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ABSTRACT 

Quantitative analysis of plant phenotypes in field trials has become a major bottleneck due to the large 

amount of breeding trials that need to be scored and analyzed. This phenotyping is traditionally done 

by visual scoring and manual measurements, which is labor intensive, non-systematic and susceptible 

to human error. Plant breeding would therefore benefit from fast, high-throughput and non-destructive 

sensing techniques to score and evaluate field-based breeding trials. In controlled circumstances like 

greenhouses significant progress has been made using image based techniques in high-throughput 

phenotyping facilities. The next step would be to adopt camera based technology in field experiments, 

however, a multitude of factors are influencing these observations: light conditions, wind, moisture on 

leaves, etc. Both ground based vehicles and aerial platforms have been considered for field-based 

phenomics.  Aerial platforms like Unmanned Aerial Vehicles (UAVs) have much potential to be a 

suitable tool for plant breeders. They can be equipped with multiple sensors and fly at low-altitude in 

a relative small timespan without affecting field conditions. 

In this research we evaluated the usability and accuracy of high-resolution hyperspectral images 

acquired from an Unmanned Aerial Vehicle (UAV) to quantify the growth parameters biomass and 

plant height for a large-scale maize breeding trail. Furthermore, this research tested which spectral 

range and growing stages gave the best relation with biomass and plant height in order to find out 

which sensors were most suited and what flying periods were essential for phenotyping these traits. 

The field under research consisted of a phenotyping experiment with 3838 plots with a size of 10.2 m2 

each and planted with different maize (Zea Mays) cultivars. Conventional measurements for biomass 

and height of each cultivar were done at harvest. At four different growth stages, flights with a multi-

rotor UAV platform equipped with a combined RGB and hyperspectral camera we carried out, resulting 

in three geo-rectified products: RGB-orthomosaic, digital surface model and a hyperspectral dataset 

with 100 bands ranging from 450-950 nm. In the subsequent method development, both individual 

spatial images and also the fusion (including time) was evaluated using vegetation indices and 

multivariate statistical approaches. 

For the spatial estimation of height at the end of the growing season, a good accuracy could be achieved 

when correlating UAV derived heights to LiDAR measurements (R2 = 0.78). Accuracy over the whole 

field differed due to geometrical errors and influence of ground control points (R2 = 0.61). Overall there 

was a systematic underestimation of -0.30 meters. For the estimation of final biomass, the prediction 

accuracy was R2 = 0.79 when the spatial layer of the canopy plant model was combined with spectral 

information from specific parts of the growing season in a multivariate approach. The multispectral 

indices showed a better performance in estimating biomass than the hyperspectral indices. The 

beginning and end of the growing season were most important for biomass prediction. The main 

limitations of this research were the geometrical distortions caused by the hyperspectral push broom 

scanner and non-linear deformations of the digital surface models due to the lack of sufficient amount 

of ground control points. The results of this study have shown that crop surface models derived from 

the UAV based RGB sensor are capable of capturing height variability with high spatial detail. 

Furthermore, our results suggest that plant height measured at harvest, combined with vegetation 

indices at the start and end of the growing season may be used to predict maize biomass. Future research 

should explore the use of more ground control points for improved rectifications of 3D models and the 

use of multi- or hyperspectral frame cameras in order to minimize geometrical distortions. 

 

Keywords: Unmanned Aerial Vehicle, Remote Sensing, Phenotyping, Breeding Trials, Maize, Structure 

from Motion, Hyperspectral, Plant Height, Biomass, Multivariate Analysis. 
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1 INTRODUCTION 

1.1 CONTEXT AND BACKGROUND 
With current predictions on human population growth, a world’s population of 8.8 to 10 billion by mid-

century is unavoidable (Cleland 2013). To secure a quality of life for current and future generations, 

sufficient food production is essential. Worldwide there is evidence that food production and the 

distribution is problematic, leading to 3.7 billion human beings that are malnourished (Pimentel and 

Pimentel 2006). As diets are not likely to change, much of the future need for food will be driven by 

increased quantity (Cleland 2013). Crops like maize, wheat and grain are essential for food security as 

these crops provide the resource for both food and feed for the growing human and animal population. 

Furthermore plants are becoming a form of renewable energy in the form of biofuels (Grayson 2011) 

and are increasingly being used as a raw material for products (Boehlje and Broring 2010). Improving 

plant productivity is therefore a key factor in order to address these major economic, ecological and 

societal challenges. A way of improving plant productivity is by cross-breeding and refining plant traits 

in order to produce highly efficient seeds that are adapted for different needs and environmental 

conditions (Ramming and Fear 1993). Plant breeding can be defined as ‘the art and science of changing 

genetic architecture of plants for the benefit of mankind’ (Panguluri and Kumar 2013). It has been a 

practice since the beginning of agriculture, although the more scientific approaches started to emerge 

around 1900 (Panguluri and Kumar 2013). Plant breeding companies nowadays are in the forefront of 

this scientific plant research, introducing traits and creating new plant varieties with high yield 

potentials.  

1.2 PROBLEM STATEMENT 
To find new traits with high yield potentials thousands of breeding plots need to be scored and 

analyzed. This phenotyping is traditionally done by visual scoring and manual measurements, which 

is labor intensive, not systematic and susceptible to human error. A phenotype is ‘any measurable 

characteristic or trait of a plant and is a result of combination of genes expressing in the plant (referred 

to as genotype), environmental influence, and their interactions’ (Panguluri and Kumar 2013). Selecting 

and rejecting certain plant traits is based on phenotyping data and thus of great importance for a plant 

breeder. ‘The quantitative analysis of these plant phenotypes has become the major bottleneck due to 

the large amount of breeding trials that need to be scored and analyzed’ (EPPN 2013). Currently this 

process is destructive, time consuming and expensive. Plant breeding would therefore benefit from fast, 

high-throughput and non-destructive sensing techniques to score and evaluate breeding trials. Hence, 

new state-of-the-art technologies must be developed and studied to accelerate breeding through 

phenomics (Tester and Langridge 2010). Developments are made in the field of non-destructive use of 

sensors for phenotyping. Although these sensors are already widely used in controlled environments 

like greenhouses, still a wider range of non-destructive tools are necessary for the automation of field 

condition phenotyping (Pieruschka and Poorter 2012). A next step would be to adopt this camera based 

technology in phenotyping field experiments. A multitude of factors however would influence these 

field based observations: atmospheric conditions, wind, moisture on leaves, etc. Both ground based 

vehicles and aerial platforms have been considered for field-based phenomics. Aerial platforms like 

Unmanned Aerial Vehicles (UAVs) have much potential to be a suitable tool for plant breeders. They 

can be equipped with multiple sensors and fly at low-altitude in a relative small timespan without 
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affecting field conditions. High resolution imagery from RGB cameras can be used in Structure from 

Motion (SfM) computer vision algorithms to derive canopy architecture traits. Furthermore, UAVs 

make it possible to fuse these architectural traits with hyperspectral data to characterize biochemical 

traits. To improve and develop the UAV platform into a suitable tool for plant breeders, new methods 

are required to fully utilize the capabilities of these platforms with multiple sensors in large scale field 

based phenomics. Additional progress is required on experimental protocols (spatial, temporal, spectral 

settings) which: 1) optimize the required signal to quantify the relevant trait(s); and 2) which reduces 

the effect of disturbing factors resulting in robust and reproducible retrieval of trait value including the 

associated uncertainty. 

1.3 RESEARCH OBJECTIVES & QUESTIONS 
The objective of this research is to evaluate the usability and accuracy of using UAV based optical 

sensors to derive products for the phenotyping of maize breeding trials, with a main focus on biomass 

and plant height estimation. Furthermore, this research aims to test which spectral range and growing 

stage gives the best correlation to biomass in order to find out which sensors are most suited and what 

flying times are essential for phenotyping these traits. The project is in collaboration with research 

institute Alterra and plant breeding company Limagrain BV.  

1.4 RESEARCH QUESTIONS 
The main question of this thesis is ‘Are UAV platforms a suitable tool for phenotyping of maize breeding trials 

and what growing stage gives the best results?’ The main question will be subdivided into three sub-

questions: 

 What is the accuracy of estimated plant height using UAV derived digital crop models? 

 Can the combination of specific vegetation indices measured over time and plant height provide better 

estimates of above ground biomass for maize breeding trials?  

 Which growing stages of maize gives the best relation between RGB, hyperspectral and multispectral 

band vegetation indices and above ground biomass? 

1.5 THESIS OUTLINE 
We will first start with a literature review based on the problem description and research questions in 

chapter 2. We will then describe the study area, set up of plots and data collection procedures in chapter 

3. Subsequently, in chapter 4 the methods will be described. Chapter 5 will show all the results based 

on the methodology and in chapter 6 we will discuss these results. In chapter 7 the conclusion and 

outlook will be given. 
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2 LITERATURE REVIEW 

2.1 IMPORTANT MAIZE TRAITS 
To address the issue of an ever growing world population in combination with a changing climate, we 

need crops that have high-yielding genotypes and that are adapted to our future climate. These new 

crops need to have high fundamental and stable yield characteristics, even under abiotic stresses. The 

genomics revolution and gene technology are believed to provide solutions to these breeding challenges 

and it is predicted that this technology will become more common in the near future (Furbank and 

Tester 2011). This will lead to an increase of high-performing genotypes in the agricultural germplasm. 

To truthfully test the performance of these new genotypes they have to be assessed under field 

conditions using phenotyping methods, or ‘phenomics’. 

Phenotyping is a fundamental tool in many industries. Examples are the medical, biology and plant 

breeding industries. In the plant breeding industry, phenotyping stands for characterizing the 

performance of the plants for desired trait(s) (Panguluri and Kumar 2013). Fast and high-throughput 

crop phenomics have increasingly become more discussed as an approach to significantly improve 

phenotyping efforts for plant breeding (Sankaran et al. 2015). There are numerous traits that can be used 

for analyzing and scoring trials, such as plant height, stem diameter, vigor, greenness, leaf angle etc. 

The main traits for maize are; vigor, height, yield, quality and greenness (Figure 1). One of the main 

interests for a breeder is the estimation of above ground plant biomass at harvest and plant height, as 

this is an indication for yield potential. It is a widely accepted fact that biomass estimation is a good tool 

for yield prediction of grain crops like maize (Oerke et al. 2010).  

  

2.2 RELATIONSHIP BETWEEN IMPORTANT MAIZE TRAITS AND YIELD 
The relationship between maize yield and plant height has not yet been documented very well. Yin et 

al. (2011) has shown that the development of plant height of maize is a very good indicator of the 

Figure 1 Important maize traits and growing stages (source: Limagrain) 
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expected yield. He found significant correlations between yield and growing stage 3, 4 and 5 (Figure 1), 

with the strongest correlations being at growing stage 4 and 5 (R2 = 0.54, R2 = 0.81), although R2 values 

differed at different N treatments. Nonetheless Yin et al. (2011) has proven a significant positive 

correlations between the height of the maize plant at later growing stages and the final yield. Height 

measurements where in this case done manually with a measuring stick. Similar researches have used 

Light Detection and Ranging (LiDAR) techniques to indicate the relationship between plant height and 

yield of other crops (Oilseed rape, Winter rye, Winter wheat and Grassland) and also found strong 

correlations (Ehlert, Adamek, and Horn 2009; L. Zhang and Grift 2012). The use of LiDAR in dynamic 

mode, e.g. driven past field edges, proofed to be an accurate measurement method for measuring the 

height of Miscanthus giganteus, a grass with a spikey canopy surface in the same height range as maize 

(2.70 meters on average). Here an average error of 3,8% was achieved (L. Zhang and Grift 2012). 

Although these methods proofed to be suitable tools for predicting crop yields, manual height 

measurements are extremely labor intensive, not objective and susceptible to human error. While 

LiDAR techniques are more objective, they nowadays mostly require machines driving around a field 

and would be restricted to measurements at harvest when mounted on a combine. Another way to 

estimate yield is by remote sensing technology. Vegetation indices calculated from spectral data have 

been positively correlated to above ground biomass using UAV, aircraft and satellite based imagery 

(Kross et al. 2015; Jr, Hunt, and Al 1999; Jin et al. 2014). However, these studies did not look at correlation 

between biomass and VIs during different growing stages (Figure 1). Currently above ground biomass 

can only be accurately measured at harvest, which is a destructive process and does not provide yield 

information over the growing season. Phenotyping these traits under field conditions could thus be 

improved to faster, more accurate non-destructive methods. By combining novel technologies like 

remote sensing, spectroscopy, image analysis and high-performance computing new field-based 

phenomics can be developed that address this ‘phenotyping bottleneck’ (Furbank and Tester 2011).  

2.3 PHENOTYPING PLATFORMS  
There are both ground based as well as airborne solutions for phenomics under field conditions  (White 

et al. 2012; Andrade-Sanchez et al. 2014; Chapman et al. 2014). These two different platforms have their 

own pros and cons when it comes to phenotyping under field conditions. Plant breeding trials fields are 

often large and contain thousands of small-scale plots. Manually measuring ground based field 

conditions is extremely time consuming and is even more difficult when the measurements are time-

sensitive. Atmospheric conditions for example can rapidly change and influence time consuming 

measurements. Ground based phenomics platforms are only able to measure a small surface area from 

one plot at a time, while airborne platforms are able to capture hundreds of plots in one image, 

effectively reducing the effect of changing atmospheric conditions. However ground-based platforms 

have a huge benefit in accurate Global Navigation Satellite System (GNSS) positioning as they are able 

to make use of a Real Time Kinematic (RTK) GNSS system and are much more stable in time and space 

(Andrade-Sanchez et al. 2014). Accurately georeferencing airborne-based imagery proves to be much 

more of a challenge, although automated methods for georeferencing ultrahigh resolution imagery are 

being developed (Turner, Lucieer, and Wallace 2014).  As there are many crop types with different 

heights and the set-up of plots can also differ greatly in size and row-spacing, there exists no ‘one size 

fits all’ solution for ground-based platforms (Sankaran et al. 2015). Additionally having ground-based 

platforms drive around the plots can cause soil compactness and potentially influence plant growth. 

Airborne platforms like Unmanned Aerial Vehicles (UAVs) have the potential to be this ‘one size fits 
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all’ tool as they have the capability of capturing ultrahigh centimeter resolution imagery at low-altitude 

in a relative small timespan without affecting field conditions.  

Whereas the more traditional satellite remote sensing often lacks sufficient spatial and temporal 

resolutions, especially for small breeding trial plots, UAVs provide full control over spatial, temporal 

and spectral resolutions. One is not limited to satellite revisiting time and flying can be done when 

needed. Furthermore, different types of sensors can be mounted under the UAV, making it possible to 

build custom remote sensing tools, especially designed for scoring and evaluating breeding trials. Such 

aerial monitoring with designated sensors provides detailed information about the spatial variability, 

which is often invisible to ground observers. Furthermore, hyperspectral sensors provide highly 

detailed spectral data which is useful for analyzing e.g. chlorophyll, plant quality, and yield. Next to 

the hyperspectral sensor a high resolution RGB camera can simultaneously be mounted on a UAV, 

providing detailed imagery as input for photogrammetric Structure from Motion (SfM) computer vision 

algorithms (Dellaert et al. 2000). This input is used for constructing Digital Surface Models (DSM), which 

can be used for estimating plant height. Aerial remote sensing techniques have long been used for 

estimating above ground biomass (Jin et al. 2014; Kross et al. 2015) by calculating vegetation indices 

(VIs) in the near infrared (NIR) region (Qi et al. 1994). Stereovision techniques have been used for 

constructing plant 3D models that have the ability to derive plant height (Jay et al. 2015). Studies have 

shown a 96% accuracy in using stereovision in a controlled environment for deriving plant height (Lati, 

Filin, and Eizenberg 2013b; Lati, Filin, and Eizenberg 2013a). As UAVs are becoming more accessible 

and Structure from Motion computer algorithms for building 3D models using just one camera are 

increasingly getting better, these tools have a huge potential for field-based height and biomass 

phenomics.  

This state-of-the-art unmanned aerial vehicle technology is already been widely used in agricultural 

practices (Lelong 2008; C. Zhang and Kovacs 2012; Díaz-Varela et al. 2015) and is being tested for various 

phenotyping applications such as plant count, vigor score and the characterization of yield potential 

(Sankaran et al. 2015). There are several alternatives for environmental and agricultural practices, 

namely: a balloon construction (Jensen et al. 2007), an airship without an internal structural framework 

or a keel (Inoue, Morinaga, and Tomita 2000) or model airplanes and helicopters (Hunt et al. 2005; 

Sugiura, Noguchi, and Ishii 2005). Though, due to the ease of flying by GPS autopilot options and stable 

cameras, UAVs are becoming the first choice for these practices (Pudelko, Stuczynski, and Borzecka-

Walker 2015). 

2.4 DERIVING CANOPY ARCHITECTURE TRAITS USING UAVS AND COMPUTER VISION ALGORITHMS 
SfM techniques can be carried out with any RGB camera an does not need any prior calibration, making 

it a convenient tool for in-field phenotyping (Jay et al. 2015). This technique has been used for the 3D 

modeling of plants (Santos and Oliveira 2012), yet testing this technique for field conditions has not 

much been explored. Due to bi-directional effects and mismatching in ortho-rectification these digital 

surface models are not always accurate. It is therefore interesting to test the accuracy of these UAV 

based crop surface models to manual and LiDAR measurements. Díaz-Varela et al. (2015) has used very 

high resolution imagery acquired from a fixed wing UAV using a consumer-grade camera to construct 

automatic 3D reconstructions of olive trees. They obtained significant correlations between RTK-GNSS 

height measurements and heights derived from the 5 centimeter resolution 3D surface model (R2 = 0.83 

and RMSE = 35 cm). However, the olive trees were solitary and had a relative large and heterogeneous 

canopy surface. Therefore crop trees are easier to accurately measure with SfM techniques than smaller, 



- 11 - 

 

denser crops like maize. Nevertheless, they showed that a decrease in spatial resolution resulted in a 

loss of within-crown heterogeneity. A lower spatial resolution of the DSM lead to a loss of detail and 

had implications for the retrieval of tree height and the errors obtained (R2 = 0.5 when using 50cm 

resolution (Díaz-Varela et al. 2015)). Maize has a spikey canopy surface which is difficult to capture due 

to small area size of canopy and wind effects. This shows that estimating plant height for small-scale 

plots, centimeter spatial resolutions are needed in order to capture the maize crop phenology. At a 

coarser resolution parts of one or more plants and their shadows will merge into one pixel signal, losing 

information on the height variability within a plot. Furthermore Díaz-Varela et al. (2015) did not use 

ground control points (GCPs), leading to canopy height quantification that was conducted on a relative 

basis. To improve the absolute accuracy of the DSMs ground control points should have been used. The 

advantage of this method is that it was fully automated and no data collection in the field was needed. 

However for accurately estimating plant height for thousands of small-scale maize breeding trials 

accurate results in absolute means are needed. Therefore the use of ground control points is advised. 

Lastly Díaz-Varela et al. (2015) focused on open canopies and used visible ground points for height 

differencing. When looking at the set-up and row spacing of maize fields there is not much open canopy, 

especially at harvest stage (Figure 1). In order to differentiate between ground pixels and canopy pixels 

in dense maize fields a digital terrain model (DTM) before harvesting and a digital surface model (DSM) 

of the crop’s canopy is needed. Grenzdorffer (2014) showed that it also possible to estimate the canopy 

height by statistical analysis of the derived 3D point cloud coming from the SfM algorithms. By 

classifying points into ‘ground’ and ‘vegetation’ points differencing between the heights of these points 

can be applied to calculate the relative plant height. Although, this method proofed to be less accurate 

especially with higher leaf area index (LAI) values as there were less reliable ground points. This is 

especially true for dense crops like maize. The differencing method where the canopy height is 

determined by the difference between a DTM and a DSM showed to be the fastest and most accurate 

method. Grenzdorffer (2014) furthermore showed that taking the 95% or 99% percentile of the DCM 

makes sure that single tall plants do not determine the height of a grid cell. He applied the differencing 

method to two crops with a homogenous canopy surface (winter wheat and oilseed rape) and to maize, 

which has a spikier canopy surface. For maize the height results derived from the differencing method 

deviated most from manual measurements in comparison to the more homogenous crops. Maize height 

was always underestimated using this method. Some of the underestimation could be corrected by 

using the 95% percentile or max values. Grenzdorffer (2014)  also emphasized the fact that if differences 

between plants are small, the level of detail and accuracy of both the DTM and DSM need to be sufficient 

in order to show subtle differences in height variability. This again shows the need of very high 

resolution imagery which is georeferenced using ground control points to apply this method for small-

scale maize trials.  A study conducted by Bendig et al. (2014) used these ultrahigh resolution images 

derived from a RGB camera mounted on a UAV to calculate multi-temporal crop surface models for 

barley. The test site consisted out of 18 barley cultivars randomized in 54 plots of 3 x 7 m with sufficient 

spacing between the plots. Bendig et al. (2014) used 15 GCPs measured with a differential global 

positions system to create the crop surface models. This resulted in a very strong correlation between 

the derived plant height and reference measurements (R2 = 0.92) over the whole growing season (six 

measurements). In general the bias of the derived plant height was about 0.1 m lower than the reference 

height. This shows that using very high resolution images on a homogenous canopy surface in 

combination with enough GCPs, very accurate height results can be achieved for smaller plots. However 

the sample size is rather small; only 54 plots versus thousands of plots used in typical phenotyping 

trials. Furthermore the plot spacing was wide, which is also not the case in large phenotyping trials. It 
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is therefore interesting to look at this method applied to these large phenotyping trials with thousands 

of plots that have a spikey canopy surface.  

2.5 FUSING OF PLANT HEIGHT AND HYPERSPECTRAL DATA FOR BIOMASS ESTIMATION 
Bendig et al. (2014) furthermore looked at the correlation between this derived plant height and above 

ground biomass per plot and found good correlations between both dry and fresh biomass (R2 = 0.82 

and R2 =81). The main limitation for this method was the influence of lodging cultivars in the later 

growth stage, producing irregular plant heights. Also wind effects produced errors, although they 

found that wind primarily causes a shift in the x-y direction. These lodging and wind phenomenon’s 

also occurs in maize cultivars and could therefore influence the results. Furthermore the height 

prediction errors became larger at later growing stages and showed an increasing trend. Meaning larger 

errors in biomass prediction at later growing stages thus indicating that growth stages influence 

prediction accuracy due to the increasing spatial variability (Bendig et al. 2014). In a later study Bendig 

et al. (2015) combined these crop surface model with ground-based hyperspectral data to calculate 

vegetation indices (VIs) for the same study area. Combining the VIs with height data by using multiple 

linear regression (R2 = 0.84) performed better than the VIs alone (R2 = 0.79) for predicting biomass. 

However, in this study the relationship between height and biomass produced the most robust results. 

Bendig et al. (2015) indicated that plant height is competitive with vegetation indices for biomass 

estimation in summer barley. As the architectural traits of maize differ greatly from barley, it is 

interesting to test if VIs would also be competitive with height for maize. 

Furthermore it is useful to determine what flying times are essential. As flying a UAV needs trained 

pilots and each flight generates additional costs (C. Zhang and Kovacs 2012), it is beneficial to determine 

at what growing stage the spectral data correlates best to the maize breeding trials biomass in order to 

reduce frequency of flights. Furthermore it is beneficial for breeders to know what sensors, RGB, multi 

or hyperspectral, give the best correlation to biomass in order to develop an optimized integrated 

platform.  
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3 STUDY AREA AND DATA DESCRIPTION 

3.1 STUDY AREA 
The study area was located in the southern part of the Netherlands near the village of Reusel (Lat 

51.316500 Long 5.171000). The test fields were located on the Van den Borne farm, but were planted and 

managed by Limagrain. The test field was approximately 6.2 ha in size (Figure 2).  

 
Figure 2 RGB orthomosaic of study area from 22-09-2015 overlaid on Openstreetmap (left). Overview map (right). 

3.2 SET UP OF EXPERIMENTAL PLOTS 
The test field contained a total of 3838 plots which were planted with 29 different maize (Zea Mays) 

cultivar trial groups. Reference data for 2696 of those plots was made available. The remaining 1142 

plots were used as border plots between fields. The reference data consisted out of a cultivar code, size, 

average plant height per plot as measured by Limagrain with LiDAR (2696 plots) and manual 

measurements by Limagrain (56 plots). Each plot was 10.2 m2 in size (6.8 by 1.5 meters) and contained 

approximately 50 maize plants divided over two 

equal rows. Biomass and LiDAR measurements of 

each plot were done at harvest by Limagrain and 

were provided for this study. The plots had two 

different set-ups (Figure 3). One was a two row set-

up, in which the plots were located directly next to 

each-other. The other was a four row set-up in 

which four rows of the same species were planted, 

but only the inner two rows were used for 

evaluating.             Figure 3 the two different set-ups of experimental plots (grey = plot area) 



- 15 - 

 

The four row plots had less influence from surrounding plots, as the plants next to the plot were from 

the same cultivar. This was different for the two row set up, in which for example overhanging leafs 

had a potential influence. Also geometrical errors were more apparent in the two row set up, as there 

was no spacing between the plots. (Figure 4, left).  

 
Figure 4 RGB images acquired from UAV on 22-09-2015 showing the difference between set-up of plots on 
geometrical and bi-directional influence. Left: image with the two row set-up, right: image with the four row set-
up. 

3.3 UAV IMAGE COLLECTION 

3.3.1 Platform and software 

We used the Aerialtronics Altura AT8 v1 octocopter (Figure 5, right) as the Unmanned Aerial Vehicle 

(UAV) platform for this study. The UAV carried a Panasonic GX1 RGB camera with a 14 mm pancake 

lens. This camera was able to take 16MPix every 2 seconds. Simultaneously the hyperspectral mapping 

system (HYMSY) was mounted on the UAV (Figure 5, left). The HYMSY is a custom-made push broom 

spectrometer with a range of 400-950 nm, 9 nm FWHM, 25 lines/s and 328 px/line (Suomalainen et al. 

2014). It operated together with the RGB camera and a miniature GPS-Inertial Navigation System.  Full 

specifications on the payload can be found in Annex A.  

 

 
Figure 5 Hyperspectral sensor (left) and UAV used (right) (Suomalainen et al. 2014) 
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The processing chain of this integrated system was based on a photogrammetric algorithm to derive 

digital surface models (DSM) from the RGB images and provides a high accuracy orientation of the 

system of the DSM. The hyperspectral data from the push broom spectrometer was then georectified by 

projecting it onto the DSM. The photogrammetric orientations and the GPS-INS data were also used to 

reach an even higher geometrical accuracy. The system was able to produce a RGB orthomosaic between 

1 and 5 cm resolution, a DSM at 5 to 10 cm resolution and a hyperspectral data cube between 10 to 50 

cm resolution, depending on the flight altitude and speed (Suomalainen et al. 2014). 

3.3.2 UAV flights 

In total four flight days were planned and carried out at four different growing stages; at plant emerge 

(26-05-2015), before flowering (25-06-2015), after flowering (30-07-2015) and at harvest (22-09-2015). 

Each flight date contained five partially overlapping flight lines, as can be seen in Figure 6. The blue 

areas contain a large amount of overlapping which is beneficial for the quality of the 3D surface models. 

  

Figure 6 Flight lines per flight date. From blue to red are 
the amount of overlapping images (high to low) 
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3.4 GROUND DATA 

3.4.1 Limagrain 

Plot information and ground data at harvest was provided by Limagrain. Fresh biomass (average in 

grams per plot) was measured at harvest and averaged per plot. Reference plant height was measured 

with a LiDAR system (average in meters per plot). This resulted in an average height value per plot 

somewhere between the plume and the most upper leaf. Height variability within a plot was not 

provided. The manual height measurements were taken with a static measuring stick for each plant and 

averaged over the plot.  

3.4.2 Ground control points 

During the last flight date a total of five ground control points were measured with a RTK-GNSS system 

(Figure 7, right). The ground control points were made out of wooden plates which were 1 by 1 meter 

in size. The surface was black with a white circle in the middle (Figure 7, left). Six height points were 

used for the construction of the digital terrain model (DTM). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Unfortunately GCPs were only made during the last flight. Due to unforeseen technical and weather 

circumstances the amount of available time to position GCPs during the last flight was very restricted. 

Therefore the total number of GCPs was limited. From the generated digital surface model (DSM), 

artificial GCPs were extracted based on known ‘0’ points like tractor tracks (see methods). These GCPs 

were used as input for absolute calibration of the digital terrain model (DTM). For a map of the GCPs 

see annex B. 

  

Figure 7 Photo of panels for ground control points (left) and location of GCPs within the experimental field 
and extracted height points for DTM (right)  
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4 METHODOLOGY 

We tested three UAV data products of the UARSF facility (www.wageningenur.nl/uarsf) on their 

capability to quantify plant traits in phenotyping experiments: hyperspectral data, vegetation indices 

and derivatives from crop surface models (CSM). With these data products we evaluated the accuracy 

of estimation and prediction of plant height and biomass. We used statistical analysis between the data 

products and measured reference field data to test the accuracy. High resolution multiple angle RGB 

images and structure from motion (SfM) software were used to construct 3D point clouds and highly 

detailed orthophotos. From these 3D point clouds multi temporal digital surface models (DSM) were 

obtained. We then used these DSMs to construct crop surface models from which plant height, volumes 

and surface areas were derived. Subsequently the estimated plant height per plot was correlated to the 

measured plant height per plot using regression analysis on both manual measurements as well as 

LiDAR measurements. This was done to test the accuracy of UAV derived plant height products 

compared to traditional manual measurements and LiDAR methods. Lastly we introduced data fusion 

in both time and products to develop biomass prediction models using crop surface model derivatives 

and hyperspectral data products. Below the different steps of the developed methodology will be 

explained in more detail. 

4.1 PRE-PROCESSING 
In order to generate three georeferenced data products from the raw UAV data, pre-processing was 

done partly manually. We pre-processed the last flight date first as ground control points were available 

for this flight. First the RGB images were filtered based on altitude and flight path. Al images that were 

taken below a flight altitude of 80 meter and around the take-off/landing zone were excluded. The 

selected raw images were then converted to TIFF files using the ExifTool (Harvey 2010) in the command 

line. 

  

Figure 8 Pre-processing workflow 

 

4.1.1 Ortho-mosaic and digital elevation model processing 

From here we loaded all the RGB TIFF files into Agisoft Photoscan Pro 1.16 together with the RTK-

GNNS data from the GCPs. Using the photogrammetric SfM computer vision algorithms from the 

Agisoft Photoscan workflow (Agisoft 2014) and the overlapping, low altitude high resolution RGB 
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imagery as an input, ortho-mosaics and multi-temporal 3D digital surface models were created. 

Traditional stereovision uses 2D images from multiple view angles to construct a 3D model. SfM 

required only a single camera and used its motion for creating multiple angles (Figure 9). This is a 

fundamentally different approach from traditional stereovision and enables SfM to be used with a single 

camera mounted on a UAV.  

 
 
Figure 9 Structure from Motion set-up 
 

The UAV measured the camera speed and acquired images at a set interval ∆t. By setting the ∆t at a 

short enough amount of time, the acquired images will be overlapping. A 90% overlap along the flight 

path is ideal and 70% overlap the minimum. Sideways, a 50% overlap is ideal. Therefore ∆t was set at 2 

seconds. With lower overlapping, the DSM will become less accurate. Due to this overlapping, every 

point was observed from different viewing angles (Figure 9). These points were matched with the same 

point in the nearest image in terms of Euclidean distance. The Agisoft software package has the ability 

to read the Global Navigation Satellite System (GNSS) data from the imagery’s meta-data, assisting in 

the alignment of the images.  

For accurately georeferencing the DSMs in x, y and z dimensions, stereo ground control points were 

used. Stereo GCPs are GCPs that are observed form multiple angles and is a cross between a regular 

GCP and a tie point. The point with known ground coordinates had to be identified in two or more 

images. The points had the same ID and coordinates, however pixel location was different in each 

image. These points were then used to identify how images are related. Three GCPs is the mathematical 

necessary minimum, and for this study we used five GCPs. We placed the GCPs so that each point was 

observed from multiple angles as described in Figure 9. We measured the GCPs location with a Real 

Time Kinematic (RTK) GNSS system for accurate location and height reference data. The GCPs were 

then merged in the Agisoft Photoscan workflow. This process was not automated and required the 

manual marking of each GCP in every image. After alignment of the images based on the 

photogrammetric orientations, GPS data and GCPs, only the GCPs were used in a re-alignment step in 

order to ‘force’ the DSM to use the GCPs as only valid reference. In this way, possible non-linear 

deformations of the model were removed by optimizing the estimated point cloud on the known 

reference coordinates. This optimization adjusted the estimated point coordinates and camera 

parameters, effectively minimizing the sum of reprojection error and reference coordinate misalignment 

error (Agisoft 2014). 
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Following these steps, a partly georeferenced RGB orthomosaic was produced at 1.6 centimeter 

resolution. We manually optimized the georeferenced RGB orthomosaics for better accuracy using tie 

points on a recent satellite image in ArcMap 10.3. Next to the RGB orthomosaic the Photoscan software 

created a mesh from the dense point cloud, forming a digital elevation model. 

The output DSMs had a resolution of 2.5 centimeters. The DSMs for all flight dates were then manually 

georeferenced to the RGB orthomosaic using tie points in ArcMap 10.3 for better accuracy. 

Subsequently, the raw hyperspectral data was then atmospherically calibrated using a reference panel 

and the pixels projected on the georeferenced DSM. This resulted in georeferenced hyperspectral flight 

lines, based on the DSM. However due to the push broom scanner, geometrical errors were inevitable 

(Figure 10, left).  Manual re-georeferencing the flight lines improved some of the errors, nevertheless it 

was not possible to get all the flight lines geometrically correct. Due to this geometrical mismatching 

only one hyperspectral flight line, which was most geometrically correct, was used over all flight dates 

(Figure 10, right). This flight line showed the least geometrical distortions in its flight path and could be 

warped to the ortho-mosaic with considerably more precision than the highly distorted flight lines. 

Figure 10 Geometrical distortions caused by push broom scanner (left) and flight line used (right). Both images 
are from 22-09-2015. 
 

From the georeferenced DSM, six height points with a known ‘0’ value were extracted. 0 value points 

were points that did not change in z-value over the growing season. These consisted mostly out of 

tractor tracks in the field. The extracted height points were then used as ‘artificial GCPs’ for the pre-

processing of other flight dates (Figure 8) in order to create an accurate and referenced digital terrain 

model (DTM). After pre-processing the three data products (RGB ortho-mosaics, DEMs, and 

hyperspectral data cubes) were fully calibrated and georeferenced for all flight dates.  

4.1.2 Shapefile processing 

The shapefiles for the 3838 plots were generated with ArcMap 10.3 (Annex C). Their size, spacing and 

location was based on the seeding pattern data obtained from the GNSS systems mounted on the 

tractors. This implicated that the plots were drawn in 100% straight lines. However, as the ortho-mosaic 

was never 100% geometrically straight, manual adjustment of the shapefile containing the plots was 

needed. The manual adjustment of the geometrical locations of single plots was based on multiple ortho-

mosaics and carried out in ArcMap 10.3.  
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4.2 CROP SURFACE MODELS AND CALCULATION OF CROP HEIGHT 
The DSM at harvest was then used to calculate the minimum/maximum, standard deviation and 

average plant height per plot to show height variability between plots using the method proposed by 

Bendig et al. (2014). They generated a workflow using ArcGIS (Figure 11, right) for calculating crop 

height by subtracting the mean bare ground digital elevation model (DTM) from the digital surface 

model at harvest. This results in a crop surface model (CSM) with absolute crop heights. We used this 

method and implemented it in the R programming language. Furthermore we derived a Triangular 

Irregular Network (TIN) model from the CSM using ArcGIS tools. From this we calculated volume and 

surface area. The plot shapefile was then used to extract plant height, volume and surface area on plot 

level in the R programming language (Figure 11, left).  

 

 

 

 

 

 

 

 

Figure 11 Crop Surface Models workflow (left) and Plant Height (PH) extraction method (right) as proposed by 

(Bendig, Bolten, and Bareth 2013) 

In order to compare the generated DTM, we used the ‘Actueel Hoogtebestand Nederland’ (AHN2) 

dataset. This is a height dataset obtained with an airborne LiDAR system in which all vegetation is 

removed, based on classification of cloud points. For the study area the dataset had a point density of 

six to ten points per square meter with an error margin of 15 centimeters for 95% of the dataset (van der 

Zon 2013). We used the AHN2 dataset of 2011 with a resolution of 0.5 meters to test the differences 

between this dataset and the UAV obtained DTM. Furthermore we evaluated the crop surface models 

derived from the AHN2 dataset to test if data from another source could be fused with UAV products 

in a case were the DTM at the beginning of the growing season is not available. The workflow is 

described in figure 11. In total two CSMs were calculated, one based on the UAV DTM and one based 

on the AHN DTM (Table 1). We used two different thresholds for each CSM, the mean and top of 

canopy. We calculated the mean values by averaging the heights per plot and the top of canopy pixels 

by using a two sigma (μ + 2σ) threshold per plot. 
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Table 1 Calculated datasets based on two different DTM sources and two different DSM values 

Dataset      

 DTM 
source 

DSM 
source 

Resolution Threshold Date 

UAV DTM UAV - 2.5 cm - 26-05-2015 
AHN2 DTM AHN - 50 cm - 2011 
DSM - UAV 2.5 cm - 22-09-2015 
CSMAmean AHN2 UAV 2.5 cm μ 22-09-2015 

CSMAtoc AHN2 UAV 2.5 cm μ + 2σ 22-09-2015 

CSMUmean UAV UAV 2.5 cm μ 22-09-2015 

CSMUtoc UAV UAV 2.5 cm μ + 2σ 22-09-2015 

Vegetation indices - UAV 25 cm - Growing season 

 

Where DTM = digital terrain model, DSM = digital surface model, CSMA = crop surface model based 

on AHN2 and CSMU = crop surface model based on UAV. 

4.3 HYPERSPECTRAL BASED BIOMASS PREDICTION 
For biomass estimation we used the UAV derived hyperspectral data products to calculate vegetation 

indices during four different growing stages; emerge, before flowering, after flowering and at harvest 

(Figure 1). Calculations of vegetation indices using multi or hyperspectral wavelengths can give 

estimates of above ground biomass (Qi et al. 1994; Jin et al. 2014; Kross et al. 2015; Bendig et al. 2015). 

As there are numerous vegetation indices (Huete et al. 1997), a selection was made for this research. We 

choose the VIs on their characteristics, type and performance with regard to biomass estimation. The 

indices use in this study are presented in Table 2 

Table 2 Vegetation indices used in this study 

Name Formula Spectral region Reference 

Normalized 

Difference 

Vegetation Index  

 

𝑁𝐷𝑉𝐼 =  
(𝜌𝑁𝐼𝑅 −  𝜌𝑅𝐸𝐷)

(𝜌𝑁𝐼𝑅 +  𝜌𝑅𝐸𝐷)
 

Multi- and 

hyperspectral 

(Rouse et al. 

1974) 

Weighted 

Difference 

Vegetation Index  

 Multi- and 

hyperspectral 

(Clevers 

1989) 

Optimized Soil-

Adjusted 

Vegetation Index  

 

𝑂𝑆𝐴𝑉𝐼 =  
(1 +  0.16) ∗ (𝜌800 −  𝜌670)

(𝜌800 −  𝜌670 + 0.16)
 

Multi- and 

Hyperspectral 

(Rondeaux et 

al. 1996) 

Modified 

Triangular 

Vegetation Index 2  

 Hyperspectral (Haboudane 

et al. 2002) 

 

One slope-based VI and three distance-based VIs were used (Table 1). Slope-based VIs are very 

susceptible for Leaf Area Index (LAI) and do get saturated quite fast (Mroz and Sobieraj 2007), yet the 

Normalized Difference Vegetation Index (NDVI), a slope-based VI, is widely used and studies shows 
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good results in using NDVI for dry biomass estimation of maize (Coefficient Variation = 16% 

and R2 = 0.95 (Kross et al. 2015)).  Therefore, the NDVI was taken into account for this research. Distance-

based VIs are less sensitive to LAI and offer a good correction for soil background (Clevers 1991), which 

is useful in later growing stages. The Weighted Difference Vegetation Index (WDVI) was therefore used 

with a C value of 1.24 (NIR/R for soil pixels). Furthermore there are indices that show a greater 

sensitivity to higher LAI and biomass, such as the Modified Triangular Vegetation Index 2 (MTVI2) 

(Haboudane et al. 2002) which scored good results in estimating dry biomass of maize (Coefficient 

Variation = 37% and R2 = 0.73 (Kross et al. 2015)). Furthermore the soil-adjusted OSAVI vegetation index 

was used for its good results in prediction biomass (Peng and Gitelson 2011). The inputs for NDVI and 

WDVI can be broadband (multispectral) or narrowband (hyperspectral). We used broadband regions 

with an average of 640-670nm for the red band and 770-900nm for the NIR band. These regions gave a 

good representation for the color and are also widely used on satellites like the Landsat series and the 

Sentinel constellation (USGS 2014). We used narrowband regions of 670nm wavelength for the red band 

and 800nm wavelength for the NIR band. Reflection of  670 nm is the maximum absorption in the red 

region and studies have found strong correlations on LAI and chlorophyll content using the 670 and 

800 nanometer region ratio (Chaoyang et al. 2008; Sims and Gamon 2002). Using these wavelengths the 

greenness of the vegetation was calculated. We calculated the indices using the R programming 

language with the hyperspectral data cubes as an input. Subsequently we averaged the vegetation 

indices on plot level and extracted the values using the same workflow as figure 11. R2, probability value 

(p-value) and root mean square error (RMSE) was calculated to test the correlation between the different 

indices and biomass measured at harvest. 

4.4 COMBINING EXPLANATORY VARIABLES 
As a last step, we used Correlated Component Regression (CCR) to introduce fusion of the UAV derived 

data products over time (Figure 12). As the numbers of predictors was fairly large, especially through 

time, and were presumably correlated with each other, correlated component regression was 

introduced. CCR is a suitable tool for predicting outcome variables from a large number of predictors. 

It is a proven method to prevent overfitting and only takes significant predictors into account (Deal 

2011). It also provides information on the significance of each predictor. Studies have shown that CCR 

outperforms comparable approaches that are based on stepwise regression, penalized regression and 

PLS regression when the number of predictors is fairly large and are correlated (Magidson 2010). This 

is due to the fact that CCR is better in capturing important suppressor variables in the final predictors. 

CCR used K correlated components, which are a linear combination of the predictors, to predict an 

outcome variable. The first component S1 captured the prime predictors, while S2 captured the 

suppressor variables. If other components improved prediction significantly they were also included.  

To reduce variables, a step-down algorithm was used were the least important predictors got removed. 

To determine the number of components and predictors, K-fold cross validation was used (Magidson 

2010). The input variables were all four VIs over the growing season, volume, surface area, and the UAV 

based CSM top of canopy height. We furthermore tested ten models with different predictors, based on 

the important variables. 
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Figure 12 Workflow showing the fusion of data products over time for biomass prediction 

4.5 STATISTICAL ANALYSIS 
We evaluated the ability of the vegetation indices in predicting above ground biomass as well as the 3D 

models ability to predict canopy height using the Root Mean Square error (RMSE) calculation. The 

biomass and height data from Limagrain was used as the observed values (reference) and the UAV 

derived spatial maps as predicted values. As RMSE can be sensitive to bias, also the bias and standard 

error of prediction corrected for the bias (SEPc) were calculated. This is a bias-corrected error. 

(1) 

 

 

 

 

 

(2) 

 

 

 

 

(3) 

 

 

Where yˆi is the model predicted value and yi the measured value. 

 

For testing linearity in the ability of biomass prediction the coefficient of determination (R2) was used. 

The R2 is calculated per VI as a function of the measured biomass using the following formula: 

  

(4) 

 

Where SSE is the total sum of squares of residuals and SST is the total sum of squares. 
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5 RESULTS 

The results in this chapter are based on the methods described in the methodology chapter. The results 

are presented in the order of the methodology and the research questions. We start with the results from 

the pre-processing, then the analysis of the derived crop height and subsequently the correlation 

between biomass and vegetation indices including fusion of data products and time. 

 

5.1 UAV DERIVED DATA PRODUCTS 
5.1.1 Digital Surface Model 

The first data product created from the UAV based RGB imagery was an ortho-mosaic and digital 

surface model (DSM) at harvest (Annex F). The ortho-mosaic had a high spatial resolution of 1.6 

centimeters. For the DSM, a resolution of 2.5 centimeters was obtained. Figure 13 shows the DSM 

overlaid with the RGB imagery to create a 3D crop model. This is a textured wireframe as is created 

with Agisoft Photoscan. To the left of the bare soil we see the maize trial plots. Figure 13 furthermore 

shows the solid wireframe of the same area with bare soil. Here we clearly see an interpolation effect of 

the SfM algorithms (Figure 13 right). The edges of the maize plots were not straight, but had an oblique 

angle from the crop canopy to the soil.  

 

Figure 13 3D textured wireframe (left) and solid wireframe (right) screenshot of the maize field on 22-09-2015 

derived from Agisoft Photoscan 

 

To test the accuracy of the DSM compared to the RTK-GNSS points we extracted the height values from 

the DSM at the same coordinates as the RTK-GNSS measurements. The outcome showed a clear 

underestimation of the DSM points in the Northern part and an overestimation in the Southern part 

(Figure 14). The three GCPs in the Northern part had an average underestimation of 30 centimeters, 

while the two GCPs in the Southern part had an average overestimation of 70 centimeters (for a map of 

the GCPs see annex A).  
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Figure 14 Graph showing the differences between the GCPs height in NAP from the RTK-GNSS and DSM 

5.1.2 Digital Terrain Models 

The DTM that was created with the help of six extracted height values from the DSM at harvest had a 

resolution of 2.5 cm and showed a centimeter level spatial accuracy (Figure 15, Annex E). In figure 15 

we see a part of the DTM with a 20 meter long profile line (black line). The graph in the lower left corner 

of the image indicates the depth profile of this line. We see that the soil profile was clearly visible, 

showing height differences of around 10 centimeter. These were the sowing tracks of the planted maize. 

The image in the right top corner illustrates a solid 3D wireframe of the terrain. This figure shows the 

high level of detail that was obtained using ultrahigh resolution RGB imagery.  

 

 

 

 

 

 

 

 

 

Figure 15 Digital Terrain Model (26-05-2015) with graph of profile line (bottom left) and 3D solid wireframe (top 

right) 

 

The AHN2 digital terrain model that was used had a resolution of 50 centimeters (Annex D). The grid 

cells of this DTM were smoothed out using inverse distance weighting. Due to the combination of the 

lower resolution and the interpolation, the AHN2 DTM showed less detail. Sowing tracks and other 

corrugations for example were not as clearly visible. Furthermore the AHN2 DTM was obtained 4 years 

earlier in 2011 and exhibited a slightly different height variability over the field compared to the UAV 

based DTM. Furthermore this dataset was not recorded around the time of soil preparation, but based 

on the classification of vegetation and soil points. 
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5.2 CROP SURFACE MODELS 
By subtracting the DSM at harvest from the two different DTMs, crop surface models (CSM) were 

created for the final growing stage at harvest (22-09-2015). The first crop surface model was based on 

the AHN2 DTM (CSMA), while the second crop surface model was based on the UAV DTM (CSMU). 

As the GCPs were measured in NAP height, the z-value of both models had the NAP reference system. 

This resulted in CSMs with absolute crop heights with a resolution of 2.5 cm. The crop heights were 

calculated for the whole study field. A map of the CSMs can be found in annex G and H. 

5.2.1 CSM capabilities and level of detail 

In Figure 16 we see a zoomed in section of the CSMU (Annex H) of approximately 3200 m2. A gamma 

stretch of 0.5 was applied to emphasize the height differences. The purple bare soil strip in the middle 

of the image separates the two and four row plot set-ups. It is easy to distinguish the two and four row 

plots based on the height variability that can be observed between the plots. On the left we clearly see 

the height difference between the four rows of the same cultivars, while on the right we can distinguish 

the two row plots. The graph in figure 16 illustrates the black profile line. It shows the maize canopy 

rows and the obtained level of detail in height. We can clearly see the four different cultivars, starting 

with the lowest (left side of the profile line) to the highest plot (right side of the profile line). There was 

about 60 cm difference between the lowest and highest canopy row. The graph of figure 16 illustrates 

that the CSM captured both canopy and in-between leaf pixels. The graph depicts all the pixels in the 

profile line and clearly shows the shape of the maize canopy and lower leaf pixels. We didn’t observe 

any ground pixels when there was a dense canopy, however with a less dense canopy some ground 

pixels became apparent. This is most visible in the right side of figure 16 in between the width of the 

plots.  

 

Figure 16 Zoomed in section of the Crop Surface Model (left) and profile line graph (right). The profile line is from 
a four row plot set-up 

 

When looking at one plot in more detail (Figure 17) we can see that there is significant height variability 

captured within a plot. One plot contains 16320 height pixels (2.5 cm pixel size) on average. This 

illustrates the SfM algorithms capabilities of capturing height variability within a small plot when using 

ultrahigh spatial resolution imagery. When we look at the consistency of the height per row we see 

some variability. This indicates that the SfM was not always capable of capturing the spikey canopy 

surface, resulting in inconsistent peaks. This inconsistency is visible in the graph of figure 17 in the 

lower right corner. Another observed phenomenon were the edge-effects around the plot. There was a 

clear edge where the height dropped in the front-left side of the plot in figure 17 (left). This edge-effect 

is also visible in the graph.  
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Figure 17 Detailed analysis of a single two row plot 

When we look at the cumulative distribution (Figure 18) of all the height pixels for the plot in figure 17 

we see that 80% of the height pixels were around 2.3 to 2.5 meters.  About 10% of the pixels were the 

edge pixels of around 1.95 to 2.2 meters. The top 10% was around 2.5 to 2.7 meters. In this upper 10% 

region the manual height of this plot was also measured (2.65 meters). We see that the average of the 

CSM derived height was only 2.43 meters as this average was influenced by the edge and in-between 

pixels (around 90% of the pixels).  To exclude all but top of the canopy pixels we took the top 2.3% by 

using 2 sigma (μ + 2σ) threshold. We then see that with 2.67 meters this height was more accurate 

compared to hand measured height. This clearly illustrates the difficulties with a spikey canopy surface 

and edge-effects of a plot, but on the other hand shows that SfM algorithms are very capable of 

capturing detailed height variability which is interesting for a plant breeder.  The manual height 

measurement of this plot was 2.65 meter on average, which is very close to the 2.67 meter derived from 

the top of the canopy pixels. However, the height measured with the terrestrial LiDAR system was 2.80 

meter, meaning there is still a difference of approximately 4.6%, or 13 centimeter in height for this 

particular plot. From now on we will refer to the mean height derived from a CSM as CSMmean and to 

the top of the canopy pixels as CSMtoc. 

 
Figure 18 Cumulative relative frequency of 16320 height pixels for a single plot (RIH3EI03014011) 
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5.3 COMPARING THE DIFFERENT CROP SURFACE MODELS 

5.3.1 AHN2 DTM based CSM (CSMA) 

The first CSM was based on the AHN2 DTM, which we will refer to as CSMA (Annex G). The terrain of 

the study area was not flat, but rather showed an upward slope from the Northern part to the Southern 

part of the field. The AHN2 Digital Terrain Model captured this slope from the North to South, with a 

height difference of about 1 to 1.5 meters (Figure 19). The slope was steepest till around 2/3 of the test 

field, roughly the length of block 2 (Figure 21). From there on the slope got less steep, especially for 

block 1 (Figure 19).  

 
Figure 19 Profile lines from North to South for AHN DTM (black line), DSM sample points (green points) and CSM 
(green line). 

 

The DSM also captured this slope, although with a slightly different angle. Due to the underestimation 

of the GCP in the Northern part (Figure 14) and the lack of GCPs inside the field, the DSM started too 

low and then started to overestimate compared to the AHN2 DTM (Figure 19). Overall the DSM was 

more skewed than the AHN2 DTM (Figure 20, top). This led to the crop surface model having a slope, 

similar to the AHN2 DTM slope. This can be seen in both figure 19 and figure 20 (middle). Figure 20 is 

a schematic representation of the cause of the error in height for block 2. It shows the effect of the 

difference in slope angle of the DSM compared to the AHN DTM on the CSMA. The effect caused the 

CSMA plant height to be too low in the Northern part and to have an increase in height for the southern 

part of block 2. 
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Figure 20 Simple schematic representation for the causes of height errors over the field from North to South for 
2/3ths of its length (block 2) 

The effect of this can clearly be seen in the map of figure 21. This map shows the AHN2 DTM and the 

height errors for all plots based on difference between LiDAR and CSMA top of canopy (CSMAtoc). The 

pattern of underestimating plant height in the North and increasing in the South is clearly visible in 

block 2 and 3. As the AHN2 DTM for block 1 did not have such a steep slope (Figure 19) the error caused 

by different slope angles was less apparent. Therefore the height results from block 1 were more 

representable. The average height error for this block was -0.30 meters. Also the mean and top of canopy 

height thresholds correlate strongly to the LiDAR measurements for block 1, with the strongest 

correlation for the top of canopy threshold (R2 = 0.77). 

When using this 30 centimeter height error over the total plots, a significant correlation was found. In 

total, 79.6% of the 2696 plots had a height error between 0 and -0.30 meters. When using this 80% of the 

total (2147 plots) a strong correlation was found between the estimated plant height from the CSMAtoc 

and the plant height measured with LiDAR. The correlation showed an R2 of 0.81. The bias for these 

plots was -0.17 meters. The mean values of the CSM (CSMAmean) showed a lower correlation with an R2 

of 0.75 for the same plots. When looking at the percentiles of the height errors we see that the median 

for all plots was at -0.22 meters (Figure 21). Furthermore we see that 95% of the data was 

underestimating, using the top of canopy threshold. There were three outliers which were probably 

caused by erroneous points in the 3D point cloud. These results indicate that the AHN2 was capable of 

estimating plant height, but that using AHN2 data as a DTM caused systematic errors over the study 

field due to height inconsistency between the DTM and DSM over time. 
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Figure 21 Map of AHN2 DTM and height errors for all plots based on difference between LiDAR and CSMA top of 
canopy (μ + 2σ). White line represents the profile line for Figure 1 (top). Boxplot and table of error range (bottom). 

Percentile Height error 

Maximum 100% 0,64 
99% 0,04 
95% -0,02 
90% -0,06 
3rd Quartile 75% -0,13 
Median 50% -0,22 
1st Quartile 25% -0,32 
10% -0,41 
5% -0,45 
1% -0,53 
Minimum 0% -0,62 
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5.3.2 UAV DTM based CSM (CSMU) 

To obtain a UAV based CSM (Annex H), a DTM was needed for the first flight date (26-05-2015). As 

there were no GCPs used during this first flight, the DTM obtained from the UAV based RGB sensor 

was created with the help of photogrammetric orientations, the GPS-INS data and extracted height 

points from the DSM of 22-09-2015 (Annex E). In total six of these height points were extracted from the 

DSM at locations with a known ‘0’ value, such as tractor tracks (Figure 22).  

Overall the height points had a low error when comparing the Z values from the DSM with the Z values 

from the DTM. Especially the three points in the North performed well, with an average error of just 

0.003 meters. The point located in the middle left of the map was slightly underestimating in de DTM 

compared to the DSM values with a value of 0.05 meters. In the Southern part the points showed 

significantly more deviation from the DSM values with the point located at the bottom left 

overestimating with 0.30 meters and the point located at the bottom right underestimating with 0.24 

meters. The effect of these deviations can be seen in the estimated plant height errors of that area. The 

plant height errors corresponded with the under or overestimation of the DTM compared to the DSM. 

Overall the DTM was significantly better in modeling the height differences over the terrain relative to 

the DSM. This can be seen in the more homogenous spread of errors, with a systematic underestimation 

of around -0.31 meters. As the extracted height points were coming from the DSM, and most points 

were located near the edges of the field, the interpolation effect could mean that the DTM was overall 

slightly overestimating. As we do not have any reference data the precise accuracy of the DTM could 

not be tested.  

The plant height errors of the CSMU contained more outliers that overestimated than underestimated 

(Figure 22, bottom left). The outliers were located in the areas were the height points had the most 

uncertainty. Especially block 1 contained a significant amount of outliers. Block 3 with the four row set-

up showed less underestimation than the two row set-ups of block 2. The four row plots had less 

disturbing effects from surrounding plots, which could affect the height estimation. In total 90% of the 

data underestimated, ranging from -0.50 meters to -0.04 meters, with 50% ranging from -0.39 to -0.22 

meters (Figure 22, bottom right). 
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Percentile Height error 

Maximum 100% 0,78 
99% 0,08 
95% -0,04 
90% -0,11 
3rd Quartile 75% -0,22 
Median 50% -0,31 
1st Quartile 25% -0,39 
10% -0,46 
5% -0,50 
1% -0,59 
Minimum 0% -0,75 

Figure 22 Map of UAV DTM and height errors for all plots based on difference between LiDAR and CSMU top of canopy (μ 
+ 2σ). (top). Boxplot and table of error range (bottom). 
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5.3.3 Comparing the CSMs 

Overall the CSM derived from the UAV (CSMU) performed the best in terms of correlation to the LiDAR 

reference measurements (Table 3). Both thresholds had higher correlations compared to the AHN2 

derived CSM (CSMA). The CSMUtoc performed the best with an R2 of 0.61. The CSMUmean had a slightly 

lower R2 of 0.59. As the CSMU had a higher overall underestimation than the CSMA (Figure 23), the 

biases and RMSE were higher for the CSMU dataset. The CSMUmean dataset underestimated the most 

with a bias of -0.51 meters and a RMSE of 0.53 meters. The CSMAmean showed a similar underestimation 

with a bias of -0.43 meters and a RMSE of 0.45 meters. The top of canopy datasets of both CSMA and 

CSMU had the lowest underestimation with a bias of -0.22 and -0.26 meters respectively. This lower 

bias of the CMSA dataset can be explained due to the overestimation of a large area of the CSMA due 

to the slope angle differences (Figure 20). Furthermore the errors were less spread out for the CSMU 

datasets (Figure 23). This again points to a systematic underestimation for the CSMU, but with more 

predictable biases. All datasets had outliers, with the biggest outliers caused by overestimation. These 

outliers were not removed and thus influenced the correlation of the datasets. 

 

Figure 23 Boxplots showing height errors in meters and outliers of the different CSMs and thresholds (n = 2696) 

Table 3 Comparison table of the different CSMs and thresholds compared to LiDAR measurements (n =2696)  

 

 

  

Dataset     

 R2 RMSE in m BIAS in m Threshold 
CSMAmean 0.53 0.45 -0.43 μ 

CSMAtoc 0.57 0.26 -0.22 μ + 2σ 

CSMUmean 0.59 0.53 -0.51 μ 

CSMUtoc 0.61 0.33 -0.29 μ + 2σ 
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5.4 COMPARING DIFFERENT MEASUREMENT METHODS 
Additional to LiDAR, manual height measurements for 56 plots were made. These measurements were 

taken using a measurement stick and heights averaged for one plot. These plots were located in block 3 

and had a four row set-up. For comparing the different measurement methods we used the CSMU. 

The CMSU was more strongly correlated to the LiDAR height measurements than to the manual height 

measurements. The strongest correlation was found between the top of canopy threshold and the 

LiDAR measurements, with an R2 of 0.78. The bias and RMSE for this correlation was -0.28 meters and 

0.29 meters respectively. Although the correlations between the CSMU and manual height 

measurement were lower, the bias and RMSE of these correlations were also lower. The overall manual 

height was less high than similar LiDAR heights. The lowest bias was found between the top of canopy 

threshold and the manual measurements with -0.12 meters and a RMSE of 0.15 meters. Overall the mean 

thresholds showed higher biases and root mean square errors. This again shows the effect of in-between 

leaf and border pixels, which influence the mean height value of a plot. We can also state that the LiDAR 

techniques are better in capturing the spikey maize canopy, as the bias was always negative. It is notable 

that the manual methods also had a negative bias compared to the LiDAR measurements of -0.15 meters. 

In comparison, the correlation between LiDAR and manual measurements (R2 of 0.73) was lower than 

the correlation with CSMU and manual measurements (R2 of 0.78). Therefore, the CSMU performed 

better in terms of correlation to the manual measurements than the LiDAR dataset. 

 

Figure 24 Correlations between manual and LiDAR measurements of maize height and CSM thresholds (n = 56) 

 

Table 4 Coefficients of determinations and error statistics between different maize height measurement methods. 
RMSE and bias in meters. (n = 56) 

Correlation       

 R2 RMSE in m BIAS in m SEPc Threshold 
CSMUmean ~ LiDAR 0.76 0.46 -0.45 0,076 μ 

CSMUtoc ~ LiDAR 0.78 0.29 -0.28 0,075 μ + 2σ 

CSMUmean ~ Manual 0.69 0.30 -0.29 0,074 μ 
CSMUtoc ~ Manual 0.67 0.15 -0.12 0,084 μ + 2σ 

Manual ~ LiDAR 0.73 0.17 -0.15 0,079  
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5.4 BIOMASS ESTIMATION 

5.4.1 Biomass estimation using Crop Surface Model 

Previous studies have found good predictions of biomass using crop surface models over the growing 

season (Bendig et al. 2015; J. Liu et al. 2009; Bendig et al. 2014). In this study we only used a crop surface 

model at harvest, which is not necessarily the best growing stage for biomass estimation based on crop 

height. However Bendig et al. (2015) found good correlations between biomass and the last two growing 

stages for barley. We applied correlation analysis between the measured biomass at harvest and several 

CSM derivatives such as; volume, surface area and the mean and top of canopy heights from the UAV 

based crop surface model. To make the results comparable with the estimation of biomass using 

hyperspectral data, we choose the 72 plots for which the vegetation indices were calculated. 

Furthermore, these 72 plots were located in block 3 resulting in lower geometrical errors compared to 

other blocks. 

 
Figure 25 Correlations between biomass (in grams) and CSM derivatives (in meters) (n = 72). 

 

Here we observed some significant correlations between biomass and the CSM derivatives. All but the 

surface area showed significant R2 and p-values. The surface area did not have much significant 

variability in its values, due to the same plot area sizes and relative small differences in height. The p-

value of the surface area was 0.14 with a non-significant R2 of 0.02. The other derivatives scored better 

and all had significant p-values. The R2 values for all derivatives where somewhat the same, ranging 

between 0.53 and 0.56. This shows that the CSM derivatives at harvest have significant prediction power 

for estimating biomass.  

Table 5 Correlation and p-values between biomass and CSM derivatives (n = 72). 

 Volume in m3 SArea in m2 CSMUmean in m CSMUtoc in m 

R2 0.53 0.02 0.53 0.56 

p-values < 0,0001 0,1408 < 0,0001 < 0,0001 
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5.4.2 Biomass estimation using vegetation indices 

Using the hyperspectral data cubes four vegetation indices were 

calculated over time for all growing stages. The indices were 

calculated for June, July and September. Due to the geometrical 

errors caused by the hyperspectral push broom scanner (Figure 

9, Methodology) only one flight line was used over time. From 

this flight line only plots from block 3 were chosen, as this were 

the four row set-up plots in order to minimize the effect of 

geometrical errors on the results. A total of 72 plots from block 3 

were chosen, based on the geometrical correctness of the 

hyperspectral flight line. The hyperspectral sensor was capable 

of distinguishing the variability between plots. We applied a 

minimal noise fraction (MNF) analysis to the hyperspectral data 

cube to show this variability (Figure 26). This showed that it was 

possible to see spectral differences between the plots. 

Figure 26 Minimal Noise Fraction of flight 4, flight line 1 

5.4.3 Vegetation indices over time 

The mean value for each index per growing stage showed a clear greening up stage, which saturated 

most indices. From July to September the index values lowered again (Figure 27). The hyperspectral 

indices, especially OSAVI, saturated the most. The multispectral indices showed less saturation. This 

was especially true for the WDVI due to the correction for soil background. All indices except for MTVI2 

had lower index values in September compared to July. The MTVI2 seemed to have stayed relatively 

saturated with a difference of just 0.03 for that index. 

 
Figure 27 Average vegetation index value for 72 plots for each month (June, July and September) 
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5.4.4 Sensitivity over time 

When looking at the variability for each index per growing stage we see that the most variation was 

found in June (Figure 28). Secondly September also showed significant variation for all indices. In July 

we see that almost all indices showed minimum variability due to the saturation effect. The WDVI was 

the only index that still had significant variability in July. This indicates that in June and September the 

maize cultivars inhabited more prediction capabilities than July. 

 

5.4.5 Correlation over time 

The correlation for all vegetation indices varied over time, although almost all correlations were very 

weak (Table 6). In June no strong correlations were found with biomass. The best correlation in June 

was found using the MTVI2 with a R2 of 0.08. Although all correlations in June were weak, all but the 

WDVI were significant with a p-value different from 0 with a significance level alpha=0.05. In June a lot 

of soil background was still visible and the correction for that in the WDVI could have caused the non-

significance. In July the converse was true. Here all indices except for the WDVI were non-significant. 

The WDVI showed a significant correlation of R2 = 0.11 with biomass in July. The non-significance of 

the other indices could be explained due to saturation and low sensitivity in this month. Especially 

slope-based indices like the NDVI are very susceptible for Leaf Area Index (LAI) and do get saturated 

quite fast. The WDVI is a distance-based index and was less sensitive to LAI. It stayed relative sensitive 

due to its correctness for soil background. In September all indices were highly significant (p = < 0.0001) 

and showed the strongest correlations. In September the WDVI again had the strongest correlation with 
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Figure 28 Cumulative relative frequency graphs for all indices showing their sensitivity over time. X-axis 
represents the vegetation index value 

 

Figure 28 Cumulative relative frequency graphs for all indices showing their sensitivity over time. X-axis 
represents the vegetation index value 
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Figure 28 Cumulative relative frequency graphs for all indices showing their sensitivity over time. X-axis 
represents the vegetation index value 
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biomass with an R2 of 0.50. Also the NDVI and OSAVI index performed quite well with an R2 of 0.34 

and 0.33 respectively. In this stage the MTVI2 performed worst with an R2 of just 0.19. The MTVI2 stayed 

relative saturated (Figure 27) and did not show much sensitivity in September (Figure 28). 

Table 6 Coefficient of determination table showing correlations between vegetation indices over time and 

biomass (n = 72). 

 

5.4.3 Fusion of CSM derivatives and Vegetation indices for biomass prediction 

When combining the CSM derivatives at harvest and the vegetation indices over time, the prediction 

performance of biomass improved significantly. Volume and height proofed to be good estimates of 

biomass with a significant correlation of around R2 0.54, while the vegetation indices alone did not proof 

to be very good estimators at a single point in time.  

The input in the correlated component regression were all 15 predictors over time for a total of 72 plots. 

50 plots were used as a training and test set, using k-fold cross validation and 22 plots were used as a 

validation set. The model performed best with nine predictors in the k-fold cross validation tests. With 

more than nine predictors the model did not improve significantly anymore. Figure 29 shows how many 

times a predictor was taken into account in the cross validation steps with a total of 100 rounds with 8 

folds.  Here we clearly see the importance of the plant height and the vegetation indices in June and 

September for the prediction of biomass. All vegetation indices except MTVI2 in September and OSAVI 

in June were taken into account more than 600 times. The lowest prediction capabilities came from all 

the indices in July except WDVI and from the Surface area. Here we again see the good performance of 

the WDVI in July as it was taken into account 666 out of 800 times in the k-fold cross validation. 

 
Figure 29 K-fold cross validation predictor count table 

 

The standardized coefficients of the prediction model revealed a similar pattern (Figure 30). The 

standardized coefficients referred to how many standard deviations the dependent variables changed, 

per standard deviation increase in the predictor variable. Here we see that the CSM derivatives volume 
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p-value 0.0249 0.0513 0.0170 0.0343 0.4133 0.0046 0.1805 0.3800 < 0.0001 < 0.0001 0.0001 < 0.0001 
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and height had a greater effect on the dependent variable biomass than the vegetation indices. For the 

vegetation indices, the WDVI in September had the greatest effect on the dependent variable. This was 

in line with the k-fold cross validation predictor count table.  

 
Figure 30 Standardized coefficients of predictors for the dependent variable biomass 

 

For the final prediction model, nine predictors were used. When applying the model to the independent 

validation set of 22 plots a R2 of 0.79 was achieved with a RMSE of 2.11 kilograms (Table 7). The average 

biomass for these plots was 50.62 kilograms per plot. Thus the error for the prediction model was around 

4.2%. The prediction model was more accurate with lower biomass values than in the higher regions 

(Figure 31). When the biomass increases, the predicted biomass starts to deviate more from the 1:1 line. 

This could be an indication of a complex non-linear relationship. The CCR analysis could not model the 

complexity of a non-linear relationship that well. Furthermore, the underestimation of the biomass with 

higher values could point to a saturation effect.  

Table 7 Goodness of fit statistics for final biomass prediction model 

  Validation Cross-validation Std. dev.(CV) 

Number of observations 23 50  

Sum of weights 23 50  

RMSE in grams 2114.12 2403.76  

NMSE 0.2320 0.2638 0,0203 

R² 0.79 0.71 0,0183 
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Figure 31 CCR biomass prediction model validation set 

 

The difference in performance between the cross-validation and validation set was due to the higher 

amount of outliers in the training set (6) than the validation set (2). The average standardized residual 

for the training set was 0.8, while for the validation set this was 0.73 (Figure 32). 

 

To compare the performance of the nine predictors CCR model, we used the same training and 

validation sets for different prediction models. We also looked at the type of sensor and what growing 

stage was required for the combination of predictors (Table 8). The CCR model outperformed all the 

other predictors and models. The CCR model with its predictors over time achieved an R2 of 0.79 with 

an RMSE of 2.11 kilo. This is a significant improvement over the height and volume predictors, which 

achieve an R2 of 0.53 and 0.51 respectively for the same validation set. Also their RMSE errors are higher 

with an average error of 3.1 kilograms. The vegetation indices summed up over the growing season 

performed considerably better than when used at a single point in time. However even when summed 

up over the growing season, the vegetation indices performed the worst in comparison to the other 

models (Table 10). Notably are the hyperspectral indices which had the lowest correlations, especially 

the MTVI with an R2 of just 0.26 and the biggest RMSE of 3.9 kilograms. The OSAVI index performed a 
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little better with an R2 of 0.31 and a RMSE of 3.7 kilograms. The NDVI had a similar performance with 

a R2 of 0.34 and a slightly lower RMSE of 3.6 kilograms. The best vegetation index predictor was the 

WDVI which attained a R2 of 0.58 with a RMSE of 3.1 kilograms, which is in the similar range of height 

and volume.  

When using the WDVI at harvest combined with height, the prediction capabilities improved to an R2 

of 0.74 with a RMSE of 2.4 kilograms. Adding the WDVI at the start of the growing season yielded an 

R2 of 0.78 and a RMSE of 2.14, just slightly outperformed by the CCR model with nine predictors. 

The Multi- and hyperspectral sensors did not prove to be good biomass estimators on its own, even 

when fused over time. The multispectral sensors outperform the hyperspectral sensors in this sense. 

The RGB sensors were capable of producing better products for biomass estimation, at a single point in 

time. However the best models used a combination of sensors and time. The best performance was 

achieved with a combination of the RGB and hyperspectral sensor over the growing season. Not far 

behind was the RGB and multispectral sensor, measured at before flowering and harvest growing stage. 

Lastly using a combination of RGB and multispectral sensors at harvest also produced significant 

prediction models.  

Table 8 Performance table of different predictors and models for biomass estimation of maize crop 

 

  

Model name        

 # 
Predictors 

Validated 
R2 

RMSE in 
grams 

Formula Sensor Growing stage 

Height 1 0.53 3142.10 y = ax +b RGB At harvest 
Volume 1 0.51 3099.92 y = ax +b RGB At harvest 

Height + Volume 2 0.53 3123.03 y = ax +b RGB At harvest 
NDVI 1 (sum) 0.34 3615.49 y = ax +b Multispectral Over growing season 
WDVI 1 (sum) 0.58 3080.40 y = ax +b Multispectral Over growing season 
MTVI2 1 (sum) 0.26 3927.51 y = ax +b Hyperspectral Over growing season 
OSAVI 1 (sum) 0.31 3733.47 y = ax +b Hyperspectral Over growing season 

Height + WDVI sep 2 0.74 2427.38 y = ax +b RGB + Multispectral At harvest 
Height + WDVI jun + WDVI sep 3 0.78 2140.72 y = ax +b RGB + Multispectral Start and harvest 

CCR Model 9 0.79 2114.12 y = ax +b RGB + Hyperspectral Over growing season 
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6  DISCUSSION 

The purpose of this study was to evaluate the usability and accuracy of using UAV based optical sensors 

to derive products that could be used in large-scale phenotyping field trials. The main question of this 

study was to find out if the UAV platform, equipped with a RGB and hyperspectral sensor, is a suitable 

tool for plant breeders and at what growing stage the best results could be obtained. The focus was on 

height and biomass estimation at the end of the growing season for maize crops. We used RGB cameras 

to construct multi-temporal high resolutions ortho-photos and digital elevation models by 

implementing structure from motion computer vision algorithms. From these canopy architectural 

models, we derived crop surface models to estimate plant height. Furthermore, this study tested which 

spectral range in hyperspectral data cubes and growing stage had the strongest significant correlation 

with fresh biomass at harvest. This was done in order to find out which type of sensors were most suited 

and what flying times were essential for height and biomass estimation. Lastly, we fused the canopy 

architectural traits with the hyperspectral data to characterize biomass traits over time. We tested these 

new novel technologies in order to develop methods to fully utilize the capabilities of the UAV platform 

with high-resolution spectra cameras to create a state-of-the-art tool for plant breeders. We also analysed 

some of the disturbing factors that influenced the retrieval of trait values and its associated uncertainty.  

6.1 ACCURACY OF PLANT HEIGHT 

6.1.1 Assessing the digital surface model 

The first research question was to test the accuracy of estimated plant height using UAV derived digital 

surface models. The RGB sensor that was operated together with a GNSS system proofed to be a robust 

tool for the 3D modelling of the field (Figure 13 and 15). The flight paths of the UAVs were overlapping 

around 90% along the flight path and around 50% sideways. The imagery that was obtained from the 

RGB sensor was a suitable input for the structure form motion algorithms. Highly detailed and 

georeferenced ortho-photo mosaics were obtained with a high spatial resolution of 1.6 centimetres. The 

digital surface model at harvest had a spatial resolution of 2.5 centimetres. In total five ground control 

points, which were measured with a RTK-GNSS system, were used in creating this digital surface 

model. To test the accuracy of the DSM compared to these GCPs, we extracted the DSM Z values at the 

same coordinates as the GCPs. Here we observed a deviation between four out of the five of the RTK-

GNSS and the DSM height values (Figure 14). This implicates that the surface model deviated from the 

‘real-world’ height at least four places. The Northern part of the study field was modelled lower and 

the Southern part higher compared to the RTK-GNSS measurements. The ‘real-world’ terrain also 

showed an upward slope from the North to the South. The accuracy of the final model depends on 

many factors, such as overlap between imagery and the shape of the object surface (Agisoft 2014). 

Possible non-linear deformations and misalignment errors of the model were partly removed by 

optimizing the estimated point cloud and camera parameters based on the measured GCPs. However 

the result of this optimization was based on the number and also positioning of the GCPs. Due to the 

positioning of the GCPs around the fields, and lack of GCPs inside the fields the DSM had no reference 

inside the field and therefore could not correct for the height variability of the terrain. Hence the skewed 

digital surface model. Agisoft recommends to use at least 10-15 GCPs that are evenly distributed over 

the field in order to generate accurate orhophoto’s and digital elevation models (Agisoft 2014). Bendig 

et al. (2014) for example used 15 GCPs for 54 plots, mostly around plot corners. The total study field 

was just 0.10 ha, which is considerably smaller compared to our study field of 6.2 ha. They achieved an 

R2 of 0.92 for estimating height of summer barley crops. This shows the considerably higher accuracy 
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when using a sufficient amount of GCPs. Even though our test field was larger in size, using more GCPs 

provides a more solid basis for the georeferencing and corrections of non-linear deformations. 

Another method would be to leave out the GCPs entirely. Díaz-Varela et al. (2015) calculated tree 

heights from a Digital Surface Model without the use of GCPs or a DTM and obtained a relative RMSE 

from 6% to 20%. They based their heights on the identification of local maxima and the measurement of 

their difference in height to a reference altitude of the ground in their neighbourhood. For this reference 

altitude they used a circular neighbourhood of two meter around the trees to identify the minimum 

DSM values. However this method would be difficult to implement in dense canopy surfaces like maize 

as there won’t be sufficient ground in the neighbourhood. Grenzdorffer (2014) developed a method that 

classified points obtained from the SfM dense point cloud into ‘ground’ and ‘vegetation’. By 

differentiating these points, the relative height was obtained. This method proved to be less accurate, 

especially with higher leaf area index values as there were less reliable ground points. This is especially 

true for maize.  In figure 16 we see that there were not a lot of ground pixels to be identified in between 

the plots. Grenzdorffer (2014) concluded that the classification of point cloud method was not suitable 

to determine the crop height for uniform arable crops and that the difference method using a DSM and 

DTM is simpler, faster and required significantly less expertise. Another problem that could arise when 

not using GCPs are non-linear deformations of the elevation model. During the georeferencing process 

in the Agisoft Photoscan workflow, the model is linearly transformed using seven parameter similarity 

transformation (three parameters for translation, three for rotation and one for scaling) (Agisoft 2014). 

This transformation can only improve a linear model misalignment. It is not possible to remove the non-

linear component without the use of GCPs to optimize the point cloud. On top of that, the 

georeferencing would only be based on the GPS data from the UAV, which is significantly less accurate 

(> 5 meter) than the RTK-GNSS system (< 2 centimetres).  

For non-linear transformations the amount of GCPs is based on the order of the polynomial 

transformation based on ((t+1) (t+2)) / 2, where t = the order of the transformation. So in order to correct 

for more complicated image rectifications, a third or fourth order polynomial transformation is needed. 

Therefore we recommend to optimize the digital elevation models based on 10 to 15 GCPs, especially 

because high accuracy measurements are to be obtained from these models for thousands of plots.  In 

our particular study area it would be difficult to use ground control points in the field around plots, as 

the maize vegetation was very dense at harvest and there was little to no spacing between the different 

plots. Nevertheless, more accurate modelling of the surface would have been achieved with the use of 

more GCPs. By leaving plots empty, GCPs could be placed inside the field and still be viewed from 

more than two angles. Another more permanent solution would be to place pole’s that reach over the 

maize canopy surface that have known x, y and z coordinates. As our test field was approximately 500 

meter in length and 140 meter wide, three rows with 45 meter width spacing and a placement of GCP 

at every 100 meter in length would be ideal to spread out 15 GCPs evenly over the field. The placement 

of the GCPs is most important at harvest, when the final plant height needs to be determined and before 

planting, to create a digital terrain model. However the DTM could also be based on the DSM by 

extracting ground points as is done in this study (Figure 8). Our method also yielded good results, even 

without the use of GCP for the DTM, as the DTM was modelled after ground points derived from the 

DSM. 

6.1.2 Crop Surface Models 

To derive a crop surface model with absolute plant heights we extracted digital terrain models from the 

surface models. We have used two different DTMs from different sources. The first DTM used was the 
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AHN2 dataset and the second was a DTM derived from UAV based RGB images acquired in the 

beginning of the growing season. 

6.1.3 AHN2 based CSM 

The AHN2 dataset is a LiDAR based terrain model. It was obtained in 2011 and has a spatial accuracy 

of 0.50 meters. The AHN2 datasets are generally seen as good models, but they do however contain 

some problems (van der Zon 2013). AHN2 datasets are not necessarily obtained when no vegetation is 

present. Therefore, points are classified into ground and vegetation points, from which subsequently 

the vegetation points get removed. Due to miss-classification vegetation is not always removed. 

Furthermore, the point density of the AHN2 dataset is just six to ten points per square meter from which 

the height grid is obtained. This is significantly less than the hundreds of points per square meter that 

were obtained with the SfM algorithms. In total the AHN2 dataset has an error margin of 15 centimetres 

for 95% of the dataset (van der Zon 2013).  

The CSM derived from the AHN2 dataset showed a skewness error (Figure 19). The angle of the upward 

slope in the DSM was slightly higher than the angle for the AHN2 dataset. This resulted in a systematic 

underestimation of plant height in the Northern part and an increase in height further south (Figure 20 

and 21). This could either be explained by a) an error in the AHN2 dataset, due to for example miss-

classification, b) a change of the landscape over the time from 2011 to 2015, or c) the incapability of the 

DSM to accurately model the landscape due to the lack of sufficient amount of GCPs. As we do not have 

any reference data for 2011 we cannot test the accuracy of the AHN2 dataset. All three causes seem 

plausible, however the incapability of the DSM to accurately model the terrain seems most probable. 

This can be linked to the deviation from the DSM height compared to the ground points measured with 

the RTK-GNSS (Figure 14) and the lack of sufficient GCPs inside the field (Figure 7, left). This shows 

that when using data from other sources caution is advised as to whether changes have occurred over 

time or regarding the accuracy difference of both sources. Furthermore, resolutions for the DSM and 

AHN2 dataset differed greatly (Table 1). The AHN2 dataset had a 20 times courses resolution compared 

to the DSM. Díaz-Varela et al. (2015) showed that decreasing the spatial resolution of DEMs resulted in 

a loss of detail and had implications for the retrieval of plant height, even with trees. Grenzdorffer (2014)  

also emphasized the fact that if differences between plants are small, the level of detail and accuracy of 

both the DTM and DSM need to be sufficient in order to show subtle differences in height variability.  

This lower resolution of the AHN2 dataset thus effected the accuracy of the CSM. Due to the small-scale 

plots and the spikey canopy surface of maize, centimetre spatial resolutions are needed in order to 

capture this maize crop phenology. Overall the AHN2 based CSM showed a significant correlation to 

the LiDAR measured plant height (R2 = 0.57), but due to the spatial differences in height values 

compared to the DSM and difference in resolution, it proved not to be an accurate method for estimating 

plant height at this scale.  

6.1.4 UAV based CSM 

In order to calculate a CSM based on UAV data we created a DTM using RGB imagery from the first 

flight date (26-05-2015). First of all, this dataset was a problematic due to a) the lack of GCPs, b) low 

temporal resolution of inflight GPS, c) low overlap of flight lines. Nevertheless, we used the RGB 

imagery together with extracted height points from the DSM to create a DTM in NAP heights (Annex 

E). In total six height points were extracted from the DSM with a known ’0’ value such as tractor tracks 

and used as markers in the DTM imagery (Figure 7, left). Accurately locating the points in the DTM 

imagery proofed to be quite a challenge as our only reference was the pattern of tractor tracks. Therefore, 

the DTM could not be precisely georeferenced, but did show a great level of detail (Figure 15). However, 
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as the height differences between plants were small, accurately georeferencing the DTM is necessary in 

order to contain these subtle differences in the CSM. Despite these difficulties only two out of six 

extracted height points in the DTM deviated from the DSM with around 0.30 meters under and 

overestimation (Figure 22, top). Again, as we did not have reference data for this date, the real accuracy 

of the DTM could not be assessed. The resulting CSM was a significantly better model than the AHN2 

based CSM (Table 3, Figure 22). The plant height errors were more homogenous, with a systematic 

underestimation of around -0.31 meters. This indicates that this DTM was significantly better in 

modeling the height differences over the terrain relative to the DSM. However, as the extracted height 

points were coming from the DSM, and most points were located near the edges of the field, the 

interpolation effect could mean that the DTM was overall slightly overestimating. This could partly 

explain the systematic underestimation of -0.31 meters. Overall the UAV based CSM showed stronger 

correlations to the LiDAR height measurements (R2 = 0.61) compared to the AHN2 based CSM (R2 = 

0.57; Table 3). Although the bias was higher, it was more systematic and thus easier to correct for (Figure 

23). Our method of creating a DTM based on extracted height points from the DSM is basically a 

combination of classifying ground points in a DSM as proposed by Díaz-Varela et al. (2015) and 

subsequently the height differencing method as proposed by Bendig, Bolten, and Bareth (2013). This 

combination proved to be a good method, even with a small number of GCPs (Figure 22 and Table 3). 

6.1.5 Accuracy of the CSM 

The CSMs had a spatial resolution of 2.5 centimetres and shows a great level of detail (Figure 16, 17). 

Each plot contained around 16300 height points that were able to capture height variability within a 

plot with high detail (Figure 17). Also the spatial outlines of the plots were easily distinguishable from 

these elevation models. This proofed the capabilities of capturing plant height and its variability of a 

field using SfM algorithms. Only a small percentage of the 16300 height points per plot contained 

canopy pixels. The largest part, over 80% were leaf pixels not belonging to the canopy (Figure 18). The 

lowest pixels were caused by plot borders, especially on the width side of the plot as there was a small 

gap row between the widths of all plots (Figure 17). These non-top of canopy leafs and border pixels 

heavily influenced the mean height values for a plot (Figure 18). By taking the max height value, single 

tall plants or noise could determine the height of a grid cell. Therefore we used the method as proposed 

by Grenzdorffer (2014) to use the top 95% to 99% of the height data from a plot. Still an underestimation 

is expected due to the spikey canopy architectural traits of the maize plant. Grenzdorffer (2014) showed 

that crops with a more homogenous canopy surface like winter wheat and oilseed rape had less to no 

underestimation compared to spikey canopy surfaces of maize.  

If we look at the phenology of the maize plant, we see that in the final growing stage the tassel of the 

plant is developed. This tassel is about 30 to 40 centimeters in height (Figure 33). The tassel is very 

susceptible for wind, especially during the last growing stage. These wind effects caused errors in the 

SfM algorithms as it relies on observing the same object from multiple angles through time. 

Furthermore, the relative area size of the tassel compared to the lower leaves was rather small and was 

therefore more difficult to capture in the imagery. The LiDAR datasets had a much higher point density 

compared to the point cloud generated from the DSM. Therefore, the LiDAR was better in capturing 

the tassel of the plant.  The manual measurements did not take the tassel into account and took the 

upper leaf as maximum height. This partly explains the systematic underestimation of maize plant 

height for both UAV and AHN2 datasets compared to LiDAR and why the UAV height was more true 

to manual measurements. 
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Figure 33 Development of the tassel of a maize plant during the last growing stage (Ritchie, Hanway, and Benson 
1993). 

As the UAV based CSM had a more systematic underestimation with an average of -0.31 meters (Figure 

22, bottom) this again seemed to be the more correct CSM. 

6.1.6 Comparison with manual measurement methods 

For 56 plots we were able to compare the CSM, LiDAR and manual height per plot (Figure 24, Table 4). 

Here it became clear that also the manual measurements were underestimating compared to the LiDAR 

measurements with an average of -0.15 meters. Although the biases and RMSE from the CSMU were 

lower for the manual measurements than the LiDAR measurements, the correlations were also lower. 

This could partly be explained due to the low variability of the manual height measurements, as a lot 

of plot heights were the same and the precision was only 0.05 meter in contrast to the 4 decimals 

precision of the CSM heights. The CSM heights had a stronger correlation to the LiDAR measurements 

than the manual height measurements had with LiDAR (Table 4). This points to either a) an 

overestimation of the LiDAR measurements, b) an underestimation of the manual height 

measurements, or c) a combination of both. Nevertheless, it proves that the CSM height values were 

more true to manual height measurement methods in terms of bias (Table 4) and that the 

underestimation of the CSM would be significantly lower when compared to manual measurements 

over the whole field. In similar researches, reference heights were always manual measurements 

(Bendig et al. 2014; Grenzdorffer 2014; Díaz-Varela et al. 2015; Jay et al. 2015; Yin et al. 2011). Comparison 

of CSM with LiDAR and manual measurements has not yet been done before. Therefore, this research 

provided valuable insides in the capabilities and differences between these methods. 

6.1.7 Photoscan depth filtering 

Depth filtering also explains part of the underestimation. In order to capture more details of the spikey 

canopy surface, depth filter settings should be evaluated. Photoscan calculates depth maps for every 

image. Due to factors like poor texture, noisy or badly focused images, there can be some outliers among 

the points. Depth filtering is applied to remove these outliers. The depth filtering of the 3D point cloud 

was set to ‘mild’, in order to obtain as much top of canopy pixels as possible from the spikey maize 

canopy. Depth filtering could also be turned completely off, however methods should then be 

developed in order to handle and classify real canopy points from noise. Further research could look 

into improving this depth filtering and classification for spikey canopy surfaces, however the wind and 

bi-directional effects will be inevitable.  
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6.2 BIOMASS PREDICTION USING CSMS AND VEGETATION INDICES OVER TIME 

6.2.1 Biomass estimations based on the crop surface model 

Our second research question was if the combination of vegetation indices and plant height could 

predict better estimates of above ground biomass for maize breeding trials compared to using only 

height.  We first started by looking at the plant height, volume and surface area and see the correlation 

between these CSM derivatives and fresh biomass measured at harvest. Here we found significant 

correlations of these derivatives and biomass, with an R2 of around 0.53 (Table 5). Previous studies 

found good predictions of biomass using crop surface models over the growing season (Bendig et al. 

2015; J. Liu et al. 2009; Bendig et al. 2014). As we only had a CSM at harvest, we could not test the 

correlation between height and volume with biomass over the growing season. Bendig et al. (2014) 

found good correlations between biomass and height over the growing season for barley crops (R2 = 

0.81), which is significantly better than our correlation with height at harvest and biomass (R2 = 0.56). 

The correlation of Bendig et al. (2014) was however exponential with height data at six growing stages 

during the season. Furthermore Bendig et al. (2014) estimated plant height from the CSM showed a 

correlation of R2 = 0.92 to the manual reference height, which was a stronger correlation in comparison 

to our best findings (R2 = 0.78). Their main limitation was the influence of lodging cultivars in the later 

growth stages, which produced irregular plant heights. Wind effects furthermore were a cause of error 

for irregular plant heights. Due to errors and wind effects in our CSM, there were also some irregular 

plant heights, which could partly explain the lower correlation. Bendig et al. (2014) also proved that 

height prediction errors became larger at later growing stages for barley and showed an increasing 

trend. This indicates that larger errors could occur in biomass prediction at later growing stages due to 

the increasing spatial variability. Therefore this could also have affected our results. We also calculated 

volume by generating a triangular irregular network of the CSM. This volume showed a significant 

correlation to biomass with an R2 of 0.53 (Table 5). Using volumes from a CSM to predict biomass has 

not yet been explored much, however this study illustrated that volumes have significant prediction 

power for biomass. Further research into crop volumes derived either from a triangular irregular 

network, or the mesh directly from the 3D point cloud over the growing season should be developed in 

order to test these methods further.  

6.2.2 Biomass estimations based on vegetation indices 

Secondly we looked at the correlations between four different vegetation indices at three different 

growing stages and biomass (Table 6). We used two multispectral vegetation indices: the NDVI and 

WDVI and two hyperspectral vegetation indices: the MTVI2 and OSAVI. In total 12 vegetation index 

maps were calculated over the growing season. As most of the flight lines had substantial geometrical 

distortions (Figure 10, left) they were unsuitable as reliable measurements for these small-scale plots. 

Furthermore the resolution of these hyperspectral data cubes was much coarser at 25 centimeter spatial 

resolution (Table 1). Therefore small errors in the geometry of the hyperspectral data cubes implicated 

big errors on the results, especially though time. Next to that it was not possible to mosaic different 

flight lines due to changing atmospheric and illumination conditions between two flights. Based on 

these constrains only one flight line was chosen which showed the least distortion over time (Figure 10, 

right). This flight line was automatically projected on the DEM at pre-processing and later manually 

georeferenced to the ortho-photo with the highest precession possible.  The result was a sufficient 

geometrical correct hyperspectral flight line for three flight dates. The geometrical accuracy was visually 

assed by comparing it to the high resolution ortho-photo. To further cancel out geometrical errors we 

choose to only use plots from the four row set-up. As the surrounding two rows of these plots were of 

the same cultivar, geometrical errors in the x, y direction had less of an influence (Figure 3). Plots located 
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at the borders of the hyperspectral flight line were removed, as the border areas were prone to 

calibration or bi-directional effect errors. In total 72 plots which were geometrically most correct were 

chosen. These plots are located together in block 3. 

Minimal noise fraction (MNF) analysis that was applied to the hyperspectral flight lines proved that the 

spectral differences from the hyperspectral sensor was capable of distinguishing the variability between 

plots (Figure 26). These hyperspectral flight lines were used to calculate the four vegetation indices for 

June, July and September. This resulted in 12 vegetation indices maps. All indices showed a clear 

greening up stage from June to July and a decline from July to September (Figure 27). Except for the 

MTVI2, which seemed to stay relative saturated. When normalizing the four indices over time from 0 

to 1, the MTVI2 declined 0.20 between July and September. In comparison, the other indices declined 

with a normalized average of around 0.42. Considering the saturation, the MTVI2 normally has shown 

low or no saturation to high LAI or biomass (Haboudane 2004) and also in our study did not saturate. 

However it showed the lowest sensitivity for the months with the highest LAI, July and September 

(Figure 28). The MTVI2 combines hyperspectral reflectance in the NIR, red and green wavelengths in 

order to reduce the effect of changing leaf chlorophyll content variation for crop green LAI estimation 

(Jiangui Liu, Pattey, and Jégo 2012). This low change in index value from July to September could partly 

be explained by the effects of suppressing chlorophyll.  

Due to the saturation effect of the dense green canopy in July (Figure 27), almost all indices lost much 

of their sensitivity. Especially the two hyperspectral indices MTVI2 and OSAVI lost a lot of sensitivity 

in July (Figure 28). The NDVI, but especially the WDVI still showed significant variation in this month. 

This also relates to the correlation for the indices at a single point in time. Here only the WDVI had a 

significant correlation in July (Table 6). Overall all indices showed very weak correlations to biomass 

when correlated at a single point in time. VIs measure only the photosynthetically active components 

such as leafs. As the majority of the maize biomass is coming mostly from the stem and the kernels 

which are photosynthetically inactive components, vegetation indices are expected to have low 

correlations to the total biomass of the maize plant. Link, Senner, and Claupein (2013) found similar 

results when using an airborne spectrometer for prediction maize biomass. In the early growing stages 

they did not found any significant correlation using 730/740 and 760/730 ratio indices. After flowering 

of the maize, they found correlations of 0.34 between the reference biomass at harvest and the spectral 

data. This again illustrates that the relationship between biomass and spectral indices for maize is not 

very strong.  

6.2.3 Fusion of CSM derivatives and Vegetation indices 

To answer our last research question on which growing stages of maize are best for the prediction of 

biomass and which sensors are most suited, we tested several models in which we fused different 

products over time. To test these models we divided 72 plots for which biomass was measured into 50 

plots for training and k-fold cross validation and 22 plots as a validation set. For this multivariate 

analysis we used the correlated component regression method. Deal (2011) showed that the correlated 

component regression is a suitable tool when the sample size is rather small and the number of 

predictors is large. It is a proven method to prevent overfitting and only takes significant predictors into 

account. Magidson (2010) stated that CCR outperforms comparable approaches when the number of 

predictors is fairly large.  

As our first model, we used all 15 predictors as an input: height, volume, surface area, vegetation indices 

(12). The CCR model used 9 out of these 15 predictors for its optimal model, which is still rather large 

and could point to overfitting. However by implementing the k-fold cross validation and step-down 
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algorithm we were able to determine the most important predictors. In the k-fold cross validation 

predictor count table (Figure 30) it was evident that height and the WDVI at harvest were the most 

important predictors as they were taken into account 800 out of 800 times. Furthermore, volume and 

both the WDVI and MTVI2 in June were important. All indices in July, except the WDVI were not taken 

into account. This result clearly illustrates the importance of measurements at the beginning of the 

growing season and at harvest. During the greenest stage, only the multispectral index WDVI proved 

to be of significance. This outcome seems somewhat contradicting to the individual correlation of the 

vegetation indices with biomass at a single point in time. For example all the indices showed low 

correlation in June, but seemed to be important predictors in the correlated component regression. This 

can be explained that when examining correlations between two variables, only the unconditional 

(crude) associations between the variables were examined. With the correlated component regression 

model, we examined the joint associations of the independent variables (the predictors) with the 

dependent variable (biomass). For every predictor we looked at its association with biomass, conditional 

on the other predictors. This approach can yield very different, even contrary results to the 

unconditional correlations. The second output of this CCR regression were the standardized coefficients 

(Figure 31). These coefficients refer to how many standard deviations the dependent variable changed, 

per standard deviation increase in the predictor variable. The standardized coefficients for the nine 

predictors indicated that height and volume had a bigger effect on biomass than the vegetation indices 

(Figure 31). The WDVI in September was the vegetation index with the biggest effect. There is however 

some controversy on using standardized coefficients for comparing variables. Greenland et al. (1991) 

indicated that the standardized regression coefficients appear to simplify the interpretation of 

regression results as they are unit less quantities that therefore seem to be comparable. However they 

stated that this comparability is misleading. As distributions between the predictors varied, the meaning 

of a standard deviation also varied between the predictors. Nonetheless, when combining the 

correlations, sensitivity and k-fold cross validation results we can clearly state that measurements at 

harvest and at the beginning of the growing season are most important. The nine predictors’ model 

yielded an R2 of 0.79 with a RMSE of 2.11 kilograms (Table 7), which was an error of around 4.2%. The 

model showed more deviations with high biomass values, which could point to a) a complex non-linear 

relationship of the predictors and biomass or b) a saturation effect with higher values of biomass. The 

CCR is a linear model, which is not good at handling the complexity of a non-linear relationship 

(Magidson 2010). Furthermore saturation could have occurred in the predictors in the plots with higher 

amounts of biomass. The variation in the predictors could have decreased for plots with a higher 

amount of biomass, leading to less sensitivity. Chen et al. (2010) showed that the NDVI for example 

saturates at medium to high fresh biomass. This is around 2 kg/m2 and as our average biomass was 

around 4.9 kg/m2 at harvest, saturation effects could have occurred. The MTVI2 should have shown 

greater sensitivity to higher biomass values (Haboudane 2004), but did not prove  to be an important 

predictor in our models.  

Bendig et al. (2015) came to the same conclusion with respect to combining plant height with vegetation 

indices over time using multiple linear regression. In their study, the indices alone showed lower 

correlations over the growing season (MSAVI R2 = 0.22) than combined with height (height + MSAVI R2 

= 0.77). This was for a barley crop, which has a considerably more homogenous canopy surface than 

maize. The correlations for plant height to the reference heights were very strong (R2 = 0.92) and were 

taken over the growing season. Bendig et al. (2015) showed that for barley, height over the growing 

season was a better predictor for biomass (R2 = 0.80) than combining it with vegetation indices. This 

indicates that plant height over the growing season is competitive with vegetation indices for biomass 
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estimation in barley. As the vegetation indices used in this study also had a significantly lower 

correlation to biomass than height with biomass, it would be interesting to use multiple CSMs over the 

growing season to test for better biomass prediction models. In this study, multiple CSMs could have 

been made over the growing season, however as there were no reference data available for the whole 

growing season, validation of these CSMs would not have been possible. 

6.2.4 Comparing multivariate models over time 

In order to see the differences in measurement times and sensors, we applied different models to the 50 

training and 22 validation sets (Table 8). These models showed the lowest correlations and highest 

errors for the hyperspectral vegetation indices summed up over the growing season. The multispectral 

indices, especially the WDVI were significantly better in modeling the prediction of biomass. However 

due to the fact that most of the maize plants biomass is made up of photosynthetically inactive 

components, VIs alone are not sufficient as biomass predictors. Height and volume scored average with 

an average R2 of 0.52. It was notable that combining height and volume did not improve the model. This 

indicates that height and volume were competitive. Nonetheless it was interesting to test the capabilities 

of volume as other similar studies did not look into this predictor. The best models used a combination 

of the RGB and multi- or hyperspectral sensor. Measurements with the RGB and multispectral sensor 

at harvest alone yielded good results (R2 = 0.74). However, combing it with data from the beginning of 

the growing season (R2 = 0.78) or the whole growing season (R2 = 0.78) improved the model. These were 

expected results and proves that information over the growing season is essential for good biomass 

prediction models. Furthermore, overly complex models like the CCR model with nine predictors are 

not needed. The simple model with just three predictors at the start and at harvest using the RGB and 

multispectral sensor yielded near identical results, with a difference in R2 of 0.01 and RMSE of 0.27 

kilogram.  

6.2.5 Limitations 

The main limitations for these study were: 

 The first flight date was flown for a different purpose than this study. The main focus for the 

first flight was intentionally to count plants. Therefore, the interval of the UAV miniature GPS-

Inertial Navigation System were set to 10 seconds, instead of with every image. Furthermore, 

there was less overlap in the flight lines which resulted in gaps in de DTM and no GCPs were 

used. 

 The flight of 22-09-2015 was flown at a later time than planned due to unforeseen circumstances 

with the UAV platform. This meant that the last flight was flown only two hours before harvest. 

This left little time for preparation and therefore only 5 GCPs could be placed. Also the 

distribution of these GCPs could have been more evenly. 

 The hyperspectral push broom scanner produced too much geometrical distortions and warps 

for most of the flight lines to be used with small plots. Therefore, this type of scanner is not 

suited for phenotyping at this scale. Hyperspectral frame cameras like the Rikola camera 

currently available within UARSF should produce much better and stable results. 

 During the flight at 22-09-2015 weather circumstances were not ideal as there were patches of 

clouds which influenced illumination circumstances during and between flights. 

 Conductivity for the plots in block 3 varied due to very wet and dry areas in this block. This 

could have influenced correlations due to the higher amount of variation.  
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7 CONCLUSION AND OUTLOOK 

7.1 CONCLUSION 
In this research we evaluated the use of a UAV platform and different sensors for non-destructive 

phenotyping  of  small-scale  maize  breeding  trials,  and more  specifically  for estimating plant height 

and biomass of 3838 plots of maize (Zea Mays) cultivars. The research was designed to fulfill the needs 

of high-throughput and non-destructive field based phenotyping.  

The RGB sensor was capable of creating highly detailed crop surface models with a spatial resolution 

of 2.5 centimeters. Each plot of 10.2 m2 contained 16300 height pixels on average. This substantial 

amount of measurement points demonstrated that the height variability within small-scale plots was 

captured with high spatial detail. This spatial variability is interesting for plant breeding if the precision 

of the measurements are accurate enough. The accuracy of the CSM related to the LiDAR height 

measurements depended greatly on the accuracy of the elevation models and ground control points. 

For maize, a UAV derived DTM provided the best basis for deriving a CSM because this DTM was 

significantly better in modeling the height differences over the terrain relative to the DSM. The UAV 

based CSMU, using a top of canopy threshold proved to be the best estimator for plant height. 

Furthermore, the CSMU dataset outperformed manual measurements in terms of correlation to the 

LiDAR method. In comparison with the LiDAR measurements a systematic bias was found with an 

average spatial homogenous underestimation of -0.31 meters, using the top of canopy pixels per plot. 

The systematic bias was caused by a combination of wind effects and the incapability of accurately 

modeling the spikey canopy surface. The LiDAR measurements were better in capturing the spikey 

maize canopy, as the bias was always negative. Taken the systematic underestimation into account, the 

CSMU was able to estimate plant height with an average RMSE of 0.30 meters. 

For biomass estimations the CSMU at harvest was able to yield a correlation of R2 = 0.53 to biomass with 

a RMSE of 3.14 kilograms (6.2% error) using just height data. Combining the CSMU with vegetation 

indices over the growing season using a multivariate approach, significantly improved this correlation 

to an R2 of 0.79 with an RMSE of 2.11 kilograms (4.2% error).  However, the geometric accuracy of the 

hyperspectral images influenced the results. Geometrical distortions caused by the push broom scanner 

were of such nature that correcting for that was difficult, or not possible at al.  

The growing stages that showed the highest significant correlations were the start, but mostly the end 

of the growing season. In September all indices were highly significant (p = < 0.0001) and showed the 

strongest correlations. Due to the saturation effect of a dense green canopy during the middle of the 

growing season, this stage saturated most indices and gave the lowest and most non-significant 

correlations. Al together all correlations were rather weak, but did show a significant amount of 

variance in June and September. Overall the multispectral indices outperformed the hyperspectral 

indices in both the multivariate approach as the individual correlations. The multispectral WDVI 

demonstrated to be the most significant VI biomass predictor for maize, especially at harvest. 

 

Overall, our results suggest that plant height measured at harvest, combined with vegetation indices at 

the start and end of the growing season may be used to predict maize biomass.  This prediction can be 

improved by increasing the spatial accuracy of the crop surface models and using multi- or 

hyperspectral frame cameras in order to minimize geometrical distortions. To improve spatial accuracy 

we recommend the use of 10 to 15 GCPs, based on the order of the non-linear polynomial transformation 

that is needed for the rectifications of 3D models. The use of stable hyperspectral frame cameras should 

be explored with regard to high precision hyperspectral mapping. For this, we recommend the Rikola 

hyperspectral frame camera currently available within UARSF as this camera should produce much 

better and stable results. 
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7.2 OUTLOOK 
To fully implement the UAV platform as a suitable tool for plant breeders depends on the development 

of the UAV platform regarding stability, control, reliability, positioning, autonomy and improvements 

of sensors (Sankaran et al. 2015). As remote sensing techniques and UAV platforms are improving 

rapidly we firmly believe that this improved technology will help to add new methods for aerial field-

based phenomics in the near future. Battery capacities and aerodynamics are rapidly improving and 

allow for longer and safer flying times. These improvements will also lead to an increase of payload 

capacity, allowing for more heavy and advanced sensors. Furthermore regulations will improve, with 

reserved airspace for UAV platforms which will be monitored and will have an airplane-like collision 

avoidance algorithm for UAVs sharing three-dimensional airspace. Such systems are already being 

implemented (Aerialtronics 2014). Collision avoidance is a key factor in enabling the integration of 

UAVs into real life use (Pham et al. 2015). Fully implemented collision avoidance systems would give 

room for programmed and autonomous UAV flights, without the need of being in line-of-sight. This 

technique would furthermore make it possible for UAVs to operate in swarms in order to cover large 

fields, or divide multiple tasks.  

Technological advances in UAV built-in GNSS systems are going towards real time kinematic systems 

which provide much higher accuracy of the UAVs location and will also improve the structure from 

motion outputs. Producing more accurate elevation models, even without the use of ground control 

points. Experiments are also done with digital ground control points, so called ‘beacons’, that can 

automatically communicate with the UAV and send its x, y and z coordinates (Flonew 2015). This 

technique is still in its early initial phase, but nonetheless shows the potential impact beacon technology 

could have on UAV navigation in the future. 

New state-of-the-art hyperspectral frame cameras are already used at the Unmanned Aerial Facility 

from Wageningen UR. These hyperspectral frame cameras produce much more stable images with a 

higher spatial resolution, compared to the more traditional push broom scanner. Geometrical distortion 

and warps are much less of a factor in frame cameras and stable hyperspectral ortho-photos could be 

produced of a whole study field. Furthermore, with the advancement of battery capacities and 

aerodynamics UAVs are now capable of carrying a LiDAR payload. This technology gives room for 

high precision aerial 3D monitoring, which is an essential aspect of field-based phenomics. Another 

advantage of these improved battery capacities is the increased duration of a single flight. As of now, 

five separate flights had to be made in order to capture the whole field. By being able to fly a test field 

at once, this time span is shortened which is needed in order to compare traits as illumination conditions 

vary over time. 

The research presented in this thesis has opened a number of research opportunities that should be 

explored in the near-future. The main opportunity would be to produce higher accuracy 3D maps over 

the growing season using new techniques such as an airborne LiDAR or improved GNSS systems to 

better predict biomass and plant growth. In summary, the UAV platform combined with the right 

sensors has great potential for high-throughput field-based phenomics. It can be the ‘on size fits all’ 

solution to address the current phenotyping bottleneck. A multitude of sensors can be equipped on 

these platforms that can fly at low-altitude in a relative small timespan without affecting field 

conditions. With the current speed of advancement of these technologies we firmly believe in the 

exponential growth of UAV applications, including field-based phenomics, in the near future.  
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9  APPENDICES 

 

Annex A 

Specifications of UAV payload (Suomalainen et al. 2014) 

 System  
Components  - Custom spectrometer:  

o PhotonFocus SM2-D1312,  
o Specim ImSpector V10 2/3”,  
o 12mm lens  
- XSens MTi-G-700 GPS-INS + antenna  
- Panasonic GX1 + 14 mm pancake lens  
- Raspberry PI data sink  
- Synchronization electronics  
- Carbon fiber frame  
- 12V Battery  

Total weight (ready-to-fly)  2.0 kg  

Power intake  10 W @ 12 V  
Spectrometer (SM2 + ImSpector)  

Spectral range  400–950 nm  
Spectral resolution  
(FWHM)  

9 nm  

Cross-track pixels  328 (1312 unbinned)  

Swath width  0.8 x flight altitude  
Scan rate  ~20 lines/s  
Signal-to-noise ratio  300:1 (for unbinned pixel at full well)  

Camera (Panasonic GX1)  
Image size  4608 x 3464 pixels  

[1.2 x 0.9] x flight altitude  

Max frame rate  0.7 Hz @ raw format  

GPS-INS (XSens MTi-G-700)  
Roll & pitch accuracy  0.3°  
Yaw accuracy  Nominal: 1°  

Observed: >5°  

Spatial accuracy  4 m  
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Annex C 
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Annex D 
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Annex E 
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Annex F 
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Annex G 
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Annex H 

 

 

 


