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. ®
A cotton organ segmentation method =2
with phenotypic measurements from a point
cloud using a transformer

Fu-Yong Liu', Hui Geng?, Lin-Yuan Shang? Chun-Jing 53" and Shi-Quan Shen™"

Abstract

Cotton phenarmics plays a crucial role in understanding and managing the growth and developrent of cotton plants.
The segrnentation of point clouds, a process that underpins the measurerment of plant organ structures through 2D
point clouds, is necessary for obtaining precise phenotypic parameters. This study proposes a cotton point cloud
organ semantic segrmentation method named TPointietPlus, which combines Pointhet++ and Transformer algo-
rithrns. Firstly, a dedicated point cloud dataset for cotton plants is constructed using multi-view images. Secondly,

the attertion module Transformer is introduced into the PointNet++ model to increase the accuracy of feature extrac-
tion, Finally, organ-evel cotton plant point cloud segmentation is perforrmed using the HDBSCAN algorithirm, suc-
cessfully segmenting cotton leaves, bolls, and branches from the entire plant, and obtaining their phenotypic feature
pararmeters. The research results indicate that the TPointMetPlus model achieved a high accuracy of 98.39% in leaf
sernantic segrentation. The correlation coefficients between the measured values of four phenotypic parareters
(plant height, leaf area, and boll volurne) ranged frorm 095 to 097, dermonstrating the accurate predictive capability
of the rmodel for these key traits. The proposed method, which enables autormated data analysis frorm a plant's 30D
point cloud to phenotypic parameters, provides a reliable reference for in-depth studies of plant phenotypes.

Keywords Cotton phenotype, Point cloud, TRointNetPlus, Attention mechanism, Sermantic segmentation

Introduction

The climate and soil conditions in Xinjiang provide an
ideal environment for the growth of cotton, making it
one of the most significant cotton-producing regions in
China [1]. However, the prosperity of the cotton industry
is directly linked to the livelihoods of local farmers and
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the economic development of the region [2]. Research
on cotton phenotypes allows for a more accurate under-
standing of the plant's physiological status, adapt-
ability, and response to environmental changes [3]. This
approach is crucial for increasing cotton yield, improv-
ing guality, and cultivating more resilient varieties. Pre-
cise measurements of various cotton traits, such as plant
height, leaf morphology, and boll size, enable a better
assessment of the growth conditions of plants under dif-
ferent varieties or treatments, providing targeted recom-
mendations for breeding and cultivation [4]. However,
traditional methods often rely on manual measurements
and observations, leading to subjectivity and a high
workload [5]. Two-dimensional image measurement
methods, including pixel-based analysis, feature extrac-
tion and matching, geometric shape fitting, and visual
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measurement techniques, may encounter challenges such
as image quality, deformation, feature extraction stability,
scale, and computational complexity [6].

The use of three-dimensional point cloud tech-
nology for obtaining plant organ parameters offers
several advantages, including precise structural infor-
mation, non-invasive measurement, comprehensive data
retrieval, adaptability to complex environments, and
automation for efficiency. This method serves as a valu-
able tool for plant phenotyping research and agricultural
production [7-9]. Various technologies used for point
cloud acquisition include laser scanning (Lidar), struc-
tured light, time-of-flight (ToF} cameras, sterec vision,
multi-view photogrammetry, panoramic photography,
and sonar scanning. These technologies utilize sensors
like lasers, light patterns, cameras, and sound waves to
measure surface attributes and generate three-dimen-
sional ecoordinate data in the form of point clouds [10-
12]. The generation of such data has facilitated the use of
deep learning for point cloud segmentation [13, 14].

Plant point cloud segmentation and measurement
technology based on deep learning combines deep learn-
ing algorithms with point cloud processing, enabling
accurate segmentation of plant structures and precise
measurement of phenotypic parameters. By utilizing
deep learning algorithms such as convolutional neural
networks, this technology can learn and extract complex
plant features, providing robust support for point cloud
segmentation and feature extraction. Techniques such
as PointNet++ have been applied to plant point cloud
segmentation, demonstrating their potential in identify-
ing and analyzing different plant parts, such as leaves,
stems, and fruits [15-17]. By segmenting plant point
clouds into these parts, researchers can finely measure
and analyze the phenotypic parameters of each part,
such as plant height and leaf area [18, 19]. This technol-
ogy has found widespread applications in agricultural
research, plant science, and agricultural production,
offering a new approach to understanding plant growth,
adaptability, and environmental response [20]. The study
provides a scientific basis for breeding and agricultural
management.

However, despite the significant advancements made
by PointNet++ in local feature extraction, its application
in plant point cloud segmentation and measurement still
has limitations. Specifically, PointNet++ may not fully
capture all the fine local features when dealing with the
complex structures and diverse morphological character-
istics of plants. Its hierarchical structure has limitations
in capturing large-scale and long-distance dependen-
cies, potentially leading to information loss. Addition-
ally, PointNet++shows insufficient robustness to noise
and occlusions commonly encountered in practical
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agricultural scenarios, affecting the accuracy of segmen-
tation and measurement.

This study presents an effective approach for address-
ing the difficulties in extracting plant phenotypes from
3D point clouds. This approach comprises acquiring
plant point clouds, creating appropriate datasets, and
partitioning plant point clouds. Firstly, a dedicated point
cloud dataset for cotton plants is constructed using
multi-view images. Secondly, the attention module
Transformer is introduced into the PointNet++ model
to increase the accuracy of feature extraction. Finally,
organ-level cotton plant point cloud segmentation is per-
formed using the HDBSCAN algorithm, successfully seg-
mented cotton leaves, bolls, and branches from the entire
plant, and obtained their phenotypic feature parameters.
Our primary contributions can be outlined as follows:

. We constructed a high-precision, dense point cloud
dataset of cotton plants using Structure from Motion
{SfM) 3D structural reconstruction. The dataset con-
sists of over 724 high-quality partial and complete
point clouds, documenting the growth of the plants
over time. Each cotton plant is represented by a 3D
point cloud eontaining 40,960 points.

+ 'The integration of the Transformer module into the
PointNet++ network was aimed at improving the
accuracy of cotton plant point cloud organ segmenta-
tion.

s+ Leaves, bolls, and branches obtained after the seg-
mentation of the instances have a correlation coefh-
cient greater than 0.9 between the predicted values
and the true values obtained from the point cloud
computation, which can be applied to the actual pro-
duction.

Related works

Plant point cloud segmentation and measurement

Despite the significant progress in plant point cloud seg-
mentation and measurement technology based on deep
learning in plant phenotyping research, some challenges
still exist. Meng et al. designed a Vv-Net [21] to voxelize
point clouds. Since transforming point clouds into images
or voxels cannot effectively utilize the spatial features of
point clouds and increase the data processing cost and
structured noise to varving degrees, Xu et al. [22] con-
structed a convolution kernel with a dynamic convolu-
tional weight matrix and proposed a position adaptive
convolution (PAConv), for which the weight coefficients
of the matrix can be obtained by the fractional network
adaptively learning the relative positional relationships
of the points. To address the problem that point clouds
need to be transformed into images or voxels first when
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using 2D convolution or 3D convolution in point cloud
semantic segmentation, in addition to designing point
convolution with point clouds as input, GNNs can be
construct to build a special graph structure about the
point clouds [23-25], then graph convolution can be
used to explore the neighboring information of each
point to better utilize the spatial features of the point
clouds and to improve the segmentation accuracy. The
dynamic graph convolutional neural network (DGCNN)
designed by Wang et al. [23] takes the input N points as
the centers, computes the respective K nearest neighbors
layer by layer to dynamically construct the local neigh-
borhood graph, and then uses edge convolution to com-
pute the edge features between the center point and its
nearest neighbors, However, the fixed size of the edge
features prevents the model from performing well at dif-
ferent scales and input points. Therefore, we have con-
structed a point cloud semantic segmentation network
based on the deep learning network PointNet++. This
has solved the current problem of insufficient accuracy in
plant organ segmentation.

Transformer

In the field of computer vision, transformer model pro-
cesses global information mainly through an attention
mechanism, and the core idea is to compute an output
representation for each location by focusing on differ-
ent parts of the input sequence [26-30]. DGANet [31]
further differentiates each edge of the constructed local
graph by integrating a dilated graph attention module
implemented by an offset attention mechanism to bet-
ter learn the edge features. PAN [32] is based on a novel
local attention edge convolution layer and a point-by-
point spatial attention module, Although the attention
mechanism allows the model to filter and learn the most
important information [33, 34], researchers often need
to expend much effort designing special attention mod-
ules for different tasks, such as channel attention and
spatial attention [35], and the computational complexity
of different attention modules is different, which does
not support parallel computation. By introducing the
multi-head attention mechanism, the transformer can
focus on different aspects of the input sequence at the
same time, thus capturing the global information effec-
tively. In addition, the Transformer model can be fur-
ther enhanced by stacking multiple Transformer layers
to further enhance its modeling capabilities. This paper
introduces the integration of the Transformer mod-
ule into the PointNet++ network, resulting in a novel
point cloud transformer structure tailored for enhanc-
ing segmentation accuracy in 3D point clouds within the
PointNet++ network.
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The self-attention mechanism of Transformer is able
to capture global features and long-range dependencies
in point cloud data more effectively. This enhances the
ability to understand and capture details of complex plant
structures, especially when dealing with subtle and com-
plex features. Additionally, Transformer exhibits greater
robustness in the face of noise and ocelusion, improving
the overall understanding and segmentation accuracy
of point cloud data through information balancing and
optimization on a global scale. Therefore, adding Trans-
former to the PointNet++ network encoder can improve
the accuracy of cotton plant organ segmentation.

Materials and methods

Qverview

The proposed method for cotton organ segmentation
and measurement is illustrated in the flowchart in Fig. 1,
presenting a comprehensive framework. This method is
divided into four fundamental components: image data
acquisition, generation of a cotton plant point cloud, seg-
mentation of the cotton organ point cloud, and extrac-
tion of organ phenotypic parameters.

Cotton3D dataset

Data acquisition

The Xinjiang cotton experiment was conducted in 2021 at
the East District of Tarim University in Alar city, located
in the Aral Reclamation Area of Xinjiang. This area is sit-
uated at the northern edge of the Taklamakan Desert and
at the confluence of the Aksu, Hotan, and Yarkant Rivers
in the upper reaches of the Tarim River.

In this experiment, the later cotton plants were tall,
with a mean plant height of approximately 1.1 m, and a
mean distance between the longest leaves on both sides
of the plant at the same level as the body, between 50 and
60 cm. Cotton was placed on the centre table. Due to the
lack of light in the laboratory, three additional photo-
graphic lights were added to supplement the light, each
placed 120 degrees apart horizontally, with the lights
positioned 2 m above the ground. The actual shooting
environment was arranged as shown in Fig, 2. Because
the plant was too large, it was not suitable to use a motor-
ized turntable to carry out the rotational shooting,
because the plant itself was difficult to fix, resulting in
shaking to produce a large amount of noise or failure to
align the image. Therefore, this experiment used purely
manual imaging to obtain images. When photographing
the cotton plants, the distance between the camera and
the cotton plant was approximately 30 cm. The camera
was used to take pictures at elevated, flat, and overhead
shooting angles, and one picture was taken at the same
height at intervals of approximately 6 degrees, depend-
ing on the visual angle of the camera. Approximately
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Fig. 1 The flowchart of our method. Fistly, image data is acquired using advanced imaging techniques 1o capture detailed infogrmation

of the oot

n plant. This datais then used 1o generate a point cloud that represents the thiee-dimensional strusture of the cotton plant. The

next step involves segmenting the point cloud 1o isolate individual cotton argans, Finally, phenotypic parameters of these argans

60 pictures were taken at each shooting angle, totaling
approximately 180 pictures per cotton plant.

Point cloud preprocessing

3D reconstruction of cotton plants Ulilizing Reali-
tyCapture’s Motion Recovery Structure technology,
objects of the same larget are photographed multiple
times from different angles. The photos are then fil-
tered to exclude blurred, out-of-focus, and dissimi-
lar photos to avoid compromising the accuracy of the
reconstruction. Next, the images are imported into the
software Lo generate spatial point cloud pixel values
using a dense reconstruction algorithm. Mulliple stereo

matching algorithms are then used to reconstruct the
images. Once the reconstruction is complete, camera
calibration parameters are applied to eliminate lens
aberrations, automatically remove oultliers, and concal-
enate the point cloud to form a triangular mesh file for
post-measurement.

Point clowd normalization Point cloud normalization
is the process of scaling point cloud data to a specified
range along three coordinate axes (X, Y, 7). Typically,
point cloud normalization scales the point cloud into a
unit cube with the center point of the cube as the ori-
gin (0,0, and the length of its side as 1. The purpose
of point cloud normalization is to map different sizes
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Flg. 2 Image data acquisition platform

of point cloud data into the same scale space, which is
beneficial for subsequent data processing and analysis.

Data labels ‘The data labels for 3D reconstruction of
cotton are key information used to identify and describe
the point cloud data, which helps to distinguish between
different objects, parts, or features. These labels can
include object labels, part labels, and feature labels. In
this paper, when wsing CloudCompare software to label
the reconstructed 3D point cloud data of cotton plants,
the following steps can be taken opening the point cloud
data file of cotton plants, and classifying and labelling
the leaves, bolls, and branches according to demand. All
points in the point cloud of leaf organs were labeled 1,
those in the point cloud of boll organs should be labeled
2, and the point cloud of branch organs should be labeled
3, with the rest given a value of 0. In CloudCompare, the
point cloud data are labeled interactively through the
view interface.

Cotton3D dataset

The Cotton3D  dataset is a comprehensive collec-
tion of 31 point cloud data that captures the growth
cycle of cotton plants. The original cotton plant point
cloud data was acquired using a camera and SIM tech-
niques, and therefore the datasel exhibils greater

morphological irregularities and discontinuities in sur-
face features. The dataset consists of more than 724
high-quality partial and complete point clouds detail-
ing plant growth over time. Each cotton plant is repre-
sented by a three-dimensional point cloud containing
40,960 points. The dataset was further expanded with
data enhancement methods such as random rotation
{angle sigma=0.05, angle clip=0.1), random noise
(sigma=0.01, clip=0.05), disrupted point clouds, and
random scaling (scale_low=0.95, scale_high=1.05).
‘Lhe data with better plant integrity was finally selected
to be brought into the network to complete the seg-
mentation task. The Cotton3D dataset used for the seg-
mentation task is shown in Table 1.

Table 1 The settings for the training dataset and test dataset

Number of Number of Points
training point testing point {average)
clouds clouds
Mumhber of plants 788 36
i 4648 576
! 1568 196
Mumber of stems 788 36
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Transformer

Transformer in point cloud processing captures global
relationships  through its self-attention mechanism,
thereby enhancing the richness and accuracy of fea-
ture representation. The transformer architecture [36]
is as follows (Fig. 3): First, the point cloud data with
input dimensions {N,K,d + C}, where N is the num-
ber of points, K is the number of neighbors per point,
and d + C is the feature dimension, passes through a
Multi-Layer Perceptron (MLP) to extract initial fea-
tures, denoted as q;-'_l, k;-"_', v;_l = MLP(X), where
X e RN=Kxid+C) Next, position encoding P is added
to the initial features to incorporate positional informa-
tion, resulting in F = v;'l + P. 'The processed features
then undergo a series of element-wise operations: ele-
menl-wise sublraction §= qj '—kj" 1 element-wise
addition A =84 P, and element-wise multiplication
M =A©F, where & denotes element-wise multiplica-
tion. Finally, the results of these operations are merged
and processed by another MLP Lo produce the final out-
pul Fope = MLP(M), which has the same dimensions as
the input {N, K,d + C}. This architecture enhances the
feature representation of the point cloud, enabling the
Transformer to more effectively process point cloud data
and improve processing performance.

The advantages of the transformer model include its
parallel processing capability and its abilily to model long
sequences. Moreover, this approach can belter caplure
the semantic information in the inpul sequence because
the self-attention mechanism can focus on all positions in
the sequence at the same time. However, compared with
those of traditional RNN and CNN models, the compu-
tational complexity of the transformer model is greater,
requiring a large amount ol compulalional resources
and training data. In recent years, the visual transformer
model has become one of the mainstream models in the

MLP
—
MLP
Input .
MLP
{N, K d+C}

Fig.3 The detailed structure of transformer
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field of computer vision, and its application scenarios
and model structure have been continuously extended
and improved. For example, models such as DETR [30]
and ViT [37] are based on the improved version of the
visual transformer, and these models have undergone
many related optimizations based on 2D vision tasks.
For example, it is unrealistic to input all the pixels of a
21 image into the fully connected layer for computation
at the same time, which greatly exceeds the capacity of
the fully connected layer. In VIT, the network first slices
the input image into multiple 16 x 16 patches, and then
the patches are used as the smallest unit for inputting the
multi-attention mechanism, which significantly reduces
the difficulty of the computation, and achieves excellent
performance.

Instance segmentation of point clouds

Semantic segmentation

The improved PointNet++ network is used for seman-
tic segmentation of cotton plant point clouds. Poinl-
Net++ [38] achieves better descriptions of local features
and overall features than PointNet dose. PointNel funda-
mentally learns the information of each point to obtain
the spatial encoding, after which all the obtained fea-
tures of all the points are aggregated together to become
the point clouds global features. PointNet, however, is
unable to acquire structural information between the
points of the point cloud or more compatible local fea-
tures due to its network structure. Therefore, construct-
ing local features of the point cloud is a crucial part of
the network design, as only when the neural network
is provided with enough receptive fields and receptive
domains, can it acquire better features. PointNet++ uses
the spatial information between points as a criterion for
dividing the point cloud. This method divides the point
cloud into one overlapping local space, and then spatially

Element-wise subtract

Output

\

Element-wise add —_MLP

Element-wise multiply ——

Element-wise add /

(N, K d+C)
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encodes the points in the local space to obtain the local
features of each region. The design of local features takes
into account the structural and geometric information of
the point cloud and can improve the semantic segmenta-
tion of the point cloud. In this study, the incorporation
of Transformer into the feature extraction component
of PointNet++addresses the limitations of the original
model and compensates for the lack of localized features
and the ability to capture global relationships in point
cloud data, as shown in Fig. 4.

In the sampling process, the distance metric between
points is used as a criterion by using the Euclidean dis-
tance, which is caleulated in Eq. (1) for points p; (x;,y;, z;)
and p; (%, 2))

f . 2 .

D(I’u I’i) = 'v'r (xi—x)" + (Yt - Yi) +(z-7)"
m
The PointNet layer, on the other hand, utilizes a sim-
ple PointNet structure to form a local spatial fealure
extraction module. The function of the underlying Point-
Net network is to map an unordered set of point clouds
21,22, - - -, 2} onto a single vector using a function that

behaves as follows.

f(X1, %2, 4 Xn) = v(fﬂf\x {h(xi)}) @

where the networks y and A usually behave as multi-layer
perceptrons, and h corresponds to the encoding of the
local spatial information of the point cloud. Through the
PointNet layer, the information of the points in the local
space is finally aggregated into a one-dimensional vector.

The realization process involves performing point fea-
ture propagation through distance-based interpolation,
and aggregating the carry features of the correspond-
ing points in the corresponding coding layer through
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cross-layer skip link concatenation. When carrying out
point feature propagation from the Nj layer to the Nj_;
layer, asswming thal we want to obtain the features of
point A in the Nj_; layer, we first use the KNN interpo-
lation approach to find the three nearest points of point
A in the Np layer, and carry out the weighted summa-
tion, and the corresponding p = 2 and & = 3 in Eq. (3).
‘Then we use the weighted features obtained and the cor-
responding set of points in the encoding process, the SA
abstract layer, to aggregale their corresponding points in
the corresponding coding layer through the cross-layer
Skip Link Concatenation obtained during the encoding
process are combined through cross-layer jump links,
and the connected combined features are aggregated
through a single PointNet layer structure. Different point
cloud upsampling steps are performed by this feature
aggregation approach until the original point cloud size is
restored to the original point cloud size.

k /)
ko iy .
SV = wammw,-(x) =——j=1-,C
Ef Jwilx) dx,x)
3
Clustering algorithm

After semantic recognition using TPointNetPlus, this
study utilized the HDBSCAN (Hierarchical Density
-Based Spatial Clustering of Applications with Noise)
[39] algorithm to achieve organ-level instance segmenta-
tion of cotton (Fig. 5). HDBSCAN is a clustering method
that utilizes DBSCAN and hierarchical clustering, both
of which are well-known. It is a density-based spatial
data clustering technique that determines the reachable
distances between neighboring points and core points
to construct an inter-arrival graph. The last step is to use
hierarchical clustering and clustering tree compression to
form the clusters.

skip link concatenation

Fig. 4 The network structure of TPointNetPlus semantic segmentation. The left part is the o
sace coding of the pol

doremsamples the point choud and mainly realizes the local feature sy
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Semantic segmentation
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Fig. 5 The mutual reachability distance of HDESCAN

HDBSCAN does not require users to pre-determine
the number of clusters or the distance threshold around
cluster points. The reachable distance design can deal
with clusters with different density distances, construct-
ing a hierarchical structure based on densily clustering,
thereby facilitating more eflicient extraction of discon-
tinuities. The mutual reachability distance between two
points is defined as Eq. (4).

d(p, q) = max{ep(p), ex(qhdp, @) } “)

where d{p, q) denotes the distance between pointsp, and
g and the core distance ¢ (p) = d(p. Nk(p}) denotes the
distance between core point p and the kth neighboring
point.

Phenotype parameter extraction

Cotton leaf area 'The area of a leaf is often calculated by
converting the point cloud data into a grid through the
process of triangulation. Let there be a point cloud with
N points, cach represented by coordinates (x,-,y,-, z,—) for
i=12,.,N. Let M be the number of triangles in the
mesh. For each triangle j, defined by three verlices
(%70, %5171 ) (%52, 372, 22 )» (%73, %73, 273 ), the lengths of the
three sides of the triangle were computed as
aj = ||Pz = Pll, b = ||1Pis = Piallic; = [Py — Py, cal-
culate the semi-perimeter, s was calculated as
5= w%“, Heron's formula was applied to compute the

] f
triangle area  A; = /s;- (s, — ;) - (5 = by} - (51 = 7).
and the areas of all the triangles were summed to obtain
the total surface area S = Zj—‘i,A e
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Instance segmentation
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Cotton plant height ‘The x, y, and z coordinates of
all the point clouds from the segmented cotton plant
stems were extracted, normalized, and processed to
obtain a normalized coordinate matrix. The elements of
each row in the matrix were summed, compressed into
a single column, and subsequently subjected Lo square
root summation to obtain the centroid of the organ.
Subsequently, the distance from the organ’s centroid to
the vertex was calculated, allowing the deduction of the
reference point cloud’s edge length. This edge length
was subsequently used to determine the scale factor
By multiplying the differences between the maximum
and minimum values in the x, y, and z directions by the
scale factor, estimated values for various organs of the
cotton plant were obtained.

F, reference

reference

Htem = X Fyem % 8 (5)

where Hggen is the cotlon organ estimate, Frofurence 15 he
actual value of the reference, Ergference is the projected
value of the reference, and Fyen is the actual value of the
cotton organ. § is the proportionality adjustment factor,
which was experimentally verified by setting (.94,

Boll volumes To compute the volume of a point cloud,
a common method involves voxelization. In this pro-
cess, Lthe conlinuous space occupied by the point cloud
is discretized into small cubic elements known as vox-
els. Let there be N points in a point cloud, with the
same coordinates (x;,%,z), where i =12,...,N. The
voxel size is denoted as Ax x Ay x Az. By mapping
each point to discrete voxel coordinates (v,,, v).,v:),
which are calculated as
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Ve = |‘§;_], vy = |:.3.’|y , Ve = |A"iz | the point cloud is
voxelized. The volume of each voxel is Ax = Ay = Az,
and the total volume is obtained by multiplying the
number of voxels concerning the volume of each voxel.
This voxel-based approach provides an estimate of the
point cloud volume, offering a discrete representation
auitable for computational analyais.

Evaluation metric

Evaluation metrics for point cloud segmentation

The evaluation metrics for the cotton organ peint cloud
segmentation results include the accuracy, intersection
and concatenation ratio (loU) and cross-entropy loss
function. In calculating the accuracy rate, the predicted
values { gy} generated by the TPointNetPlus model were
compared with the actual labels (y;) of the point cloud
to evaluate the degree of consistency between them.
The loU metric evaluates the degree of overlap between
the predicted label set and the actual label set, whereas
the cross-entropy loss function quantifies the difference
between the predicted and actual values [40]. To address
the category imbalance problem, a weighted cross-
entropy loss function was used to assign weights (wy) to
each category based on the number of point clouds in
each category. This weighting mechanism aims to prior-
itize categories with fewer point clouds, ensuring a fair
assessment of the model’s performance across all catego-
ries [41]. In addition to the TPointnetPlus module, fac-
tors such as the architecture of the network maodel, the
quality and diversity of the dataset, and the design of the
training process also have impacts on the accuracy of the
model.

R (1% =p:
fce m‘.lllﬁ’ﬁ_py:fpx (©)

m
Loss = (ylog(p;) + (1 —y)logl —p))  (7)

i=1

_ Areaofoverlap
Area of union
_ Area (prediction largel}

lolJ

(8)

Areaprediction U target)
TP
TP+ FP + FN
C

wip,y) = > wip;log (v, (9)
i=1
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Evaluation metrics for measured cotton organs

The true values of the measured cotton organ lengths,
widths and heights were compared with the model-cal-
culated estimates of the cotton organs, and accuracy
was assessed by the correlation coefficient (R), root
mean square error (RMSE), and margin of error (3).
The predicted values of cotton plant organ phenotypic

data Y: {Y’L,?g.--- ,?n}, and the true values of the
cotton plant organ phenotypic data Y : (Y1, Y2, -+, Y

were obtained. The correlation coefficient is calculated
as shown in Egs, 10-13,

e noy. n oy
E(Y) = ZiaYi gy, - 2 Y (10)
4 n n
fos PN
. S (Yi—- E(Y) )i - ECYD
- Lai=1 1 i
cov(TY) = s \n’) an
w5 ey
S (Y- E(T)) [0, (%~ Ev))?
oy = Loy =
H n
(12)
Cov Ir"? Y\i " ?‘._E(ﬂ ‘:I &)
P e or (13)
0'?()'}" H

where F:(;I"“} and E(Y}are the overall means of Y,and ¥

respectively. (,’ov('*t", Y) is the population covariance. oy
and oy are the standard deviations of ¥ and ¥ respec-
tively. R is the correlation coeflicient, where the higher
the value is the more accurate the prediction.

RMSE is a commonly used measure of the differ-
ence between the predicted and actual observed values
of a model to assess how well the model fits the given
data. The smaller this value is the more valid the model.

RMSE is calculated as shown in Eq. 14.

(14)

where # is the number of samples, and Y; and Y are
the organ estimates and actual organ measurements,
respectively.

A

§ = — x 100%
L

{15}
where A is the absolute value of the algorithm’s estimate
subtracted from the actual measurement and I is the
actual measurement of the trait.,
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Table 2 Harchware configuration and operating environment

Hardware Configure Environment  Version
CPU InteliRXecn{RXPULS- OS5 Verskon Ubntu 1804
2678v3@2 50 GHz
GPU Goborce RTX 2080Ti 100G Framework Pytorch 1.11
RAM 16 B DDR4-2200 MHz CUDA CUDAILA
Cudanng 1.1
Hard Disk  BCA11 512 GENVMESSD Pythen E¥)
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in this study, as shown in Table 3. The optimizer ADAM
trained TPointNetPlus with an initial learning rate of
0.5, a batch size of 6, and an iterative calendar element
count of 500. All networks were trained end-to-end using
stochastic gradient descent. These network parameters
trained the model with the highest test accuracy.

Results of the improved network
The training process

Table3 Lxperimental results of hyperparametric network
training

hyper-parameters Strategy Accuracy (%)
Optimizer SGD 953
Adam 953
Learning rate 025 G426
a5 953
Q75 a5.1
Decay rate 001 9413
00001 953
Epach 100 94.8
00 G456
500 958
Results
Detailed settings

The training environment for this experiment is Intel
(R) Xeon (R) CPU E5-2678v3 al 2.50 GHz; NVIDIA
GeForce RTX 2080Ti 10G GPU; and the operating sys-
tem is Ubuntul8.04. ‘The deep learning environment is
CUDA1L6, cuDNN8.1.1, Pytorch1.11, Python3.7. Imple-
mentation details, listed in Table 2.

In order to maximize the accuracy of the modeling
results, hyperparametric experiments were conducted

After training the TPointNetPlus network, this study
tested the point clouds of cotton plants on the network
for organ segmentation. ‘The results, depicted in Fig. 6a,
showed that TPointNetPlus had the highest accuracy.
Compared to PointNet, both TPointNetPlus and Point-
Net++had higher accuracy, with PointNet’s accuracy
being limited to less than 80% due to its inability to cap-
ture localized details. TPointNetPlus had an accuracy
more than 5% greater than PointNet++. The perfor-
mance of the network was evaluated by analysing the loss
function values during the training process in Fig. 6b.
Initially, PointNet had highly unstable values with large
fluctuations, while TPointNetPlus had some regions with
greater fluctuations in loss than PointNet++. However,
from Epoch = 100 onwards, TPointNetPlus began to
level off, while PointNet++and PointNet still exhibited
large [uctuations. By Epoch = 500, the actual loss val-
ues had decreased to less than 0.5 for PointNet, less than
0.4 for PointNet++, and below 0.2 for TPointNetPlus.
Afler training, the average loss for TPointNetPlus was
approximately (.08, whereas the average loss for Point-
Net++ which was approximately 0.14.

Quantitative comparison

Similarly, the data in the test set were input into the
PointNet and PointNet++ networks. ‘The experimen-
tal results showed that the TPointNetPlus network

= PointNet
—— PointNet+ +
—— TPointhet

25
(3]
20
08
E 15
. §
o7
& 10
06 os
05 0.0
] 100 200 300 400 500
Epoch
(a)

Epoch
(b)

Fig. 6 Visualization of thiee netwerk training processes. a Accuracy values during the taining of the netwaorks; b The loss function values

during the training of the netwerks
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outperformed the PointNet and PointNet++ networks
in terms of several evaluation metrics, such as accuracy,
F1 score, and mloU, for the performance of leaf, boll,
branch, and overall segmentation of the cotton plant.
As shown in Table 4, the PointNet++ networks had the
lowest accuracy compared to the other networks. In
terms of accuracy, TPointNetPlus achieved the greatest
improvement in the accuracy of individual organ seg-
mentation. Compared to the other networks (PointNet
and PointNet++), TPointNetPlus improved by 18.65%,
18.12%, 153.14%, and 5% for leaves, bolls, branches, and
overall, respectively. This is because leaves have a larger
area with distinctive overall features, whereas bolls and
branches are smaller and more dispersed. Therefore,
the segmentation effect on cotton leaves was more than
80%, while the accuracy of boll and branch segmenta-
tion was less than 40%. In terms of overall segmenta-
tion accuracy, there was not much difference between
TPointNetPlus and PointNet++, but there was a sig-
nificant difference in the segmentation accuracy scores
for each organ. This indicates that TPointNetPlus is
more effective than PointNet++in local detail feature
extraction.

According to the F1 score, the performance of leaves,
bolls, branches, and overall performance exceeded 90%,
with the values for leaves exceeding 99%. This indi-
cates that TPointNetPlus has achieved a good balance
of accuracy and recall. Due to the narrowly dispersed
feature area of the branches, the mloll value of T Paint-
NetPlus is only 80.37%. However, the value of the Point-
Net network is only 19.06%, which is enough to prove
the effectiveness of TPointNetPlus in local feature

Table 4 Segmentation results from three deep lzaming
networks on the test set

Metric Organ PointMet  PointNet+ +  TPointNetPlus
Accuracy  Cotton leaf 8004 9212 98.39
) Cottonboll 30 8663 93,50
Catton stemn 3787 7i2 B3.03
Cwerall G814 90.53 95.3
Flscore  Cotton keaf 8257 9B.65 99,18
06) Cotton bell 20 8503 96.32
Cotton stem - 52.36 8333 90.66
Cerall 57.23 a0 95.22
micl) Cotton leaf 613 a0.4 95,11
6) Cotton boll 14 6583 84.11
Cotton stem 1906 G487 B0.37
Cwverall 2679 469 B6.53

The segmentation results were evaluated In terms of four dimensions: accuracy
(higher is better), F1 score (higher s better), and mloU

The beld numbers indicate the best resulls in the respective category
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extraction. This finding suggested that the model can
accurately capture the location and shape of the target
during segmentation.

Qualitative comparison

The point cloud plants were segmented into leaves,
bolls, and branches at the seedling, bud, and boll stages
of the cotton growth cycle. The visualization results of
point cloud organ segmentation of cotton plants show
that TPointNetPlug outperforms PointNet++and
PointNet in segmenting main stems, branches, and
bolls, as shown in Fig. 7. The segmentation results of
PointNet validate the quantitative segmentation results
in Table 4. PointMNet performs poorly on all three met-
rics reviewed, and Fig. 7 shows that most points were
misclassified. From leaf and stem segmentation at the
seedling stage (Fig. 7a), to leaf, boll, and stem segmen-
tation at the bud stage {Fig. 7b}), and to leaf, boll, and
stem segmentation at the boll stage (Fig. 7¢), more
misclassifications oceur. Compared to the real values,
PointNet++and TPointNetPlus have some errors in
organ segmentation, but the overall segmentation effect
is good. PointNet++ has errors in branch and leaf seg-
mentation, especially at the top of the plant at the boll
stage. This is due to the thinness of the branches and
trunks at the top of the cotton plant, and the insuffi-
cient extraction of network features.

The results of the cotton plant organ segmentation
visualization showed that TPointNetPlus and Point-
Net++both achieved overall accuracies greater than
90%. However, there were several false predictions in
both networks., TPointNetPlus misclassified a part of
the branch stem as a leaf in some cases (Fig. 8d), while
the PointNet++ misprediction was more prominent
(Fig. 8c). Additionally, parts of the branches were incor-
rectly predicted as leaves. These misclassified branch
regions were connected to the leaves and had thin
branches, but this misclassification was not as promi-
nent in the TPointNetPlus inference as it was in the
PointNet++ inference. Moreover, TPointNetPlus suc-
cessfully segmented cotton bolls, while the other two
models did not.

Another source of incorrect predictions is incor-
rect manual labelling. Due to manual labelling, many
leaf stalks attached to leaves are labelled leaves, and the
network learns to segment them as leaves. As a result,
in some cases, the branch portion attached to the leaf
blade was incorrectly segmented. Similarly, the network
incorrectly categorizes thicker branches as leaves. This
is because they are similar in shape to smaller blade sec-
tiona. However, due to their small size, they were manu-
ally labelled as part of the branch in the ground truth.
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Fig. 7 Comparison of segmented point clouds from the thiee deep learning models with the ground tath, Predictad segments
from TPaintMetPlus, PointNet++, and PaintMet for catton bolls, leaves, and sterns are shown inred, green, and blue, respec tively

TFPointNetPlus G.T.

) (&)

Fig. 8 Comparative visualization of the segmentaticn performance of three deep lzarning netwaorks on leaves, bolls, and stems, The boxes show

the segmentation details of the different methods on the different crgans

Results of instance segmentation

The TPointNetPlus network was used to perform
sernantic segmentation on a cotton plant peint cloud,
resulting in data on leaves, cotton bolls, and branches.
To further distinguish individual leaves and cotton
bolls, the HDBSCAN algorithm was used to conduct

instance segmentation. Figure 9 illustrates the success-
ful segmentation of cotton plants in the boll stage, these
plants had more than 15 leaves and 5 or more cotton
bolls. The successful semantic and instance segmenta-
tion of leaves and cotton bolls provides an ideal basis
for accurate measurements in the following stages.
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Fig. 9 Cattan plant instance segmentation procedure. Different cotton baells and leaves are displayed in different coloars, which in turm completes.

the instance segmentation task
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Fig. 10 Cotton leafarea trait extraction and correlation with the around truth. a Postprocessed sample from the test set. A cotton leaf is seqmented
inred. b A complete point cloud dataset of a leal ¢ The paint cloud of the leaf is tiangulated, the area of each tiangle mesh is calculated,

and the areas of all the triangles are summed to obtain the total surface area of the entire surface. d Chitaining the ground truth values using

the LAS series plant imager by Wanshen e Conrelation of leaf area extracted from predicted and ground truth segments

Results of phenotypic parameter extraction

Cotton leaf area

Figure 10 illustrates the process and analysis of measur-
ing the cotton leaf area. Initially, a cotton leaf was seg-
mented from the cotton plant point cloud (Fig. 10a).
The actual leal area was measured using an LA-S series
plant image analyser (Fig. 10d). The predicted value was
obtained by triangulating the point cloud of the leafl
(Fig. 10b) to form a triangular mesh representation of
the leaf (Fig. 10c). Across the entire test dataset, the esti-
mated leaf area based on the predicted segment showed
a high correlation with the actual measurements, with an

R? value exceeding (.96 (Fig. 10e). For leaf area, the root
mean square error (RMSE) was relatively low, with an
RMSE=3.41, indicaling accurate predictions of leal area
size in most cases. A comparison between the ground
truth values and predicted values demonstrated that the
estimated leal area was generally equal to or smaller than
the ground truth values, without exceeding the actual
measured values (Fig. 10e). Since the estimation of leaf
area relies on the triangular mesh, accurate pediction
of these points is crucial, and occasional rare segmenta-
tion errors in the leaf area do not affect the overall area
calculation.
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Fig. 11 Cotton bell trait extraction and corelation with the ground truth, a Postprocessed sample from the test set, The cotton boll is seqmented
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cotton boll total volurme was computed by summing the individual voxel volumes, d The boll volume of the cotton plants was manually measured
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Boll velumes

‘The process of measuring the volume of cotton bolls is
demonstrated in Fig. 11. "The test data showed that accu-
rate predictions were made (Fig. 11a). 'The volumetric
representation of the cotton boll point cloud, obtained
through voxelization, enables the calculation of the boll
volume based on the point cloud density (Fig. 11b). The
leaf area traits derived [rom the predicted segments were
strongly correlated with the ground truth measurements,
with an R value greater than 0.95 (Fig. 11¢). The root
mean square error (RMSE) for boll volume was low at
RMSE =24.47, indicating precise predictions of cotton
boll volume in most cases. A comparison between the
ground truth values and predictions showed that the esti-
mated boll volume was usually equal to or lower than the
ground truth values without surpassing the actual meas-
urements (Fig. 11e).

Leaf number

The process of counting cotlon leaves and analyzing the
results is illustrated in Fig. 12. Initially, the TPointNetPlus
network segments the point cloud model of the cotton
plant to identify leaves (Fig. 12a). Subsequently, each leaf
is extracted using the HDBSCAN clustering algorithm
(Fig. 12b). Finally, the number of leaves is statistically
analyzed using the counting function (Fig. 12¢). The esti-
mated number of leaves based on the predicted segments
shows a high correlation with the actual values, with an
R-squared value exceeding 0.98 (Fig. 12d). The root mean
square error (RMSE) for leaf number is relatively low at
RMSE=0.62, indicating accurate prediction of leaf num-
ber in most cases. The experimental results demonstrate
that this process can effectively and accurately identify

and quantify the leaves of cotton plants, providing valu-
able data for further research and analysis.

Discussion

3D reconstruction of cotton plants

3D reconstruction of cotton plants is essential for acquir-
ing point cloud data, with its quality directly affecting
data accuracy. Currently, different 3D reconstruction
technigues have been used to construct 3D plant mod-
els for phenolyping [42]. Although LiIDAR scanners can
provide highly accurate point cloud data, they may be
affected by plant density and shading [43]. Dense veg-
etation may cause the laser beam to lose some informa-
tion as it passes through the plant layers, and occlusion
between plants may complicate the challenge of obtain-
ing a complete plant structure. A 3D time-of-flight cam-
era {ToF) has been shown to rapidly acquire 3D images of
plants, but its resolution and accuracy relatively low [44—
46]. 3D laser scanning typically acquires data from only
one point of view and therefore may present challenges
when dealing with complex plant structures [43, 47, 48].
‘This single viewpoint may not be able to capture all the
details of the plant surface, especially if the plant’s under-
side or leaves overlap. The conlour shape-based method
is efficient in measuring plant volume, stem height, and
surface area of individual leaves, but it may not be robust
enough for localized occlusion or leal overlap, leading to
a decrease in the accuracy of the measurements [49].

The multi-view point based approach [50] examines
plants from multiple perspectives simultaneously, pro-
viding more comprehensive and accurale information
about their structure. This method addresses issues such
as occlusion and lack of detail that can arise from a single



Liu et al. Plant Methods

(2025) 21:37

Page 150f 18

(03]

(e}

F=0. 98
RMSE=0). 62

LM S s S e s o
BN 2 M XK OB W0 2 M
Actual Value

(dy

Fig. 12 Cotton leaf number statistics and carrelatien with the ground truth, a Cotton plant 30 point cloud madel. b Leaf paint cloud segmentation
tesults. € Instance segrmentation results for keal d Conelation of Leal number statistics from predicted and ground truth segments

viewpoint. However, the point cloud collection method
used in this article has limitations: it cannot be applied
on a large scale outdoors and requires destructive sam-
pling. Additionally, collecting 180 images involves a sig-
nificant workload and the reconstruction operation lime
is lengthy. Despite these drawbacks, the cotton multi-
view plant 3D reconstruction method achieves more
precise depth information and integrates geometric mor-
phology with texture information to create a more realis-
tic and lifelike 313 model of the cotton plant, This method
can assist botanists and ecologists in better studying the
growth patterns and interactions ol cotton, deepening
their understanding of its structure and function, and
diagnosing pests and discases.

Cotton plant height
In this study, we measured and analyzed the height of
cotton plants. However, the dataset only includes 5 sets

Hstem -

H reference

()

(a)

(b)

_ F reference

of data, which is relatively small and may affect the relia-
bility and representativeness of the results. ‘The following
will analyze the reasons for the insufficient data and its
impact on the study’s findings, as well as propose poten-
tial improvements for future research.

‘The process of measuring plant height in the tested
cotton plants and analysing the results are illustrated in
Fig. 13. The prediction accuracy was consistent across all
test cases, accurately predicting the bottom 1 ¢m region
of the main stem (Fig. 13b). There was a high correlation
between the main stem traits estimated from the pre-
dicted segments and those estimated [rom the ground
truth throughout the entire test set, with R? values
exceeding 0.97 (Fig. 13d). RMSE was low (RMSE=0.26),
indicating accurate categorization of the lowest and high-
est points in most cases. A comparison between the
ground truth and predicted values demonstrated that
the estimated plant height values were equal to or less
than the ground truth values and did not exceed them

Manmally Measured
2

R 97
BEE-0, 26cm

X Fotem X S e

2

Measured Heights(ca)

(d)

Fig. 13 Main stem trait extraction and correlation with the ground truth, a Postprocessed sample from the tast set. The main stemis segmentad
Inred. b The helght of the cotton plants was manually measursd using a ruler. ¢ Malnstemn helaht estimation and selection of the bottom 1 cm
region. d Correlations of main stem diameter and height extracted from the predicted and ground truth segments
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(Fig. 13c). Since plant height estimation relies on cor-
rectly predicting the highest and lowest points, any occa-
sional missegregations in the middle of the plant height
had no impact on the resulting heights.

Analysis of the clustering results
Density-based spatial clustering of applications with
noise (DBSCAN) as a density clustering algorithm has
shown significant advantages in many aspects. 1ts robust-
ness enables it to handle noise and outliers efficiently
without the need to know the number of clusters in
advance [51]. Compared to other clustering algorithms,
DBSCAN has better adaptability to irregularly shaped
clusters, is able to discover clusters of arbitrary shapes,
and is sensilive to data with large variations in density
[52]. In addition, the algorithm performs well in terms
of scalability and is suitable for clustering tasks on large-
scale datasets [51]. However, DBSCAN has several draw-
backs. Its performance is sensitive to clusters with large
differences in density in the data, and the parameters
may need to be adjusted to accommodate clusters with
different densities [53]. In addition, DBSCAN may face
the challenge of dimensionality catastrophe when dealing
with high-dimensional data and needs to be used with
caution [54].

Compared to HDBSCAN, the main disadvantage of
DBSCAN is the need to prespecify some parameters,
such as the neighborhood radius and the number of

points in the minimum neighborhood, whereas HDB-
SCAN is relatively more adaptive and does not reguire
an explicit density threshold [55]. HDBSCAN is also
hierarchical in nature and is able to perform clustering
at different density levels, making it more suitable for
clusters with different density levels [56]. Both DBSCAN
and HDBSCAN yield correct results when the cotton
instance is split. However, DBSCAN was incorrect when
segmenting leal instances with more complex morphol-
ogy and closer proximity (Fig. 14).

Conclusion

The proposed TPointNetPlus, a cotton point cloud organ
instance segmentation method, seamlessly integrates
deep learning and clustering algorithms Lo enhance the
accuracy of phenolypic organ struclure measurements
through 3D point clouds. The creation of a dedicated
point cloud dataset for cotton plants, coupled with the
incorporation of the attention module transformer into
the PointMNet++model, contributes to precise feature
extraction. The application of the HDBSCAN algorithm
for organ-level cotlon plant point cloud segmenlation
successfully isolates cotton leaves, bolls, and branches,
providing accurate phenotypic feature parameters. The
research outcomes highlight the exceptional semantic
segmentation accuracy of TPointNetPlus (98.38%) for
cotton leaves. Correlation coefficients between the meas-
ured values of key phenotypic parameters demonstrated
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the model’s reliability in predicting traits such as plant
height, leaf area, and boll volume. This automated
methad involves translating a plant’s 3D point cloud into
phenotypic parameters, which can be applied in fields
such as cotton breeding and plant physiology.
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