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Abstract 

Plant growth rate is an essential phenotypic parameter for crop physiologists and plant breeders 

to understand in order to quantify potential crop productivity based on specific stages throughout 

the growing season. While plant growth rate information can be attained though manual 

collection of biomass, this procedure is rarely performed due to the prohibitively large effort and 

destruction of plant material that is required. Unmanned Aerial Vehicles (UAVs) offer great 

potential for rapid collection of imagery which can be utilized for quantification of plant growth 

rate. In this study, six diverse lines of lentil were grown in three replicates of microplots with six 

biomass collection time-points throughout the growing season over five site-years. Aerial 

imagery of each biomass collection time point was collected from a UAV and utilized to produce 

stitched two-dimensional orthomosaics and three-dimensional point clouds. Analysis of this 

imagery produced quantification of groundcover and vegetation volume on an individual plot 

basis. Comparison with manually-measured above-ground biomass suggests strong correlation, 

indicating great potential for UAVs to be utilized in plant breeding programs for evaluation of 

groundcover and vegetation volume. Nonlinear logistic models were fit to multiple data 

collection points throughout the growing season. The growth rate and G50, which is the number 

of growing degree days (GDD) required to accumulate 50 % of maximum growth, parameters of 

the model are capable of quantifying growth rate, and have potential utility in plant research and 

plant breeding programs. Predicted maximum volume was identified as a potential proxy for 

whole-plot biomass measurement. Six new phenotypes have been described that can be 

accurately and efficiently collected from field trials with the use of UAV’s or other overhead 

image-collection systems. These phenotypes are; Area Growth Rate, Area G50, Area Maximum 

Predicted Growth, Volume Growth Rate, Volume G50, and Volume Maximum Predicted 

Growth. 
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1.0 Introduction 

The current demand for an increase in global food production is enormous. The Food and 

Agriculture Organization (FAO) estimates the need for a 70 % increase in global food production 

before 2050 in order to feed the rapidly growing population (FAO, 2009). A production increase 

of this magnitude will require a multifaceted approach involving increased production area, 

improved agronomic practices, more efficient production and transportation systems, and the 

development of improved crop varieties (Tilman et al., 2011). 

In recent years, the cost of genotyping has dramatically declined and the ability to 

efficiently and accurately identify a large number of genes has become possible (Ingvarsson and 

Street, 2011; Shendure and Hanlee, 2008). Association studies aim to compare large sequenced 

germplasm collections with corresponding phenotypic information, enabling researchers to 

connect phenotypic responses with their controlling genes. By including evaluation of 

phenotypes across multiple environments, genotype × environment (G×E) interactions can be 

deduced. Understanding G×E interactions is essential to determine the effect identified genes 

will have over multiple environments (Brachi et al., 2010).  

In order for new crop varieties to be developed, plant breeders expend significant 

resources identifying and quantifying traits which may be of use in future varieties. Data must be 

manually collected on a large number of breeding lines, often with multiple replications and 

locations (Miladinović et al., 2015). This much data is generally not possible for one individual 

to collect, so multiple people may be employed for the collection of trait information. Factors 

such as fatigue, variability of observers, and changes in plant morphology over time can result in 

inconsistencies in data collection, causing errors and inefficiencies in the breeding program 

(Daniel et al., 2017). Additionally, this large labour requirement comes at a significant cost and 

represents a major expense in any breeding program (Furbank, 2009; Reynolds et al., 2019).  

Remote sensing techniques have the potential to dramatically improve the quality of data 

collected in plant breeding programs, while also reducing the labour required to collect the same 

amount of data. The use of technology which allows rapid imaging of research trials may permit 

the collection of multiple phenotypic traits at one time, and collection of those same traits 

multiple times throughout the growing season (Andrade-Sanchez et al., 2013). Plant height in a 

typical research program utilizing human data collectors, for example, may be collected one or 
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two times during a growing season and require a substantial amount of labour (Jiang et al., 

2016). However, utilizing remote sensing technologies, multiple traits may be collected 

concurrently as frequently as desired and require only a few minutes per day of in-field activity 

(Han et al., 2019; Hu et al., 2018).  

Above-ground biomass is an important trait for plant breeders to understand for a number 

of reasons that may differ based on the end-goal of the crop. In crops where the entire plant 

contributes to an end-use such as forage for livestock feed, bioenergy, or textiles, above-ground 

biomass can be used to directly measure yield potential. In crops where only a portion of above-

ground biomass is desired, total above-ground biomass can still provide useful information 

regarding yield (Grüner et al., 2019). In lentil (Lens culinaris Medik.), as well as other crops 

grown for seed, plant biomass is a measurement which often correlates with seed yield 

(Whitehead et al., 2000) and other traits useful to breeders (Donald and Hamblin, 1976). Under 

sub-optimal growing conditions, excessive above-ground biomass may be considered 

undesirable as resources put into biomass might be better utilized for the production of seed yield 

(Dixit et al., 2017). Conversely, insufficient above-ground biomass will limit the crops ability to 

collect resources and result in reduced yield potential.  

Despite clear reasons for measuring aboveground crop growth, directly associated traits 

such as biomass are seldom measured in breeding programs due to the large cost and labour 

requirements for their collection. Multiple measurements throughout a season are of even greater 

value due to the ability to accurately calculate parameters such as plant growth rates, competitive 

advantage against weeds, and to determine ideal fertility and irrigation regimes. Multiple 

biomass collections, however, are essentially unheard of in breeding programs due to the 

destructive nature of collection and prohibitively high cost and time requirements.  

The objectives of this study were to compare parameters of plant growth rate obtained by 

conventional methods and high-throughput phenotyping techniques, and to evaluate their 

potential utility in plant breeding programs. High-resolution aerial images were collected on a 

diverse panel of lentil (Lens culinaris Medik. spp.) produced in Saskatchewan, Canada, in 2017 

and 2018. By utilizing several high-resolution overlapping overhead images, 2-dimensional (2-

D) orthomosaics and dense 3-dimensional (3-D) point clouds were produced.  



3 
 

2-D orthomosaics are produced by stitching multiple overlapping high-resolution images 

together into a single large image. Analysis of these orthomosaics can produce measurements of 

digital groundcover by quantifying pixels of certain spectral values which identify plant tissues. 

By making assumptions on plant architecture and density, these orthomosaics may also be used 

as a proxy for biomass.  

3-D point clouds can be produced from the same set of overlapping images as a 2-D 

orthomosaics using Structure from Motion (SfM) methodology. SfM software works by 

automatically matching key features in multiple images to extrapolate 3-D structural information 

(Doneus et al., 2011; Neitzel and Klonowski, 2011; Pix4D, Switzerland; Verhoeven et al., 2012). 

Analysis of 3-D point clouds can be used to quantify digital canopy volume. In many field and 

tree crop species, plant dimensions and canopy volume are important factors which may limit 

yield (Hill et al., 1987; Underwood, et al., 2016; Morgan et al., 2001). In addition, digital canopy 

volume may be used as a proxy for biomass. Using this estimate of volume, biomass and plant 

growth rate can be quantified at a higher level of accuracy than though a 2-D approach due to 

increased information. Because this data can be collected quickly and efficiently at a high 

temporal frequency, it is possible to interpret crop changes over time. Plant growth rate can be 

extracted from structural changes undergone by the crop throughout the growing season, giving 

highly valuable insight into differential performance of various genotypes throughout a growing 

season.  
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2.0 Literature Review 

2.1 Lentil 

Lentil is one of the oldest crops known to human civilization (Sonnante et al., 2009), and 

among the first domesticated agricultural crops. It was likely domesticated during the 

Epipaleolithic period in the Near-East around 8900 to 8600 B.C.E. (Lev-Yadun et al., 2000). 

Lentil is a small bushy annual diploid (2n=2x=14) legume that produces small pods 1-2 cm long 

(Sarker and Erskine, 2006). Plant height ranges from 15 cm to 75 cm depending on genotype and 

environmental conditions (Saxena, 2009). Cultivated lentil can be classified as large-seeded 

(macrosperma) or small-seeded (microsperma) (Sandhu and Singh, 2007), with large variation in 

seed colour and cotyledon colour.  Market classes are defined by seed size and colour, with 

specific demands for various market classes (Erskine et al., 2009b). Each pod contains one to 

two lens-shaped seeds, which are protein-rich and contain many vitamins and minerals important 

for humans (Erskine et al., 2009a). Lentils can be consumed as a meat substitute, and are popular 

in Europe, much of the Middle East, and India (Sandhu and Singh, 2007). Lentils contain high 

levels of tryptophan and lysine and will result in a balanced intake of essential amino acids in the 

human diet when partnered with wheat or rice (Erskine, 1983).  

The largest producers of lentil are Canada, India, and Turkey (FAOSTAT, 2017). Lentil 

production and volume increased dramatically on a global scale between 1961 and 2006 

(Bekkering, 2015). Canada is the largest global exporter of lentils, and exported 2 053 528 t in 

2016, contributing over 50 % of the total global share, considerably more than all other observed 

nations (FAOSTAT, 2016). The majority of Canadian lentils are produced in the Province of 

Saskatchewan (Government of Saskatchewan, 2018). 

Lentil produces relatively low biomass compared to other field crops due to their short 

height and insubstantial stems. Whitehead et al. (2000) identified a strong positive correlation in 

four lentil genotypes between seed yield and biomass in Pullman, WA, USA and Reading, UK. 

Erskine (1983) also identified a positive relationship between straw yield and seed yield in a 

collection of 3 586 genotypes of lentil. This correlation suggests that by identifying plant growth 

rate and predicting biomass early in the growing season, yield potential may be predicted. There 

is a large variability of biomass and harvest index (HI), which is the yield proportion of the crop 

compared to all aboveground biomass, in cultivated lentil varieties (Dixit et al., 2017). Jogloy et 
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al. (2011) determined that in peanut (Arachis hypogaea), another member of the Fabaceae 

family, crop growth rate and partitioning efficiency had significant broad-sense heritability. 

Therefore, in order to produce high-yielding lentil varieties, germplasm displaying high biomass 

and HI potential should be identified and selected for use in breeding programs (Dixit et al., 

2017).  

 

2.2 Traditional Growth Analysis in Crop Research 

 Research done on plant populations nearly always requires some amount of phenotypic 

characterization (Boote and Sinclair, 2006; Dongwei et al., 2018; Golzarian et al., 2011; Haile et 

al., 2019). Plant phenotypic information may be useful for documentation and description 

purposes, and may be required for variety registration (Canadian Food Inspection Agency, 2019) 

and for germplasm submission to gene banks (Agriculture and Agri-Food Canada, 2018). 

Accurate and thorough plant phenotyping is essential in most crop research studies affecting 

plant health and productivity, as phenotype is a strong indicator of plant health.  

Furthermore, plant phenotyping plays an essential role in plant breeding programs due to 

the relationship between phenotype, genotype, and environment which can be expressed as; 

𝑃ℎ𝑒𝑛𝑜𝑡𝑦𝑝𝑒 = 𝐺𝑒𝑛𝑜𝑡𝑦𝑝𝑒 + 𝐸𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡 + (𝐺𝑒𝑛𝑜𝑡𝑦𝑝𝑒 ×  𝐸𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡)                         

(2.1) 

The use of the terms “genotype” and “phenotype” and the description of their relationship can be 

traced to Wilhelm Johannsen, a Danish plant physiologist, beginning in 1909 (Wanscher, 1975). 

With accurate phenotypic and environmental information, plant breeders can take advantage of 

this relationship to understand the underlying genetics of the populations they work with. By 

combining genotypic and phenotypic information, it is sometimes possible to identify the gene or 

genes responsible for a given phenotype (Lande and Thompson, 1989; Cardon L and Bell J, 

2001; Slavov et al., 2013). Ultimately, high-quality genotypic and phenotypic information enable 

plant breeders to develop and make use of tools such as marker-assisted selection or genomic 

selection. These tools allow the selection of germplasm likely to display a desirable phenotype at 

a very early stage, drastically increasing efficiency in the breeding program (Wang et al., 2019).  



6 
 

 Conventionally, physical phenotypic characteristics commonly collected in a field 

environment such as height, colour, days until maturity, are collected manually by skilled 

personnel (Boote and Sinclair, 2006; Dongwei et al., 2018; Golzarian et al., 2011; Haile et al., 

2019). Manual collection of this information is tedious and time-consuming (Boote and Sinclair, 

2006; Chen et al, 2012a). Traits being collected, as well as the level of accuracy required, dictate 

the amount of effort needed to acquire data for meaningful analysis and interpretation. Forest 

health, for example, can be estimated by visually classifying needle loss into five categories, and 

needle discolouration into four classes (Innes, 1988). While these observations may be made 

relatively quickly with minimal physical effort, there is great potential for variation between 

observers and at different times and locations. Subjectivity between different observers, as well 

as by the same observer over a period of time, can induce large amounts of variation into data 

collected. Innes (1988) notes the main sources of this variation to be affected by observer 

experience, trait observed, observer bias, weather, quality of light, and direction of light relative 

to the observer. While some of this variation may be reduced through training, reference 

material, and incorporation of check varieties, Innes (1988) demonstrated that differences do not 

remain constant and therefore are challenging to account for effectively. Additionally, while 

replication and randomization may be used to statistically reduce some of this variation, 

increased data collection comes at a significant time and likely monetary cost therefore resulting 

loss of efficiency in the research program. It is therefore desirable to collect this data in a matter 

which increases consistency and reliability without the need for human observers. 

Structural traits such as height, lodging, biomass and branching/tillering are frequently 

collected in plant research programs (Haile et al.; 2019, Xinhua et al., 2011) for analysis as well 

as general characterization and variety registration (Canadian Food Inspection Agency, 2019). 

These traits are easier to quantify, and therefore may be less affected by observer subjectivity. 

However, their collection tends to be very tedious and time-consuming. Height is conventionally 

collected by manually measuring height from the ground to the top of the plant or a specified 

location (Tullu et al., 2008). Branches and tillers may simply be counted. Biomass quantification 

adds a further level of complexity, because material needs to be collected and removed from the 

field to be dried prior to weighing (Zhang and Flottmann, 2016). The requirement for destruction 

of the biomass sample makes any future field data from that sample impossible to confirm, 

increasing uncertainty of the experimental design by requiring alternatives such as split-plot 
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designs or a number of specific plots destined for destruction and other plots intended for season-

long data collection. Removing material from the field for further analysis also increases the risk 

of mislabelled or lost samples which can complicate analysis and interpretation. 

Structural traits such as height and biomass may be utilized in the calculation of plant 

growth rate. The ability to calculate plant growth rate can allow researches to make several 

predictions regarding plant performance including inter- and intra-specific competitive ability 

(Deng et al., 2012), resource-use efficiency (Villar et al., 2005), and yield potential (Andrade et 

al., 2005; Sadras et al., 2013). As proper evaluation of biomass-based plant growth rate is 

extremely resource-intensive, requiring manual evaluation of plant biomass at multiple time-

points (Villar et al., 2005), various studies have attempted to estimate plant growth rate based on 

parameters such as incident radiation (Andrade et al., 2005) and spectral indices of vegetative 

material (Sadras et al., 2013). As these approaches aim to indirectly evaluate plant growth rate, 

there is high potential for error due to the large amount of environmental variation experienced 

under field conditions (Villar et al., 2005).  

 

2.3 Image Acquisition Platforms 

Numerous sensors and cameras exist that can be utilized for field-level phenotyping 

applications. These sensors can be carried by various platforms in order to efficiently capture 

useful data. Each platform has its own strengths and weaknesses, and it is essential that platform 

selection thoroughly considers all requirements of the research program. In many scenarios, 

multiple platforms may be necessary to best capture all traits of interest.  

 

2.3.1 Ground-Based Platforms 

In its simplest form, ground-based image-acquisition may involve nothing more than a 

person holding a camera for the purpose of image-acquisition. Much more complex approaches 

are well-documented and include sensor-carrying carts pushed by humans (Crain et al., 2016; 

White and Conley, 2013), human-operated vehicles (Busemeyer et al., 2013; Montes et al., 

2011), and autonomous vehicles (Madec et al., 2017; Xu et al., 2018). The cost of these 
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platforms ranges from very low, utilizing off-the-shelf, consumer-grade goods, to very high, 

utilizing top-of-the-line sensors and autonomous guidance systems (Madec et al., 2017).  

Generally, ground-based platforms are very stable due to their relatively slow rate of travel and 

the potential to include advanced stabilization systems (Andrade-Sanchez et al., 2013). 

Additionally, due to their close proximity to vegetation being inspected, extremely high spatial 

resolution is possible when compared with other field-level platforms. While size and weight are 

important considerations with regards to adverse soil conditions such as mud, soil compaction, 

plant damage, power requirements, and general ease-of-use, self-propelled ground-based 

platforms do not significantly limit sensor weight and dimensions. Therefore, multiple sensors 

can often be combined on a single ground-based platform to provide a large amount of high-

resolution data (Jimenez-Beril et al., 2018). Pushcart-type platforms are more restrictive of 

sensor size and weight due to the manpower requirement to move the platform through the field. 

Weight can rapidly accumulate as multiple and higher-resolution sensors are added due to the 

requirement for additional data storage and power supply provisions.  

One of the most important considerations for ground-based phenotyping platforms is the 

amount of time required for data collection of an entire experiment. As the environment 

surrounding the phenotyping platform is constantly changing, sensors may detect changing 

information unrelated to the crop phenotype being evaluated. This may be due to air movement, 

changes in incident light quality or quantity, or temperature fluctuations. These environmental 

fluctuations must be accounted for and corrected for in order to produce accurate and consistent 

data (Araus and Cairns, 2014).  

A major drawback of ground-based platforms is their potential interference with crop 

growth and development. Because of their design, many ground-based platforms operate within a 

few centimeters of the plant material being observed. When plants are small early in the growing 

season, impact to plants may be minimal. However, as plants growth though the season, some 

machine designs in certain crops are likely to either have a significant impact on plants observed, 

or will not be capable of data collection past a certain plant size (Andrade-Sanchez et al., 2013). 

Effects on plant growth and development may result from the machine physically touching plant 

material, or due to soil compaction affecting soil water mobility and root growth (Ma et al., 

2013). Despite these challenges, there are several occasions where ground-based platforms have 
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been successfully utilized to collect plant traits in high throughput applications (Jimenez-Beril et 

al., 2018; Yuan et al., 2018a; Khan et al., 2018; Haghighattalab et al., 2016; Comar, 2012; 

Andrade-Sanchez et al., 2013; White and Conley, 2013). 

 

2.3.2 Cable, Crane, and Gantry-Based Platforms 

Various platforms exist which suspend sensors above crop research trials for the purpose 

of high-throughput phenotyping. These platforms have many benefits over ground-based and 

aerial-based systems. As their footprint is outside of the field environment, field conditions 

which may limit operation or cause damage to the research trial have no impact on operation 

(Kirchgessner et al., 2016). These systems cause minimal impact to the research trial as it is not 

in contact with the crop or nearby soil. They are not significantly impacted by weather 

phenomena, and data collection can generally be performed under normal growing conditions 

(Kirchgessner et al., 2016). While payload size may be somewhat restricted by engineering 

limitations, sensor size and weight restrictions are generally much less limited than with other 

platform types (Kirchgessner et al., 2016). Because of this, several high-quality sensors may 

operate concurrently, providing data with extremely high spatial and spectral resolution (Virlet et 

al., 2017). NU-Spidercam is an example of a fixed system consisting of a sensor platform 

suspended by pole-mounted cables. The platform is capable of operating with a payload up to 30 

kilograms, with sensors typically outfitted to evaluate canopy temperature, vegetation indices 

(VI), and plant architectural characteristics (Bai et al., 2019). Field Scanalyzer is a gantry-based 

platform with a payload capacity of 500 kg (Virlet et al., 2017; LemnaTec GmbH). 

 In addition to payloads located on the machine, suspended platforms typically include 

on-site control rooms with essentially unlimited capacity for housing instruments and system-

related equipment. Because suspended systems are generally permanently fixed in location, 

research trial size is limited by the size that the system is able to cover as well as by requirements 

for proper crop rotation and fallow periods (Virlet et al., 2017). Additionally, long-lasting effects 

of treatments such as disease inoculation, herbicide application, and soil alterations must be 

considered. Careful planning is also required for field maintenance activities, as overhead 

machinery is a serious consideration for equipment and workers in the field (Kirchgessner et al., 

2016).  
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2.3.3 Aerial Platforms 

Aerial platforms include tethered balloons, blimps, satellites, manned aircraft, and 

unmanned aerial vehicles (UAVs) (Deery et al., 2016). Aerial platforms are generally able to 

cover an area more rapidly than other platforms because a larger area can be effectively captured 

in a single image, and because many aerial platforms such as UAVs and manned aircraft are 

capable of travelling much more quickly than ground-based units. 

Due to a larger distance between the camera and the subject, a larger ground sample 

distance (GSD) and lower spatial resolution results when comparing similar sensors on aerial 

platforms to ground-based sensors. GSD describes the ground area portrayed in a single image 

pixel, and is an important consideration for remote sensing due to the potential loss of 

information associated with high GSD (Felipe-Garcia et al., 2012). This is especially relevant in 

small-plot research, as a single pixel from satellite imagery may be significantly larger than an 

entire plot, making it impossible to accurately interpret plot-level information (Pettorelli et al., 

2005). The maximum acceptable GSD will depend on the size of the smallest object that must be 

identified and what procedures are used to identify the object of interest (Neumann, 2008). While 

satellites and manned aircraft can rapidly acquire imagery for many large-scale endeavors 

including ecological, geological, and commercial agricultural mapping (Duveiller and Defourny, 

2010), GSD tends to be excessively large to meet application requirements at a plant research 

scale. A single pixel from satellite imagery can range from a few meters to several thousand 

meters, depending on which satellite and sensor was utilized (Pettorelli et al., 2005). 

Additionally, water vapour and particulate matter in the atmosphere can have a significant effect 

on light scattering, resulting in difficulties obtaining accurate indices-based information from the 

large distances associated with satellites and high-altitude manned and unmanned aircraft flights 

(Gao, 1996). 

Many previous studies have utilized manned aircraft as a platform for various sensors 

with the goal of rapid information gathering of general crop health. Elliot et al. (2007) utilized a 

manned fixed-wing aircraft at an altitude of 610m above ground level as a platform for a 

multispectral camera observing 3m × 3m wheat plots and was able to identify crop damage based 

on Normalized Difference Vegetation Index (NDVI) calculations. Each plot in the study 

contained approximately 100 pixels, which was sufficient for the indices-based crop health 
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approximation desired. Deery et al. (2016) utilized a manned helicopter as a platform for an 

airborne thermography study in canola and pea plots. As helicopters generally have greater 

maneuverability and are capable of operating at lower speeds than fixed-wing aircraft, the study 

was able to produce repeatable results based on thermal imagery data collected from altitudes of 

60m-90m without significant risk to the pilot or excessive craft-induced downwash resulting in 

crop movement.  

Small UAV’s have many advantages over manned aircraft. Purchase and operating costs 

are generally much lower than for manned aircraft. They are typically capable of take-off and 

landing at the research location and do not require specialized take-off and landing zones such as 

airports. While special certifications and permissions are required for the operation of UAV’s for 

research and business in Canada, they are generally much more easily attained than for the 

operation of manned aircraft (Government of Canada, 2019). Most small UAVs are capable of 

flying at extremely low altitudes, with limitations imposed only by crop movement resulting 

from craft-imposed downwash. Low altitude operation, between approximately 5 m to 50 m 

above ground level, can allow sufficiently low GSD to produce high-resolution imagery capable 

of distinguishing fine crop details with negligible atmospheric effect on light-scattering 

(Rasmussen et al., 2016). Large UAVs capable of very high-altitude operation for longer 

duration flights and with higher payload capacities than small UAVs may offer imagery similar 

to manned aircraft or satellites, but at lower operating costs (Herwitz et al., 2002). The maximum 

altitude a UAV can be legally operated in Canada without special authorization is 122 m above 

ground level (AGL) (Government of Canada, 2019), which is sufficient to allow very rapid 

collection of medium-resolution imagery for a variety of commercial agricultural uses. As GSD 

will depend on camera resolution, a higher resolution camera may be carried to a higher altitude 

while still producing sufficient GSD for useful analysis.  

A variety of UAV designs are available, including fixed-wing crafts, blimps, helicopters, 

and multicopters, or crafts with multiple rotors. Blimps, being lighter than air, allow stable and 

energy-efficient platforms that may cause less disturbance to plants when operated at extremely 

low altitudes close to the canopy surface. Depending on their size, they can have significant 

payload capacities enabling multiple sensors to be carried at once (Inoue et al., 2000). However, 

the large craft size required to carry such payloads may be prohibitive for use in multiple field 
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locations. Because of their size and shape, blimps are also difficult to control in windy conditions 

(Sankaran, et al., 2015). Helicopters and multicopters are capable of vertical take-off and landing 

(VTOL), reducing the space required for operation. Additionally, they are capable of hovering 

which may allow more stable images at specific locations with reduced motion blur compared to 

fixed-wing UAVs and manned aircraft (Sieberth et al., 2014). Fixed-wing UAVs, however, tend 

to fly at higher speeds and be more energy-efficient, allowing longer endurance and therefore 

more productive data collection missions. Due to their simpler construction, they are less prone 

to mechanical failure and may even be able to continue gliding to a safe landing location in the 

event of a propulsion system failure (Senthilnath et al., 2017). Multicopters and helicopters, in 

contrast, tend to undergo significant damage when mechanical failures occur at altitude. 

Operators typically control UAVs with radio-based control systems, and in Canada are 

legally responsible for safe operation and separation from other air traffic throughout the flight 

(Government of Canada, 2019). Autonomous or semi-autonomous flight may be possible with 

UAVs containing on-board navigation systems. These systems may include Global Positioning 

System (GPS), global navigation satellite system (GLONASS), cellular network towers, or 

various other radio navigation methods (Miko et al., 2013). Using on-board navigation systems, 

the UAV can be controlled along a pre-planned flight plan without the need for operator inputs 

throughout the flight, enabling a high degree of accuracy along the ground while reducing the 

workload of the operator. 

 

2.4 Image Acquisition Sensors 

Various sensors can be utilized on high-throughput phenotyping platforms. Significant 

consideration should be expended on sensor-selection when designing a high-throughput 

phenotyping platform due to the wide variation of cost, durability, and ability of various sensors 

to identify relevant traits in crop research plots.  
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2.4.1 Digital Photogrammetry Utilizing Consumer-grade Cameras 

Digital photographic images may be captured using consumer or professional-grade 

cameras and sensors. The ability to utilize cameras from the consumer market is especially 

desirable due to their relatively low cost compared with scientific or industrial-grade sensors 

such as Light Detection and Ranging (LiDAR) or hyperspectral sensors. Consumer-grade Red-

Green-Blue (RGB) cameras capture red, green, and blue bands of the visible light spectrum and 

are commonly utilized because of their low cost, availability, and high spatial resolution 

(Rasmussen et al., 2016). Additionally, these cameras can easily be converted to collect near 

infrared (NIR) bands which may be useful in the calculation of various vegetation indices 

(Lelong, 2008).  

Structure from Motion (SfM) allows the interpretation of an object’s structure from a 

series of 2-D images which capture the object of interest from different points of view (Ullman, 

1979). The use of SfM algorithms for the purpose of crop phenotyping are becoming 

increasingly popular with proven potential for the identification of plant structural and 

architectural traits (Holman et al., 2016). While this approach does not require specific spectral 

bands, it does require high-resolution imagery in order to allow highly-detailed structural 

analysis. Consumer RGB cameras and converted consumer RGB cameras are therefore very 

useful because they are able to provide cost-effective high-resolution imagery for 3-D structural 

analysis of research plots, as well as basic spectral information that can be utilized for the 

calculation of various VIs. Sun et al. (2018) found relatively high coefficients of determination 

between LiDAR-derived volume of cotton (Gossypium spp.) and crop yield using similar 

methodology to the present study, suggesting both LiDAR and SfM techniques have utility in 

measuring volume for the purpose of biomass and yield estimation. 

 

2.4.2 Hyperspectral Sensors 

Hyperspectral sensors collect a greater number of narrower bands than multispectral 

sensors. Generally, data is considered to be hyperspectral if it contains greater than 7 bands 

(Yang and Everitt, 2011), and may contain well in excess of 100 bands. Previous studies have 

utilized hyperspectral sensors for evaluation of various crop research-based parameters including 
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disease quantification (Muhammed, 2005), crop residue identification (Yue et al., 2019), yield 

estimation (Yang and Everitt, 2011), crop stress detection and identification (Estep et al., 2004), 

and herbicide damage (Huang et al., 2016). While hyperspectral imaging has a high level of 

demonstrated potential for rapid phenotyping of various plant traits with a high level of accuracy 

(Ge et al., 2016), equipment required to collect hyperspectral imagery is generally significantly 

more expensive than more simple sensor options (Proctor and He, 2015). Additionally, a 

significant proportion of hyperspectral imagery tends to be entirely unused in analysis (Yang and 

Everitt, 2011). This results in an unnecessary requirement for large data storage solutions, further 

increasing the costs and weight associated with hyperspectral data collection. While 

hyperspectral sensors can be utilized on most high-throughput phenotyping platforms, their 

weight, increased GSD, and cost often limit their use on UAVs (Proctor and He, 2015). 

 

2.4.3 Multispectral Sensors 

Sensors capturing 3-7 relatively wide spectral bands are generally considered to produce 

multispectral imagery (Yang and Everitt, 2011). Several commercial manufacturers produce 

multispectral cameras for crop analysis, including Micasense (Seattle, USA), Hiphen (Avignon, 

France), and Tetracam (Chatsworth, USA), among others. These specialized cameras are 

generally quite light-weight and durable, and are frequently utilized on various ground and 

aerial-based phenotyping platforms. Some manufacturers are able to provide customized sensors 

to obtain specific spectral data based on the needs of the user. In many instances, it is likely that 

once relevant bands have been identified from hyperspectral data for a specific purpose, a 

customized multispectral sensor may be used in future, applied applications (Calvini et al., 2017; 

Yang and Everitt, 2011; Mewes at al., 2009). While the high cost and relatively low spatial 

resolution of multispectral cameras relative to consumer-grade RGB cameras is a major 

drawback, the increased spectral resolution available from multispectral and hyperspectral 

sensors is highly valuable to many applications. Increased spectral resolution can allow 

identification of subtle differences between experimental treatments either on a single spectral 

band or through calculation of various spectral indices.  

Multispectral sensors have significant, demonstrated potential for use in high-throughput 

plant phenotyping systems on various platform types. Multispectral cameras are frequently 



15 
 

utilized on UAV-based platforms because of their desirable compromise between spatial 

resolution, spectral resolution, weight, and cost. Various studies to date have utilized 

multispectral imagery in plant breeding programs to provide relevant information to plant 

breeders in applied plant breeding programs (Sankaran et al., 2018; Haghighattalab et al., 2016) 

 

2.4.4 Thermal Detection 

Canopy temperature can give insight into differential tolerance to drought and heat stress 

among genotypes (Maleki et al., 2014). As water potential and turgor pressure decrease due to 

drought stress, stomata close and the rate of transpiration decreases (Blum et al., 1983) leading to 

reduction in plant growth rate (Gonzalez-Dugo et al., 2019). Therefore, identification of 

genotypes capable of maintaining low canopy temperatures under heat and drought stress is 

important for identification of germplasm with high yield potential under such stresses. 

Canopy temperature may be quantified using infrared (IR) thermometers or from thermal 

cameras (Hoffmann et al., 2016; Gonzalez-Dugo et al., 2019; Kumar and Tripathi, 1990). As IR 

thermometers are cheap, lightweight, and durable, they can quite easily be integrated into 

ground-based phenotyping platforms to obtain plot-level canopy temperature readings. Thermal 

cameras have a larger field of view than IR thermometers, and are ideal for comparing multiple 

plots at a single moment in time to identify differences in canopy temperature among genotypes 

(Gonzalez-Dugo et al., 2019). For the analysis of large areas while maintaining high resolution, 

multiple thermal images may be stitched together into an orthomosaics (Gomez-Candon et al., 

2016). 

 

2.4.5 Light Detection and Ranging 

LiDAR is able to identify surface points by calculating the time of flight for laser pulses 

travelling between the sensor and the target, and back to the sensor (Chen et al., 2012b). With 

enough points relating to the surface of an object, structural information can be deduced and a 

virtual representation of the object can be created. Measurements can then be made on the virtual 

structure. LiDAR has been previously utilized on ground-based (Madec et al., 2017) and aerial-
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based (Brede et al., 2017; Hill et al., 2014) platforms for height quantification in crop plots as 

well as for forest evaluation.  

Wallace et al. (2016) compared the capability of airborne laser scanner (ALS)-derived 

point clouds to SfM-derived point clouds produced using a consumer-level digital camera. While 

the forest structure study found ALS point clouds to provide more accurate tree height and 

groundcover information, it concluded that SfM was an adequate method for measuring forest 

structural parameters. SfM is highly desirable for high-throughput phenotyping applications, 

especially when utilizing UAV platforms, because lightweight high-resolution cameras can be 

obtained for low costs when compared with LiDAR sensors. Additionally, SfM-derived point 

clouds may be derived from imagery obtained by a consumer or scientific-grade multispectral or 

single-band camera, enabling a single sensor on a single flight to obtain both 3-D and spectral 

information.  

 

2.5 2-Dimensional Overhead Image Analysis of Plant Groundcover and Biomass 

Estimation 

Data useful to plant scientists can be extracted from the spectral information contained in 

relatively simple 2-D imagery of the crop being investigated. Chappelle and Kim (1992) 

identified low reflectance in soybean (Glycine max) in the visible light range, which is 

approximately 400 to 700 nm. Gausman (1977) identified high reflectance of near-infrared 

radiation due to scattering by cellular sub-structures. Condit (1970) shows that soils tend to 

produce a relatively consistent increase in reflectance with longer wavelengths generally 

reflecting a higher proportion of radiation. Dry soils are generally more reflective than moist 

soils, but this increase is relatively consistent across the visible and NIR spectrum. Daughtry et 

al. (1996) suggests that crop residues and soil follow similar spectral trends and can be difficult 

to distinguish from one-another. Collectively, this information can be utilized in a model to 

identify various parameters of plant growth, health, and productivity potential. 

Various indices which capitalize on the unique spectral differences between vegetation 

and non-vegetative material may be calculated and used to differentiate between plant material 

and non-plant materials such as soil and straw. These indices, such as normalized difference 
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vegetation index, can be used to differentiate between green plant material and non-plant 

materials. 

  𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅−𝑅𝑒𝑑

𝑁𝐼𝑅+𝑅𝑒𝑑
                                                                                                                       (2.2)                                                          

These indices capitalize on the unique spectral properties possessed by healthy plant material and 

those of non-plant material. Green NDVI and Blue NDVI are variations of NDVI that may be of 

particular use when a converted camera lacking the red band is utilized. 

 𝐺𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅−𝐺𝑟𝑒𝑒𝑛

𝑁𝐼𝑅+𝐺𝑟𝑒𝑒𝑛
                                                                                                                  (2.3) 

𝐵𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅−𝐵𝑙𝑢𝑒

𝑁𝐼𝑅+𝐵𝑙𝑢𝑒
                                                                                                                    (2.4) 

 Normalize Green-Red Difference Indices is useful to identify green vegetation using an RGB 

camera where no NIR information is available. 

𝑁𝐺𝑅𝐷𝐼 =
𝐺𝑟𝑒𝑒𝑛−𝑅𝑒𝑑

𝐺𝑟𝑒𝑒𝑛+𝑅𝑒𝑑
                                                                                                                   (2.5) 

 A large number of indices exist for use in the analysis of vegetation, with many of them 

comparing NIR bands with various portions of the colour spectrum (Hunt et al., 2013).  

A study by Bendig et al. (2015), which attempted to predict barley biomass using spectral 

indices and height information collected by a UAV, was able to achieve reasonably high 

accuracy (R2 =~0.59-0.84). This approach, however, showed reduced effectiveness when applied 

late in the season due to canopy colour changes associated with maturity. A very minor increase 

in accuracy was seen when UAV-based height estimates were included in the calculations. Using 

similar methodology in dry bean, Sankaran et al. (2018) noted increasing correlation between 

area and biomass from early to mid-season data collection but significantly reduced correlation 

during late pod-fill  

Torres-Sanchez et al. (2015) used an object-based image analysis (OBIA) procedure 

utilizing Otsu’s method of thresholding (Otsu, 1979) to determine vegetation parameters, and 

found a poor ability to differentiate between vegetation and soil on some occasions. Otsu’s 

method of thresholding is based on gray-level histograms, and allows unsupervised automatic 

thresholding for the purpose of foreground and background separation. 
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2.6 3-Dimensional Overhead Image Analysis for Biomass Quantification and 

Yield Prediction 

3-D data may be acquired either through digital aerial photography or LiDAR techniques. 

Each offers its own distinct advantages and disadvantages. 

 SfM techniques enable several overlapping images from multiple perspectives to be 

combined into a single 3-D point cloud which, portray the 3-D environment that was captured 

(Snavely, 2007). Various software packages exist to produce 3-D point clouds from multiple 

overlapping 2-D images using this method, including Pix4D and Agisoft Photoscan (Agisoft 

LLC, St. Petersburg, Russia; Doneus et al., 2011; Neitzel and Klonowski, 2011; Pix4D SA, 

Lausanne, Switzerland; Verhoeven et al., 2012). This SfM technique works by automatically 

identifying matching key features among various images. These features are then combined 

automatically by the program in the manner most likely to produce the smallest error. This will 

result in a point cloud with points that are correctly located relative to one-another but lacking 

real-world scale from the scene. True scale information can be incorporated using ground control 

points (GCPs) with an accurate known position, or by identifying each image with GPS 

information (Westoby et al., 2012). 

LiDAR is able to identify surface points by calculating the time of flight for laser pulses 

travelling between the sensor and the target, and back to the sensor (Chen et al., 2012a). By 

determining the relative location of a large number of points, a 3-D point cloud is generated. 

Following the generation of 3-D point clouds, various methods can be used to provide useful 

data for quantification of crop traits. For height estimation, a range of points most-likely to 

correspond with manually-identified canopy height simply needs to be identified. This will 

primarily involve the removal of outliers from data. Outliers may result due to points fully 

penetrating the canopy or points located higher than the actual crop canopy due to non-target 

species or off-types located within the plot. Generally, a specific percentile should be selected 

depending on the crop species examined to provide optimal correlation with manually-collected 

phenotypic measurements (Yuan et al., 2018b). In some cases a tessellation of the 3-D point 

clouds, also referred to as a “mesh,” may be applied to all vegetation points that should be 

included in analysis (Leeper, et al., 2011). This mesh provides a smooth 3-D shape on which 

further analysis on its physical structure may be performed. Several commercial 3-D imagery 
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processing programs are capable of this process. Pix4D software (Pix4D, Switzerland) has built-

in features to identify volume which are user friendly, but designed in favor of large-scale, low 

replication analysis as would be used for applications such as industrial mining stockpile 

estimation or environmental monitoring, among others. The “R” package library “alphashape3d” 

(R Foundation) and Python library “scipy.spatial.ConvexHull” (SciPy Community, 2017) are 

programs that allow the user to apply a mesh to exterior points in a point cloud. While these 

methods may be less intuitive to users not experienced with command line programs, they offer 

potential for more efficient performance that is essential for the repetitive nature of research plot 

analysis. Chen et al. (2012b) identified that outliers within the point cloud can be a significant 

problem. Breunig et al. (2000) identified Local Outlier Factor (LOF) as a potential method for 

identifying and removing outliers. Removing outliers ensures that the mesh is fit to the point 

cloud as accurately as possible, to produce more accurate results. Digital Terrain Models 

(DTMs) and Digital Surface Models (DSMs) can be created from 3-D point clouds for use in 

further analysis (Heurich, 2008). A DSM is a 3-D image representing all vegetation and 

structures (Sole and Valanzano, 1996). A DTM eliminates vegetation and structures and displays 

only the terrain. Therefore, any volume filled by vegetation can be quantified by subtracting 

DTM from DSM (Holman et al., 2016). A study by Torres-Sanchez et al. (2015) utilized a 

similar approach on images collected from a UAV to estimate olive tree volume, and was able to 

predict crown volume successfully. Walter et al. (2018) utilized point clouds created from UAV-

based photogrammetry to predict biomass and yield in wheat plots, with relative success.  
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3.0 Using UAV-based Images to Quantify Crop Growth in Lentil 

3.1 Introduction 

 A wide range of experimental studies aim to quantify various parameters of plant growth 

and development in an efficient and accurate manner in order to determine a treatment-induced 

or genotypic effects on plant growth and development. Oftentimes, as a direct result of time and 

cost constraints, growth parameters collected may be insufficient or minimally acceptable to 

conclusively prove or disprove the biological hypothesis in question. Obtaining accurate 

parameters pertaining to plant growth rate, plant size, and plant development tends to be 

exceptionally difficult due to multiple factors including a large effect of sub-sampling error, 

significant time commitment, subjectivity of evaluators, the need for sequential measurements, 

and requirement for destructive processes. In a large number of plant research trials where the 

quantification of plant size and growth rate would be a useful parameter in analysis and result 

interpretation, it is presumed that these traits are simply not collected due to their prohibitively 

high data-collection time and cost requirements. As an alternative, studies often examine traits 

such as stem length, canopy height, and seed yield as indicators of plant growth rate and 

productivity. 

A UAV platform may be utilized to rapidly collect overhead images of a research trial 

which can be analyzed to produce parameters relating to plant size and growth. By collecting and 

analyzing a series of overlapping overhead imagery of lentil research plots, this experiment was 

designed to produce plot volume and vegetation area parameters. It is expected that these traits 

will be strongly related to traits such as early-season plant vigour (Kipp et al., 2014), 

groundcover, and plant biomass and as such, may be used as a high-throughput proxy for in-field 

measurements. With reduced peak-season time commitments to non-destructively collect this 

trait information, it is presumed that numerous research programs would realize a great deal of 

value from these procedures.  

While 2-D analysis has been used to effectively determine groundcover in various crops 

(Calera et al., 2001; Duan et al., 2017), it was hypothesized that as the crop continued to increase 

in height and density, as well as change in architecture, a 3-D analysis approach would be able to 

produce more accurate and robust biomass estimations in lentil plots. 3-D analysis allows 

variably in plant architecture to be identified and accounted for independently of other factors, 
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rather than relying on assumptions of plant architecture and shape as is required when utilizing 

2-D analysis approaches. Experiments by others have evaluated the utility of 3-D analysis 

techniques for agricultural research (Torres-Sanchez et al., 2015, Neumann et al., 2015, Wallace 

et al., 2016) but limited literature is currently available examining 3-D analysis on crops similar 

in both size and architecture to lentil for the purpose of volume estimation.  

 

3.2 Materials and Methods 

3.2.1 Germplasm  

The material utilized was derived from the lentil diversity panel from the Application of 

Genomic Innovation in the Lentil Economy (AGILE) trial (Haile et al., 2019). The lentil diversity 

panel consisted of 324 lentil genotypes planted in 1 m2 microplots. These genotypes included 

various cultivars and landraces from the Mediterranean, South Asian, and temperate climactic 

zones. A diverse subset of six genotypes from this panel were selected for biomass and high-

throughput phenotyping analysis. The subset was selected specifically based on diversity of 

biomass, canopy height, plant architectural traits, and groundcover. Genotypes included in the 

study were: CDC Asterix, CDC Cherie, CDC Redcoat, ILL 7716, ILL 9888, and PI 490288 LSP. 

In Rosthern 2018, CDC Asterix was omitted and only five genotypes were analyzed due to an 

error at the time of seeding.  

 

3.2.2 Experimental Design 

The trial was arranged in a Randomized Complete Block Design (RCBD) with three 

replicates separated by a single range of pea plots (Figure 3-1). Each microplot was seeded at a 

rate of 70 seeds per plot and was approximately 1m2 consisting of three rows. No fertilizer or 

inoculant was applied at the time of seeding. Five site-years were observed with locations at 

Rosthern and Kernen Research Farm in 2017 and at Rosthern, Kernen Research Farm, and 

Nasser Farm in 2018 (Table 3-1). Weeds were manually controlled to ensure weed-free imagery 

and biomass samples, and to eliminate interspecific competition. Soil condition at the time of 

seeding, soil texture, and soil classification are shown in Table 3-1. Six plots of each genotype 
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were established per replication to allow whole-plot biomass analysis approximately once every 

two weeks throughout the growing season (Figure 3-1).  

 

Figure 3-1: Overhead image of the trial layout taken with a Sony α5100 24.3MP camera, 

converted to utilize NIR, green, and blue channels to enable calculation of NDVI, within 2h prior 

to biomass sampling. Six diverse lentil genotypes were grown in a Randomized Complete Block 

Design (RCBD) with three replicates at five site-years. Each replicate is separated by a row of 

pea plots. Whole-plot biomass was measured approximately every two weeks throughout the 

growing season resulting in elimination of select plots.  

 

Table 3-1: Site location and soil information for all site-years of data collection (SKSIS Working 
Group, 2018).  

 

 

 

 

 

Site-Year GPS Coordinates Soil Surface Texture Soil Classification Seedbed Condition

Sutherland 2017 52°10'12.4457"N, -106°30'39.9089"W Clay Orthic Dark Brown Chernozem CH minimum till

Nasser 2017 52°09'53.2956"N, -106°30'45.9547"W Clay Orthic Dark Brown Chernozem CH dry, cultivated

Rosthern 2017 52°41'27.5423"N, -106°17'25.5372"W Very Fine Sandy Loam Orthic Black Chernozem CH minimum till

Nasser 2018 52°09'50.7261"N, -106°30'36.4198"W Clay Orthic Dark Brown Chernozem CH dry, cultivated

Rosthern 2018 52°41'16.7208"N, -106°18'04.0860"W Very Fine Sandy Loam Orthic Black Chernozem CH minimum till
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3.2.3 Field Data Collection 

Whole-plot biomass was measured by cutting all above-ground material at ground-level 

on an approximately bi-weekly basis. Canopy height was measured at each plot immediately 

prior to destructive sampling by placing a measuring stick vertically in a representative interior 

portion of each plot and measuring the height of the canopy without manipulating any vegetative 

material. Leaf area was measured using a LI-COR LI-3100 (LI_COR Biosciences, Lincoln NE, 

USA) area meter at Nasser 2017, Sutherland 2017, and Nasser 2018. To do this, a sub-sample of 

three representative plants was randomly collected during whole-plot biomass collection and leaf 

area was measured immediately following transportation to the lab. Individual leaflets were 

flattened and fed into the leaf area meter, with the value for each complete plant being recorded 

and utilized in further analysis. Leaf area measurement collection was concluded once plants had 

senesced and no photosynthesizing material remained. Plants were collected for biomass analysis 

within the 24 hours prior to overhead images being collected. Data collection was targeted to 

occur every 14 days. Flight delays occasionally occurred due to poor weather conditions or 

mechanical issues, which delayed biomass collection as well. Wet weight biomass and leaf area 

were measured within two hours of collection. Samples were then dried at 71 oC for 72 hours or 

until oven moisture was below 2 %. Dried samples were weighed immediately following 

removal from the drying oven. Growing degree days (GDD) were calculated at each trial 

location using hourly-recorded temperature data collected from respective trial locations. The 

equation used to describe GDD was: 

 𝐴𝑐𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑒𝑑 𝐺𝐷𝐷 = ∑[(
𝑇𝑀𝐴𝑋+𝑇𝑀𝐼𝑁

2
) − 𝑇𝐵𝐴𝑆𝐸]                                                                    (3.1) 

where 𝑇𝑀𝐴𝑋 is the maximum recorded daily temperature, 𝑇𝑀𝐼𝑁 is the minimum recorded daily 

temperature, and 𝑇𝐵𝐴𝑆𝐸 is assumed minimum temperature where growth occurs. For this 

experiment, 𝑇𝐵𝐴𝑆𝐸 of lentil was assumed to be 5ºC (Alba, 2019; Neupane, 2019). If  𝑇𝑀𝐴𝑋 or 

𝑇𝑀𝐼𝑁 were less than 𝑇𝐵𝐴𝑆𝐸,  they were considered to be zero as described by McMaster and 

Wilhelm (1997). GDD accumulation was considered to begin on the date of seeding. Climactic 

data for trial locations shown in Table 3-2 indicates that temperatures in both years of the study 

were relatively similar to the historical average, and that precipitation was below the historical 

average in both years of the trial.  
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Table 3-2: Climactic information at Rosthern and Kernen research trial locations in 2017 and 
2018 (Environment Canada, 2018). 

Mean Temperature (ºC)   Mean Precipitation (mm) 

Location Month 2017 2018 

Historical 

Average 2017 2018 

Historical 

Average 

Kernen Crop 

Research Farm 

(Saskatoon) 

May 11.6 14.1 11.2 56.0 36.4 34 

June 16.0 17.1 15.8 47.8 15.8 64 

 July 19.3 18.7 18.5 32.4 52.6 54 

 August 17.8 17.1 17.6 30.0 27.0 44 

  TOTAL - - - 166.2 132.0 196 

Rosthern May 11.0 13.6 10.8 51.2 28.5 40 

 June 15.3 16.8 15.6 39.4 28.4 66 

 July 18.7 18.0 18.3 29.0 60.9 65 

 August 17.1 16.1 17.2 27.6 34.6 53 

  TOTAL - - - 147.1 152.0 224 

 

 

3.2.4 Image Acquisition 

UAVs were utilized as rapid overhead image collection platforms. Two DraganFly UAVs 

(Draganfly Innovations, Saskatoon, SK, Canada); one Draganflyer X4-P model and one 

Draganflyer Commander model (Figure 3-2), were used interchangeably to collect images. Both 

UAVs were quadcopters outfitted with a gimbal-stabilized camera mount designed to accept 

various cameras.  
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Figure 3-2: Draganflyer Commander carrying a gimbal-mounted high-resolution consumer 

grade camera, one of the UAV’s used to capture in season images of lentil field plots.  

Most images were collected using either a consumer-grade 24.3MP Sony α5100 series 

camera (Sony Corporation, Minato, Tokyo, Japan) or with a consumer-grade 20.1MP Sony QX1 

series camera (Table 3-3). Both were converted to utilize NIR, green, and blue channels. On two 

flight dates in this study, a 20.1MP Sony RX100MIII capturing red, green, and blue bands was 

utilized due to technical issues with the converted cameras (Table 3-3). As the NIR band was not 

available, different indices were required to determine vegetation area. Trends in data suggest 

that the use of a different camera on the final flight had a negligible effect on the volume and 

groundcover estimations. Ground sample distance for each potential camera and altitude 

combination is shown in Table 3-3. 

 𝐺𝑆𝐷 =
𝑆𝑒𝑛𝑠𝑜𝑟 𝑃𝑖𝑥𝑒𝑙 𝑆𝑖𝑧𝑒 × 𝐴𝑙𝑡𝑖𝑡𝑢𝑑𝑒

𝐹𝑜𝑐𝑎𝑙 𝐿𝑒𝑛𝑔𝑡ℎ
                                                                                                (3.2)  
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Table 3-3:  Ground Sample Distance (GSD) of each camera/altitude combination used 

throughout the experiment. 

Camera (lens, focal length, f-stop) Altitude (m) Ground Sample Distance (mm) 

Sony RX100MIII 20.1MP  15 4.1 

(24-70mm, 8.8mm, f/1.8-2.8) 20 5.5 

Sony QX1 20.1MP 15 5.3 

(16mm, 24mm, f/2.8) 20 4.0 

Sony α5100 24.3MP 15 4.9 

(16mm, 24mm, f/2.8mm) 20 3.7 

 

Take-off and landing of the UAV was executed manually by the pilot, but the image 

acquisition portion of flights was performed utilizing a pre-programmed flight plan created with 

DraganFly Surveyor software. The Surveyor software automatically produces a flight plan with 

optimum speed and routing to obtain operator-prescribed parameters including altitude, image 

overlap, and GSD. Images were collected from a nadir perspective with the payload saddle in 

surveyor mode. Flight altitude was set either to 15m or 20m to allow relatively low GSD 

providing high-resolution imagery (Table 3-3). Image overlap was maintained at 70 % or greater 

to allow orthomosaic and 3-D point cloud development. Permanently placed reference targets 

with a known location measured using a Trimble 5800 model R8 real time kinematic (RTK)-

corrected GPS system were located within each trial. At Rosthern, a Trimble (Sunnyvale, 

California, U.S.A) GeoXT – GeoExplorer 2008 series GPS was used.  

 

3.2.5 Image Processing 

Images acquired from the UAV platform were first converted to tagged image file format 

(TIFF) using Adobe Photoshop version CC 2018 (Adobe, www.adobe.com). Stitched 

orthomosaics (Figure 3-1) and 3-D point clouds (Figure 3-3) were then produced for each 

location and flight-date using Pix4D software Version 4.3.3.1 (SA, Lausanne, Switzerland, 2018) 

following the workflow shown in Figure 3-4. 
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Figure 3-3: Sample of a three-dimensional point cloud generated from overlapping UAV images 

using Pix4-D software. 
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Figure 3-4: Overhead image analysis protocol utilized to quantify vegetation area and volume 

based on overhead images. 
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3.2.6 Image Analyses 

3.2.6.1 2-Dimensional Analyses  

2-D analysis was utilized to determine the area of ground covered by vegetation as 

viewed from a nadir perspective. ArcGIS software version 10.4.0.5524 (ESRI, 2015) was 

utilized first for plot segmentation by manually creating bounding polygons on a 2-D 

orthomosaic around each plot, then to apply indices to identify plant material from non-plant 

material (Figure 3-4). gNDVI (Equation 2.3) was quite effective in identifying green pixels while 

eliminating shadows and other non-green material (Table 3-4). On some image dates (Table 3-5), 

bNDVI (Equation 2.4) was determined to be a better basis for green pixel identification based on 

visually-observed indices characteristics. On biomass sample 6 at Sutherland 2017, only RGB 

imagery was available so NGRDI (Equation 2.5) was utilized. Rasmussen et al. (2016) suggested 

that the use of NGRDI compared with NDVI did not significantly inhibit the ability to assess 

green vegetation. Therefore, for the purposes of quantifying ground covered by green vegetation 

in this study bNDVI, gNDVI, and NGRDI were considered to produce equivalent results as 

indices selection and threshold value selection was determined independently at each image 

analysis timepoint. Once indices were calculated, thresholds were applied to eliminate all non-

green pixels from the image. Thresholds were determined by user-based visual inspection on 

each imaging date. By manually determining thresholds, the present study had high success in 

separating vegetation from non-vegetative backgrounds such as soil and crop residue. To 

compare with standardized threshold values, the average threshold value from all site-years and 

image dates as well as the average threshold value from Nasser 2018 were determined and 

compared with independently selected threshold values at Nasser 2018 (Table 3-4). Nasser 2018 

was chosen as an average trial location representative of all site-years. A reduced ability to 

differentiate vegetation from background materials such as soil and crop residue, especially 

when compared to the average of thresholds applied to all site-years, was identified. Although 

indices results were highly correlated between individually determined thresholds for each date 

and the average of thresholds applied to Nasser 2018, the averaged threshold appears to 

underestimate early-season vegetation area and overestimate mid-season vegetation area based 

on visual comparison of threshold results (Table 3-4). While early and mid-season vegetation 

pixels were separated from background pixels relatively easily due to a large contrast between 
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pixel value, vegetation was much more difficult to accurately separate from background material 

due to crop senescence and corresponding loss of chlorophyll. As a result, a small difference in 

threshold values applied to late-season imagery had potential to dramatically change the 

vegetation area value. Therefore, data for further analyses were derived from independently 

determined threshold values as this method was determined to most accurately quantify 

vegetation area. Pixel count and calculated green pixel area were then determined for each plot 

using the raster calculator in ArcGIS based on pixels categorized as being representative of 

vegetation. These values were then used in further analysis, negating variance between actual 

indices values calculated. Rasmussen et al. (2016) observed the stitching process of Pix4D to 

have an effect on NDVI values at high altitudes greater than 30 m above ground level in cloudy 

conditions but did not affect NDVI values at lower altitudes below 30 m in sunny or cloudy 

conditions as this study utilized. Therefore, the effect of altitude on NDVI value in this study was 

considered negligible. 

Table 3-4: The application of a standard threshold for all image dates was compared with the 

application of a custom threshold manually determined for each image date. The average of all 

gNDVI threshold values visually determined for individual image dates (custom threshold) 

across all site-years and across all data collection dates at Nasser 2018 were calculated and 

applied as standard thresholds at Nasser 2018.  Correlation between the custom and standard 

threshold values for green pixel area were calculated to compare their ability to accurately 

quantify vegetation area.  
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Table 3-5: Biomass sampling dates, flight details, and indices selected for analysis for each site-

year.

 

 

 

3.2.6.2 3-Dimensional Analyses 

3-D point clouds were generated utilizing the “point cloud and mesh” option of Pix4D 

software. 3-D volume was then analyzed using the volume estimation function of Pix4D 

software (Pix4D Support, 2019). This tool involves a calculation comparing the digital surface 

model (DSM) and digital terrain model (DTM) from a particular imaging date. Volume 

information is extrapolated from DSM and DTM information within this manually specified area 

for each plot by applying a grid based on GSD spacing and determining the volume of each 

selected cell. Base height of the selected region is derived from the altitude of each user-selected 

vertex. Plot-bounding polygon vertices were determined manually on a plot-by-plot basis to 

contain the plot as precisely as possible using the total volume of the selected region as the sum 

of the volume of each cell within the selected region. 

 

 

Sutherland 2017 Nasser 2017 Rosthern 2017 Nasser 2018 Rosthern 2018

Seeding Date 2017-05-04 2017-05-30 2017-05-15 2018-05-18 2018-05-11

Sample Date 2017-06-06 2017-06-25 2017-06-12 2018-06-13 2018-06-19

Collection #1 Spectral Channels NIR-G-B NIR-G-B NIR-G-B NIR-G-B NIR-G-B

Altitude 15m 15m 15m 15m 15m

Indices Calculated (threshold) GNDVI (0.12) GNDVI (0.11) GNDVI (0.21) GNDVI (0.14) GNDVI (0.18)

Sample Date 2017-06-19 2017-07-05 2017-06-28 2018-06-27 2018-06-28

Collection #2 Spectral Channels NIR-G-B NIR-G-B NIR-G-B NIR-G-B NIR-G-B

Altitude 20m 20m 15m 15m 20m

Indices Calculated (threshold) GNDVI (0.12) GNDVI (0.12) BNDVI (0.19) BNDVI (0.17) BNDVI (0.23)

Sample Date 2017-07-05 2017-07-19 2017-07-12 2018-07-10 2018-07-05

Collection #3 Spectral Channels NIR-G-B NIR-G-B NIR-G-B NIR-G-B NIR-G-B

Altitude 20m 20m 15m 15m 20m

Indices Calculated (threshold) GNDVI (0.30) GNDVI (0.34) BNDVI (0.20) BNDVI (0.20) BNDVI (0.25)

Sample Date 2017-07-19 2017-08-04 2017-07-26 2018-07-26 2018-07-19

Collection #4 Spectral Channels NIR-G-B NIR-G-B NIR-G-B NIR-G-B NIR-G-B

Altitude 20m 20m 15m 15m 20m

Indices Calculated (threshold) GNDVI (0.19) GNDVI (0.18) GNDVI (0.18) BNDVI (0.20) BNDVI (0.23)

Sample Date 2017-08-02 2017-08-17 2017-08-08 2018-08-08 2018-08-01

Collection #5 Spectral Channels NIR-G-B R-G-B NIR-G-B NIR-G-B NIR-G-B

Altitude 20m 20m 20m 15m 20m

Indices Calculated (threshold) GNDVI (0.09) NGRDI (0.26) GNDVI (0.25) BNDVI (0.24) BNDVI (0.30)

Sample Date 2017-08-17 2017-08-23 2018-08-23 2018-08-16

Collection #6 Spectral Channels R-G-B NIR-G-B NIR-G-B NIR-G-B

Altitude 20m 20m 20m 15m

Indices Calculated (threshold) NGRDI (0.01) GNDVI (0.20) BNDVI (0.019) BNDVI (0.25)
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3.3 Statistical Analyses 

Package corrplot (Wei and Simko, 2017) running in R (R Core Team, 2017) using 

RStudio version 1.1.456 (RStudio Team, 2016) was utilized to produce correlation matrices 

displaying Pearson correlation to compare dry weight biomass, wet weight biomass, canopy 

height, volume, and area of each plot (Figure 3-6b). Leaf area was also included in Sutherland 

2017, Nasser 2017, and Nasser 2018 (Figure 3-6a). Site-years were analyzed separately. 

Function “aov” in R (R Core Team, 2017) run using RStudio version 1.1.456 (RStudio Team, 

2016) was utilized to calculate Analysis of Variance (ANOVA) among genotypes for dry weight, 

wet weight, leaf area, canopy height, vegetation area, and plot volume for each biomass sampling 

interval at each site-year. It should be noted that there is a risk of Type 1 error due to the 

calculation of multiple ANOVAs and the high number of F tests involved (Clemens, 1975).  

 

3.4 Results and Discussion  

3.4.1 Differentiation Among Genotypes Over Time 

P-values from ANOVA were calculated to determine differences among genotypes at all 

site-years and data collection dates for dry weight biomass, wet weight biomass, height, leaf 

area, vegetation area, and volume (Table 3-6). Genotypes tended to be indistinguishable from 

one-another early in the growing season for most traits at all site-years. During the middle of the 

growing season (approximately data collections 4 and 5), it became possible to differentiate 

genotypes based on most traits evaluated at most site-years. By the end of the growing season 

genotypes differed for almost all of the measured traits indicating an ability to differentiate 

genotypes from one-another.  

 

 

 

 

 



33 
 

Table 3-6: Analysis of Variance (ANOVA) values for select traits are displayed across all site-

years and data collection times. ANOVA was calculated and p-value is displayed for dry 

weight,wet weight, height, leaf area, area, and volume at each site-year. Biomass collection 

began two weeks after emergence and was repeated approximately every two weeks until 

senescence.  

 

At all site-years except Nasser 2018, it is noteworthy that differences among genotypes in 

vegetation area became significant at either similar or earlier sampling times than dry weight 

biomass. This suggests that, in addition to being faster and simpler to collect, vegetation area 



34 
 

may have more variability due to varietal differences than does dry weight biomass. Although 

dry weight biomass differed more substantially among genotypes at Nasser 2018, vegetation area 

still had some utility in differentiating among genotypes at many points during the growing 

season.  

In addition to vegetation area, plot volume also differed significantly among genotypes at 

mid-to-late points in the growing season. At all site-years, greater differences were generally 

observed among genotypes based on plot volume than based on dry weight biomass (Table 3-6). 

Fewer significant differences among genotypes were observed based on dry weight biomass than 

on plot volume, with differences in dry weight among genotypes appearing at a statistically 

significant level only sporadically throughout the growing season.  

 Few significant differences were observed among genotypes based on leaf area (Table 3-

6). No differences among genotypes could be identified at any data collection time in Sutherland 

2017. Based on these observations, it seems that differences among genotype can be deduced 

earlier utilizing plot volume than using leaf area. However, at Nasser 2018, both leaf area and 

plot volume demonstrate statistically significant differences at data collection 4 and 5. At Nasser 

2017, time 4 leaf area data were unavailable but significant differences among genotypes could 

be realized at data collection 5 based on both leaf area and plot volume. Leaf area was not 

measured at Rosthern 2017 or Rosthern 2018, so data are unavailable for those site-years. More 

work should be done to definitely compare differences among genotypes based on leaf area vs. 

plot volume utilizing a larger population with a more complete data set. Regardless, the trend 

observed suggests that differences among genotype become significant either at a similar time 

based on plot volume and leaf area, or at an earlier time when based on volume alone. As 

vegetative material is measured significantly more quickly utilizing less labour and without the 

need to destroy plant material or rely on sub-sampling, plot volume is suggested as superior to 

leaf area analysis utilizing a leaf area meter.  
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Figure 3-5: Manually measured canopy height of lentil plots collected immediately prior to 

biomass collection throughout the season at five site-years. 

 

Significant differences among genotypes based on canopy height were observed at many 

data collection times at several site-years (Figure 3-5). At Rosthern 2017, significant differences 

among genotype were observed at all data collection times and at Nasser 2018 and Rosthern 

2018, genotypes could not be differentiated based on height only at the second data collection 

time. This trend is similar to that of plot volume and suggests a greater ability to differentiate 

among genotypes than with dry weight, wet weight, or leaf area. However, canopy height alone 

should not be expected to be representative of plot biomass due to the large variation in plant 
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structure and growth habits observed in lentil (Saxena, 2009). Additionally, as canopy height 

may not be representative of actual stem height due to the tendency of high biomass genotypes to 

undergo greater amounts of lodging, canopy height alone should not be presumed consistent 

among different genotypes and varying environments (Hanlan et al., 2006). 

 

3.4.2 Correlation between Wet Weight Biomass and Dry Weight Biomass 

The correlation matrices between the measured variables shown in Figures 3-6a and 3-6b 

at each trial site-year, when viewed over the course of the growing season, give a great deal of 

insight into the relative efficacy of wet and dry weight biomass for the purpose of plant growth 

determination. Although not a specific objective of the experiment, it is noteworthy that wet 

weight biomass and dry weight biomass were highly correlated at most data collection dates 

during the experiment. The correlation (R) between wet weight biomass and dry weight biomass 

was greater than 0.95 at 23 of the 29 data collection dates. Additionally, on many occasions, wet 

weight biomass had greater correlation with calculated volume and area than did dry weigh 

biomass. In instances where wet weight biomass had a lower correlation with area and volume 

than did dry weight biomass, the difference was small enough that it was unlikely to lead to 

different conclusions. Tackenberg (2007) identified similar correlations between dry weight 

biomass and vegetation area compared to wet weight biomass and vegetation area in grass 

species. Wet weight biomass had a similar or greater capacity to differentiate among genotypes 

throughout the growing season at all site-years compared to dry weight biomass (Table 3-6). 

This suggests that wet weight biomass may be collected in future studies requiring growth rate 

and/or biomass data in lentil or similar species. It should be recognized, however, plants 

collected in this experiment were free from dew and large amounts of external moisture which 

may reduce accuracy and consistency. The collection of wet weight biomass is much more 

efficient due to the fact that vegetation may be weighed in the field immediately after sample 

collection negating the need for transportation to a central facility and the cost of operating 

drying ovens, as well as reducing the potential for data loss due to mismanagement or damage. 
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Figure 3-6a: Pearson correlations between wet weight biomass (WW), dry weight biomass (DW), height, plot volume (Volume), and 

vegetation area (Area) at each data collection time point at each site-year. Ellipses represent Pearson correlation coefficient (R), with 

perfect correlation being a straight line and zero correlation being a perfect circle. Positive correlations are shown in blue, and 

negative correlations are shown in red. Significant Pearson correlations having a p-value <0.05 are shown with one asterisk (*), and 

a p-value of <0.05 with two asterisks (**). 
 

 

 



38 
 

 

  

Figure 3-6b: Pearson correlations between wet weight biomass (WW), dry weight biomass (DW), height, leaf area (LA), plot volume 

(Volume), and vegetation area (Area) at each data collection time point and each site-year. Additionally, LA was measured at Nasser 

2017, Sutherland 2017, and Nasser 2018 site-years. Ellipses represent Pearson correlation coefficient (R), with perfect correlation 

being a straight line and zero correlation being a perfect circle. Positive correlations are shown in blue, and negative correlations are 

shown in red. Significant Pearson correlations having a p-value <0.05 are shown with one asterisk (*), and a p-value of <0.05 with 

two asterisks (**). 



39 
 

It should be noted that despite indications that wet weight biomass may be an equal or 

superior proxy for dry weight biomass, further analysis in this study solely utilized dry weight 

biomass for clearer comparison with previously published literature. Additionally, there may be 

greater opportunity for experimental error when wet weight biomass is utilized due to varying 

internal and external moisture, such as dew or precipitation, on plant material depending on 

weather and the time of day when the material was collected. It is biologically unsurprising that 

wet weight biomass was strongly correlated with image-based parameters, as it is expected that 

lush, moist vegetation should have large, full-expanded leaves to maximize light intercepting and 

gas exchange capability. Bramley et al. (2015) noted a progressive reduction in destructively 

measured leaf area and leaf turgor pressure of bread wheat following initiation of water-limited 

conditions. With a decrease in turgor pressure and leaf area, it is presumed that a decrease in 

vegetation area and plot volume would result as well. Because the selected genotypes examined 

were expected to have different GDD requirements to reach various growth stages, as well as due 

to the potential for varied field conditions throughout the trial, it would seem logical that wet 

weight biomass should be more highly correlated with vegetation area and plot volume than dry 

weight biomass. This is expected because these traits are expected to fluctuate to a greater extent 

under varying conditions and growth stages than dry weight biomass, which is expected to 

generally increase over the course of the growing season.  

 

3.4.3 Vegetation Area as a Measurement of Plot Biomass 

 Both wet and dry weight biomass were highly correlated with plot area at many data 

collection time points throughout the experiment (Figures 3-6a and 3-6b). In a study by Tomasel 

et al. (2001), foliar area of bunchgrass was evaluated using a chromaticity-based pixel counting 

method which utilized individual RGB images collected manually from 1.4 m above ground 

level. The study found highly significant correlation between green pixels and dry weight 

biomass in field situations without a large amount of overlapping leaves. It is therefore expected 

that vegetation area will be a useful parameter to estimate lentil biomass early in the growing 

season before significant vertical growth occurs.  

At the first biomass sample timing, correlation between biomass and area was high 

(>0.84) at all site-years except Rosthern 2018 where there was no noteworthy relationship 
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(Figures 3-6a and 3-6b). It was likely that image resolution was too low at Rosthern 2018 to 

sufficiently capture plant material due to small plant size at the first biomass sampling period. At 

the first biomass collection period, individual plants may have ranged in size from 1-2 cm when 

viewed from a nadir perspective. As GSD realized for data collection ranged from 4.5-1.0 mm 

depending on which sensor as utilized and the altitude imagery was collected from (Table 3-5). 

Significance of the calculated correlations based on p-value also tend to be low early in the 

growing season. It is likely that this can also be attributed to insufficient resolution to effectively 

evaluate the small plants early in the growing season. Correlation between volume and area at 

the first data collection timing is low at all site-years, suggesting that area is a more useful 

parameter for early-season measurement of plant growth. At collection 3 in Nasser 2017, 

collection 4 and 5 in Rosthern 2017 and Rosthern 2018, and collection 5 in Sutherland 2017 and 

Nasser 2018, the correlation between biomass and area experienced a decrease from the trend. 

Because this mid-season dip in correlation occurred at every site-year, it seems unlikely to be 

caused by an error in data collection. As Figure 3-5 shows, ILL 9888 and ILL 7716 both abruptly 

stop increasing and begin to decline in height at the 3rd biomass collection date at all site-years 

except Nasser 2017. As this occurred at approximately the middle of the growing season at 

approximately late flowering stage, growth rate was likely high so it is likely that the dip in 

correlation was due to an increase in plant height which was not accompanied by an increase in 

plant area. As the season further progressed, plant stems became unable to support the increasing 

weight of the canopy and lodging occurred. Additionally, leaf and tendril growth were expected 

to continue in some genotypes after the overall increase in canopy height slowed (Erskine et al., 

2009). Collectively, this led to the infilling of inter-row space with vegetation and again 

increased the correlation between plant biomass and remotely-measured plant area. Using similar 

methodology in dry bean (Phaseolus vulgaris), Sankaran et al. (2018) noted increasing 

correlation between area and biomass from early to mid-season data collection but significantly 

reduced correlation during late pod-fill. Similar reduced late-season correlation only occurred at 

one site-year, Nasser 2017, likely due to a high level of disease late in the growing season that 

resulted in rapid senescence.  
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3.4.4 Vegetation Volume as a Measurement of Plot Biomass 

Volume correlations with wet and dry biomass followed a generally increasing trend at 

all site-years except Rosthern 2017 throughout the growing season (Figures 3-6a and 3-6b). 

Volume was poorly correlated with biomass at the first biomass sampling time at all site-years 

with the highest correlation being only 0.36 at Sutherland 2017. This low early-season 

correlation was likely due to insufficient resolution to produce a meaningful volume estimation 

on the small plant sizes observed. On the second biomass sampling date, the correlation between 

biomass and volume was reasonably high (>0.80) at all site-years except Rosthern 2018, with a 

correlation of 0.43, and Nasser 2018 with a correlation of 0.42. For the remainder of the growing 

season, correlations between biomass and volume remained relatively consistent or slightly 

increased when observed over time. These findings align with those of Sun et al. (2018), who 

observed strong correlation between LiDAR point cloud-derived volume of cotton plots with 

manually measured volume. These findings are also consistent with SfM-based biomass 

estimation in various herbaceous crops including Vicia sativa, Triticum sativum, Secale cereal, 

Medicago sativa, and Triticosecale performed by Gil-Docampo et al. (2018) which identified 

SfM to be a useful tool for biomass estimation in field crops.  

Dixit et al. (2017) identified a large variation in HI and biomass in lentil varieties and 

indicated a need to select both for high HI and for high biomass varieties to identify high-

yielding germplasm. Using late-season plot volume measurements combined with predicted or 

manually-measured seed yield, both above-ground crop biomass and HI parameters may be 

calculated to allow selection of material with high-yield potential for further analysis and 

breeding development uses. Currently, evaluation of HI is highly uncommon in plant breeding 

endeavours due to the enormous time requirement to measure above-ground biomass despite 

being a highly informative trait for development of efficient crop varieties. 

 

3.4.5 Ability to Estimate Leaf Area using Volume, Area, and Biomass 

Measurements 

Leaf area was measured at Nasser 2017, Sutherland 2017, and Nasser 2018 trials (Figure 

3-6a). This study did not aim to investigate the utility of destructively measured leaf area for the 
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purpose of differentiating among genotypes. It is noteworthy, however, that leaf area 

measurements had a lower ability to identify statistically significant differences among 

genotypes when compared to other phenotypic traits analysed (Table 3-6). It is likely that this is, 

at least in part, due to errors associated with the need to evaluate sub-samples resulting in lower 

precision rather than the whole plot due to time and cost constraints.  

 The importance of crop light interception ability for growth and yield is well-documented 

(Watson, 1958; Monsi and Saeki, 1953; Monsi and Saeki, 2005). Relationships between leaf area 

with biomass, area, and volume existed in this study, however the correlations between leaf area 

and any of these parameters were frequently well below 0.60 (Figures 3-6a and 3-6b). The 

correlations between biomass and destructively sampled leaf area were not greater than the 

correlations between biomass and remotely-sensed plot area. However, leaf area did correlate 

more favourably with biomass early in the season than plot area and volume. Remotely-sensed 

area measurements would likely correlate more highly at early-season time points with higher 

resolution imagery. At some timepoints early in the growing season, leaf area correlated quite 

highly with vegetation area (up to R=0.75) while at other time points leaf area and vegetation 

area did not appear related (Figures 3-6a and 3-6b). Roth et al. (2018) found that by including 

estimated leaf angle with UAV photogrammetry at various canopy heights in soybean, leaf area 

index (LAI) estimation tended to be more closely related with destructively measured LAI than 

with non-destructively measured LAI using a handheld meter. Little literature comparing UAV 

and manually-derived LAI in small field crops comparable to lentil exists. Tunca et al. (2018) 

found a strong exponential relationship between UAV-detected NDVI and LAI in sunflower 

(Helianthus annuus) field plots, concluding LAI could be reliably estimated using spectral data 

from a UAV platform. Differences in the ability to measure LAI of lentil compared to sunflowers 

are expected, as sunflowers have significantly different plant architecture and more prominent 

foliage than lentils. Corcoles et al. (2013) compared manually quantified leaf area in onion with 

UAV photogrammetry-based vegetation area with a coefficient of determination of 0.837 for a 

linear model, indicating a direct relationship between LAI and groundcover in onion. While 

onion foliage is closer in size to lentil than sunflower, plant architecture varies significantly 

between the two crops. It is suspected that the inconsistent relationship between vegetation area 

and leaf area is due to variability in leaf area among plants chosen for sub-sampling in this study, 

as large variation was often noted between sub-samples derived from the same plot. Despite the 
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fact that a sub-sample of only three plants per plot and only three of five site-years were utilized 

for this study, destructive leaf area measurements were still some of the most time-consuming 

data points to collect. As a result of the high time requirement and relatively poor results 

achieved from destructive leaf-area analysis, it is suggested that the need for a high level of 

accuracy on an individual plant-basis should be weighed against time-savings, ease, and reduced 

sub-sampling error associated with whole-plot high-throughput phenotyping approaches for 

measuring plot volume and vegetation area.  

 

3.4.6 Relationship Between Canopy Height and Other Parameters of Plant Growth 

Height measurements (Figure 3-5) were collected in this study to clarify the interaction 

among various plant traits as well as to evaluate the effect of height on estimations of above-

ground biomass. As Figure 3-5 shows, height for all genotypes initially increased steadily before 

decreasing in the middle of the growing season. This decrease in height can be attributed to 

lodging as stems lose their flexibility and biomass moves to higher levels in the canopy due to 

pod development and filling. The correlation of height with other parameters is inconsistent, and 

it is therefore not an ideal predictor of any of biomass or area parameters (Figures 3-6a and 3-

6b). Walter et al. (2018) noted strong correlation between above ground biomass and both 

manually and point cloud-derived plant height measurements. However, the inconsistent 

correlation of plant height with plant biomass determined in the present study suggests that plant 

height does have an important effect on plant biomass but is not independently an effective 

predictor of plant biomass in diverse lentil germplasm.  

 

3.5 Conclusion 

Overall, remotely-detected vegetation and plot biomass trends were highly related to 

various ground-measured parameters that are typically collected in plant research and breeding 

programs. Results of this experiment indicate vegetation area measured from a UAV may have 

utility in estimating lentil biomass and be indicative of leaf area early in the growing season. For 

mid to late-season biomass estimation, plot volume was determined to be a better estimator of 

plot biomass. Because vegetation area and plot volume parameters can be attained with a single 
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UAV flight lasting only a few minutes in the field environment, these traits can be evaluated 

using minimal resources in the field at ideal time-points. Collected images will serve not only for 

the estimation of plot biomass and groundcover, but may also be used as a field record and 

perhaps to extrapolate other traits related to plant growth and productivity. Although the time 

required for image processing and data analysis is not trivial, it can be performed at a convenient 

time outside of the field environment. Additionally, only a fraction of the processing and analysis 

procedure requires active user interaction with the software, allowing other tasks to be performed 

concurrently. It is likely that in the near future, image processing and analysis will be an 

automated or semi-automated process requiring minimal user inputs (Ahmed et al., 2019).  

Although this study was not designed to compare wet weight biomass to dry weight 

biomass, significant correlation between wet weight biomass and dry weight biomass were 

observed at most data collection points. Additionally, wet weight biomass was frequently 

correlated with plot volume to a similar or greater extent than dry weight biomass. It is therefore 

suggested that wet weight biomass may be a suitable parameter in lieu of dry weight biomass in 

experiments where efficiency is deemed to be of greater importance than a biological basis for 

measuring dry weight biomass.  

Dry weight biomass was found to be highly correlated with vegetation area throughout 

most of the growing season. However, the correlation between dry weight biomass and 

vegetation area was inconsistent during mid-season data collection points at most site-years 

examined, deeming it inadequate as an estimator of whole-season biomass. Vegetation area was 

highly correlated with dry weight biomass at early-season data collection points at most site-

years, suggesting early-season biomass estimation capability. Although plot volume was less 

correlated with dry weight biomass at early-season data collection points, its correlation with dry 

weight biomass increased consistently throughout the growing season at all site-years. These 

results coincide with observations made by Sun et al. (2018) comparing LiDAR-derived volume 

with biomass in cotton. By late-season data collection points, plot volume was either similarly or 

more-highly correlated with dry weight biomass than vegetation area. Due to its consistent 

improvement in correlation with dry weight biomass throughout the growing season and high 

correlation with dry weight biomass late in the growing season, it is suggested that plot volume 
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is an acceptable high-throughput proxy for dry weight biomass of mid to late-season analysis of 

lentil.  

Reasonably high levels of correlation at early-season datapoints suggest a definite 

relationship between leaf area and vegetation area, despite inconsistent correlation throughout 

the season (Figures 3-6a and 3-6b). Although further investigation is needed, it is suspected that 

vegetation area may be a more reliable estimate of overall plot-level photosynthetic potential 

than destructive leaf area analysis in lentil early in the growing season due to the large sampling 

error component of destructive leaf area analysis. 
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4.0 A Novel Approach to Describing Lentil Plant Growth and Development using UAV 

Imagery 

4.1 Introduction 

Plant growth rate is an essential component of plant fitness, as rapid growth rate will 

increase the ability of the crop to compete with other species and to efficiently capture essential 

resources such as sunlight, carbon dioxide, and water. As above-ground plant material is 

responsible for sunlight harvesting and gas exchange processes, the quantification of above-

ground plant material can give insight into production potential of various crop species (Biere, 

1996; Rees et al., 2010).  

Evaluation of plant growth rate is typically based off of either height (Holman et al., 

2016; Wang et al., 2019) or biomass (Saint Pierre et al., 2012). The collection and measurement 

of biomass is very tedious and time-consuming, resulting in a significant expense in large plant 

research and breeding programs. Biomass evaluation in a field setting is inherently destructive to 

the plant necessitating larger area and more resources (Saint Pierre et al., 2012). While biomass 

measurements and growth evaluation may be made more easily in indoor, potted environments, 

plants are unlikely to perform equally to field-based experiment, potentially reducing the utility 

of results (Bhatnagar-Mathur et al., 2008; Villar et al., 2005; Yang et al., 2010). Cereal crops 

such as maize and wheat tend to have height that is very highly correlated with biomass 

(Fernandez et al., 2009). Because of this, simply measuring height can give a very good estimate 

of biomass. Therefore, by measuring the rate of height increase over a period of time, growth 

rate may be effectively deduced (Holman et al., 2016; Wang et al., 2019). In bushy crops such as 

lentil, however, biomass is less correlated with height and the ability to predict biomass based on 

height alone is reduced. When all plants observed are of the same species and variety and are 

expected to grow and develop in the same manner, models may be produced to adjust for 

variation resulting from lateral branching in the horizontal plane (Thomson et al., 1998). In cases 

where precise morphology of plants is unknown or known to be inconsistent, biomass estimation 

from height alone would likely result in insufficient accuracy and reproducibility.  

The collection of multiple overlapping images with high spatial and temporal resolution 

is possible with the use of UAV’s. Utilizing SfM techniques, this imagery can be utilized to 

produce high-density 3-D point clouds, from which several parameters can be measured. This 
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approach has been utilized previously for the measurement of grassland (Wijesingha et al., 2019) 

and forest/shrub (Alonzo et al., 2018; Jimenez-Brenes et al., 2017; Karpina et al., 2016) biomass. 

Similar work has utilized 3-D laser scanners to produce 3-D point clouds for analysis (Seidel et 

al., 2011). While previously published studies utilize SfM techniques to acquire height 

information (Malambo et al., 2018; Schirrmann et al., 2016; Walter et al., 2018), and utilize 

height information for calculation of plant growth rate (Shucun and Frelich, 2011), very few 

consider crop volume. No literature could be found at the time of writing evaluating SfM-derived 

volume of bushy field crops in a field environment.  

Above-ground vegetation biomass, area, and volume are reasonably well-correlated with 

one-another (Chapter 3) and may be used to obtain generalized inferences among one-another at 

various times in the growing season. Further analysis has potential to evaluate parameters of 

biomass, area, and volume basis over time and across different environments. The objective of 

this experiment was to evaluate the potential for the quantification of plant growth rate utilizing 

UAV-based imagery collected multiple times throughout the growing season. Rapid, non-

destructive evaluation of plant growth rate could be utilized in a variety of plant research and 

breeding programs to efficiently evaluate material best-suited for particular environments and 

stresses in a field environment. Furthermore, similar methodology may find utility in larger-scale 

operations such as prediction of crop yield by producers, crop insurance agencies, and for the 

purpose of yield monitoring (Marshall et al., 2011).  

 

4.2 See Chapter 3.2 for Materials and Methods. 

 

4.3 Statistical Analysis 

Statistical analysis was performed utilizing the DRC package (Ritz and Streibig, 2016) 

run in R (R Core Team, 2017) on RStudio version 1.1.456 (RStudio Team, 2016). Data for dry 

weight biomass, vegetation area, and plot volume at each site-year was truncated to remove late-

season declining values. Three-parameter logistic nonlinear models (Equation 4.1) were 

constructed independently at each site-year (Figures 4-2, 4-3, and 4-4), with initial above-ground 

biomass assumed to be zero. These models are frequently utilized in plant biomass modelling 
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(Paine et al., 2012; Yin et al., 2003). In the three-parameter model (Figure 4-1) e represents the 

G50, or the number of GDD required to accumulate 50 % of maximum growth, parameter b 

represents the growth rate around G50, or growth rate, and parameter d represents the upper 

asymptote of the curve or predicted maximum growth. The three-parameter model utilized is 

described by equation 4.1, where b = slope at e, c = lower asymptote = 0, d = upper asymptote, 

and e = the effective dose ED50 (Ritz et al., 2015). 

 𝑓(𝑥, (𝑏, 𝑐, 𝑑, 𝑒)) = 𝑐 +
𝑑−𝑐

1+exp (𝑏(log(𝑥)−log(𝑒)))
                                                                                                        (4.1) 

Parameter estimation in the DRC package is based on the maximum likelihood principle. 

The “transform-both-sides approach” was executed using a Box-Cox transformation to control 

variance heterogeneity and help to ensure a normal distribution. (Ritz et al., 2015; Box and Cox, 

1964) 

 

Figure 4-1: A model three-parameter logistic non-linear model representing growth rate (b) at e, 
maximum predicted growth (d), and G50 (e). 
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For each site-year, genotypes were analyzed both individually and combined. ANOVA was then 

performed and used to determine that all site-years except Nasser 2017 showed significant 

overall difference between the model comparing individual genotypes and the model with 

genotypes combined at a 5 % significance level. Akaike Information Criterion (AIC) was 

compared among models at each site-year. AIC-based selection indicated that the model utilizing 

individual genotypes explained a greater amount of variance in data at all site-years except 

Nasser 2017. Additionally, models for individual genotypes converged with insignificant lack-

of-fit tests at all site-years, except Nasser 2017, indicating acceptable model fit. It was, therefore, 

determined that a model including individual genotypes should be utilized at Sutherland 2017, 

Rosthern 2017, Nasser 2018, and Rosthern 2018. Data at Nasser 2017 was best described by 

combing all genotypes within the model. A lack of significant variance among genotypes was 

also indicated by ANOVA for several traits (Table 3-6), giving insight regarding temporal 

differences among genotypes. To handle variance heterogeneity that may be present in the data, 

R functions coeftest and sandwich were utilized to obtain robust standard errors (Ritz et al., 

2015). P-values for each parameter are shown in Appendices 1, 2, 3, 4, and 5. 

 

4.4 Results and Discussion 

4.4.1 Ground-Measured Data 

For the purposes of this study, the fitted three-parameter non-linear logistic curve was 

applied only to a dataset truncated to omit any end-of-season decline in dry weight biomass. As 

each genotype examined expressed large variation in maturity timing, earlier-maturing genotypes 

were well past physiological maturity and had completed senescence before the last harvest date. 

This resulted in a physical loss of some plant components during collection and might have 

contributed to a false reduction in recorded dry weight biomass. Average dry weight biomass 

varied substantially among site-years, with most genotypes in Rosthern 2017 experiencing nearly 

three times the dry weight biomass of those in Nasser 2018. While 1100 to 1200 GDD was 

calculated at most site-years, it is noteworthy that the Nasser 2017 trial was seeded at a later date 

in the spring and therefore was only exposed to approximately 800 GDD. It can be assumed that 

this reduced thermal growth period likely had an effect on the total accumulated biomass. 

Additionally, the Nasser 2017 trial was planted into loose, heavily cultivated soil and the season 
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was abnormally dry and warm. Disease that occurred near the end of the growing season caused 

premature desiccation of the trial. These factors likely contributed to the inability to effectively 

differentiate among genotypes at Nasser 2017.  In most site-years, CDC Redcoat and CDC 

Asterix were the two largest genotypes, and ILL 9888 and ILL 7716 were the smallest based on 

the predicted estimate (Figures 4-2 and 4-5). 

 

 

Figure 4-2: 3-parameter growth curves showing dry weight biomass accumulation for each 

genotype throughout the growing season at each site-year. Data at Nasser 2017 was best 

described by combing all genotypes within the model. 
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4.4.2 2-Dimensional Analysis 

Two-dimensional imagery was captured and processed to calculate various greenness 

indices, including gNDVI (Equation 2.3), bNDVI (Equation 2.4), and NGRDI (Equation 2.5). 

Because these indices could not be compared directly, thresholding was performed to identify 

green vegetation area by manually identifying pixels having indices values which were 

representative of green vegetation and performing further analysis only on pixels exceeding that 

value. The area of pixels that were determined to contain green vegetation was then determined. 

Accumulation and maximal green pixel area values often differed among genotypes and site-

years. Although similarities can be seen in Rosthern 2018 and Nasser 2018 when the order of 

vegetation area extrapolated from Figure 4-3 is compared to dry weight biomass (Figure 4-2), 

trends do not clearly match at any site-year. This relatively poor likeness is, at least in part, due 

to the accumulation of height and density that cannot be accounted for using a 2-D approach 

which measures groundcover. It should be noted that the 2-D approach does quite consistently 

identify large, medium, and small genotypes correctly with CDC Redcoat and CDC Asterix 

generally having the greatest area, and ILL 9888 generally having the lowest area (Figure 4-3). 

An exception to this occurs in Nasser 2018, where CDC Redcoat was identified as 4th largest in 

vegetation area where it was also 4th in dry weight biomass (Figure 4-2). This anomaly may be 

explained by a large standard error estimate for CDC Redcoat in Nasser 2018 in biomass, 

vegetation area, and plot volume (Figure 4-4). Because the standard error is large in manually-

collected biomass as well as remotely-detected vegetation area and plot volume, this variance 

from the trend is likely to be due to influence from either the environment or G×E interaction, 

and it has likely been accurately identified using the 2-D and 3-D image analysis approaches.  
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Figure 4-3: 3- parameter growth curves showing Green Pixel Area accumulation for each 

genotype throughout the growing season at each site-year. Data at Nasser 2017 was best 

described by combing all genotypes within the model. 

 

G50, or the time required to reach 50 % of total growth, values suggest significant 

variation among both genotype and environment (Figure 4-7). It is highly probable that 

differences in seeding time and weather conditions are responsible for significantly different G50 

values among site-years. Additionally, there may be G×E interactions occurring which would 

cause certain genotypes to be differentially suited to specific environments. G50 of manually 
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measured biomass, G50 of calculated vegetation area, and G50 of calculated plot volume (Figure 

4-7) are not consistent among genotypes or site-year, which suggests genetic, environmental, and 

possibly G × E interaction all have an effect on G50. Overall, G50 of area is significantly lower 

than G50 of biomass. This indicates that the crop reaches 50 % of total groundcover earlier in the 

season than 50 % of total biomass. Because rapid groundcover increases competitive ability and 

resource capturing capability, this trait might have great utility for breeding programs and other 

crop research initiatives (Kumar et al., 2012; Fedoruk et al., 2011).  

Area growth rate, the rate of vegetation area increase, values differ significantly among 

several genotypes and site-years (Figure 4-5). At Rosthern 2017, CDC Cherie and ILL 7716 have 

considerably larger area growth rates than other genotypes in the same site-year as well as all 

other genotypes at all other site-years (Figures 4-4 and 4-5). These large variations in area 

growth rate are likely indicative of the ideal growing conditions experienced in Rosthern 2017 as 

well as the ability of CDC Cherie and ILL 7716 to rapidly produce groundcover under such 

growing conditions. 

Seedling vigour and rapid groundcover are essential for the crop to effectively establish 

with reduced need for weed control by producers (Fedoruk et al., 2011). As such, vigour and 

groundcover measurements are often obtained manually in crop breeding programs due to their 

strong relationships with interspecific competitive capabilities, tolerance to biotic and abiotic 

stresses, and final seed yield (Revilla et al., 1999; Tollenaar and Wu, 1999; Kumar et al., 2012). 

Similar studies in maize utilizing spectral indices for biomass estimation have been performed 

attaining high correlation with plant biomass and a high level of repeatability (Montes et al., 

2011; Winterhalter et al., 2011). 

 

4.4.3 3-Dimensional Analysis 

Large differences in volume accumulation were observed among genotypes and site-

years (Figures 4-4, 4-5, and 4-6). Overall, volume growth trends follow a pattern which appears 

more similar to those observed for dry weight biomass than plot area (Figures 4-3, 4-4, 4-5, and 

4-6). This trend is substantiated by the generally high correlation between dry weight, volume, 

and area shown in Figure 3-6a and 3-6b. The volume data obtained at Rosthern 2018 was poorly 
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described using the curve chosen for data analysis in this experiment. It is suspected that this is 

due to the relatively late seeding date followed by ideal growing conditions throughout the 

season, culminating in a high maturation rate due to sudden onset of disease (Figure 4-4). 

Between the time of the greatest plot volume and the next image collection date, volume had 

declined significantly, and data was truncated to avoid false late-season underestimation by the 

model. When fitted to a three-parameter logistic curve, this resulted a poor fit of the growth 

curve which resulted in unrealistically large maximum predicted volume and G50 estimations 

and unrealistically small volume growth rate, or rate of plot volume increase, estimations (Ritz 

and Streibig, 2012). As the trends shown in Figure 4-4 are based on the maximum observed 

value prior to data truncation, it is still believed that this approach is useful in estimating plant 

size and growth parameters. A lack-of-fit test was performed for all site-years and was 

insignificant for Rosthern 2018 indicating that the model fit the data to an acceptable level, so 

parameter outputs were considered to be useful for relative comparison among genotypes within 

the Rosthern 2018 site-year. For the purpose of this experiment, parameter outputs for Rosthern 

2018 were not be considered directly comparable to other site-years. Trends based on the 

maximum measured values for each trait prior to data truncation were instead be utilized for 

environmental and varietal comparison of Rosthern 2018 (Figure 4-6).  

When trends are compared between dry weight biomass and volume (Figures 4-2 and 4-

4), genotypes are positioned in a very similar order at most site-years. When considering the 

model output maximum predicted growth (Figure 4-5), a similar trend can be observed. Overall, 

CDC Asterix, CDC Redcoat, and CDC Cherie tend to have greater maximum predicted growth. 

ILL 9888 consistently has the lowest maximum predicted growth, closely followed by ILL 7716. 

G50 values are relatively similar both among genotypes and among site-years. As standard errors 

for G50 are quite large at several site-years for all traits examined, it is difficult to make 

conclusive comparisons (Figure 4-7). However, ILL 7716 and ILL 9888 did tend to have lower 

G50 values than did CDC Asterix, CDC Cherie, and CDC Redcoat. Overall, G50 is much lower 

for volume than for biomass (Figure 4-7). This indicates that 50 % of volume was reached earlier 

than 50 % of biomass was accumulated.  

As space-filling ability has important effects on competition and resource harvesting, this 

may be a useful trait to consider for variety development. Many volume growth rate values have 
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very large standard errors (Figure 4-5), making comparison inconclusive for many genotypes and 

site-years.  Similar to area growth rate, however, it is noteworthy that many genotypes 

experienced relatively high volume growth rates in Rosthern 2017. This is indicative of good 

growing conditions leading to a rapid rate of growth. As volume growth rate determines the rate 

of volume increase over time, it can be used to describe the rate of 3-D space-filling capability of 

a genotype. Together with G50 of volume, volume growth rate has potential utility in plant 

breeding programs for germplasm selection. These traits have the ability to identify germplasm 

with greater and more rapid early-season growth. Plants that fill space earlier in their lifecycle 

will have a competitive advantage over weeds as well as greater resource-harvesting capability. 

A greater ability to acquire and allocate resources (sunlight, carbon dioxide, water, and mineral 

nutrients) early in the growing season and to remobilize mineral nutrients to developing seed 

would increase yields (El-Zeadani et al., 2014). Additionally, greater growth and biomass 

accumulation in times of stress is generally beneficial, and rapid early-season growth may aid in 

stress-tolerance (Bailey-Serres et al., 2012; Mickelbart et al., 2015). 

G50 and GDD required to reach the maximum predicted growth may be more useful 

parameters for germplasm selection in breeding programs than growth rate at early stages of 

plant development as growth rate is not expected to vary significantly until the critical density of 

each genotype has been reached (Deng et al., 2012). The critical density of a crop as described 

by Deng et al. (2012) may be estimated using G50 values from remotely-evaluated vegetation 

area or plot volume. Deng et al. (2012) suggested two models that can be used to determine 

critical density of a crop; a biophysical model which considers plant radius in relation to 

neighboring plants, and a metabolic model which assumes all plants have a set metabolic rate, 

which is collectively maximized in a given area when plants are densely packed. Deng et al. 

(2012) identified a similar initial growth rate in a variety of agricultural crops. Once the critical 

density was reached, however, growth slowed, with growth of individual plants only occurring 

when resources were made available by mortality of neighbouring plants. Therefore, the 

prediction of critical density based off of G50 could be of value to crop research programs with 

interest in intraspecific competition or seeding density (Andrade et al., 2005), among other 

topics. Vegetation area and volume parameters may also be useful in predicting the critical 

density of individual genotypes, giving utility in evaluation the interspecific and intraspecific 

competitive capabilities of individual genotypes.  
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Figure 4-4: 3-parameter growth curves showing volume accumulation for each genotype 

throughout the growing season at each site-year. Data at Nasser 2017 was best described by 

combing all genotypes within the model. 
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Figure 4-5: Estimated growth rate parameters for dry weight biomass, vegetation area, and plot 

volume for each genotype at each site-year. Error bars show Standard Error. 
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Figure 4-6: Estimated maximum predicted growth parameters for dry weight biomass, 

vegetation area, and plot volume of each genotype at each site-year. Error bars show Standard 

Error. 
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Figure 4-7: Estimate of G50 is shown for dry weight biomass, vegetation area, and plot volume 

of each genotype at each site-year. Error bars show Standard Error. 
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4.5 Conclusion 

Both vegetation area and plot volume derived from analysis of sequential overhead 

images collected through the growing season were found to produce trends generally comparable 

to the accumulation of dry weight biomass throughout the growing season based on visual 

evaluation of the curves. For generalized experimental data collection purposes, this confirms 

that vegetation area and plot volume calculated from UAV imagery may useful as a proxy for 

plant biomass.  

Key differences were identified between area, volume, and biomass analyses. Maximum 

predicted volume was determined to be correlated with end-of-season biomass, and it is proposed 

that the evaluation of maximum predicted growth relative to other genotypes would be useful in 

the estimation of end-of-season plant biomass in research programs. Maximum predicted green 

pixel area may be used to quantify the time to canopy closure, which is a good indicator of early-

season competitive potential (Fedoruk et al., 2011). The growth rate parameter of either dry 

weight biomass, green pixel area, or plot volume may be utilized as an estimation of plant 

growth rate. The fact that growth rate parameters have a reasonably high likeness when 

compared among these traits suggests that plant growth rate is similar among dry weight 

biomass, green pixel area, and plot volume. It is proposed that growth rate calculated from 

sequential data collection events could be highly useful in a breeding program to evaluate 

germplasm for desirable rates of growth either throughout the growing season or for the period 

of a particular physiological growth stage. Area G50 is also useful for the purpose of quantifying 

rate of canopy closure in 2-D data and Volume G50 is useful in quantifying maximum Volume 

Growth Rate in 3-D data. 

This approach has identified six new traits that were previously unquantifiable in crops 

with bush-type growth habit without destructive approaches: Area Growth Rate, Area G50, Area 

Maximum Predicted Growth, Volume Growth Rate, Volume G50, and Volume Maximum 

Predicted Growth. It is expected that these six new traits will have great potential for use in 

maximizing efficiency in crop breeding and research programs.  
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5.0 General Discussion 

 The ability to evaluate phenotypic parameters associated with plant growth and 

development is essential for crop physiologists and plant breeders to develop improved crop 

varieties that may enable higher yields under more sustainable production practices. Manual 

biomass measurement has historically been used to provide information on crop growth rate. 

However, manual assessment is so prohibitively time-consuming and labour-intensive that it is 

rarely performed in large-scale breeding programs. The present study was performed to evaluate 

novel methods for field-scale evaluation of growth rate and development throughout an entire 

growing season based on 2-D and 3-D imagery collected from overlapping UAV-based imagery. 

Vegetation area was deduced from 2-D imagery, and vegetation volume was deduced from SfM-

derived 3-D point clouds. Because these data were collected at multiple time-points throughout 

the growing season, growth rate could also be calculated. 

 

5.1 High Throughput Phenotyping for Plant Growth Traits 

The results obtained from this study suggest vegetation area and plot volume traits have 

great potential in plant research and breeding programs dealing will small, bushy crops such as 

lentil. Analyzed 2-D imagery data was determined to be effective for non-destructive 

quantification of early-season biomass and ground cover of lentil which may be converted to a 

score of early-season vigour as has been done in other species (e.g. Ballari et al., 2016). 

Analyzed 3-D data was determined to be more effective for non-destructive quantification of 

late-season biomass. Furthermore, both 2-D and 3-D data enabled calculation of plant growth 

rate, predicted maximum growth, and growth rate at 50 % of maximum growth (G50), all of 

which give a tremendous amount of information pertaining to growth and development in field 

conditions as well as how growth and development interacts with the environment. This ability 

to determine traits that were previously impossible to accurately quantify non-destructively in 

small, bushy crop species may allow powerful analyses comparing phenotype with genotype in 

experiments with larger populations, such as Genome Wide Association Studies (GWAS) (Yang 

et al., 2014).  
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Several traits pertaining to growth and development of lentil were quantified based on 

analysis of 2-D data. Bendig et al. (2014) demonstrated that the use of VIs in prediction of 

biomass in barley was effective until the booting stage and was not significantly improved by 

incorporating computed crop height into the model suggesting that 2-D analysis may be 

sufficient for accurate biomass prediction. While the results of the present study are generally in 

agreement that 2-D analysis can be used as a proxy for biomass, results were inconsistent 

throughout the growing season when compared to the 3-D analysis technique. Duan et al. (2017) 

found a high coefficient of determination (R2=0.97 for cotton and R2=0.98 for sorghum 

(Sorghum bicolour)) between orthomosaic-derived groundcover estimates and estimates from a 

single overhead image, but noted a tendency of orthomosaics-derived groundcover estimates to 

slightly overestimate actual area when compared to groundcover estimates from a single 

overhead image in both sorghum and cotton. As the approach utilized in this study relied on a 

manual, visually-based determination of the thresholding value, it is reasonable that the 

repeatability of this experiment may be lower than if an OBIA-based automated segmentation 

approach had been utilized (de Castro et al., 2019). However, because late-season vegetation 

pixel values varied by only a small amount compared to background pixel values, there was 

significant risk of area being dramatically over- or under-estimated based on only a small 

variation of the threshold value selected. It is likely that there is a trade-off between the speed, 

accuracy, and repeatability of OBIA-based segmentation approaches and the confidence and 

decision-weighing capabilities of a human operator (Hay and Castilla, 2006). Because of this risk 

associated with the potential for dramatic over- or under-estimation of area late in the growing 

season, the manual method of thresholding was preferred to ensure high-quality data that was 

representative of actual plot parameters. With a highly trained and scrutinized OBIA algorithm in 

place, there is potential for a further increased efficiency of this high-throughput evaluation 

approach. 

Because green pixel area can be determined relatively cheaply and quickly without 

damage to vegetation, multiple measurements can be collected through the growing season in 

applied research programs allowing a calculation of growth rate based on groundcover. This can 

give insight into light harvesting efficiency and competitive capabilities at early stages in the 

growing season. In a recent similar study by Moreira et al. (2019), remotely evaluated soybean 

canopy coverage was identified as a useful trait in early selection, as well as a beneficial 
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covariate when utilized in yield prediction models. This approach may be of great utility for 

germplasm selection in breeding programs, or for treatment-response quantification in a wide 

variety of research endeavors aiming to evaluate biotic or abiotic stress factors. 

The 2-D approach quantified groundcover, which may be of great interest when 

screening for competitive germplasm as early groundcover results in a competitive advantage in 

a field environment (Nelson et al., 1991) and reduced need for in-crop weed control. Silim et al. 

(1993) and Shrestha et al. (2005) found a correlation between groundcover and seed yield in 

lentil, suggesting green area index measurements may have utility in predicting final yield early 

in the growing season. The critical period for weed control (CPWC), which is the period when 

the crop is most sensitive to interspecific competition (Kasasian and Seeyave, 1969) in lentil 

generally ends at the 10-node stage and was found to generally coincide with canopy closure 

(Fedoruk et al., 2011). A crop capable of rapidly surpassing the CPWC will be able to achieve 

higher yields with more simple and efficient management strategies. 

The 3-D approach to measure volume correlates well with dry weight biomass on most 

data collection dates, suggesting that vegetation volume estimation from a UAV may be a 

suitable method of estimating above-ground biomass in lentil. By capturing 3-D information a 

significantly greater amount of data is present than when using a 2-D approach, resulting in 

higher correlation with above-ground plant biomass. In the present study, a reduction in 

correlation between biomass and area occurred approximately mid-season near the end of flower 

stage (Figures 3-6a and 3-6b). Because this occurred at every site-year, it seems unlikely to be 

caused by an error in data collection. As Figure 3-5 shows, ILL 9888 and ILL 7716 both abruptly 

stop increasing and begin to decline in height at the 3rd biomass collection date at all site-years 

except Nasser 2017. The timing of the decrease coincided with the period of greatest rate of 

biomass accumulation (Figure 4-2) so it seems likely that the dip in correlation was due to an 

increase in plant height that was not accompanied by an increase in plant area. As the season 

further progressed, plant stems became unable to support the increasing weight of the canopy 

and lodging occurred. Additionally, leaf and tendril growth were expected to continue in some 

genotypes after the overall increase in canopy height slowed (Erskine et al., 2009). Collectively, 

this led to the infilling of inter-row space with vegetation and again increased the correlation 

between plant biomass and remotely-measured plant area. Bendig et al. (2014) examined an 
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approach to predict biomass in barley based on a model utilizing height information captured 

using SfM derived point clouds, concluding potential for the method in non-research applications 

such as in applied agricultural production systems. Tilly et al. (2014) used a similar approach to 

create a linear regression model of plant height derived from terrestrial laser scanning in paddy 

rice (Oryza sativa) to predict biomass. While both of these studies produced successful results 

quite similar to the present study, it is likely that analysis of whole plot volume may be more 

adaptable to different species, as 3-D growth is captured rather than strictly vertical growth. 

Other research (Holman et al., 2016; Madec et al.,2017) has noted a tendency for SfM 

photogrammetry-based procedures to consistently underestimate plant height when compared 

with ground-based measurements and LiDAR. This error may be due to a number of factors, 

including error resulting in image resolution limitations, GPS accuracy, imperfect algorithms, 

and faulty ground measurements. However, research by Holman et al. (2016) identified both 

SfM and LiDAR-based height estimation methods were within 3 cm of ground-based measures 

in wheat. This level of error may be considered insignificant when considering the increased 

efficiencies and reduced bias and sampling error possible when compared with manually-

measured canopy height measurements. There is a possibility that this consistent underestimation 

of height would also lead to an underestimation of the vegetation volume determined in this 

study, and further research will be required to identify the accuracy and consistency of volume 

estimation in various field crops. It is expected that any underestimation will be consistent across 

trials and that relative measurements in a trial will be sufficiently accurate for comparison with 

one-another. 

The maximum predicted growth of the curves fit to above-ground biomass, vegetation 

area, and plot volume generally follow the same trends confirming the potential use of vegetation 

area and plot volume as proxies for above-ground biomass (Figure 4-6). However, some 

differences can be seen among biomass, vegetation area and plot volume. Occasional 

disagreements between trends of these parameters are likely due to the fact that they are, indeed, 

unique traits. Above-ground biomass will be affected by many factors not considered when 

determining area and volume including canopy density and the distribution of biomass within the 

canopy (Whitehead et al., 2000). Vegetation area, in addition, fails to accumulate any 

information relating to plant height or vertical architecture. Therefore, vegetation area and 
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volume may be considered unique traits which may be used to describe the growth and 

development of plants.   

As seedlings emerge, the canopy has little height, and most biomass will be in the form of 

early leaves spreading to capture sunlight, perform photosynthesis, and produce carbohydrates 

for further growth. This early-emergence stage is a critical period in the life of the plant, because 

the faster it is able to harvest sunlight, produce carbohydrates, and increase in size, the greater 

competitive fitness advantage it will have over neighboring plants (Biere, 1996). This early 

fitness advantage over other plants competing for the same resources can equate to increased 

biomass, and therefore yield potential, over the entire growing season (Biere, 1996).  Speed of 

germination has historically been utilized to measure seed vigour (Maguire, 1962; Marcos-Filho, 

2015). By analyzing the area of green material soon after seedling emergence and over a period 

of time, seedling growth rate can be calculated. In future work, it is likely also possible to deduce 

emergence date, and therefore to determine speed of germination as well.  

As growth continues, plants merge towards one-another. In crop research, it is common 

and logical to consider a grouped monoculture on a more general basis at this point in the 

growing cycle. As individuals in a population continue to grow and intraspecific competition 

intensifies, self-thinning and self-organization begin to occur under high-density conditions. 

Self-organization is mediated by changes in the red : far-red ratio of incident light and results in 

alternate stem inclination along a row of plants, enabling each plant to collect a greater amount 

of solar energy. This allows an overall increase in production per unit land area (Lopez-Pereira et 

al., 2017). Self-thinning can be described by: 

𝑤 = 𝐶. 𝑝−3/2                        (5.1) 

Where p is the density of surviving plants, w is the mean weight of surviving plants, and C varies 

by species (White and Harper, 1970; Yoda et al., 1963 as cited in White and Harper, 1970).Self-

thinning occurs at a predictable rate among a wide variety of species grown in monoculture 

(White and Harper, 1970; Westoby, 1976) and is due to competition for limited resources, 

potentially including sunlight (both quality and quantity) and temperature (White and Harper, 

1970). As resources become limiting, the smallest individuals are the first mortalities, enable 

larger ones to grow more quickly (White and Harper, 1970). Because of this natural thinning and 
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maintenance of plant size, it is logical to view a monoculture plot as a single subject once plants 

merge, rather than focussing efforts on individual plants.  

Growth rate is an essential parameter to understand in various crops, including lentil, due 

to its demonstrated effect on factors including competitive ability, drought tolerance, and salinity 

tolerance (Rees et al., 2010, Lachaâl et al., 2002, Ashraf and Waheed, 1990). Both shoot and root 

size, which are strongly correlated with one another, are important drought-tolerance traits 

(Sarker et al., 2005). Therefore, selection for larger plants that are capable of efficient resource-

harvesting is an important task in plant breeding programs aiming to increase drought, among 

other stresses, tolerance in lentil. Additionally, plant growth rate can give important indications 

regarding the effects of various biotic and abiotic conditions experienced throughout the growing 

season. One abiotic factor affecting plant growth rate is soil fertility. Gulmezoglu and Kayan 

(2011), for example, found increased nitrogen fertilizer rates to have a positive effect on lentil 

biomass, seed weight, and nitrogen content of seeds. Whitehead et al. (2000) found lentil 

biomass to have high correlation with seed yield, suggesting plant growth parameters from 

various timepoints in the growing season might be useful in identifying yield potential of 

germplasm. Biomass accumulation at specific physiological stages is known to be a driver of 

seed yield in several other crops as well. Damisch and Wiberg (1991) suggest that in wheat, 

selection for high biomass prior to anthesis and maintained growth rates during grain filling are 

important to achieve high seed yield. A similar trend occurs in rice hybrids, where a high rate of 

biomass accumulation likely resulting from increased leaf area immediately prior to anthesis is 

highly correlated with seed yield (Bueno and Lafarge, 2009). Zhang and Flottmann (2016) found 

canola seed yield to be highly impacted by above-ground biomass and suggested the higher seed 

yield potential of hybrid varieties could be explained exclusively by differences in biomass, as 

HI was found to be lower in hybrid varieties than open-pollinated varieties.  

 

5.2 Efficiency of UAV-Based Data Collection 

The UAV-based system used for data collection proved to be simple to operate and 

highly efficient. Most data collection flights in the present study required approximately 10-12 

minutes to collect imagery for the 108 70-plant plots. Sun et al. (2018) indicated a data collection 

time of 6 seconds for each 15-plant plot utilizing a ground-based platform. The UAV-based SfM 
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approach utilized in this study is much more efficient. Additionally, the use of the UAV platform 

utilized had no impact on plants, light quality of the image, or compaction of soil as would be 

expected when utilizing a ground-based platform. Although the UAV utilized did encounter 

limitations imposed by high winds and active precipitation, the author’s experience in this study 

suggested that UAVs were less impacted by inclement weather conditions than ground-based 

units due to their reduced data collection time requirements and the fact that they could be 

deployed regardless of soil and crop conditions. Conversely, ground-based units could typically 

not be operated for a significant amount of time following rainfall to mitigate the risk of soil 

compaction, crop damage, and loss of traction by the ground-based unit (White et al., 2012). 

As early-season GSD was noted to be inadequate to obtain conclusive results, the 

procedure utilized was determined to be unable to accurately identify very early crop features. It 

is therefore suggested that if very early season data is required, acquisition should be performed 

utilizing either a combination of reduced image-acquisition altitude and a higher-resolution 

sensor, or a ground-based platform which positions the image-acquisition sensor closer to the 

crop and has reduced payload weight, data storage, and power consumption limitations.  

 

5.3 Future Research 

• Early-season growth parameters such as vegetation area can give insight into plant vigour 

and germination success, competitive capability, and potential for resource utilization. 

Very high-resolution imagery is required for this and may be obtained from ground-based 

systems or very high-resolution cameras on UAV-based platforms flying at ultra-low 

altitudes. Further investigation should be performed to assess the most practical platform 

for rapid acquisition of imagery with sufficient resolution to evaluate early-season crop 

performance.  Pena et al. (2018) found a greater ability to estimate biomass of poplar 

(Populus spp.) stands when utilizing a fusion of NDVI and height data obtained using 

SfM compared to exclusively height information, achieving an R2 value of 0.540. 

• While this study has confirmed that volume information can be efficiently obtained and 

utilized to describe various crop traits, a protocol must be developed to validate accuracy 

of volume estimations on crop trials. With a verified calibration protocol, the potential 

utility of this method of phenotyping could be expanded to production-based applications 
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and may offer practical benefits to large-scale producers for purposes such as yield 

estimations, crop damage assessments, or precision agriculture datapoints.  

• As this study was performed on a subset of germplasm from the AGILE lentil diversity 

panel, the techniques described can next be applied to the larger diversity panel. By 

evaluating plant growth traits on a variety of germplasm, genetic studies such as genome-

wide association mapping (GWAS) may be performed to better understand genetic 

responses to different environments and to identify the genetic control of various traits.  

• Further experimentation should be performed to determine differences in wet and dry-

weight biomass for evaluation of plant growth in breeding programs. Although the 

standard for biomass analysis has historically been based on dry weight (Casadesus and 

Villegas, 2013; Raza et al., 2019), several research, conservation, and industrial projects 

seek simpler and faster methods of acquiring this information (Helmisaari et al., 2002; 

Radloff and Ladislav, 2007; Whitbeck and Grace, 2006). As this experiment indicated 

high correlation between wet weight biomass and vegetation area and plot volume, it 

seems wet weight biomass would have similar utility to dry weight biomass for the 

purpose of evaluating plant growth rate. Wet weight biomass can be evaluated in a much 

shorter time period than dry weight biomass, with reduced transportation requirements 

and therefore reduced potential for process errors to occur (Cravero et al., 2012). It is 

essential to determine the relationship between wet and dry wet biomass in field crops, as 

many image-based high-throughput phenotyping systems will base their data off of fresh 

material as seen in the field environment (Schirrmann et al., 2016; Tan et al., 2018). 
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5.4 Final Conclusions 

This study has identified several methods with the potential to dramatically increase the 

efficiency and accuracy of field data collection in plant breeding and research programs using 

overlapping overhead images that can effectively be processed and analyzed to produce valuable 

information relating directly to plant growth. Six new traits have been described that can be 

accurately and efficiently collected from field trials with the use of UAV’s or other overhead 

image-collection systems. These traits are; Area Growth Rate, Area G50, Area Maximum 

Predicted Growth, Volume Growth Rate, Volume G50, and Volume Maximum Predicted 

Growth.  

Calculated volume was found to correlate well with dry weight biomass, suggesting that 

the 3-D point-cloud based approach may be useful in the rapid estimation of plant biomass from 

a UAV platform. Calculated area is also correlated with plant biomass indicating possible utility 

in estimating biomass from 2-D imagery. However, it is likely that calculated area would have 

greater utility in capturing early-season rate of groundcover than in measuring late-season 

biomass. Due to high costs and time commitments associated with the collection of conventional 

growth rate parameters such as sequential biomass, leaf area, and light interception, collection of 

these traits is highly limited in practical plant research and breeding initiatives. This study has 

indicated strong relationships between biomass accumulation and remotely-sensed vegetation 

area and volume, suggesting that these traits may serve as a good proxy for biomass 

measurement. As well as being time and cost-effective compared to conventional growth-rate 

analysis techniques, these methods may allow early and mid-season selection of desirable growth 

traits and contribute to a diversified approach to future plant research and crop breeding 

initiatives.   
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7.0 Appendices 

Appendix 1: P-values are displayed for parameter estimates of biomass, area, and volume at 

Sutherland 2017 (Figures 4-2, 4-3, 4-4, 4-5, 4-6, and 4-7). 

 

 

 

 

 

 

 

 

 

 

 

Parameter Genotype Biomass p-value Area p-value Volume p-value

b CDC Asterix 0.0010783** 0.0106606* 0.0545018.

b CDC Cherie 0.0075081** 0.0448616* 0.0245172*

b CDC Redcoat 0.0002363*** 0.0226625* 0.0413735*

b ILL 7716 0.0247735* 0.1856161 0.6144765

b ILL 9888 0.1226977 0.5084299 0.978569

b PI 490288 LSP 0.0058059** 0.1480549 0.2150047

d CDC Asterix < 2.2e-16*** 0.000000000000002158*** 0.00002469***

d CDC Cherie 0.0000002355*** 0.0094595** 0.00000000006617***

d CDC Redcoat 0.00000000000004659*** 0.0000001472*** 0.0003888***

d ILL 7716 0.000002608*** 0.0002548*** 0.6235544

d ILL 9888 0.2160101 0.000005606*** 0.0288056*

d PI 490288 LSP 0.000000008287*** 0.0098095** 0.0012181**

e CDC Asterix < 2.2e-16*** < 2.2e-16*** 0.0000000006881***

e CDC Cherie < 2.2e-16*** 0.0122504* 0.00000000000882***

e CDC Redcoat < 2.2e-16*** 0.000000006274*** 0.0000004175***

e ILL 7716 0.0000000000004259*** 0.0003936*** 0.5596982

e ILL 9888 0.0775739. 0.0000005507*** 0.6425453

e PI 490288 LSP < 2.2e-16*** 0.0007874*** 0.00000001271***
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Appendix 2: P-values are displayed for parameter estimates of biomass, area, and volume at 

Rosthern 2017 (Figures 4-2, 4-3, 4-4, 4-5, 4-6, and 4-7). 

 

Appendix 3: P-values are displayed for parameter estimates of biomass, area, and volume at 

Nasser 2018 (Figures 4-2, 4-3, 4-4, 4-5, 4-6, and 4-7). 

 

Appendix 4: P-values are displayed for parameter estimates of biomass, area, and volume at 

Nasser 2017 (Figures 4-2, 4-3, 4-4, 4-5, 4-6, and 4-7). 

Parameter Genotype Biomass p-value Area p-value Volume p-value

b CDC Asterix 0.00002139*** 0.0001129*** 0.0129345*

b CDC Cherie 0.0001336*** 0.8447085 0.0168705*

b CDC Redcoat 0.00001137*** 0.000002154*** 0.0045896**

b ILL 7716 0.000259*** 0.8450369 0.7562458

b ILL 9888 0.0410868* 0.1517675 0.6892332

b PI 490288 LSP 0.0010412** 0.00002314*** 0.0098845**

d CDC Asterix 0.00000000001392*** < 2.2e-16*** < 2.2e-16***

d CDC Cherie 0.0013187** < 2.2e-16*** < 2.2e-16***

d CDC Redcoat 0.00000001446*** < 2.2e-16*** < 2.2e-16***

d ILL 7716 < 2.2e-16*** < 2.2e-16*** 0.000001256***

d ILL 9888 0.002717** 0.00000006961*** 0.00000003987***

d PI 490288 LSP 0.0538398. < 2.2e-16*** < 2.2e-16***

e CDC Asterix < 2.2e-16*** < 2.2e-16*** < 2.2e-16***

e CDC Cherie 0.000000001536*** 0.0008463*** < 2.2e-16***

e CDC Redcoat < 2.2e-16*** < 2.2e-16*** < 2.2e-16***

e ILL 7716 < 2.2e-16*** 0.000000000002267*** 0.0007469***

e ILL 9888 0.0000005206*** 0.000000000000002672*** 0.0000000324***

e PI 490288 LSP 0.0022866** < 2.2e-16*** < 2.2e-16***
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Parameter Genotype Biomass p-value Area p-value Volume p-value

b CDC Asterix 0.00005098*** 0.2068709 0.00128**

b CDC Cherie 0.0017183** 0.0109888* 0.002111**

b CDC Redcoat 0.00003343*** 0.0389078* 0.015443*

b ILL 7716 0.001551** 0.0440525* 0.652909

b ILL 9888 0.9361405 0.0562488. 0.413948

b PI 490288 LSP 0.00002214*** 0.1629725 0.042982*

d CDC Asterix 0.0710893. 0.00000000000003065*** 0.0000000005822***

d CDC Cherie < 2.2e-16*** 0.000001443*** 0.0000000001361***

d CDC Redcoat 0.019189* 0.0004356*** 0.00000003343***

d ILL 7716 0.00000000001018*** 0.0346268* 0.00000001974***

d ILL 9888 0.00000000000007574*** 0.000000003352*** 0.928423

d PI 490288 LSP 0.0000000002027*** 0.3713966 0.000000000000001128***

e CDC Asterix 0.0004119*** < 2.2e-16*** < 2.2e-16***

e CDC Cherie < 2.2e-16*** 3.791E-16*** < 2.2e-16***

e CDC Redcoat 0.0000001434*** 0.00000008311*** 0.00000000006771***

e ILL 7716 < 2.2e-16*** 0.0059821** 0.000000001479***

e ILL 9888 0.0123912* < 2.2e-16*** 0.937999

e PI 490288 LSP < 2.2e-16*** 0.0853904. < 2.2e-16***
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Appendix 5: P-values are displayed for parameter estimates of biomass, area, and volume at 

Rosthern 2018 (Figures 4-2, 4-3, 4-4, 4-5, 4-6, and 4-7). 

 

 

 

 

 

 

Parameter Genotype Biomass p-value Area p-value Volume p-value

b CDC Asterix 0.20404 0.0656461. 0.0866435.

b CDC Cherie 0.17161 0.5434208 0.1454995

b CDC Redcoat 0.12928 0.0572646. 0.1222986

b ILL 7716 0.92097 0.6948322 0.5887951

b ILL 9888 0.37814 0.485527 0.6098003

b PI 490288 LSP 0.18512 0.220733 0.3641058

d CDC Asterix 0.63243 0.0001057*** 0.00005252***

d CDC Cherie 0.61201 0.0000001735*** 0.0010251**

d CDC Redcoat 0.23779 0.000006478*** 0.000002108***

d ILL 7716 0.0000000003091*** 0.0006082*** 0.0044956**

d ILL 9888 0.63576 0.0482207* 0.6880613

d PI 490288 LSP 0.79658 0.0495049* 0.3927459

e CDC Asterix 0.52618 0.00006232*** 0.0001391***

e CDC Cherie 0.4513 0.005127** 0.0009101***

e CDC Redcoat 0.09491. 0.000001436*** 0.00000006275***

e ILL 7716 0.0000000007845*** 0.0035725** 0.0064826**

e ILL 9888 0.55967 0.1558248 0.8042223

e PI 490288 LSP 0.66425 0.036055* 0.4397135
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Parameter Genotype Biomass p-value Area p-value Volume p-value

b CDC Cherie 0.000007894*** 0.00009475*** 0.0100064*

b CDC Redcoat 0.00001084*** 0.0013014** 0.0036068**

b ILL 7716 0.0001397*** 0.0036547** 0.3986955

b ILL 9888 0.0023239** 0.0632386. 0.5371942

b PI 490288 LSP 0.000009695*** 0.0009274*** 0.0532361.

d CDC Cherie 0.00000002998*** 0.0000000005052*** 0.0055806**

d CDC Redcoat 0.000000000003424*** < 2.2e-16*** 0.0002387***

d ILL 7716 0.000000003641*** < 2.2e-16*** 0.00009433***

d ILL 9888 0.00009302*** 0.010909* 0.1947455

d PI 490288 LSP 0.00000000005386*** 0.000000000001125*** 0.0074611**

e CDC Cherie < 2.2e-16*** 2.481E-16*** 0.0007708***

e CDC Redcoat < 2.2e-16*** < 2.2e-16*** 0.000005776***

e ILL 7716 < 2.2e-16*** < 2.2e-16*** 0.0006491***

e ILL 9888 0.000000001293*** 0.000243*** 0.179438

e PI 490288 LSP < 2.2e-16*** < 2.2e-16*** 0.0014262**
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