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Abstract: The maize tassel represents one of the most pivotal organs dictating maize yield
and quality. Investigating its phenotypic information constitutes an exceedingly crucial task
within the realm of breeding work, given that an optimal tassel structure is fundamental for
attaining high maize yields. High-throughput phenotyping technologies furnish significant
tools to augment the efficiency of analyzing maize tassel phenotypic information. Towards
this end, we engineered a fully automated multi-angle digital imaging apparatus dedicated
to maize tassels. This device was employed to capture images of tassels from 1227 inbred
maize lines falling under three genotype classifications (NSS, TST, and SS). By leveraging
the 3D reconstruction algorithm SFM (Structure from Motion), we promptly obtained
point clouds of the maize tassels. Subsequently, we harnessed the TreeQSM algorithm,
which is custom-designed for extracting tree topological structures, to extract 11 archetypal
structural phenotypic parameters of the maize tassels. These encompassed main spike
diameter, crown height, main spike length, stem length, stem diameter, the number of
branches, total branch length, average crown diameter, maximum crown diameter, convex
hull volume, and crown area. Finally, we compared the GFC (Gaussian Fuzzy Clustering
algorithm) used in this study with commonly used algorithms, such as RF (Random
Forest), SVM (Support Vector Machine), and BPNN (BP Neural Network), as well as k-
Means, HCM (Hierarchical), and FCM (Fuzzy C-Means). We then conducted a correlation
analysis between the extracted phenotypic parameters of the maize tassel structure and the
genotypes of the maize materials. The research results showed that the Gaussian Fuzzy
Clustering algorithm was the optimal choice for clustering maize genotypes. Specifically,
its classification accuracies for the Non-Stiff Stalk (NSS) genotype and the Tropical and
Subtropical (TST) genotype reached 67.7% and 78.5%, respectively. Moreover, among the
materials with different maize genotypes, the number of branches, the total branch length,
and the main spike length were the three indicators with the highest variability, while the
crown volume, the average crown diameter, and the crown area were the three indicators
with the lowest variability. This not only provided an important reference for the in-depth
exploration of the variability of the phenotypic parameters of maize tassels but also opened
up a new approach for screening breeding materials.
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1. Introduction
Maize is one of the world’s most important food crops, and its yield is critical to

ensure food security [1]. Genetic breeding techniques can help increase maize yields and
ensure global food security. The accelerated localization of functional genes through high-
throughput phenotypic information acquisition techniques has a huge market demand [2]
and is key to developing improved varieties [3].

Studies have shown that the structure of maize tassels is directly related to pollen
yield and pollination efficiency, which not only affects final kernel yield but also inbred
line retention [4]. However, overly dense male tassel branching and oversized male tassel
size do not promote final maize yield. On the contrary, on the one hand, it will reduce the
photosynthetic efficiency of leaves due to the overly large shading area, and, on the other
hand, it will consume a large amount of nutrients, affecting the formation and plumpness
of grains [5,6]. Finding the right structure of maize tassels is important for breeding good
maize varieties. In recent years, high-throughput phenotyping technologies have played
an important role in the breeding work of many crops, and more and more genes related
to maize tassel phenotypic traits have been successfully located [7]. High-throughput
phenotyping technologies have been crucial in crop breeding. In combination with GWAS
technology, more genes related to maize tassel traits like tassel length, branch length, branch
number, stem diameter, main spike diameter, and stem length, which can be easily, cheaply,
and accurately quantified, have been located successfully. This has made the maize tassel
structure a convenient field for QTL study [8,9] and an important foundation for quickly
screening excellent tassel traits [10,11].

However, for high-throughput phenotypic measurements of the maize tassels, the
multitude of the characterization parameters and the short pollination period, during
which the tassels stop growing and begin to degrade, make the effective time available for
measuring structural traits in the tassels very limited. In addition, maize tassels are very
easy to dehydrate after leaving the plant, resulting in tassels that are easy to break and
even undergo large morphological changes, which is very unfavorable to the acquisition of
high-throughput data on maize tassels, and indicators such as maximum crown diameter,
crown height, average crown diameter, and crown width are also difficult to be measured
manually. Therefore, it is particularly important to develop high-throughput measurement
techniques for maize tassel.

Currently, a large number of image- and point cloud-based methods have been used
to extract crop phenotypes, such as using images to extract the 3D structure of maize
seedlings [12] and extracting the leaf area and plant height of maize [13–15], as well as
extracting the number of branches, branch length, and the angle of the tassel [16,17],
and systems have also been developed for this purpose [18–20]. However, for analyzing
three-dimensional structural parameters, 2D images are unable to overcome the occlusion
problem. Three-dimensional point cloud data offer significant advantages in extracting
multiple structural parameters of a target object [21–23]. Currently, most point cloud data
are generated by 3D scanning devices such as LiDAR (2D/3D), TOF cameras (time-of-flight
cameras), and structured light scanners. Terrestrial laser scanning (TLS) can accurately
characterize the 3D structure of trees with millimeter-level accuracy [24,25]. Lei and Suresh
et al. [26] used terrestrial LiDAR data to extract the 3D structural information of maize
plants, including leaf area and leaf angle. Paulus et al. [27] studied the acquisition and
reconstruction of the 3D point cloud of barley using LiDAR with a measuring arm to extract
the leaf area and plant height. Chaivivatrakul et al. [28] used a TOF camera to acquire
the point cloud data of maize seedlings to reconstruct a 3D model of maize seedlings,
extracting information such as maximum/minimum stem diameter, stem height, leaf area,
leaf length, and leaf angle. However, these methods often lack point cloud density or
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geometric accuracy when studying organ-scale objects such as maize tassel. Dong and
Sheng et al. [4,29] constructed a 3D point cloud of a maize tassel using images and extracted
metrics such as plant height, leaf area, main spike length, and branching number. However,
there are problems of low automation, high cost, and low analysis efficiency. Xu et al. [30]
made a significant development. They developed a system known as TIPS, short for three-D
image phenotype system. This system utilizes the TreeQSM algorithm. With this algorithm,
it reconstructs and analyzes the topology of a single tree. By doing so, it manages to extract
the phenotypic parameters of the maize tassel structure that bears resemblance to the
tree structure. This extraction process brings several solutions. It solves the problem of
automatically acquiring maize tassel images. It also addresses the issues related to 3D
point cloud generation and tassel topology reconstruction. Moreover, the system further
evaluates certain aspects. It looks into the spatial variability of the point cloud. It also
assesses the extracted tassel axial spindle lengths. Additionally, it examines the number
of branches, the total branch lengths, and the branch angles. The evaluations lead to a
conclusion. The results show that the system is both efficient and accurate. In another
aspect, the system accomplishes a particular task. It resolves the tool problem for extracting
phenotypic parameters of maize tassels. However, there is a drawback. There has been no
analysis carried out on the genetic relationship between phenotype and genotyping.

Tassel clustering genotypes using tassel phenotypic parameters are efficient and easy to
use, and they are an innovative aspect of this study. Since maize tassel structural phenotypes
are largely controlled by genotypes, different genotypes exhibit significant differences
in tassel morphology, providing feasibility for analyzing tassel structural phenotypic
information to explore differences in phenotypic performance among four maize genotypes.
Song et al. [31] obtained different gene categories after clustering different functional genes
through the GFC algorithm, showing the distribution characteristics of gene expression
data in the clustering space. Minton et al. [32] provided a step-by-step guide for conducting
plant morphometric analysis using the Gaussian Mixture Model and established a new
conceptual, statistical, and probabilistic framework for analyzing morphometric data in
plant taxonomy. Yang et al. [33] extended the model-based Gaussian clustering method to
the fuzzy model and put forward an unsupervised Gaussian clustering algorithm based
on the fuzzy model, which solved the problems of the traditional Gaussian clustering
algorithm being sensitive to initialization and requiring the number of clusters to be
specified in advance. Fuchs et al. [34] compared the Gaussian Mixture Model with existing
advanced mixed data clustering models on multiple commonly used datasets. The results
showed that this model can achieve more accurate and stable clustering results when
dealing with mixed data and is superior to traditional clustering methods. Yang et al. [35]
used the GoldenGate assay kit (Illumina, San Diego, CA, USA) containing 1536 SNPs and
an association mapping approach for 12 phenotypic traits to typify 527 lines and explored
the relationship between genotypic and phenotypic variance. The relationship between
genotypes and phenotypic variants was explored. Pan et al. [36] used hierarchical clustering
to cluster the phenotypic parameters of 24 watermelon germplasm resources, revealing
their diversity and variation patterns. Xie et al. [37] used UAV RGB images to cluster
eight phenotypic parameters of 300 rapeseed varieties during flowering using the dynamic
K-Means method, grouping the rapeseed varieties into four categories based on flowering
characteristics. HAN et al. [38] studied phenotypic variation among different genotypes
using dynamic changes in maize plant height and analyzed the maize genotypes using the
GFC (Gaussian Fuzzy Clustering). Rincon, Mustafa, and Shrestha et al. [39,40] conducted
the clustering analysis of maize materials based on multiple phenotypic traits such as plant
height, leaf length, width, leaf temperature, root density, and weight to characterize trait
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variability in different maize materials. However, studies on clustering genotypes using
tassel phenotypic parameters are limited.

Existing research results have solved the problems of multi-angle image acquisition,
3D synthesis, topological reconstruction, and the automatic extraction of phenotypic pa-
rameters such as maize main spike length, branch number, branch length, and branch
angle [30]. On this basis, this study further extracted seven phenotypic parameters such
as main spike diameter, crown height, stem diameter, average crown diameter, maximum
crown diameter, crown volume, and crown area from 1227 maize tassels. Additionally, after
denoising the original point cloud data using Gaussian filtering and DBSCAN (Density-
Based Spatial Clustering of Applications with Noise) algorithms, 1227 single-plant maize
tassel point clouds were successfully extracted. Finally, genotypic clustering analysis was
performed on these 1227 single-plant maize tassel point cloud data using the Gaussian
Fuzzy Clustering (GFC) algorithm. The clustering results showed that the method of this
study had a relatively good classification effect on Non-Stiff Stalk (NSS) and Tropical and
Subtropical (TST) materials. The method could reveal the variability of multiple structural
phenotypic parameters of the maize tassel. Additionally, compared with traditional com-
monly used machine learning algorithms, the clustering algorithm adopted in this study
had a higher classification accuracy. This study innovatively used the three-dimensional
structural phenotype of the maize tassel to cluster maize genotypes, providing a certain
reference value for the screening of materials in the maize breeding process. Finally, after
comparing the measured data, this study found that although the clustering accuracy of
the measured data increased by 5% to 10%, the method adopted in this study was more
efficient, more economical, and more practical.

2. Materials and Methods
2.1. Study Area and Manual Measurement Data of Tassel

The study area is located at the National Precision Agriculture Research and Demon-
stration Base in Xiaotangshan, Changping District, Beijing (40◦10′60′′ N, 116◦26′30′′ E).
In 2022, we collected a total of 409 samples, resulting in 1227 maize tassel images taken
after pollination (each sample consists of three sets of images, with 72 images per set).
Each sample was planted in two rows with a row spacing of 0.6 m and a plant spacing
of 0.4 m. The genotypic types of these 409 sets of maize materials were based on the
results analyzed by the Bayesian Markov Chain Monte Carlo (BMCMC) program using
the STRUCTURE software (version 2.3.4) [41,42]. These results classified the genotypes
of the maize materials into a total of four subgroups: The Tropical and Subtropical (TST)
maize germplasm resources are adapted to Tropical and Subtropical climates, possessing
hardcore traits that enable them to grow well in hot and humid environments, and this
genotype of germplasm resources has strong drought resistance. The Non-Stiff Stalk (NSS)
and Stiff Stalk (SS) maize germplasm resources are the way that Dr. Duvick of Pioneer in
the United States classifies maize hybrids according to the different requirements of the
parent and the mother. The NSS is categorized as a replica, which is characterized by a
small pollen load and a short pollen dispersal time, while the SS is classified as a parent,
which is characterized by a high seed yield. Among these, there were 28 SS genotypes,
175 NSS genotypes, and 140 TST genotypes. The remaining 55 samples had genotyping
probabilities below 0.60 and were classified as mixed subpopulations (MIXED).

The measured data in this study included the main spike length, branch length, branch
number, spike diameter, stem diameter, stem length, crown diameter, and crown height of
the tassel. The stem length refers to the portion from the lowest flower silk on the main
stem of the tassel to the first node at the top of the maize stem. Maxcrowndiam and crown
height refer to the maximum crown diameter and maximum crown height, respectively.
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A detailed measurement diagram of the phenotypic parameters is shown in Table 1. All
lengths were measured in a straightened state, using a ruler with a resolution of 1 mm. The
diameter of La is the average of the diameters of five equally spaced regions on the main
spike, while Ld refers to the length from the starting point of the first branch of the tassel to
the highest node of the maize plant below the tassel. Its diameter Lc is also the average of
five equally spaced diameters.

Table 1. Descriptive statistics of the measured phenotypic parameters.

Definition Name
Max

Value
(cm)

Min Value (cm) Mean Value
(cm) Variance Note
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2.2. TIPS Development and Image Acquisition

The acquisition of image data is primarily automated through the TIPS system, which
consists of four main components: hardware, data communication and transmission, data
acquisition, and data processing. The hardware includes an electric turntable, a reference
board, three digital cameras, and a computer. The data communication and transmission
module consists of Wi-Fi wireless communication for the electric turntable and RS232-
to-USB wired communication for the cameras. The data acquisition module includes
parameter settings, image preview, control of camera shooting, and data classification
and storage. The processing module encompasses 3D point cloud reconstruction based
on image sequences, point cloud calibration, point cloud segmentation, and phenotypic
information extraction.

Using the TIPS system’s hardware module, data transfer, data collection, and data
processing, we captured 360-degree images of the maize tassel. For each tassel, 72 images
were taken, covering the upper, middle, and lower sections. The digital camera used
was a Nikon D5600 with an effective resolution of 24.16 megapixels, paired with a Nikon
18–140 mm f/3.5–5.6 G ED VR lens, supporting 7× zoom. The camera was set to a fixed
focal length mode for the shooting. The electric turntable, controlled via wireless Wi-Fi
with a precision of 0.01 degrees, has a diameter of 60 cm and is powered by a 24 V DC
supply. The calibration board is a square with an 80 cm side length.

The data acquisition and storage processes were automatically completed using data
acquisition control software developed in C# on the Visual Studio 2010 platform. Figure 1
shows the schematic and physical diagrams of the TIPS system structure.
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(a) computer 

(c) camera 

(e) Calibration plate 

(d) Electric rotary 

(b) USB line 

（g）WiFi 

(f) Tassel 

Figure 1. System structure of TIPS.

During the measurement process, the tassel is fixed at the center of the calibration
board. The digital cameras and tripod positions are secured, and the focal length is
adjusted to ensure that the calibration board occupies more than 70% of the field of view.
Additionally, the overlap of the tassel images in the upper, middle, and lower sections is
also maintained at 70% or more.

The data acquisition software is then activated, setting the height and photo intervals
for the three cameras before automatically collecting 360-degree image data of the tassel. A
total of 1227 effective tassel images were obtained, resulting in 88,344 images in total. The
entire process took 81.8 h.
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2.3. Point Cloud Generation and Preprocessing

After image acquisition, the images need to undergo 3D point cloud reconstruction
using the SFM (Structure from Motion) algorithm. As shown in Figure 2. The process of
using the SFM algorithm to generate the 3D point cloud of the maize tassel is as follows.
Firstly, the SFM algorithm extracts the focal length information from the input images.
Subsequently, feature extraction algorithms such as SIFT are employed to extract image
features. Then, the kd-tree model is utilized to calculate the Euclidean distance between
the feature points of two images for performing feature point matching, with the aim of
identifying the image pairs that possess the requisite number of feature point matches.
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Structure from Motion 
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Figure 2. The process of SFM.

For each of these image matching pairs, the epipolar geometry is computed, and the F
matrix is estimated and optimized through the RANSAC algorithm to enhance the quality
of the matching pairs. If a feature point can be detected and matched within a matching
pair and is continuously detectable, a matching point trajectory will be formed.

Next, the new images are incorporated into the SFM loop for bundle adjustment.
This process continues until there are no more suitable images to be added. Finally, the
sparse bundle adjustment was adopted in this study to generate the 3D point cloud of the
maize tassel.

This algorithm is suitable for various types of scenes and objects, whether indoor or
outdoor or static objects or dynamic scenes [43,44].

In this study, we used the domestic commercial software DJI Terra (Shenzhen DJI
Technology Co., Ltd., Shenzhen, China, version 3.6.8) to batch reconstruct 3D point cloud
data in .ply format. These data include not only the X, Y, and Z coordinates but also RGB
color information. Figure 3 had showed the point cloud reconstruction process and some
of the point cloud reconstruction results, with all 1227 samples successfully reconstructed.
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After generating the point cloud, the spatial information of the 3D reconstruction does
not agree with the physical values, and further calibration is required to accurately quantify
the spike phenotype parameters. As shown in Figure 3b, the calibration was achieved by
designing red and black calibration lines on the calibration board with a standard length
of 25 cm, and the point cloud coordinates could be calibrated to the absolute coordinate
system by the coefficient of variation between the predicted and actual values that was
measured by constructing the ratio between the actual length of the calibration line (25 cm)
and the values extracted by TreeQSM.

As shown in Figure 4, first, noise and isolated points in the point cloud are filtered
out. Subsequently, the filtered point cloud is segmented into small sets that conform to the
tassel surface, and the adjacent relationship of these coverage sets is defined. Next, sets not
belonging to the tassel are removed to define tassel components. Tassel components refer
to essentially independent parts or clusters in the point cloud, like a single branch, a group
of branches, or even the entire tassel.

Following this, a surface growth model is employed during the segmentation of tassel
components. By checking local connectivity, branches are identified. After that, each part is
approximated as a sequence of cylindrical bodies, which may have varying radii, lengths,
and directions.

Finally, based on the constructed cylindrical model, the tassel’s topology and other
feature parameters are calculated.

Since the extraction of point cloud parameters requires data containing only the object
of interest, further filtering and clustering of the point cloud are necessary. As shown in
Figure 5, the raw point cloud undergoes Gaussian filtering and DBSCAN clustering to
obtain a point cloud containing only the tassel itself.



Agriculture 2025, 15, 85 9 of 24Agriculture 2025, 15, x FOR PEER REVIEW 9 of 25 
 

 

 

Figure 4. Flowchart of TreeQSM. 

Following this, a surface growth model is employed during the segmentation of tas-
sel components. By checking local connectivity, branches are identified. After that, each 
part is approximated as a sequence of cylindrical bodies, which may have varying radii, 
lengths, and directions. 

Finally, based on the constructed cylindrical model, the tassel’s topology and other 
feature parameters are calculated. 

Since the extraction of point cloud parameters requires data containing only the ob-
ject of interest, further filtering and clustering of the point cloud are necessary. As shown 
in Figure 5, the raw point cloud undergoes Gaussian filtering and DBSCAN clustering to 
obtain a point cloud containing only the tassel itself. 

The Gaussian filtering process is performed directly in MATLAB 2017b using the 
pcdenoise (noisyData, “NumComponents”, numComponents) function, with numCom-
ponents set to 0.1. After filtering, the DBSCAN (eps = 0.5, min_samples = 150) clustering 
function is used to extract the individual tassel point cloud. The process is illustrated in 
Figure 5. 

 
Primary point cloud Gaussian-filtered DBSCAN-clustered 

Figure 5. Tassel division. 

The preprocessing results indicate that out of the total 1227 tassel samples, 1152 were 
successfully isolated, achieving a success rate of 93.9%. The remaining samples were sep-
arated manually. 

2.4. Extraction of Phenotypic Parameters for Maize Tassel 

The phenotypic information extraction utilizes the TreeQSM algorithm and the Con-
vex Hull algorithm. The metrics extracted by these methods are listed in Table 2. The 
TreeQSM algorithm has been widely applied for extracting the 3D structure of trees 

Cover set componentingg 

Covering 

Filtering 

3D point cloud of individual tassel 

Filtered point cloud 

Cover sets 

Cylinder setstopology 
Cylinder reconstruction 

Tassel topology 
Analysis 

structural parameters 

Figure 4. Flowchart of TreeQSM.

Agriculture 2025, 15, x FOR PEER REVIEW 9 of 25 
 

 

 

Figure 4. Flowchart of TreeQSM. 

Following this, a surface growth model is employed during the segmentation of tas-
sel components. By checking local connectivity, branches are identified. After that, each 
part is approximated as a sequence of cylindrical bodies, which may have varying radii, 
lengths, and directions. 

Finally, based on the constructed cylindrical model, the tassel’s topology and other 
feature parameters are calculated. 

Since the extraction of point cloud parameters requires data containing only the ob-
ject of interest, further filtering and clustering of the point cloud are necessary. As shown 
in Figure 5, the raw point cloud undergoes Gaussian filtering and DBSCAN clustering to 
obtain a point cloud containing only the tassel itself. 

The Gaussian filtering process is performed directly in MATLAB 2017b using the 
pcdenoise (noisyData, “NumComponents”, numComponents) function, with numCom-
ponents set to 0.1. After filtering, the DBSCAN (eps = 0.5, min_samples = 150) clustering 
function is used to extract the individual tassel point cloud. The process is illustrated in 
Figure 5. 

 
Primary point cloud Gaussian-filtered DBSCAN-clustered 

Figure 5. Tassel division. 

The preprocessing results indicate that out of the total 1227 tassel samples, 1152 were 
successfully isolated, achieving a success rate of 93.9%. The remaining samples were sep-
arated manually. 

2.4. Extraction of Phenotypic Parameters for Maize Tassel 

The phenotypic information extraction utilizes the TreeQSM algorithm and the Con-
vex Hull algorithm. The metrics extracted by these methods are listed in Table 2. The 
TreeQSM algorithm has been widely applied for extracting the 3D structure of trees 

Cover set componentingg 

Covering 

Filtering 

3D point cloud of individual tassel 

Filtered point cloud 

Cover sets 

Cylinder setstopology 
Cylinder reconstruction 

Tassel topology 
Analysis 

structural parameters 

Figure 5. Tassel division.

The Gaussian filtering process is performed directly in MATLAB 2017b using the pcde-
noise (noisyData, “NumComponents”, numComponents) function, with numComponents
set to 0.1. After filtering, the DBSCAN (eps = 0.5, min_samples = 150) clustering function is
used to extract the individual tassel point cloud. The process is illustrated in Figure 5.

The preprocessing results indicate that out of the total 1227 tassel samples, 1152 were
successfully isolated, achieving a success rate of 93.9%. The remaining samples were
separated manually.

2.4. Extraction of Phenotypic Parameters for Maize Tassel

The phenotypic information extraction utilizes the TreeQSM algorithm and the Convex
Hull algorithm. The metrics extracted by these methods are listed in Table 2. The TreeQSM
algorithm has been widely applied for extracting the 3D structure of trees [45,46] and
has achieved excellent results. Currently, this algorithm is available in various software
versions [47–50].

Previous studies have shown that the spatial variability along the x, y, and z axes of
the maize tassel topology point clouds reconstructed using the TreeQSM algorithm and
images acquired from this system is stable, demonstrating the high accuracy of the original
point clouds. Additionally, the correlation coefficient between the predicted and measured
values of multiple phenotypic parameters has an average absolute coefficient R2 > 0.9 [30].
It is necessary to remove the length of the stem while obtaining the length of the main spike.
TreeQSM can record the coordinates of the lowest point during the reconstruction of the
topological structure (usually the lowest point coordinates of the stem) and the coordinates
of the first branch, as well as the category, length, and radius of all cylinder fitting segments.
Subtract the coordinates of the lowest point from the coordinates of the first branch to obtain
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the length of the stem, and then obtain the length of the main spike. For the diameter of the
main spike and the diameter of the stem, it is the average of all fitted cylinder diameters on
the main spike and stem. This study used TreeQSM version 2.4.1. TreeQSM has five input
parameters: PatchDiam1, PatchDiam2Min, PatchDiam2Max, BallRad1, and BallRad2. In
this study, PatchDiam1, PatchDiam2Min, and PatchDiam2Max were adjusted to obtain the
3D topological structure of maize tassels and extract related phenotypic parameters [51].
Detailed parameter adjustment rules can be found in reference documents [52]. The point
cloud spatial scale results extracted using the TreeQSM algorithm are non-physical values
and require scale correction to ensure that the extracted phenotype parameter results are
physical values with standard quantization units. As shown in Table 2, the convex hull
method was used to extract the concave hull crown area (Figure 6a) and the convex hull
volume (Figure 6b) of the tassel on the XOY projection plane. The crown area and volume
were directly extracted using the boundary function in MATLAB (version 2017b), with the
third parameter, representing the degree of looseness, set to 1.

Table 2. The phenotypic indices extracted by different algorithms.

Algorithms Extracted Indicators

TreeQSM

Lt
Lb(all)

Branchnum
Lc
La
Ld
Lm
Lp

Crowndiam(AVG)

Convex hull
Crownarea

CrownVolume
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2.5. Methods of Cluster Analysis

The introduction mentions that the subjects of this study are maize materials from
three genetic types (NSS, TST, and SS). The classification of these maize materials is based on
genotype probabilities inferred using the STRUCTURE software to determine population
structure and assign genotypes to subpopulations.

If the probability of any one genotype (NSS, TST, or SS) exceeds 60%, the material is
classified into that genotype category. If none of the proportions exceed 60%, the material
is classified into the MIXED category. Since the classification is based on probabilities, the
study uses GFC to cluster the 1227 maize tassel samples based on the structural phenotypic
parameters extracted using the TreeQSM model, aiming to identify the differences in tassel
structure phenotypes among different maize genotypes.
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This study uses the GFC model to perform clustering analysis on maize tassel pheno-
type parameters. GFC is a probabilistic model that has been widely applied in various fields
such as pattern recognition, computer vision, machine learning, data mining, and bioinfor-
matics [53–55]. GFC combines the concepts of GFC. GFC allows data points to belong to
multiple clusters with different degrees of membership rather than being hard-assigned to
a single cluster. GFC uses Gaussian functions to define the membership function, resulting
in fuzzy memberships. Specifically for this study, the clustering process and key variables
are as follows and in Table 3:

Table 3. Definitions of the main variables in GFC.

Variable Name Symbol Definition

Sample DataSet X
Consists of d-dimensional sample points, that is,
X = {x1, x2 . . . xn}, where d is a d-dimensional vector
representing a sample point.

Cluster Center vk

Represents the center of the k-th cluster and is a
d-dimensional vector used to represent the typical
position of this cluster in the feature space.

Membership Matrix U
It is a n×c matrix, and the element uik represents the
membership degree of the sample point xi belonging to
cluster k, satisfying 0≤ uik ≤1 for any i.

Fuzziness Index dik

Each data point xi to each cluster center vk. When the
distance is less than the set threshold, the point is
assigned to the current category.

(1) Initialize the original data point matrix X and randomly generate the initial affiliation
matrix U. Note that the initialized affiliation matrix must satisfy ∑11

k=1 uik= 1, where i is
the row number, and k is the column number, from 1 to 11. Normalize the affiliation of
each data point so that the sum of its affiliations to all clusters equals 1. Normalize the
affiliation of each data point using the formula uik

∑11
j=1 ujk

so that the sum of its affiliations

to all clusters equals 1. Here, the normalization still results in the matrix U.

X =


7.5 26.0 . . . 16.9 254.9
8.0 34.3 . . . 81.7 1243.4
. . . . . . . . . . . . . . .

11.5 33.5 . . . 51.7 4615.8
11.6 26.0 . . . 48.5 1361.4


(Ld, Lt, Branchnum, Lm, Lp, Lc, La, Crownarea, Crowndiam (AVG), Lb (all), and
CrownVolume)

U =


0.11 0.07 . . . 0.04 0.04
0.04 0.17 . . . 0.06 0.11
. . . . . . . . . . . . . . .

0.05 0.07 . . . 0.15 0.03
0.10 0.07 . . . 0.13 0.08


(2) The next step is to calculate the clustering center vk for each phenotypic parameter,

where k is the number of features (here, 11), and the fuzzy coefficient m usually takes
the value of 2.

vk =
∑1127

i=1 um
ik .xi

∑1127
i=1 uik
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The cluster centroids are obtained by calculating as follows.

v1 =



0.99
2.86
0.81
0.46
1.60
0.05
0.09

14.53
0.20
1.14

110.52



v2 =



0.77
2.54
1.19
0.56
1.57
0.05
0.07

16.14
0.24
1.77

136.21



. . . v10 =



1.04
2.91
1.04
0.88
1.34
0.06
0.10

16.84
0.38
3.97

305.34



v11 =



0.36
1.20
0.41
0.22
0.73
0.02
0.03
6.45
0.09
1.65
49.42


(3) Compute the Euclidean distance dik from each data point xi to each cluster center vk.

The calculation process and results are as follows:

dik =||xi −vk||
d11 =

√
(7.5 − 0.99)2 + (26.0 − 2.86)2 + . . . (254.9 − 110.52)2 = 185.6

d21 =
√
(8.0 − 0.77)2 + (34.3 − 2.54)2 + . . . (1243.4 − 136.21)2 = 1257.4

. . . . . .

d1127−10 =
√
(11.5 − 1.04)2 + (33.5 − 2.91)2 + . . . (46.15.8 − 305.34)2 = 4385.3

d1127−11 =
√
(11.6 − 0.36)2 + (26.0 − 1.20)2 + . . . (1361.4 − 49.42)2 = 1142.5

(4) Update the affiliation matrix based on the distance and fuzzy coefficients U, where
each element in the U matrix is calculated as follows:

uik=
1

∑4
j=1

(
dik
dij

) 2
m−1

where I and k denote the number of rows and columns, respectively, j denotes the
number of classifications, and m is the fuzzy coefficient, which still takes the value of
2 here.

u11=
1

1 +
(

185.6
175.3

)
+

(
185.6
134.2

)
+

(
185.6
212.6

) = 0.23

Use the new post U11. . .U1127-11 to update the affiliation matrix U. Repeat processes
(2) to (4) until the affiliation matrix U converges or reaches the set maximum number
of iterations, i.e., 2000.

Since the genotype classification of maize tassel materials in this study is based
on probabilities, the GFC algorithm is well suited for handling different genotypes of
tassel materials.

This study used the Random Forest algorithm to analyze the importance of extracted
maize tassel phenotype parameters, attempting to compare them with GFC classification
results and verify the correctness of the results. Using the Random Forest model, the
importance of the 11 extracted tassel phenotypic parameters was ranked. With a fixed
random seed of 42, 70% of the data was randomly selected as the training set and 30% as
the validation set.
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2.6. Accuracy Evaluation

We use accuracy, precision, Recall, and F1 to judge the accuracy and effectiveness of
the model clustering, calculated as follows:

Accuracy = (Tp + Tn)/(Tp + Tn + Fp + Fn) (1)

Precision = Tp/(Tp + Fp) (2)

Recall = Tp/(Tp + Fn) (3)

F1 = (2 × Precision × Recall)/(Precision + Recall) (4)

where Tp is predicted as 1 and is actually 1; FP is predicted as 1 but is actually 0; Fn is
predicted as 0 but is actually 1; Tn is predicted as 0 and is actually 0.

3. Results
3.1. Reconstruction Results of the 3D Topological Structure of the Tassel

In this study, the TreeQSM algorithm was optimized by adjusting three parameters
(PatchDiam1, PatchDiam2Min, and PatchDiam2Max) to achieve the best reconstruction
results. Initially, the parameters were set to 0.005, 0.0005, and 0.005, respectively, resulting
in successful 3D topological reconstructions for 986 samples, with a success rate of 80.3%.
By further adjusting the parameters, the number of successfully reconstructed tassels
increased to 1194, yielding a final success rate of 97.3%. Unsuccessful reconstructions were
mainly due to excessively compact tassel shapes, which made it challenging to correctly
separate the main spike from the branches. Such data were excluded from subsequent
statistical analysis.

Figure 7 shows the results of the TreeQSM reconstruction for some tassel topological
structures. The results indicate that the TreeQSM model performs less effectively on tassels
with a higher compactness. There are mainly two cases: one where the main stem is
identified but cannot be distinctly separated from the branches and another where the
main stem is completely failed to be identified. Both cases are considered unsatisfactory
extraction results. In contrast, for tassels with lower compactness, the TreeQSM model
effectively identifies the main spike and branches, providing the necessary conditions for
the further extraction of tassel structural phenotype parameters.
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3.2. Variability Analysis of Point Cloud and Extraction Results

Parameters extracted using the TreeQSM model are still in Euclidean distance and
need to be corrected. The correction process and the accuracy of the results have been
verified [30], and the absolute coefficient of variation P of the dataset in this study is
between 34 and 39, but more than 84% of the samples have coefficients of variation between
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36 and 38, which suggests that the spatial variability of the point clouds obtained under the
same conditions is relatively small.

This study analyzed the data distribution of the 11 extracted parameters, as illustrated
in the Figure 8. All phenotypic parameters, except for the number of branches, are measured
in centimeters. The left side of each set of comparison data in Figure 6a is the measured
value, and the right side is the model extracted value. The left four sets of data correspond
to the scale labels on the left, while the right two sets of data correspond to the scale
labels on the right. From the Figure 6, it is evident that the median, average, minimum,
and maximum values of the stem length and main spike length are all larger than those
measured. This is primarily because the TreeQSM model provides more detailed length
calculations, whereas the measured data, although stretched straight, could not be fully
straightened to avoid breaking the tassel. Additionally, the maximum crown diameter,
crown height, stem diameter, and main spike diameter show considerable discrepancies
between measured and extracted values. This is mainly due to the difficulty in accurately
measuring the maximum crown diameter and crown height and the smaller values of stem
and main spike diameters, which are prone to larger measurement errors. The average
crown diameter, total branch length, crown area, and convex hull volume are all results
extracted using TreeQSM. Notably, the average crown diameter is displayed as ten times its
extracted value. The left vertical stem represents the red boxplot data scale, with units in
cm for average crown diameter and total branch length and cm2 for crown area. The right
vertical stem, in blue, represents the convex hull volume with units in cm3. As shown in
Figure 6, the average values for these four phenotypic parameters are significantly higher
than the median values, indicating that more than 50% of the sample values are distributed
below the average.
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Additionally, this study analyzed the variability of the 11 extracted parameters, as
shown in Table 4. The results indicate that the extracted phenotypic parameters exhibit
considerable variability, reflecting a non-concentrated data distribution and providing a
more representative basis for the study’s results.
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Table 4. Extracted phenotypic parameter variability results.

Parameters Variability (CV)

Ld 26.8%
Lt 16.9%

Branchnum 55.6%
Lm 63.4%
La 18.3%

Crowndiam (AVG) 64.6%
Crownarea 58.2%

Lb (all) 67.1%
Lp 23.7%
Lc 16.9%

CrownVolume 82.9%
Note: The coefficient of variation (CV) is the ratio of the sample standard deviation to the mean value.

3.3. Analysis Results of Phenotypic Parameter Correlations and Importance

Using the Pearson correlation coefficient method, the correlations between the
11 phenotypic parameters of maize tassels extracted by TreeQSM were constructed. As
shown in Figure 9, the highest correlations were found between the number of tassel
branches and the total branch length, as well as between the crown area and the convex
hull volume, both exceeding 0.9. The average crown diameter showed the next highest
correlation with the crown area and convex hull volume, both above 0.8. In contrast, the cor-
relations among main spike diameter, stem diameter, and stem length were relatively lower.
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The importance of 11 maize phenotype parameters calculated using the Random Forest
algorithm is shown in Figure 10. It can be observed that for the classification of maize
genotypes, the top three most important phenotypic parameters are the number of branches
(i.e., Branchnum), total branch length (i.e., Lb (all)), and main spike length (i.e., Lt). The
least important parameters are the convex hull volume of the crown (i.e., CrownVolume),
the average diameter of the crown (i.e., Crowndiam (AVG)), and the projected area of the
crown (i.e., Crownarea).
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3.4. Different Genotype Classification Results

This study performed probabilistic clustering using GFC on 10 out of the 11 extracted
phenotypic parameters of maize tassels (excluding convex hull volume). The number of
clusters was set to 4, and the number of iterations was set to 2000, calculating the probability
of each sample belonging to each cluster. Each sample was assigned a probability of
belonging to a particular cluster, with probabilities ≥ 0.6 used to classify the samples into
NSS, SS, TST, or MIXED categories. The results are shown in Table 4. The columns represent
the four clustering results of the GFC, while the rows indicate the number of samples for
each genotype in the actual clustering results.

As shown in Table 5, the numbers in the table are the actual number of genotype sam-
ples in each category of classification results, and the order of the data volume of the four
classification clusters is also consistent with the sample volume, which is NSS, TST, MIXED,
and SS in descending order. In the third and the fourth clusters, the classification accuracies
of NSS and TST are 67.7% and 78.5%, respectively, and the clustering accuracies of NSS are
lower than that of TST. One important reason for this is that the variability of phenotypic
traits is greater in the material of the NSS genotype than in the TST. In addition, there is a
MIXED category in the classification results, the probabilities of NSS and TST are close to
each other and neither of them exceeds 0.6, which brings a certain degree of randomness to
the distribution of NSS and TST. This also directly affects the ability of current classification
methods to further improve the accuracy of NSS and TST classification.

Table 5. Results of GFC.

Actual Results

Genotyping MIXED NSS SS TST Accuracy
(%)

Precision
(%)

Recall
(%) F1

Classification
results

SS 10 76 21 26 85.34 15.79 25.00 0.19
MIXED 23 49 13 20 81.24 21.90 13.94 0.17

NSS 82 372 34 63 72.19 67.71 70.86 0.69
TST 50 18 16 311 83.84 78.53 74.05 0.76

Total 165 525 84 420

3.5. Comparison of Clustering Results for Different Phenotypic Parameters

In this study, the 11 extracted phenotypic parameters were randomly combined and
then clustered. The parameter combinations are shown in Table 6, with a total of seven
different combinations, labeled A to G. Each subsequent combination has one fewer pa-
rameter than the previous one. The GFC was again used for probabilistic clustering, with
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the samples divided into four clusters and classified based on probabilities ≥ 0.6. Notably,
combinations F and G, which had fewer parameters, were excluded because the GFC could
no longer perform accurate clustering with these combinations.

Table 6. Different parameter combinations and clustering results.

Group Parameter Combinations

A Ld, Lt, Branchnum, Lm, Lp, Lc, La, Lb (all), Crowndiam (AVG), Crownarea, CrownVolume
B Ld, Lt, Branchnum, Lm, Lp, Lc, La, Lb (all), Crowndiam (AVG)
C Ld, Lt, Branchnum, Lm, Lp, Lc, La, Lb (all)
D Ld, Lt, Branchnum, Lm, Lp, Lc, La
E Ld, Lt, Branchnum, Lm, Lp, Lc
F Branchnum, Lm, Lp
G Lt, Lm, Lp

(A)

Actual Results

Genotyping MIXED NSS SS TST Accuracy
(%)

Precision
(%)

Recall
(%) F1

Classification
results

SS 3 63 22 28 86.93 18.97 26.19 0.22
MIXED 8 18 19 85 76.63 6.15 4.85 0.05

NSS 148 305 30 23 64.74 60.28 58.10 0.59
TST 6 139 13 284 75.38 64.25 67.62 0.66

Total 165 525 84 420

(B)

Actual Results

Genotyping MIXED NSS SS TST Accuracy
(%)

Precision
(%)

Recall
(%) F1

Classification
results

SS 11 51 0 29 85.34 0.00 0.00
MIXED 23 74 0 36 78.89 17.29 13.94 0.15

NSS 99 271 64 57 60.30 55.19 51.62 0.53
TST 32 129 20 288 73.79 61.41 68.57 0.65

Total 165 525 84 420

(C)

Actual Results

Genotyping MIXED NSS SS TST Accuracy
(%)

Precision
(%)

Recall
(%) F1

Classification
results

SS 27 54 0 20 84.51 0.00 0.00
MIXED 35 86 0 34 79.06 22.58 21.21 0.22

NSS 94 264 68 76 58.21 52.59 50.29 0.51
TST 9 101 16 290 78.56 63.71 69.05 0.69

Total 165 525 84 420

(D)

Actual Results

Genotyping MIXED NSS SS TST Accuracy
(%)

Precision
(%)

Recall
(%) F1

Classification
results

SS 27 92 15 34 81.41 8.93 17.86 0.12
MIXED 21 61 0 45 79.06 16.54 12.73 0.14

NSS 70 230 69 157 50.50 43.73 43.81 0.44
TST 47 142 0 181 64.15 48.92 43.10 0.46

Total 165 525 84 420



Agriculture 2025, 15, 85 18 of 24

Table 6. Cont.

(E)

Actual Results

Genotyping MIXED NSS SS TST Accuracy
(%)

Precision
(%)

Recall
(%) F1

Classification
results

SS 33 86 0 30 80.49 0.00 0.00
MIXED 6 108 15 50 72.19 3.35 3.64 0.03

NSS 82 217 31 156 51.68 44.65 41.33 0.43
TST 64 114 38 184 62.14 46.00 43.81 0.45

Total 165 525 84 420

(F)

Actual Results

Genotyping MIXED NSS SS TST Accuracy
(%)

Precision
(%)

Recall
(%) F1

Classification
results

SS 43 104 0 49 76.55 0.00 0.00
MIXED 23 116 0 14 77.22 15.03 13.94 0.14

NSS 72 215 66 193 46.31 39.38 40.95 0.40
TST 27 90 18 92 61.22 40.53 21.90 0.28

Total 165 525 84 420

(G)

Actual Results

Genotyping MIXED NSS SS TST Accuracy
(%)

Precision
(%)

Recall
(%) F1

Classification
results

SS 11 126 8 86 74.96 3.46 9.52 0.05
MIXED 12 63 0 35 78.98 10.91 7.27 0.09

NSS 89 209 61 168 46.90 39.66 39.81 0.40
TST 53 127 15 131 59.46 40.18 31.19 0.35

Total 165 525 84 420

From the clustering results of different parameters (Table 6), it is evident that the
precision for the SS and MIXED categories remains relatively low. The clustering accuracy
for the NSS and TST genotypes decreases progressively with the reduction in the number
of parameters. In particular, a significant drop in accuracy is observed from combinations
C to D, indicating that branch length contributes significantly to genotype classification
and that its variability is greater. As the number of clustering parameters decreases, the
accuracy further declines.

4. Discussion
4.1. Comparison of Results from Different Clustering Methods

The results obtained from different clustering methods vary. In this study, the cluster-
ing effects of three common machine learning methods, namelym Support Vector Machine
(SVM), Random Forest, and Backpropagation (BP) Neural Network, as well as three com-
monly used algorithms, namely, k-Means, HCM (Hierarchical) Clustering, and FCM (Fuzzy
C-Means) Clustering, were compared. As concluded in previous research, using 10 pheno-
typic parameters to cluster into four categories can achieve the highest accuracy. Therefore,
the same 10 phenotypic parameters were used in this study to compare the results. The
sample data were randomly divided into 20 groups of training sets and validation sets at a
ratio of 7:3. The clustering precision was calculated based on the proportion of correctly
classified samples to the total number. The clustering results are shown in Table 7. When
comparing these three machine learning algorithms, Random Forest has the highest accu-
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racy on both the training set and the validation set, but its advantage is not significant. Its
accuracy is between 50% and 60%, and the relatively higher accuracy on the training set is
also due to the overfitting phenomenon. Judging from the accuracy results, the accuracies
of all these three methods are not high, and the differences among them are not significant
either. This is because all these three methods are supervised classification methods and
are not suitable for the non-linear problem of clustering maize phenotypes and genotypes.

Table 7. The clustering results based on machine learning methods.

RF SVM BPNN

Variety
Number

Train Set
Accuracy (%)

Validation Set
Accuracy (%)

Train Set
Accuracy

(%)

Validation Set
Accuracy (%)

Train Set
Accuracy

(%)

Validation Set
Accuracy (%)

1 93.24 46.48 61.90 57.7 54.17 53.52
2 88.49 53.52 54.76 49.30 61.90 53.52
3 90.10 54.93 57.14 50.70 60.71 56.34
4 97.11 50.70 52.98 47.89 60.12 46.48
5 86.99 49.30 60.71 49.30 55.36 49.30
6 88.24 57.75 62.50 50.7 47.62 57.75
7 96.75 56.34 57.74 42.25 59.52 43.66
8 96.81 57.75 64.29 39.40 55.95 56.34
9 95.49 57.75 60.12 46.48 55.36 60.56

10 88.24 59.15 56.55 53.52 56.55 52.11
11 96.11 52.11 58.33 45.07 53.57 45.07
12 91.05 54.93 61.90 52.11 60.12 46.48
13 86.92 52.11 61.30 45.07 41.67 42.25
14 90.73 54.93 60.71 50.70 59.93 52.64
15 92.94 47.89 57.14 49.30 57.14 49.30
16 85.61 47.89 60.71 39.44 51.79 52.11
17 93.67 50.71 63.11 52.10 52.38 53.52
18 92.68 52.11 55.36 45.07 62.55 52.11
19 88.35 49.30 53.57 56.34 55.90 38.03
20 92.94 50.71 64.29 57.75 56.55 43.66

Average 91.73 52.82 59.26 49.01 55.94 50.24
Standard
Deviation 3.67 3.75 3.46 5.32 5.03 5.81

By comparing the clustering results of the other three methods shown in Table 8, it
can be found that their clustering precisions are all 6–13% lower than that of the GFC. The
possible reason is that the GFC has the characteristics of fuzziness, probabilistic nature, and
sensitivity to normally distributed data, while the classification rules for maize material
genotypes used in this study are also based on probability, and the sample data also present
the characteristics of approximate normal distribution.

Table 8. The clustering results based on the K-Means, HCM, and FCM.

Actual Results

Genotyping MIXED NSS SS TST Accuracy
(%)

Precision
(%)

Recall
(%) F1

Means

SS 11 24 0 16 88.72 0.00 0.00
MIXED 65 109 15 68 75.53 25.25 39.34 0.31

NSS 72 229 46 184 49.95 43.16 43.62 0.43
TST 18 163 23 152 60.48 42.72 36.19 0.39
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Table 8. Cont.

Actual Results

Genotyping MIXED NSS SS TST Accuracy
(%)

Precision
(%)

Recall
(%) F1

HCM

SS 24 30 0 5 88.02 0.00 0.00
MIXED 22 24 0 16 84.67 35.48 13.33 0.19

NSS 84 302 61 252 53.10 47.26 57.52 0.52
TST 35 169 23 147 63.15 47.70 49.29 0.48

FCM

SS 3 42 0 11 88.27 0.00 0.00
MIXED 54 109 15 89 72.86 20.22 32.73 0.25

NSS 76 302 46 68 65.41 61.38 57.52 0.59
TST 32 72 23 252 75.29 66.49 60.00 0.63

Total 165 525 84 420

4.2. Clustering Results Under Different Clustering Modes

In the previous results section, this study clustered the data into four types. However,
the “mixed” type does not belong to a definite genetic type of maize materials. This
study explores the removal of the “mixed” category. The original MIXED samples were
reassigned to SS, NSS, or TST based on the highest proportion probability. The results are
shown in Table 9. The redistributed sample numbers were NSS: 605, SS: 133, and TST: 456.
The new samples were then subjected to GFC using the 10 parameters. The precision of
classifying NSS was 55.7% in the first clustering result, TST genotype precision was 52.9%
in the second clustering result, and SS precision was 18.9% in the third clustering result.
Compared to the four-category classification, the precision significantly decreased.

Table 9. Clustering results of different classification methods.

Actual Results

Genotyping NSS SS TST Accuracy
(%)

Precision
(%)

Recall
(%) F1

Classification
results

NSS 393 76 237 66.33 29.92 282.14 0.54
TST 122 23 163 77.89 35.57 73.94 0.48
SS 90 34 56 32.58 9.77 6.48 0.08

Total 605 133 456

4.3. Comparison with Clustering Results of Measured Values

In this study, eight real-measured quantitative phenotypic traits other than maize
tassel crown area, convex bunt volume, and average crown diameter (data that could not
be measured realistically) were analyzed according to the clustering; the data samples were
still the same as the 1194 groups used by the GFC algorithm, and the results are shown
in Table 10. Here, it can be seen that the clustering accuracies of real-measured data were
all improved compared to the accuracies of the automated clustering of this phenotyping
platform, of which the clustering accuracies of the NSS genotypes were improved, NSS
by 5.64% and TST by 10.86% (the classification accuracy of the system in this study was
51.62% and 68.57%), which indicates that the clustering effect of maize tassel genotypes
using the methodology of this study is trustworthy and has some reference value.
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Table 10. Comparison of clustering results between predicted and measured results.

Data Type
Actual Results

Data Type
Actual Results

Genotyping MIXED NSS SS TST MIXED NSS SS TST Precision
(%)

Classification
data

SS 11 51 0 29

Measured
data

13 43 0 19 0.00
MIXED 23 74 0 36 20 62 1 29 17.86

NSS 99 271 64 57 108 334 66 41 60.84
TST 32 129 20 288 24 86 17 331 72.27

Total 165 525 84 420 165 525 84 420

5. Conclusions
In this study, the TIPS system was used to achieve the automatic acquisition of maize

male tassel images, and the SFM algorithm was used to achieve the synthesis from the
image sequence to the 3D point cloud, while the Gaussian filter algorithm and the DBSCAN
algorithm were used to achieve the de-noising of the original point cloud as well as the
separation and extraction of the point cloud of the male tassel of a single plant. Based on
the extracted point cloud, the TIPS system was used to implement a system specifically
for the extraction of the tree structure using the algorithm TreeQSM for the reconstruction
of the 3D point cloud of the corn tassel. The reconstruction of male ear topology, the
extraction of multiple structural phenotypic parameters, and finally the analysis of the
extracted structural phenotypic parameters with the genotypes of maize materials by the
GFC clustering algorithm, which realizes the technical analysis of the whole set of processes
from phenotypic parameter extraction to genotype classification, were explored in this
study. The main contributions include the following:

(a) The system developed in this study has high efficiency and accuracy for extracting
the structural phenotypes of maize tassel with high precision, especially the use of the
combination of Gaussian filtering and DBSCAN algorithms to achieve the separation
of the point cloud of the tassel of a single plant proved to be very effective.

(b) For the classification of genotypes of maize materials, the parameter importance was
Branchnum > Lb (all) > Lt > Ld > Lp > Lc > La > Lm > Crownarea > Crowndiam
(AVG) > CrownVolume, which revealed the magnitude of the variability of the tassel
phenotypic parameters of the different genotypes of the maize materials.

(c) Compared with the traditional RF, SVM, and BPNN methods based on supervised
classification, the GFC algorithm, an unsupervised classification method, separated
NSS and TST maize genotypes more efficiently, with accuracies of 67.7% and 78.5%.

(d) Comparing the clustering results of the measured data and the predicted data, al-
though the clustering accuracy of the measured data is 5–10% higher than that of the
predicted data, the method in this study has a higher economic and practical value.

(e) Compared with the traditional process of classifying maize materials by using gene
locus information, which is complicated, difficult to operate, and costly, this study
has pioneered the first research on clustering maize genotypes using the phenotypic
parameters of maize tassels and has proven that its results are more efficient, eco-
nomical, easy to operate, and highly accurate. The fuzziness, probabilistic nature,
and sensitivity to the normal distribution data of the Gaussian Fuzzy Clustering
algorithm are in line with the classification rules for maize material genotypes and
the characteristics of the sample data used in this study. Therefore, it has relatively
good classification accuracy.

(f) Phenotype is the result of gene action. The variability of the branch number, branch
length, and main spike length, as well as the clustering accuracy results in this study,
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fully demonstrate that the heritability of tassel phenotypic traits in different maize
genotypes is relatively strong.

In this study, we investigated the trait variation of different genotypes from the
perspective of the three-dimensional structure and phenotype of maize tassel, which
provides an important tool for the efficient screening of maize materials.
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