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Holistic and component plant 
phenotyping using temporal image sequence
Sruti Das Choudhury1,2*, Srinidhi Bashyam2, Yumou Qiu3, Ashok Samal2 and Tala Awada1

Abstract 

Background:  Image-based plant phenotyping facilitates the extraction of traits noninvasively by analyzing large 
number of plants in a relatively short period of time. It has the potential to compute advanced phenotypes by con-
sidering the whole plant as a single object (holistic phenotypes) or as individual components, i.e., leaves and the stem 
(component phenotypes), to investigate the biophysical characteristics of the plants. The emergence timing, total 
number of leaves present at any point of time and the growth of individual leaves during vegetative stage life cycle 
of the maize plants are significant phenotypic expressions that best contribute to assess the plant vigor. However, 
image-based automated solution to this novel problem is yet to be explored.

Results:  A set of new holistic and component phenotypes are introduced in this paper. To compute the component 
phenotypes, it is essential to detect the individual leaves and the stem. Thus, the paper introduces a novel method to 
reliably detect the leaves and the stem of the maize plants by analyzing 2-dimensional visible light image sequences 
captured from the side using a graph based approach. The total number of leaves are counted and the length of each 
leaf is measured for all images in the sequence to monitor leaf growth. To evaluate the performance of the proposed 
algorithm, we introduce University of Nebraska–Lincoln Component Plant Phenotyping Dataset (UNL-CPPD) and 
provide ground truth to facilitate new algorithm development and uniform comparison. The temporal variation of 
the component phenotypes regulated by genotypes and environment (i.e., greenhouse) are experimentally dem-
onstrated for the maize plants on UNL-CPPD. Statistical models are applied to analyze the greenhouse environment 
impact and demonstrate the genetic regulation of the temporal variation of the holistic phenotypes on the public 
dataset called Panicoid Phenomap-1.

Conclusion:  The central contribution of the paper is a novel computer vision based algorithm for automated 
detection of individual leaves and the stem to compute new component phenotypes along with a public release 
of a benchmark dataset, i.e., UNL-CPPD. Detailed experimental analyses are performed to demonstrate the temporal 
variation of the holistic and component phenotypes in maize regulated by environment and genetic variation with a 
discussion on their significance in the context of plant science.

Keywords:  Plant phenotyping, Plant architecture, Holistic phenotypes, Component phenotypes, Image sequence 
analysis

© The Author(s) 2018. This article is distributed under the terms of the Creative Commons Attribution 4.0 International License 
(http://creat​iveco​mmons​.org/licen​ses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, 
provided you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, 
and indicate if changes were made. The Creative Commons Public Domain Dedication waiver (http://creat​iveco​mmons​.org/
publi​cdoma​in/zero/1.0/) applies to the data made available in this article, unless otherwise stated.

Open Access

Plant Methods

*Correspondence:  S.D.Choudhury@unl.edu 
1 School of Natural Resources, University of Nebraska-Lincoln, Lincoln, 
NE, USA
Full list of author information is available at the end of the article

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s13007-018-0303-x&domain=pdf


Page 2 of 21Das Choudhury et al. Plant Methods  (2018) 14:35 

Background
The complex interaction between genotype and the envi-
ronment determines the phenotypic characteristics of 
a plant which ultimately influences yield and resource 
acquisition. Image-based plant phenotyping refers to the 
proximal sensing and quantification of plant traits based 
on analyzing their images captured at regular intervals 
with precision. It facilitates the analysis of a large number 
of plants in a relatively short period of time with no or lit-
tle manual intervention to compute diverse phenotypes. 
The process is generally non-destructive, allowing the 
same traits to be quantified repeatedly at multiple times 
during a plant’s life cycle. However, extracting meaning-
ful numerical phenotypes based on image-based auto-
mated plant phenotyping remains a critical bottleneck 
in the effort to link intricate plant phenotypes to genetic 
expression.

The analysis of visible light (i.e., RGB) image sequence 
of plants for phenotyping is broadly classified into two 
categories: holistic and component-based [1]. Holistic 
analysis considers the whole plant as a single object and 
generates phenotypic values such as total pixel counts 
or metrics that quantify the basic geometric properties 
of the plant (e.g., height, width, plant aspect ratio, etc). 
Component-based analysis requires first identifying and 
distinguishing specific structures of a plant such as leaves, 
stem, or floral organs, and either quantifies properties of 
these structures individually or quantifies relationships 
between them. Figure 1 shows a high-level organization 
of vegetative stage image-based plant phenotypes. In 
contrast to component analysis, holistic analysis is sim-
pler once proper segmentation of an image into plant and 
non-plant pixels has been performed. Therefore, most of 
the algorithms to compute plant phenotypes from images 
use holistic phenotypes. Holistic analysis is further 

Fig. 1  Categorization of vegetative stage plant phenotypes
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divided into two categories, namely primary or basic and 
derived or advanced. Primary holistic phenotyping anal-
ysis measures the individual attributes of the basic geo-
metrical shape, e.g., height of the bounding rectangle of a 
plant to quantify plant height, area of the convex-hull to 
quantify plant size. Derived holistic phenotypes combine 
two or more primary phenotypes for advanced plant phe-
notyping analysis. Component-based plant phenotyping 
analysis requires identifying and tracking individual plant 
structures that often have similar shape and appearance, 
which pose challenges. The development of effective 
component based plant phenotypes is important since 
they have the potential to improve our understanding of 
plant growth and development at a higher resolution.

Maize (Zea mays) or corn, has been the preeminent 
model for studying plant genetics over the past century, 
and is widely employed in both private and public sector 
research efforts in Asia, Europe, and the Americas. Maize 
is one of the three grass crops, along with rice and wheat, 
that directly or indirectly provides half of the total world 
caloric consumption each year. Arabidopsis and Tobacco 
have been widely used as the model plants for various 
applications in computer vision based plant phenotyping, 
i.e., leaf segmentation using 3-dimensional histogram 
cubes and superpixels [2], plant growth and chlorophyll 
fluorescence under various abiotic stress conditions [3], 
quantification of plant growth, photosynthesis, and leaf 
temperature-related parameters through the analysis of 
RGB, fluorescent light, and infrared time-lapse image 
sequences [4], automated plant segmentation using 
active contour model [5] and the rate of leaf growth mon-
itoring based on leaf tracking using infrared stereo image 
sequences [6]. In contrast, extraction of phenotypes from 
the images of cereal crops, e.g., maize and sorghum, is 
only in the budding stage. The method in [1] introduces 
two derived holistic parameters namely bi-angular con-
vex-hull area ratio and plant aspect ratio, which respec-
tively contribute to the understanding of plant rotation 
due to shade avoidance and canopy architecture. This 
paper proposes an additional holistic phenotype called 
plant aerial density. While the method in [1] focuses 
on heritability analysis of the holistic phenotypes using 
boxplots, the proposed method applies statistical mod-
els to analyze the impact of a greenhouse environment 
and demonstrates the genetic regulation of the temporal 
variation of these phenotypes. Unlike the method in [1] 
which focuses on vegetative stage phenotyping analy-
sis of maize, the method in [7] develops a robot-assisted 
imaging pipeline to track the growths of ear and silks 
based on an ear detection algorithm. The genotypic vari-
ation in silk growth rate under drought stress has been 
experimentally demonstrated. The method in [8] analyses 
the structure of a rice panicle based on image analysis, 

detects and counts the grains, and measures their shape 
parameters.

A 3D model of a sorghum (Sorghum bicolor) plant is 
reconstructed in [9] by using images acquired by a depth 
camera to identify quantitative trait loci for measuring 
shoot height, leaf angle, leaf length and shoot compact-
ness. The method in [10] experimentally demonstrated 
the temporal variation of leaf angle and leaf area induced 
by light interception based on 3D reconstruction of 
maize plants from multiple side view images. The use 
of skeletonization process in the determination of plant 
architecture has been successfully demonstrated in [11, 
12]. The method in [1] introduces a basic algorithm for 
leaf detection, where the leaf tips and leaf junctions are 
identified by inspecting the neighboring pixels of the 
skeleton of the leaf. A set of phenotypic traits, e.g., mor-
phological, leaf architectural, textural and color-based, 
have been extracted from maize plants based on leaf and 
stem identification following skeletonization of binary 
images in [13]. The traits are used for yield prediction 
using QTL mapping that reveals genetic architecture of 
maize. However, for thin architectures like maize where 
complexity in shape and appearance increases over time, 
the skeletonization process often results in the formation 
of unwanted spurious branches. Since the methods in [1, 
13] do not employ any technique to remove these spuri-
ous branches which are often falsely identified as leaves, 
the success is limited to early growth stages. This paper 
introduces an advanced algorithm for detecting individ-
ual components of a plant, i.e., leaves and the stem, using 
a robust graph based approach.

Graphical representations of skeletons have been inves-
tigated in the literature for many object recognition prob-
lems [14]. The method in [14] uses a skeletal graph to 
model a shape in order to use graph matching algorithms 
to determine similarity between objects. The method in 
[15] developed an ImageJ application to transform the 
skeleton of a shoot to a weighted graph, and uses the 
Floyd-Warshall shortest path algorithm to measure the 
shoot length of submerged aquatic plants. In this paper, 
we introduce the application of graphical representa-
tion of skeleton for detecting individual components of 
a plant, i.e., leaves and stem, to exploit the advantages 
of several concepts of graph theory. The skeleton of the 
plant is represented by a connected graph consisting of 
nodes and edges, where the nodes are labeled as either 
tips or junctions based on analyzing their degrees. A 
graph traversal algorithm is employed for efficient leaf 
detection. The length of each edge is analyzed to remove 
spurious branches based on thresholding. The weight 
associated with each edge represents the number of the 
leaf in order of emergence.
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Available phenotyping imaging tools and datasets
Phenotyping imaging tools
Table  1 provides a comparative analysis of the existing 
shoot phenotyping software systems. The state-of-the-art 
image-analysis based plant phenotyping software systems 
are listed in http://www.plant​-image​-analy​sis.org/. This 
paper aims to introduce new component phenotypes by 
characterizing the leaves and stem of the plants that have 
not been considered in the literature. While the methods 
in [16–19] compute leaf area, leaf angle, indent width and 
height, we define a set of new phenotypes, e.g., junction-
tip distance, leaf curvature, integral leaf-skeleton area, 
leaf-junction angle and stem angle, with a discussion on 
their significance in plant science. A use-assisted soft-
ware tool called Leaf Extraction and Analysis Framework 
Graphical User Interface (Leaf GUI) is proposed in [20] 
for analyzing the structure of leaf venation networks and 
areoles. The methods in [21–24] computes primary holis-
tic phenotypes, e.g., height and width of the plants, shoot 
area and biomass, whereas the proposed method com-
putes three derived holistic phenotypes, e.g., bi-angular 
convex-hull area ratio, plant aspect ratio and aerial den-
sity, and demonstrate temporal variations of these phe-
notypes regulated by genotypes.

Existing datasets
The publicly available datasets for computer vision based 
plant phenotyping have mainly considered Arabidop-
sis (Arabidopsis thaliana) and tobacco (Nicotiana taba-
cum) [25, 26]. The leaf segmentation challenge (LSC) 
dataset [25] consists of three subsets: A1 (Ara2012), 
A2 (Ara2013) and A3(Tobacco). Ara2012 and Ara2013 
subsets consist of top-view time-lapse images of Arabi-
dopsis thaliana rosettes. The total number of images in 
Ara2012 and Ara2013 are 150 and 5048, respectively. A3 
dataset consists of top-view images of tobacco (Nicotiana 
tabacum) plants which are captured hourly by a robot 
equipped with two stereo camera systems for 30  days. 
The LSC dataset is publicly available from http://www.
plant​-pheno​typin​g.org/CVPPP​2014-chall​enge.

The Plant Imagery Dataset developed at the Michi-
gan State University (MSU-PID dataset) [26] consists of 
images of Arabidopsis (total 2160 × 4 images) and bean 
(total 325 × 4 images) captured by 4 types of calibrated 
cameras, i.e., fluorescent, IR, RGB color and depth sen-
sor to facilitate phenotyping research in the areas of leaf 
segmentation, leaf counting, leaf alignment, leaf tracking 
and 3D leaf reconstruction. A subset (576 × 4 Arabidopsis 
images and 175 × 2 bean images) is annotated to provide 
ground truth for leaf tip location, leaf segmentation and 
leaf alignment. The dataset consists of images of a single 
genotype, and hence not suitable for research on genetic 
regulation of phenotypes. MSU-PID dataset is publicly 

available from http://cvlab​.cse.msu.edu/multi​-modal​ity-
image​ry-datab​ase-msu-pid.html [26].

To stimulate plant phenotyping research in the case 
of panicoid grain crops, a public dataset called Pani-
coid Phenomap-1 is introduced in [1]. It consists of vis-
ible light image sequences of 40 genotypes including at 
least one representative accession from five panicoid 
grain crops: maize, sorghum, pearl millet, proso mil-
let, and foxtail millet. The dataset does not contain any 
ground truth, as it is primarily designed for the develop-
ment and evaluation of holistic phenotypes. However, to 
evaluate the performance of the leaf and stem detection 
algorithm and validate the correctness of the component 
phenotypes, a benchmark dataset with human-anno-
tated ground truth is indispensable. Since such a data-
set is not publicly available, we introduce the University 
of Nebraska–Lincoln Component Plant Phenotyping 
Dataset (UNL-CPPD) to spur research in leaf detection 
and tracking, leaf segmentation, evaluation of holistic 
and component-based phenotypes, and identifying new 
research problems in computer vision based phenotyping 
analysis of the maize plants and also other cereal crops 
sharing similar architecture, e.g., sorghum.

Methods
The proposed method has three phases: (a) view selec-
tion; (b) determination of plant architecture using a 
graph based approach; and (c) computation of holistic 
and component phenotypes.

View selection
View selection is a prerequisite for the plant architecture 
determination algorithm. A plant image sequence con-
sists of images captured on increasing days from multi-
ple view angles. To achieve maximum efficiency, it is best 
to analyze the plant images captured from that particu-
lar view angle at which the line of sight of the camera is 
perpendicular to the line of axis of the leaves. To ensure 
the automatic selection of the view at which the line of 
sight of the camera is perpendicular to the line of axis of 
the leaves, we compute the area of the convex-hulls of the 
plant images of all available views for each day. For each 
imaging day, the view at which the area of the convex-
hull of the plant is the maximum, is selected for subse-
quent analysis.

For simplicity and without loss of generality, we con-
sider two side views, i.e., side view 0 ◦ and side view 90◦ . 
The view selection process is summarized in Eq. 1.

(1)

αp =

{

0◦ if (CV-area0p) > (CV-area90p)
90◦ if (CV-area90p) > (CV-area0p)

http://www.plant-image-analysis.org/
http://www.plant-phenotyping.org/CVPPP2014-challenge
http://www.plant-phenotyping.org/CVPPP2014-challenge
http://cvlab.cse.msu.edu/multi-modality-imagery-database-msu-pid.html
http://cvlab.cse.msu.edu/multi-modality-imagery-database-msu-pid.html
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where CV-area0p and CV-area90p denote the area of the 
convex-hulls of the images on the p-th day at side view 0 ◦ 
and side view 90◦ , respectively. If the area of the convex-
hull at side view 0 ◦ is higher than the area of the convex-
hull at side view 90◦ , the image of side view 0 ◦ is chosen 
for that day for subsequent analysis and vice-versa. Fig-
ure 2a, b show the binary images of a maize plant from 
Panicoid Phenomap-1 captured from two different side 
views, i.e., 0 ◦ and 90◦ , respectively, and their convex-hulls 
(shown in red). It is readily apparent from the figures that 
the area of the convex-hull at side view 0 ◦ is higher than 
the area of the convex-hull at side view 90◦.

Plant architecture determination
In this section we describe the process of plant archi-
tecture determination, a full outline can be found in 
Algorithm 1.

Segmentation
The first step is to segment the plant (foreground), from 
the background, i.e., the part of the scene which remains 
static over the period of interest for the image sequence. 
Since, the imaging chambers of Lemnatec Scanalyzer 3D 
high throughput plant phenotyping system has a fixed 
homogeneous background, the simplest background sub-
traction technique based on frame differencing is used to 
extract the foreground. However, successful execution of 
this technique requires the background and foreground 
images to be aligned with respect to scale and rotation. 
Hence, prior to applying frame differencing technique of 
background subtraction, we used automated image reg-
istration technique based on local feature detection and 
matching to account for change in zoom levels (resulting 
in scale variation) during the image capturing process. 
The key to feature detection is to find features (e.g., cor-
ners, blobs and edges) that remain locally invariant so 
that they are detected even in the presence of rotation 
and scale change [27]. In the proposed method, the cor-
ners of the pots, the pot center and the edges of the frame 
of the imaging cabinet are used as the local features for 
aligning the foreground and the background based on 
correspondence detection. Figure 3a, b respectively show 
the background and the original image. The extracted 
foreground as shown in Fig. 3c resulting from frame dif-
ferencing technique of background subtraction, retains 
some pixels of the background due to lighting variations. 
It also retains undesirable part of the plant, e.g., soil, soil 
covering film, etc.

In order to remove resulting noises due to variation in 
lighting, the green pixels of the original image are super-
imposed onto Fig. 3c, which results in the image as shown 
in Fig.  3d. The green pixels constituting the plant are 
retained, while nosy pixels of other colors are set to zero 

values to make them part of the background. Thus, the 
noises are removed. The resulting foreground consisting 
of only green pixels characterizing the plant is shown in 
Fig. 3e. A color-based thresholding in HSV (Hue, Satura-
tion and Value) color space is applied on this image using 
the following ranges: hue (range 0.051–0.503), saturation 
(range: 0.102-0.804) and value (range 0.000–0.786) to 
binarize the image. The resulting binary image is shown 
in Fig.  3f. The binary image is subjected to connected-
component analysis involving morphological operation 
of erosion to remove noisy pixels and followed by dilation 
to fill up any small holes inside the plant image to give a 
single connected region as shown in Fig. 3f.

Skeletonization
The skeletonization, i.e., the process of reducing a shape 
to one-pixel wide lines that preserve the shape’s main 
topological and size characteristics, are mainly computed 
based on morphological thinning, geometric methods 
and fast marching distance transform. The morphological 
thinning based methods iteratively peel off the bound-
ary layer by layer, identifying the points whose removal 
does not affect the shape topology. Although straight-
forward to implement, it requires intensive heuristics to 
ensure the skeletal connectivity, and hence does not per-
form well in the case of complex dynamic structures like 
plants. The geometric methods compute Voronoi dia-
gram to produce accurate connected skeleton. However, 
its performance largely depends on the robustness of the 
boundary discretization, and is computationally expen-
sive. We used fast marching distance transform to skel-
etonize the binary image as explained in [28] due to its 
robustness to noisy boundaries, low computational com-
plexity and accuracy in terms of skeleton connectivity. 
Figure 4a shows the binary image of a plant and Fig. 4b 
shows the corresponding skeleton image.

The limiting factor of skeletonization process is the 
skeleton’s high sensitivity to boundary noises generat-
ing redundant spurious branches or spurs, which sig-
nificantly affects the topology of the skeleton graph 
[29]. The most common approaches to overcome skel-
eton instability are based on skeleton pruning, i.e., 
eliminating redundant skeleton branches. Figure  5a, 
b respectively show the spurious branches resulting 
from the skeletonization process in the original plant 
and its corresponding graphical representation. We use 
thresholding based skeleton pruning to remove spuri-
ous branches, i.e., if the length of an edge is ≤ threshold, 
is it regarded as a spur, and hence discarded. The value 
of threshold is chosen as 10 pixels for our method. It is 
observed that all spurs are removed using this thresh-
old value for all plant image sequences of UNL-CPPD. 
The process of skeleton pruning, i.e., the elimination of 
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spurious branches from the skeleton [29], leaves redun-
dant degree-2 nodes from which the spurious branches 
originated. These redundant nodes are also removed so 
that a leaf or an inter-junction is represented by a sin-
gle edge. Figure 5c, d respectively show that the spur is 
removed in the original plant image and its graphical 

representation based on the skeleton pruning process 
described above.

Graphical representation of plant
The skeleton of the plant P is represented as the graph, 
i.e., P = {V, E}, where V is the set of nodes, and E is the 
set of edges. The set of nodes, V, are defined by V = 

Fig. 2  Illustration of view selection: a binary image of a maize plant enclosed by convex-hull at side view 0 ◦ ; and b binary image of the same maize 
plant enclosed by convex-hull at side view 90◦

Fig. 3  Illustration of segmentation process: a background image; b original image; c foreground obtained after applying frame differencing 
technique; d foreground obtained by green pixel superimposition; e foreground containing green pixels characterizing the plant; and f binary 
image
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{T, B, J} where B, T, and J are the base of the plant, the 
tips of leaves and the junctions in stem from which the 
leaves emerge, respectively. The set of edges E is defined 
as E = {L, I}, where, L and I represent the leaves and 

inter-junctions in the plant, respectively. These terms 
are briefly described below and are graphically shown in 
Fig. 6. Base (B): The base of the plant is the point from 
where the stem of the plant emerges from the ground and 
is the bottom most point of the skeleton. Junction (J): The 
node where a leaf is connected to the stem. This is also 
referred to as ‘collar’ in plant science. The junctions are 
nodes of degree 3 or more in the graph. Tip (T): The node 
with degree 1 is considered as a tip. it is the free end of 
the leaf. Leaf (L): Leaves connect the leaf tips and junc-
tions on the stem. If an edge has one node that is a leaf 
tip, it is considered as a leaf. Inter-junction (I): The edge 
connecting two junctions are called inter-junctions. The 
stem is formed by iteratively traversing the graph from 
the base along a connected path of junctions.

Fig. 4  Illustration of skeletonization: a binary image; b skeleton 
image

Fig. 5  Illustration of spur removal process: a Spurious branch giving rise to a false node in the leaf; b visualization of Spur in the graphical 
representation of the plant; c, d Spur removal based on threshold based skeleton pruning in the original plant and its graphical representation
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Fig. 6  Plant architecture determination: a plant skeleton with each leaf marked with different colors; b graphical representation of the plant with 
nodes and edges; and c plant body-part labeling
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Phenotype computation
Holistic phenotypes
The method presented in [1] introduced two holistic 
phenotypes, namely, bi-angular convex-hull area ratio 
(BACHR) and plant aspect ratio (PAR), defined as follows:

and

where, AreaCH is the area of the convex-hull, HeightBR 
denotes the height of the bounding rectangle (BR) of the 
plant in side view 0 ◦ and DiameterMEC denotes the diam-
eter of the minimum enclosing circle (MEC) of the plant 
in top view.

The plant aerial density PAD is defined as

where, PlantTpx denotes the total number of plant pixels.
BACHR provides information on plant rotation due to 

shade avoidance, whereas PAR is a measure which helps 
to distinguish between genotypes with narrow versus 
wide leaf extent when plant height is controlled. All these 
three holistic phenotypes are the ratios of two parame-
ters with same units, and hence, they are scale invariant.

(2)BACHR =
AreaCH at side view 0◦

AreaCH at side view 90◦
,

(3)PAR =
HeightBR at side view

DiameterMEC at top view
,

(4)
PAD =

PlantTpx at side view 0◦(90◦)

AreaCH at side view 0◦(90◦)
,

Component phenotypes
Here, we employ component-based approaches to 
quantify two aboveground, vegetative stage organs of 
a maize plant: the leaf and the stem (where the stem 
actually consists of stem tissue and multiple wrapped 
leaf sheaths). The image-based approaches employed 
here enable the quantification of a number of pheno-
types currently scored by plant biologists using manual 
techniques such as total number of leaves, inter-junc-
tion distance, stem height, leaf length, and leaf angle. 
Furthermore, computer vision based phenotyping anal-
ysis also made it possible to measure a number of addi-
tional component-based phenotypes that would not 
be practical to measure using manual techniques such 
as (a) junction-tip distance; (b) integral leaf-skeleton 
area; (c) leaf-junction angle; (d) leaf curvature; and (e) 
stem angle. These component phenotypes are shown in 
Fig. 7.

Leaf length: It measures the length of each leaf. Let 
the n-th order polynomial equation generated by poly-
nomial curve fitting of each leaf is given by

where, p1 , p1,..., pn+1 are the coefficients of the best fit 
polynomial for the leaf skeleton optimizing the least 
square error. The leaf length is measured using

where, x1 and x2 denote the x-co-ordinates of the leaf-
junction and leaf-tip, respectively.

Junction-tip distance: It is defined as a distance 
between the junction and the tip of each leaf measured 
using a straight line. Junction-tip distance is measured 
using

where, ( x1,y1 ) and ( x2,y2 ) respectively denote the co-
ordinates of the junction and tip of the leaf. The straight 
line connecting the tip and junction is called junction-tip 
path.

Leaf curvature: The steps to compute leaf curvature 
are given below. The nth order polynomial equation of 
the leaf skeleton is computed using Eq. 5. The radius of 
curvature (R) at any point on the leaf skeleton is given 
by

(5)
y = p(x) = p1x

n + p2x
n−1 + p3x

n−2 + · · · + Pnx + Pn+1,

(6)
∫ x2

x1

√

1+ (dy/dx)2,

(7)X =

√

(x2 − x1)2 + (y2 − y1)2.

(8)R =
[1+ (dy/dx)2]

3
2

|
d2y

dx2
|

.

Fig. 7  Component phenotypes: 1-stem angle; 2-integral 
leaf-skeleton area; 3-leaf-junction angle; 4-apex curvature; 5-mid-leaf 
curvature; and 6-junction-tip distance
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Hence, curvature (K) is given by

For a given radius of curvature at a specific point on the 
tangent of a curve, we get two centers for positive and 
negative values of x-coordinate. We consider the two 
neighboring points of the mid-leaf and join the points 
using a straight line. The circle of which this straight line 
is a chord, is considered.

We compute leaf curvature at two special points on 
the leaf skeleton, i.e., leaf apex and mid-leaf. Leaf apex 
is defined as the pixel at leaf skeleton, perpendicular 
distance of which is maximum from the junction-tip 
path. Mid-leaf is the mid-point of the leaf skeleton. Leaf 
curvature is divided into two types based on the point 
at which it is computed, i.e., (a) apex curvature and (b) 
mid-leaf curvature.

To compute leaf apex, we measure the perpendicular 
distance from all the points of the skeleton of the leaf 
and the junction-tip path using

where, S is the set of all points of the leaf skeleton. Then, 
we compute max(dist). Leaf apex is the point at which 
dist is the maximum. Note that there might be more than 
one leaf apex.

We compute mid-leaf as follows. Let n be the total 
number of points in the leaf skeleton. The mid-point b 
is computed as

Mid-leaf is the point on p(x) which is at the x-intercept 
of b.

Leaf-junction angle: Leaf-junction angle, θ , is defined as 
the angle between the tangent of the leaf at its point of 
contact with the junction and the junction-tip path. It is 
measured using

where, m1 and m2 respectively denote the slopes of the 
tangent to the leaf at its point of contact with the junc-
tion and the junction-tip path.

Integral leaf-skeleton area: It is defined as the area 
enclosed by the leaf and the straight line joining junc-
tion and tip of the leaf, i.e., junction-tip path. Let p(x) be 
the equation of the leaf computed by polynomial curve 

(9)K =
1

R
.

(10)dist =
(y2 − y1)x0 − (x2 − x1)y0 + x2y1 − y2x1

√

(y2 − y1)2 + (x2 − x1)2
, ∀(x0, y0) ∈ S,

(11)b = floor(n/2).

(12)θ = tan−1 m2 −m1

1+m1m2
,

fitting. Let f(x) be the equation of the Junction-tip path 
which is computed by

where, ( x1, x2 ) and ( y1, y2 ) respectively denote the co-
ordinates of the leaf-junction and leaf-tip. The leaf area 
enclosed by p(x) and f(x) is computed by

where, a and b denote the x-co-ordinate of the leaf-tip 
and leaf-junction, respectively.

Stem angle: We define stem axis as the straight line 
formed by linear regression curve fitting of all the junc-
tions of a stem. The stem angle ( φ ) is defined as the angle 
between the stem axis and the vertical axis using

where, m is the slope of stem axis.

Discussion on phenotypic significance
The plant vigor can be best interpreted by the growth 
of individual leaves over time, and thus, leaf length and 
junction-tip distance are the two important phenotypes. 

(13)f (x) =
y1 − y2

x1 − x2
(x − x1)+ y1,

(14)
∫ b

a
[p(x)− f (x)],

(15)φ = tan−1(m),

Fig. 8  Lemnatec Scanalyzer 3D plant phenotyping facility at the 
UNL, USA, for high throughput plant phenotyping: a view of the 
greenhouse; b view of the greenhouse with watering station; 
c Lemnatec imaging chambers; and d plant entering into the 
fluorescent chamber
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They also help in the study of determining plants’ 
response to environmental stresses. Leaf curvature is 
a measurement of toughness of a leaf. Leaf toughness 
appears to be an important defense mechanism in maize 
across diverse groups of germplasm. Computer vision 
based leaf curvature measurement will replace the man-
ual and tedious process of using mechanical devices, 
e.g., penetrometres, to measure leaf toughness used in 
resistance breeding programs and studying phytochemi-
cal characteristics of leaves [30]. Stem angle, which is a 
measurement of deviation of stem axis from the verti-
cal line, can be an early signal to lodging susceptibility. 
Yield loss due to lodging reduces the US corn harvest by 
5–25% year (2.4–12 billion dollars at 2015 corn prices). 
Lodging is also an issue for farmers growing other grain 
crops including wheat, sorghum, and millet. The ratio of 
integral leaf-skeleton area to the junction-tip path pro-
vides information on leaf drooping, which could be an 
indicator of plant vigor such as nutrient deficiency.

Dataset
This section provides discussion on two publicly avail-
able datasets, i.e., Panicoid Phenomap-1 and UNL-CPPD, 
respectively used for experimental analysis of holistic 
phenotypes and component phenotypes.

Imaging setup
The University of Nebraska–Lincoln (UNL), USA, 
is equipped with the Lemnatec Scanalyzer 3D high 

throughput plant phenotyping system. Each plant is 
placed in a metallic carrier (dimension: 236 mm × 236 
mm × 142 mm) on a conveyor belt that moves the plants 
from the greenhouse to the four imaging chambers suc-
cessively for capturing images in different modalities. 
Table 2 shows the types and specifications for the differ-
ent types of cameras. Each imaging chamber has a rotat-
ing lifter for up to 360 side view images. The conveyor 
belt can accommodate up to 672 plants with height up to 
2.5 m. It has three watering stations with balance that can 
add water to target weight or specific volume, and records 
the specific quantity of water added on a daily basis. Fig-
ure 8a shows the view of the greenhouse equipped with 
the Lemnatec Scanalyzer 3D high throughput plant phe-
notyping system used for this research; Fig.  8b shows a 
watering station; Fig.  8c shows the imaging chambers; 
and Fig.  8d shows a plant entering into the fluorescent 
imaging chamber.

Dataset organization
We introduced Panicoid Phenomap-1 dataset in [1]. The 
dataset consists of images of the 40 genotypes of panicoid 
grain crops including at least one representative acces-
sion from each of the five categories: maize, sorghum, 
pearl millet, proso millet and foxtail millet. The images 
were captured daily by the visible light camera for two 
side view angles, i.e., 0 ◦ and 90◦ , for 27 consecutive days. 
Panicoid Phenomap-1 contains 13,728 total number 
of images from 176 plants. Table  3 shows the genotype 

Table 2  Specifications of different types of cameras of the Lemnatec Scanalyzer 3D high throughput plant phenotyping 
system at the UNL, USA

Camera type Spatial resolution (px) Spectral range (nm) Band Frame rate (fps) Bit depth (bit)

Visible light 2454 × 2056 400–700 – 17 24

Fluorescent 1390 × 1038 620–900 – 24 14

Infrared 640 × 480 8–14 – 5 14

Near-infrared 640 × 480 900–1700 – 24 14

hyperspectral 320 line width 545–1700 243 100 16

Table 3  The names of the genotypes corresponding to the genotype IDs used in the Panicoid Phenomap-1 dataset

GID Gname GID Gname GID Gname GID Gname GID Gname

1 740 9 C103 17 LH82 25 PHG83 33 Yugu1

2 2369 10 CM105 18 Mo17 26 PHJ40 34 PI614815

3 A619 11 LH123HT 19 DKPB80 27 PHH82 35 PI583800

4 A632 12 LH145 20 PH207 28 PHV63 36 Purple Majesty

5 A634 13 LH162 21 DHB47 29 PHW52 37 BTx623

6 B14 14 LH195 22 PHG35 30 PHZ51 38 PI535796

7 B37 15 LH198 23 PHG39 31 W117HT 39 PI463255

8 B73 16 LH74 24 PHG47 32 Wf9 40 PI578074
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names corresponding to genotype IDs used in the data-
set. The imaging started on October 10, 2015, 2 days after 
planting the seeds. The dataset is designed to facilitate 
the development of new computer vision algorithms for 
the extraction of holistic phenotypic parameters specifi-
cally from maize and to encourage researchers to test the 
accuracy of these algorithms for related crop species with 
similar plant architectures.

We created a subset of Panicoid Phenomap-1 data-
set consisting of images of the 13 maize plants to evalu-
ate our component phenotyping algorithm. We call this 
dataset as UNL-CPPD. While Panicoid Phenomap-1 only 
contains original images captured by the visible light 
camera, UNL-CPPD is released with human-annotated 
ground truth along with the original image sequences to 
facilitate image-based component phenotyping analysis. 
The dataset will also stimulate research in the develop-
ment and comparison of algorithms for leaf detection 
and tracking, leaf segmentation and leaf alignment of 
maize plants. The dataset will also motivate the explo-
ration of components phenotypes and investigate their 
temporal variation regulated by genotypes.

The images of UNL-CPPD are captured by the vis-
ible light camera (BASLER: piA2400-17gc) in the Lem-
natec Scanalyzer 3D high throughput plant phenotyping 
facility located at the innovation campus of the UNL, 
USA, once daily for 32 days. UNL-CPPD has two ver-
sions: UNL-CPPD-I (small) and UNL-CPPD-II (large). 

UNL-CPPD-I comprises images for two side views: 0 ◦ 
and 90◦ of 13 maize plants for the first 27 days starting 
from germination that merely exclude self-occlusions due 
to crossovers. UNL-CPPD-II comprises images for two 
side views: 0 ◦ and 90◦ of the same 13 plants for longer 
duration, i.e., 32  days to evaluate the proposed method 
in presence of leaf crossovers and self-occlusions. It 
should be noted that Plant_104 − 24 has images for 
31  days (Day 32 is unavailable) and Plant_191− 28 has 
images for 30 days (Day 27 and Day 32 are unavailable). 
Thus, UNL-CPPD-I contains total number of 700 origi-
nal images and UNL-CPPD-II contains total number of 
816 original images including the images contained in 
UNL-CPPD-I. Corresponding to each original image, 
the dataset also contains the ground truth and annotated 
image with each leaf numbered in order of emergence. 
We release the following ground truth information in 
the XML format for each original image of the plant: (a) 
the co-ordinates of leaf-tips and leaf-junctions; and (b) 
the total number leaves present (which are numbered 
in order of emergence). Both the datasets, i.e., Panicoid 
Phenomap-1 and UNL-CPPD can be freely downloaded 
from http://plant​visio​n.unl.edu/. The sizes of Panicoid 
Phenomap-1 and UNL-CPPD are 102.96 GB and 7.73 
GB, respectively.

Figure 9 shows the ground truth of a sample plant from 
UNL-CPPD. The root element in this XML document is 

Table 4  The experimental design for maize (ID: 1–32) and non-maize plants (ID: 33–40)

Different emphasis represent the examples of blocks used in the maize design. The genotype names corresponding to the genotype IDs are provided in Table  3

39 36 37 33 39 40 – – – –

38 35 35 34 34 33 – – – –

40 34 38 39 36 35 – - – –

37 33 36 40 37 38 – – – –

20 12 6 24 20 2 2 13 22 19

18 8 14 20 31 1 19 26 24 17

4 28 19 4 23 26 15 12 8 20

2 15 22 27 4 10 31 28 6 3

21 30 5 26 7 30 11 29 25 4

29 14 3 8 22 18 3 6 9 28

5 31 30 11 6 14 18 10 18 1

13 24 21 10 15 17 27 22 2 12

19 22 9 18 11 8 24 20 26 30

26 6 25 2 5 3 7 14 16 11

25 27 17 28 12 13 5 32 21 7

23 17 1 7 28 16 21 16 31 27

10 32 13 16 27 24 23 9 32 14

3 1 15 32 21 29 17 4 5 23

7 16 31 23 9 32 1 30 10 13

9 11 29 12 25 19 8 25 15 29

http://plantvision.unl.edu/
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plant which contains three child elements, i.e., id, base 
and leaf.
Id: The element id is of simple type, i.e., it does not 

contain any children or attribute. It serves two purposes: 
(a) when it occurs inside the plant element, it refers to 
the image of the plant of which ground truth information 
is represented by the XML document; and (b) when it 
occurs inside a leaf element, it represents the leaf number 
in order of its emergence.
Base: The element base is of complex type, i.e., it con-

tains children or attributes. It contains 2 children, i.e., x 
and y, representing the coordinates of the pixel location 
of the base.
Leaf: The element leaf is of a complex type which con-

tains four children elements, i.e., id, status, tip and col-
lar. The leaf element may appear multiple times in plant 
depending on the number of leaves the plant currently 
has or had in its life cycle. The child id as mentioned 
before contains the leaf emergence order. status element 
represents the status of the leaf (alive, dead or missing). 
The status alive simply means that the leaf is alive and 
visible in the image at the given location. The dead sta-
tus means that the leaf appears to be dead in the image 
mainly due to the separation from the plant stem. The 
missing status means that the leaf is not visible in the 

image because the leaf might either be dead and no more 
visible or might be occluded because of the camera angle. 
The tip element has children x and y which represents the 
coordinates of the pixel location of the leaf tip, similarly 
the collar element represents the coordinates of the pixel 
location of the leaf-junction.

Results
Holistic phenotyping analysis
We focus our study on the 32 genotypes of maize, and 
analyzed three holistic phenotypes extracted from the 
images: plant aerial density, bi-angular convex-hull area 
ratio and plant aspect ratio. In the greenhouse, each row 
(represented as matrix columns in Table 4) is about one 
meter away from its neighboring row, while the pots in 
the row are right beside each other. Since the rows are 
further apart than the columns (represented as matrix 
rows in Table  4), we grouped the first eight columns 
in each row as a block, and the rest eight columns as 
another block. In this way, there are 20 blocks with two in 
each row. Those blocks were used to quantify the green-
house environment differences. Please see Table 4 for the 
experimental design used in this study.

We used a linear regression model to analyze the 
genotype effect and greenhouse row effect on the plant 

Fig. 9  An example of UNL-CPPD ground truth
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holistic traits. The responses were modeled indepen-
dently for each day as

where the subscript h = 1, 2, 3 denotes the three kinds 
of responses: plant aerial density, bi-angular convex-hull 
area ratio and plant aspect ratio. The subscripts i, j and 
t denote the ith block, jth plant in this block and day t, 
respectively, and ν(i, j) stands for the genotype at this 
pot, which is determined by the experimental design. 
The parameters α and γ denote block effect and genotype 
effect, respectively. The error term is denoted as ǫh,ij,t.

(16)yh,ij,t = µh,t + αh,i,t + γh,ν(i,j),t + ǫh,ij,t ,

For the response plant aerial density, we first studied 
the block effect. Understanding greenhouse environ-
ment impact is important, since it may confound with the 
genotype effect of interest. Based on our model, the block 
effect was not significant in the first few days when all the 
plants were relatively small. However, this environmen-
tal effect became stronger as the plants grew. For the last 
few days of the experiment, the rows in the middle of the 
greenhouse had significant positive effect on the plant 
aerial density in contrast to the rows on the edges. This 
means that besides the genotype difference, the plants 
in the middle of the greenhouse grew more than those 

Fig. 10  a Estimated greenhouse row effect: the differences (denoted by round dots) between the 12th block (in the 6th row, center of greenhouse) 
and the first block (in the first row) over time, with 95% confidence intervals (denoted by the vertical bars); Genotype effect over time after adjusting 
the greenhouse row effect, treating the first genotype as the benchmark (the 32 genotypes are denoted by different colors) for b plant aerial 
density; c bi-angular convex-hull area ratio and d plant aspect ratio
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on the two sides. Specifically, the 12th and 13th blocks 
in the 6th row had the largest effect, while the effects of 
the 1st and 2nd block in the first row and 18th and 20th 
blocks in the last two rows were smallest. One explana-
tion for this is that plants in the center rows experienced 

light competition from surrounding plants and as a result 
responded by increasing in height relative to edge plants. 
This phenomenon is well known and regularly observed 
under controlled environment and in the field.

Fig. 11  Illustration of temporal variation of component phenotypes: a leaf length; b integral leaf-skeleton area; c mid-leaf curvature; d apex-leaf 
curvature; e, f stem angle
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Figure  10a plots the estimated row difference 
between the 12th block and the 1st block over time, 
where the round dot is the estimated effect and the 
vertical bar gives the corresponding 95% confidence 
interval. From Fig.  10a, we see that the confidence 
intervals are higher than zero for the last 3 days, indi-
cating significant positive effect of the 12th block over 
the 1st block. After adjusting the block effect, the gen-
otype effect was quite significant. This is due to the 
choice of the 32 genotypes of maize in our study, which 
exhibit significant biological difference. Figure  10b 
plots the adjusted genotype effect over time when 
treating the first genotype as the benchmark to com-
pare. From this graph, we see that the plants exhibit 
significant genotype differences even after a few days 
of germination, and those differences increase as the 
plants grow.

For the responses bi-angular convex-hull area ratio 
and plant aspect ratio, we conducted similar analysis 
and found the block effect is not significant for those 
two responses. This means the greenhouse layout mainly 
affects the plant aerial density, but it does not have a sig-
nificant impact on those two shape-based phenotypic 
traits of plants. The genotype effect for the bi-angular 
convex-hull area ratio is significant from the Day 11 to 
Day 16 of the experiment. This ratio index reflects the 
plant rotation. Our finding suggests that the genotypes 
significantly affect the plant rotation around the 2nd 
week of germination. We also find that the genotype 
effect is significant for the plant aspect ratio. Please see 
Fig. 10c, d for the detail comparisons between genotypes 
for those two traits.

Component phenotyping analysis
Experimental analyses are performed on UNL-CPPD 
to study the temporal variation of the component phe-
notypes over the vegetative stage life cycle of the maize 
plants regulated by genetic variations. Here, we manually 

number the leaves in order of emergence and track them 
in the images from Day 1 to Day 27.

Figure  11a shows the lengths of each of 11 leaves 
(shown in different colors) of the plant006-25 starting 
from the day on which the leaf emerged until Day 27. This 
figure provides much important information: (a) the day 
on which a particular leaf emerges; (b) the total number 
of leaves that are present in the plant on a particular day; 
(c) the growth pattern of each leaf; and (d) the total num-
ber of leaves emerged during vegetative stage life cycle of 
the plant. For example, it is evident from Fig. 11c that leaf 
1 was born on Day 2, while leaf 11 was born on Day 19. 
The growth rate of leaf 1 is the lowest, while leaf 7 shows 
significantly high growth rate. On Day 20, the total num-
ber of leaves present in the plant is 8.

The temporal variation of integral leaf-skeleton area 
is shown in Fig.  11b. The figure shows that the integral 
leaf-skeleton area exhibits similar characteristic feature 
as that of the leaf length, i.e., the leaves that emerge in 
the later stage of the life cycle (e.g., leaf 9) has higher 
value for this component phenotype than the leaves that 
emerge earlier (e.g., leaf 2). Figure 11c shows the values of 
mid-leaf curvature for each of 11 leaves for the plant 006-
25 emerged in order against increasing days. The varia-
tion of apex-leaf curvature of the different leaves are not 
clearly visible in the linear scale. Thus, we use logarithmic 
scale to plot the values of apex-leaf curvature for each of 
11 leaves against increasing days (see Fig. 11d).

Figure 11e, f show comparisons between inter-genotype 
and intra-genotype variation of stem angles over time. 
The values of stem angles in radians (along y-axis) are 
plotted against the 27 consecutive days (along the x-axis). 
Figure 11f uses five plants of the same genotype to dem-
onstrate the intra-genotype variation, while Fig. 11e uses 
five plants of five different genotypes to demonstrate the 
inter-genotype effect on stem angle. In this study, stem 
angle is measured from the plants under similar environ-
mental conditions. It is evident from the figures that stem 

Fig. 12  Illustration of leaf detection performance due to leaf crossovers and self-occlusions. a Original plant image and b detected leaves marked 
with distinct colors
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angle is likely to be controlled by genotypic effect. Since, 
the focus of the paper is to introduce a novel algorithm to 
compute stem angle as a component phenotype, detailed 
experimental study to evaluate the genetic influence on 
stem angle under water-logged or nutriment imbalance 
conditions, is beyond the scope of this paper.

Discussion

Performance evaluation
The plant-level accuracy of algorithm 1 is given by

(17)Plant-level accuracy =

∑n
i=1

Ndi−Nfi

NGi

n
,

where, Nd denotes the number of detected leaves, Nf  
denotes the number of leaves that are wrongly detected, 
and Gi denotes the ground truth, i.e., number of leaves 
present in the plant image ∀ i = 1,...,n, where n denotes 
the total number of images in a plant sequence, i.e., n = 
27.

The Fig. 12 shows the inaccuracy in leaf detection for 
an image from UNL-CPPD-II (PlantID: Plant_191− 28∗ , 
side view 0 ◦ , Day 30) due to self occlusion and leaf cross-
over. Table  5 presents the plant-level accuracy corre-
sponding to each plant sequence for both UNL-CPPD-I 
and UNL-CPPD-II. The average plant-level accuracy for 
UNL-CPPD-I and UNL-CPPD-II are 92 and 85%, respec-
tively. There are the following three observations. (a) For 

Table 5  Performance summary of  algorithm  1 on  UNL-CPPD dataset  (Naming convention for  plant sequence is: Plant_
ID-Genotype ID [1])

* Plant sequence used to demonstrate inaccuracy in leaf detection due to self-occlusion and leaf crossover
+  Plant-level accuracy for UNL-CPPD-II is higher than that of UNL-CPPD-I
†  Plant-level accuracy for UNL-CPPD-II is lower than that of UNL-CPPD-I
‡  Plant-level accuracy remains fairly similar for both UNL-CPPD-I and UNL-CPPD-II

Plant sequence Dataset No. leaves Detected leaves False leaves Accuracy

Plant_001− 9 CPPD-I 116 93 1 0.79

CPPD-II 168 157 5 0.83

Plant_006− 25 CPPD-I 138 136 0 0.98

CPPD-II 205 188 5 0.91

Plant_008− 19 CPPD-I 142 140 0 0.98

CPPD-II 210 200 9 0.86

Plant_016− 20+ CPPD-I 103 86 0 0.83

CPPD-II 141 129 0 0.88

Plant_023− 1 CPPD-I 113 101 0 0.89

CPPD-II 154 135 8 0.83

Plant_045− 1 CPPD-I 122 120 3 0.96

CPPD-II 177 170 6 0.93

Plant_047− 25 CPPD-I 148 142 2 0.94

CPPD-II 212 196 5 0.88

Plant_063− 32† CPPD-I 149 138 0 0.93

CPPD-II 214 174 18 0.72

Plant_070− 11 CPPD-I 125 111 0 0.89

CPPD-II 177 148 5 0.83

Plant_071− 8 CPPD-I 141 131 0 0.93

CPPD-II 199 163 7 0.77

Plant_076− 24 CPPD-I 135 126 2 0.92

CPPD-II 191 152 2 0.78

Plant_104− 24‡ CPPD-I 144 140 0 0.97

CPPD-II 186 185 0 0.96

Plant_191− 28* CPPD-I 137 111 0 0.96

CPPD-II 178 151 7 0.81

Average CPPD-I 132 123 < 1 0.92

CPPD-II 186 165 ≈ 6 0.85
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some plants (e.g., Plant_016− 20+ ), the plant-level accu-
racy for UNL-CPPD-II is higher than that of UNL-CPPD-
I. This is attributed to the fact that these plant sequences 
contain more images in UNL-CPPD-II compared to its 
smaller version (UNL-CPPD-I) but none of the additional 
images has crossovers. (b) In contrast, if most of the addi-
tional images of UNL-CPPD-II for a sequence have self-
occlusions and leaf crossovers, the accuracy is decreased 
(e.g., Plant-ID: Plant_063− 32† ). (c) The plant-level accu-
racy remains fairly similar for both UNL-CPPD-I and 
UNL-CPPD-II (e.g., Plant_104 − 24‡).

Implementation and run‑time details
The algorithms to compute three holistic phenotypes, 
i.e., (a) bi-angular convex-hull area ratio, (b) plant aspect 
ratio and (c) plant aerial density, are implemented using 
OpenCV and C++ on Visual Studio 2010 Express Edi-
tion. The original images of the 32 genotypes of the total 
number of 176 maize plants from the Panicoid Phe-
nomap-1 dataset for two views, i.e., side-view 0 ◦ and 
side-view 90◦ , for 27 days are used to compute the phe-
notypes that are subsequently analyzed. The time to com-
pute the three holistic phenotypes on 176 × 27 × 2 = 9504 
images using an Intel(R)Core(TM) i7 processor with 16 
GB RAM working at 2.60-GHz using 64 bit Windows 7 
operating system are respectively 2.15, 2.23 and 2.05  h. 
Algorithm 1 is implemented using Matlab R2016a on the 
same platform. We record the total time taken to execute 
Algorithm 1 on 13 × 27 = 351 images (13 plants for one 
side-view for 27 days) of UNL-CPPD as 3 h 20 min. Thus, 
the average execution time of a single plant sequence is 
15.38 min.

Conclusion
We classify image-based plant phenotypes into two cat-
egories: holistic and component. Holistic phenotypes 
are computed by considering the whole plant as a single 
object, whereas component phenotypes represent the 
traits of the individual components of the plants, e.g., 
stem and leaves. Experimental analysis performed on our 
publicly available dataset called Panicoid Phenomap-1 
demonstrate the genetic regulation of the three holistic 
phenotypes, namely, bi-angular convex-hull area ratio, 
plant aspect ratio and plant aerial density, in maize. Bi-
angular convex-hull area ratio is a measure of plant rota-
tion due to shade avoidance, and provides information 
on phyllotaxy, i.e., the arrangement of leaves around a 
stem. plant aspect ratio and plant aerial density provide 
information on canopy architecture and plant biomass, 
respectively.

The vigor of a maize plant is best interpreted by the 
emergence timing, total number of leaves present at 
any development stage and the growth of individual 

leaves. To compute these phenotypes based on imag-
ing techniques, it is essential to reliably detect the indi-
vidual leaves of the plants. Thus, the paper introduces 
a novel algorithm to detect and count the total number 
of leaves of a maize plant by analyzing 2D visible light 
image sequences using a graph based approach. We have 
also presented algorithms to compute six component 
phenotypes, namely, leaf length, junction-tip distance, 
leaf curvature (two types: mid-leaf curvature and apex-
curvature), junction-tip angle, integral leaf-skeleton area 
and stem angle. While leaf length and junction-tip dis-
tance contribute to the study of growth monitoring of the 
plants, leaf curvature helps in the measurement of leaf 
toughness. Stem angle (a measure for the displacement 
of the stem away from the vertical axis) is a determin-
ing factor of plant’s susceptibility to lodging, i.e., bending 
of the stem. Lodging is primarily caused by the water-
logged soil conditions and nutrient imbalances and defi-
ciencies [31].

The proposed method provides an extensive study on 
holistic and component phenotypes in maize with sig-
nificance in plant science. It automatically detects each 
leaf of a maize plant to derive a number of new compo-
nent phenotypes compared to the recent state-of-the-art 
methods (e.g., [9, 13]) from image sequences for temporal 
plant phenotyping analysis. To evaluate the performance 
of our algorithm and stimulate research in this area, we 
introduce a benchmark dataset, i.e., UNL-CPPD. The 
dataset consists of a set of maize plants along with the list 
of leaves and their end coordinates manually determined 
to be ground truth. Experimental analyses are performed 
on UNL-CPPD to demonstrate the temporal variation of 
the component phenotypes in maize regulated by differ-
ent genotypes. The proposed plant architecture deter-
mination algorithm does not take into consideration 
self-occlusions due to leaf crossovers. Therefore, future 
work will consider to advance the algorithm to deal with 
self-occlusions. In addition, an automatic leaf tracking 
in the presence of self-occlusion and view variations will 
also be considered in the future work.

Authors’ contributions
SDC developed and implemented the algorithm, and led experimental analy-
sis, UNL-CPPD planning and organization, and the manuscript writing. SB con-
tributed to algorithm implementation and component phenotyping analysis. 
YQ contributed to holistic phenotyping analysis. SB, YQ, TA, AS contributed to 
the manuscript writing. All authors read and approved the final manuscript.

Author details
1 School of Natural Resources, University of Nebraska-Lincoln, Lincoln, NE, USA. 
2 Department of Computer Science and Engineering, University of Nebraska-
Lincoln, Lincoln, NE, USA. 3 Department of Statistics, University of Nebraska-
Lincoln, Lincoln, NE, USA. 

Acknowledgements
Authors appreciate Dipal Bhandari for his contributions in preparing the 
ground truth of the dataset.



Page 21 of 21Das Choudhury et al. Plant Methods  (2018) 14:35 

Competing interests
The authors declare that they have no competing interests.

Availability of data and materials
UNL-CPPD public dataset is released with the paper and may be freely down-
loaded from http://plant​visio​n.unl.edu/datas​et. The dataset contains original 
images, ground truth and annotated images.

Consent for publication
Not applicable.

Ethics approval and consent to participate
Not applicable.

Funding
The authors would like to thank the Agricultural Research Division in the 
Institute of Agriculture and Natural Resources of the UNL, USA, for providing 
the funds for this research.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Received: 24 July 2017   Accepted: 26 April 2018

References
	1.	 Choudhury SD, Stoerger V, Samal A, Schnable JC, Liang Z, Yu J-G. 

Automated vegetative stage phenotyping analysis of maize plants using 
visible light images. In: KDD workshop on data science for food, energy 
and water, San Francisco, California, USA; 2016.

	2.	 Scharr H, Minervini M, French AP, Klukas C, Kramer DM, Liu X, Luengo I, 
Pape J, Polder G, Vukadinovic D, Yin X, Tsaftaris SA. Leaf segmentation in 
plant phenotyping: a collation study. Mach Vis Appl. 2016;27(4):585–606.

	3.	 Jansen M, Gilmer F, Biskup B, Nagel KA, Rascher U, Fischbach A, Briem S, 
Dreissen G, Tittmann S, Braun S, Jaeger ID, Metzlaff M, Schurr U, Scharr 
H, Walter A. Simultaneous phenotyping of leaf growth and chlorophyll 
fluorescence via growscreen fluoro allows detection of stress toler-
ance in Arabidopsis thaliana and other rosette plants. Funct Plant Biol. 
2009;36:902–14.

	4.	 Vylder JD, Vandenbussche F, Hu Y, Philips W, Straeten DVD. Rosette 
tracker: an open source image analysis tool for automatic quantification 
of genotype effects. Plant Physiol. 2012;160(3):1149–59.

	5.	 Minervini M, Abdelsamea MM, Tsaftaris SA. Image-based plant 
phenotyping with incremental learning and active contours. Ecol Inf. 
2014;23:35–48.

	6.	 Aksoy EE, Abramov A, Wörgötter F, Scharr H, Fischbach A, Dellen B. Mod-
eling leaf growth of rosette plants using infrared stereo image sequences. 
Comput Electron Agric. 2015;110:78–90.

	7.	 Brichet N, Fournier C, Turc O, Strauss O, Artzet S, Pradal C, Welcker C, 
Tardieu F, Cabrera-Bosquet L. A robot-assisted imaging pipeline for track-
ing the growths of maize ear and silks in a high-throughput phenotyping 
platform. Plant Methods. 2017;13(1):96. https​://doi.org/10.1186/s1300​
7-017-0246-7.

	8.	 AL-Tam F, Adam H, Anjos AD, Lorieux M, Larmande P, Ghesquière A, 
Jouannic S, Shahbazkia HR. P-trap: a panicle trait phenotyping tool. BMC 
Plant Biol. 2013;13:122.

	9.	 McCormick RF, Truong SK, Mullet JE. 3d sorghum reconstructions from 
depth images identify qtl regulating shoot architecture. Plant Physiol. 
2016;172(2):823–34. https​://doi.org/10.1104/pp.16.00948​.

	10.	 Bosquet LC, Fournier C, Brichet N, Welcker C, Suard B, Tardieu F. High-
throughput estimation of incident light, light interception and radiation 

use efficiency of thousands of plants in a phenotyping platform. New 
Phytol. 2016;212(1):269–81. https​://doi.org/10.1111/nph.14027​.

	11.	 Pound MP, French AP, Atkinson JA, Wells DM, Bennett MJ, Rootnav 
PT. Navigating images of complex root architectures. Plant Physiol. 
2013;162(4):1802–14. https​://doi.org/10.1104/pp.113.22153​1.

	12.	 Bucksch A. A practical introduction to skeletons for the plant sciences. 
Appl Plant Sci. 2014;2(8):1400005. https​://doi.org/10.3732/apps.14000​05.

	13.	 Zhang X, Huang C, Wu D, Qiao F, Li W, Duan L, Wang K, Xiao Y, Chen G, Liu 
Q, Xiong L, Yang W, Yan J. High-throughput phenotyping and qtl map-
ping reveals the genetic architecture of maize plant growth. Plant Physiol. 
2017;. https​://doi.org/10.1104/pp.16.01516​.

	14.	 Ruberto CD. Recognition of shapes by attributed skeletal graphs. Pattern 
Recognit. 2004;37(1):21–31.

	15.	 Polder G, Hovens HLE, Zweers AJ. Measuring shoot length of submerged 
aquatic plants using graph analysis. In: Proceedings of the ImageJ User 
and Developer Conference.  Luxembourg, 2010, 27–29 October 2010, p. 
172–177.

	16.	 Bylesj M, Segura V, Soolanayakanahally RY, Rae AM, Trygg J, Gustafsson 
P, Jansson S, Street NR. Lamina: a tool for rapid quantification of leaf size 
and shape parameters. BMC Plant Biol. 2008;8(1):82.

	17.	 Varma V, Osuri AM. Black spot: a platform for automated and rapid estima-
tion of leaf area from scanned images. Plant Ecol. 2013;214(12):1529–34.

	18.	 Fahlgren N, Feldman M, Gehan M. Lights, camera, action: high-through-
put plant phenotyping is ready for a close-up. Curr Opin Plant Biol. 
2015;24:93–9.

	19.	 Müller-Linow M, Pinto-Espinosa F, Scharr H, Rascher U. The leaf angle 
distribution of natural plant populations: assessing the canopy with a 
novel software tool. Plant Methods. 2015;11(1):11.

	20.	 Price CA, Symonova O, Mileyko Y, Hilley T, Weitz JS. Leaf extraction and 
analysis framework graphical user interface: segmenting and analyzing 
the structure of leaf veins and areoles. Plant Physiol. 2011;155(1):236–45.

	21.	 Hartmann A, Czauderna T, Hoffmann R, Stein N, Schreiber F. Htpheno: an 
image analysis pipeline for high-throughput plant phenotyping. BMC 
Bioinform. 2011;12(148):1–9.

	22.	 Pound MP, French AP, Murchie EH, Pridmore TP. Automated recovery of 
three-dimensional models of plant shoots from multiple color images. 
Plant Physiol. 2014;166(4):1688–98.

	23.	 Lobet G, Draye X, Perilleux C. An online database for plant image analysis 
software tools. Plant Methods. 2013;9(1):38.

	24.	 Stolarz M, Żuk M, Król E, Dziubińska H. Circumnutation tracker: novel soft-
ware for investigation of circumnutation. Plant Methods. 2014;10(1):24.

	25.	 Scharr H, Minervini M, French A, Klukas C, Kramer D, Liu X, Luengo I, Pape 
J-M, Polder G, Vukadinovic D, Yin X, Tsaftaris S. Leaf segmentation in plant 
phenotyping: a collation study. Mach Vis Appl. 2016;27(4):585–606.

	26.	 Cruz JA, Yin X, Liu X, Imran SM, Morris DD, Kramer DM, Chen J. Multi-
modality imagery database for plant phenotyping. Mach Vis Appl. 
2016;27(5):735–49.

	27.	 Tuytelaars T, Mikolajczyk K. Local invariant feature detectors: a sur-
vey. Found Trends Comput Graph Vis. 2008;3(3):177–280. https​://doi.
org/10.1561/06000​00017​.

	28.	 Hassouna MS, Farag AA. Multistencils fast marching methods: a highly 
accurate solution to the eikonal equation on cartesian domains. IEEE 
Trans Pattern Anal Mach Intell. 2007;29(9):1563–74.

	29.	 Bai X, Latecki LJ, Liu W-Y. Skeleton pruning by contour partitioning 
with discrete curve evolution. IEEE Trans Pattern Anal Mach Intell. 
2007;29(3):449–62.

	30.	 Bergvinson DJ, Arnason JT, Hamilton RI, Mihm JA, Ewell DC. Determin-
ing leaf toughness and its role in maize resistance to the european com 
borer (lepidoptera: Pyralidae). J Econ Entomol. 1994;87(6):1743–8.

	31.	 Nielsen B, Colville D. Stalk lodging in corn: guidelines for preventive man-
agement. New York: AY-Purdue University Cooperative Extension Service 
(USA); 1986.

http://plantvision.unl.edu/dataset
https://doi.org/10.1186/s13007-017-0246-7
https://doi.org/10.1186/s13007-017-0246-7
https://doi.org/10.1104/pp.16.00948
https://doi.org/10.1111/nph.14027
https://doi.org/10.1104/pp.113.221531
https://doi.org/10.3732/apps.1400005
https://doi.org/10.1104/pp.16.01516
https://doi.org/10.1561/0600000017
https://doi.org/10.1561/0600000017

	Holistic and component plant phenotyping using temporal image sequence
	

	Holistic and component plant phenotyping using temporal image sequence
	Abstract 
	Background: 
	Results: 
	Conclusion: 

	Background
	Available phenotyping imaging tools and datasets
	Phenotyping imaging tools
	Existing datasets

	Methods
	View selection
	Plant architecture determination
	Segmentation
	Skeletonization
	Graphical representation of plant

	Phenotype computation
	Holistic phenotypes
	Component phenotypes

	Discussion on phenotypic significance

	Dataset
	Imaging setup
	Dataset organization

	Results
	Holistic phenotyping analysis
	Component phenotyping analysis

	Discussion
	Performance evaluation
	Implementation and run-time details

	Conclusion
	Authors’ contributions
	References


