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Abstract

Plant phenotyping has been studied for decades for understanding the relationship
between plant genotype, phenotyaed the surrounding environment. Improved accuracy and
efficiency in plant phenotyping is a critical factor in expediting plant breedingharselection
process. In the past, plant phenotypic traits were extractedinsagive ad destructive
sampling methods andanual measurements, whisleretime-consuming, labemtensive and
costinefficient. More importantly, the accuracy and consistency of manetiodscan be
highly variable.In recent yeardjowever photogammetry and 3D modeling techniques/e
been introduced to extract plant phenotypic traits no cosefficient methods using these two
techniquedaveyet been developed for largeale planphenotyping studieddigh-throughput
3D modeling techniqugan plant biology and agriculturarestill in thedevelopmental stages, but
it is believedthatthe temporal and spatial resolutions of these systems are well matched to many
plant phenotyping needs. Such technology can betaseslp rapidphenotypic tait extraction
aid crop genogpe selectionleading to improvements rop yield.

In this study, we introduce an automated Higtoughput phenotyping pipeline using
affordable imaging systems, image processamg 3D reconstruction algorithms to build 2
mosaicked orthophotos and 3D plant models. Chaiased and grounével field
implementationgan be usetb measur@henotypic traits such as leaf length, rosette area in 2D
and 3D, plant nastic movemeatddiurnal cycles. Our automated pipeline kesssplatform

capabilitiesanda degree of instrument independemaking itsuitable for various situations.
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Abstract

Plant phenotyping has been studied for decades for understanding the relationship
between plant genotype, phenotyaed the surrounding environment. Improved accuracy and
efficiency in plant phenotyping is a critical factor in expediting plant breedingharselection
process. In the past, plant phenotypic traits were extracted using invadidestructive
samplingmethods andthanual measurements, whisleretime-consuming, labemtensive and
costinefficient. More importantly, the accuracy and consistency of manetiodscan be
highly variable.In recent years, howevehotogrammetry and 3D modeling technighase
been introduced to extract plant phenotypic traits no cosefficient methods using these two
techniquedaveyet been developed for largeale planphenotyping studieddigh-throughput
3D modeling techniqugan plant biology and agriculturare still in thedevelopmental stages, but
it is believedthatthe temporal and spatial resolutions of these systems are well matched to many
plant phenotyping needs. Such technology can betaseslp rapidphenotypic traiextraction
aid crop genogpeselectionleading to improvements rop yield.

In this study, we introduce an automated Higtoughput phenotyping pipeline using
affordable imaging systems, image processamg 3D reconstruction algorithms to build 2D
mosaicked orthophotos and 3apt models. Chambdrased and grounével field
implementationgan be usetb measur@henotypic traits such as leaf length, rosette area in 2D
and 3D, plant nastic movemeatiddiurnal cycles. Our automated pipeline has cpaform

capabilitiesanda degree of instrument independemaking itsuitable for various situations.
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Chapterl-l nt roducti on

Plant high-throughput phenotyping

Phenotyping is acquiring a set of observable characteristics of plants resulting from the
interaction of their genotypes with teavironmen{Wanscher 1975; Blum et al. 1982).
Traditional phenotyping methods often rely on simple tools like rulers and other measuring
devicesalong with large amounts of manual wpid extract the desired trait data. Compared to
advanced genotyping methods sashthe latest sequencing technologies, traditional
phenotyping methods are tineensuming, laberntensive, and coshefficient. This limitsour
ability to quantitatively understand how genetic traits are related to plant growth, environmental
adaptationand yield

In the past several years, tremendous interest in plantiiighghpa phenotyping
(HTP) techniquebas arisenThese technigues use sensor systems and automated computer
algorithms to extract phenotypic traits farge genetic mapping poptions using non
destructive and nemvasive sampling methods (Fiorani and Schurr 2013). With such new
techniques, plant phenotypes can be linked with functional genomics and environmental factors,
thus facilitating plant breeding and leading toward imptbcrop production and yield stability
This is essential to meet the expected demands of the world population by 2050 (Bolon et al.
2011; Bongaarts 2014).

Typically, the extraction of data via HTP methods involves a series of discrete steps that
must bereliably executed in sequence. Such asetofstepsiief erred to as a ndpi
Commer ci al phenotyping systems such as GROWSC

Jansen et al. 2009), PHENOPSIS (Granier et al. 2006), and the LemnaTec Scélidbyzer



(Furbankand Tester 2011; Green et al. 20Chen et al. 2034Dornbusch et al. 2014) habeen
used in some smadicale research laboratories for automating plant pheimgtyp controlled
environmentsLargerscale, fullyautomated higlthroughput phenotyping €dities have also
been deployed in the greenhouses or growth chambers of private sector firmsMooksaso

andDupont Pioneeandin the most advanced national plant research institutions such as the

Australian Plant Phenomics Facilithe European Plant Phenotyping NetwoakdUSDA,

however, thesendoorfacilities cannobe used for field phenotypingdditionally, the cost of
these systems is beyond most research | aborat
science.

In the field most phenotyping systems have mainly focused on automated solutions for
data acquisitin using platforms that combine a vehialedperhaps some robotiggth imaging
systemsand sensord.ess welldeveloped are complete data pipelines that automate data storage,
processing, ashanalysis\\Vhite et al. 201 The result can be that slow mahaallection of
small amounts of data is replaced by slow manual management of large amounts of
aubmaticallycollected datalhereforewhat is needed is integrated HTP and data management
systems incorporating bothtdaacquisition and processirigeally, these systems would be
sufficiently generido be used with minimal or no alteration in both laboratoryfaid settings.

We will present such a system in thisd the chapters that followut first we will describe the
biological system of interest
The model plantArabidopsis thaliana

The plant used as the test subject in this studyabidopsis thaliangL.) Heynh. It is a

small, rapidly maturing plant in the Brassicaceae that is native to Europe, Asia, and parts of

North Africa. It has also invaded North America on several occasions and is, therefore, virtually


http://www.lemnatec.com/speaker/phenodays-2012-talks-jasec-benak/
http://www.pioneer.com/home/site/about/news-media/news-releases/template.CONTENT/guid.2041A14D-06A1-15E9-868E-BF415BF82D84
http://www.plantphenomics.org.au/
http://www.plant-phenotyping-network.eu/eppn/structure
http://www.nifa.usda.gov/nea/plants/pdfs/%20whitepaper_finalUSDA.pd

ubiquitous from latitude 25 to 65, Mxcep for Greenlandlt is also found in parts of South
America, SubSaharan Africa, Australia, and New ZealaAdabidopsis thalianas an important
model system that has been used for identifying plant genes and determining their functions
(Arabidopsis Genom Initiative, 2000)It has a small genome and its small stature and rapid
development times makeahideal genetic model plant for the same reasons tragdphila is
an ideal genetic mod@&r animals. It was the first plant to have its genome seqddint2000).
Figure 1.1 shows aftrabidopsisplant with key parts labeledhis study primarily
focuses on vegetative development and the critical phenotypes are the areas, lengths, and angles

of the rosette leaves, which form a circular pattern in ghoseimity to the ground.
Shadeavoidance responses

All plants are vulnerable to shading by taller neighbors and this is particularly so in
Arabidopsis because its rosette is close to the ground. @lvadtance behaviors form a suite of
responses that plecan undertake to find more light. They range from increased leaf
elongation, alteration of leaf angles, growth in a more upward rather than outward direction, and
even flowering more rapidlyMorelli and Ruberti 2000; Mullen et al. 2006

Shadeavoidarte responses are triggered by the reduced amounts of photosynthetically
active radiation (PAR) transmitted through or reflected from plant tissues. In plant leaves
chlorophyll absorbs light more strongly in the red portion of the spectrum than in tiee long
wavelengthfar-red region $mith, 1982)Phytochrome is an important plant pigment that has
two molecular configurations that are differentially sensitive to these two waveltiagdsore,
the plant is able to sense the ratio of red teddrwavelegths (R: FR. Low ratios are an
accurate signal of neighboring plant proximity and, therefore, a positive indicator of competitive

intensity (Ballare et al. 199@&mith et al. 1990Gilbert et al. 2001; Schmitt et al. 200Bjus,



shadeavoidancephenotypes constitute ameresting complex of traits whose intricate
interactions with each other and with the environment are therefore \stdeligd (Weijschedé
et al. 2006; Schmitt et al. 2003).

As listed above, leaf length, rosette area, and leglta are widehstudied traits related
to shadeavoidance responsesShitwood et al. (2012nhanipulated fared light to induce
changes in leaf length. This study found a linear relationship between total leaf lentita and
square root ofotal leaf areaThis study involved destructive sampling of fullgveloped leaves.
Studies of leaf angles are not only important in shade avoidance but also in studies of repetitive
daily patterns of activity. Under some circumstanpémt leaves can rise and fallan
oscillatory behavior that can servesggsr oxy f or t he cyclingHoomg t he |
et al. 2013; Dornbusch et al. 2Q1# indoor environments (although not in the field)
Arabidopsisplants exhibit these nastic movements (Greenhaah 2015).

In many shad@voidance and growtstage related studies, leaf area, leaf length and
rosette area we@btainedusing mechanical measuring tools, such as calipers or rulers (Poethig
and Sussex 198Boyes et al. 200MVeijschedé et al. 200G 0nzalez et al. 2010Y-he accuracy
of thosedatg howeverjs limited by systematic error from the precision of conventional
measuring toolglong withhuman errors during invasive plant handling and subjective
interpretation. The manual measurement proceaso timeconsuming antaborintensive
Arvidsson et al. (201lipdicateda major bias in that the measurements of one stage during a
particular plant developmental period are insufficient to interpret the phenotypes at other stages.
Therefore, continous timeseries measurements during the entire developmental period are
needed for studying sha@eoidance traits and, presumably, for other types of plant

investigations as well



Objectives

In the HTP pipeline to be descrihéide three traits of totd¢af length, leaf area, and leaf
angle will be detected by both 2D and 3D processing in a laboratory environment. The first two
will also be monitored in the field using the 2D components of the same pipeline.

This pipeline is lowcost, fullyautomated, ah as just noted, generic. That is, the
pipeline was specifically designed at the application level to have platésrm capabilities and
a degree of instrument independence. As depicted by the flowchart shown in Figure 1.2, the
pipeline contains five $#ions.1) Image data acquisitionsed different platforms in indoor vs.
field environments to collect tirgeries images of plant development. Indoor, stationary
imaging systems were designed and mounted on each of six shelves in a growth chamber of
University of California, Davis (UCD). At the University of Wyoming (UW,Y§ mobile
imaging system waseseloped for use in the fiel@) Image data storage, transmission, and
managementvolved the use of servers at UCD, UWY, and Kansas State University (KSU). For
both the chamber and field experiments, images were stored locally and then transmitted via the

iPlant Collaborativéhttp//www.iplantcollaborative.org/(iPlant)to servers at KSU. This

resulted in three complete backups of all image sets at the originpne at iPlant, and one at
KSU. 3) Image processingperations includpre-processingorthophoto genation, and image
segmentatiord) Metadata reconciliations necessary because metadata generated by different
sourcesi(e., humanentered data and/or some automated data) may conflict regarding the
identity of each image. Reconciliation yields the most accurate paofrggsotype and

phenotype dat&) Phenotype extractiomcludes the machineision operations that yield the
biological data that comprise the ultimate goal of the sydtsmon, a higHevel scripting

language, was used to connect and automate thersect


http://www.iplantcollaborative.org/

In Chapter 2, we develop the pipeline in the context of a growth chamber experiment. It
extracts data on total leaf length and 2D rosette area for a set of 1050 Aistlyidopsis
genetic lines comprising a nested association mapping (NAM) papuld NAM population is
aset of plants specifically designed to permit measured traits to be associated with genomic
regions by a particular form of statistical analy8igathi et al. 2010)Jsing the same pipeline
the relationship between these twaits will be analyzed both in thedoorenvironment where
it was developed and also in the context of a field experiment using the same 1050 lines. This
comparison will reveal how the pipeline is independent of the particular imaging platform used
as ths is different for the two environments.

In Chapter 3, we used the same pipeline over time to extract hourly measureii@énts
rosette area undémne irdoor environment for analyzing plant growth and plant nastic
movements across multiple diurnal cyclsthis contexti 2 D6 means t hat t he na
movements were detected via the influence of leaf angle changepareradeaf lengths and
areasA shortcoming of the 2D approach is that there is no way to correct the length and area
estimates to accoufdr those movementsiowever, we then proceed to exploit 3D information
to construct just a correction. The result is a novel system that is able to track both nastic

movements and plant growth from the same images, somethipgevaiuslypossible
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Figure 1.1 Potted Arabidopsis thalianaplant.
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Figure 1.2. Flowchart of the high-throughput phenotyping pipeline.
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Chapter2-Hi ggthhr oughput phenotyping pij

Introduction

Global crop production and plant biologyfacing a tremendous challenge in that current
production ratew i | | not provide sufficient food to mee
by 2050 Bongaarts 2014). Previous studiésibank et al. 2009; Reynolds et al. 2008ster
and Langridge 20)Gshowedhat traditional breeding prograrnamot sufficiently increase
annual crop production for the three major cereal crops: rice, naaidevheat. In the past
decade, advances in gene technology, such as next generation DNA seqbernejmgyvided
variousmeango improve plant breeding techniques. With these new techniques, bresaters

potentially increase the rate of genetic improvement by molecular bre@fiiigps 2010.

Initial molecular genetics studies focused on studyirapidopsis thhana to gain an
understanding of plantsingeneral O6 Mal | ey and Ecker (2010) repc
genomewide knockout lines were available Amabidopsis thalianaWeigel and Mott (2009)
stated that 1001 Arabidopsis ecotypes were sequenced toga@achparative genomic
database. Similarlfhe genome sequences of many crops, such as ricas, wdeat, sorghum,
andbarley, have also been obtained due to the dramatic reduction in sequencing costs in the past
few years Furbank and Tester 20)1Beause of higkithroughput genotyping, it is possible to
develop large mapping populations and diversity panels for plant bredtiihu{len et al.

2009).

Although genotyping techniques have improved dramatically, methods of extracting
phenotypic traits folarge mapping populations are much lessdellelopedThis greatlylimits

our ability to quantitatively understamdw genes relatéo plant growth, environmental
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adaptation, and yield. To remedy this, the gerddtaneed to be carefully and comprebeely
linked to plant phenotypic traits in reabrld environmentsiliyao et al. 200Y. In contrast to
high-throughput genotypinthat offers rapid and inexpensive genomic information extraction,
conventional plant phenotym methods are still labantensive and cosinefficient. Plant
phenotyping methods for smaller plants, sucAmabidopsis are mainly dependent on intensive
manual work for sampling, handling, and measuring plants often invasivety fully
destructively. Due to this timeonsuming process, very few phenotypic measurements can be

acquired during the entire growing period (Arvidsson et al. 2011)

In the past few years, there has been increased interest ithhogighput phenotyping
approaches in controlleddoorenvironments (ierani and Schurr 20)3These new approaches
linking functional genomics, phenomics, and plant breeding are needed to improve both crop
production and crop yield stability and also for efficient screeofriggh-yielding/stress
tolerant varieties (Boloet al. 2011)Walter et al. (2007) and Jansen et al. (2009) used the
GROWSCREENUFLUORO system t o me asanieretalc(2006pr op hy
utilized the PHENOPSIS system to automate the soil water content control for screening soll
waterdeficit response. Many studidsurbank and Tester 2011; Dornbusch et al 2012; Green et
al. 2012; Chen et al. 2014; Dornbusch et al. 20i4e used LemnaT&canalyzer HTS systems

(http:/Mvww.lemnatec.comto scan fant surface with imaging lasersystemgo acquire and

analyze plant imagesr 3D point clouds for extractingertainphenotypic traits. The main
advantage aothe Scanalyzer HTB that itis a fully-automated processing pipeline containing
image acquision, storage, management, and processing components, along with some

subsequent statistical analyses of the resulting data
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Some largescale fully-automated higithroughput phenotyping facilities have also been
deployed in the greenhouses or growthrobers of private sector firms suchMgnsantoand

Dupont Pioneeand the most advanced national plant research institusool as théustralian

Plant Phenomics FacilityheEuropean Plant Phenotyping NetwpakdUSDA. In these

installations, robotics, precise environmentaitcol, and remote sensing technologiesused
to monitor and assess plant growth and development overSuoke highend facilities require
budgets far beyond those of most research laboratboesverand may not be suitable for all

situations, sugt as field environments

To date, arrent field phenotyping approaches havainly focused on automated
solutions for data acquisitiamsing platforms that integrate a vehicle, robotics, imaging systems,
and sensors. Althoughisis changing, less wortkas been directed toward automating data
storage, processing, and analysis. Due to these considerations and limitatietis,ctighput

phenotyping under field conditismas not yet reached its full potential

Many previous indoor and field studies usmeging systems (cameras or scanners) and
invasive sampling methods (excised plant parts) to extract phentitsdCandela et al. 1999
PérezPérez et al. 2002; Cookson et al. 2007; Bylesjo et al.; 2808t al. 2012; Chitwood et al.
2012). Thesetadies, however, failed to take into account the optical distortion generated by
imaging systentenses andthe perspective distortion created by the angle of viewe distance
andarea cannot baleterminedrom a 2D image ikitheroptical distortioror perspective
distortion are preserdéind merely facing the imagers straight down does not fixptoislem In
particular if a large number of plants are clustered for imagimgstof the plantawill not be at
thecenter of each individual frame. Thiapts on the corners of each fram#dl be distorted by

the perspective viewing angle of the widagle lens (Figure 2.1Jhe optical distortion and

16


http://www.lemnatec.com/speaker/phenodays-2012-talks-jasec-benak/
http://www.pioneer.com/home/site/about/news-media/news-releases/template.CONTENT/guid.2041A14D-06A1-15E9-868E-BF415BF82D84
http://www.plantphenomics.org.au/
http://www.plantphenomics.org.au/
http://www.plant-phenotyping-network.eu/eppn/structure
http://www.nifa.usda.gov/nea/plants/pdfs/%20whitepaper_finalUSDA.pd

perspective distortion of the imaging system ntlisteforebe removed before measuring any
geometric quatities from a 2D image

Therefore, in this chapter, we present a-lmst and fullyautomated highthroughput
imagingbasedohenotyping pipeline suitable for both controlled environmentthefield. This
pipeline has three advantages comep#én other &isting pipelines: 1) a loveost imaging
system, 2) elements of instrument independency, and 3)mlatésrm capability. The first
advantage is that othe-shelf, lowcost digital cameras were used as imaging devices instead of
otherpossibleremote sesors. This technique allows phenotypic traits (éegf length, rosette
area, diurnal plant nastic movements, and plant vegetation conditions) to be extracted and

measured directly from images.

The second advantage of this pipeline is a degree of imsbiindependency. For
example, higHevel scripts were used to interface with cammenufacturdrsupplied image
processing software. Because many camera manufacturers provide similar tools, exchanging

cameras becomes mainly a matter of altering the interface scripts.

The third advantage is creptatform capability. Although the image data acquisitamd
data transfer methods may vary in different applications, the pipeline has a generic structure so
that it can be deployed on different phenotyping platfornmutftiple environmentsvith
minimal modification Specifically, the pipeline was deployed two different imaging
platforms: a stationary growth chamber platform and a movable field plafftvemnovel,
generic features enabling the pipeline to operate in these very different environments are outlined

next.

In particular, the pipeline extragiant phenotypic traits by: I¥moving image optical

distortion and perspective distortion, and 2) applying mathematical algorithms to analyze rosette
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parameters (e.g.osette center, leaf tips) for total leaf expansion and 2D rosette area
measurement3.he workflow for image analysis and extracting rosette parameters from 2D

images is showm Figure 2.2

Materials and methods

Imaging platform

Indoor imaging platform

The pipeline development was part of a growth chamber experiment conducted at
University of Californig Davis (UGDavis) for studying the shadesoidance response ai
ArabidopsisNAM population.A total of 108 Canon Powershot S95 cameras were mounted
facing straight down on six shehéeshree shelves for simulating sun and three shelves for shade
(Figure 2.3A and B)On each shelf, 18 cameras were mounted irr@2stationary camera
frame 0.4m height above the shelf surfaé&ach shelf hel@4 (three rows of eigh-by-4 pot

flats within a 0.86by-2.13m area

Eachcamerawvas assigned a threlgit ID comprised of shelf numberi(&), row number
(11 2), and camera position (), in that order. Figure 2.3C is one individual image shgwhe
field-of-view (FOV) of each camera and the aodot systems for tracking plant rotatigmhe

color-dot system is described below in the section on indoor genotype assignment.)

All of the cameras were set on manual focus, manual exposure mode (F7.1, 1/25 s, auto
white balance), and a 28Bm (35-mm equvalen( focal length. A modified intervalometer script
and the Canon Hack Development Kit (CHDK) firmware were installed on all of the cameras to
trigger them simultaneously at the start of each Howrder to prevent cameras from

overheating, the LCIBcreen of each camera was turned off by this customized script after each
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imagewas takenAll of the images were saved as Canon CR2 RAW format for prese¢hang

maximal amount of geometric, spectrahd camera information

Field imaging platform

The same genotypes Afabidopsisusedin the chamber weralsoplanted outdoors at
the University of Wyoming (UW) Plant Science Station in Laramie. Plants were grown for a
few days in biodegradable pots in the greenhouse and then transplanted td thefiel
randomized block design. They were placed in-&rhQyrid with 14 rows and 6 columns. Two
Canon EOS REBEL T3i DSLR cameras with Canon EF 20mm f/2.8 andée lens were
mounted on a moveable camé@meata 95-cm height abovéhe ground (Figure 2). Instead
of facing straight down aa the chamber pipeline design, both cameras were mounted angled

slightly towards each other to maximize the overlap arehedf respectivéOV.

For stability and repeatability, the camera mount was placed orshfragte
surrounding each plot. The inner frame dimensions were 153.0 cm by 736 omage the
whole plot, the camem@ountwasfirst moved to siXixed positions in sequena@nd pictures
weretaken These six pairs did not fully capture all plariist, because the cameras were on one
side of the mount, a seventh positisauld only have seetheground outside the plot
Thereforethe camera mount was turned IBfyres and a final, seventh pair of pictureas

taken

Two Canon flasbswith diffusers were attached on opposite sides of the camera.mount
These served to limit the influence of the ambient light changes duriegplosure interveand
minimize camera mount shadows. Each flash was caocoataolled through an extension cabl
Both cameras were set on manual focus, manual exposure mode (F9, 1/200 s, auto white

balance). A customized camera trigger was Isaitioth camerafired simultaneously

19



Image storing, managemenand transfer

Indoor imagestoring, managementand transfer

All cameras were connected to a local data server aDb\is via USB cables for
transferring images automatically. A Perl script written by Michael Covington renamed the
hourly image files using the combination of the imaging date, time, and cHnétaghttime
images were deleted and daytirbedQ am to 8:00 pjnimages were stored in the server.
Although all of the 108 cameras were mounted in landscape orientation, tHe luilbd rotation
function of the cameras would sometimes rotate imaggsrtaait orientation, creating problems

in subsequent stepsofix this, ExifTool http://www.sno.phy.queensu.ca/~phil/exiftgol

Pertbased program, was integratetbithe pipeline to automatically rotate any RAW images
found to be in portrait orientation. Each night, theprecessed RAW images were transferred

to a data store opeeal by the iPlanand, from there, to a server at KSU. Once the images
reached the KSWerver, they were organized into different subdirectories based on the imaging
date, time, and shelf number. This set of transfers resulted in three redundant copies of the

images being maintained at tBavis, iPlant, and KSU

Field imagestoring, managerant, and transfer

For field image storing and transfer, images were first downloaded from the cameras
a local computer at UW and then transferred to the data server at KSU viaWhantas the
indoor system used cameradland dates to organidgetimages, QR codes containing block
and plot numbers were employed in the figtdgure 2.5). The QRode images were first
automatically recognized within the stream of images by computing a color histogram and
looking for a large number of white pixelhe images containing QR codes were converted to

binary using a threshold that removed shadolnen ZBar [ittp://zbar.sourceforge.ngta
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freeware QR coder reader integrated into the pipgtixieacted the block number and plot
number. This data was used to group the subsequent images into a directory named by image

date, block, and plot information

Missing camera detection mechanisof indoor imaging pipeline
During the imaging period, ocs@nally some cameras would accidently turn off,
possibly due to unstable CHDK firmware. If not immediately detected and corrected, gaps in
phenotypic data would result. Therefore, we included in the pipeline a mechanism for detecting
missing cameras based tracking the camer@is in the image names. When missing camera
IDs were detected, the pipeline automatically sent an email reporting the problem so it could be

manually fixed

Pipeline control
Agisoft Photoscan Pro (Photoscan), one of the prograrne tescribed below, includes
a Python scriptinggapable application program interface (API) whose intent is to allow users to
automate its capabilities. This was exploited to control all pipeline functions, including, in some
cases, the control of progna completely external to Photoscan. The following sections describe
all functions used in the processing pipeliaiépf which were completely automated within the

Photoscan Python API

Image pre-processing
There were two corrections performed duringithage preprocessing section for the
images: image color correction amtiage optical distortion correction. The Canon Digital Photo
Professional (DPP) program was used for color correction, optical distortion corraation

TIFF conversion
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Image colorcorrection

Due to illumination variations across the shelf, the camera pedponses differed
slightly. For better plant segmentation process in the following step, the color of the RAW
images was corrected by the white balance correction functitwe BIPP programThe
spectrallosslesRAW file format was chosedespite its memory requirememtsmake this
possible Wide-angle lenses are also susceptibleigmetting effectavhere image brightness is
reduced at the peripheryhis cancomplicate colosegmentatiotout wascorrected during this
process. A customized colgrid poster was photographed to verify the image color correction at
the end of the process
Image optical distortion correction

Fewof thepreviousimagebase phenotypingtudieshaveconsidered lens distortion
whenextractingleaf parameters (length, width, and area). Due to the geometric distortion caused
by lens optics, those leaf measurements have reduced accuracy for plants not at the center of
each imageUsing theRAW file forma alsoallowed us to use manufactwiovided lens
profile data to correct the geometric distortion of each @lamother function built into DPP
After image color correction and optical distortion correction, TIFF image files were exported.
The colorgrid poster was also used for verifying the image optical distortion correction
DPP automation

A design drawback of DPP is that it assumes a human will be using it to correct a small
number of imagesThus, it lacks any automation capabiliti@aerefore Autolt

(https://www.autoitscript.com/site/autgita BASIGlike scripting language, was used to

automate the DPP graphical user interface (GUI). This language simulates user mouse clicks and

textentries While this may seem cumbersome, it is actually a major advantage of the pipeline
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Aside from the Perl script described, the Autolt script is the only element of the pipeline that
would have to be altered if a different brand of camera and maunrgaptovided image

correction software were adopted

Orthophoto generation
The final type of correction remova@tiage perspective distortiomhis was done by
generating orthophotoghich aresynthetic imageproduced as if each pixie being viewed
straight down Thus orthophots permit geometric quantities such as 2D distances and areas to
be measured with perspective effects remoVée Agisoft Photoscan Pro (Photoscan) program

(http:/Mvww.agisoft.con performed this step usintpe TIFF images output from DPP. This was

done in ninedmage subsets, each of which covered onegdfadff. (The original intent was to do

full shelves but it was discovered after plants were added to the chamber that the vertical camera
spacing did not permit thdsa design flaw to be avoided in the futur@he program converted

each set to an orthophotdowever, in the process of implementing this stepubtle difference
between the chamber and the field was uncovered that afeectetly how this should be dane

This is described in the following two subsections

Indoor environment image rendering method

Photoscan has four alternative rendering options for producing orthophtutsaic,
Average, Max Intensity, and Min Intensity. These govern the coloring method used to merge
corresponding pixels from different images into the orthophoto. It was discovered that a wrong
choice could have side effects for the small fraction of keévat happened to have very
different orientations with respect to different cameras. Specifically, the leaves would appear to

be ghosiike double exposures. This was corrected by choosing the Mosaic method that favored
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the camera whose view of ghostuea was most vertical. An example orthophoto is shown as

Figure 2.6A

Field image rendering method

When used in the field, however, the Mosaic rendering method left pronounced shadows
in the orthophoto that complicated subsequent processing Stepsvas resolved by usirige
Average rendering methodhis produces a more uniform orthophoto because areas that are
shadowed by the camera mount in one image will often nsha@owedn others Because it

blends pixelsthe Averaging method reducdsaslow contrast.

To summarize the pipeline control description, Python scripts written and ekecute
within Photoscan first invokAutolt to run a script in that languagenulatinguser keystrokes
and mouse clicks instructing DPP to remove lens and cdtortdonand produce TIFF
formatted imagesOnce Autolt processing finished, the Python script then initisighotoscan
operations that produdke orthophotoThe same script then continyesecuting the operations

described in théollowing sections

Image segmentation
Pot segmentation
In order to extract individual plants from earttamberorthophoto, lhe first step is to
apply image segmentation to identify the pots. This was dsimg the following equation
DEOQULE A6 YQQ
whereBlueis the pixel brightness value of the image blue chamteis the pixel brightness

value of the image red channahdbw() is the Otsu threshold metho@t6u 1975) fobinary

image transformation. Due to the slight illumination variagoross edg shelf, some of the pot
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edges could not be detected. The probabilistic Hough TransforniBtiga and Hart 1972vas
implemented in Python to identify the line segments anthftlhe missing pot edges (Figure
2.6B). A 4by-4 grid was generated for eaftht based on the known dimensions of the pots and

flats (Figure 2.6C)

Plant segmentation

Plant segmentation, the process of isolating the plants from other unwanted image
features like sojlpots,or other itemsis the next procesapplied toeach orthphoto. The wel
controlled illumination sources and image color corrections in the previous step allowed us to
use a simple vegetation index for quick plant segmentation. The vegetation index used for this
study computes the difference between the grednmexhchannsland uses a ratio to normalize
it throughout the entire imaging period. Thigasurethe Normalized GreeirRed Difference
Index (NGRDI) developed biunt et al. (2005)is similar tothe weltknown Normalized
Difference Vegetation Index (NDY.IHowever,NDRDI is more useful to distinguish healthy
vegetation from background in cameras like ours that have not been modifieidfiatset
sensitive. The Otsu threshold method was then applied for transforming grayscale NGRDI
imagesto a binaryform in which the planpixelsare white anall non-plantpixelsare black.
TheNDRDI equation in this study is as follew

.. 0l QO¥QQ
LaWEDL F—aay0d

whereGreenis the pixel brightness value of the image green chaReelis the pixel brightness

value of the image red channahdbw() is the Otsu threshold method for binary image
transformation. The processed binary orthophoto is shown as Figure 2.6D. The NGRDI equation
was implemented in Python and the Otsu thresholdmwasthe Open Source Computer Vision

Library (OpenCV http://opencv.org/
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Plant genotype assignment

Indoor pipeline genotype assignment

Althoughgrowthchambersre well controlled, there are still temperature andihgh
gradients that can affect plant growth and development. It is therefore common practice in
Arabidopsisexperiments to randomly reshuffle flats of pots every two to three Bigs
movements are recorded in spreadsheet,foutto provide redundancy within the image data
a system using thremlor dot combinations on each flat was developed. A atdbdetection
and decoding routine was integratetbithe processing pipeline for automatically tracking pots
so that the propagenotypes of each plant could be paired with the ultimate measured

phenotypes

Field pipeline genotype assignment

Because all of the plants were placed with @$4 planting grid in each plot of the field
study, a Python routine was integrated inghpeline to generate a 43-6 grid on each plot
orthophoto for extracting plants. However, due to some irregularities of planting grid placement
in each plot, each plot orthophoto nedtb be cropped first so the grids were generated in
appropriate posins (Figure 2.7)As each plant was extractgdant position anR-code data
on block and plot number was ugedename each singtesette imagerhis information was

paired with the genotype metadata collected when plant locations were assigned

Phenotypic traits extraction
Leaf length and total leaf expansion calculation
The key step in measuring leaf length is the detection of the rosette center and leaf tips on

eachsinglerosette binary image. The contours of each binary image were analyzedditsie
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image moments were then calculatetdigs://en.wikipedia.org/wiki/Image_momeénThe rosette

center was estimated usitige binary image centroidf all white (i.e, plant) pixels That is
A
0 0

wheredfA T dare the coordinates of the binary image centroid\rade image moments

Using the calculated rosette center as the origin, a radial scan was executed on the binary
image to yield a curve represengthe tra@d rosette outline in a 2D pldthe leaf tipsthe
points most distarftom the plant centeghould be th@eaks of theurve just described
However at firstit was challenging to find accurate peak locations due tootihghedges of
plant leavesThis was even more complicated when parts of the leaves appeared to be missing
due to damage or segmentation fadltserefore the rosetteoutline curve was first smoothed
using SavitzkyGolayfilter (Savitzky and Golay 19§40small, erroneous maxima coue
removed. The next step was to fiChebyshev polynomial (TchebycheB5B)to thesmoothed
rosetteoutline curvePutativepeaks wer¢henlocated by calculating the roots (j.eeros) of the
first derivative of the Chebyshev polynomial curve. Unfortunately, this procstlingelded
false leaf tip positionsometimes

Therefore, as a second step, the peak widths were analyzed using the x coordinates of the
rosetteoutline cuve to find the minimum peak width, which was used as the length of a moving
window centered at each detected curve peak. Within this moving window, the maximum of the
fitted rosetteoutline curve and the maximum of the original rosetidine curve were
compared. The true peak locations weeoveredf the maximum of the original rosettaitline
curve was higher. The pixel coordinates of the leaf tips were calculated based on the curve peak

locations. The length of each leaf was measured as the distamcthe rosette center to the leaf

tip. The total leaf expansion of each plant is the sum of all of the leaf lengths
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Rosette area calculation

The rosette area in each singtsette binary image can be simply calculdigd

computing the total number wafhite pixels in each singleosette binary image
Statistical modeling

Chitwood et al. (2012) manipulatéat-red light to induce changes in leaf lengthas a
indexof the shad@avoidance responséhis study demonstrated a linear relationship between
total leaf length and square root of the total leaf area. To test the relationship between total leaf
expansion and rosette area using our workflow, we implemented the power law function to fit the
phenotypealata with the followingequation

"Y€ OUXAOO o) D& | ©OF YE I QIO
wherea andb are parameters that determine the trajectory and shape of the power law function
respectively.

The parametera andb were estimated using the Levenbdfigrquardt nodinear least
squaremethod Bootstrap resampling was used to calculate 95% confidence intervals (CI) based
on 10000 simulations. The power law function and the least square estimation were implemented
using Python Scipy package

Indoor pipeline data analysis

Datafor total leaf expansion and rosette area measured on four different dates during a
10-day growth period were used for the analy§lse first set of data was collected the eighth
day after plant emergence, followed by three subsequent dattisatsdayintervals The time
points of this test were selected so that: 1) the plants were big enough to distinguish individual

leaves from the start, 2) the final image had a large roseti®) leaf overlap areas between
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adjacent plants were minimal. All of the imadesm theindoor pipeline were taken at 6:00 am
to minimize any possible ambient influences
Field pipeline data analysis

The same genotypésstedn theindoor environment weralsotested irthefield
experimentData from six different days were useditdhe same relationshig hey were
selected from af8-day period in which Day 1 was the third day after plants were transplanted
in the field Five subsequertates, eachthreeto four days apartfollowed (Thedates ofield

image data collectiowere dependerin weather conditics)
Results and discussion
Indoor imaging pipelinethroughput capability
Because there was a certain amount of unavoidable manual work during image

acquisition in the field, the completefjutomated indoor pipelingasused toevaluatethe

throughput capability of the phenotyping pipeline.

Orthophoto generation, whighitially required 38 CPuninutes per halghelf, was the
most timeconsuming process in the entire pipeliBg implementing High Performance
Computing HPC) routines using OpenCL and AMD GPUs in the pipeline, this processing time
was reduced to 25 minutes per hsltielf orthophoto. These HPC routines were also utilized in
other steps. It took approximately@®minutes to detect pots and decode the caits fibr
genotype assignmerihen two minute$or extracting phenotypic tragtata (e.g.total leaf
expansion, rosette area). Therefore, the total runtinttee@intire processing pipeline was 35

minutes maximum foeachhalf-shelf

The second method fanproving pipeline throughput was to use distributed parallel

computing routines tepreadhe processing tasks across a small computing cluster. Two split
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half-shelf orthophotos from each shelf were processed by two sodakaneously. For the
chamber pplication, there were 24-By-4 pot flats on each of the six shelves, which made 2,304
plants photographed hourly. Because imagwag conducted for 16 hours per dayotal of
36,864single-plant picturesvereobtained each dajtach cluster node procgesd 192 plant
imagesin 35 minutesequating taat least five plants per minute. Therefore, the runtime for
processing 1@ours of singleosette images on the smode cluster was 11.2 hours. The

capabilities of the chamber processing pipesiresshown n Table 2.1.

This pipeline was fast because all 108 cameras took images for six shelves
simultaneously. The tinsdor image storing, managemeand transfehavenot been included
in this analysis because of variations in local network and internet speeds. In the future, when the
processing pipeline is executed on a local computer cluster-&d¥(S for minimizing data

transfer time, all 2,304 plants can be soszkwithin an hour

Image analysis

Image optical distortion and color correction

The 28mm (35mm equivalent) focal length caused the optical distortion to be much
more severe on the image edges thathe image center. Figure 2.8A shows the cgiad
image before optical distortion removal. The red reference line was drawn on the image to
illustrate the curvature of the color grids caused by the optical distortion. Using Canon DPP to
remove optical distortion was accurate and efficient becaubenofan uf act ur er 6 s | ens
database. Figure 2.8B shotiatthe curvature of the edges of color grids was removed after the
optical distortion correction. The red reference line matched the edge of the color grid.

Due to variationsn shelf ilumination anl camerdirmware differences, the original

imageswere greener thatme original RGB values of color grids. After comparing different
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image color correction packages, the Canon Bé#fRvareprovided reasonably accurate color
correction using the white lzaice function provided hiyre camera manufacturer. After color
correction, the green tone was removed and the photographed RGB values were very close to the
original (Figure 2.9)
Image perspective distortion correction

Figure 2.10 (AB) shows two plantat the corner of the individual frame. The effects of
perspective are clear because a great deal of pot wall can be seen compared to plants at the image
centerswhere much less wall is visible. Due to this issue, direct measurements from the image
cenersand corners are not comparghtegure 2.10 (€D) shows that after ¥projecting each
pixel vertically. The sidewalls of the pots were largely corrected and only a small portion of the
pot®d s i dweene widible sompad to the uncorrected imag®éoreover, the reeboxi
highlighted leaves showed more leaf area in the corrected image for both of the plants when the
leaves were not entirely flat. The two pots shawFigure 2.10 are from the most extreme
corners of the shelf, so the small portions of Wesgidewalls are inevitable. For most of the pots,
the sidewalls were well corrected

Moreover, the bludoxi highlighted leaves showdhleaf positions were also mected.
For plant 1 (Figure 2.1%), the two leaves in the blue box showed a-figsideposition but in
reality, the smaller leaf was under the legfl as the corrected image sho{i#gure 2.1C). For
plant 2,thetwo leaveshighlighted by blue boxesverlappedn the uncorrected imadmut
distinguished clearlgfter correctior(Figure 2.DB and 2.10D). Although smaller leavesuld
not be counted when covered by bigger leaves, the perspdigiogiori corrected imagewill
provide more accurate leaf length and rosette area measurementsarghcie criticalwhen

studyingleaf shadeawoidance responses
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Rendering methods foindoor and field orthophoto

Most previous studiedid not use orthophotder extracting phenotypic traits from 2D
imagesand therefore did not have occasion to compare rendering methdds chambeeach
plantappeared in two views, one necily more oblique than the othén a small number of
casesthe leaf angles were sufficiently extreme that, depending on how the orthophoto was
rendered, a double image of the leaf would re&idure 2.11 illustratethe double image
problem and how it was resolved using the Mosaic metivbith colors the orthophoto using

the image pixels that resolve as being closest in 3D space

The redboxi highlighted leaves in Figure 2.11A and B were photographed with different
viewing angle by adjacent cameras 514 and 515. In this instance, a small leaf was covered by a
bigger leaf. Camera 515 photographed tlaan oblique angle so both leaves were visible to
this camera but not to Camera 5B&cause of this, under the Aveeagnderingmethod which
blends corresponding pixel colors from both imggee highlighted leaf appears twice in the
orthophoto (Figure 2.11CThis defect would subsequently confuse the leaf tip detection
algorithm. However, in Figure 2.11D, when th@$aic rendering method was used, the plant

outline was not corfadDi ngsamrd walse sfod viell e

There are actually three defects in Figure 2vhich need to be discussed: one is partial
overlap (top red box), one is different viewing angle (middle red box), and the last is complete
overlap (bottom red box). With theveragemethod all three create spurious leaf tips due to
di f fer ences ofithe daublleeamades. planvever thedVosaic method fixissssue

at the cost of occasionally losing an entire leaf (bottom red box).

On the othehand,in the field environment, the two cameras were relatively far away

from the plants, so the viewiraggle issue was not as pronounced as in the chamber. Instead, the
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major problem affecting rendering was the strong ambient illumination by sunlight, which cast
constantlychanging shadows of the camera mounts into the plots. Origittallgs thought that

the flashes could be used to completely eliminate shadows. Unfortunately, this required their
most powerful settings, which saturated image brightness. Theraflonger setting was used in
combination with the Average rendering method to improve the stensy of the brightness of

the orthophoto. Figure 2.12A shows pronounced camera mount shadows when the Mosaic
rendering method was used. Subsequent image segmenting by color analysis was not able to
achieve equalesultsat identifying plants under shaded and norshadowed conditions.

However, n Figure 2.12B, the orthophopsoduced byhe Average rendering method stsow

more uniform brightness throughout the entire plot. These images could be successfully

segmented even though the shadows were not ctehypdiminated

Field QR codes imaging and processing

QR codes provided ey efficient way to store plohetadata and organize plot images.
Initially, the groundlevel field pipeline could successfully recognize all of the €@de images
among other filel images by analyzing the histograms of the imglgatsthere were some failed
attempts when the ZBar reader tried to decode the QR codes. The failed atieruptsd when
the shadow of the camera modeit on the QR coded.o solve this issuethe brightness and
contrast of all of the recognized @®de images wer@st increased to minimize the shadow
then the adjusted images wéheesholdedo a shadowfree binary image. With this
improvement, all of the QR codes were successfully decautktha plot metadata was
accuratelyextracted

Leaf tip detection refinement
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Accurate éaf tip detection isritical tomeasuring leaf lengthnd total leaf length
expansionlnitially, however, many false leaf tips were detecthee tosmall irregulariteson
the original rosett®utline curve (Figure 2.13). As Figure 2.14 shows g$tenatecpeak
locations were shifted from the original rosettéline curve peak locationand peak heights
were lowered due to smoothing aftee Savitzkyi Golay filter and the Chebyshev Polynomial
curve fitting.However, aftethe second iteration of the leaf tip detectimost of the peak
locations from the first iteration were shifted back to the original radi@hyield curve peak
locations true peak locations werecoveredand many false peaks were eliminated. These
optimization operations provide much more accurate resettame peaks for positioning the
true leaf tips on the singl®sette binary imagé& his method was especialigcurate and
efficient for finding the leaf tips when the leaves were damaaeth the example Figure
2.14

Relationshipbetween rosette area and total leaf expansion
Relationship forindoor pipeline

The estimated parametenof the power law function from Day 1 to Day 4 is 0.836
(Figure 2.15A), 0.753 (Figure 2.15B), 0.750 (Figure 2.15C), and 0.636 (Figure 2.15D)
respectively, indicating a change in shape from-tieaarity to amore curved relationshifhe
range of possilel estimates for parameserandb obtained from 10000 bootstrap simulatiasns
shown in Figure 2.16. The histograms shows the frequency of estimatarfdb in 10 bins.
The mean, median, and mode &andb, respectivelyare very close to the origihastimate
from the least squares.fithe analyses of the parameter distributions and the bootstrap 95%

confidence intervalareshownin Table 2.2.
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Because the confidence limits for Days 1 and 4 do not ovérkegn be said thdhe
exponent of the poer law decreases with time while the slope factor increatbsugh there is
considerable uncertainty abdbe values oparametea. However, the range of values fois
within the reasonable expectations of being not greater than 1 and not le@$tfiaese values
are consistent with the idea young leaves mainly groeldaygation. Howevein later
developmental stages, total leaf expansiomwsrelative toleafwidth growth increasesvhich
becomeahe main contributor toncreasingosette areaChitwood et al. (200)2eported a linear
relationship between total leaf length and square root of the total leaf arda=(.8),for tomato
leaves atlate developmeat stage. This result is vesymilar to our finding 0b=0.636during
late development.

This dynamicrelationshipbetweertotal leaf expansion and rosette area has not been
reported previously, quite possibly because destrustwgpling madé impossible to collect
time-series data from the same pldatinggrowth. Our noninvasive imaging method, however,
can be used to track the tirseries development pattern fngle plants ira mapping
population

Relationship for field pipeline

The estimated paramesexr andb and the power law curves for Days 1 tméhe field
are shown in Table 2.3 and Figure 2.1FAespectivelyTheb values alsdollowed a
descending trend over time. Figure 2.18 shthe analyses of the parameter distributions and
the bootstrap 95% confidence intervals. This rdslldws whatis seen in the chambehat is b
is close to 1 at the beginning of the growth period but decreases oveAsimigove, the

confidence intervals of the first and last days do not ovestagwing that increases with time
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andb falls. Again, b showed theattern of being close toelarier and not less than 0.5 later.
This also appears similar the Chitwood et al. (2012¢sult

It is noticeable that thie value increased at Day 6, maifigcause o& highlight outlier.
The Figure 2.17G shows that this outlier was from a bolting plant that yielded a confusing
singlerosette binary image. The center part of this binary was missing due to bolting, and a
noisy plant outline caeslfalsely-detected leatips (Figure 2.19. After removing thisutlier, the
b valuedroppedo 0.749.

It is possible the parametiewould keep decreasing if a few more time points could be
used. However, from Day 6, many genotypes started bolting, which created difficulties in
generating clean binary images and decetis=etliability of the total leaf expansion and rosette

area measurements
Conclusion and perspectives

We presented a lowost, versatile, and automated hitihoughput phenotyping pipeline
based on imaging techlogy to extract plant phenotypic traits under different environatent
conditions. Our pipeline integrated a series of automated operaticlusling image data
acquisition in a controlled indoor environment, image data transfer and managemenpegenoty
assignment, phenotypic traxktraction, and analytical processes. The field image data
acquisitionwas not fully automatedue to different experimental designs compared to the indoor

environment.

Our HTP pipelinedealt withmany photogrammetric issudsathave not been previously
considered in most biology studiésages werefirst processed for optical and perspective
distortion removal to make sure the true geometric quantities destnce and area) could be

measured based on 2D images. Nedsaicked orthophotos of each shelf were created hourly
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for a mapping population. Last, segmented singietteimages werextracted from the
orthophotos for measuring leaf length and rosette area with our novel image processing
algorithm. This method traft@ms computingexpensive image processing operations to
mathematical curve fitting problenasidprovides a reliable solution for leaf tip detectiomthe

face of leaf irregularities, segmentation errors, and damage

With this framework of phenotypingime-series phenotypic traits of a mapping
population can be extracted and analyzed in a short period of time. In this study, we found a
powerlaw correlation between total leaf expansion and rosette area from otgeliias
analysis. At the early develogental stage, this relationship was close to linear; towards the end
of the developmental stages, the exponent started decreasenigtdstagefinding is very

similar to the results reported Bhitwood et al. (2012).

There are still some aspects akthipeline that need to be improved for future work. The
color-dot system of chamber studsas used to trackat position and orientatiochangesn the
orthophoto However,the QRcode approach proved its robustness and feasibility for storing
metadataand could be competitive in chamber settings to ergdntetype assignment.

Moreover, aerialevel field studies could also use €RBde system to store crop variety or field

position metadata
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Figure 2.1 Original image with optical distortion and perspective distortion

An origind image fromindoor environment showing plants before optical distortion and
perspective distortion correction. The plants from the corners were seriously diatatted
true distance and area cannot be measured directly from the image
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Figure 2.2 Image analysis workflow
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Figure 2.3 Indoor imaging platform.

A and B show he chamber imaging system on each shelf. C is an indiidual image from one
camera. Theolor-dot system was used to traclhy4 pot flat rotation during the growing
period.
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Figure 2.4 Field imaging platform.

Tl

The groundevel field imagig setu. Two Canon DSLR cameras were mounted wathghe
Two flashes with diffusers were mounted on the side bars for creating a uniform illumination
condition.
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Figure 2.5 Field image data management

Three successive images from one camera. Leftlw thigy arethe last image from the

preceding plot, the first image from the next plot with a QR code held in the camera view, and
the same plot view with the QR code removed. The image containing the QR code is recognized
by its large number of white pa¥s. The QR code is then read to identify the new plot and the
block that contains it.
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Figure 2.6 Orthophoto processing

—_.‘\"4 -

A) The mosaicked orthophoto for halfelf; B) detected pot binary image; §dnerated -by-4
grid overlaid on the orthophoto; D) detected plant binary image.
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The orthophoto of a plot with an automaticadignerated black grid for singfgant extraction
and genotype assignment.
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Figure 2.8 Image optical distortion correction.

====

| 1 [ | ___———
A) The image before the image optical distortion correction. The red refdnemcam the top
shows the curvature of the edge of the color grid. B) The image after the image optical distortion

correction. The edge of the colaidjshows straight comparing the red reference line.
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Figure 2.9 Image color correction.
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A) The image before the image color correction. The green tone of the image was due to shelf
illumination. B) The image after the color correction shétiegthe green tone was removed.
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Figure 2.10 Image perspective correction

Plant 1 Plant 2

Before

After

-

A) and B) were plant 1 and plantr2spectively, before the perspective distortion correction, and
C) and D) were the same two plants after the correction. The perspective distortion correctio
can 1) show more leaf area when that leaf was not flat (abogichighlighted),and2) show the
corrected leaf positions (as btbex-highlighted).
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Figure 2.11 Indoor orthophoto-rendering methods comparson.

v Camera515-

A) and B) show the same plant photographed by two adjacent cameras. The leaf positions were

not consistent due to different viewiaggle. When the Average rendering method was used, the
fgh-beavesodo i ssue conf usaed@ shevwed Mesaidbkridinggmetha | gor i
could provide better image for segmentatias D) showed.
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Figure 2.12 Field orthophoto-rendering methods comparison.

A) is the groundevel plot orthophoto using Mag blending method; Bs the orthophoto for
the same plot using Average blending method. Notice that théardghadows were minimized
by Average blending method.
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Figure 2.13 First iteration of leaf tip detection
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The first iteration of the Chebyshev Polynomial fitting for detecting the peaks of the tosette
outline curve, then the corresponding leaf tips on the smoglette binary image can be found. In
the plot, the red curve is the original outlim@ve, the blue curve is the Chebyshev Polynomial
fitting curve, andheblue-dasledcurve is the first derivative of the fitted curve. A damaged
leave (agicturedzoomedin) can show false tips due to the roughness or the damage of leaf
edges. The corsponding plant outline curve and peaks are also highlighted. The@rea
arrow shows the direction of the radial scan.

56



Figure 2.14 Second iteration of leaf tip detection.
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The second iteration for rumg the optimization algorithms. A smoother curve was fitted to the
original outline curve and then a moving window was cewltat each peak to locate the highest
peak (black triangle markers on the curve) in the window. The edanmview showshata

better leaf tip is detected. The zoedhin view of the curve showsat he corresponding peak of
the original outline curve (red curve) is detectethablack triangle marker. The true leaf tips
could be relocated on the binary image.
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Figure 2.15 Relationship of rosette area and total leaf expansion fandoor environment
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function. The exponents of the pawaw function decrease from Day 1 (thighthday after
plant emergence) to Day 4 (tfeurteenthday after plant emergence). At the early

developmental stage, the exponent is close to 1 (as linear relationship), and at the late
developmental stage, thepgonent is close to 0,Bnatching a previous study.
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Figure 2.16 Parameter estimations forindoor environment.
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Figure 2.17 Relationship of rosette area and total leaf expansion for field environment
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Figure 2.18 Parameter estimations for field environment

Theanalyses of the parameter distributions and the bootstrap 95% confidence intervals
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Figure 2.19 Original image and analyzed image of the outlier

Highlights outlier from Figure 2.17F. This plant started boltorgDay 6, which lead to a
confusing orthophoto. The segmented binary image missed thé pamiral section and false

leaf tips caused by boltingeredetectedwhich caused reduced rosette area but increased total
leaf expansion.
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Table 2.1 Throughput capability of chamber phenotyping processing pipeline

Hourly throughput  Averageprocessing Average processing time  Plant
(plants h* node?) time per plant (s) for daily singlerosette density
images (cluster h) (plants mt)

329 10.94 11.2 225
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Table 2.2 The datistics of the parameter estimationfor indoor environment.

Date Paramete Estimatio Mean Median  Mode Confidence Intervals

r n
Day 1 a 0.249 0.254 0.247 0.240 0.132-0.420

b 0.836 0.838 0.837 0.840 0.770-0.913
Day 2 a 0.493 0.520 0.497 0.499 0.311-0.857

b 0.753 0.751 0.752 0.751 0.689-0.807
Day 3 a 0.614 0.669 0.620 0.513 0.301-1.291

b 0.732 0.730 0.731 0.725 0.649-0.811
Day 4 a 1.771 1.833 1.785 1.582 1.035-2.908

b 0.626 0.626 0.625 0.621 0.573-0.683
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Table 2.3 The statistics of the parameter estimation for field environment

Date Parameter Estimation Mean Median Mode Confidence Intervals

Day 1 a 0.067 0.072 0.065 0.066 0.023-0.162
b 1.008 1.015 1.012 1.013 0.896-1.147
Day 2 a 0.211 0.219 0.203 0.215 0.086-0.441
b 0.869 0.875 0.873 0.871 0.778-0.980
Day 3 a 0.236 0.239 0.233 0.235 0.123-0.391
b 0.856 0.859 0.858 0.857 0.797-0.934
Day 4 a 0.263 0.279 0.264 0.269 0.130- 0.523
b 0.838 0.838 0.837 0.837 0.759-0.918
Day 5 a 0.858 0.831 0.829 0.849 0.372-1.307
b 0.710 0.719 0.713 0.715 0.664-0.803
Day 6 a 0.625 0.611 0.603 0.615 0.287-1.025
b 0.749 0.757 0.752 0.754 0.694-0.835
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Chapter3-2D and 3D Pipeline resul

Introduction

High-throughput plant phenotyping approaches have gained tremendous interest in recent
years. Such nemvasive approaches are essential to improve the efficiency and accuracy of
plant phenotyping, whicls critical to understaridg how plant phenotypeseatinked to
genotypes and the surroundieigvironment (Furbank and Tester 20Efgrani and Schurr 2013;
Dhondt et al. 2013; Kjaer and Ottosen 20 Marious sensors, sues 3D laser scanning sensors,
RGB/neatinfrared cameras, hyperspectral sensorspthkeimaging systems, and chlorophyll
fluorescence imaging sensors, have been integrated into automated phenotyping pipelines to
extract plant phenotypic traitsoin mappingpopulations (Rascher et al. 20Mabhlein et al.

2012. Studies in large mapping palations enable detection of quantitative trait loci (QTLS),
which are genomic regions that may contain genes controlling the plant feature ofdnterest
exampleleaf area

Leaf areas are of particular importance to many planibgy studiesincluding
photosynthesis, stomatal conductance, and transpiration efficiduneyger et al. 2005).

Previous studiegQandela et al. 199®érezPérez et al. 2002; Cookson et al. 2007; Bylesjo et al.
2008 Weight et al. 2008; Backhaus et al. 2010; Ali et al. 2Ct#twood et al. 2012; Maloof et

al. 2013; Easlon et al. 2014) used imaging systems with commercial or customized software to
acquire singldeaf areas and rosette area from 2D images. Invasive and destructive plant
sampling methods (e,dharvesting planeaves) were used in these studies during imaduagh
methods do not allow any plant to be measured twaeovertheyare highly labotintensive

dueto the number of plants needed to get sufficient data and the amount of manual work each

plant reqires
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Two-dimensionalmaging technigues can provide useful information, suakbtsning
estimates ofosette arear studyng plant diurnal cycle via timeseries analysis of nastic
movements, which are rhythmic changes in &gfles. Mullen et al. 6) used image
processing software to manually measure the leaf inclination engitder to study these
movementover short intervaldlong et al. (2013), Dornbusch et al. (20l)dGreenham et al.
(2015) used imaging systems to track leaf tip movements for studying leaf inclinationaardyles
estimating circadian cycle$heseand othersimilar studiesall reveal that nastic movements
occur on24-hour diurnal cycle Note, howeverthat leaf tip tracking from a side view does not
allow for simultaneous detection of leaf areas that chdaog to growthOn the other hand,
vertical views that can see area will only be accurate once pawvkey nastic movements reach
an angle perpemcllar to the line of sightHowever, leaf area and plant canopy measurements
based or3D plant structure can providgodestimatesegardless of plant nastic movenent

Modeling and analyzing plant 3D shape is a comptgixygensive and timeonsuming
process (Pdus et al. 2013; Vos et al. 200BI-Omari and Moselhi 2011). Typicallyhere are
two types of sensors used for plant 3D modeling: active sensors and passive sensors. Laser
sensors such as LIDAR (Light Detection And Ranging) are active seos@anising plant 3D
shapes. They emit a laser beam and the time it takes for the reflected light to return to the sensor
is used to compute a depth map or geeex@D pant cloud of the plant canopfoint clouds
are simply sets of 3D coordinates thatectively, have the shape of the object of interest. None
of thepoints are connectedo phenotypes of interest have to be inferred in often complex ways

Palacin et al. (2007) used a laser sensor to scan pear trees for estimating canopy surface;
Hosoiand Omasa (2009) utilized portable LIDAR imaging technology to model tomato plant

canopy in a thredimensional space; Keightley and Bawden (2010) and Paulus et al. (2013) used
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groundlevel LIDAR to estimate plant biomass. For these studies, coarse 3dmaeents were
sufficient, but detailed plant structures could not be studied based on these 3D models.
Furthermore, the 3D measurements of these studies were not taken using an automated pipeline.
Only limited numbers of plants could be analyzed durieggttowth period too few for studies
seeking to quantitatively relate genotypes and phenotypes within dyaamionments (Granier
et al. 2006Berger et al. 201(dartmann et al. 2011). Such studies can easgyire mapping
populations containinthousads of geneticalhdistinct plants

In recent years, an increasing number of stutie®usedthe LIDAR-based_emnaTec

Scanalyzer HTS syste(http:/Awww.lemnatec.comto obtain 3D point cloudd his system

includesan automated analysis pipelitheat can extract a number of phenotypic tréfisrbank
and Tester 2011; Dornbusch et al 20%2een et al. 203Zhen et al. 2014)ornbusch et al.
2014). Howe\er, due to the cost of such a system, it is not feasible foy sraaller research
laboratories and institutions

Microsoft Kinect https://www.microsoft.com/ens/kinectforwindows/is a lowcost

sensor originally designed for computer gaming whoseatipe is based on timef-flight
measurements for agt@r pattern of infrared beanishas become a very popular choice for
modeling 3D shapes in the robotic and computer vision communities. Sodies Chéné et al.

2012 Azzari et al. 2013Pauluset al. 2014 have evaluated it for plant phenotyping. There are,
however, several issues. The throughput using Kinect is relatively low, which is not suitable for
high-temporal timeseries phengping of mapping populations. Additionally, its laser beames

not bright enough for outdoor daytime use (Azzari et al. 2013). Data can be acquired during the
night butdoing so is biologically problematic for the first Kinect maddis laser wavelength

falls within the phytochrome absorption banehytochrome is highly-sensitive plant
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photoreceptor with many roles ing control of plant processée justreleased second Kinect
model uses a longer wavelength that does not have this problem

The second approach is to use passive sehsongarticular digital camerad along
with photogrammetric techniques to capture tkdigeensional models of plants. The major
advantage of these techniques is that because they are basedjesthey can produce much
more detailed information about the surface features lmmagedthan laseibased scanning
can This information is contained intexture imagehat is painted onto tH#&D model when it is
displayed. Furthermore, because a texture insmge imageit can be subjected to common
image processing techniques tdrext useful informatiorFinally, digital cameras can be much
less expensive than ladeased active sensdike LIDAR.

Previous photogrammetryork includeshat ofQuan et al. (2006nd Tan eal. (2007)
who usedhe techniques to estimate camera positions and produce point clouds. They did not,
however, extract any phenotypes. Quan et al. (2006) proceeded beyond poinpetaels
combining clustering, image segmentatiand polygon models to create 3D canopydeis.
These were, however, of very coarse resolution. Biskup et al. (2007) developed a stereo imaging
system using two digital cameras to model soybean plants in adinteasional space. This,
too, was a point cloud approadiut they went on to produdalse color images of leaf angle.
Santos and Oliveira (2012) used stereo imaging system with photogrammetric and computer
vision algorithms to generate 3D models of plabtd, as above, sb did not extract phenotypes.
While these studggproduced 3D p@nt canopy models, they used a small number of cameras
whose positions and orientations were changed to capture different viewing Attgl@sgh
only requiring a few cameras is an advantage, the resulting low throughput does not permit

highly timeresoled studies for the large number of lines in mapping populations
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In this chapter, we first demonstrate an analysis using our indoor imaging pipeline to
extract timeseries 2D rosette areas of a mapping population of A@&fidopsis thaliandines
from images for studying plant nastic movement, diurnal cyeled plant growthThen the
pipeline was used to generdtf@day timeseriesof 3D models with a onour temporal
resolution for the sam@antpopulation.In order, he pipeline color and distorticcorrects raw
images of potted plants on growth chamber shelves, generates 3D modelsbélafeas,
segments individual plantpairs them with their genotypes, and then extracts-senes data of
leaf growth and movement

Materials and methods
Imaging acquisition system

The imaging acquisition process used the same indoor pipeline described in the previous
chapterfor studying the shadavoidance response of a nested association mapping (NAM)
population ofArabidopsis thalianaln brief, 108 Canon Powershot S95 cameras were mounted
facing straight down on six shelves that received two different lighting treatments. On each shelf,
18 cameras were mounted in-ac®v stationary camera frana¢ a0.4-m heightand
photograpkd 24 4-by-4 pot flats hourly A modified intervalometer script with Canon Hack
Development Kit (CHDK) firmware triggered the cameras simultaneously at the beginning of
each hour. In order to ensure all imaged &ideast 5percent overlap, the focal lengthtoe
cameras was set 28 mm (35 mm equivalent) to maximize the fielidview (FOV). Daytime
(5:00 am to 8:00 pinmages were stored and processed for the following processes. The RAW

image file format was selected for preserving all image metadata
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2D rosetteanalysis
Image pre-processing orthophoto generation, singkplant extraction and genotype
assignment
The first processing steps used the same methods introdutegpnevious chapter.
Briefly, the Canon Digital Photo Professional (DPP) prograam used for RAW image color
correction, optical distortion correctipand TIFF conversion. The converted TIFF images were

imported into theAgisoft Photoscan Pro (Photoscan) prograttpf/Avww.agisoft.con to

generate an orthophoto for each shelf for correcting perspective disteditivat each pixel of
orthophoto was being viewed straight down.

Each orthophoto was first segmented to a ptenty binary image using the Normalized
Greeri Red Difference IndexNGRDI) (Hunt et al. 2005and the Otsu threshold methdotgu
1975) to eliminate noplant pixels. In a parallel step, the orthophoto was segmented to detect
the pot edges to subsequently assist in isolating each plant. Segmemtatisngmented by use
of the probabilistic Hough TransformatiobDda and Hart 19320 search for pot edges. The
output of these steps was a set of coordinate grids delineating pot edges.

Using the coloiot system introduced the previous chapter, the pots were tracked
duringthe entire growth periqdiuring which they were periodically repositioned to equilibrate
environmental gradients internal to the growth chamber. Based on records made at, ihenting
genotype of each plamtasassigned to its grid cell. Lastly, singlapt binary images, each with
its known genotypewere extracted from the grid cells
2D rosette area analysis forlgnt nastic movement and diurnal cycle analysis

Chapter 2 reported the method we used to measure plant 2D rosette are@ulmehis

chapter, we tracked one plashiring the same 16ay growth period as Chapter 2 and usdte
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Fourier Transform to study the characteristics of plant nastic moveri&et hourly 2D rosette

area values dheplantwerecalculated during this X8ay periodand plotted athe black dots in
Figure 10A. Because of the experimental design of the chamber study, no imagasiata
collectedduring the night (90 pmi' 5:00am). In order to extract the characteristics of the growth
pattern, a linear interpolation aigthm was applied to estimate the rosette area for night hours.
The SavitzkyGolayfilter (Savitzky and Golay 1964vas utilized in the following step to yield

a smoothed growth curve to minimize possible noise in the rosette area measurements. In order
to reveal the 2D rosette area oscillation caused by the nastic movemeMajldtedetrend

algorithm fttp://www.mathworks.com/help/matlab/ref/detrend.htwés used to eliminate the

ascending growth trend from the smoothedddy 2D rosette area curvyeourier Transform was
thenapplied to the resulting data study the diurnal cycle
3D rosetteanalysis

Camera array calibration and shelbased 3D mesh generation

Camera calibration ihe process of determining which light beam from the real world
falls on which pixel of the image sensor (Bellasio et al. 2012). This entails solvitvgpfgets of
numbersintrinsic parameterspecify the optical behavior of the camera itdeitrinsic
parametergell where the camera is positioned in space and the direction in which it is pointing
Intrinsic parameters amdtendetermined one camera at a time using special targets and
software however, this was not feasible due to the large numibeairaeras in this study
Instead, the twaow camera array of each shelf was calibrated as one imaging system using
Phot os c anrcdmera talibrationh function.

A customized coloegrid poster was printed on a shsite vinyl and mounted and

stretche flat on each shelf surface before the experiment started. The poster was photographed
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by the 18-camera array of each shelf. After gmecessing by DPP, all 18 images were imported
into Photoscan to build a sparse point cloud and a dense point Elgue(31). Photoscan first
estimated camera intrinsic parameters, including the image dimension in thgdtscal length,
andthe coordinates of thaxel intersected by the optical axis. Other intrinsic parameters
estimated by Photoscaescribe theadial and tangential lens distortidrowever, early
experience showed that Photoscan was not fully effective at correcting lens distortion. This is
why an initial stage of lens distortion removal was first performed by, B®Bescribed ithe
previouschapter.

Photoscamextcalculated the extrinsic parameters that are the X, Y, and Z coordinates of
each camerads focal point and the roll, pitch
the cloud of over four million points that Photoscaoduced during the calibration process as
well as a visual depiction of selected internal and extearakrgparameters. After ensuring the
estimation errors of 18 camera positions were smaller than 0.5 pixels, all calibration parameters
were exported to eamera calibration xml file was that was used in all subsequent analyses.

Due to a shelf design flaw described in Chapter 2, after plants were placed on the shelf
there was not enough image overlap between the two rows of cameras to build a 3D model for
the entire shelf. Insteatalf-shelf models were constructed, each from a set of nine images
along with the camera calibration data just described. The output was a file in Polygon File
Format (PLY) which is a standard for colored 3D mesh data. Fi§Weshows a rendering of a
half-shelf mesh model

Single 3D plant model segmentation and plant genotype assignment
In most computer vision studies, 3D mesh segmentation is a compuitaénsive and

time-consuming process. For a halielf 3D mesh suchs#he one showim Figure 3.2, there are
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