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Variation in inflorescence development is an important target of selection for numerous crop species, including many members
of the Poaceae (grasses). In Asian rice (Oryza sativa), inflorescence (panicle) architecture is correlated with yield and grain-quality
traits. However, many rice breeders continue to use composite phenotypes in selection pipelines, because measuring complex,
branched panicles requires a significant investment of resources. We developed an open-source phenotyping platform, PANorama,
which measures multiple architectural and branching phenotypes from images simultaneously. PANorama automatically extracts
skeletons from images, allows users to subdivide axes into individual internodes, and thresholds away structures, such as awns,
that normally interfere with accurate panicle phenotyping. PANorama represents an improvement in both efficiency and accuracy
over existing panicle imaging platforms, and flexible implementation makes PANorama capable of measuring a range of organs
from other plant species. Using high-resolution phenotypes, a mapping population of recombinant inbred lines, and a dense single-
nucleotide polymorphism data set, we identify, to our knowledge, the largest number of quantitative trait loci (QTLs) for panicle
traits ever reported in a single study. Several areas of the genome show pleiotropic clusters of panicle QTLs, including a region near
the rice Green Revolution gene SEMIDWARF1. We also confirm that multiple panicle phenotypes are distinctly different among a
small collection of diverse rice varieties. Taken together, these results suggest that clusters of small-effect QTLs may be responsible
for varietal or subpopulation-specific panicle traits, representing a significant opportunity for rice breeders selecting for yield performance

across different genetic backgrounds.

Flowering is arguably the pinnacle of plant develop-
ment. For plants, floral morphology and complex inflo-
rescence architectures are evolutionary embellishments
on an age-old process: reproduction and the transfer of
genes. For humans, flowers fulfill diverse roles in both
food crops and ornamental plant production. This is
especially true for cereals (Poaceae), which have re-
markably diverse inflorescence architectures that have
been the target of selection for 10,000 years (Doust,
2007; Kellogg, 2007).

As the first crop species to be sequenced and a major
source of grain for human consumption, domesticated
Asian rice (Oryza sativa) represents an excellent system
in which to study inflorescence development. The rice
inflorescence is classified as a panicle, a conically shaped
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compound raceme in which spikelets are borne on long
lateral branches instead of directly on the rachis axis
(Ikeda et al., 2004). The beginning of rice inflorescence
development, known as panicle initiation (PI), occurs
when the shoot apical meristem transitions into an in-
florescence meristem (IM). Over approximately 7 d, the
IM undergoes several transitions into primary branch
meristems (PBMs) before ultimately aborting (McSteen,
2006; Yoshida and Nagato, 2011). Rice PBMs are capable
of dividing into secondary or tertiary branch meristems
before transitioning into spikelet and floret meristems,
resulting in iterative branching morphologies. After IM
abortion, floret development and elongation of axes oc-
cur over roughly 30 d until heading, the point at which
the panicle emerges to begin reproduction (International
Plant Genetic Resources Institute and Association, 2007).

Every aspect of panicle development in rice is pleio-
tropically interconnected, coordinated by a host of tran-
scription factors and hormones that are responsive to
environmental fluctuation. Variation in plant spacing,
daylength, temperature, nutrient availability, and water
supply can significantly affect panicle development, stunt
branch formation, reduce spikelet number, and/or result
in sterility long before a farmer or breeder even sees the
first panicle at heading (Kobayashi et al., 2003; Li et al.,
2003; Latif et al., 2005; Liu et al., 2008; Thakur et al., 2010).
Because anthesis and grain filling occur in a wave of
development, beginning with spikelets located farthest
away from the rachis axis at the tips of panicle branches
and working inward, the position of a spikelet within a
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panicle determines the time of both fertilization and starch
deposition during grain filling. Thus, panicle size, shape,
and branching patterns are thought to directly impact
grain uniformity and quality (Yoshida and Nagato, 2011).
Additionally, tradeoffs between sink and source tissues
in rice often translate into direct compensation in the
number of seeds or grains per plant (Ohsumi et al., 2011).
For example, although large panicles often carry more
spikelets, overall seed and grain sizes usually diminish.
Panicle length (PL) and panicle number are also usually
negatively correlated. All of these developmental char-
acteristics are directly dependent on the genetic back-
ground of the variety and the environment in which it
is grown. Currently, the best way to ensure optimal
panicle development in rice, and thus stable yield per-
formance, is to strictly control irrigation and fertilizer
regimens from several weeks before PI begins until
grain filling initiates (Chen et al., 2007). This is true even
in modern varieties.

The inherent genetic and morphological diversity
for many traits within rice is partitioned into distinct
subpopulations. Asian rice is composed of two subspe-
cies, Indica and Japonica, which can be further divided
into five subpopulations (indica, aus, tropical japonica,
temperate japonica, and aromatic; Garris et al., 2005; Zhao
et al., 2011). In many cases, novel polymorphisms (and
sometimes entirely novel genes) are subpopulation spe-
cific (Xu et al., 2006; Fukao et al., 2009; Hattori et al.,
2009; Gamuyao et al., 2012). Abundant quantitative
variation for panicle traits is known to exist both within
and between subpopulations (Ikeda et al., 2004; Zhao
et al., 2011). The International Rice Research Institute
Gene Bank reports panicles with numerous branching
phenotypes and lengths ranging from 10 to 43 cm
(R.S. Hamilton, personal communication). Without a
quick and accurate method of measuring panicle mor-
phology, how can we hope to identify and leverage the
genetic mechanisms underlying this spectrum of di-
versity? Is there an optimal panicle architecture to
enhance yield in rice, and is it specific to a particular
subpopulation or environment? If so, can we maximize
productivity and resource use efficiency by selectively
tweaking reproductive development?

The Green Revolution gene SEMIDWARF1 (SD1), which
increased harvest index by reducing the ratio of vegetative
to reproductive tissue, is an excellent example of how
breeding for changes in rice plant architecture can sig-
nificantly improve yield potential (Hedden, 2003; Asano
et al., 2011). However, despite a sizable body of molec-
ular and physiological research on rice panicle develop-
ment (Wang and Li, 2011; Yoshida and Nagato, 2011),
breeding for panicle architecture per se has had little
success with regard to improving yield. This may be
due in part to phenotyping gaps within rice breeding
pipelines, which often use composite traits like PL that
are not always developmentally or botanically derived.

Numerous studies have used two-dimensional image-
based phenotyping to measure rice root architecture
(Famoso et al., 2010, 2011; Iyer-Pascuzzi et al., 2010;
Clark et al., 2011) and grain traits (Tanabata et al., 2012).
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Two software packages have previously been developed
to measure panicle-related traits, PASTAR/PASTA Viewer
and P-TRAP (Ikeda et al., 2010; AL-Tam et al., 2013).
PASTAR/PASTA Viewer extracts length and count traits
from panicle images by identifying and connecting the
top and bottom termini of branches (Ikeda et al., 2010).
This platform was tested in a quantitative trait locus
(QTL) mapping study (Ikeda et al., 2010), yet it is un-
der license and not freely available. The second plat-
form, P-TRAP, is open source, yet it has not been
validated in a genetic mapping study and was released
after being tested on only 26 images (AL-Tam et al,,
2013). P-TRAP converts a panicle image into a math-
ematical graph and treats branch junctions as vertices
(AL-Tam et al., 2013). Although P-TRAP can also quan-
tify several grain traits directly from a panicle image, its
skeleton calculation is fundamentally similar to that of
PASTAR/PASTA Viewer: vertices are connected using
a series of straight-line segments (AL-Tam et al., 2013).
Straight-line skeletons can only approximate the true
nature of curved axes like panicle branches, limiting
the resolution of length phenotypes. Manually arrang-
ing a panicle before imaging can partially overcome this
limitation, yet it significantly increases the time cost for
trait evaluation. Additionally, neither PASTAR/PASTA
Viewer nor P-TRAP can automatically eliminate awns,
hair-like extensions on rice spikelets that can be mis-
construed as branches.

The objectives of this study were (1) to establish a
flexible phenotyping methodology and platform capable
of quantitatively measuring primary panicle architecture
in rice, (2) to determine whether increased phenotyping
resolution improved our ability to identify panicle-related
QTLs in a population of recombinant inbred lines (RILs),
and (3) to test our approach on a diverse set of rice
varieties grown under different planting regimens in a
controlled environment.

RESULTS

Development and Implementation of the Phenotyping
Platform PANorama

Within plants, meristem transition points are develop-
mentally important and should be captured and sepa-
rated functionally. In a rice panicle, meristem transitions
along the main axis are relatively obvious because of the
presence of trace bracts. The traditional breeding phe-
notype PL not only ignores meristem transitions but also
lumps in the length of the rachis axis with that of the
terminal primary branch (Fig. 1; Ikeda et al., 2004, 2010).
Following this logic, measuring rachis length (RL) using
the IM abortion point is also not ideal, as the rachis can
be considered a compound phenotype. Every point at
which a primary branch forms represents a functional
meristem transition during PI, from the IM to a PBM.
Thus, count measurements are representative of the
number of times a meristem transition occurs in de-
velopment, and when multiple PBM transitions occur
closely together they should be clustered into internodes
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Figure 1. Inflorescence architecture in rice. A, Rice panicles are
characterized by hierarchical transitions between meristems. Plant
breeders often use the composite phenotype PL, even though it com-
bines the length of the rachis axis (RL) with that of the terminal primary
branch. Thus, several structural components should be accounted for
when using image analysis to measure rice panicles. The panicle notch
(red arrowhead) and IM abortion point (red arrowhead in B) denote the
beginning and end of IM division, respectively. Multiple IM-to-branch
meristem transitions can occur at a single internode point (red aster-
isk), and the distance between two such points can thus be defined as
the NL. Measuring PBL is also important but can be complicated by the
presence of awns and secondary branches. The vegetative phenotype
EL is calculated as the distance from the flag leaf ligule to the panicle
notch and is reflective of how far the panicle emerges from the leaf
sheath during heading.

along the rachis axis (Fig. 1). Accordingly, length mea-
surements may represent the amount of time between
each transition and/or hormonal expansion after PI is
completed, while width measurements may relate to
physiological traits such as vascular architecture.
When using two-dimensional image-analysis and
skeletonization techniques to accurately measure length,
width, and count traits, an ideal skeleton should be a
thinner representation of actual panicle axes. Previous
studies have computed skeletons based on the exact
morphological erosions of shapes using the image for-
esting transform algorithm (Falcdo et al., 2002, 2004).
Within this study, we incorporate this skeletonization
technique into a new plant phenotyping pipeline,
PANorama. PANorama is a collection of Python scripts
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that photograph, skeletonize, and extract multiple phe-
notypes from images. Its source code is written in C, and
the scripts essentially call the stand-alone C programs.
There are five major steps in the PANorama pipeline,
which are performed using a combination of automated
batch processing and user-directed input via graphical
user interfaces (GUIs; Fig. 2). Scripts are executed at
different levels within a structured directory (Supplemental
Fig. S1; Supplemental Videos S1-S3), and multiple pa-
rameters that control the implementation of the pipeline
are stored in one file, iftPANorama.h (Supplemental
Table S1). Thus, a user can edit iftPANorama.h based
on the qualities of images in a directory and recompile
the program before running the pipeline. The following
sections discuss how the parameters in iftPANorama.h
have been calibrated across the pipeline for use on rice
panicle images.

Image Acquisition (GetPictures.py)

Image capture represents a large source of human
error and directly limits the speed and accuracy of high-
throughput phenotyping platforms. Regardless of the
software platform used (Ikeda et al., 2010; AL-Tam
et al., 2013), two-dimensional image analysis requires
panicles to be positioned within a camera’s field of view
so that branches are nonoverlapping. To reduce the need
for postimage capture processing, the GetPictures.py
GUI was incorporated into the PANorama pipeline.
GetPictures.py interacts with the open-access software
gPhoto2, allowing a user to remotely control image
capture via his/her computer. All imaging in this study
was conducted using a fixed camera mount and a light
box, so that images are of the same exposure and scale
(see “Materials and Methods”). After image capture,
GetPictures.py generates a preview of a panicle’s skeleton
so that the user can correct misarranged branches and
retake the photograph. Images are saved as a .jpg file
within a directory titled “originals,” and image names
are stored in the .txt file imagefiles.txt (Supplemental
Fig. S1). Every other script in the pipeline uses imagefiles.txt
to access images stored within the originals directory
(Supplemental Video S1).

Skeletonization (CreateSkeletons.py)

The second step of the pipeline, CreateSkeletons.py,
uses a combination of image-processing operators to
segment the panicle from the image background, remove
awns, and calculate a skeleton for each image within the
originals directory. For every original image, two new
files are generated with the same root name. The first is
a _skeljpg file, containing a grayscale version of the
original image with the final skeleton superimposed on
the panicle (Fig. 2B); the second is an .inf extension file
containing information associated with skeleton calcu-
lation. Both of these files are stored in a parallel di-
rectory named “skeletons” (Supplemental Fig. S1). The
entire process is fast and takes approximately 10 s for a
2,592- X 3,872-pixel image (Supplemental Video S2).
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Figure 2. PANorama pipeline. PANorama generates a skeletonized
panicle image based on the exact morphology of the panicle. A, Image
capture, skeletonization, processing, and phenotype extraction are
controlled by five scripts. B, Panicle images from different stages of the
pipeline. Numbers correspond to the steps listed in A. 1, A panicle
image captured and saved using GetPictures.py. 2, Execution of
CreateSkeletons.py batch generates skeletons for every panicle image.
3, A _skel.jpg version of the original panicle image generated by

482

Given that some panicles have awns, we incorpo-
rated a preprocessing step into CreateSkeletons.py that
is automatically performed before final skeleton calcu-
lation (Fig. 3, A-E). First, the Euclidean distance trans-
form (Falcdo et al., 2002) is used to compute an exact
erosion of 0.032 cm. The erosion eliminates awns but
also breaks the panicle mask into several connected
components. Because the pixels from panicle axes and
adjacent connected components (i.e. seeds) appear dark
in the brightness image, these components are labeled
(Fig. 3C) and reconnected by paths that contain a mini-
mum sum of pixel values between each pair of distinctly
labeled components (Fig. 3D). A final binary mask for
skeletonization is computed by exact dilation at 0.032
cm, followed by a morphological closing of holes. Al-
though this generates a mask with a single contour
(Fig. 3E), the holes within panicle branches are still
used to define the final skeleton (Supplemental Fig. S2).
This is important when calculating skeletons for panicles
in which primary branches have not been arranged to
have open secondary or tertiary branches (see below).
Euclidean distance transform (exact erosions), path
reconnection, and closing of holes are all computed by
the image foresting transform algorithm (Falcdo et al,,
2004) during the execution of CreateSkeletons.py.

Figure 4 depicts skeleton calculation using a tomato
(Solanum lycopersicum) leaf, which is wider and easier
for visualization than a rice panicle. First, a Red, Green,
Blue (RGB) color image (Fig. 4A) is segmented and
thresholded to generate a binary image (Fig. 4B). This
is done using morphological erosion with a circular
structuring element of radius 0.083 mm on its bright-
ness values to enhance the dark pixels that represent a
panicle and a fixed factor of 1.2 on the Otsu’s optimum
threshold. To eliminate spurious structures that are not
physically connected to panicles (dust particles or de-
tached seeds), the resulting binary mask contains only
the largest connected component (Fig. 4B). The skeleto-
nization process proposed by Falcdo et al. (2002) uses the
Euclidean distance transform to propagate the closest
contour pixel (called the root) to each internal pixel of
the panicle shape. This process can be visualized as wave
fronts of distinct colors, which propagate from each
contour pixel and meet one another in the center of the
image at pixels equidistant to the contour (Fig. 4C,
arrows). For each internal pixel, the method computes
the maximum among the geodesic distances along the
contour between the root of the pixel and the roots of
its four neighbors. These measurements are assigned

CreateSkeletons.py. The skeleton is depicted in yellow, superimposed
over the panicle axes. Using the DefineMainAxis.py GUI, three de-
velopmental checkpoints are selected using a mouse: EP (red circle),
IMAP (orange circle), and FMAP (blue circle). 4, The _skel.jpg image
after ExtractInfo.py has been executed. Using the three developmental
checkpoints selected, Extractinfo.py labels the skeleton and defines
axes: exsertion axis (pink), RL (orange), primary branches (blue), and
secondary and tertiary axes (yellow). Branches are collapsed into in-
ternodes during this step (red arrow). Bars = 500 pixels.

Plant Physiol. Vol. 165, 2014


http://www.plantphysiol.org/cgi/content/full/pp.114.238626/DC1

High-Resolution Rice Inflorescence Phenotyping

Figure 3. Schematic depicting awn removal us-
ing exact morphological erosions. A, Raw image
of a panicle branch. B, Initial binary image after
segmentation. C, Erosion of the image at 0.032 cm
using the Euclidean distance transform. The binary
components of the image object that remain
after erosion are labeled with distinct colors.
D, Binary components are superimposed over
the original panicle image and reconnected by
the darkest path (i.e. branches and rachis axis).
E, After path reconnection, the awnless binary
image is used to calculate the final skeleton.
F, Panicle skeleton (yellow) superimposed over
axes. All segmentation and skeletonization steps
(B-F) are controlled by the CreateSkeletons.py
script. G, Final panicle skeleton after the use of
DefineMainAxis.py and ExtractInfo.py.

CreateSkeletons.py (~10seconds/image)

to each internal pixel and represent multiscale skeletons,
which can be simplified by increasing thresholds on the
scale (Supplemental Materials and Methods S1). The
generated skeletons are all 1 pixel wide and fully con-
nected (Fig. 4, D-F), which makes it very simple to identify
nodes and extract accurate length measurements from
a panicle. Additionally, skeletons are in the center of
the shape at meeting points between distinct wave fronts
(Fig. 4D, arrows). Because of this, distances to the con-
tour can be doubled to accurately estimate thickness
measurements along panicle segments (Supplemental
Materials and Methods S1). For rice images, we set the
scale threshold at 0.1% of the contour length using the
SKELTHRES parameter in iftPANorama.h.

Image Orientation (DefineMainAxis.py)

After obtaining accurate skeletons from panicle im-
ages, it is necessary to define the orientation of an
image prior to phenotype extraction. Executing the
DefineMainAxis.py script opens a GUI that allows a
user to load individual _skel.jpg files. The user can select,
move, and save three points on top of a panicle skeleton:
exsertion point (EP), initial main axis point (IMAP), and
final main axis point (FMAP; Fig. 2). For rice panicles,
we identify EP as the point at which the flag leaf ligule
attaches, whereas IMAP and FMAP are selected based
on the presence of the panicle notch and the IM abortion
point, respectively (Fig. 1). Manual selection of these
points is essential, as their positions are variable for
every image. For each _skel jpg analyzed, the selection
points are stored within a .txt file of the same root
name within the skeletons directory (Supplemental Fig. S1;
Supplemental Video S2). This file is not edited if a user
needs to recalculate a skeleton using CreateSkeletons.py,
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so that the three points only have to be selected once for
each image.

Phenotype Extraction (ExtractInfo.py and ExtractMeasures.py)

Phenotypes are automatically calculated using two scripts:
ExtractInfo.py and ExtractMeasures.py. ExtractInfo.py
assigns and labels the orientation of panicle axes for
each _skeljpg image using the three points identified
with DefineMainAxis.py. After running ExtractInfo.py,
the _skel.jpg image depicts the final, labeled skel-
eton (Fig. 2B). Several preset thresholds stored in
the iftPANorama.h file are important for this step, as
ExtractInfo.py filters some phenotypic traits before final
measurements are calculated (Fig. 2). For example, branches
are excluded from final measurement calculation if
they are below a certain length, and multiple pri-
mary branches are collapsed into single internodes if
they attach to the rachis axis within a certain distance
of one another (Supplemental Materials and Methods S1;
Supplemental Table S1; Supplemental Video S3).

The final thresholded and labeled _skel.jpg files are
used by ExtractMeasures.py to calculate phenotypes
for primary panicle architecture. ExtractMeasures.py
operates on every image across multiple directories and
takes approximately 5 to 7 s per image (Supplemental
Fig. S1; Supplemental Video S3). Table I lists phenotypes
and how they are generally defined within the pipeline.
Details regarding the algorithms used are stored within
Supplemental Materials and Methods S1. ExtractMeasures.py
outputs two .csv files; the first contains mean, maximum,
minimum, and sp values for phenotypes within each
image (PanicleMeasures.csv), whereas the second contains
the raw phenotypic measures (AllPanicleMeasures.csv).
Length and width measurements are derived using a
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Figure 4. Skeleton calculation using the image foresting transform algorithm. Using an RGB color image of a tomato leaf (A), a
binary mask is generated from the largest eight-connected component (B). A Voronoi discrete map (C) is calculated using the
Euclidean distance transform. This process is visualized as wave fronts of distinct colors, which propagate inward from each
contour pixel (C). When pixels meet in the center of the shape, they generate central contours (C zoom, arrows). These contours
are used to define the skeleton of an image object (D zoom, arrows). By weighting the importance of pixels with respect to their
positions along the length of the skeleton (i.e. along the scales), a skeleton can be thresholded using the exact morphology of
the shape (E and F). For rice images, this scale parameter is set at 0.1%, as observed in D.

pixel-to-length conversion, which is dependent on the
scale of the image (see “Materials and Methods”).

Error Correction (CorrectBranches.py and RebuildlimageFiles.py)

Two supplementary scripts are included in PANorama
for error correction. The RebuildImageFiles.py script re-
generates the imagefiles.txt file that lists the name of ev-
ery image stored within originals. Rebuilding imagefiles.
txt is necessary if a user edits the originals directory by
adding or removing images and wishes to reanalyze the
edited directory using the other scripts in the pipeline
(Supplemental Video S1). Executing CorrectBranches.py
opens a GUI that allows users to add, remove, or shorten
primary branches that were incorrectly arranged during
image capture. The edits are saved directly within the .inf
file of the image being edited (Supplemental Video S3).

Quality Testing of the PANorama Pipeline
Comparison of Manual Measurements, PANorama, and P-TRAP

To compare manual measures with PANorama and
P-TRAP measures, we used GetPictures.py to photo-
graph 30 panicles from the parents of the RIL mapping
population in this study (IR64 and Azucena). Each
panicle was photographed two times using different
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arrangements within an image (n = 60 images): once
with secondary and tertiary branches closed and once
with all branching arranged openly (Supplemental Fig.
S2). Manual measurements were taken by hand (see
“Materials and Methods”). To test awn filtering on pri-
mary branches, PANorama skeletons were calculated
with the AWNSTHICK parameter in iftPANorama.h
turned on and off (on = 0.032 cm, off = 0.0 cm). Panicle
images were also processed using the open-source soft-
ware P-TRAP (AL-Tam et al., 2013). For PANorama and
P-TRAP, the panicle notch and IM abortion points were
selected in order to extract phenotypes. However, skele-
tons were not corrected in any other way.

Table II reports squares of Pearson’s correlation co-
efficients (* values), mean absolute percentage devia-
tions (MAPDs), and mean percentage errors (MPEs)
between manually measured phenotypes and the phe-
notypes calculated by each of the software packages.
Measuring opened panicle branches in PANorama de-
creased MAPD from manual measurements for primary
branch length (PBL) by approximately 1% when com-
pared with measuring closed panicle branches. Addi-
tionally, MAPDs were always lower for PBL when the
awn filter was turned on (AWNSTHICK = 0.032 cm),
regardless of whether branches were open or closed
(Table II). This suggests that awn filtering always in-
creases the accuracy of primary branch measures, even

Plant Physiol. Vol. 165, 2014
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Table 1. Phenotype calculations in PANorama

The following phenotypes are written to a .csv file after running ExtractMeasures.py using the PANorama phenotype designation. For simplicity, we
refer to rice phenotypes in subsequent tables using the QTL abbreviations given here. All parameters described within the table are controlled by the

iftPANorama.h file.

PANorama Phenotype Designation

Calculation

QTL Abbreviation

LengthOfExsertion (cm)
LengthOfMainAxis (cm)
InflorescenceLength (cm)

NumberOfPrimaryBranches

MeanLengthOfPrimaryBranches (cm)

MaxLengthOfPrimaryBranches (cm)
MinLengthOfPrimaryBranches (cm)
StdevLengthOfPrimaryBranches (cm)
NumberOfNodesOnMainAxis

MeanNumberOfBranchesPerNode

MaxNumberOfBranchesPerNode
StdevNumberOfBranchesPerNode
MeanLength BetweenNodes (cm)

MaxLengthBetweenNodes (cm)
MinLengthBetweenNodes (cm)
StdevLengthBetweenNodes (cm)
MeanThicknessOfMainAxis (cm)

MaxThicknessOfMainAxis (cm)
StdevThicknessOfMainAxis (cm)
MeanThicknessOfExsertion (cm)

MaxThicknessOfExsertion (cm)
MinThicknessOfExsertion (cm)
StdevThicknessOfExsertion (cm)

The distance between the EP and the IMAP. In rice, we select these points at
the flag leaf ligule attachment point and the panicle notch, respectively.
The distance between the IMAP and the FMAP. In rice, we select these points

at the panicle notch and inflorescence abortion point, respectively.

The distance between the IMAP and the tip of the longest terminal branch. In
rice, the IMAP is selected at the panicle notch.

A primary branch is any distinct skeleton segment that attaches (i.e. shares a
neighboring pixel with the main axis) between the IMAP and the FMAP. The
MINBRANCSZ parameter defines the minimum length requirement of a
primary branch.

The distance from the first pixel in a primary branch that borders the rachis
skeleton, to the eight-neighbor pixel at the tip of a terminal seed. PBL is the
average of all primary branches within a panicle.

The maximum length of a primary branch within a panicle.

The minimum length of a primary branch within a panicle.

The sp of the mean length of primary branches.

Nodes are defined as anywhere a meristem transition has occurred. The pixels
at which primary branches attach are considered nodes. If a branch forms at
the IMAP and FMAP, they are also treated as nodes. Branches that attach
within a specified distance of one another are automatically collapsed into
a single internode point using the MINJCTDIST parameter, and the pixel
closest to the geometric center of the cluster is considered the true
internode point. NN is defined is as the total number of nodes in an image.

The average number of branches per node for all nodes within a panicle.
Branches are collapsed into single nodes using the MINJCTDIST parameter,
and the pixel closest to the geometric center of the cluster is considered the
true node.

The maximum number of branches to occur at a single node within a panicle.

The sp when calculating the number of branches per node.

The distance between two nodes, after collapsing of primary branches. NL is
the average length of all internodes in an image.

The maximum distance between two nodes.

The minimum distance between two nodes.

The sp of the mean length between nodes.

Thickness is calculated as 2 X the distance between a skeleton point and its
closest pixel on the image contour. Distances are obtained directly from the
Euclidean distance map of the panicle mask during the skeletonization
step. MeanThicknessOfMainAxis is the average of all thickness measures
between the IMAP and the FMAP.

The maximum thickness between the IMAP and the FMAP.

The sp of the mean thickness of the main axis.

Thickness is calculated as 2X the distance between a skeleton point and its
closest pixel on the image contour. Distances are obtained directly from the
Euclidean distance map of the panicle mask during the skeletonization
step. MeanThicknessOfExsertion is the average of all thickness measures
between the EP and the IMAP.

The maximum of all thickness measures between the EP and the IMAP.

The minimum thickness measurement between the EP and the IMAP.

The sp of the mean thickness of exsertion.

EL
RL
PL

PBN

PBL
xPBL
nPBL

NN

BpN

xBpN
NL

xNL
nNL

TR

XxTR

TE

xTE
nTE

in varieties like IR64 and Azucena that have very small
awns (Supplemental Fig. 52). The squares of correlation
coefficients between PANorama phenotypes were high
for every reported phenotype (Supplemental Table S2),
confirming that the AWNSTHICK parameter accu-
rately filters awns without negatively impacting other
phenotypes.

Plant Physiol. Vol. 165, 2014

When compared with manual measurements, PANorama
phenotypes always showed higher 7* values, lower
MAPDs, and MPEs closer to zero than P-TRAP. Addi-
tionally, PANorama required much less computational
time to generate skeletons and calculate phenotypes
(Table 1I). When comparing PANorama and P-TRAP
skeletons visually, we found that P-TRAP was less
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Table Il. Comparison of manual, PANorama, and P-TRAP measurements

Squares of Pearson’s correlation coefficient (* values), MAPDs, and MPEs were calculated using 30 images between manual measurements and
phenotypes calculated by each software platform. RL and PBN are not controlled by parameters (NA). Awn filtering and number of branches per
node (BpN) are not supported (NS) in P-TRAP version 20130213220. Total processing time for 60 images includes skeletonization and measurement
calculation but excludes the selection of meristem transition points.

PANorama P-TRAP
Trait

Parameter 7 MAPD MPE r MAPD MPE
RL NA 0.998 0.78 —0.004 0.06 59.51 —26.20
PBN NA 0.99 0.42 0.004 0.77 3.16 —2.25
NN MINJCTDIST (0.25 cm) 0.86 5.76 —0.050 0.42 28.26 —=20.10
BpN MINJCTDIST (0.25 cm) 0.83 6.35 0.065 NS NS NS
PBL (open) AWNSTHICK (0.032 cm) 0.996 1.42 0.002 NS NS NS
PBL (closed) AWNSTHICK (0.032 cm) 0.998 2.54 -0.019 NS NS NS
PBL (open) AWNSTHICK (0.0 cm) 0.996 2.59 —0.021 0.93 9.55 —3.26
PBL (closed) AWNSTHICK (0.0 cm) 0.996 3.69 —-0.032 0.90 6.48 2.85
Total processing time (60 images) 10 min, 30 s 1 h, 10 min

accurate at identifying curved axes (Supplemental Fig.
S3A). This could partially explain why P-TRAP mis-
represented RL and internode number (NN), resulting in
high MAPDs and strongly negative MPEs for both traits
(Table II). P-TRAP also could not distinguish awns from
branches (Supplemental Fig. S3B).

PANorama in Other Species

In order to test the applicability of PANorama in other
organisms, we photographed and analyzed the follow-
ing plant structures: a male inflorescence from maize
(Zea mays), a compound leaf and an inflorescence from
tomato, and an entire Arabidopsis (Arabidopsis thaliana)
plant (Fig. 5). With minimal tweaking to the parameters
within iftPANorama.h, we were able to calculate phe-
notypes across these differently shaped image objects.
The three points selected in DefineMainAxis.py were
chosen in order to measure different biological structures
within each organism (see “Materials and Methods”;
Supplemental Table S3).

Validation of PANorama Phenotypes in Rice
QTL Analysis

To test the biological validity of PANorama pheno-
types, we performed a QTL analysis using a population
of RILs derived from a wide cross between IR64 (Indica)
and Azucena (Japonica). In any phenotype-mapping
study, there are tradeoffs between the number of repli-
cates, the number of traits, and the resolution of mea-
surements that are feasible to obtain. Because the
MAPDs of open versus closed primary branches dif-
fered by approximately 1% (Table II), we phenotyped
primary architecture in high replication (n = 1,522
images) and forewent the manual arrangement of higher
branching (Supplemental Fig. S2A). QTL mapping was
performed following the methods described previously
(Spindel et al., 2013) using 30,984 single-nucleotide poly-
morphisms generated via genotyping by sequencing
(GBS). Numerous QTLs were detected throughout the
genome for length, width, and count measurements
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(Table III; Supplemental Table S4). We also detected
several QTLs for two reproductive traits that were
measured without using PANorama: days to heading
(DTH) and panicle number (PN; Supplemental Table
S4; see “Materials and Methods”). Several regions of
the genome showed clusters of QTLs for PANorama
panicle traits and/or these independently measured
reproductive phenotypes (Supplemental Table 54).
Figure 6 and Table IV summarize results for six traits,
including one vegetative phenotype, exsertion length
(EL), and multiple phenotypes that represent compo-
nents of the composite trait PL. All of these phenotypes
display transgressive variation in the RIL population
compared with the parents (Fig. 6A). Notably, despite
using PANorama, PL had a single QTL on chromosome 1
explaining 17.26% of the phenotypic variation (Table IV).
By dividing PL into RL, mean internode length (NL),
maximum internode length (xNL), and minimum in-
ternode length (nNL) traits, we identified 16 additional
QTLs at 11 distinct locations throughout the genome
and increased the total percentage variance explained
(Fig. 6B; Table III). Of particular interest, nearly every
length phenotype within this study, vegetative and re-
productive, mapped to a large region on the distal end
of chromosome 1 (Supplemental Table S4). Figure 6C
depicts the log;, of the odds (LOD) profiles for a few of
these traits from approximately 140 centimorgans (cM)
to the end of chromosome. Notably, peak markers for
PL, xNL, and NL show increasing LOD scores of 6.38,
8.56, and 13.53, respectively. Additionally, within the
region, the peak markers for RL and EL are shifted
several centimorgans up and downstream, respectively
(Fig. 6C; Table IV). These results demonstrate that bio-
logically precise phenotyping using PANorama com-
plements dense genetic marker data, improving the
resolution of QTL peaks at a single genomic locus.

Comparison of Panicle Traits across Genetic Lines

To establish the extent of morphological variation in
rice panicle architecture, both within a variety and across
different genetic backgrounds, we grew a small panel

Plant Physiol. Vol. 165, 2014
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Figure 5. PANorama in other species. With minimal adjustments to parameters stored in the iftPANorama.h file, PANorama can
be easily adapted to measure structures from other organisms, including total plant architecture in Arabidopsis (A), the male
inflorescence of maize (B), and the compound leaf (C) and inflorescence (D) of tomato. Phenotypic values are listed in

Supplemental Table S3. Bars = 500 pixels.

of eight genetic lines in varying pot sizes under con-
trolled environmental conditions (n = 1,139 images).
The eight lines represent the parents of four mapping
populations currently available in the international rice
community, including the IR64 X Azucena RIL pop-
ulation used in the QTL mapping portion of this study.
They come from diverse genetic backgrounds, represent-
ing seven domesticated varieties, four of the rice subpop-
ulations, and one wild relative: Azucena, Jefferson, and
Moroberekan (tropical japonica); Nipponbare (temperate
japonica); IR64 and CO39 (indica); Kasalath (aus); and Oryza
rufipogon IRGC 105491 (wild). For many of the measure-
ments, each line shows different means and distributions.
The variation observed within varieties was much smaller
than that observed between varieties, even when plants
were grown under different pot sizes (Fig. 7; Supplemental
Table S5). Although we detected subtle variation within a
genetic line across pot sizes, the differences were not sta-
tistically significant (Supplemental Table S6).

DISCUSSION

The rice inflorescence is a complex organ, develop-
mentally and physiologically, and yet plant breeders
have continued to measure panicles using very blunt

Plant Physiol. Vol. 165, 2014

tools. This is out of step with the major advances in
sequencing and genotyping technology that have greatly
increased the dissection of complex traits by QTL map-
ping and/or genome-wide association studies (GWAS).
The major goal of this study was to develop a platform
and methodology that facilitates high-resolution pheno-
typing of rice panicles.

PANorama Is an Accurate and Flexible
Phenotyping Platform

For branched structures like the rice panicle, image
analysis represents an accurate and high-throughput
method to obtain multiple phenotypes simultaneously.
However, phenotyping via image analysis has its own
limitations, often requiring special preparation of plant
tissue or time-intensive, manual arrangement of samples
before a photograph can be taken. Within this study, we
demonstrate that PANorama represents an improvement
in efficiency, flexibility, and accuracy when phenotyp-
ing primary panicle axis traits. Table V summarizes the
major differences in software implementation, testing,
and phenotyping capabilities between PANorama and
P-TRAP, an open-source software platform released in
August 2013 (AL-Tam et al., 2013).
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Table Ill. Panicle trait QTLs identified using PANorama phenotypes
Total PVE represents the PVE by a multi-QTL model.

Trait Trait Type Chromosome Total PVE No. of QTLs
EL Length 1,4,6,8 49.77 5
RL Length 1,8 32.50 2
PL Length 1 17.26 1
NL Length 1,516,910 56.15 6
xNL Length 1,5 23.25 2
nNL Length 1,3,9, 11 42.39 4
PBL Length 1,3,4,8, 11 40.26 5
xPBL Length 4 10.80 1
nPBL Length 6 9.99 1
PBN Count 3,4 35.86 3
NN Count 3,8 25.19 2
BpN Count 1,4 28.76 2
xBpN Count 1,3,47 44.30 4
TR Width 1,4,7 30.86 3
xTR Width 4 17.02 1
TE Width 4 10.86 1
xTE Width 1,4 20.01 2
nTE Width 2,8 22.65 2
Total No. of PANorama QTLs identified 47

The PANorama pipeline is broken into distinct steps
that are executed linearly using a small collection of
scripts (Fig. 2; Supplemental Fig. S1; Supplemental
Videos 51-S3). The most demanding tasks are com-
puted in batch, including awn filtering, skeletoniza-
tion, and data extraction. Meanwhile, basic orientation
of axes and error correction for images are flexibly con-
trolled for each image via stand-alone GUIs. All pa-
rameters controlling implementation of the pipeline are
stored in a single editable file (Supplemental Table S1).
PANorama skeletons are calculated using the exact
morphology of panicle axes, which accurately excludes
awns and requires no editing by the user (Figs. 2—4).
When comparing PANorama phenotypes and manual
measurements, we found that using the awn filter al-
ways increased the accuracy of PBL measurements,

even in varieties with developmentally small awns
(Table II; Supplemental Fig. S2). For landraces and
wild relatives of rice, which have long awns of varying
length (Fig. 2), this feature was crucial when measuring
PBL in high replication (Fig. 7). When identifying de-
velopmental transition points in an image using the
PANorama GUI DefineMainAxis.py, points are se-
lected on top of a skeleton and their positions are stored
in an accessory .txt file separately from the skeleton
(Supplemental Fig. S1; Supplemental Video S3). This
allows a user to flexibly edit any parameters con-
trolling the pipeline (Supplemental Table S1) and
rerun skeleton calculation without having to reselect
developmental transition points for every image in a
directory. Selecting three points during this step also
allows division of the main axis into two types of
tissue: in this study, vegetative (EL) and reproduc-
tive (RL).

In contrast, the P-TRAP platform calculates skele-
tons using straight-line segments and operates entirely
within a single GUI, requiring users to manually edit
skeletons using a mouse (Table V). The P-TRAP GUI
implementation is flexible and facilitates large-scale
error correction of an image skeleton, but it comes at
a great cost in terms of the accuracy of skeletons and
overall processing time, defeating the purpose of high-
throughput image analysis. When comparing PANorama
and P-TRAP on the same computer using 60 images, we
found that skeleton calculation and phenotype extraction
were 8 times faster in PANorama (Table II). Additionally,
rerunning skeleton calculation within P-TRAP required
that the IM initiation and abortion points be reselected for
every image, increasing manual processing time when
replicating results (data not included in time calcula-
tions). P-TRAP could not distinguish curved panicle
axes, cluster branches into internodes automatically,
or filter awns (Supplemental Fig. S3). This resulted in
decreased accuracy (low r* values, large MPEs) and
increased error (large MAPDs) for all P-TRAP pheno-
types (Table II).

Figure 6. (Figure continues on following page.)
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Figure 6. PANorama improved our ability to measure and map for quantitative panicle traits. A, Frequency distributions of
phenotypic line means for six traits, calculated using 158 RILs and the two parents of the mapping population. The total number
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Table IV. Dissection of PL into different internode measurements using PANorama increases the number of QTL identified in an IR64 x Azucena RIL
Population

Several of these peaks have been identified in previous studies (Pr. id.), but many are novel. Percent variance explained (PVE) was calculated for
each peak. IR64 additive effects (Add. Eff.) are reported in units for the trait, except for non-normal phenotypes transformed using the natural
logarithm (*). Nonparametric phenotypes are denoted with ("P).

Pheno Chr Peak(cM) Peak Marker Left, Right Markers LOD PVE Add. Eff. Pr. id.
nNL 1 148.44 S$1_30057829 S1_26453459, S1_31817994 4.53 8.31 —0.05* f
PL 1 178.17 S1_37484178 S$1_35922333, S1_38642939 6.38 17.26 —1.66 cm a, b
NL 1 178.5 S1_37521762 S$1_37370036, S1_38150186 13.53 21.7 —0.06* a b
xNL 1 178.5 S1_37521762 S1_37314452, S1_37838629 8.56 20.48 —0.55 cm™ a, b
RL 1 172.11 S1_36198766 S$1_35691398, S1_38679377 6.65 14.75 —1.58 cm a, b
EL 1 182.15 S$1_38527519 S1_38116619, S1_38642939 9.38 16.15 —-1.2 cm™ a, c e
nNL 3 94.16 S$3_16076715 S$3_15765689, S3_16438463 6.62 12.51 0.06*

EL 4 2.32 S4_405005 S4_309716, S4_13379128 4.09 6.49 0.89 cm

NL 5 11.35 S5_1442539 S5_1247072, S5_1568034 5.93 8.45 —0.04*

NL 5 85.13 S5_21207727 S$5_20587858, S5_21705936 3.79 5.23 —0.05*

xNL 5 85.13 S5_21207727 S§5_1279922, S5_22515124 3.39 7.48 —0.34 cm

NL 6 62.63 S6_10319721 S6_8821624, S6_12046394 4.31 5.99 —0.03*

EL 6 114.93 $6_22200268 $6_21980490, S6_22254152 3.97 6.29 —0.29 cm™

EL 6 116.58 $6_22260180 $6_22200268, S6_22410496 6.46 10.64 —-0.57 cm™

EL 8 79.91 S$8_22603837 S$8_22484223, S8_23108392 6.5 10.64 —0.89 cm™ a, c e
RL 8 112.69 S$8_27305892 S§8_27213374, S8_28389376 7.29 16.32 —1.67 cm d
NL 9 96.74 S9_18987864 S9_16451344, S9_20174149 3.94 5.44 —0.03*

nNL 9 110.9 S9_21397331 §9_20403572, S9_22503375 4.34 7.94 —0.04*

NL 10 67.94 $10_19095358 S$10_18448365, S10_19941941 5.47 7.74 0.03*

RL 10 67.94 §10_19095358 $10_18437567, S10_21920802 3.69 5.06 1.08 cm

nNL 11 34.31 S11_5453415 S11_4362683, S11_5644994 7.33 14.02 0.04*

“Previous identification citations are as follows: a, Hittalmani et al. (2003); b, Kobayashi et al. (2003); ¢, Li et al. (2003); d, Ikeda et al. (2010);
e, Asano et al. (2011); and f, Zhao et al. (2011).

The flexible implementation of skeletonization and
awn filtering within PANorama directly facilitated our
ability to perform, to our knowledge, the first large-scale,
image-based quantification of primary panicle archi-
tecture in rice using thousands of images (Table V). In
contrast, P-TRAP was only tested on 26 images before
being released (AL-Tam et al., 2013). We found our
methods to be robust, even when photographing pan-
icles from different varieties and subpopulations. With
minimal tweaking to parameters within iftPANorama.h
(see “Materials and Methods”), we were also able to
generate skeletons for plant organs from other species
(Fig. 5; Supplemental Table S3). For structures like the
maize male inflorescence, which is similar to rice, pro-
cessing only required that the AWNSTHICK parameter
be turned off. However, while we could accurately
generate skeletons for the Arabidopsis and tomato im-
ages (Fig. 5), we could only extract phenotypes that
were similar in structure to a rice panicle (Supplemental
Table S3). By releasing the PANorama source code freely

to the public, other research groups can expand on the
skeleton implementation used within the pipeline and
fully customize PANorama to extract measurements
from differently shaped image objects.

Quantitative Panicle Phenotypes Are Necessary to
Leverage High-Resolution Genotype Data

To our knowledge, this study represents the first
QTL analysis to use both high-density genetic marker
data and high-resolution phenotypes to characterize
primary panicle architecture in rice. In doing so, we
were able to detect the largest number of panicle and
exsertion QTLs ever reported in a single study (Table III).
Several of these QTLs have been identified in previous
studies using different mapping populations, but many
are novel (Table IV; Supplemental Table S4). Using
PANorama, we were able to measure many traits si-
multaneously in high replication, identify new QTLs

Figure 6. (Continued.)

of panicle images was 1, 522. The means for IR64 and Azucena are labeled using black or white dashed lines, respectively. The
x axes depict length measurements (cm) for each phenotype. B, Genetic map of the 12 chromosomes in rice, constructed with
30,984 single-nucleotide polymorphisms. PVE indicates total PVE for all QTLs within a trait. C, QTL peaks at the distal end of
chromosome 1, shown from approximately 140 cM to the end of the chromosome. The y axis depicts the LOD score calculated
for each marker across the region. QTL mapping was performed using Haley-Knott regression and 1,000 permutations to
determine a significance threshold for each phenotype; the average threshold for all 6 phenotypes is 3.42 (not shown). LOD
profiles show the refined QTL locations after forward selection and backward elimination were used to probe the model space.
The peak marker for each trait is depicted using a vertical dashed line.
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for known traits that have never been identified, and
measure several novel phenotypes that are otherwise
difficult to capture, such as internode composition of
the main rachis axis. Additionally, we identified several
regions of the genome that show pleiotropic clustering
of panicle QTLs and confirmed the overlap of PANorama
QTLs with two independently measured reproduc-
tive traits (DTH and PN). Both of these findings are
consistent with previous studies in rice (Kobayashi
et al., 2003; Ando et al., 2008; Liu et al., 2008; Ikeda
et al., 2010), adding further biological validity to our
QTL analysis. Taken together, these results attest to
both the efficiency and accuracy of the PANorama
pipeline.

When using high-resolution GBS marker data to map PL
(Fig. 1), we were only able to detect one QTL on chromo-
some 1. However, by dissecting this composite pheno-
type into its internode components using PANorama,
we detected 12 additional QTLs at 8 distinct locations
throughout the genome (Fig. 6B; Table IV). Although
some of these QTLs overlap with one another, several
are unique to different rachis measures and together are
responsible for larger percentage variances explained
(PVEs; Table III). These findings not only validate our
decision to treat the rachis axis as a composite pheno-
type but suggest that high-resolution phenotyping is
necessary to dissect pleiotropic panicle traits (Fig. 6B;
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Table IV). Interestingly, the PL, RL, NL, and xNL phe-
notypes all have QTLs that tightly cluster at the distal
end of chromosome 1, in the same region as a QTL for
the vegetative trait EL (Fig. 6B; Table IV). A partial
measurement of the culm (Fig. 1), EL has become an
important phenotype with the advent of hybrid rice
breeding. Nearly every male-sterile line available to
breeders has a short EL, which severely reduces out-
crossing because panicles remain trapped within the
leaf sheath. Even though a gene controlling panicle
exsertion has been cloned on chromosome 5, ELON-
GATED UPPERMOST INTERNODE, many breeders
still rely on exogenously applied gibberellic acid to en-
sure full panicle exsertion during crossing schemes (Luo
et al., 2006).

The EL LOD profile across chromosome 1 is relatively
narrow and highly significant, with one major peak near
the gibberellin oxidase gene SD1 (Fig. 6C; Table III).
During the Green Revolution, breeders incorporated
an allele of SD1 into diverse indica varieties that signifi-
cantly increased harvest index by reducing the ratio of
vegetative to reproductive tissue (Hedden, 2003). This
was accomplished by selecting for the phenotype “plant
height,” measured as the total length of a panicle bear-
ing culm, from the soil level at the base of the vegetative
stem to the tip of the longest panicle (International Plant
Genetic Resources Institute and Association, 2007). This

491



Crowell et al.

Table V. Comparison of the PANorama and P-TRAP software platforms

Features that are not supported in PANorama or P-TRAP version 20130213220 are labeled with (NS).

Parameter

Feature

PANorama

P-TRAP

Software
implementation

Beta testing

Phenotyping differences

Image acquisition
Skeletonization

Skeletonization

Axis definition

Axis definition

Axis definition

Software execution

Compatibility
Image number

Genetic mapping
Primary axis internodes

Primary axis thickness
Branches per internode

Exsertion phenotypes

Built directly into the pipeline
with skeleton preview

Based on exact morphological
erosions of a shape

Potential for future software
releases to target differently
shaped image objects

Internode/awn filtering built
directly into skeleton
calculation with adjustable
parameters

User divides the primary axis
three times

Skeleton points are selected on
top of a _skel.jpg image,
generating an accessory file

Linear pipeline controlled with
scripts

Linux

More than 2,600 images in this
study

QTL mapping using 154 RILs in rice

Length of individual rachis
internodes

Mean and maximum thickness
measures

NS

Axes connected with
straight-line segments

Generates skeletons for
branching structures only

Internodes and awns must be
manually edited using a GUI

User divides the primary axis
two times

Points selected within a skeleton
graph and require manual
editing of the skeleton

Self-contained GUI

Windows, Mac OSX, and Linux
26 images

NS
Mean internode length only

Mean thickness only

Secondary/tertiary axes

Spikelet traits

Calculated at every internode (mean NS
and maximum)
Length and thickness NS
NS Branch length, count, and number
of internodes
NS Count, length, and shape

measurement integrates multiple internodes, vegetative
and reproductive, into a single composite trait that
encompasses all exsertion and panicle phenotypes.
As such, it is not surprising that previous QTL studies
have mapped PL and plant height to the distal end of
chromosome 1, using a population of similar genetic
background; IR64 is one of the indica varieties that
received the dwarfing SD1 allele, while Azucena is a tall
tropical japonica landrace. Breeders have always assumed
that the SD1 locus was pleiotropically responsible for
length phenotypes that map to this region, even though
these studies were conducted using low-density marker
coverage and low-resolution phenotyping (Hittalmani
et al., 2003; Li et al., 2003).

By comparing QTLs for PL, RL, and the various in-
ternode measures surrounding SD1 within our study,
we note significant changes with respect to both the
overall LOD scores and the distribution of the LOD
profiles. Specifically, with increasing resolution of PL
phenotypes (from PL to RL to NL), the LOD profiles
resolve from one amorphous peak into several small-
effect QTL peaks (Fig. 6C). This suggests that that there
are likely multiple, linked loci across the region in-
volved in panicle development surrounding the large-
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effect SD1 gene, which are easier to detect using a
combination of dense marker data and high-resolution
panicle phenotype data. Although our ability to identify
specific candidate genes within complex QTL regions is
limited by the number of recombination events within
this relatively small RIL population, mapping numer-
ous internode-derived traits to this region is consistent
with the recent breeding history at this locus. These
results present compelling evidence that high-resolution
panicle phenotyping will facilitate the dissection of
complex loci and complement other high-resolution
genotype data sets, such as those used in GWAS.

Rice Panicle Architecture Varies across Different
Genetic Backgrounds

The high-resolution phenotypes we generated using
PANorama allowed us to detect subtle variation in
panicle architecture, which may otherwise have been
lost using standard phenotyping methodologies. Many
panicle traits have distinctly different distributions
within a genetic line, despite being grown in varying
pot sizes (Fig. 7; Supplemental Tables S5 and S6). These
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results support the findings observed in a previous study,
which identified subpopulation-specific polymorphisms
associated with PL in rice using GWAS (Zhao et al,
2011). However, it is interesting that although three
of the lines in our study (Azucena, Moroberekan, and
Jefferson) are from the same subpopulation, tropical
japonica, their panicle traits are distinctly different from
one another. This confirms that quantitative variation
exists within multiple stages of panicle development,
at the variety, subpopulation, and rice species level.
Within the QTL mapping portion of this paper, we
identify several genomic regions that have overlapping
QTLs for panicle traits, PN, and/or DTH phenotypes
(Supplemental Table S4). The concept of pleiotropy in
panicle development has been confirmed numerous
times within other QTL studies (Kobayashi et al., 2003;
Ando et al., 2008; Liu et al., 2008; Ikeda et al., 2010).
However, limited genotype and phenotype resolution
has always prevented the dissection of these complex
loci, which could be composed of single large-effect genes
or arrays of linked, small-effect genes, as we suggest exist
on chromosome 1 (Fig. 6C). In either case, without per-
forming high-resolution panicle phenotyping on a larger
set of rice germplasm, it is difficult to interpret whether
multitrait loci observed within experimental genetic
mapping populations are actually responsible for variety-
and subpopulation-specific panicle traits, such as those
observed within our small collection of genetic lines
(Fig. 7; Supplemental Table S5). For breeders working
with diverse sets of germplasm, the existence of such
loci could have significant implications when selecting for
panicle-related traits that affect yield and grain quality.

CONCLUSION

PANorama is a unique and flexible phenotyping pipe-
line that improved our ability to quantitatively measure
rice panicles in both a QTL mapping study and a collection
of diverse genetic lines. Although breeding for rice panicle
morphology to boost yield potential is promising in the-
ory, quantitative phenotyping must be done on a larger set
of germplasm in order to tease apart the pleiotropic nature
of panicle phenotypes observed in genetic mapping pop-
ulations. By releasing PANorama freely to the public, it is
our hope that others will be able to adapt it to their own
phenotyping needs. The use of a single phenotyping
platform across multiple research groups could represent
a significant step forward in streamlining comparative
genetic studies both within and across species.

MATERIALS AND METHODS
Plant Material and Harvesting

The set of rice (Oryza sativa) genetic lines used in the pot size experiment are
the parents of four mapping populations currently available within the interna-
tional rice community. Genotypes include Azucena, CO39, IR64, Jefferson,
Kasalath, Moroberekan, Nipponbare, and one wild relative (Oryza rufipogon
IRGC 105491). The IR64 X Azucena RIL population, composed of 176 F10 to F12
lines, was originally developed at Institut de Recherche pour le Développement
in Montpellier, France, using single-seed descent under greenhouse conditions.
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For the comparison of manual measures, PANorama, and P-TRAP, IR64 and
Azucena varieties from Rice Diversity Panel 1 were used.

Seeds were surface sterilized using 20% bleach for 15 to 20 min and ger-
minated directly in soil at approximately 1 cm depth. A 1:1 soil mixture of
Promix:clay was used in both studies. Panicles were harvested by cutting the
culm at the flag leaf ligule so as to include the EL measurement. For panicles
that still remained wrapped within the leaf sheath of the culm, panicles were
cut just below the panicle notch (Fig. 1) so as to include all reproductive
phenotypes. Samples were stored in 70% ethanol to maintain the flexibility of
tissue until the time of imaging. PN was measured as the total number of
panicles on a plant after grain filling had finished. DTH was recorded when
the first panicle on a plant emerged 50% from the leaf sheath.

Planting Conditions

Growth Chamber

Plants were grown in the Weill Growth Chamber Facility at Cornell Uni-
versity. Chamber settings were as follows: 300 umol m ™2 s™" on a 12-h day/
night cycle; day/night temperature of 30°C/25°C; and humidity between 75%
and 85%. The eight genetic lines were planted in four pot sizes (2, 3, 4, and
6 inches) and replicated (1 = 40 plants per variety; 10 replicates per pot size).
To reduce shading effects, plants were grown in a pseudorandomized block
design. The lines were grouped by plant height (short and tall), and pots were
also clustered into two major groups based on size (4- and 6-inch pots together
and 2- and 3-inch pots together). The positions of plants within clusters were
randomized, and clusters of different sized pots were randomized throughout
the chamber. When available, five panicles per plant replicate were photo-
graphed (total panicles in study, n = 1,139).

Greenhouse

For comparison of manual measures, PANorama, and P-TRAP, IR64 and
Azucena were grown in summer 2013 in the Gutterman Greenhouse Facility at
Cornell University (n = 3 plants per variety). Five panicles were harvested
from each replicate (1 = 15 panicles per variety). For the QTL mapping study,
the RILs were grown in summer 2012 in the Gutterman Greenhouse Facility.
In order to reduce shading or greenhouse positional effects, three replicates
(n = 3 plants per line) were grown in a pseudorandomized block design.
Briefly, plants were grown in 6-inch pots and clustered by height; plant posi-
tions within a cluster and the positions of overall clusters within the greenhouse
were both randomized at the start of the study. Several weeks after tillering
phase began, plants with excessively short phenotypes or narrow leaves were
moved into groups outside of the randomized design to prevent shading. When
available, five panicles per plant replicate were photographed using PANorama
(total panicles in study, n = 1,522).

Sample Imaging Protocol
Rice

Before photographing, ethanol-soaked panicles were air dried for 15 to 24 h
to improve the rigidity of the tissue without resulting in brittleness. Samples
were photographed using a Nikon D200 digital SLR camera, a 60-mm Macro
lens, and a 0.3 neutral density filter. Camera control in PANorama is mediated
by gPhoto2 (version 2.4.14). During imaging, panicles were arranged so that
primary branches were spread open so as not to overlap within the image view.
The camera was mounted on a fixed copy stand, and color images of samples
were acquired on a light box to improve contrast. Images were saved at 2,592 X
3,872 pixels. The scale parameter within iftPANorama.h was adjusted for each
experiment to ensure that pixel-to-length conversions were accurate (com-
parison of manual measures, PANorama, and P-TRAP = 116 pixels cmh; QTL
mapping = 120 pixels cm™'; and measurement of eight genetic lines = 120
pixels cm ™). To determine the scale, an image of a ruler was acquired using
GetPictures.py, and the open-source software Image] (version 1.46a-1) was
used to measure the length of 1 cm in pixels at several places within the image.
All image processing was performed within the PANorama pipeline using the
parameters listed in Supplemental Table S1.

Maize, Tomato, and Arabidopsis

Images for maize (Zea mays), tomato (Solanum lycopersicum), and Arabi-
dopsis (Arabidopsis thaliana) were acquired using PANorama and saved at
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2,592 x 3,872 pixels (scale = 120 pixels cm ). Several adjustments were made
to the iftPANorama.h file before skeleton calculation. The segmentation and
multiscale parameters used by CreateSkeletons.py were not altered, but the
awn filter was turned off (AWNSTHICK = 0.0 cm). All other parameters were
kept the same for the maize and tomato inflorescences. For the Arabidopsis
plant and tomato leaf, the minimum junction distance and minimum primary
branch length parameters were altered (Arabidopsis, MINJCTDIST = 0.5,
MINBRANCSZ = 0.1; tomato leaf, MINJCTDIST = 0.1, MINBRANCSZ = 0.1).

The EP, IMAP, and FMAP points selected in the DefineMainAxis.py GUI
were carefully chosen to highlight different structures within each image (Fig. 5,
color differences). Measurements are listed in Supplemental Table S3. To
measure total Arabidopsis plant architecture, EP was selected at the tip of the
longest root, IMAP at the base of the inflorescence, and FMAP at the tip of the
inflorescence (Fig. 5A). To measure Arabidopsis inflorescence traits, the EP
was selected at the base of the inflorescence, the IMAP just below the terminal
floret cluster, and the FMAP at the tip of the inflorescence (data not shown).
For the maize inflorescence, EP was selected at the flag leaf ligule attachment
point, IMAP at the first tassel branch, and FMAP at the base of the terminal
spike (Fig. 5B). For the tomato inflorescence, FMAP was selected at the base of
the last fruit on the cyme. For the tomato leaf, FMAP was selected at the base
of the terminal leaflet. In both tomato images, EP and IMAP were selected
directly on top of one another at the base of the axis in order to exclude pink
exsertion measurements (Fig. 5, C and D).

Comparison of Manual Measures, PANorama, and P-TRAP

Manual measurements were taken for the following phenotypes by hand: RL,
primary branch number (PBN), NN, and average number of branches per node
(BpN). Average PBL was calculated by manually measuring every branch within
an image using the Segmented Line Tool in ImageJ (version 1.46a-1; pixel con-
version = 116 pixels cm ™). Measurements were taken using images that contained
openly arranged panicle branches to ensure that curved primary branches could be
measured as accurately as possible. Phenotypes were calculated from raw skele-
tons in both PANorama and P-TRAP (version 20130213220) and used to calculate
all reported statistics. No images were corrected after skeleton calculation, except to
select the meristem transition points. Because P-TRAP had large percentage de-
viations from manual measures for both RL and NN, we reran the analysis two
times with P-TRAP freshly installed on two separate computers (Linux and
Macintosh). However, doing so did not significantly improve the 7, MAPD, or
MPE. Total processing time for PANorama includes the execution of the following
scripts for 60 images: CreateSkeletons.py, Extractnfo.py, and ExtractMeasures.py.
Total processing time for P-TRAP includes skeletonization (Find Structure) and
phenotype calculation (Collect Results) for 60 images. The amount of time required
to select meristem points was not included in either calculation. Additionally,
P-TRAP grain quantification (Find Grains) was not included in the time calcula-
tion. Processing times were measured on the same computer for both platforms.

QTL Analysis

QTL mapping within this study was performed using 154 of the IR64 X
Azucena RIL lines and the software package R/QTL (R version 2.15.1; R/qtl
package 1.24.9) following the methods described (Spindel et al., 2013). Briefly,
we performed an initial scan for QTLs using Haley-Knott regression and 1,000
permutations to determine the LOD significance threshold. We then rescanned
for additional QTLs, conditioning on peaks detected in the initial scan. Finally,
forward selection and backward elimination were used to probe the model space
and refine QTL locations. For phenotypes that failed the Shapiro-Wilks test for
normality, a natural log transformation of the raw data was performed before
QTL mapping was conducted. The distributions for two of the phenotypes (EL
and xNL) remained highly non-normal even after the natural log transformation;
thus, a nonparametric QTL model was used (Table IV; Supplemental Table S4).

Statistical Analysis of Diverse Lines

To construct distributions of line means and pot size effects on each panicle
phenotype, we implemented a multivariate Bayesian hierarchical model
(Greenberg et al., 2011). The data contained between one and five individual
data points per plant and between 24 and 32 plants (grown in various pot
sizes) per genotype. We analyzed all phenotypes (Fig. 5) simultaneously. The
posterior distributions of line means were constructed using Markov chain
Monte Carlo as described (Greenberg et al., 2011). We ran 500 iterations of
burn in and saved 25,000 samples each from four independent chains. Con-
vergence was verified by inspecting trace plots of the chains.
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Supplemental Data

The following materials are available in the online version of this article.
The open source software PANorama is free to download at ricediver-
sity.org, and videos can be viewed using from the links below.

Supplemental Figure S1. Directory structure used in the PANorama pipeline.
Supplemental Figure S2. Final skeletons in closed versus open rice panicles.

Supplemental Figure S3. Screenshots comparing PANorama with the
open-source platform P-TRAP.

Supplemental Table S1. Parameters stored within the iftPANorama.h file.

Supplemental Table S2. Correlation coefficients between PANorama phe-
notypes with and without awn filtering.

Supplemental Table S3. Phenotypes from other species.

Supplemental Table S4. Panicle trait QTLs identified in an IR64 X
Azucena RIL population.

Supplemental Table S5. Phenotypic grand means for eight genetic lines,
calculated using all pot sizes.

Supplemental Table S6. Phenotypic raw means for each genetic line, cal-
culated per pot size.

Supplemental Video S1. Using GetPictures.py and RebuildImageFiles.py
(https:/ /vimeo.com /87497670).

Supplemental Video S2. Using CreateSkeletons.py and DefineMainAxis.py
(https:/ /vimeo.com /87497348).

Supplemental Video S3. Using ExtractInfo.py, CorrectBranches.py, and
ExtractMeasures.py (https:/ /vimeo.com/87497347).

Supplemental Materials and Methods S1. Image-analysis methods for
high-resolution inflorescence phenotyping.
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