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An Automatic Field Plot Extraction
Method From Aerial Orthomosaic
Images

Zohaib Khan * and Stanley J. Miklavcic

School of Information Technology and Mathematical Sciences?henomics and Bioinformatics Research Centre, Univergiof
South Australia, Adelaide, SA, Australia

Unmanned aerial vehicles have an immense capacity for remmtimaging of plants in
agronomic eld research trials. Traits extracted from the [pts can explain development
of the plants coverage, growth, owering status, and relatel phenomenon. An important
prerequisite step to obtain such information is to nd the exact position of plots to extract
them from an orthomosaic image. Extraction of plots using tols which assume a uniform
spacing is often erroneous because the plots may neither begrfectly aligned nor equally
distributed in a eld. A novel approach is proposed which use image-based optimization
algorithm to nd the alignment of plots. The method begins wih a uniformly spaced
grid of plots which is iteratively aligned with regions of gh vegetation index, i.e., the
underlying plots. The approach is validated and tested on ta different orthomosaic
images of elds containing wheat plots with simulated and ral alignment problems,
respectively. The result of alignment is compared to manulgl located ground truth
position of plots and the errors are quantitatively analyzk The effectiveness of the
proposed method is con rmed in accurately estimating the plenotypic trait of canopy
coverage compared to the common methods of extraction from wiform grids or
trimmed grids. The software developed in this study is avaible from SourceForge,
https://sourceforge.net/projects/phenalysis/.

Keywords: plot extraction, precision phenotyping, aerial
systems

image analysis, remote sensing, unmanned aerial

1. INTRODUCTION

The United Nations estimates world population to reach 9.8 hiliim2050 (United Nations, 201)

To meet the growing demand of food with limited resources,duction needs to increase by
70%, most of which relates to the cerealéfandratos and Bruinsma, 20LE orts to identify
cultivation varieties which can perform under extreme cltinaonditions have been accelerated by
breeding programs that aim to bring resilience to droughatend salinity in a plant specieg/ang

et al., 2003; Tricker et al., 2018reeding is carried out through recurring cycles of “miog,’
“selection,” and “elimination” of varieties grown in di er¢ environmental conditions over several
generations. In general, hundreds of varieties may be sowaldhplots (also known as micro-
plots or research plots) from which a few superior varietiessalected for successive evaluation
cycles. Between sowing and harvest, breeders scout the ogid ¢rom plot to plot and visually
assign scores based on qualitative and quantitative trajilaats (e.g., height, vigor, owering, leaf
area, growth stage) for ranking at multiple stages of devetogn® major drawback is that manual
assessment is labor intensive, subjective, and prone to hemar.

Frontiers in Plant Science | www.frontiersin.org 1

May 2019 | Volume 10 | Article 683


https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org/journals/plant-science#editorial-board
https://www.frontiersin.org/journals/plant-science#editorial-board
https://www.frontiersin.org/journals/plant-science#editorial-board
https://www.frontiersin.org/journals/plant-science#editorial-board
https://doi.org/10.3389/fpls.2019.00683
http://crossmark.crossref.org/dialog/?doi=10.3389/fpls.2019.00683&domain=pdf&date_stamp=2019-05-29
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org
https://www.frontiersin.org/journals/plant-science#articles
https://creativecommons.org/licenses/by/4.0/
mailto:zohaib.khan@unisa.edu.au
https://doi.org/10.3389/fpls.2019.00683
https://www.frontiersin.org/articles/10.3389/fpls.2019.00683/full
http://loop.frontiersin.org/people/645934/overview
http://loop.frontiersin.org/people/326793/overview
https://sourceforge.net/projects/phenalysis/

Khan and Miklavcic Field Plot Extraction From Orthomosaics

Agricultural machinery has brought signi cant automatioa  the minimum bounding box around each isolated cluster of plant
farming activities. Today, mechanized seeders can sowtiemi pixels is regarded as the plot boundary. However, such methods
at a prescribed rate in uniformly spaced single row or multi-rowassume ideal segregation between plots, failing which multiple
plotsina eld (Unruh, 201%. Subsequently, combined harvestersplots may be seen as a single plot.
separately thresh each plot in sequence to independentlydecor A semi-automatic approach is to mark the extent of a trial
the varietal yield from each plotAfgetsinger et al., 20)0 such that it can be split into equally sized plo@Segry et al.,
Driven by automation, sensor-based phenotyping platform®016; Duan et al., 20).7The user manually marks the bounding
are emerging as an alternative to manual eld phenotypingcorners of a trial which is automatically divided into a gdticells
Unmanned aerial vehicle (UAV), in particular, are now beingbased on the number of rows and columns, and reduced margin
used to acquires images of eld plots in an e cient and non- to remove the alleyway. However, if the plots are non-uniftyrm
invasive manner. Using photogrammetry software, aeriagesa spaced, delineation will be inaccurate because a uniformlyespac
are stitched together to generate an orthomosaic imagetwhigyrid will not align with such plots as shown ifigure 1 A
gives a holistic view of all eld plots. common workaround is to limit the plot bounds by clipping them

Delineation of eld plots from the orthomosaic image is to a smaller, central portion for analysis. As a consequeree, t
a preliminary step for plot-level analysis of attributes. Theuser is deprived of the full distribution of attributes obtaiole
number of seedlings emerging from the seeds planted per plétom whole plots.
is important for early intervention and managemerignkaran Precise location of plots is partially dependent on accurate
et al., 201n Estimate of plot coverage is widely considered as geo-referencing of an orthomosaic. Theoretically, if a aios
performance trait of developing plant®(an et al., 201)/ The is perfectly geo-registered, plots can be extracted based on
number of owers or fruits per plot is an indirect estimator of the map coordinates prescribed in the sowing pldteérst
prospective yieldXu et al., 201B In general, many biophysical and Cherkauer, 20)5 Ground control point (GCP) objects
properties can be associated by correlation to vegetatioicésd are commonly used to geo-reference imagery and enable plot
derived from the plotsi(elong et al., 2008; Di Gennaro et al.,extraction with su cient accuracy. However, use of GCP only
2017. The accuracy of such tasks is dependent on accurateitigates the global image referencing error. It is impottém
delineation of eld plots from an orthomosaic image. However note that recovery of irregular space variation between gkots
several issues hinder the extraction using primitive infatmn  not addressable through such methods.
such as plot size and spacing. Practically, the following {syue In this paper, we present a semi-automatic method for
may arise: accurate extraction of plots from an aerial orthomosaic imag
1. Plots sown awa . 'Fhe method assumes that a cellular grid based on the number

. y due to their placement along the track o . .
of plots in rows and columns has been coarsely laid over the

mechanical seeder. . . O . - o
: . . . image. This assumption is practically feasible using inforomat
2. Plots appear in ambiguous location due to partial emergence, .~ " ; . . . .
. Which is readily available from a trial design as modern sgwin
of seedlings. . . "
. . . machines can make use of GPS based plot locations. The position
3. Plots not aligned with the sown position due to geo- . . . o
. . of grid cells is then automatically optimized such that each
referencing error of the orthomosaic. : . . . .
cell accurately aligns with the underlying plots in the image
Methods to extract plots from aerial images range in manualAs will be demonstrated through experiments, the method is
semi-automatic, or automatic. The manual approach is to marlkighly suitable for delineation of irregularly spaced plots in
polygonal regions, which can be particulary suitable fortagly a eld.
shaped canopiesv(rlet et al., 201} However, the process of  The rest of this paper is organized as follows. In section 2 we
marking of position or sequence of plots can be tedious as wellescribe the eld trials on which aerial images were taken and
as erroneous. An automatic approach to delineate the extents pfesent the plot alignment algorithm proposed in this paper. In
a plot is by classifying image pixels into “plant” and “non-plant section 3 we present the results of validation and testingef t
categoriesRecio et al., 2013; Haghighattalab et al., J0Iben,  algorithm on images of the eld trials. We end with a discussio

FIGURE 1 | Aligning a grid of cells with an aerial view of an agronomic dltrial. (A) An irregularly spaced range of plots planted in single rowgB) A regularly spaced
range of cells in gross misalignment with plots(C) The ground truth positioning of cells in alignment with actal plot location.
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FIGURE 2 | RGB orthomosaic image of the trial sites used fo(A) validation, and(B) testing of the proposed method. Rectangular region signi esan approximate
extent of the trials under consideration of this study.

of results and suggestions for future work in section 4 and #&aploid (DH) lines were planted unreplicated, along with 24

statement of conclusions in section 5. check varieties of soft and hard wheat, replicated twice.DHe
lines of each cross was grown in a block of 4 ranges and check
2. MATERIALS AND METHODS varieties were randomized within the block. Further to iease
the disease pressure, a highly susceptible line (Morocco) was
2.1. Field Trials repeated regularly in each range. Germplasm entries weregalant
The images used in this exercise were taken of two separate el a 48 12 fully randomized layout of 576 single-row plots of
trials which are shown ifrigure 2 size 0.3 5 m each. The experimental site was located between

Our validation image is of a trial conducted to observe theMallala and Balaklava, South Australia (latitude = 34.3@119
di erential growth response of wheat to fertilizer treatmeAtset  longitude = 138.482500). The trial was sown on May 25, 2016
of ten contrasting varietie®ysdale, Excalibur, Gladius, Gregory,and the aerial images were captured 72 days after sowing. This
Kukri, Mace, Magenta, RAC875, Scout, Spjteéspring wheat eld trial was ideally suited for testing the alignment algbm
(Triticum aestivum L).in six replicates were laid out in a 8.2  because its plots were inherently misaligned due to vaiigfii
randomized split-block design of 60 plots. Additional plotetn sowing position Figure 2B).
included in the trial were added at either end of the rows to . L.
attenuate edge e ects on the border plots. The nominal plo€-2. A€rial Image Acquisition and
dimensions were 1.2 4 m, comprising 6 rows each with an Processing
inter-row spacing of 0.2 m. Three replicates of each varietgwe Aerial images were collected by RX100 MIII Digital Compact
selected for treatment, based on a top dressing of 16:8:16 Mamera (Sony Corp., Japan) mounted on a 3DR Solo Quadcopter
P>05-K20 applied 35 days after sowing and a top dressing ofirone (3D Robotics Inc., USA). Flight mission was planned
Urea applied 62 days after sowing. The other three replicatessing ground control station software, Mission Pilot (Ardidr).
of each variety received no fertilizer treatment and seraed The UAV followed a path directed by the controller to cover
controls. The experimental site was located in Mallala, Boutthe geographical extent of a sites. The camera acquired 20.1
Australia (latitude = —34.457062, longitude = 138.48148WAg megapixel images at 2 second intervals from a constant
trial was sown on July 8, 2016 and the aerial images wefeight of 30 meters, maintaining an image-overlap of more
acquired 73 days after sowing. This eld trial was best suitethan 80%. Radiometric calibration was performed using a
for validation since its plots had distinct placemefigqure 2A)  standard re ectance panel (MicaSense Inc., USA) which
allowing for simulated experiments of plot alignment with awas photographed before commencement of a ight. The
rigorous evaluation of parameters. captured images were stored in compressed JPEG format.

Our test image is of a trial targeted at phenotyping of threeA photogrammetry software, Pix4Dmapper v4.0 (Pix4D,
di erent crosses of wheat for breeding. For each cross, 8®kou Switzerland) was employed to process raw aerial images into an
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FIGURE 3 | lllustration of interactive grid manipulation functionsdp to bottom) offered in the graphical user interface(A) Scale cells to adjust to the plot size(B) Shift
margin between cells to remove alleyway$C) Rotate cells to align with the orientation of trialD) Translate cells to position over the plots.

orthomosaic image. The orthomosaic images were generat@i3. Grid Alignment Function
at a resolution of 0.8 cm per pixel and stored in georeferencede formulate a cost function to nd the optimal alignment of a
TIFF format. grid of rectangular cells, where the size, shape and orientaf

A graphical user interface was developed in MATLAB R2018the cells is xed, whereas their relative distance variesisiler
(Mathworks Inc., USA) for laying out a grid over the orthomasa a gridG D f pqgof P Q cells which represent the plots, where
image. The tool enabled interactive placement of a grid oPisthe number ofrows® 1) andQisthe number of columns
cells over a eld image before proceeding with the automati¢Q  1). A cell pqis characterized by its xed siz&/pq  Hpg,
alignment function, which aligned each cell so as to corraspo corresponding to the widthWpq > 0) and height Hpq > 0) of
to an individual plot in the eld. The following two dimensiaal  the plot, and its position g, Vpg), corresponding to the spatial
geometric transformations are supported for placement otoordinates of the center of the plot. The grid is located in a
the grid: nite discrete scalar eldS:RY VI R (as shown irFigure 4A)
such as a vegetation index signifying the level of greenmess
numeric scale.

The von Neumann neighborhood of celjq in the grid can
be represented by a set of index pairs corresponding to the cell's
immediate neighbors in rows/columns. The index pgif ¢ of a
The speci cation of a grid may be achieved using the aboveeighboring cell thus satis es
functions, in any order, combination and as many times
as necessary, as exemplied Fgure 3 In addition to the
grid layout, a cell sequence corresponding to the research K& 2ie La.ea 1).eCLA.(PaClg (1)
trial can also be specied. The position and attribute(s) of
the grid can be exported in thehape leformat for use in where indicegfand ¢must satisfy the inequalites 1 K P
external software. and 1 Kg Qto be valid neighbors. Therefore, a cell can be

Translation: Displace the grid position.

Rotation: Orient the grid at an angle.

Scaling: Resize the grid to given plot dimensions.
Shifting: Modify the grid cells to match plot spacing.
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FIGURE 4 | Characterization of grid cells in a discrete scalar el® 2 RY V. (A) A plot is characterized by a cell pg of sizeWpq  Hpg centered at {ipg, Vpq), and its
neighbor i (B) Displacement of cells pq and i by parameters @q, @®q) and % % resulted in overlap.

neighbor to 2, 3, or 4 cells depending on its location (corsile x D max u.C @ % U C @ P
or internal to the grid). (ca.y1) PA™ Pa T THET R o
Our objgctlve_ls to nd the opt.lmal dlsplacemgan_ _D ax v C O @ eC @ Hﬁ( @
(B Qo with which to move a grid cell pq from its initial PA™ Pa oK B )
position at {ipg, Vpg) to its optimal position @q D Upg C g W, W,
i Q c Pd el
Vog D Vpg C @), without change in lateral dimensions. The (x2,y2) D min Upq € T5q € == U C B 2
optimal displacement vector is a member of the discrete set H i
min vpgC GeC =7 v C GC — )
n 0
u v . U u HEAA \
2D 0D pg pg Tpd L1pg@dipd  Llpg (2 we dene the inter-cell energygyg, in terms of the mutually

shared energy in the scalar el

wherel gq and1l ‘ng are the respective bounds on the orthogonal X digg X
components of the 2D vector displacement. O D T Cde Sw, h) (6)
Expressing an arbitrary displacement in a subset @ pq D P i e 91 \p]/ X2
y1 y2

( by v D (WC @, hC @), we de ne the intra-cell energypg,

inthe scalar eldS, as

which is the sum of accumulated energy®dlue to the overlap
of pqand its neighbors . The inter-cell energy signi es the

X level of vegetation in the overlapping region of a cell and its
dpg D SWCuC §uhCvpeC Q) (3 " getat . bpINg reg y
Woq , Woa neighbors at their respective locations. Notethatthet%%
Hpg | Hpg is the ratio of the intra-cell energy of neighbojg to the sum
2 2

of their respective intra-cell energies. This coe cient #itites
the mutually shared energy to a pair of neighboring cells being

which is the energy of accumulated within the bounds of proportional to their intra-cell energies. When a cell does not

the cell pq hence termed as the intra-cell energy. The intra-2Veriap with any of its neighbors{  xz,y1 ) then its

cell energy signi es the level of vegetation inside a celaat Ner-celleénergypqD 0. ,
certain location. Our objective is to maximize the intra-cell energy to encme

In contrast to the intra-cell energy, consider the mutuallya”gnment' and to minimize the inter-cell energy to discage
shared energy resulting from the interaction of celf, with  OVeriap. Therefore, we de ne the net enerfy, of cell pqto be,
its neighbors, kg, as illustrated inFigure 4B Following an

arbitrary displacement of cellsy,q and g, the coordinates of
their mutually overlapping region are given by

tog  Gpg

(7
Wpq  Hpg
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FIGURE 5 | lllustration of the proposed optimization approach for ploalignment. Particles are characterized by a PQ grid graph where each cell (plot) is initially
placed at a uniform random position. A cost function whose otput is proportional to underlying vegetation is evaluatetbr all particles. Particle positions are updated,
weighted by the difference between their current and indidual best position, best position in the neighborhood and tk best overall particle position so far (outlined
bold). Particles progressively align with regions of vigous vegetation. The nal alignment is given by the particle wh the minimum cost achieved upon termination.
(Pseudocolor scale from low:L to high:H vegetation index).

which is normalized by the area of the cell. The energy of tite g from the best particle among its neighbors. Particles move in
G is then given by the uniformly averaged net energy o8l a dynamic neighborhood and are iteratively updated until a

cells and the cost function is taken to be, convergence criterion is satis ed. The nal solution is givby
0 1 the particle with the best function value in the swarm. A more
1 X detailed description of the optimization algorithm can be ol
f D exp@ 0O foq™ (8) inthe Supplementary Material
Pq
3. RESULTS

where the exponential decay function has been used to ensure
numerical stability. The cost functioh forms the basis for the The ground truth location of all plots was manually labeled in

optimization algorithm. the orthomosaics to validate and test the performance of the
o ) alignment algorithm. Denote the 2D displacement vector of the
2.4. Optimization Algorithm grid cell pq from its initial position (Upg,Vpg) in the uniform

The idea of particle swarm optimization (PSO) was initiallygrid to the ground truth position byfg *"q) and the 2D
. : . ) Q' pg’ e
proposed in Kennedy and Eberhart (1995and various displacement vector of the grid cellq from its initial position in

improvements to the algorithm and parameters have since beetﬂe uniform grid (Upq, Vpg) to the computed position by‘gq, (gq)

proposed Pedersen, 2010; Mezura-Montes and Coello, Y011ne £ clidean distance between the ground truth displacement

We I_everage Fh's algo_nthm's ability to seek the dlsp_lacement vector and the computed displacement vector was chosen as the
required to align a grid from a random set of solutiofs as basis for error estimation

illustrated in Figure 5. The algorithm begins with a swarm of

particles2 2 RN K (candidate solutions), all but one randomly ' U 2 2

initialized within the prede ned bounds of a search spaceand error D g B C g P )

one particle initialized as null. The cost functiof) {s evaluated

for all particles and the best function value and its corresfing ~ This metric served as the criterion used to measure the dveral
best particle state are recorded. A particle is updated baséd on performance. The alignment errors were computed in physical
current state, the di erence from its best state, and its deece  units for all PQ grid cells corresponding to the plots. Box
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FIGURE 6 | Simulating misaligned plots in an orthomosai¢A) Original validation imaggB) Linear displacement of an image region leaves void areas dbé plot's
position (C) Re ection of an image region displaced from the plot's origial position leaves no discontinuity.

FIGURE 7 | Boxplot of errors for 50 random initializations in 1 randomalidation trial. Outliers are individually plotted as “+".

and whisker diagrams were utilized to graphically illustrite  randomly displaced regions around a plot in the mosaic as
error distributions. shown inFigure 6C The resulting mosaic contained no voids,
The discrete scalar el8in the de nitions of intra-cell energy and the discontinuities were limited to low texture (soil)
(Equation 3) and inter-cell energy (Equation 6), was de ned regions. The modied orthomosaic images with arti cially
terms of information obtainable from the channels of an RGBmisaligned plots appeared more realistic and were used for
image. To be precise, we implemented a green-red di erencealidation experiments.
vegetation index de ned as, Several aspects pertaining to the initialization, termioati
and problem size of the optimization algorithm; as well as the
role of cost function were explored using the validation inmge
These features are discussed in turn below.

G(u,v) R(u,v)

Su.v) b G(u,v) C R(u,V)

(10)

where G and R are the values in green and red channel3.1.1. Initialization

respectively, at pixel positiomi(v). The dependency of the solution on the swarm initialization
In general any vegetation index which numerically(seeSupplementary Material} was evaluated by running the

distinguishes plant pixels from the background can be comeidle algorithm with 50 di erent swarms. Each swarm is a random set

asS. This point is further elaborated in the Discussion. of solutions independently drawn from a uniform distribution
) _ In Figure 7, we present the whisker diagram of errors for
3.1. Validation each run. It can be observed that 48 initializations reslite

From the validation orthomosaic image, we generated newuccessful alignment, whereas only two resulted in faillibgs
images of articially distributed plots based on known but shows that the optimization algorithm is largely invariant to
random set of displacements. The validation images with kmowthe initialization.

misalignment enabled the calculation of errors and an asseat

of the stability of our results. However, simply displacing plot 3.1.2. Random Trials

in a mosaic was unhelpful as this created voids in the origindiVe tested the adaptability of the algorithm to di erent randbm
position of the plots and thus introduced discontinuities in simulated trials from the original validation image. Figure 8,
the image data, as shown iRigure 6B This problem was we present the distribution of cell alignment errors for each o
addressed by taking a unique approach of re ecting largethe 50 di erentrandomly simulated validation trial imagéiscan
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FIGURE 8 | Boxplot of errors in 50 random validation trials. Outliersra individually plotted as “+”.

swarm density K=N) ranging from 6 to 12 generally resulted in
lower errors.

3.1.5. Cost Function

We computed the contributions of the two constituent parts of
the cost function and evaluated their in uence on the overal
performance in terms of errors.

The intra-cell energy component of the cost function
established a baseline level of performance. The inteeneligy
term penalizes solutions with overlapping cells. To evaluate the
usefulness of the inter-cell energy component, we simulated
an arti cial image with signi cantly more misalignment inre
direction such that alternate pairs of plot rows had no gap.
This created a challenging scenario since the absence of a
signi cant gap presents a di culty in demarcating plot bounda
Furthermore, we paired rows of fertilized plots with those of
unfertilized plots. This oered a more challenging scenario
because cells tend to overlap or align with plots which have a
higher vegetation index due to the greedy nature of intri-ce
energy function.

Figure 11shows that cell alignment is erroneous when solely
be observed that the median error is 5 cm in general with théased on the intra-cell energy. It has been demonstrated here

FIGURE 9 | Boxplot of errors for using 5 different tolerance values in Bandom
validation trials. Outliers are individually plotted as "+

existence of a few outliers varying in each trial. that alignment of cells of unfertilized plots (which are less
vigorous and have low vegetation index values) tends to be
3.1.3. Tolerance biased toward fertilized plots (which are more vigorous aagién

The tolerance value for termination of an optimization proceel  high vegetation index values). This is as expected sinceo$te ¢
can play an important role in the nal result as well as for function seeks to align grid cells to areas of high vegetatidex.

e ciency. Given the nature of the optimization, the minimum With the addition of an inter-cell energy penalty, the anosnal
cost function value is maintained or improved with eachis signi cantly reduced. The overlap of nearby cells, is galfer
iteration. The procedure is terminated if the change in minim  limited to non-vegetative regions, i.e., to the gaps between
value does not dier by more than the specied tolerance,consecutive plots.

for a xed set of consecutive iterations. Figure 9, we show

the distribution of errors in ve random simulated trials fo 3.2. Testing

tolerance values ranging over ve orders of magnitude,frem  The result of cell alignment errors on the test image
10 2 to 10 8. It can be observed that there was no signi cantare summarized inFigure 12 The alignment errors of the

improvement in errors for tolerance smaller than 10 automatically re ned grid are compared with that of a regular
uniformly spaced grid. The cell alignment error is signi cantl
3.1.4. Swarm Density reduced through the application of the proposed algorithm as

We also considered how the swarm size a ected the quality cfhown in Figure 12 based on an initialization using the same
the optimized solution. InFigure 10we show the distribution uniformly spaced grid. To complement these graphical results we
of errors in 5 random trials for 10 di erent swarm sizeK) visually compare the errors on a few sample plot§igure 13

in relation to a xed problem sizeN). It can be seen that a The sample plots have been selected to show variety of cases in
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FIGURE 10 | Boxplot of errors for using 10 different swarm sizes in 5 rangim validation trials. Outliers are individually plotted ds”".

FIGURE 11 | Effect of the constituent parts of the cost function on aligment errors. (A) Initially overlaid grid with regular spacing and its alignmé error (B) Using only
the intra-cell energy resulted in cells to overlap with poaalignment(C) Using both the intra-cell and inter-cell energy signi canyl improved alignment.

terms of density of vegetation as well as accuracy of rdsolin ~ 3.2.1. Effect on Phenotypic Trait

be seen that in general, the alignment errors are longitallire., The potential benet of accurate plot extraction can be
they lie along the direction of the sowing track. The aligmne appreciated when it is ultimately used for the analysis of a
resultis highly accurate in fully emerged plots, one suclmeta  phenotypic trait. One way to evaluate its advantage is to deriv
from a large majority of these plots is shown figure 13A  a common trait such as the canopy coverage from extracted plot
The alignment can be erroneous in case of partial emergendecation. Estimation of canopy coverage requires segmientat

of seedlings, a rare worst-case scenario of which is shown plant pixels from the background which can be accomplished by
Figure 13B The sparsity of vegetation along the ends of applying a threshold to the discrete scalar edPixels having
partially emerged plot can also translate into positional agniiy  a higher value than the threshold are regarded as belonging t
as shown irFigure 13C When seedling growth is present at thethe plants and vice-versa. We empirically selected a value of
extreme edges despite missing in between, the result ceadigtil  threshold to achieve the visually best result by overlayhey
with the ground truth position as shown iRigure 13D. segmentation mask over the RGB image. The canopy coverage
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of plant pixels could then be expressed as a percentage of thrd an automatically re ned grid obtained with the proposed
total number of pixels in a cell. The coverage was estimatemiethod. The suggested coverage estimates of each grid were
based on a regular grid of uniformly spaced cells, a regulazompared to the actual coverage values obtained from thengrou
grid of uniformly spaced cells with length trimmed (50%) truth grid.

Figure 14shows the scatter chart of canopy coverage obtained
using the di erent types of grid against those of using the grdun
truth grid. A regular grid underestimated the coverage insnho
cases as it was not in positional alignment with the plots but
rather overlaid on portions of soil. A regular grid with trimrde
edge overestimated the coverage as it was generally positione
in the center of plots where vegetation was more likely to be
present but did not take the excluded region into consideration
In contrast, a regular grid with automatic re nement retwed
better coverage estimates corresponding well with the ground
truth estimates as its position was correctly aligned.

An analysis of variance (ANOVA) was conducted on plot
coverage computed from the di erent types of grids ($able J).

The result was signicant and a low-value indicated that
coverages estimated from regular, trimmed, re ned and giu
truth grids are not sameR( D 14.17p D 3.77 10 9). Further
multiple comparison suggested that coverage estimated from
either regular or trimmed grid were di erent from all others,

FIGURE 12 | Boxplot of alignment errors of the automatically re ned grid

compared to errors of a regular grid with uniform spacing onest orthomosaic including the ground truth grid. However, coverage estigtht
image. Signi cant differences are indicated by non-overlaping box notches. from re ned grid was dierent from regular and trimmed
Outliers are individually plotted as “+". grids 0n|y

FIGURE 13 | Example of cells aligned by the proposed method (red, dashedn comparison to the uniformly spaced cells (blue, dashed)nd ground truth cells (white,
continuous). (A) Full emergence, good alignmen{B) Partial emergence, bad alignmen{C) Partial emergence, fair alignmen(D) Partial emergence, good alignment.
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TABLE 1 | Analysis of variance of plot coverage from four different gis (regular,
trimmed, re ned, and ground truth).

Source SS dF MS F p
Groups (between) 0.8519 3 0.28398 14.17 377 10 °
Error (within) 46.0978 2300 0.02004

Total 46.9498 2303

SS, Sum of squares; dF, Degrees of freedom; MS, Mean square; F, F-statistip; p-value.

plot locations. Through the application of a series of validatio
experiments on simulated images and testing on real image of
trial sites, we have demonstrated that the method is aceurat
while requiring minimal manual input. Although it can be argd
that the extreme displacement of plofSigure 6) simulated for
validation studies is not usually encountered in practice, the
accurate results of our algorithm suggest that cell alignmen
with actual plots in less severe circumstances would be even
more easily achieved. The procedure thus o ers the potential fo
automatic application to actual plant breeder trials.

Assuming only xed dimensions of grid cells, our proposed
algorithm, invoking the combination of two complementary

FIGURE 14 | Comparison of plot coverage estimated from three different (nigh competing) cost functions shows remarkable results, as
types of grid with the coverage obtained from the ground tru grid. Regular measured by our error metric in Equation (9). That an intra-
grid with uniformly spaced cells (blue circles), regular gt with uniformly cell energy is insu cient to optimize grid position is clear from

spaced cells and trimmed edges (yellow squares), and re ned igd obtained

Figure 11 By not including an inter-cell ener function
using the proposed method (red triangles). gure y ot includ ga ter-cell ene 9y cost function,

which penalizes overlap with neighboring cells, can result in a

higher energy value when cells overlap green pixel-rich regid
neighboring plots. Our choice of inter-cell function is ofurse

4. DISCUSSION not unique. An extreme alternative inter-cell energy fuant

|could operate by simply excluding con gurations in which any

‘two cells overlap. In this case

Any form of image analysis of a remotely sensed eld tria
whether it be for assessment of canopy vegetation inééai
et al., 2018) estimation of canopy vigor and heightéi et al., (
2018; Khan et al., 2018ar for estimation of yield by counting g D 1, x1 xyn ¥y
heads Fernandez-Gallego et al., 2018; Hasan et al., 2018; Zhou . 0, otherwise
et al., 2013 must begin with establishing the precise location
and perimeter of eld plots. Agronomic eld trials can have an which is akin to assuming that cell displacement is “hard limhjte
enormous scope, especially in plant breeding. Consequehdy, tor equivalently that the energy of any overlap is in nite. Wi
magnitude of the task to manually demarcate individual plotthis may seem to be a simpler prospect, such a penalization
sites on an image becomes considerable. Assuming a uniforwould lead to a high(er) number of rejected moves, thus
grid of cells based on an expected experimental design (such fascing a greater number of iterations, thereby interruggithe
those shown inFigure 13 or even further clipping the cells to optimization procedure. In contrast, the present approach adlow
central portion of plots will almost certainly lead to signaot  “soft limited” cell displacements, with overlapping cells perealiz
errors in estimates of many phenotypic traits, which are ndiyna with a cost proportional to the amount and content of overlap.
quoted per unit area. As it has been demonstrated that canopyhis results in a more stable and robust optimization.
coverage, related to green pixel area relative to plot area can The proposed energy functions depend on a discrete scalar
be in signicant error (underestimated or overestimated) i eld which can be derived from the channel(s) of an image.
predicted cell locations are grossly misplaced from the actudn this study, we used a vegetation index derived from RGB
plots. Analogous to canopy coverage, vegetation index esfmaimages, which has elsewhetéh@n et al., 2018a)lbeen shown
could be under-represented if soil area was captured instéad t correlate well with normalized di erence vegetation inde
true canopy area. Similarly, the assessment of crop geriaimat (NDVI). It is, however, also possible to employ a dierent
and yield can be in error as a consequence of the failure teegetation index as fundamental determinant, based on e.g.
properly align cells with actual plot locations. multispectral images. However, our preferred choice washase
The main aim of this paper has been to introduce a robustt least partly, on the high resolution capabilities of the RGB
algorithm to accurately superimpose cells of speci ed dimemsi camera, which can more accurately di erentiate plant canopy
in an irregular grid over an image of a eld trial, so that (foreground) pixels from soil (background) pixels. Arguing o
the positions of grid cells optimally correspond to actual eldthe basis of its correlation with NDVI, the scalar eld we used

Frontiers in Plant Science | www.frontiersin.org 11 May 2019 | Volume 10 | Article 683



Khan and Miklavcic Field Plot Extraction From Orthomosaics

possessed su cient information about the state of vigor ofaccurate way sets the stage for a subsequent accurateisinalys
the canopy. of a range of crop phenotypic traits such as total canopy

Finally, from a technical perspective, the proposed costoverage and canopy vigor. The proposal suits this general
function is related to the alignment of cells to plots basecaon purpose and has the potential to be adapted for more specic
accumulation of underlying vegetation index. While thisétion  purposes, such as cell dimension adjustment to capture exact
has been shown to work in most circumstances, it needs toanopy structure.
be recognized that the best objective value does not gusgant
the best cell alignment; although they are related, theynate AUTHOR CONTRIBUTIONS
necessarily equivalent. Also, the nal optimal solution i@snd
to be largely invariant to the initialization of the swarnm tare  ZK conceived of the project, developed, and implemented the
instances where a given initialization fails to lead to av@ged algorithm and prepared the gures of results. SM proposed
solution, a possible corrective measure one can employ iglidation based on simulated images. ZK and SM wrote the
simply to restart/rerun the algorithm with a di erent random paper. Both authors approved the nal version.
seed initialization.

In future work it could be useful to extend the method to FUNDING
allow for possible variations in cell dimensions in addititm
cell positions. However, it is important to reiterate thattad  The authors are grateful for funding support from the Austaali
measures of phenotypic traits such as germination and yielResearch Council under its Industrial Transformation Resear
are more appropriately determined by computing the contentHub (project IH130200027) and Linkage (project LP140100347)
of a developed canopy within a theoretically sown plot positiorfunding schemes.
represented by a xed size cell. This is one reason why it may
be preferable to x cell dimensions and determine the optimalACKNOWLEDGMENTS
cell position rather than employ other boundary establishing
techniques such as the level set method or the method ofeactiThe authors gratefully acknowledge the e orts of Mr Vahid
contours (Mumford and Shah, 1989; Chopin et al., 2)Mhich  Rahimi-Eichi and Dr Stephan Haefele for collection of thedel
explicitly capture the actual boundaries of plot canopy but wloul images used for validation and testing of the method. Théaust

not be useful for quantifying traits in the same manner. would also like to thank Drs Joshua Chopin, Md Mehedi Hassan,
Jinhai Cai, Ramesh Raja Segaran, and Trevor Garnett for useful
5. CONCLUSIONS feedback on the method.

The tedious pre-analysis task of identifying eld plots in angUPPLEMENTARY MATERIAL
orthomosaic image of a plant research eld trial can be simgxi

by the automatic registration of plot locations provided beth The Supplementary Material for this article can be found
grid cell optimization algorithm proposed here. Being able toonline at: https://www.frontiersin.org/articles/10.388ls.2019.
specify the location of separated eld plots in a robust andg0683/fullt#supplementary-material
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