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Maize ear leaves have important roles in photosynthesis, nutrient partitioning and
hormone regulation. The morphological and structural variations observed in maize
ear leaves are numerous and contribute significantly to the yield. Nevertheless,
research on the fine-scale morphology of maize leaves is less, particularly the
quantitative methods to characterize the morphology of leaves in two-dimensional
(2D) space is absent. This makes it challenging to accurately identify 2D leaf shape of
their cultivars. Therefore, this study presents the methods of 2D semantic
morphological feature extraction and atlas construction, with the ear leaf in silking
stage of maize association analysis population serving as an example. A three-
dimensional (3D) digitizer was employed to obtain data from 1,431 leaves belonging
to 518 inbred lines. The data was then processed using mesh subdivision and planar
parameterization to create 2D leaf models with area-preserving characteristics.
Additionally, averaged 2D leaf models of all the inbred lines were constructed, and
29 2D leaf features were quantified. Based on this, 11 features were extracted as
semantic features of 2D leaf shape through clustering and correlation analysis. A
comprehensive 2D leaf shape indicator L,p based on the 11 semantic features was
proposed, and a 2D leaf shape atlas was constructed in accordance with the Lop
ordering. Inbred line identification of 2D leaf shape in maize was achieved using the
atlas. The results of maize leaf inbred line identification can determine the probability
that the corresponding true inbred line ranked within the top 10 of the predicted
results is 0.706, within the top 20 is 0.810, and within the top 45 is 0.900. This
enables the generation of the corresponding maize 2D leaf shape through the
matching of semantic features. The methodology presented in this study offers novel
insights into the construction of semantic models for the morphology of maize and
the identification of cultivars. It also provides a theoretical and technical foundation
for the generation and drawing the leaf shape based on semantic 2D morphological
and structural features.
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1 Introduction

Plant architecture (Godin, 2000) is used to describe the
observable characteristics of an individual or parts of plant. These
characteristics encompass leaf shape, stem morphology, tassel
structure, and root architecture, etc. Plant architecture exhibit
variation among different species, different cultivars of the same
species, and even among different individuals of the same cultivar.
These differences are closely associated with the diverse genetic
makeup. To a certain extent, plant architecture can be used as a
group of indicators of the growth status of plants, which is of great
significance to agricultural research and production. The plant
architecture (Jafari et al,, 2024) can be described by phenotypic
big data, including topology, spatial geometric relationships of
multiple organs in the multi-dimensional perspective. Leaf shape
constitutes an essential element of plant architecture, encompassing
aspects such as leaf spatial disposition, local blade folds, leaf margin
amplitude, and others. The discrepancies in leaf shape directly
influence the canopy structure and radiation utilization efficiency.

Maize is an important food and energy crop. The rapid
acquisition of maize leaf shapes and analyzing the differences
among cultivars is an important component of maize breeding
(Tian et al, 2019) and dense density planting for high-yield
cultivation (Li et al, 2021). In earlier research, simple one-
dimensional (1D) measurement was the predominant way for
obtaining leaf shape data, including leaf length, width, and aspect
ratio. In further research of leaf shape, the researchers placed the
maize leaf on a horizontal plane and attempted to flatten it as much
as possible, then they used equipment, including RGB cameras
(Han et al,, 2014; Robil et al., 2021), hyperspectral cameras (Gao
et al, 2021), etc., to capture images of the leaf from a position
perpendicular to the horizontal plane. These images were used to
extract 2D phenotypic features including the leaf area, leaf profile
perimeter, etc. However, the process of flattening results loss 3D
structural information, such as leaf bending and folding, which is
not conducive to more in-depth research of the leaf shape from the
3D perspective. The advent of LiDAR, 3D digitizers, multi-view
stereo (MVS), and other 3D data acquisition technologies has made
the complete acquisition of the 3D leaf morphology feasible. The
research of the leaf shape based on 3D data, in addition to obtaining
the 1D and 2D phenotypic features, can also obtain 3D phenotypic
features, such as the leaf curvature and the inclination angle (Bailey
and Mahaffee, 2017; Hosoi et al.,, 2011). Nevertheless, the point
cloud data obtained through LiDAR and other 3D techniques
(Chen et al., 2023) necessitate intricate processing to generate 3D
models comprising semantic information and to extract more 3D
leaf shape features (Su et al., 2018; Wen et al., 2024b). In contrast,
3D digitizers are capable of directly acquiring data containing
semantic information through the manual operation of the
instrument acquisition method (Wen et al., 2021). The utilization
of digitizers for the acquisition of 3D structural data pertaining to
plants has been a subject of extensive research and development
over a long time. This methodology has been employed in the
investigation of diverse plant organs, including roots (Danjon and
Reubens, 2008; Wu et al., 2015), leaves (Zheng et al.,, 2022), and the
entire plant (Zheng et al., 2008).
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The quantitative analysis of crop leaf shape features is closely
related to the means of data acquisition. Wang et al. (2022) first
segmented the foreground and background by converting color
images to greyscale using an adaptive thresholding algorithm. After
segmentation, features such as color and compactness were
extracted in addition to conventional phenotypic features such as
length, width and surface area. Wu et al. (2022) extracted 3D
structure-related leaf features such as leaf inclination, leaf
curvature, etc. from a 3D model of a maize leaf acquired by a 3D
digitizer. Wen et al. (2024b) achieved mesh generation from the 3D
point cloud of maize leaves by a series meshing technologies. The
ARAP algorithm was used to convert the 3D mesh into 2D planar
mesh, and finally both the 2D and 3D semantic leaf mesh model was
generated. Based on the 3D semantic leaf model, 3D leaf area, leaf
surface flatness and other phenotypic features that cannot be
obtained based on 2D images can be extracted. Wen et al.
(2024a) extracted 3D leaf features such as leaf inclination angle,
blade-included angle, blade self-twisting, blade planarity, margin
amplitude from a maize leaf model acquired by a 3D digitizer. In
addition to maize leaf phenotypes, there are also related 3D
quantitative analysis studies on wheat leaf phenotypes (Zheng
et al, 2022). The current rapid development of 2D and 3D
acquisition techniques and related quantitative analysis
techniques has made it possible to acquire crop leaf-shape data in
multiple dimensions and with high quality, thus enabling the
completion of the analysis. The extraction of phenotypic features
from crop leaves allows researchers to mine related physiological
and ecological knowledge. In the previous research, Wang et al.
(2022) validated the correlation between the sixth leaf sheath color
phenotypic traits and the corresponding candidate genes by
integrating the leaf sheath phenotypic data of the maize
association analysis population (Yang et al, 2011) through
GWAS. Wu et al. (2022) proposed a novel classification method
based on the spatial morphology of the midvein curves in maize
leaves. The analysis was also performed using GWAS to obtain the
midvein curve of the leaves. GWAS was also employed to analyze
the association between leaf midvein curves and genes.

Yang et al. (2011) constructed a large association panel in
maize, and assembled a comprehensive maize association analysis
population comprising 527 globally diverse lines representing
tropical, subtropical, and temperate germplasm. The population is
a collection of major inbred lines from around the world, which are
believed to represent the principal morphological features of the
maize genes and phenotypes. The use of the collection as a research
object ensures comprehensive coverage of the diverse leaf shapes
observed in maize leaves, thus facilitating subsequent genotype-
phenotype correlation studies. To date, numerous genotype-
phenotype related studies have been conducted on the maize
association analysis population, with all of them yielding positive
results (Gao et al,, 2024; Song et al., 2024; Wang et al., 2024a, b; Wu
et al,, 2024; Xia et al.,, 2024; Yang et al., 2024).

At present, quantitative characterization methods for 2D leaf shape
features of maize leaves are absent, and the interactions between leaf
shape features remain unclear. Furthermore, there is a pressing need
for big data analysis and knowledge mining for maize inbred
populations within a phenomics perspective. The underlying laws
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governing leaf shape features embedded in maize association analysis
population materials remain elusive. Consequently, it is not yet feasible
to achieve inbred line identification and visualization based on leaf
shape features. In this study, we utilize the maize ear position leaves of
the population proposed by Yang et al. (2011) as a case study to
investigate the quantitative extraction of maize 2D leaf shape features,
the construction of a leaf shape atlas, and the identification inbred line
according to the leaf shapes. It is anticipated to facilitate the extraction
of knowledge from the big data pertaining to leaf shapes.

2 Materials and methods

2.1 Experimental design and
data acquisition

The experiment was conducted at the Nanfan breeding station
of the Maize Research Center, Beijing Academy of Agriculture and
Forestry Sciences (BAAFS), in Yazhou District, Sanya City,
Hainan Province, China (longitude 109.1832, latitude 18.3623).
The material selected for analysis in this research was the
collection mentioned in section 1 (Yang et al, 2011). The
specific planting times and planting settings can be found in Wu
et al. (2022).

Data acquisition was carried out when the maize plants reached the
silking stage, and the process was conducted from May 17 to May 27,
2021. The acquisition process was (1) Excavation of the root system
and soil around the maize plants within a diameter of 25 cm and a
depth of 20 cm, followed by arranging each individual plant in a pot (all
sampling was done before 10 am) and transporting them indoors and
watering them to minimize significant morphological changes caused
by plant water deprivation (Wu et al,, 2019). (2) 3D data of the ear
leaves of each plant were collected by a digital probe using FastScan &

10.3389/fpls.2025.1520297

FastRak 3D digitizers in combination with a Tx4 calibration
transmitter. The 3D coordinates of selected leaf points were obtained
manually (Figure 1A). The average acquisition time for each leaf was 5-
8 minutes. If the plant had multiple ears, the leaf of the largest ear was
selected as the ear leaf. Each data was checked visually to ascertain its
accuracy. The data acquisition rule was to collect five points at even
intervals using a digital probe starting from the leaf base perpendicular
to the direction of the leaf midvein; then continue in the same manner
upward along the direction of the leaf midvein to the tip of the leaf,
with an unique point to indicate the tip of the leaf (Figure 1B). The
number of points collected varied for different leaves due to different
leaf lengths, but the number of points collected conformed to (5xn+1)
as determined by the collection rules. The number of sampling points
for most of the leaves ranged from 66 to 91 points, and the detailed
sampling results are shown in Figure 1C.

A total of 518 distinct inbred lines were involved, with three
samples collected for each inbred line. Finally, a total of 1,522 maize
leaf model were obtained.

2.2 Overview

The general progression of the methodology is illustrated in
Figure 2. The process begins with data acquisition and processing.
Mesh subdivision and parameterization methods are employed to
transform the original rough 3D mesh data acquired by the 3D
digitizer into fine 2D mesh data. Subsequently, the average leaf
shape models of each inbred line were constructed using the 2D leaf
mesh model from the same inbred line. The morphological leaf
features were quantified, then clustered and screened to determine
the semantic features. A new phenotypic indicator L,p that
comprehensively reflect the 2D leaf shape was proposed and the
2D leaf shape atlas was constructed accordingly. For application, the
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Raw data acquisition process and results. (A) Data acquisition, (B) the schematic of raw data acquisition, (C) statistics of the number of raw data points.
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Overview of the overall process.

atlas was used to identify the inbred line according to a given leaf, or
drawing the 2D leaf shape according to a given semantic feature.

2.3 Data processing and morphological
feature quantification of 2D leaf shapes
in maize

2.3.1 Maize leaf data preprocessing

The raw mesh data obtained by the 3D digitizer must undergo
data preprocessing prior to its utilization in subsequent operations.
The data preprocessing involves three steps: comparative
examinations of the data within the same inbred line, data
normalization, and raw mesh data subdivision.

2.3.1.1 Comparative examinations of the data within the
same inbred line

The objective is to ascertain the distinctions between the three
samples for each of the 518 inbred lines, with the exclusion of
samples exhibiting significant discrepancies. The four phenotypic
features of leaf length, leaf width, aspect ratio, and raw mesh average
angle were initially estimated based on the raw leaf mesh. The
similarity was calculated based on the aforementioned four features,
employing the Euclidean distance metric. The resulting similarity of
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the samples within the same inbred line were then compared. If
there is sample with a similarity difference exceeding 0.1 with other
samples within the same group, while the similarity difference
between the remaining samples is less than 0.1, the sample
exhibiting the greatest divergence is excluded. Duplicate groups
with only two samples and one remaining sample were not
subjected to screening. A total of 91 samples with excessive
differences were excluded in this step, leaving 1,431 maize leaf
data from 518 inbred lines for subsequent analysis.

2.3.1.2 Data normalization

The principal axis direction of the maize leaf mesh model was
initially obtained through principal component analysis (PCA).
Subsequently, all principal axis directions were rotated so that the
direction of the leaf tip pointed to the positive x-axis, with the center
of mass designated as the origin [0, 0, 0]. Secondly, all leaves were
maintained in a consistent proportion relative to one another, and
the coordinate values of each point were uniformly scaled to the

range of [-1, 1].

2.3.1.3 Mesh subdivision

The normalized mesh is then subdivided using the v/3 (sqrt3)
subdivision method (Kobbelt, 2000). The sqrt3 subdivision method
is an efficient triangular mesh subdivision algorithm that belongs to
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the facet-splitting surface approximation mode. It has the
advantages of a slower increase in mesh complexity during the
refinement process and a certain degree of adaptive refinement.
Following the subdivision of the raw leaf mesh, the resulting leaf
model exhibits a shape that is more closely aligned with the actual
leaf morphology (Figure 3B) compared to the raw data (Figure 3A).
This enhanced resemblance to a more accurate reflection of the
observed features. In this study, two iterations of the sqrt3
subdivision were performed on the original mesh. Following the
operations, the number of triangular meshes was found to be nine
times that of the original data, resulting in a more uniform and
smooth mesh model.

2.3.2 2D Flattening of 3D leaf mesh models

The process of flattening a 3D mesh model in 2D is referred to
as planar parameterization. In this study, the as-rigid-as-possible
(ARAP) (Liu et al., 2008; Sorkine-Hornung and Alexa, 2007)
method is employed.

In the planar parameterization process, an energy function is
used to delineate the discrepancy between the potential

transformations and the target transformation.

T
E(u, L) = EAt [ J:(u) = L; | |127>
t=1

In the function, the area of the 3D trianglesare A, (1 <t < T),
For triangle ¢, u; = {u? ) u} ,utz} denotes the 2D coordinates, and
X, = {x? L X} ,x,z} denotes the 3D coordinates. The relationship
between x, and u, can be represented by a 2 x 2 Jobabian matrix
Ji(u). L, is assigned as an auxiliary linear transformation (2 x 2
matrix). | ||| is the Frobenius norm. The variables in the energy

(a) (®) (©) (d)

FIGURE 3
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function are the coordinates u of the mapping on the 2D plane and
the transformation matrix L,. To minimize the energy function and
restrict L, to the rotation matrix in the ARAP algorithm, the
problem can be transformed into the following optimization
problem after reconstruction and derivation:

(u, t) = argmin(u, t)E(u, t), L EM

(

This method maintains the angle of the triangles with the

cos O sin @

), 6 < [0,2m)

—sin O cos 6

greatest possible constancy during the 3D to 2D mapping process,
ensuring that the triangles are not distorted. Furthermore, the areas
of the triangles are only slightly affected, thus preserving the
invariance of the area to the greatest extent possible.
Subsequently, the 3D mesh model is transformed into a
corresponding 2D planar mesh model (Figure 3C). As illustrated
in Figure 3, the planar parameterization of the 3D mesh model
results in a deformed 2D mesh model due to the wrinkles and
distortions inherent to the original 3D model. Consequently, the
flattened 2D mesh model is not entirely symmetric along the axis of
the leaf midvein. The 2D leaf model resulting from planar
parameterization retains the basic phenotypic features of maize
leaves, such as leaf length and width, to the greatest extent possible.
Additionally, the deformations introduced by planar
parameterization can also reflect certain 3D maize leaf phenotypic
features, such as leaf twist. Accordingly, the 2D maize leaf mesh
model obtained through the ARAP method is a more suitable
means of extracting relevant phenotypic features for the analysis
and research of leaf morphology.

lllustration of key stages in data processing. (A) Raw 3D leaf data. (B) 3D leaf data after mesh subdivision (Kobbelt, 2000). (C) Parameterized 2D leaf
mesh (Liu et al., 2008; Sorkine-Hornung and Alexa, 2007). (D) Fold visualization of a 2D leaf (more blue color means less folds, more red color

means more folds).
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2.3.3 Construction of averaged 2D leaf models

Average leaf shape models were constructed for each of the
distinct inbred lines of the 2D leaf mesh models. In total, 518
models were constructed. The leaf shape model is primarily
concerned with the representation of leaf contour information,
which is ultimately conveyed through a set of contour lines. The
construction of the average model involves three steps: leaf
contour extraction, contour sampling, and line set
model construction.

2.3.3.1 Leaf contour extraction

2D leaf mesh model is a non-closed mesh (Figure 4A), and the
contour edges of the leaf mesh are the boundary edges. The edge
contour is obtained by collecting all the boundary edges in the leaf
mesh model. This process yields a line set comprising 1,431 leaves,
as illustrated in Figure 4B.

2.3.3.2 Contour sampling

A ray is initiated from the center point ([0, 0]) of the leaf and
rotated around the center, intersecting with the leaf contour line set
to obtain the sampling point set (Figure 4C). To guarantee the
precision of the sampling, the sampling resolution was set to 600,
thus ensuring the attainment of optimal sampling outcomes at the
leaf tip and the base, which are situated at considerable distances
from the center point (Figure 4D).

2.3.3.3 Averaged 2D leaf model construction

The average point set of specific inbred line and the average
point set of the entire leaves can be calculated from the sample
results. The mean value of the coordinates of the sampling points at
each position belonging to the same inbred line of samples is
estimated. The overall leaf average point set is calculated in the
same way. The points in the point set are connected sequentially in
order to finally obtain the 518 inbred lines average model.

2.3.4 Extraction of 2D leaf shape features from
2D mesh models

A total of 29 2D phenotypic leaf features were extracted from
1,431 2D mesh models of maize leaves, with reference to previous
research (Wen et al,, 2024a; Wu et al., 2022; Zheng et al., 2022).
These features included 17 conventional phenotypic features and 12
leaf contour features. The conventional leaf parameters include: leaf
length, leaf width, leaf tip angle, leaf area, etc. Additionally, the
length of the left and right edges of the leaf, the offset degree of the
left and right edges, and the width of the leaf at different positions
were also extracted according to the 2D maize leaf model. The
specific phenotypic features are presented in Table 1.

The remaining 12 features pertain to the leaf contour, as illustrated
in Table 2. By dividing the leaf contour into six parts (Figure 5),
namely, the tip part, the upper (left/right) part, the lower (left/right)
part, and the base part, and calculating the distance between each part
and the center point, a quantitative value of the leaf contour reflecting
the shape of each part was obtained. The quantitative values of the
various parts were used to obtain two additional features: the “Length/
Width” and the “Upper - Lower”. This resulted in a total of 12 features.
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2.3.4.1 Calculation of 1D features (length, width and
related features)

In the case of a 1D features, the calculation is based on the
distance and angles between the points in the 2D mesh model. These
1D features include mid length (ML), maximum width (WM),
average width (WA), variance, and widest position (WP), etc.

2.3.4.2 Calculation of 2D features (area, leaf tip angle,
offset and tortuosity)

Leaf area was calculated by summing the areas of all triangular
mesh facets. Compared to traditional methods based on the formula
(leaflength x maximum leaf width x 0.75) (Valentinuz and
Tollenaar, 2006) or (leaflength x maximum leaf width x 0.765)
(Lizaso et al., 2003), the approach of calculating the area of the mesh
facets individually yields a more precise estimation of the leaf area.

Leaf tip angle, offset and tortuosity are angle features. The left
and right edge angles at the leaf tip represents the leaf tip angle. The
offset values of the left and right edges and midvein of the leaf are
calculated by summing the angles obtained from the point-by-point
line calculation of the mesh vertices at the corresponding positions.
This emphasizes the overall degree of curvature of the leaf edge
contour. The tortuosity of the midvein is calculated using the mean
and deviation between the midvein and the line between the base to
the tip of the leaf. It emphasizes the curvature of the leaf after the
planar parametrization.

2.3.4.3 Calculation of the folding degree

Folding is an important morphological feature of maize leaves,
and a quantitative calculation method for folding based on data
obtained by 3D digitizer was proposed. For the folding extracted
from each sample, the average values of phenotypic features
representing the value of each inbred line were obtained by intra-
group averaging based on 518 different inbred lines. The FA mainly
reflect the level of leaf folds comprehensively. The FA parameters
were calculated as follows:

Em E;:’la(ﬁn Nt])

i=1 ;

FA = 7'“,
m

S Xy
a(X, y) = arccos<| H .‘)}}' \)

where m represents the total number of mesh patches in the maize
leaf mesh model, n; represents the number of patches adjacent to
patch i, N; represents the normal vector of the patch i, ﬁ,-j represents
the normal vector of the jy, patch neighboring patch i.

2.4 Maize leaf semantic feature extraction
and 2D leaf shape atlas construction

2.4.1 2D leaf shape semantic
feature determination

While the aforementioned 29 features provide comprehensive
coverage of leaf shape, some features exhibit similarities to a certain
extent. This correlation between features may result in redundancy,
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Leaf shape sampling. (A) Subdivided 2D maize leaf model. (B) Mesh contour. (C) Mesh contour sampling by emitting rays from the leaf center.

(D) Sampled points of the leaf contour.

which could impede the simplicity of the feature representation. To
address this, we have selected a subset of features as the semantic
features of the 2D leaf shape, aiming to maximize feature coverage
while simplifying the representation.

The correlation and clustering analyses were conducted using
the 29 2D leaf shape features obtained above to determine the key
features. The hierarchical clustering approach employs a specified
method to quantify the degree of affinity between the features. The
process involves initially clustering the more closely related features
into one class, and then repeating this until all the features are
clustered into one class. The selection of a suitable distance metric is
paramount for accurately measuring the difference between
phenotypic features. In this study, Pearson Correlation Coefficient
is employed as the distance metric, which reflects the degree of
linear correlation between the two features under investigation. The
Pearson Correlation Coefficient is calculated as follows:

(u—u)-(v-7)

1- - -
Hu=ull2[[v=v[l

where ¥ is the mean of the elements of vector v, and x - y is the
dot product of x and y. A high correlation between two phenotypic
features indicates a significant degree of overlap and similarity in
their ability to reflect leaf phenotype. Consequently, the more
representative features were selected for characterization, with the
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objective of simplifying and refining the feature information.
Furthermore, Average Linkage is chosen as the linkage algorithm,
as it has been demonstrated to effectively calculate the average
distance between all pairs of points in two clusters, thereby
facilitating the generation of compact clusters. The Average
Linkage (average) algorithm assigns:

duli], v[j])
du, v) => ——
= Cul<TvD
for all points i and j where |u|and |v| are the cardinalities of
clusters u and v, respectively.

2.4.2 2D leaf shape atlas construction

Once the semantic features of the 2D leaf shape have been
determined, a n-dimensional feature vector vy can be constructed by
weighting and combining all the semantic features to reflect the
main characteristics of each leaf. The feature vectors were used to
sequencing the 518 inbred lines of leaves according to the
differences in the features. In this sequencing process, phenotypic
features should be comprehensively considered. The sorted result
was used to construct a atlas for 2D leaf shape, which reflected the
differences in the leaf shapes of the maize in comparison with the
evolutionary process.
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TABLE 1 Phenotypic features extracted from 2D maize leaf model.

Feature name Identifier Explanation of the feature
1 Left length LL Length from the left point of the base part along the left margin to the point of the leaf tip cm
2 Right length RL Length from the right point of the base part along the right margin to the point of the leaf tip cm
Mid length
3 1€ eng ML Length from the midpoint of the base part along the midvein to the point of the leaf tip (Leaf length) e
(Leaf length)
. The average width of the leaf obtained perpendicular to the direction of the midvein from the leaf base to cm
4 Width (average) WA R
the leaf tip
5 Width (max) WM The {nax width of the leaf obtained perpendicular to the direction of the midvein from the leaf base to the | cm
leaf tip
6 Width variance WV The Yariance of leaf width obtained perpendicular to the direction of the midvein from the leaf base to the o
leaf tip
. . Distance from the position of maximum leaf width to the leaf base/leaf length (WP=0 if the position of
7 Widest position WP i K i R . R i . K -
maximum leaf width is at the leaf base; WP=1 if the position of maximum leaf width is at the leaf tip)
8 Length-width ratio LWR ML/WA -
9 Leaf tip angle LTA The angle value between the leaf tip point and the neighboring points on both sides rad
10 Left offset angle LOA Sum of the angle values between the lines between the points on the left edge of the leaf rad
11 Right offset angle ROA Sum of the angle values between the lines between the points on the right edge of the leaf rad
12 Mid offset angle MOA Sum of the angle values between the lines between the points on the midvein of the leaf rad
. . Mean value of the angle between the line between the points on the midvein of the leaf and the line rad
13 Mid tortuosity (average) MTA R
between the leaf base and the leaf tip.
14 Mid tortuosity variance MIV The variance of the angle between t.he line between the points on the midvein of the leaf and the line rad
between the leaf base and the leaf tip.
15 Area A Total leaf mesh area cm’
16 Folding (average) FA Mean value of all triangular mesh angles of the leaf rad
17 Folding variance FV The variance of all triangular mesh angles of the leaf rad’

vi = (Fofon fo)

wo= (W, Wy W)

where f; is the iy semantic feature and w; is the weight
coefficient of the iy, feature.

In the determination of w, it should be noted that the number of
inbred lines included in this research is 518, with the data for each
inbred line consisting of only one to three samples. Given the
limited number of samples within each group, it is challenging to
achieve a superior training outcome when the sample size is
insufficient utilizing machine learning techniques. Consequently,
when determining the optimal weights, we employ the greedy
algorithm to enumerate and calculate the most suitable weights
for each semantic feature, and then as the weighting coefficients for
the final leaf feature vector.

2.5 Inbred line identification based on 2D
leaf shape atlas

Accurately identify a given inbred line based on the observed

leaf shape data is a crucial aspect of crop breeding, representing one
of the practical applications of the proposed method. The process of
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identifying a inbred line based on 2D leaf shape atlas can be divided
into two main aspects: identifying the inbred line from the given
leaf, and identifying the 2D leaf shape from the given
semantic features.

2.5.1 Inbred line identification from given leaf
shape data

The cosine similarity is a difference measure between two
vectors in an n-dimensional space. A feature vector was
constructed for each 2D mesh model of a maize leaf based on the
semantic features of the leaf. Given an example leaf shape data, the
cosine similarity was calculated by comparing the vector of this
example similar leaves in the atlas. The inbred line with the highest
similarity was selected and identified as the inbred line of the
given leaf.

2.5.2 Inbred line identification and leaf shape
drawing from given semantic feature

As with the aforementioned method for identifying a given leaf
shape, the closest maize inbred line to a given feature vector is
determined by calculating the cosine similarity. This allows the leaf
shape of that inbred line to be identified in the constructed leaf
shape atlas, which in turn permits the unique drawing
(visualization) of the 2D leaf shape for a given semantic feature.
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TABLE 2 2D leaf contour features.

10.3389/fpls.2025.1520297

|D) Feature name Identifier Explanation of the feature

1 Tip part distance TP Mean distance of sampling points of the tip part from leaf center point cm
2 Right upper part distance RUP Mean distance of sampling points of the upper right part from leaf center point cm
3 Left upper part distance LUP Mean distance of sampling points of the upper left part from leaf center point cm
5 Left lower part distance LLP Mean distance of sampling points of the lower left part from leaf center point cm
6 Base part distance BP Mean distance of sampling points of the base part from leaf center point cm
. Upper part distance Up Mean distance of sampling pointiezi El:l :Ei:;rlletﬁ part and upper right part from cm
8 Lower part distance Lp Mean distance of sampling pointlse:ff ct:;tle(;v;e;irlletft part and lower right part from cm
9 Length L Overall leaf length calculated from TP and BP correspondence cm
10 Width w Overall leaf width calculated from RUP, LUP, RLP, LLP correspondingly cm
" Upper - Lower UL Difference betwee?r ;:: :}idzl;irzz ptt)lrel ;e[fceer t::i, i:r\;veé lfe:;ltzl (I)JfP the leaf calculated cm
12 Length/Width LW Length width ratio of leaf calculated from L and W -

2.5.3 Evaluation metric

The Top-X Accuracy metric r,,_, is employed to evaluate the
performance of inbred line identification from either a specific 2D
leaf shape or a semantic feature vector. The value of r,,_x indicates
that the ground truth inbred line labels of the leaf instance data are
within the top X of the predicted similarity results. In this context,
Trop-1 indicates that the inbred line with the highest predicted
similarity is the ground truth. rp,,_; indicates that the ground
truth is among the top three results for similarity.

3 Results

3.1 Results and analysis of 2D flattening
from 3D leaves

The ARAP planar parameterization method is designed to
minimize changes in mesh area and shape distortion during 2D
flattening. A comparison of the area of 3D and 2D mesh models
before and after planar parameterization indicates that the area of
the mesh models after planar parameterization is generally reduced
by a very small amount. The average leaf area ratio of the 2D mesh
models to the 3D mesh models for the 1,431 leaf mesh models is
99.88%, and there is only a change of 0.12%. As illustrated in
Figure 6, the area ratio of the 2D and 3D mesh models is
consistently above 0.990 and below 1.000. The majority of the
data points are situated within the interval between 0.998 and 1.000,
with only a few instances where the ratio is below 0.998.

As illustrated in Figure 7, the ARAP planar parameterization
technique is capable of accurately retaining the morphology of the
3D leaf mesh, as evidenced by the zigzagging of the 2D leaf mesh edges,
while the projection method is susceptible to influences such as the
projection angle. The ARAP planar parameterization technique also
accurately restores the morphometrics of the entire leaf, including the
tip and the base. In contrast, the 2D mesh based on the projection
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method is unable to accurately reproduce the leaf tip and the base due
to the excessive curvature of the leaf. Additionally, the side edges of the
2D mesh lack smoothness due to the mutation of edge contour caused
by the projection, which hinders the accurate reflection of the true
shape of the original 3D leaf. It is challenging to accurately represent
the true shape of the original leaf. The extracted leaf contour, obtained
by manually flattening the leaf and photographing it, is shown in
Figure 7F. Due to the inability to eliminate wavy folds of the leaves
when flattening the leaves manually, excessive wavy zigzags can be
observed in the extracted contour. In comparison, the contour obtained
by the ARAP method exhibits a smoother contour and circumvents
substantial errors in estimating phenotypic features such as leaf area.
Furthermore, the 2D mesh model, following ARAP planar
parameterization, can effectively visualize and demonstrate the
folds of the 3D mesh model (Figures 3B, 7H). The visualization
of 3D leaf folds on a 2D leaf after planar parameterization reveals
that the red regions correspond to larger folds. Firstly, it can be
observed in Figure 7H that the majority of leaves exhibit a large
percent red area in the base midline portion, this distinct feature is
also evident in Figure 71. This phenomenon can be attributed to the
bending morphology exhibited by ear leaves, which is evident from
the base of the leaf midvein to the leaf sheath connection. Given that
ear leaves are longer and wider, this bending structure is more
pronounced, providing greater support for the leaves. It should be
noted that, with the exception of the base of the leaf, the folds can be
observed in the position of the midvein. This is due to the fact that
all the leaves exhibit a bent morphology at the position of the leaf
midveins. Secondly, as illustrated in Figure 71, the folds of the maize
leaves are predominantly concentrated in the lower middle portion
of the leaf, where the overall distribution of the folds is characterized
by a dense area with a curved boundary. This boundary is a
consequence of the widespread bending of the left and right edges
of the middle and lower parts of the leaf towards the back of the
leaves, as well as the pronounced wavy folds of the leaf
perpendicular to the direction of the leaf veins in this region.
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FIGURE 5
Leaf Contour Segmentation.

Thirdly, a specific distribution of folds is observed at the tip of the
leaf. This distribution is not so dense than that observed at the lower
middle portion of the leaf, primarily due to the overall amplitude of
the folds at the tip being smaller than that observed at the lower
middle portion of the leaf. The formation of folds at the tip of the
leaf can be attributed to the fact that the tip is more susceptible to
rotation and deflection than other regions. At last, the upper-middle
region exhibits the lowest degree of folding when compared to other
regions. Except the bend of the midveins in the middle region
displays a notable degree of folding, the surface of this portion is
more smoothed than that of the remainder.

3.2 Semantic feature of 2D leaf shape
11 out of 29 2D leaf-shape features are identified as semantic

features (WP, LWR, L, LTA, WV, W, FA, MTV, MTA, LOA, ROA)
by setting the clustering threshold to 0.25 and using the “average”
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method and the “correlation” metric in hierarchical clustering, as
shown in Figure 8. The determination of an optimal clustering
threshold is a critical step. Through experimental analysis, a
threshold value of 0.25 has been determined to achieve optimal
distinction between phenotypic features based on their correlation.
That is, most of the 2D leaf-shape characteristics can be
characterized using these 11 semantic features.

Figure 9 depicts the fitted distribution functions of the 11 semantic
features. To determine the weights of each semantic feature, seven
values were taken from the interval of [0, 3] with step length of 0.5 for
each semantic feature to validate the optimal weight. We sequentially
traversed to test the identification ability corresponding to seven
different weights with the weights of the other semantic features had
been set to 1, then we selected the weight with the best identification
ability to be determined as the corresponding weight of the semantic
feature. The 11 semantic features were systematically traversed to
ascertain the optimal weights, and a set of optimal weights is
determined. Following the validation and normalization of the
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FIGURE 6

Leaf area ratio of 2D model to 3D model after
planar parameterization.

features, the correspondence between the semantic features and the
corresponding optimal weights is presented in Table 3. Notably, L,
which reflects the length of the leaf, plays a pivotal role in the
identification process. Additionally, the two features, MTA and
MTYV, measure the degree of tortuosity of the leaf and the variation
degree of tortuosity, both of which are crucial for identify between
different leaf shapes. Additionally, the W reflects the width of the leaf.
Consequently, the aforementioned four parameters are assigned the

highest weights.

] (a) '
(b) (©) (d) (e) (®

FIGURE 7

10.3389/fpls.2025.1520297

3.3 Results of 2D leaf shape
atlas construction

In accordance with the methodology in section 2.4.2, the
semantic feature vectors of 2D leaf shape can be determined by
the 11 semantic features with the corresponding weights. The
complete semantic feature vectors v, and the corresponding
weight vectors w are as follows:

v = (WP, LWR, L, LTA,

WV, W, FA, MTV, MTA, LOA, ROA)

w = (0.028, 0.056, 0.167, 0.111, 0.028, 0.111,

0.083, 0.139, 0.167, 0.056, 0.056)

To establish a rule for ranking the 2D leaf shapes, a weighted
vector v¢_,, is defined using the feature vector v, with the weight
vector w. Ly, = || v_,, | |, the modulus of the weighted vector v _,,,
is then calculated as the rule for ranking the 2D leaf shape of all the
inbred lines, thus generating a atlas. L,, serves as a comprehensive
indicator reflecting the overall 2D morphology features of a maize
leaf. L, increases along with the semantic characteristics of the leaf
become more pronounced (e.g., longer length, wider width, more
curved edges, etc.). Conversely, L,p also decreases as the phenotypic
characteristics of the leaf become less pronounced.

n

Lp=11v_wll= [ 2w vs_3)
P
zn:w,- =1
-1
L. g
\ (S0 S S =
/ \\\ W e
| e oS
1.0
Eass Gl s S 0.8
\ 0.6
| ——
0.2
L/ ) P 0.0
(2 (h) ®

Comparison of the results of the planar parameterization. (A) 3D mesh model of the maize leaf. (B) 2D mesh model after ARAP planar
parameterization. (C) Front view of the 3D mesh model of the maize leaf. (D) Front view projection of the 3D mesh model. (E) Top view image of a
manually flattened maize leaf. (F) Extracted leaf contour of (E). (G) Extracted leaf contour after ARAP flattened. (H) The result of planar
parameterization for different leaves. () Fold visualization of the average model for all leaves (more blue means less folds, more red means

more folds).
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where w; is the iy, parameter in the weight vector w, and vy_; is
the iy, parameter in the feature vector vy.

The 518 inbred lines were ranked according to the L, to form
the final 2D leaf shape atlas (Figure 10). As illustrated in
Figure 10, the maize leaves in the inner circle are relatively
diminutive in both overall length and width, and the leaf
contour is relatively smooth, exhibiting no discernible
zigzagging at the edges. In contrast, the leaves in the outer
circle are larger in both overall length and width, displaying
pronounced zigzagging at the edges, and the phenotypic
characteristics of the leaves are more pronounced.

3.4 2D leaf shape identification results

3.4.1 Inbred line identification results for given
leaf shape

A total of 1,431 leaves were utilized to conduct inbred line
identification, and using r1,,_x as the performance evaluator. For
comparison, experiments were conducted in three setups: (1) using
the full 29 features, (2) using unweighted 11 semantic features, and
(3) using 11 semantic features with trained weights according to the
random forest. The results of the experiment are presented in
Figure 11 and Table 4. The weighted features, calculated using the
greedy algorithm, demonstrated the optimal performance.

10.3389/fpls.2025.1520297

Furthermore, the proposed method outperforms the other three
feature vector design methods in ry,, 1, and the accuracy remains
superior as X increases. The rp,,_x of this method exhibited
accelerated improvement with increasing of X, attaining rr,, ;o of
0.706, r1yp_9 0f 0.810, and 7,45 of 0.900. Due to the considerable
number of inbred lines included in this study (a total of 518), ry,,-19
has been possible to identify the inbred lines within 2% of the total
number of inbred lines. Furthermore, 71,y and r,,_45 have been
achieved, whereby the inbred lines have been identified within 4%
and 9% of the total number of inbred lines, respectively. Given the
limited number of samples obtained from the various inbred lines
and the observed variability in the characteristics of the leaves, the
outcomes of this study are noteworthy.

3.4.2 ldentification results for given
semantic features

For semantic features of a 2D leaf, the model with the highest
weighted cosine similarity among the 518 inbred line models can
be identified as the one that most closely aligns with and
represents the corresponding 2D model of the leaf (Figure 12).
To guarantee that the leaf illustration accurately reflects the
semantic features, the matching threshold is set to 0.9. This
implies that when the highest match between a specific semantic
feature and the inbred line model library is less than 0.9, it is
assumed that this particular structure of a maize leaf does not

LWR LW A

BP RL LL ML LTA WV LUP RLP LP

FIGURE 8
Cluster analysis of 2D leaf shape features.
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Distribution function of the 11 semantic features.

exist, and thus, the specified maize leaf model cannot be generated. 4 D | scu SSiO n
This is a straightforward method for generating 2D leaf models

based on feature matching. The data template library in this study 4 1 Leaf sha pe atlas promotes plant
provides comprehensive coverage of maize 2D leaf models, and phenotypic identification
the feature vectors constructed in this study encompass the

majority of features observed in maize 2D leaf models. This study benefits from “human face recognition” technology

Furthermore, the 518 inbred line models are all generated based to identify and categorize 2D maize leaves. The key point is that to

on true leaves, ensuring that the generated results are rich, quantify the morphological features of 2D leaf, and ascertain the

authentic, and of significant research value. typical characteristics as semantic features, which then allows for
focused exploration and classification. In comparison to existing

research on crop leaf shapes and phenotypic identification, this

TABLE 3 Semantic features with corresponding weights.

study presents the following novel contributions and advances:

ID Identifier Physiological significance ) )
(1) Construction method of leaf 2D mesh model. This study
! we Widest position of leaf 0028 applied the ARAP planar parameterization in converting
2 LWR Leaf aspect ratio 0.056 3D mesh model to 2D planar mesh. The method allows for
5 L Average leaf length based on leaf contour 0167 the more precise retention of the 3D structure, surpassing
the traditional methods such as projection or manual
4 LTA Leaf tip angle 0111 flattening (Wang et al., 2022). Furthermore, the method
5 wv Variance of the width of the leaf 0.028 avoids the potential loss of information due to projection
P W Average leaf width based on leaf contour o111 angle (Figures 7B, D). For example, the leaf area is highly
accurately reserved in the 2D mesh model obtained by
7 FA Fold 0.083 ARAP planar parameterization method.
8 MtV Variance of leaf midvein tortuosity 0.139 (2) Quantification and determination of semantic leaf features. A
9 MTA Mean value of leaf midvein tortuosity 0.167 multitude of PhenOtYPeS for expressing leaves have been put
forth in previous studies. However, the divergence of research
Degree of curvature of the left edge of . . . .
10 LOA the leaf 0.056 directions have resulted in numerous redundancies of
phenotypic features. For example, the terms “upper leaf
D f t f the right edge of c 1 » « 1. »
11 ROA egree © Cuwa;r:l;f € right ecge o 0.056 midrib sag” and “leaf midrib curvature” in the work of

Wu et al. (2022) were used to describe the curvature of the
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leaf midrib from different perspectives. Zheng et al. (2022) put
forth the terms “leaf sag” and “leaf bending” to describe the
sagging curvature and overall bending curvature of the leaf,
respectively. The two aforementioned metrics exhibit a high
degree of similarity. Consequently, the ability to effectively
screen the features, ensuring both concise representation and
comprehensive coverage, becomes a pivotal determinant of
the success of subsequent research. In this study, a

hierarchical clustering method was employed to screen and
categorize the phenotypic features proposed in previous
studies, resulting in the determination of 11 parameters of
2D maize leaf features that were not duplicated by each other
and could be more comprehensively covered. This approach
enabled the condensation and compression of the 2D leaf
features, laying the foundation for the construction of feature
vectors and the identification of leaf cultivars or inbred lines.
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FIGURE 11
Top-X Accuracy trend in inbred line identification using leaf shape features.
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vy = (0.45,7.60, 61.62, 0.43, 3.53, 8.14, 0.15,0.01, 0.1, 0.18, 0.23) mp -
vy = (0.52,9.84, 76.89, 0.37, 2.10, 7.81, 0.19, 0.00, 0.09, 0.17, 0.16) mp -

vy =(0.33,7.82, 74.61,0.77,2.58,9.53, 0.18, 0.02, 0.14, 0.28, 0.30) mp -
FIGURE 12

Three examples of generating and drawing 2D leaf models from feature vectors.

(3) 2D leaf shape atlas construction. Given the considerable
number of phenotypic features employed to describe leaf
shapes, a comprehensive ranking of all leaf shapes is
essential to fully reflect the observed variation between
leaf shapes. In previous studies (Astrom et al., 2015;
Cohen, 2011; Dubey et al., 2024), the screening of features
are remain qualitative, and comprehensive quantitative
ranking integration is lacking. In this study, a
comprehensive 2D leaf shape indicator L, was obtained
by weighting the 11 semantic features and estimating the
module length of the vector. The 2D leaf shape atlas was
obtained by ranking the 2D leaves according to L,p. This
approach allows for sequencing leaf shapes based on the
main leaf features. Additionally, it demonstrates the
relationship between the expression of the 2D leaf shape
features, from weak to strong, in a population comprising a
vast array of inbred lines.

(4) Inbred line identification and 2D leaf shape generation. In
contrast to previous identification studies, which have been

TABLE 4 The r;,,x comparison obtained using the four methods.

Unweighted 11 semantic

I'Top-x Full features (29)

conducted across species (Kumar et al., 2019) and plants
with substantial variation (Dubey and Thanikkal, 2023), the
identification of the inbred lines to which a given leaf shape
belongs has enabled phenotyping to reach “cultivar-level
resolution,” which is crucial for the advancement of
phenotyping. The creation of leaf shape models based on
semantic features is a highly interpretable process, and this
study is of great significance in promoting the generation of
both 2D and 3D models based on semantic features. This
study presents a research pipeline for the analysis of crop
phenotypic big data and the generation of models based on
phenotypic big data. The pipeline includes feature
extraction, semantic feature extraction and screening,
construction of comprehensive indexes and atlas, and
inbred line identification based on atlas. It offers novel
methodologies and strategies for the extraction of
knowledge from phenotypic big data, as well as a
comprehensive workflow that serves as a valuable
reference for the identification of plant cultivars.

Weighted 11 semantic features Weighted 11 semantic features

features (random forest) (ours)
TTept 0.298 0355 0.299 0.361
Tropa 0.393 0.452 0391 0.458
TTops 0.454 0505 0.450 0.525
PTopa 0.495 0551 0.494 0.570
Prop-s 0.536 0.587 0532 0.600
TTop-s 0.563 0.616 0555 0.625
Trop-7 0.584 0.636 0580 0.653
Trops 0.604 0.651 0.602 0.679
TTops 0.619 0.672 0618 0.692
TLop-10 0.637 0.690 0.636 0.706

Optimal performance is indicated by the use of bold text.

Frontiers in Plant Science

frontiersin.org


https://doi.org/10.3389/fpls.2025.1520297
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Song et al.

4.2 Limitations and future works

The study focuses on the process of analyzing 2D shape of maize
leaves, with less attention on the 3D morphology and related analyses.
In subsequent studies, the identification based on 2D features will be
expanded to 3D features. The feature extraction and quantitative
analysis will be conducted based on the 3D mesh of maize leaves.
The phenotypic features obtained from the 2D and 3D meshes will be
combined to realize more efficient and accurate variety identification.
Additionally, further studies on the physiological properties of maize
leaves, such as light interception capacity (Song et al., 2023) and the
relationship between phenotype, genes, and environment, based on the
3D structure, will be conducted. For instance, the correlation between
leaf phenotype and genome through GWAS will be conducted. The
study also has the advantage of non-destructive acquisition of 3D
models of leaves and extraction of phenotypic features. The substantial
number of samples collected ensures comprehensive coverage of leaf
shape diversity, and the results indicate that the 3D flattening method
is area-preserving. Consequently, the method should be applied in leaf
monitoring at different growth stages.

Moreover, the 2D leaf shape generation method employed in
this study, while maintaining interpretability, requires further
enhancement through the integration of deep learning and other
techniques to augment the degree of freedom and flexibility in
generation. This study serves as an initial investigation of deep
learning-based 2D leaf generation, with the objective of providing
accurate leaf parameter metrics and 2D leaf shape reference
standards for subsequent studies. Subsequently, we will employ a
deep learning-based approach to achieve the objective of 2D leaf
shape generation by integrating techniques associated with
generative AI, such as the diffusion model and CLIP.
Concurrently, upon completion of the analysis and research of
the 3D maize leaf shapes, in conjunction with the findings of the 2D
models generation, the generation of 3D maize leaves with a sense
of realism will be pursued as the ultimate objective of the research.

Data availability statement

The data analyzed in this study is subject to the following
licenses/restrictions: The data will be made available upon
request. Requests to access these datasets should be directed to
guoxy73@163.com.

References

Astrém, H., Metsovuori, E., Saarinen, T., Lundell, R., and Hinninen, H. (2015).
Morphological characteristics and photosynthetic capacity of Fragaria vesca L. winter
and summer leaves. Flora 215, 33-39. doi: 10.1016/j.flora.2015.07.001

Bailey, B. N., and Mahaffee, W. F. (2017). Rapid measurement of the three-
dimensional distribution of leaf orientation and the leaf angle probability density
function using terrestrial LIDAR scanning. Remote Sens. Environ. 194, 63-76.
doi: 10.1016/j.rse.2017.03.011

Chen, H. B,, Liu, S. B., Wang, C. Y., Wang, C. F,, Gong, K. Y., Li, Y. H,, et al. (2023).
Point cloud completion of plant leaves under occlusion conditions based on deep
learning. Plant Phenom. 5, 13. doi: 10.34133/plantphenomics.0117

Frontiers in Plant Science

10.3389/fpls.2025.1520297

Author contributions

HS: Investigation, Methodology, Validation, Visualization, Writing
- original draft, Writing - review & editing. WW: Data curation, Formal
Analysis, Methodology, Writing - original draft, Writing — review &
editing. YiZ: Methodology, Writing - review & editing. YaZ: Data
curation, Resources, Writing — review & editing. XG: Conceptualization,
Funding acquisition, Investigation, Project administration, Supervision,
Writing - original draft, Writing - review & editing. CZ: Funding
acquisition, Supervision, Writing — review & editing.

Funding

The author(s) declare that financial support was received for the
research, authorship, and/or publication of this article. This work
was partially supported by the National Natural Science Foundation
of China (32330075), the Construction of Collaborative Innovation
Center of Beijing Academy of Agricultural and Forestry Sciences
(KJCX20240406). Research Innovation Platform Construction of
Beijing Academy of Agriculture and Forestry Sciences (PT2024-23).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declare that no Generative Al was used in the
creation of this manuscript.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Cohen, J. I. (2011). A phylogenetic analysis of morphological and molecular
characters of Lithospermum L. (Boraginaceae) and related taxa: evolutionary
relationships and character evolution. Cladistics 27, 559-580. doi: 10.1111/j.1096-
0031.2011.00352.x

Danjon, F., and Reubens, B. (2008). Assessing and analyzing 3D architecture of
woody root systems, a review of methods and applications in tree and soil stability,
resource acquisition and allocation. Plant Soil 303, 1-34. doi: 10.1007/s11104-007-
9470-7

Dubey, A. K., and Thanikkal, J. G. (2023). Deep learning based identification of
aquatic and semi aquatic plants. Expert Syst. 42 (1), 9. doi: 10.1111/exsy.13473

frontiersin.org


mailto:guoxy73@163.com
https://doi.org/10.1016/j.flora.2015.07.001
https://doi.org/10.1016/j.rse.2017.03.011
https://doi.org/10.34133/plantphenomics.0117
https://doi.org/10.1111/j.1096-0031.2011.00352.x
https://doi.org/10.1111/j.1096-0031.2011.00352.x
https://doi.org/10.1007/s11104-007-9470-7
https://doi.org/10.1007/s11104-007-9470-7
https://doi.org/10.1111/exsy.13473
https://doi.org/10.3389/fpls.2025.1520297
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

Song et al.

Dubey, A. K., Thanikkal, J. G., Sharma, P., and Shukla, M. K. (2024). A unique
morpho-feature extraction algorithm for medicinal plant identification. Expert Syst. 9.

Gao, D. H,, Li, M. Z, Zhang, J. Y., Song, D., Sun, H., Qiao, L., et al. (2021).
Improvement of chlorophyll content estimation on maize leaf by vein removal in
hyperspectral image. Comput. Electron. Agric. 184, 9. doi: 10.1016/
j.compag.2021.106077

Gao, L., Pan, L. L, Shi, Y. T,, Zeng, R, Li, Z. Y., Zhang, X,, et al. (2024). Genetic
variation in a heat shock transcription factor modulates cold tolerance in maize. Mol.
Plant 17, 1423-1438. doi: 10.1016/j.molp.2024.07.015

Godin, C. (2000). Representing and encoding plant architecture: A review. Ann. For.
Sci. 57, 413-438. doi: 10.1051/forest:2000132

Han, W. T, Yu, S, Xu, T. F,, Chen, X. W., and Ooi, S. K. (2014). Detecting maize leaf
water status by using digital RGB images. Int. J. Agric. Biol. Eng. 7, 45-53.

Hosoi, F., Nakabayashi, K., and Omasa, K. (2011). 3-D modeling of tomato canopies
using a high-resolution portable scanning lidar for extracting structural information.
Sensors 11, 2166-2174. doi: 10.3390/s110202166

Jafari, F., Wang, B. B, Wang, H. Y., and Zou, J. J. (2024). Breeding maize of ideal
plant architecture for high-density planting tolerance through modulating shade
avoidance response and beyond. J. Integr. Plant Biol. 66, 849-864. doi: 10.1111/
jipb.13603

Kobbelt, L. (2000). V3-subdivision, Proceedings of the 27th annual conference
on Computer graphics and interactive techniques (ACM Press/Addison-Wesley
Publishing Co.), 103-112. doi: 10.1145/344779.344835

Kumar, M., Gupta, S., Gao, X. Z., and Singh, A. (2019). Plant species recognition
using morphological features and adaptive boosting methodology. IEEE Access 7,
163912-163918. doi: 10.1109/Access.6287639

Li, R. F, Zhang, G. Q,, Liu, G. Z,, Wang, K. R, Xie, R. Z,, Hou, P., et al. (2021).
Improving the yield potential in maize by constructing the ideal plant type and
optimizing the maize canopy structure. Food Energy Secur. 10, 13. doi: 10.1002/
fes3.v10.4

Liu, L., Zhang, L., Xu, Y., Gotsman, C., and Gortler, S. (2008). A local/global
approach to mesh parameterization. Computer Graphics Forum: ]. Euro. Assoc.
Computer Graphics. 27 (5). doi: 10.1111/j.1467-8659.2008.01290.x

Lizaso, J. I, Batchelor, W. D., and Westgate, M. E. (2003). A leaf area model to
simulate cultivar-specific expansion and senescence of maize leaves. Field Crop Res. 80,
1-17. doi: 10.1016/S0378-4290(02)00151-X

Robil, . M., Gao, K., Neighbors, C. M., Boeding, M., Carland, F. M., Bunyak, F., et al.
(2021). grasviq: an image analysis framework for automatically quantifying
vein number and morphology in grass leaves. Plant J. 107, 629-648. doi: 10.1111/
tpj.v107.2

Song, Q. F, Liu, F. S, Bu, H. Y., and Zhu, X. G. (2023). Quantifying contributions of
different factors to canopy photosynthesis in 2 maize varieties: development of a novel
3D canopy modeling pipeline. Plant Phenom. 5, 16. doi: 10.34133/
plantphenomics.0075

Song, A. R, Wang, C. Y., Wen, W. L., Zhao, Y., Guo, X. Y., and Zhao, C. J. (2024).
Predicting the oil content of individual corn kernels combining NIR-HSI and multi-
stage parameter optimization techniques. Food Chem. 461, 13. doi: 10.1016/
j.foodchem.2024.140932

Sorkine, O., and Alexa, M. (2007). As-rigid-as-possible surface modeling. Paper
presented at the Proceedings of the fifth Eurographics symposium on Geometry
processing, Barcelona, Spain. 109-116.

Su, W., Zhang, M. Z,, Liu, J. M., and Sun, Z. P. (2018). Automated extraction of corn
leaf points from unorganized terrestrial LIDAR point clouds. Int. J. Agric. Biol. Eng. 11,
166-170. doi: 10.25165/j.ijabe.20181103.3177

Frontiers in Plant Science

17

10.3389/fpls.2025.1520297

Tian, J. G,, Wang, C. L, Xia, J. L, Wu, L. S, Xu, G. H,, Wu, W. H,, et al. (2019).
Teosinte ligule allele narrows plant architecture and enhances high-density maize
yields. Science 365, 658. doi: 10.1126/science.aax5482

Valentinuz, O. R,, and Tollenaar, M. (2006). Effect of genotype, nitrogen, plant
density, and row spacing on the area-per-leaf profile in maize. Agron. J. 98, 94-99.
doi: 10.2134/agron;j2005.0111

Wang, Y. B,, Luo, Y., Guo, X, Li, Y. F,, Yan, J. L., Shao, W. W, et al. (2024b). A spatial
transcriptome map of the developing maize ear. Nat. Plants 10, 16. doi: 10.1038/
541477-024-01683-2

Wang, J. L, Wang, C. Y., Lu, X. ], Zhang, Y., Zhao, Y. X,, Wen, W. L, et al. (2022).
Dissecting the genetic structure of maize leaf sheaths at seedling stage by image-based
high-throughput phenotypic acquisition and characterization. Front. Plant Sci. 13, 17.
doi: 10.3389/fpls.2022.826875

Wang, R. F,, Zhong, Y. T, Han, J. N,, Huang, L. L., Wang, Y. Q., Shi, X. G,, et al.
(2024a). NIN-LIKE PROTEIN3.2 inhibits repressor Aux/IAA14 expression and
enhances root biomass in maize seedlings under low nitrogen. Plant Cell 36, 4388—
4403. doi: 10.1093/plcell/koael84

Wen, W. L, Wang, Y. J., Wu, S, Liu, K, Gu, S. H,, and Guo, X. Y. (2021). 3D

phytomer-based geometric modelling method for plants-the case of maize. Aob Plants
13, 13. doi: 10.1093/aobpla/plab055

Wen, W., Wang, J., Zhao, Y., Wang, C,, Liu, K,, Chen, B, et al. (2024a). 3D
morphological feature quantification and analysis of corn leaves. Plant phenom.
(Washington D.C.) 6, 0225. doi: 10.34133/plantphenomics.0225

Wen, W,, Wy, S, Lu, X,, Liu, X, Gu, S, and Guo, X. (2024b). Accurate and semantic
3D reconstruction of maize leaves. Comput. Electron. Agric. 217, 108566. doi: 10.1016/
j.compag.2023.108566

Wu, J., Pages, L, Wu, Q., Yang, B., and Guo, Y. (2015). Three-dimensional
architecture of axile roots of field-grown maize. Plant Soil 387, 363-377.
doi: 10.1007/s11104-014-2307-2

Wu, S., Wang, J. L., Zhao, Y. X, Wen, W. L,, Zhang, Y., Lu, X. ], et al. (2022).
Characterization and genetic dissection of maize ear leaf midrib acquired by 3D digital
technology. Front. Plant Sci. 13, 19. doi: 10.3389/fpls.2022.1063056

Wu, S, Wen, W. L, Xiao, B. X,, Guo, X. Y., Dy, J. ], Wang, C. Y., et al. (2019). An
accurate skeleton extraction approach from 3D point clouds of maize plants. Front.
Plant Sci. 10, 14. doi: 10.3389/fpls.2019.00248

Wu, S., Zhang, Y., Zhao, Y. X., Wen, W. L., Wang, C. Y., Lu, X. ., et al. (2024). Using
high-throughput phenotyping platform MVS-Pheno to decipher the genetic
architecture of plant spatial geometric 3D phenotypes for maize. Comput. Electron.
Agric. 225, 15. doi: 10.1016/j.compag.2024.109259

Xia, X. Y., Wei, Q. H., Wu, H. X,, Chen, X. Y., Xiao, C. X, Ye, Y. P, et al. (2024). Bacillus
species are core microbiota of resistant maize cultivars that induce host metabolic defense
against corn stalk rot. Microbiome 12, 19. doi: 10.1186/s40168-024-01887-w

Yang, X. H, Gao, S. B, Xu, S. T,, Zhang, Z. X, Prasanna, B. M,, Li, L, et al. (2011).
Characterization of a global germplasm collection and its potential utilization for analysis of
complex quantitative traits in maize. Mol. Breed. 28, 511-526. doi: 10.1007/s11032-010-9500-7

Yang, J., Liu, Z, Liu, Y. B, Fan, X. J,, Gao, L,, Li, Y. P,, et al. (2024). Genome-wide
association study identifies quantitative trait loci and candidate genes involved in deep-
sowing tolerance in maize (Zea mays L.). Plants-Basel 13, 15. doi: 10.3390/plants13111533

Zheng, B. Y., Shi, L. J,, Ma, Y. T, Deng, Q. Y,, Li, B. G,, and Guo, Y. (2008).
Comparison of architecture among different cultivars of hybrid rice using a spatial light
model based on 3-D digitising. Funct. Plant Biol. 35, 900-910. doi: 10.1071/FP08060

Zheng, C. X., Wen, W. L,, Lu, X. J., Chang, W. S., Chen, B., Wu, Q,, et al. (2022).
Three-dimensional wheat modelling based on leaf morphological features and mesh
deformation. Agronomy-Basel 12, 21. doi: 10.3390/agronomy12020414

frontiersin.org


https://doi.org/10.1016/j.compag.2021.106077
https://doi.org/10.1016/j.compag.2021.106077
https://doi.org/10.1016/j.molp.2024.07.015
https://doi.org/10.1051/forest:2000132
https://doi.org/10.3390/s110202166
https://doi.org/10.1111/jipb.13603
https://doi.org/10.1111/jipb.13603
https://doi.org/10.1145/344779.344835
https://doi.org/10.1109/Access.6287639
https://doi.org/10.1002/fes3.v10.4
https://doi.org/10.1002/fes3.v10.4
https://doi.org/10.1111/j.1467-8659.2008.01290.x
https://doi.org/10.1016/S0378-4290(02)00151-X
https://doi.org/10.1111/tpj.v107.2
https://doi.org/10.1111/tpj.v107.2
https://doi.org/10.34133/plantphenomics.0075
https://doi.org/10.34133/plantphenomics.0075
https://doi.org/10.1016/j.foodchem.2024.140932
https://doi.org/10.1016/j.foodchem.2024.140932
https://doi.org/10.25165/j.ijabe.20181103.3177
https://doi.org/10.1126/science.aax5482
https://doi.org/10.2134/agronj2005.0111
https://doi.org/10.1038/s41477-024-01683-2
https://doi.org/10.1038/s41477-024-01683-2
https://doi.org/10.3389/fpls.2022.826875
https://doi.org/10.1093/plcell/koae184
https://doi.org/10.1093/aobpla/plab055
https://doi.org/10.34133/plantphenomics.0225
https://doi.org/10.1016/j.compag.2023.108566
https://doi.org/10.1016/j.compag.2023.108566
https://doi.org/10.1007/s11104-014-2307-2
https://doi.org/10.3389/fpls.2022.1063056
https://doi.org/10.3389/fpls.2019.00248
https://doi.org/10.1016/j.compag.2024.109259
https://doi.org/10.1186/s40168-024-01887-w
https://doi.org/10.1007/s11032-010-9500-7
https://doi.org/10.3390/plants13111533
https://doi.org/10.1071/FP08060
https://doi.org/10.3390/agronomy12020414
https://doi.org/10.3389/fpls.2025.1520297
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org

	Two-dimensional semantic morphological feature extraction and atlas construction of maize ear leaves
	1 Introduction
	2 Materials and methods
	2.1 Experimental design and data acquisition
	2.2 Overview
	2.3 Data processing and morphological feature quantification of 2D leaf shapes in maize
	2.3.1 Maize leaf data preprocessing
	2.3.1.1 Comparative examinations of the data within the same inbred line
	2.3.1.2 Data normalization
	2.3.1.3 Mesh subdivision

	2.3.2 2D Flattening of 3D leaf mesh models
	2.3.3 Construction of averaged 2D leaf models
	2.3.3.1 Leaf contour extraction
	2.3.3.2 Contour sampling
	2.3.3.3 Averaged 2D leaf model construction

	2.3.4 Extraction of 2D leaf shape features from 2D mesh models
	2.3.4.1 Calculation of 1D features (length, width and related features)
	2.3.4.2 Calculation of 2D features (area, leaf tip angle, offset and tortuosity)
	2.3.4.3 Calculation of the folding degree


	2.4 Maize leaf semantic feature extraction and 2D leaf shape atlas construction
	2.4.1 2D leaf shape semantic feature determination
	2.4.2 2D leaf shape atlas construction

	2.5 Inbred line identification based on 2D leaf shape atlas
	2.5.1 Inbred line identification from given leaf shape data
	2.5.2 Inbred line identification and leaf shape drawing from given semantic feature
	2.5.3 Evaluation metric


	3 Results
	3.1 Results and analysis of 2D flattening from 3D leaves
	3.2 Semantic feature of 2D leaf shape
	3.3 Results of 2D leaf shape atlas construction
	3.4 2D leaf shape identification results
	3.4.1 Inbred line identification results for given leaf shape
	3.4.2 Identification results for given semantic features


	4 Discussion
	4.1 Leaf shape atlas promotes plant phenotypic identification
	4.2 Limitations and future works

	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher’s note
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


