induced stress. The radial distance from the Cartesian 
origin represents an equilibrium point between natural and salt-induced senescence across the 
different salt treatments. Dotted concentric circles were plotted for each of the sampled 
accessions accordingly to their tolerance: high (Green et al.), medium (yellow), low (red). 

 

4.4.5 Correlation analysis of SIS and productivity traits  

A two-fold analysis was performed to estimate the degree of association 

between the different gathered metrics using the Spearman’s rank correlation 

approach and testing the significance of their relationship (i.e., p-value < 0.01) 

(Spearman, 1904). The analysis included: i) analyzing the correlation between 

the trait-based metrics such as projected shoot-area (PSA), percentage of area 

senescing (PAS),  shoot-fresh mass (SFM), and total yield mass (TYM); and ii) 

analyzing the correlation between the index-based metrics: salt-tolerant (S/C) 

and stress-tolerance (STI) shoot-fresh mass (S/C_SFM, STI_SFM), salt-

tolerant total-yield mass (S/C_TYM), stress-tolerance total-yield mass 

(STI_TYM), and multi-temporal salt-induced senesce (SIS). Figure 4.8  shows 

the matrix of correlation coefficients (ρ) between these variables, colored in a 

degree scale ranging from 1 to -1, where 1 denotes a perfect positive 

correlation, 0 indicates no correlation, and -1 implies a perfect negative 

correlation.  

 

The correlations between trait-based metrics such as projected shoot-area 

(PSA), percentage of area senescing (PAS), shoot-fresh mass (SFM), and total 

yield mass (TYM) were estimated under both treatment conditions. The 

analysis has to be done for each condition separately (e.g., control vs. control 
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and salt vs. salt). Figure 4.8a shows fairly-strong (ρ >0.65) and strong (ρ >0.85) 

significant correlations between the PSA and PAS along the evaluated stages 

(i.e., DAT 30, DAT 68, and DAT 75), under both treatment regimens. Also, 

different significant, positive and strong correlations were observed between 

these variables and the productivity traits. For instance, under both conditions, 

the correlations between the SFM and the shoot-area were higher than with the 

senescent-area (i.e., up to ~0.2 units), reaching the strongest significant 

correlations (i.e., ρ  > 0.7) during the last two dates (i.e., DAT 68, DAT 75).  

Similarly, the TYM trait reached fairly-strong (i.e., ρ  > 0.6) correlations with the 

PSA and PAS under both regimens, reaching the strongest correlations during 

the last stage (i.e., DAT 75).  Overall, significant and positive-strong 

correlations were observed between the trait-based metrics related to growth, 

senescent areas, fresh mass, and yield under each regime conditions. 

 

The correlations between index-based metrics such as salt-tolerant (S/C) and 

stress-tolerance (STI) shoot-fresh mass (S/C_SFM, STI_SFM), salt-tolerant 

and stress-tolerance total-yield mass (S/C_TYM, STI_TYM), multi-temporal  

salt-induced senescence (SIS), and the visualization-based metrics (i.e., 

Quadrant and Radiant Distance) were estimated and presented in Figure 8b. 

The analysis can be split between correlations with the S/C-based indices and 

correlations with the STI-based indices due to their different capacity to identify 

high-performing accessions. S/C indices identify best performing accessions 

under salt relative to control conditions, whereas STI indices identify best 

performing accessions under both conditions (Morton, 2019). The link between 

each type of indices can be confirmed, for instance, from the significant strong 

positive correlations between S/C_SFM and S/C_TYM (i.e., ρ  = 0.69), and 
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between STI_SFM and STI_TYM (.e., ρ  = 0.81). In line with these 

observations, both types of indices show negative correlations with the multi-

temporal  SIS metrics, gradually becoming more strongly negative over time 

and reaching significant relationships only with the STI-based indices. For 

instance, STI_SFM had a negative, weak correlation with the SIS index starting 

from ρ = -0.06 after the first salt-treatment (i.e., DAT 30), until reaching a 

significant negative correlation ρ = -0.24 after the last salt application (i.e., DAT 

75). The correlations between STI_TYM and the SIS indices series follow a 

similar trend, although reaching very weak coefficients between ρ = -0.02 after 

the first salt-treatment (i.e., DAT 30) until ρ = -0.14 after the last salt application 

(i.e., DAT 75). By contrast, the S/C-based indices showed significant 

relationships with the visualization-based metrics (based on the last evaluated 

interval, SIS30DAT vs. SIS75DAT). For example, the S/C_SFM index was fairly-

strongly positively correlated (ρ = 0.49) with the quadrant position of the 

accessions and fairly-strongly negatively correlated (ρ = -0.53) with their radial 

distances. Following the same pattern, the S/C_TYM index presented 

significant relationships with the visualization-based metrics, reaching a 

positive correlation (ρ = 0.49) with the quadrant indicator and negative 

correlation (ρ = -0.43) with the radial distance. Overall, there was a significant 

inverse correlation between the stress-tolerance and the salt-induced 

senescence indices, which was more substantial with the shoot fresh mass 

than with the total-yield mass, which is reasonable considering these metrics 

measure opposite responses (tolerance vs. induced-stress). A significant 

relationship was also established between the salt-tolerant and the ancillary 
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visualization metrics, presenting a direct correlation with the quadrant position 

and an inverse correlation with the radial distance.   

 

 

Figure 4.8 Spearman’s rank correlation matrices for (a) the trait-based metrics (projected shoot-
area (PSA), percentage of area senescing (Pailles et al.),  shoot-fresh mass (SFM), and total 
yield mass (TYM)) under both treatment conditions,  (b) the index-based metrics salt-tolerant 
(S/C) and stress-tolerance (STI) shoot-fresh mass (S/C_SFM, STI_SFM), salt-tolerant and 
stress-tolerance total-yield mass (S/C_TYM, STI_TYM), multi-temporal salt-induced senesce 
(Hairmansis et al.). Correlation coefficients (ρ) are colored in a degree scale ranging from 1 to 
-1, where 1 denotes a perfect positive correlation, 0 indicates no correlation, and -1 implies a 
perfect negative correlation. Relationships between traits with a p-value < 0.01 are considered 
significant and marked with a dot. 

 

4.5 Discussion  

Quantifying the dynamic responses of plants to abiotic factors like drought or 

high salinity conditions is of considerable interest to both growers and breeders.  

Recent innovations in digital imagery via remote and in-situ sensors are 

progressively being introduced into precision agriculture and high-throughput 

phenotyping processes, facilitating the rapid collection of information-rich data. 

One such analysis strategy is the combination of UAV-based hyperspectral 
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remote sensing and machine learning, which allows for the capturing and 

computing different plant phenotypic traits and indicators across a plants 

growth cycle. In this study, we explored the retrieval of dynamic structural traits 

(i.e., shoot growth), biophysical traits (i.e., leaf chlorophyll), and environmental 

stress (i.e., via salt treatment) by training a machine learning regression model 

with a series of UAV hyperspectral datacubes and in-situ spectral and SPAD 

samples. The field experiment aimed to elucidate the response of a collection 

of wild tomato accessions to salt-induced stress conditions, specifically 

assessing their performance along the senescing process and correlation with 

resultant productivity traits. In the following paragraphs, four main aspects 

regarding the phenotyping of salt senescence-induced dynamics from SPAD-

based leaf chlorophyll retrievals using UAV hyperspectral imagery and machine 

learning tools are examined in further detail. 

 

4.5.1 ML modeling with VIs to retrieve Chl dynamics  

A machine learning-based regression approach was developed to retrieve and 

map leaf Chl content (expressed as SPAD values) by exploiting the spectral 

information present in hyperspectral UAV imagery captured at key phenological 

stages and using specialized greenness VIs as predictor variables. The set of 

spectral indices used in this study parameterize different reflectance 

characteristics in the visible and near-infrared regions (i.e., 400 – 1000 nm). 

For example, VI metrics related to leaf pigments such as chlorophyll, 

carotenoids, and anthocyanins are covered in the spectral range between 400 

nm and 700 nm, while water, lignin, cellulose, and leaf structural features are 

measured by indices in the range between 700 – 1000 nm (Thenkabail et al., 
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2018). The relevance of using narrowband VIs instead of spectral bands relies 

on their formulations, which maximizes the sensitivity to plant traits while 

minimizing confounding environmental factors such as soil background and 

illumination effects. However, some of these VIs are more prone to saturate 

under specific conditions or phenological stages. For instance, the widely used 

NDVI performs poorly under high or low leaf area conditions, requiring 

substitute indices such as the enhanced vegetation index (EVI) or red-edge 

narrowband indices to adjust for the sensitivity to high-biomass and soil cover 

(Mutanga & Skidmore, 2004). The implemented machine learning framework 

considers this aspect by combining sixty of the most sensitive stay-green 

indices at different phenological stages to fit a GPR regression model as the 

targeted crop transitioned to senescence. The GPR model was fitted under a 

retraining routine that allowed the retrieval of the SPAD values at a pixel level 

while performing quality assessment metrics. Assuming the VIs are a collection 

of random variables that jointly follow a Gaussian distribution evolving in space 

and time, the GPR approach relies on having training data to fit a model (or 

prior distribution) and test data used to define the predictions distribution (or 

posterior distribution). GPR can also be considered a non-parametric method 

that interpolates single outputs (i.e., SPAD values) from multidimensional 

inputs (i.e., VIs) by weighting combinations of the training observations based 

on their similarity, which is measured using a kernel or covariance function. The 

Bayesian form of the GPR approach allows for an updating of the fitted (or prior) 

distribution with newly observed data under a cross-validated retraining 

process, controlled through a goodness-of-fit metric (i.e., R2) (Rasmussen & 

Williams, 2005). The R2 of the fitted model can vary over time as new variability 
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is introduced to the model and can be affected by reducing the number of 

training observations (as shown in Table 4.2 during the last stage of our 

experiment; e.g., R2DAT75 = 0.32). The learning process is regulated by a 

validation process, estimating the RMSE and MAE over the predictions from a 

holdout dataset that follows a similar probability distribution of the training 

dataset, providing an unbiased evaluation of the fitted model. As opposed to 

R2, the RMSE and MAE should be maintained or improved over time to assure 

comparatively accurate retrievals, which is seen in our results, where 

accuracies of between ~2 and ~5 SPAD units are obtained throughout the 

experiment. 

 

One practical advantage of the GPR is the estimation of the uncertainties of the 

predictions (Verrelst et al., 2019). As with any Gaussian distribution, the 

prediction distribution is composed of the predictive mean and the standard 

deviation of the retrievals, from which confidence intervals (e.g., 95% 

confidence) can be mapped at a pixel level and summarized at a plant level as 

shown in Figure 4.3. The uncertainty metric allows one to control the quality of 

the predictions for the non-sampled locations (or pixels), and similar to the 

accuracy metrics, the uncertainty (or standard deviation) should be maintained 

or improved over time to assure comparable predictions. In our study, 

uncertainties were relatively stable, with median values between ~6 and ~ 9 

SPAD units across the plots and over time, except for the second date (i.e., 16 

DAT) when uncertainties increased up to ~14 SPAD units. Another benefit of 

using a GPR model is the embedded feature (or predictor variable) selection 

sub-routine, carried out by a hyper-parameter (i.e., length scale parameter) in 
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the kernel formulation that automatically scores each VI importance as part of 

the model learning process. The VIs can be categorized depending on their 

importance (i.e., weakness metric) in retrieving the SPAD levels at each stage, 

providing a better understanding of the correlation between the parametrized 

traits (e.g., greenness VIs) and the Chl dynamics. (Anderegg et al., 2020) have 

also investigated the value of using narrowband VIs to track senescence 

dynamics in wheat species. Their approach considered around a hundred VIs 

(covering the range between 400 to 2400 nm) sensitive to Chl, water, N content, 

leaf area, pigments, and green biomass, under an unsupervised logistic 

regression that evaluates each VI series individually against visual canopy 

senescence scores by assessing user-defined dynamics parameters. They 

found the PSRI senescence indicator as an optimal metric that could replace 

visual measurements for the digital phenotyping of senescence in wheat. In 

contrast, our approach does not rely on visual assessments, which are prone 

to bias and are time-consuming, while the selection of relevant predictors was 

handled and updated by the GPR algorithm, as presented in Figure 4.4. In our 

case, the SAVI, AUC, and REP1 indices were the three top metrics after the 

initiation of salt applications. A version of  SAVI (Huete, 1988), which relies on 

the bands centered around 705 nm and 750 nm, was used herein to minimize 

the soil background brightness influence (that affects NDVI) and in 

consideration of the low vegetative cover determined by the crop arrangement. 

The AUC parametrizes the total Chl absorption between ~550 and ~750 nm, 

reported in the literature as a consistent metric under varying plant structural 

features such as leaf area and foliar density (Malenovský et al., 2006). Finally, 

the REP1 index estimates the wavelength of the red edge peak (or maximum 
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slope) between 690 and 740 nm and has been extensively studied across 

different species due to its high correlation with Chl content (Filella & Penuelas, 

1994). 

 

The ability of the machine learning framework to capture dynamic behaviors 

under both regimes (control and salt) was due to the retraining strategy, which 

updates the fitted model by incorporating new observations. As such, changes 

in Chl levels throughout the crop cycle and between treatments were evident. 

For instance, at the beginning of the flowering stage 16 days after the first salt 

application (i.e., DAT 30), SPAD values of plants under salt treatment exceeded 

(by up to ~10 units) the average levels of controlled plants, which could indicate 

a recovering of salt-stress associated to shoot-ion-independent effects 

(Rajendran et al., 2009). With the application of higher salt concentrations on 

subsequent stages, the average SPAD levels decreased until reaching 

comparable values between treatments (Figure 4.3). It has been reported that 

salt-tolerant species exhibit higher or similar Chl contents under salinity than 

control conditions, as opposed to the behavior of low salt-tolerant species 

(Acosta-Motos et al., 2017). However, high SPAD levels (e.g., > 50 units) can 

be biased by structural changes such as reduced leaf areas with increased 

thickness in tomato species (Jiang et al., 2017; Romero-Aranda et al., 2001), 

requiring calibration of the SPAD readings with laboratory analysis of the 

absolute Chl content (Negrão et al., 2016). Further comparative studies 

between destructive and non-destructive imaging techniques are required to 

identify possible differences in the insight provided from these two types of data 

sources under the same machine learning framework. 
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4.5.2 Within-plant Chl variation and salt-induced senescence  

Plant responses to salt stress can be observed in two different phases. One of 

these, identified as the osmotic stage, is characterized by a rapid effect (e.g., 

from minutes to days) in growth reduction, stomatal closure, and cell expansion 

inhibition in the shoot. The second phase is known as ionic and can be exhibited 

over days to weeks and is typified by the accumulation of toxic ion (Na+ or Cl-) 

levels in older leaves that accelerates the senescence process and ultimately 

cell death (Isayenkov & Maathuis, 2019; Roy & Tester, 2013). The present 

study examined the phenotyping of two of these responses: plant growth and 

senescence. The combination of high spatial (i.e., 7 mm2 per pixel) and spectral 

(i.e., 272 bands) resolution with a regular temporal frequency from the UAV-

based collections allowed the quantification of plant growth through the 

delineation of projected shoot areas and the capacity to trace senescence 

across the crop cycle by retrieving the Chl levels at a pixel level. While the 

growth rate was relatively straightforward to infer from the imagery, relying on 

image processing tools such as object delineation approaches and filters (e.g., 

MNF denoising), senescence monitoring required not only the estimation of Chl 

levels but ancillary quantitative methods (or parametrizations) to account for 

the within-plant variation in SPAD retrievals across the accessions under both 

treatments.  

 

Different high-throughput screening methods of leaf pigmentation are proposed 

in the literature to quantify leaf senescence in indoor controlled environments 

(e.g., greenhouses, screening chambers) by capturing images from top and 
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side views. For instance, this might include translating RGB images into HSV 

format (hue, saturation, value) to use a hue parameter as a proxy indicator of 

leaf chlorophyll content (Awlia et al., 2016; Sass et al., 2012), or using color 

calibration targets to fit empirical regressions between RGB values and either 

sampled Chl content or SPAD values (Liang et al., 2017; Riccardi et al., 2014). 

Alternatively, supervised classification of infrared false-color images shot with 

3D scanners (Rajendran et al., 2009) and fluorescent images have been used 

to classify healthy and senescent leaf area and estimate the percentage of 

senescence pixels relative to total shoot area (Hairmansis et al., 2014). As an 

alternative, our approach utilizes machine learning to retrieve and quantify Chl 

content (expressed in SPAD values) from imagery collected by a UAV-based 

hyperspectral imager. This enabled a dual-purpose: first, to monitor the 

dynamics of this biochemical trait at a plant level by producing multi-temporal 

maps that visualize the within-plant behavior of the senescence process (Figure 

4.5); and second, to measure salt-stress or salt-tolerance by adapting the 

rationale of quantifying the percentage of senescent pixels per shoot area 

under control and salt conditions, based on the SPAD retrievals (Figure 4.6) 

and using parametrized indices such as the salt-induced senescence index 

(SIS) (Pailles et al., 2020). Gathering such detailed information across 

accessions and over time unlocks a capacity to undertake transverse at 

different scales, treatments, and stages. For instance, by comparing sampled 

plants of some accession with different salt-tolerance levels (i.e., high, medium, 

low, null), it is possible to identify patterns in the distribution of Chl content over 

the projected shoot area, assisting the assessment of leaf damage/death due 

to salt applications, as shown in Figure 4.5. Also, cross-treatment analysis 
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based on the percentage of senescence pixels allows for an assessment of the 

actual impact after each salt application in the aging process of the targeted 

accessions, as shown in Figure 4.6, by quantifying the amount of natural 

senescence from plants under controlled treatment, and estimating the likely 

degree of salt-induced senescence (i.e., SIS), as proposed by Rajendran et al., 

2009.  

 

4.5.3 Analysis of SIS dynamics to identify salt-tolerant candidates 

Stress tolerance indicators can be used to monitor plant development when 

subjected to abiotic stress factors, including salinity, ideally by cross-analyzing 

their responses between salt treatments and across accessions, if breeding is 

intended (Morton et al., 2019). There is not a standard protocol or technique for 

analyzing trait dynamics gathered from image-based plant phenotyping, and 

one of the most commonly used relies on fitting time series with polynomial 

curves by which changing ratios (or derivatives) can reveal increases or drops 

of a specific metric (e.g., growth analysis) (Berger et al., 2012). However, only 

a few studies have explored the use of senescent shoot area and the SIS index 

for induced senescence analyses. For instance, Hairmansis et al., 2014 were 

able to screen various rice cultivar responses to different salt concentrations by 

quantifying the total and senescent shoot areas from RGB and fluorescence 

images over time. Our study advanced upon this approach by using these 

metrics to quantify the salt-induced senescence (Hairmansis et al.) dynamics 

between stress intervals, and not just as a net integral between the first and 

last stage, benefiting the comparison between accessions that could have 

different responses after each salt application (Negrão et al., 2016). The 
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analysis relies on data mining visualization approaches such as scatter plots 

with marginal standardized histograms (Figure 4.7), a simple yet powerful 

Cartesian plot (Gerbing, 2020). Here, we use these as an ancillary quadrant 

analysis tool to monitor the chronological change and correlation of SIS levels 

across accessions between stress intervals and identify patterns and clusters 

based on the scattering of the points (e.g., radial distance). For instance, the 

leaf senescence tracing started fifteen days after the first salt application (i.e., 

DAT 30, ~ 55 days after germination) to account for possible premature 

senescence due to the induced salt stress (albeit the natural aging process 

usually occurs later, with seed ripening). Then, the SIS dynamics of the targeted 

accessions (including the commercial Heinz variant) were tracked across the 

stress intervals as the imposed salt concentration gradually increased (up to 

254 mM). The quadrant location and radial distance to the center (or equilibrium 

point with SIS = 0) were used as ancillary visual metrics to characterize each 

accession and as potential tools to identify possible salt-tolerant candidates 

(e.g., accession in the negative quadrant – QIV). 

 

Although SIS is a valid indicator of the senescence process in salt-stressed 

plant shoots, it can be considered a direct indicator of tissue tolerance only 

when a classification of older leaves are included in the analysis (Negrão et al., 

2016), and measurements of the shoot Na+ concentration are performed for 

validation (Hairmansis et al. 2014). Further research in Na+ mapping combined 

with SIS estimation would allow the precise identification of salt-tolerant 

candidates.  While the present contribution is quite unique in regards to its use 

of UAV-based hyperspectral phenotyping of salinity tolerant traits in field 
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conditions, a future iteration might advance the segmentation of older leaves, 

which could be achieved by collecting complementary structural traits from 

laser scanners (aerial or terrestrial) or visual assessment. Exploring novel data 

curation and visualization tools (e.g., MVApp by Julkowska et al., 2019) to 

enrich the cross-case analysis of multidimensional phenotyping datasets is also 

recommended, since traditional modeling tools (e.g., fitting curves) are not 

sufficient to mine the vast information contained by high spatial, temporal, 

spectral, and phenotypic data. 

  

4.5.4 SIS and productivity traits  

Among the moderately salt-tolerant crops reported in the literature, the tomato 

species is of significant economic interest worldwide. Breeding efforts on this 

species rely on phenotyping and genotyping to unlock the genetic potential of 

salt-tolerant wild relatives (e.g., S. pimpinellifolium) and improve commercial 

germplasm to ensure sustainable yield and good quality micronutrients content 

(Razali et al., 2018). Given this research driver of phenotyping studies, a key 

question is whether secondary traits derived from non-destructive field 

phenotyping, such as senescent shoot area and SIS index, can be used as a 

proxy for identifying salt-tolerant accessions with more significant genetic yield 

potential? The reality is that senescence and tissue tolerance do not rely solely 

on Chl content traits, and a broader analysis including additional photosynthetic 

traits (e.g., fluorescent-based traits) is required to reveal the strongest 

candidates. However, valuable insight can be gained from examining the 

correlation between senescent shoot area, SIS, ancillary visualization metrics 

(i.e., quadrants analysis), and productivity traits (i.e., shoot fresh mass, total 
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yield mass). For instance, significant associations were found between total-

shoot and senescent areas with fresh mass and yield under both treatments. 

Further, significant inverse relationships were observed between the stress-

tolerance and SIS indicators over time, confirming that senescence might 

reduce crop yield when induced prematurely. Finally, the proposed ancillary 

visualization metrics (i.e., quadrant position and radial distance) turned out to 

be strongly associated with the salt-tolerant indicators,  and consistent 

correlations were found across the evaluated stress periods and treatment 

conditions, showing the potential of these indicators in tracking the dynamics of 

the Chl-based traits, and their suitability to be included in the field phenotyping 

pipelines. 

  

4.6 Conclusion 

Uncrewed-aerial-vehicle (UAV) based remote sensing technologies can 

improve upon traditional phenotyping methods by offering a platform for rapid 

and systematic high throughput field screening. Furthermore, imaging 

spectroscopy opens a door to discovering and validating new traits and UAV-

based phenotyping protocols in a breeding context. In particular, UAV-based 

spectrometry allows for the capture of ultra-high spatial, spectral, and temporal 

imagery of large plant populations, containing information-rich spectral features 

linked with specific physiological traits at a crop, plant, and within-shoot level. 

In this study, the applicability of UAV-based hyperspectral sensing for field 

phenotyping of salinity tolerance was explored, using 199 accessions of the 

Solanum pimpinellifolium species as an example to showcase how to retrieve 

stay-green or senescence traits from hyperspectral imagery and how to 
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integrate the derived metrics into a phenotyping pipeline. The most visible 

phenotypic change during the senescence process is the yellowing of leaves 

caused by the gradual Chl content breakdown over a plant’s life cycle, which 

was tracked in this study by estimating a series of SPAD maps that inform upon 

the Chl content at a within-plant level at a sub-centimetric resolution. In-situ 

SPAD samples and spectral curves of only 3% (i.e., 36 out of 1200 plants) of 

the transplanted population were required to train, validate and test a machine 

learning Gaussian process regression model under a retraining strategy and 

using a set of 60 vegetation indices as predictor features. The advantages of 

implementing the proposed modeling framework span from estimating Chl level 

dynamics at a within-plant scale (i.e., pixel-wise), including uncertainty metrics 

(i.e., 95% confidence intervals), to identifying the most relevant VIs invoke in 

the estimation process at each monitored stage. Comparative analysis was 

carried out between non-saline and saline conditions to quantify the salt-

induced stress component in two targeted traits: growth and senescence. By 

exploiting the data's high spatial resolution, the within-plant Chl content was 

classified in the projected shoots to distinguish senescent from healthy areas 

and estimate the salt-induced senescence index (Hairmansis et al.) across 

accessions throughout the crop cycle. The temporal dimension of the dataset 

was also mined with statistical visualization tools, allowing one to track 

senescence progression across accessions as salt applications were 

performed. Significant and strong correlations were found between the growth, 

senescence, and ancillary visualization metrics with the productivity traits, 

suggesting their inclusion in the group of metrics required for detecting 

candidate accessions.   
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Our study shows that through the use of machine learning and data 

visualization, primary and secondary traits derived from UAV-based 

hyperspectral imagery can be used to quantify the effect of salinity in the 

senescence process and its correlation with crop productivity at a plant level 

and across accessions of a specific species. However, further exploration in 

environmentally controlled (e.g., greenhouses) and in-field conditions different 

from those explored here is required to fully transfer the methods and findings 

from this study. Establishing which traits can be accurately identified by this 

technology and how these can be incorporated into an operational and scalable 

phenotyping workflow is also critical, as is the first step towards accelerating 

the integration of phenotyping with genotyping that will allow quantitative 

genetics in the field. 
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4.6 Supplementary information 

Supplementary Table S2. List of 199 wild tomato (Solanum pimpinellifolium) accessions and 
one commercial (Solanum Lycopersicum) variety (Heinz 1706) used in this experiment. 

Accession 

Heinz1706 LA1256 LA1382 LA1595 LA1652 LA1847 LA2182 LA2576 

LA0100 LA1257 LA1383 LA1596 LA1659 LA1852 LA2184 LA2578 

LA0114 LA1258 LA1384 LA1597 LA1660 LA1864 LA2186 LA2647 

LA0121 LA1259 LA1416 LA1598 LA1661 LA1866 LA2189 LA2653 

LA0369 LA1260 LA1428 LA1599 LA1670 LA1867 LA2340 LA2659 

LA0373 LA1263 LA1470 LA1600 LA1676 LA1868 LA2345 LA2718 

LA0375 LA1279 LA1472 LA1601 LA1678 LA1870 LA2346 LA2725 

LA0376 LA1280 LA1478 LA1602 LA1679 LA1874 LA2347 LA2805 

LA0381 LA1301 LA1514 LA1604 LA1680 LA1921 LA2389 LA2832 

LA0391 LA1332 LA1520 LA1605 LA1683 LA1923 LA2390 LA2836 

LA0398 LA1335 LA1521 LA1607 LA1685 LA1924 LA2398 LA2839 

LA0400 LA1342 LA1562 LA1608 LA1687 LA1936 LA2412 LA2857 

LA0412 LA1344 LA1571 LA1610 LA1697 LA1950 LA2423 LA2866 

LA0417 LA1345 LA1573 LA1611 LA1719 LA1987 LA2425 LA2903 

LA0420 LA1348 LA1576 LA1612 LA1720 LA1992 LA2426 LA2904 

LA0442 LA1349 LA1578 LA1613 LA1728 LA2000 LA2429 LA2914B 

LA0443 LA1355 LA1579 LA1614 LA1729 LA2001 LA2533 LA2966 

LA0480 LA1357 LA1581 LA1628 LA1828 LA2145 LA2536 LA2974 

LA0722 LA1359 LA1583 LA1630 LA1831 LA2146 LA2537 LA2982 

LA0753 LA1370 LA1585 LA1633 LA1836 LA2147 LA2539 LA2983 

LA0859 LA1371 LA1587 LA1634 LA1838 LA2149 LA2540 LA3158 

LA1242 LA1374 LA1588 LA1636 LA1839 LA2173 LA2544 LA3159 

LA1243 LA1375 LA1591 LA1637 LA1841 LA2178 LA2545 LA3160 

LA1245 LA1380 LA1593 LA1645 LA1845 LA2180 LA2546 LA3161 

LA1248 LA1381 LA1594 LA1651 LA1846 LA2181 LA2547 LA4138 
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 Summary and Concluding Remarks  
 
 
 

Chapter 5 presents a brief discussion of the main outcomes and contributions 

of this research, including the challenges involved and conclusions reached. It 

also presents the recommendations for further integrating the UAV-based 

hyperspectral imaging methods for high-throughput plant phenotyping and 

precision agriculture monitoring. 

 

5.1 General remarks 

UAV-based imaging spectroscopy of crops has been highlighted as a key 

player in the digital revolution occurring in agriculture, with the promise of 

decoding the spectral response of plants to various biotic and abiotic 

influences. The availability of high-spectral resolution data offers the ability to 

distinguish between different crop features and characteristics and to address 

agricultural production and plant phenotyping challenges regarding plant 

physiology and developmental cycles. However, integrating this cutting-edge 

technology in precision agriculture and plant phenotyping applications requires 

the availability of appropriate sensing instrumentation, robust computational 

infrastructure, and the development of accessible, rigorous and stable data 

management and analytics tools. The work presented herein endeavors to 

provide operational and automated methods based on machine learning, 

computer vision, and data analytics, with the purpose to collect, process, and 

model UAV-based hyperspectral imagery time series. Developing these 
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products enables the capacity to retrieve and analyze plant metrics required for 

crop monitoring, disease diagnosis, and plant breeding for field phenotyping.  

 

The research was developed following a general operational workflow that 

facilitated the resolution of challenges encountered during the processes of 

geometrically and radiometrically correcting large volumes of high spatial, 

spectral, and temporal resolution imagery (Chapter 2). The development of 

these streamlined post-processing procedures facilitated converting the 

reflectance datacubes into predicted physiological parameters on a per-pixel 

basis via implementing a multiple machine learning strategies framework. The 

optimized retrieval process allowed the creation of spatially distributed maps of 

key variables of interest (Chapter 3). These spatiotemporal retrievals could then 

be used to evaluate plant health condition: in this case, via deriving phenotyping 

metrics such as salt-induced senescence at the individual plant level, analyzing 

within-plant pigments variability, as well as their temporal trends (Chapter 4). 

The potential for using such information to advance yield prediction models in 

future studies was also evidenced. 

 

Automated computer vision, parallel computing, machine learning, and big data 

analytics tools were combined with UAV-based imaging spectroscopy to 

monitor and diagnose plant spectral responses throughout their developmental 

cycle. The combination of these tools allowed the delivery of rapid, 

standardized, and accurate screening of biochemical and structural traits. 

Methodological frameworks were provided for integrating these cutting-edge 

technologies in precision agricultural and phenotyping pipelines, including the 
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systematic calibration and pre-processing of spatially and spectrally accurate 

datacubes, machine learning-driven strategies for retrieving plant phenological 

dynamics from hyperspectral data, and plant stress detection from 

hyperspectral-derived metrics. The following sections provide a brief review of 

these dissertation elements, highlighting the key outcomes and future 

perspectives. 

 

5.2 Systematic calibration and pre-processing workflows for 

producing spatially and spectrally accurate datacubes  

 
The greater detail in a hyperspectral scene, the more likely unique crop 

characteristics and plant physiological traits can be defined from spectrally pure 

pixels. However, despite the potential associated with high spectral, spatial, 

and temporal resolution data, its reliability is highly dependent on adequate 

data collection and processing, which can vary depending on the 

characteristics of the remote sensing system components. This study covers 

the geometric calibration and mosaicking of pushbroom hyperspectral imaging 

by developing and implementing an automated process chain based on co-

registration computer vision algorithms and parallelized batch jobs (Chapter 2). 

UAV hyperspectral imagery of different spatial resolutions was tested under this 

framework, producing mosaics of sub-centimetric pixel size with positional 

accuracies in the order of centimeters, requiring just a few well-distributed 

GCPs. The computational robustness of the solution was demonstrated by 

processing datacubes of hundreds of gigabytes in a few hours, retrieving 

hundreds of thousands of stitching points between pairs of swaths that would 

be unlikely to be achieved by semi-automated or conventional manual 
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selection. Further research should explore the use of high-performance control 

and navigation sensing instrumentation (e.g., IMUs, RTK+GNSS) that allow 

registration of highly-accurate positional measurements during the flight 

operation in order to avoid the use of reference RGB orthomosaics and 

assuring the suitability of using the proposed methodology for data collected in 

different topographic conditions.     

 

When multitemporal scenes are considered, the biggest challenge is to retrieve 

comparable reflectance spectra for scenes acquired at different times, 

accounting for variable weather dynamics and source-sensor geometry. 

Therefore, radiometric calibration is considered a critical and non-trivial pre-

processing task, which must be performed to gain comparable surface 

reflectance spectra in time-series imagery. As part of this research, the 

radiometric calibration and reflectance retrieval was performed via a two-stage 

process.  First, the imaging spectrometer performance was assessed by 

following a proposed protocol that evaluates the spatial consistency, temporal 

stability, and spectral fidelity of the data captured under controlled illumination 

conditions (Appendix 5). Then, raw radiances were translated into surface 

reflectance using different standard and experimental reference targets and the 

empirical line calibration method, while applying conventional denoising and 

smoothing processing techniques (Chapter 3). This technique was also tested 

using hyperspectral satellite data (Appendix 1). Although the approach is widely 

applied and straightforward to implement, the calibration quality depends on 

the type of targets used (ideally, highly Lambertian materials). Further research 

should focus on developing alternative approaches that are less dependant on 
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in-situ spectral samplings, such as exploring radiative transfer models or 

including irradiance sensors on the UAV payload to capture the solar irradiance 

and the imagery simultaneously. 

 

5.3 Machine learning-driven tools for retrieving plant phenological 

dynamics from hyperspectral data 

 
Estimating biophysical parameter dynamics is perhaps the most critical and 

challenging problem in the remote sensing of the vegetation. Retrieval 

strategies to deal with complex VNIR hyperspectral data in mapping 

physiological traits include parametric, non-parametric, and physical modeling. 

The main contribution of this dissertation relies on the use of hybrid non-

parametric modeling approaches that combine machine learning and 

categorized hyperspectral vegetation indices for the retrieval of pigment 

contents from canopy to leaf scale. An early investigation using high-frequency 

hyperspectral satellite imagery (Hyperion – EO1) and ground-truth data allowed 

us to exploit the spectral information to achieve chlorophyll and leaf area 

predictabilities at a canopy scale in an agricultural study site by using 

narrowband vegetation indices, data mining, and decision trees techniques 

(i.e., Cubist), paving the way for potentially improving our capacity to retrieve 

these vegetation characteristics by utilizing higher spatial resolution datasets 

(Appendix 2 and Appendix 3). The retrieval approach was extended to the leaf 

scale by using destructive and non-destructive chlorophyll screening of wheat 

seedlings, field spectral libraries, and random forest regression, producing 

accurate estimates and demonstrating the robustness of the hybrid modeling 

using VIs compared to the entirety of the hyperspectral data (Appendix 4). The 
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transferability of leaf-level analysis to a plant scale was studied using UAV 

imaging spectroscopy of ultra-high spatial resolution (i.e., millimetric), leaf 

spectra, and SPAD sampling under a phenotyping experiment. The research 

scope was expanded to retrieving trait dynamics across the plant 

developmental cycle, showcasing the estimation of leaf-chlorophyll in a wild 

tomato species (Chapter 3). 

 

The modeling framework is designed to iteratively train/test and validate 

different combinations of ML algorithms, learning strategies, and types of 

predictors, while exploiting the wealth of spectral information. The selection of 

the most suitable combination is guided by evaluation criteria based on key 

quality metrics of the results (i.e., goodness-of-fit, RMSE, MAE, uncertainty) 

while optimizing the capacity to retrieve physiological traits from limited ground-

truth and high dimensional spectral data. Different advantageous aspects can 

be highlighted from the framework. First, the temporal variability of the data can 

be modeled under two different assumptions: a sequential series of historical 

observations to forecast the targeted trait at any time or under a retraining 

routine, where the model is updated as new data is collected. Second, two 

types of predictors can be considered to explore the spectral variability of the 

data, either using the hundreds of spectral bands as predictors or transforming 

them into a set of narrowband VIs already reported to be related to the targeted 

trait (i.e., greenness, pigment content, senescence). Third, multiple ML 

regression approaches can be simultaneously tested in a parallelized 

computational routine, allowing the joint assessment of the models based on 

accuracy and goodness-of-fit metrics and an exploratory comparative analysis 
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of the estimations. Heeding the data-driven nature of non-parametric modeling, 

the number and type of algorithms to evaluate could vary according to some 

general mechanisms: dimensionality and data redundancy, model 

interpretability, feature engineering, regularization, optimization of 

hyperparameters, feature importance, and uncertainty of the predictions.  

 

Overall, the PLSR, random forest, and GPR-Squared models performed the 

best, modeling the temporal and spectral variability of the input data and 

accurately reproducing the Chl dynamics observed during the field campaigns. 

These algorithms incorporate mechanisms that allow coping with the 

hyperspectral data multicollinearity and identifying the most relevant predictors 

(either bands or VIs) in the retrieval of the targeted trait, which increases the 

interpretability of hidden relationships between them. The GPR stood out from 

the other ML approaches, providing the uncertainty or confidence levels of the 

estimations, which can be mapped and used as assessment criteria. The 

framework can be extended to retrieve other physiological indicator maps 

across the various cycles of crop development in precision agriculture 

applications using satellite, UAV, field spectroscopy, or integrated into 

phenotyping pipelines with proximal spectroscopy sensing.  

 

5.4 Plant stress detection from hyperspectral-derived metrics  

One of the promises of precision agriculture technologies, including UAV-based 

hyperspectral sensing, is delivering physiological indicator maps at a high 

spatial scale across the crop developmental cycle, which can be integrated into 

the high-throughput crop phenotyping pipeline to facilitate the discovery of the 
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genetic basis of plant responses to biotic and abiotic factors. This dissertation 

explored the use of UAV imaging spectroscopy for stress detection at high 

spatial and temporal resolutions, via 1) retrieving physiologic traits at a pixel 

level, 2) delivering distribution maps that serve as products to evaluate health 

conditions from individual plants and across accessions, 3) analyzing temporal 

trends from these maps, and 4) using these as input layers for advanced yield 

prediction models in further studies. A case study was presented in Chapter 4 

to showcase the integration of the proposed machine learning retrieval 

framework (developed in Chapter 3) for quantifying salt stress responses of a 

diversity panel of wild tomato species via monitoring senescence traits through 

the developmental stages of plants. The GPR squared exponential model was 

applied under a retraining strategy using greenness VIs, time series of ground-

truth SPAD, and in-situ spectral samples, generating three different outputs: 

multitemporal SPAD-based chlorophyll and associated uncertainty maps, and 

the ranking of relevant vegetation indices that contribute most to the regression 

process. Each of these products offers complementary information to guide the 

analysis of the targeted trait. The SPAD-based maps contain detailed 

information on the within-plant chlorophyll variability across the projected shoot 

area and its dynamics over time. The uncertainty maps inform how precise an 

estimation is. While the scoring of VIs informs on the relevance of each index 

in the prediction of the target variable at each stage.  

 

Data mining analysis of the growth and senescence dynamics was performed 

by exploiting the spatio-temporal information in the retrieved maps. Shoot areas 

and percentage of senescent area under control and salt treatment were 
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quantified to determine the salt-induced senescence index (SIS) across 

accessions after different salt applications. Data visualization and analytics 

tools were used to extract insights on the salt tolerance level of the accessions, 

producing ancillary metrics that track senescence dynamics between salt-

stress periods. Finally, since the ultimate goal of phenotyping research is 

quantifying plant responses in terms of yield-related traits to identify genes that 

improve plant performance, the correlation between the derived metrics and 

yield and biomass indicators was investigated, finding consistent and significant 

relationships that have to be further explored in a broader analysis including 

additional structural and biophysical traits. 

  

5.5 Directions and recommendations for further research 

While this contribution illustrates the convergence of imaging spectroscopy, 

UAV platforms, computer vision, machine learning, and big data analytics for 

precision agriculture and field-based phenotyping, it also seeds a range of 

ideas and open questions to integrate this technology for the timely delivery of 

precise information across the four stages of the remote sensing roadmap: 

 

• First, considering the multi-dimensional nature of hyperspectral data, it 

is crucial to determine the suitable spatio-temporal scale for specific targeted 

crops and traits to optimize the data collection and processing efforts. Although 

the ultra-high spatial resolution (i.e., millimetric) achieved in our data allows us 

to model and analyze physiological traits (e.g., growth and greenness) at a 

within-plant scale, it exponentially increased the computational effort for 

storage and processing (e.g., TB order). Moreover, the pixel size is also 
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relevant for retrieving the traits, since the purity of the spectral signatures 

increases with the spatial resolution (small pixels), reducing the adjacent effects 

of soil and shadows, and validating the direct use of leaf-level vegetation 

indices. Exploratory spatio-spectral sensitivity studies should be performed to 

determine adequate pixel sizes and viewing geometries across the crop cycle, 

accounting for the effects of structural characteristics of the plants/crops. 

 

• Second, the processing stage relies on the collected data and sensing 

instrumentation characteristics. Although our study provides an automated 

method for the geometric calibration and mosaicking of pushbroom datacubes, 

it relies on ancillary orthorectified imagery to co-locate the hyperspectral mosaic 

within a specific coordinate reference frame, which can be overcome by 

including integrated inertial/navigation sensors (i.e., RTK+INS) in the payload. 

In terms of radiometric calibration, solar irradiance sensors can be installed in 

the UAV to measure upward and downward radiation during image scanning to 

develop UAV-based direct reflectance measurements. Overall, considering that 

UAV, robotics, and sensing technology are continuously evolving, new and 

advanced instrumentation solutions are becoming available to be tested and 

improve the imagery processing methods. 

 

• Third, the advances reached by this study with supervised machine 

learning methods can be extended to cover deep learning (e.g., neural 

networks) and reinforcement (e.g., Markov decision process) approaches. It is 

advised to examine algorithms that incorporate dimensionality reduction 

techniques (e.g., feature selection, PCA) to identify a predictor's importance 
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and add interpretability to the model. Another desirable characteristic of a 

method is the mechanism to measure the uncertainty of the estimates, which 

can be further explorer under the Bayesian paradigm (e.g., GPR). The set of 

predictors to use should be guided by the reflectance properties of the targeted 

traits across the optical spectrum: absorptions, local and absolute 

maxima/minima points, inflection points, slopes, which are parametrized by 

hyperspectral vegetation indices. Also, alternative strategies for modeling time-

series should be further investigated, assessing their learning capabilities to 

retrieve natural dynamics (or trends), including approaches that account for the 

temporal autocorrelation and stationarity (e.g., spatio-temporal kernels) of the 

targeted trait. Overall, given the diversity of candidate approaches available for 

mapping traits, comparative evaluations are essential to design operative 

modeling frameworks. 

 

• Finally, the integration of UAV-based imaging spectroscopy in the 

precision agriculture and phenotyping processes chain should not be limited to 

mapping and delivering traits; mining the retrieved data is essential to deliver 

more insightful and analytical information for crop modeling and genotyping. 

This proposal illustrates how to explore the spatio-temporal dimensionality of 

the spectral-derived traits (e.g., chlorophyll content) by analyzing the within-

plant variation of the estimations over time in order to extract secondary metrics 

(e.g., percentage of senescent area) and health indicators (e.g., salt-induced 

senescence - SIS), conventionally used in high-throughput phenotyping 

studies. Having focus trait targets is crucial for planning the hyperspectral data 

collection, deciding the retrieval strategy, and deriving specific spectral plant 
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characteristics, as is required to establish scalable and transferable modeling 

frameworks that can be used to cover as much genetic diversity as possible in 

different environmental conditions. 

 

The proposed methods, models, and analytical frameworks in this dissertation 

contribute to the challenging task of operationally adopting UAV-based 

hyperspectral remote sensing in precision agriculture and plant phenotyping. 

Specifically, systematizing the calibration and processing workflows for 

producing spatially and spectrally accurate imagery, guiding the 

implementation of machine learning tools for retrieving plant physiological 

dynamics, and illustrating the use of hyperspectral-derived metrics for plant 

stress detection. The insights gained by utilizing computer vision tools, big-data 

analytics, and machine learning modeling strategies serve as a stepping-stone 

for advancing the effective exploitation of the wealth and complexity of UAV-

based hyperspectral data and to help deliver upon the much needed promise 

of the digital agricultural revolution. 
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APPENDICES 
 

Appendix 1 

 
Reconstructing Cloud Contaminated Pixels Using Spatiotemporal 

Covariance Functions and Multitemporal Hyperspectral Imagery 

 

Angel, Yoseline; Houborg, Rasmus; McCabe, Matthew F. 2019. 

"Reconstructing Cloud Contaminated Pixels Using Spatiotemporal Covariance 

Functions and Multitemporal Hyperspectral Imagery" Remote Sens. 11, no. 10: 

1145. https://doi.org/10.3390/rs11101145 

 

Abstract 

 

One of the major challenges in optical-based remote sensing is the presence 

of clouds, which imposes a hard constraint on the use of multispectral or 

hyperspectral satellite imagery for earth observation. While some studies have 

used interpolation models to remove cloud affected data, relatively few aim at 

restoration via the use of multi-temporal reference images. This paper proposes 

not only the use of image time-series, but also the implementation of a 

geostatistical model that considers the spatiotemporal correlation between 

them to fill the cloud-related gaps. Using Hyperion hyperspectral images, we 

demonstrate a capacity to reconstruct cloud-affected pixels and predict their 

underlying surface reflectance values. To do this, cloudy pixels were masked 

and a parametric family of non-separable covariance functions was automated 

fitted, using a composite likelihood estimator. A subset of cloud-free pixels per 
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scene was used to perform a kriging interpolation and to predict the spectral 

reflectance per each cloud-affected pixel. The approach was evaluated using a 

benchmark dataset of cloud-free pixels, with a synthetic cloud superimposed 

upon these data. An overall root mean square error (RMSE) of between 0.5% 

and 16% of the reflectance was achieved, representing a relative root mean 

square error (rRMSE) of between 0.2% and 7.5%. The spectral similarity 

between the predicted and reference reflectance signatures was described by 

a mean spectral angle (MSA) of between 1° and 11°, demonstrating the spatial 

and spectral coherence of predictions. The approach provides an efficient 

spatiotemporal interpolation framework for cloud removal, gap-filling, and 

denoising in remotely sensed datasets. 
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Appendix 2 

 

Detection of Chlorophyll and Leaf Area Index Dynamics from Sub-

Weekly Hyperspectral Imagery 

 

Rasmus Houborg, Matthew F. McCabe, Yoseline Angel, Elizabeth M. 

Middleton, "Detection of chlorophyll and leaf area index dynamics from sub-

weekly hyperspectral imagery," Proc. SPIE 9998, Remote Sensing for 

Agriculture, Ecosystems, and Hydrology XVIII, 999812 (25 October 2016); 

https://doi.org/10.1117/12.2241345 

 

Abstract 

 

Temporally rich hyperspectral time-series can provide unique time critical 

information on within-field variations in vegetation health and distribution 

needed by farmers to effectively optimize crop production. In this study, a dense 

timeseries of images were acquired from the Earth Observing-1 (EO-1) 

Hyperion sensor over an intensive farming area in the center of Saudi Arabia. 

After correction for atmospheric effects, optimal links between carefully 

selected explanatory hyperspectral vegetation indices and target vegetation 

characteristics were established using a machine learning approach. A dataset 

of in-situ measured leaf chlorophyll (Chll) and leaf area index (LAI), collected 

during five intensive field campaigns over a variety of crop types, were used to 

train the rule-based predictive models. The ability of the narrow-band 

hyperspectral reflectance information to robustly assess and discriminate 
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dynamics in foliar biochemistry and biomass through empirical relationships 

were investigated. This also involved evaluations of the generalization and 

reproducibility of the predictions beyond the conditions of the training dataset. 

The very high temporal resolution of the satellite retrievals constituted a 

specifically intriguing feature that facilitated detection of total canopy Chl and 

LAI dynamics down to sub-weekly intervals. The study advocates the benefits 

associated with the availability of optimum spectral and temporal resolution 

spaceborne observations for agricultural management purposes. 
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Appendix 3 

 

Time Series from Hyperion to Track Productivity in Pivot Agriculture in 

Saudi Arabia 

 

R. Houborg, M. F. McCabe, Y. Angel and E. M. Middleton, "Time series from 

Hyperion to track productivity in pivot agriculture in Saudi Arabia," 2017 IEEE 

International Geoscience and Remote Sensing Symposium (IGARSS), 2017, 

pp. 3047-3050, https://doi:10.1109/IGARSS.2017.8127641 

 

Abstract 

 

The hyperspectral satellite sensing capacity is expected to increase 

substantially in the near future with the planned deployment of hyperspectral 

systems by both space agencies and commercial companies. These enhanced 

observational resources will offer new and improved ways to monitor the 

dynamics and characteristics of terrestrial ecosystems. This study investigates 

the utility of time series of hyperspectral imagery, acquired by Hyperion 

onboard EO-1, for quantifying variations in canopy chlorophyll (Chlc), plant 

productivity, and yield over an intensive farming area in the desert of Saudi 

Arabia. Chlc is estimated on the basis of predictive multi-variate empirical 

models established via a machine learning approach using a training dataset 

of in-situ measured target variables and explanatory hyperspectral indices. 

Resulting time series of Chlc are translated into Gross Primary Productivity 

(GPP) and Yield based on semi-empirical relationships, and evaluated against 
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ground-based observations. Results indicate significant benefit in utilizing the 

full suite of hyperspectral indices over multi-spectral indices constructible from 

Landsat-8 and Sentinel-2. 
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Appendix 4 

 

A Random Forest Machine Learning Approach for the Retrieval of Leaf 

Chlorophyll Content in Wheat 

 

Shah, Syed H.; Angel, Yoseline; Houborg, Rasmus; Ali, Shawkat; McCabe, 

Matthew F. 2019. "A Random Forest Machine Learning Approach for the 

Retrieval of Leaf Chlorophyll Content in Wheat" Remote Sens. 11, no. 8: 920. 

https://doi.org/10.3390/rs11080920 

 

Abstract 

 

Developing rapid and non-destructive methods for chlorophyll estimation over 

large spatial areas is a topic of much interest, as it would provide an indirect 

measure of plant photosynthetic response, be useful in monitoring soil nitrogen 

content, and offer the capacity to assess vegetation structural and functional 

dynamics. Traditional methods of direct tissue analysis or the use of handheld 

meters, are not able to capture chlorophyll variability at anything beyond point 

scales, so are not particularly useful for informing decisions on plant health and 

status at the field scale. Examining the spectral response of plants via remote 

sensing has shown much promise as a means to capture variations in 

vegetation properties, while offering a non-destructive and scalable approach 

to monitoring. However, determining the optimum combination of spectra or 

spectral indices to inform plant response remains an active area of 

investigation. Here, we explore the use of a machine learning approach to 
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enhance the estimation of leaf chlorophyll (Chlt), defined as the sum of 

chlorophyll a and b, from spectral reflectance data. Using an ASD FieldSpec 4 

Hi-Res spectroradiometer, 2700 individual leaf hyperspectral reflectance 

measurements were acquired from wheat plants grown across a gradient of soil 

salinity and nutrient levels in a greenhouse experiment. The extractable Chlt 

was determined from laboratory analysis of 270 collocated samples, each 

composed of three leaf discs. A random forest regression algorithm was trained 

against these data, with input predictors based upon (1) reflectance values from 

2102 bands across the 400–2500 nm spectral range; and (2) 45 established 

vegetation indices. As a benchmark, a standard univariate regression analysis 

was performed to model the relationship between measured Chlt and the 

selected vegetation indices. Results show that the root mean square error 

(RMSE) was significantly reduced when using the machine learning approach 

compared to standard linear regression. When exploiting the entire spectral 

range of individual bands as input variables, the random forest estimated Chlt 

with an RMSE of 5.49 µg·cm−2 and an R2 of 0.89. Model accuracy was 

improved when using vegetation indices as input variables, producing an 

RMSE ranging from 3.62 to 3.91 µg·cm−2, depending on the particular 

combination of indices selected. In further analysis, input predictors were 

ranked according to their importance level, and a step-wise reduction in the 

number of input features (from 45 down to 7) was performed. Implementing this 

resulted in no significant effect on the RMSE, and showed that much the same 

prediction accuracy could be obtained by a smaller subset of indices. 

Importantly, the random forest regression approach identified many important 

variables that were not good predictors according to their linear regression 
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statistics. Overall, the research illustrates the promise in using established 

vegetation indices as input variables in a machine learning approach for the 

enhanced estimation of Chlt from hyperspectral data. 
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Appendix 5 

 

Radiometric Assessment of a UAV-Based Push-Broom Hyperspectral 

Camera 

 

Barreto, M. A.P.; Johansen, Kasper; Angel, Yoseline; McCabe, Matthew F. 

2019. "Radiometric Assessment of a UAV-Based Push-Broom Hyperspectral 

Camera" Sensors 19, no. 21: 4699. https://doi.org/10.3390/s19214699 

 

Abstract 

 

The use of unmanned aerial vehicles (UAVs) for Earth and environmental 

sensing has increased significantly in recent years. This is particularly true for 

multi- and hyperspectral sensing, with a variety of both push-broom and snap-

shot systems becoming available. However, information on their radiometric 

performance and stability over time is often lacking. The authors propose the 

use of a general protocol for sensor evaluation to characterize the data retrieval 

and radiometric performance of push-broom hyperspectral cameras, and 

illustrate the workflow with the Nano-Hyperspec (Headwall Photonics, Boston 

USA) sensor. The objectives of this analysis were to: (1) assess dark current 

and white reference consistency, both temporally and spatially; (2) evaluate 

spectral fidelity; and (3) determine the relationship between sensor-recorded 

radiance and spectroradiometer-derived reflectance. Both the laboratory-based 

dark current and white reference evaluations showed an insignificant increase 

over time (<2%) across spatial pixels and spectral bands for >99.5% of pixel–
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waveband combinations. Using a mercury/argon (Hg/Ar) lamp, the 

hyperspectral wavelength bands exhibited a slight shift of 1-3 nm against 29 

Hg/Ar wavelength emission lines. The relationship between the Nano-

Hyperspec radiance values and spectroradiometer-derived reflectance was 

found to be highly linear for all spectral bands. The developed protocol for 

assessing UAV-based radiometric performance of hyperspectral push-broom 

sensors showed that the Nano-Hyperspec data were both time-stable and 

spectrally sound. 
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Appendix 6 

 

Unmanned Aerial Vehicle-Based Phenotyping Using Morphometric and 

Spectral Analysis Can Quantify Responses of Wild Tomato Plants to 

Salinity Stress 

 

Johansen K, Morton MJL, Malbeteau YM, Aragon B, Al-Mashharawi SK, Ziliani 

MG, Angel Y, Fiene GM, Negrão SSC, Mousa MAA, Tester MA and McCabe 

MF (2019) Unmanned Aerial Vehicle-Based Phenotyping Using Morphometric 

and Spectral Analysis Can Quantify Responses of Wild Tomato Plants to 

Salinity Stress. Front. Plant Sci. 10:370. https://doi:10.3389/fpls.2019.00370 

   

Abstract 

 

With salt stress presenting a major threat to global food production, attention 

has turned to the identification and breeding of crop cultivars with improved salt 

tolerance. For instance, some accessions of wild species with higher salt 

tolerance than commercial varieties are being investigated for their potential to 

expand food production into marginal areas or to use brackish waters for 

irrigation. However, assessment of individual plant responses to salt stress in 

field trials is time-consuming, limiting, for example, longitudinal assessment of 

large numbers of plants. Developments in Unmanned Aerial Vehicle (UAV) 

sensing technologies provide a means for extensive, repeated and consistent 

phenotyping and have significant advantages over standard approaches. In this 

study, 199 accessions of the wild tomato species, Solanum pimpinellifolium, 
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were evaluated through a field assessment of 600 control and 600 salt-treated 

plants. UAV imagery was used to: (1) delineate tomato plants from a time-series 

of eight RGB and two multi-spectral datasets, using an automated object-based 

image analysis approach; (2) assess four traits, i.e., plant area, growth rates, 

condition and Plant Projective Cover (PPC) over the growing season; and (3) 

use the mapped traits to identify the best-performing accessions in terms of 

yield and salt tolerance. For the first five campaigns, >99% of all tomato plants 

were automatically detected. The omission rate increased to 2–5% for the last 

three campaigns because of the presence of dead and senescent plants. Salt-

treated plants exhibited a significantly smaller plant area (average control and 

salt-treated plant areas of 0.55 and 0.29 m2, respectively), maximum growth 

rate (daily maximum growth rate of control and salt-treated plant of 0.034 and 

0.013 m2, respectively) and PPC (5–16% difference) relative to control plants. 

Using mapped plant condition, area, growth rate and PPC, we show that it was 

possible to identify eight out of the top 10 highest yielding accessions and that 

only five accessions produced high yield under both treatments. Apart from 

showcasing multi-temporal UAV-based phenotyping capabilities for the 

assessment of plant performance, this research has implications for agronomic 

studies of plant salt tolerance and for optimizing agricultural production under 

saline conditions. 
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Appendix 7 

 

Predicting Biomass and Yield in a Tomato Phenotyping Experiment 

Using UAV Imagery and Random Forest 

 

Johansen K, Morton MJL, Malbeteau Y, Aragon B, Al-Mashharawi S, Ziliani 

MG, Angel Y, Fiene G, Negrão S, Mousa MAA, Tester MA and McCabe MF 

(2020) Predicting Biomass and Yield in a Tomato Phenotyping Experiment 

Using UAV Imagery and Random Forest. Front. Artif. Intell. 3:28. 

https://doi:10.3389/frai.2020.00028 

 

Abstract 

 

Biomass and yield are key variables for assessing the production and 

performance of agricultural systems. Modeling and predicting the biomass and 

yield of individual plants at the farm scale represents a major challenge in 

precision agriculture, particularly when salinity and other abiotic stresses may 

play a role. Here, we evaluate a diversity panel of the wild tomato species 

(Solanum pimpinellifolium) through both field and unmanned aerial vehicle 

(UAV)-based phenotyping of 600 control and 600 salt-treated plants. The study 

objective was to predict fresh shoot mass, tomato fruit numbers, and yield mass 

at harvest based on a range of variables derived from the UAV imagery. UAV-

based red–green–blue (RGB) imageries collected 1, 2, 4, 6, 7, and 8 weeks 

before harvest were also used to determine if prediction accuracies varied 

between control and salt-treated plants. Multispectral UAV-based imagery was 
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also collected 1 and 2 weeks prior to harvest to further explore predictive 

insights. In order to estimate the end of season biomass and yield, a random 

forest machine learning approach was implemented using UAV-imagery-

derived predictors as input variables. Shape features derived from the UAV, 

such as plant area, border length, width, and length, were found to have the 

highest importance in the predictions, followed by vegetation indices and the 

entropy texture measure. The multispectral UAV imagery collected 2 weeks 

prior to harvest produced the highest explained variances for fresh shoot mass 

(87.95%), fruit numbers (63.88%), and yield mass per plant (66.51%). The RGB 

UAV imagery produced very similar results to those of the multispectral UAV 

dataset, with the explained variance reducing as a function of increasing time 

to harvest. The results showed that predicting the yield of salt-stressed plants 

produced higher accuracies when the models excluded control plants, whereas 

predicting the yield of control plants was not affected by the inclusion of salt-

stressed plants within the models. This research demonstrates that it is 

possible to predict the average biomass and yield up to 8 weeks prior to harvest 

within 4.23% of field-based measurements and up to 4 weeks prior to harvest 

at the individual plant level. Results from this work may be useful in providing 

guidance for yield forecasting of healthy and salt-stressed tomato plants, which 

in turn may inform growing practices, logistical planning, and sales operations. 

 

 


