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Abstract
High resolution three-dimensional (3D) point clouds enable the mapping of cotton boll spatial distribution, aiding 
breeders in better understanding the correlation between boll positions on branches and overall yield and fiber 
quality. This study developed a segmentation workflow for point clouds of 18 cotton genotypes to map the spatial 
distribution of bolls on the plants. The data processing workflow includes two independent approaches to map the 
vertical and horizontal distribution of cotton bolls. The vertical distribution was mapped by segmenting bolls using 
PointNet++ and identifying individual instances through Euclidean clustering. For horizontal distribution, TreeQSM 
segmented the plant into the main stem and individual branches. PointNet++ and Euclidean clustering were then 
used to achieve cotton boll instance segmentation. The horizontal distribution was determined by calculating the 
Euclidean distance of each cotton boll relative to the main stem. Additionally, branch types were classified using 
point cloud meshing completion and the Dijkstra shortest path algorithm. The results highlight that the accuracy 
and mean intersection over union (mIoU) of the 2-class segmentation based on PointNet++ reached 0.954 and 
0.896 on the whole plant dataset, and 0.968 and 0.897 on the branch dataset, respectively. The coefficient of 
determination (R2) for the boll counting was 0.99 with a root mean squared error (RMSE) of 5.4. For the first time, 
this study accomplished high-granularity spatial mapping of cotton bolls and branches, but directly predicting 
fiber quality from 3D point clouds remains a challenge. This method provides a promising tool for 3D cotton 
plant mapping of different genotypes, which potentially could accelerate plant physiological studies and breeding 
programs.
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Background
Cotton (Gossypium hirsutum L.) is the most widely 
grown natural fiber crop in the world [1]. Cotton fiber 
yield is the product of boll density (boll number per plant 
×  plant density), boll mass, and lint percent [2, 3]. The 
spatial distribution of bolls is closely related to yield and 
quality [4, 5]. It influences the growth conditions of the 
bolls, which directly impact key quality attributes such 
as fiber length, strength, uniformity, and maturity [6, 7]. 
Plant architecture, including the spatial distribution of 
fruits, has a significant impact on yield and fiber quality 
[8, 9]. For instance, monopodial branches do not appear 
to influence yield, whereas variations in the number of 
sympodial branches can result in notable yield differ-
ences between cultivars. Among fiber traits, Micronaire 
is particularly sensitive to fruiting nodes and their adaxial 
positions on a branch. Bolls located on upper internodes 
and farther from the main stem tend to exhibit lower 
Micronaire values. Additionally, bolls on branches situ-
ated toward the mid-section of the plant (typically nodes 
9 through 14) generally have the highest fiber length and 
strength compared to those higher in the canopy (inter-
nodes 16 through 22). Although the total number of bolls 
per unit land area is an important driver of yield, boll 
weight and fiber quality can vary significantly at different 
main stem branching nodes and positions along a fruit-
ing branch [10]. Thus, the contribution of each location 
on the plant to final lint yield and economic returns can 
vary as well. While the information obtained from phe-
notyping boll distribution is invaluable for breeders and 
physiologists alike, manual assessments of fruit distri-
bution are impractical in breeding programs. Thus, the 
development of high-throughput methods to phenotype 
cotton boll distribution would be a major advancement.

Three-dimensional (3D) imaging technology preserves 
the structural characteristics of plants and allows for 
richer and more accurate information on plant architec-
tural phenotypes. Light Detection and Ranging (LiDAR) 
is one of the technologies used for acquiring 3D plant 
models and can generate point clouds containing mil-
lions, or even tens of millions, of data points. These point 
clouds represent the structural features of the plant sur-
face, including 3D coordinates (x, y, z) and other informa-
tion such as color and intensity. As it works with its own 
light source, LiDAR sensors greatly reduce the influence 
of environmental illumination and improve the quality of 
the collected data. Compared to two-dimensional (2D) 
images that are easily affected by lighting and lack depth 
information causing occlusion, 3D point clouds over-
come this issue to a large extent and have been intensively 
investigated in plant phenotyping [11]. Point clouds have 
been applied to extract wheat canopy height (R2 = 0.99, 
RMSE = 0.017 m) and canopy cover (R2 = 0.92) accurately 
[12]. A 2D LiDAR mounted on a moving vehicle was 

used to measure the maximum canopy height, projected 
canopy area, and plant volume of cotton plants, with 
R2 values of 0.97, 0.97, and 0.98, respectively [13]. Plant 
organ-level phenotyping using point clouds has also 
received increasing attention. Not only the angle [14], 
area [15], and length [16] of leaves, but also the number 
[17–20] and volume [21] of fruits have been studied. In 
particular, some studies have investigated machine learn-
ing methods to segment cotton main stem and individual 
leaves, enabling the estimation of main stem length, as 
well as the number, length, width, and area of the leaves 
[22–24]. However, the success of these phenotypic trait 
extractions depends on the point cloud instance segmen-
tation, while the accuracy of segmentation is currently a 
bottleneck.

Traditional machine learning methods have been 
employed for point cloud segmentation to extract plant 
phenotypic traits. For example, geometric features were 
directly built within the point cloud to segment trel-
lises, support poles, and tree trunks, enabling the suc-
cessful generation of canopy density and depth maps 
[25]. A traditional machine learning algorithm support 
vector machine (SVM) was used to classify pomegran-
ate tree point clouds into fruits, branches, and leaves 
[17]. An accuracy of 0.75 for fruit and 0.99 for non-fruit 
was achieved, reaching a fruit counting accuracy of 78%. 
Alternatively, TreeQSM is another non-deep learning 
instance segmentation method [26]. It is a 3D modeling 
approach specifically designed to create geometric and 
structural representations of trees from point clouds. 
By leveraging the tree’s geometric features, this method 
effectively segments the entire point cloud into the main 
stem and branches. TreeQSM has already been used 
in phenotyping of apple trees and maize [27, 28]. Cot-
ton plants also exhibit a tree-like structure, making this 
method applicable to the segmentation of cotton plants, 
and its segmentation performance is worth further 
exploration.

Deep learning techniques can automatically learn 
features from the data, which has a significant advan-
tage over the hand-crafted features used in traditional 
machine learning methods. For example, one 3D deep 
learning approach PointNet [29] has been employed 
in point cloud segmentation tasks to achieve automatic 
segmentation of maize plant organs [30]. This approach 
enabled the extraction of various phenotypic traits, 
including stem height, leaf length, and leaf inclination. 
PointCNN [31] has also been applied to segment maize 
stems and leaves for extracting 3D phenotypic traits 
of plants from field-based terrestrial LiDAR data [32]. 
To obtain precise phenotypic traits of plant organs, 
it is essential to first accomplish instance segmenta-
tion of individual organs. Recently, several customized 
point cloud segmentation models have emerged. For 
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example, PlantNet was designed and used for seman-
tic and instance segmentation of tobacco, tomato, and 
sorghum from point clouds [33]. An end-to-end model 
plant segmentation transformer (PST) was proposed to 
segment rapeseed at the pod stage [34], which proved 
that the point cloud segmentation method based on 
deep learning has great potential in analyzing dense 
plant point clouds with complex morphological features. 
A study explores the spatial distribution of apple fruit 
using deep learning techniques. Specifically, the spatial 
distribution of apples was detected and located using a 
methodology that combined Mask R-CNN for 2D fruit 
detection, structure-from-motion (SfM) for generat-
ing 3D point clouds, and a support vector machine to 
remove false positives [35]. The canopy volume, flowers, 
fruit, and yield maps of almond trees can be effectively 
used to map the distribution of flowers and fruits, as well 
as estimate and predict the yield of individual trees [36]. 
The development of deep learning-based point cloud 
segmentation techniques has improved the extraction 
accuracy of plant phenotypic traits and has provided data 
support for breeders to develop new crop varieties with 
high yields and high quality [37, 38].

In the field of high throughput phenotyping for cotton, 
there have been some studies to obtain phenotypic traits 
from point clouds. Some researchers import point clouds 
into CloudCompare and identify cotton bolls by color 
information, but color features alone may not always give 
a complete representation of the cotton bolls [39]. Some 
of our past work has developed a data processing pipeline 
for 3D boll mapping within a plot [40]. Additionally, the 
pipeline also provided estimations for the number, vol-
ume, and location of the bolls. Both of the above stud-
ies identified and localized cotton bolls, but the primary 
difference between them in obtaining cotton boll point 
clouds is that the first study only used color informa-
tion to identify the point clouds, while the second study 
employed a machine learning classification algorithm, 
Support Vector Machines (SVM), utilizing both color 
and shape features to detect cotton bolls. In another 
study, individual cotton plant phenotypes were mea-
sured with R2 values and absolute percentage errors of 
0.94 and 4.3% for main stem length and 0.7 and 5.1% for 
node counting, respectively [41]. However, the design of 
this method assumed that the highest point of the plant 
was on the main stem. It becomes challenging to iden-
tify the main stem when the highest point appears on the 
branches, thus limiting the applicability of this method. 
More recently, we investigated another deep learning 
model, PVCNN [42], to segment a single cotton plant 
into bolls, the main stem, and branches [43]. Seven archi-
tectural traits were extracted from the segmented plant 
parts, with R2 values all greater than 0.8, and the average 
absolute percentage errors less than 10%. This method 

primarily focuses on the measurement of architectural 
traits of cotton plants and does not delve deeply into 
the spatial distribution of cotton bolls, especially their 
distribution on individual branches. In cotton breeding 
programs, it would be beneficial to measure fine-grained 
phenotypic traits such as the number and distribution 
of bolls not only on a plant but also on single branches. 
Based on the research, breeders can understand the rela-
tionship between cotton boll distribution and environ-
mental stress (such as drought, pests and diseases), and 
select genotypes that can maintain good cotton boll dis-
tribution under adverse conditions.

To fill the gap, the overall goal of this study was to 
develop a 3D point cloud data processing pipeline that 
enables the spatial mapping of cotton boll distribution 
both at the overall plant level and individual branch level 
for different genotypes. Specific objectives of this study 
were to: (1) develop a semantic segmentation method 
with PointNet++ to segment cotton bolls from individ-
ual plants and branches, (2) investigate TreeQSM-based 
instance segmentation method to segment cotton plants 
into main stems and individual branches, (3) determine 
branch types by combining point cloud meshing comple-
tion and the Dijkstra algorithm, and (4) map the spatial 
distribution of cotton bolls, including the distribution of 
bolls along the height of the plant and their position on 
each branch relative to the main stem.

Methods
The overall workflow of data processing illustrates that 
there are two independent approaches (as two branches) 
to achieve the mapping of bolls along the vertical direc-
tion for a whole plant and a fine-grained mapping of 
bolls for each branch (Fig. 1). Breeders can select differ-
ent branches based on their needs. For the first branch 
(upper part of Fig.  1), it utilizes PointNet++ to segment 
the entire plant into cotton bolls and non-boll cotton. 
With just a single segmentation step, it enables cotton 
boll counting and vertical distribution mapping. For the 
second branch (lower part of Fig. 1), it first employs Tre-
eQSM to segment the plant into individual branches and 
the main stem. Then, PointNet++ is used to segment the 
cotton bolls on each branch. This process determines 
which cotton bolls belong to the same branch, eliminat-
ing the need for additional algorithms to map each boll 
back to its corresponding branch. Ultimately, this pipe-
line provides the horizontal distribution of cotton bolls 
on branches and identifies branch types. More detailed 
descriptions of the two approaches are introduced in the 
following sections.

Data collection
In this experiment, individual cotton plants were studied. 
The datasets used were collected from the years in 2018, 
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2020, and 2021. The data collection considered two fac-
tors: the planting layout of the cotton plants for that year 
and the quality of the collected data. If the cotton plants 
were spaced far apart with no contact between adjacent 
plants, data were collected directly outdoors. For densely 
planted cotton plants, they were cut and brought indoors 
for data collection, which reduced environmental inter-
ference and resulted in higher-quality point cloud data. 
Dataset 1 was obtained in 2021 from a breeding field 
located at the Iron Horse Farm (latitude:37.730  N, lon-
gitude:83.303  W) in Greene County, Georgia, USA. A 
total of 34 individual plants were extracted from different 
field plots by severing them at the soil surface and were 
moved to an indoor setting. At this stage, the cotton bolls 
were green and not yet open, but the interior of the fruit 
is gradually maturing, forming fibers. The plants were 
held in place using brackets without overlaps between 
them. A high-resolution 3D LiDAR scanner (FARO 
Focus S70, FARO Technologies, USA) mounted on a tri-
pod at a height of about 0.6 m was used to scan the cot-
ton plants from multiple locations over a 360° horizontal 
plane (Fig.  2a). Color data was collected by the built-in 
color camera. Scans from multiple angles were registered 
as a single point cloud via FARO SCENE software (ver-
sion 2019.2) (FARO Technologies, Florida, US). Dataset 2 
was collected outdoors in December 2018, and 11 cotton 
plant samples were used [41], and the bolls were mature 
and mostly open. Dataset 3 was collected indoors in 

December 2020 and February 2021, using 20 cotton plant 
samples [43], and the bolls in this batch were mature and 
fully open. A total of 65 plant samples were used in the 
experiment.

Point cloud data processing
The raw point cloud was preprocessed to isolate indi-
vidual cotton plants. Initially, the individual plants were 
cropped from the plot level point cloud. Next, non-
plant points such as ground and brackets were manually 
removed in CloudCompare. During the data collection 
process, it is common for outliers to appear due to factors 
like equipment accuracy and environmental conditions. 
A statistical outlier removal (SOR) filter was employed to 
eliminate these noisy data points. During the denoising 
process, the average distance of each point to its 6 near-
est neighbors as well as the standard deviation of the dis-
tances were estimated, and those points whose distance 
exceeded one standard deviation were removed. After 
applying the preprocessing steps, individual cotton plant 
point clouds were obtained (Fig. 2c). All point cloud data 
underwent the same preprocessing operations, regard-
less of whether they were collected indoors or outdoors. 
Table 1 provides additional details about these data, with 
cotton boll points accounting for the majority of the 
entire plant, with an average proportion of approximately 
67.95%.

Fig. 1  Cotton boll number and spatial distribution mapping workflow
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The pre-processed individual cotton plants were anno-
tated to generate a ShapeNet format dataset [44]. The 
primary focus of this research was on cotton bolls, aim-
ing to count and map them. Previous research by Saeed 
et al. [45] demonstrated that PointNet++ [46] achieved 
the highest segmentation accuracy for cotton bolls 
but struggled with differentiating between branches 
and main stems. As cotton bolls are spherical and both 
branches and main stems are cylindrical, distinguishing 
between bolls and branches was relatively easier com-
pared to differentiating between branches and main 
stems. Therefore, this study focuses on using Point-
Net++ to classify cotton plants into two categories. To 
enhance the segmentation accuracy, branches and main 
stems were annotated as one class. The labeled data is 
shown in Fig. 2d, the blue point cloud represents cotton 
bolls (x, y, z, R, G, B, 0), and the red point cloud repre-
sents non-bolls (x, y, z, R, G, B, 1). Each point in the data-
set contains coordinates, colors, and class labels. In our 
study, for mature cotton plants, the leaves were removed 
by spraying a defoliant, which is a common practice in 
commercial cotton harvesting; for immature plants, we 
manually removed the leaves before data collection to 
focus more on studying the distribution of cotton bolls.

The annotated dataset consists of 65 plants of 18 geno-
types (Table  2), with data augmentation by rotating the 
point cloud around the three axes with different angles 
[47, 48]. Data augmentation is an effective technique to 
enhance the model training performance when data are 
limited [49, 50]. These samples were divided into train-
ing (n = 40) and testing (n = 25) sets. Subsequently, each 
sample was individually rotated around the x-, y-, and 
z-axes by angles of 30°, 60°, and 90°, resulting in the gen-
eration of a total of 400 training samples (Fig. 3). To save 
computational resources, the labeled cotton plants were 

Table 1  Description of the cotton plant dataset. The non-boll 
proportion would be comprised of branches and main stems

Date Number of 
Samples

Boll pro-
portion 
(%)

Non-boll 
propor-
tion (%)

Dataset 1 November, 2021 34 67.36 32.64
Dataset 2 December, 2018 11 73.84 26.16
Dataset 3 December, 2020 & 

February, 2021
20 62.64 37.36

Table 2  Overview of the number of different genotypes used in 
training and testing
Genotypes Number of training 

samples
Number 
of testing 
samples

UA488 2 2
DP1646 5 2
ST5020 3 2
TO246BC3MDN 5 2
DES56 3 4
DG3615 3 2
MDN0101 2 2
DP341 1 2
T0018MDN 2 1
Tamcot Sphinx 4 1
Acala Maxxa 2 3
T1046cBC1.GH212 1 1
T101MDN - 1
Exotic T0281cMDN.GH200 2 -
Exotic T0151DN.GH180 1 -
Exotic T0347MDN.GH186 2 -
Exotic T0368BC3MDN.GH196 1 -
Elite Acala Maxxa 2011 (4201) 1 -

Fig. 2  Data acquisition and pre-processing workflow. (a) Experimental setup and raw point cloud collected by a terrestrial LiDAR. (b) Ground removal. 
(c) Denoised and down-sampled to 100,000 points. (d) Annotation of plant point cloud data: blue represents cotton bolls and red represents the main 
stem and branches. (e) Branches were extracted from a plant with 100,000 points to make a branch dataset. (f) and (g) are data collected from other years
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Fig. 3  Data augmentation of annotated point cloud data. The annotated point cloud of a single plant was rotated 30, 60, and 90 degrees around the x-, 
y-, and z-axes, respectively
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downsampled to approximately 100,000 points using 
spatial downsampling in CloudCompare. In addition, as 
the models trained on the whole plants are unsuitable for 
testing on individual branches, the branch dataset was 
created by selecting cotton plants with 100,000 points 
and cutting branches from cotton plants in contact with 
the main stem (Fig. 2e). There were 733 samples (390 for 
training and 343 for testing) in the branch dataset. Data 
pre-processing and labeling were performed using the 
open-source software CloudCompare v2.12. alpha. This 
tool was used to annotate the data, a crucial step for 
training PointNet++. To ensure accuracy, the labeled data 
was thoroughly reviewed three times to prevent annota-
tion errors.

Boll number and vertical distribution on a whole plant
To obtain the number of cotton bolls and their distribu-
tion along the vertical axis for whole plants, a series of 
steps were followed. First, PointNet++ was trained to 
segment cotton bolls from individual plant point clouds. 
Then, Euclidean clustering was used to segment each 
cotton boll instance for counting. Finally, the centroid of 
each boll was determined by calculating the mean of each 
cluster, which was used to map the distribution of bolls at 
different plant heights (Z-axis).

Semantic segmentation based on PointNet++
Cotton bolls were segmented from plants by PointNet++. 
This model is a deep learning network that directly per-
forms semantic segmentation on point clouds. One 
of the key advantages of deep learning is its ability to 
automatically extract features. Compared to manually 
designed features, deep features offer stronger represen-
tational power and greater robustness. The structure of 

PointNet++ is shown in Fig.  4b. It completes the down-
sampling and up-sampling of the point cloud by the two 
modules of set abstraction (SA) and feature propagation 
(FP), and gradually captures the feature information in 
the point cloud. The SA module consists of sampling, 
grouping, and PointNet, which performs sub-sampling, 
region proposal, and point feature extraction on point 
cloud. Stacking multiple SA layers (SA_1, SA_2, SA_3) 
allows for capturing features at different scales. Feature 
Propagation (FP) is used to propagate high-level features 
to lower levels, thereby generating dense point cloud fea-
tures. The purpose of stacking multiple FP layers (FP_1, 
FP_2, FP_3) is to progressively recover and refine feature 
information, enabling the model to produce more accu-
rate and detailed point clouds. Each FP layer gradually 
propagates high-level features to lower levels and uses 
the inverse distance weighting (IDW) method for inter-
polation, achieving step-by-step feature refinement.

PointNet++ was trained using the PyTorch framework. 
The labeled data was fed into the network with the batch 
size of 2. In the training process of PointNet++, an epoch 
refers to a complete pass of the entire training dataset 
through the network. During each epoch, the model 
processes all input data, makes predictions, and updates 
its weights based on the loss function. Training involves 
iteratively adjusting the model parameters across multi-
ple epochs to minimize the loss and improve accuracy in 
tasks such as cotton boll segmentation. The initial learn-
ing rate was set to 0.001, and the Adam optimizer was 
used to adjust the learning rate over time. Point cloud 
normalization was applied for center alignment and scale 
unification, eliminating position and size differences. 
The model was trained for a total of 251 epochs. The 
input point features of PointNet++ have six dimensions, 

Fig. 4  Workflow of mapping cotton bolls along plant height. (a) Input of the cotton plant point cloud. (b) PointNet++ structure. Inverse distance weight-
ing (IDW) is used for interpolating features from sampled points to the original points. Concate is then used to concatenate the interpolated features with 
low-level features. (c) Semantic segmentation results of PointNet++. Green represents cotton bolls and purple represents non-cotton bolls. (d) Euclidean 
clustering of cotton bolls. Each cluster was randomly assigned a color. (e) Distribution of cotton bolls at different heights
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including coordinates (x, y, z) and color (R, G, B). For a 
single plant, the number of input points is set to 100,000, 
while for branch data, the input point cloud is set to 
10,000. The output after training is a point cloud with 
semantic information, where each point is assigned a 
semantic label. The PointNet++ model was trained on the 
HiperGator high-performance computing cluster with 8 
AMD EPYC ROME CPU cores, one NVIDIA DGX A100 
GPU node (80 GB). The operating system is Linux, and 
the software libraries include python 3.8, pytorch 1.12.1, 
and CUDA 11.4. The code, data, and training weights for 
cotton boll and branch mapping are available at ​h​t​t​p​​s​:​/​​/​g​i​
t​​h​u​​b​.​c​​o​m​/​​U​G​A​-​​B​S​​A​I​L​​/​c​o​​t​t​o​n​​_​o​​r​g​a​n​_​m​a​p​p​i​n​g​.​g​i​t.

Boll number counting based on Euclidean clustering
The segmented bolls were counted by Euclidean clus-
tering. Cotton plants were divided into cotton bolls and 
non-cotton bolls (branches and main stems) by Point-
Net++, and each predicted plant had 100,000 points. 
Euclidean clustering was performed on the points seg-
mented as cotton bolls, with a threshold set empiri-
cally of 0.8  cm for the Euclidean distance in this study. 
Points with distances smaller than the threshold were 
grouped into one cluster (representing a cotton boll), 
while points with distances greater than the threshold 
were assigned to different clusters. This threshold was 
determined based on the spatial distribution character-
istics of the cotton boll point cloud. In our dataset, the 
distances between points within most single cotton boll 
point clouds are typically less than 0.8 cm. If the thresh-
old is too large, adjacent but independent bolls may be 
mistakenly grouped into the same cluster. Conversely, 
if the threshold is too small, a single boll may be incor-
rectly divided into multiple clusters. Through extensive 
trials with different thresholds, 0.8 cm was found to pro-
vide the best balance, aligning well with the natural size 
and point density distribution of the bolls, and effectively 
minimizing segmentation errors. During the counting 
process, each cluster with fewer than 100 points was 
regarded as noise and removed.

Vertical distribution of cotton bolls
The vertical distribution reveals the position of each cot-
ton boll along the height direction of the plant. To deter-
mine the distribution of cotton bolls at different heights, 
the entire plant was sliced vertically into sections with a 
thickness of 10  cm. Because the plants are mainly con-
centrated between 1.0 and 2.0  m, this resolution can 
effectively capture the spatial variation of the cotton 
bolls. The number of centroids representing cotton bolls 
in each slice was then counted, enabling the creation of a 
boll height distribution map with a resolution of 10 cm. 
This map provides valuable information about the con-
centration of bolls at various heights within the plant.

Additionally, the cotton plant was divided equally into 
three parts along the z-axis. This division allows for a 
rough estimation of the number of bolls in the upper, 
middle, and bottom parts of the plant. This estimation 
serves as a helpful tool in less demanding scenarios, such 
as gaining insights into the growth pattern of cotton 
plants. A few similar studies have been conducted using 
different data processing methods [39, 40].

Horizontal distribution on individual branches
To achieve boll mapping along individual branches, three 
main steps were followed. The first step was to segment 
the plant into the main stem and individual branches 
using TreeQSM. In the second step, PointNet++ was used 
to segment the cotton bolls on each branch, followed by 
the implementation of cotton boll instance segmenta-
tion through Euclidean clustering. Finally, the Euclidean 
distance from each cotton boll centroid to the main stem 
was calculated, and the distances were ranked to deter-
mine the distribution of cotton bolls relative to the main 
stem.

Instance segmentation of main stem and first-level branches 
based on TreeQSM
Cotton plants were segmented into main stem and first-
level branches (Individual branches in direct contact with 
the main stem) by TreeQSM. TreeQSM uses cover sets 
(small point cloud sets or small patches) to segment the 
point cloud along the main stem starting from its base 
in two phases. First, a large constant size cover set with 
radius Patch Diameter 1 (PD1) was applied to the entire 
plant. This step allows for quick and rough identification 
of the structural features of plants. Second, a finer patch 
of variable-sized from Patch Diameter 2 (min) (PD2Min) 
to Patch Diameter 2 (max) (PD2Max) determined the 
final branch topology. PD2Min plays a key role in Tre-
eQSM tuning, as it defines the smallest features that will 
be segmented. Hence, PD2Min must be adapted to the 
smallest features of cotton plants. In the segmentation of 
cotton plants, a smaller patch diameter (such as PD2Min) 
captures more local details, making it suitable for seg-
menting smaller structural features, such as cotton bolls 
or small branches. In contrast, a larger patch diameter 
helps capture more global information, making it more 
suitable for coarse structural segmentation, such as the 
main stem and larger branches.

Cover sets are the smallest “units” that segment the 
cotton plant point cloud into main stem and individual 
branches. As shown in Fig.  5, cover sets with differ-
ent diameters were shown. The smaller the cover set 
(Fig. 5a), the more detailed information can be captured. 
But it also creates more disconnected structures and 
consumes more time. The larger the cover set (Fig.  5b), 
the more global information can be obtained, and the 

https://github.com/UGA-BSAIL/cotton_organ_mapping.git
https://github.com/UGA-BSAIL/cotton_organ_mapping.git
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corresponding time can be saved. The patch diameter 
determines the size of the cover set. It needs to be set 
according to the specific structural features of the cotton 
plant, such as the diameter of the main stem and the size 
of the branches. PD2Min should be adjusted to match the 
smallest features of the cotton plant to ensure that the 
segmented structures are neither too coarse nor incom-
plete. By conducting multiple experiments and adjusting 
different patch diameters, a balance can be found that 
enables precise segmentation of the various parts of the 
cotton plant.

The hyperparameters were influenced by point cloud 
density, plant size, and structural complexity. Follow-
ing the recommended settings of TreeQSM, the radius 
was determined using the point cloud from the bottom 
10% of the plant’s main stem. Based on this radius, PD1 
was set to approximately one-third, PD2Min to one-
sixth, and PD2Max to two-fifths of the radius. Given the 

minimal variation in the main stem diameter of the cot-
ton plants in this study, PD1, PD2Min, and PD2Max were 
manually set to [0.2, 0.15, 0.3] cm, respectively, and these 
parameters were consistently applied to all plants. The 
segmented point cloud was saved for further quantitative 
evaluation.

Boll positioning on an individual branch
To obtain the cotton boll class on individual branches, 
PointNet++ was used again for semantic segmentation 
(Fig.  6a). The boll categories were clustered by Euclid-
ean clustering (distance threshold was fixed to 0.8  cm), 
and each small cluster obtained was considered a boll 
(Fig. 6b). Then, the mean of each cluster was calculated to 
determine the centroid representing the position of each 
cotton boll (Fig. 6c).

Fig. 6  Boll positioning on a single branch. (a) PointNet++ semantic segmentation. (b) Euclidean clustering of cotton bolls. (c) Boll centroid. The colored 
points on the bolls are the centroids

 

Fig. 5  Comparison of cotton plant cover sets with different diameter sizes. The minimum diameters (PatchDiam) of the cover sets are 5 cm (a) and 10 cm 
(b). Each cover set was assigned a different color
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Distribution of bolls relative to the main stem
After determining the positions of each cotton boll, the 
Euclidean distance from each cotton boll on the branches 
to the main stem was calculated. Then, the distances were 
sorted to get the distribution of bolls relative to the main 
stem. In the Euclidean clustering process, there will be 
noise that was mistaken for bolls, and there will be very 
small bolls. In the experiment, clusters with fewer than 
100 points were reclassified as non-cotton bolls. Finally, 
the distribution of bolls relative to the main stem was 
mapped.

Branch type identification
Cotton branches can be classified as vegetative branches 
and fruiting branches [27]. As can be seen in Fig. 7, cot-
ton bolls are usually attached directly to the fruiting 
branches via a short stalk, while on vegetative branches, 
cotton bolls grow on secondary branches (branches 
that grow from a primary branch). These two types of 
branches can be distinguished based on the Euclidean 
distance from the cotton bolls to the primary branch 
(branches that grow directly from the main stem).

The shortest path method was used to obtain pri-
mary branches. In some cases, there will be gaps in the 
branches, which makes it relatively difficult to obtain the 
path, so the point cloud completion needs to be done 
first. A point cloud meshing method based on concave 
hull was used to fill the gaps. The point cloud was meshed 
to generate triangular patches that tightly surrounded all 
points, and the single branch formed a connected whole 
(Fig. 8b). Each triangle patch was then uniformly down-
sampled such that the final single branch contained 2000 

points. As shown in Fig.  8c, all gaps in the point cloud 
were filled. Although some extra points (non-branch 
points) are introduced, it does not affect subsequent 
processing. Next, the two endpoints of the path were 
determined by calculating the nearest and farthest points 
of the branch from the main stem of the cotton plant. 
Finally, the Dijkstra algorithm [51] was used to obtain the 
points of the shortest path between the two endpoints 
(red points in Fig. 8d). Those points were used to repre-
sent primary branches.

The branch type was determined according to the dis-
tance from the cotton bolls to the primary branch. This 
distance was calculated for each boll (represented by the 
cluster’s centroid) to the main branch (represented by the 
shortest path points). If any of the calculated distances 
were larger than the set threshold (10  cm), the branch 
was considered a vegetative branch. Otherwise, it was 
considered a fruiting branch. The threshold was manu-
ally determined based on the studied plants. As shown 
in Fig.  7, cotton bolls on fruiting branches are directly 
connected to the main branch through a short peduncle. 
In contrast, vegetative branches typically grow second-
ary branches from the main branch, and the cotton bolls 
on vegetative branches are located on these secondary 
branches, resulting in a greater distance from the main 
branch. By comparing multiple threshold values, we 
found that 10 cm was the most appropriate threshold.

Evaluation metrics
Accuracy, intersection over union (IoU), precision (P) 
recall (R) and F1-score (F1) were used to evaluate the 
performance of the point cloud segmentation. Accuracy 
is the ratio of correctly predicted data points to the total 
number of data points. IoU indicates the similarity of the 
predicted region of a category to the ground truth region. 
P and R denote the proportion of correctly predicted 
points to the total predicted points and total ground 
truth points, respectively. F1 is a comprehensive indica-
tor calculated as the harmonic mean of P and R. For all 
the above indicators, the larger the value, the better the 
segmentation result. The five indicators are defined as:

	
Accuracy = TP + TN

TP + TN + FP + FN
� (1)

	
IoU = TP

TP + FP + FN
� (2)

	
P = TP

TP + FP
� (3)

	
R = TP

TP + FN
� (4)Fig. 7  Vegetative branches and fruiting branches on a cotton plant. Blue 

points represent vegetative branches, green points represent fruiting 
branches, and red points represent the main stem
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F1 = 2 • P • R

P + R
� (5)

Where TP, TN, FP, and FN represent the number of true 
positive, true negative, false positive, and false negative 
points of a certain class, respectively.

The evaluation of traits was conducted using root mean 
square error (RMSE), mean absolute error (MAE), and 
mean absolute percentage error (MAPE). Here, Ni rep-
resents the predicted value of the i-th sample, mi repre-
sents the true value of the i-th sample, and n is the total 
number of samples.

	
RMSE =

√
1
n

∑
n
i=1(Ni − mi)2� (6)

	
MAE = 1

n

∑
n
i=1 |Ni − mi|� (7)

	
MAPE = 100%

n

∑
n
i=1

∣∣∣∣
Ni − mi

mi

∣∣∣∣� (8)

Results
Performance of PointNet++ on semantic segmentation
PointNet++ achieved excellent performance in semantic 
segmentation on both the cotton plant (mIoU = 0.896) 
and branch (mIoU = 0.897) datasets, successfully seg-
menting cotton bolls from the branches. Table 3 presents 
the good performance of PointNet++ in terms of both 
accuracy and mIoU on two distinct datasets. In terms of 
categorization, the model efficiently partitions the point 
cloud into cotton bolls and non-bolls, with particular 
effectiveness in segmenting cotton bolls, which are of 
primary interest in this study. It’s worth noting that the 
intersection over union (IoU) for cotton bolls exceeds 
0.9, indicating a higher level of segmentation accuracy 
compared to non-cotton bolls. The model size of Point-
Net++ was 20  MB, with 1.48  million parameters, dem-
onstrating that despite the model’s relatively small size, 
it was capable of segmenting dense cotton plant point 
clouds. On the NVIDIA DGX A100 GPU, the training 

Table 3  Segmentation performance of PointNet++ on the 
individual plant and branches

Accuracy mIoU Boll IoU Branch IoU
Whole plant dataset 0.954 0.896 0.932 0.860
Branch dataset 0.968 0.897 0.929 0.865

Fig. 8  Primary branch point acquisition based on point cloud meshing. (a) Point cloud with multiple gaps. (b) Point cloud meshing processing. (c) Mesh 
sampling into point cloud. (d) Shortest path points (The red points represent the primary branches defined in this study)
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time for a single cotton plant dataset was 7.1 h, and the 
testing time for 25 samples was 81s (with 100,000 sam-
pling points). The training time for the branch dataset 
was 6.3 h, and the testing time for 343 samples was 190s 
(with 5,000 sampling points).

Figure 9 shows the test results achieved by PointNet++. 
The model demonstrates its ability to effectively segment 
plants and branches of varying shapes, with only a few 
points predicted incorrectly (highlighted as red points 
in Fig. 9c). The main errors are concentrated in the areas 
where cotton bolls and branches are in contact, mainly 
due to their high similarity, which makes it challenging 

for the model to accurately distinguish the boundar-
ies. Furthermore, there is a tendency for small spherical 
point cloud regions to be erroneously segmented as cot-
ton bolls. However, by applying a point threshold (e.g., 
100 points), these erroneous segmentations can be fur-
ther eliminated. The PointNet++ model has shown good 
performance in accurately depicting cotton bolls.

Boll number counting for the single cotton plant
The boll counting results obtained from the pro-
posed method were highly accurate and demonstrated 
a strong correlation with manual counting results 
(Fig.  10). Twenty-five representative samples were care-
fully selected for the counting evaluation, considering 
their diverse shapes, varying structural complexities, 
and different numbers of bolls per plant. The evaluation 
revealed an overall boll counting accuracy of over 90% 
(MAPE = 8.53%) with an R² value of 0.99. However, it is 
worth noting that in 14 out of the 25 samples illustrated 
in Fig. 10a, the algorithm predictions underestimated the 
actual values. This underestimation can be attributed to 
the clustering process, where the algorithm erroneously 
groups different cotton bolls into a single cluster due to 
their close proximity. Additionally, 9 samples were over-
estimated. This is because some non-boll points are 
predicted to be bolls during the PointNet++ semantic 
segmentation process, causing these isolated points to be 
aggregated into boll instances. This evidence that select-
ing an appropriate clustering threshold is also crucial for 
accurate counting.

Overall, despite these challenges, the counting results 
obtained in this study are considered acceptable. While 
the method we developed does not yet achieve the 100% 
accuracy of manual counting, the high correlation of 
0.99 between the predicted and actual boll counts dem-
onstrates the reliability of our method and has already 
met the requirements of our breeding program (count-
ing errors are required to be less than 20%). Although 14 
out of the 25 samples underestimated boll counts due to 
clustering of closely positioned bolls and 9 samples over-
estimated due to misclassified points, these deviations 
did not significantly affect the overall ranking or selection 
of high-yielding plants. More importantly, our predicted 
boll counts provide a practical and efficient means to 
estimate the yield of individual cotton plants (as shown 
by the red bar in Fig. 10a), which is highly beneficial for 
selecting high-yielding plants in cotton breeding.

Different plant structures influence the accuracy of cot-
ton boll counting. When the bolls on a plant are sparse, 
the larger gaps between them result in predicted counts 
that closely match the ground truth. However, when the 
bolls are densely packed, they tend to touch each other, 
which can cause multiple bolls to be grouped into a 
single cluster, leading to counting errors. Once multiple 

Fig. 9  Visualization of semantic segmentation using PointNet++ on 
whole plants and branches. (a) Ground truth of the annotated data. (b) 
Prediction from semantic segmentation by PointNet++. (c) Difference be-
tween the ground truth and the prediction (red points represent errors 
while blue points represent correctly predicted points). The first six rows 
are individual plant data, and the last two rows are branch data
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bolls merge into a cluster, the cluster’s volume increases 
significantly. Optimizing boll counting accuracy based on 
volume is a potential direction for future improvements.

Mapping vertical distribution of cotton bolls on a single 
plant
The spatial position and distribution of cotton bolls at 
different heights can be easily observed and understood 
by data visualization (Fig.  11). In Fig.  11a, each clus-
ter was assigned a color to represent a predicted boll, 
and the location of each cotton boll was plotted across 
the entire plant. Figure 11b provides a rough estimation 
of cotton boll numbers for the equally divided upper, 
middle, and lower parts. It allows us to observe the yield 
distribution in these three parts for plants with different 
structures. During the growth of cotton bolls, the lower 
bolls mature first but receive limited sunlight due to their 
position. The upper bolls, which mature last, are more 
affected by water and nutrient availability, often result-
ing in relatively lower quality. In contrast, the middle 
bolls benefit from adequate sunlight and nutrient supply, 
making them more likely to produce high-quality cotton 
bolls. We can roughly estimate the yield distribution by 

dividing the cotton bolls into three Sects. [52, 53]. Fig-
ure  11c is a highly detailed yield distribution map that 
counts the number of cotton bolls at every 10 cm height 
interval. The proportions of cotton bolls at different 
heights are also displayed in the figure. Since boll den-
sity is one of the most important determinants of yield 
[2], this comprehensive depiction offers insights into the 
overall yield distribution across the entire plant.

Evaluation of TreeQSM on main stem and branch instance 
segmentation
The TreeQSM algorithm showed promising results in 
effectively separating plants into main stems and indi-
vidual branches. Table  4 shows that the method is par-
ticularly effective for segmenting the main stem, while 
the segmentation performance for individual branches 
is slightly less effective. A plant has only one main stem, 
which reduces the sources of segmentation errors. 
The main stem is usually thicker and straighter than 
branches, while branches are sometimes densely inter-
twined, increasing the complexity of branch segmenta-
tion. Overall, TreeQSM is suitable for various cotton 
plant structures, including upright and slightly curved 

Fig. 10  Cotton boll counting results from whole plants. (a) Comparison of predicted and ground truth cotton boll numbers from 25 plants and 13 geno-
types. (b) Linear regression of cotton boll numbers between predicted from our algorithm and the ground truth
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main stems and sparse or dense but non-overlapping 
branches (Fig.  12). This flexibility makes the algorithm 
highly versatile, capable of addressing the needs of differ-
ent plant architectures. This method is suitable not only 
for large, robust trees but also for plants with fine main 
stems and branches, such as cotton. The segmentation of 
the main stem and branches of cotton plants achieved an 
average F1 of 0.841 and an Accuracy of 0.874, effectively 
meeting the needs of subsequent research.

TreeQSM segmentation results overall achieved consis-
tently high accuracy across different genotypes but also 
vary to certain extent in the test set (Fig. 13). When indi-
vidual branches do not touch—whether they are sparse 
(e.g., genotype ST5020) or relatively dense (e.g., geno-
type Acala Maxxa)—TreeQSM can accurately segment 
the entire plant into individual branches and the main 
stem. However, in some genotypes, branches are densely 
packed and touch each other, leading to suboptimal 

segmentation results. In the T101MCN genotype, some 
cotton bolls are tightly attached to the main stem, caus-
ing boll point clouds to be included in the segmented 
main stem. TreeQSM can handle slight curvature in the 
main stem, but when the main stem is severely curved, 
the segmentation results are less accurate (e.g., genotype 
T1046cBC1.GH212). The above results are based on the 
currently collected data. Since the structure of cotton 
plants is influenced not only by genotype but also by the 
growing environment, which in turn affects the segmen-
tation results, further analysis with additional plant sam-
ples is required in the future.

Mapping of the boll distribution relative to the main stem
The bolls on each branch were mapped relative to the 
main stem according to their Euclidean distance from 
it. To evaluate boll distribution, this experiment treated 
bolls of the same position from the main stem as one 
class. In the assessment results shown in Table 5, Level_1 
(represented by the red bolls in Fig. 14) exhibits the high-
est accuracy in cotton boll distribution, while the accu-
racy visibly decreases as the distance of the bolls from the 
main stem increases. The boll distribution map presents 
the count of bolls at each position from the main stem, 

Table 4  Evaluation of TreeQSM segmentation results
P R F1 Accuracy

Main stem 0.945 0.825 0.875 0.952
Branch 0.797 0.884 0.807 0.796
Average 0.871 0.855 0.841 0.874

Fig. 11  Illustrate of the vertical distribution of cotton bolls from two samples. (a) Instance segmentation of cotton bolls based on Euclidean clustering. 
Each cotton boll is randomly assigned a color in HSV color space. (b) Number of bolls in the top, middle and bottom parts. Blue points represent the top 
bolls, green points represent the middle bolls, and red points represent the bottom bolls. (c) Number of bolls at different heights with 10 cm increments
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and it consistently shows that cotton plants with different 
structures exhibit the highest number of bolls at the first 
level. Since the first and second levels make up the major-
ity of the bolls, we only evaluated the first two levels.

The accuracy of the cotton boll distribution map is the 
result of multiple factors. First and foremost, it is related 
to TreeQSM, as only by accurately segmenting individual 
branches can each cotton boll be mapped to its corre-
sponding branch. Another factor is PointNet++, whose 
primary responsibility is to separate bolls from individual 
branches. Next is the clustering operation to obtain indi-
vidual boll instances to calculate the distance from each 
boll to the main stem. All the aforementioned factors 
affect the quality of the cotton boll distribution map.

Branch type classification
By leveraging the instance segmentation results of 
main stems and branches from the TreeQSM, individ-
ual branches of each plant were further classified into 
vegetative branches and fruiting branches. Figure  15 
presents a visualization of branch classification for dif-
ferent samples, where red, green, and black correspond 
to vegetative branches, fruiting branches, and main 
stems, respectively. Based on the evaluation results, the 
method demonstrates robustness (R2 = 0.83) when com-
paring predicted values of the vegetative branches with 
their corresponding real values (Fig.  16). It can be seen 
from the displayed samples that the number of vegeta-
tive branches is less than that of fruiting branches, and 
the vegetative branches grow only at the lower part of the 
main stem.

Fig. 12  Illustration of branch and main stem instance segmentation based on TreeQSM for nine plant samples. Black points represent the main stem, 
while the remaining branches connected to the main stem are assigned different colors
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Discussion
Research problem and practical significance
This research presents a methodology to map cotton 
bolls, main stems, and branches with a high spatial reso-
lution. The method provides a convenient tool for breed-
ers and physiologists to identify genotypes with desirable 
traits. The first aspect of the method involves estimat-
ing the boll number per plant. The method used in this 
study achieved a strong correlation with the ground truth 
(R2 = 0.99) and a low mean absolute percentage error 
(MAPE = 8.53%). Compared to the segmentation of maize 
ears [54], our segmentation of cotton bolls achieved a 
mIoU that was 5% higher, indicating that PointNet++ was 
better suited for cotton boll segmentation. In the organ-
level trait assessment of maize plants [30], the estimated 
values for leaf length, plant height, and stem length had 
R values exceeding 0.9, showing a higher correlation with 
the actual values compared to our cotton boll counting 
correlation. This is a particularly notable achievement 
since boll density (bolls per plant ×  plant density) is a 
major driver of environment-induced yield variability, 
and has been shown to be correlated with genetic yield 
improvement as well [55]. For example, boll number is 
the dominant driver of nitrogen and water-induced yield 
variation in cotton [2, 41, 56], and biotic stressors such 
as pathogenic nematodes and viruses can substantially 

limit boll numbers and yield [5, 10]. Campbell et al. [57] 
showed that yield improvement in South Carolina Breed-
ing programs was partially associated with an increase in 
boll production.

In the second aspect of the method, the spatial distribu-
tion of cotton bolls on plants was mapped, which allows 
for the visualization of the vertical (along plant height) 
and horizontal (relative to the main stem) distributions 
of cotton bolls. Regarding the vertical distribution of 
bolls in space, for instance, phenotypic traits (such as boll 
numbers and retention rates, contributions to yield, and 
fiber quality) peak at main stem nodes near the middle 
of the canopy [58]. From the perspective of horizontal 
distribution along a fruiting branch, fruiting sites clos-
est to the main stem have higher retention rates and the 
bolls are larger and of better fiber quality than those fruit 
nodes that are farther away from the main stem [5, 59]. 
Fruit distribution patterns can also affect the suitability 
of cotton cultivars for specific environments [60]. For 
example, in short-season environments, cultivars with 
more compact fruit distribution patterns (greater fruit 
set at lower nodes and the majority of bolls distributed 
over a smaller range of nodes) would be favored. In con-
trast, cultivars with fruit distributed over a wider range of 
nodes would be favored in long-season environments to 
maximize yield potential.

Our methods not only offer a comprehensive approach 
to cotton boll analysis, providing estimates of boll num-
bers and insightful visualizations of their spatial dis-
tribution, but also could be readily applied to stress 
physiology research in cotton. For example, biotic and 
abiotic stressors have been shown to affect boll distribu-
tion patterns [5, 61], but the application of plant mapping 
methods broadly to stress physiology in cotton has been 
limited due to the time and labor constraints associated 
with manual mapping. Similarly, genotypic differences in 

Table 5  Evaluation of the distribution of bolls relative to the 
main stem. Level_1 includes the cotton bolls on each branch 
that are closest to the main stem (the red Bolls in Fig. 14); level_2 
includes the cotton bolls on each branch that are the second 
closest to the main stem (the green bolls in Fig. 14)

P R F1
Level_1 0.762 0.635 0.688
Level_2 0.622 0.461 0.510
Average 0.692 0.548 0.599

Fig. 13  Comparison of TreeQSM segmentation results across different genotypes
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fruit distribution patterns affect a cultivar’s maturity and 
yield potential in a given environment [60]. However, the 
application of plant mapping to cultivar improvement 
efforts has been limited due to the time constraints asso-
ciated with traditional hands-on approaches. The meth-
ods presented here will significantly advance efforts to 
alleviate this bottleneck.

From a cotton breeding perspective, the ability to suc-
cessfully map plant organ and architectural traits could 
open a new paradigm in yield improvement. While cot-
ton breeders have made steady genetic gains in lint yield, 
it came at the expense of smaller seed size because selec-
tive breeding for new cultivars has relied heavily on driv-
ing higher lint percent [62, 63] also called gin turnout, 
which is the measurement of the weight ratio of lint to 
seedcotton. The lint percent of modern cultivars has been 

increasing in the last three decades, is now approach-
ing 45%, meaning that close to half of the seedcotton 
by weight is composed of lint fiber. Consequently, seed 
size being inversely related to lint percent, has become 
smaller over the same time period and is now negatively 
impacting germination and seedling vigor [64, 65]. In 
fact, seedling vigor and stand establishment rank among 
the top concerns for US cotton producers. The long-
term solution to the challenges of lint yield improvement 
would require targeting other yield component traits that 
do not contribute to smaller seed size such as increasing 
the number of cotton bolls per plant by extending the 
reproductive time period to produce higher numbers of 
fruiting internodes. However, these plant architecture 
traits are seldom collected in cotton breeding programs 
due to added cost and labor requirements. An accurate 

Fig. 14  Mapping the distribution of cotton bolls relative to the main stem for nine plant samples. Among them, boll 1 represents the boll closest to the 
main stem on each branch (shown in red); boll 2 represents the next closest boll (shown in green); boll 3 represents the third boll closest to the main stem 
(shown in blue). Each level was assigned a different color
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measurement on the spatial and temporal distribution of 
cotton bolls offers unprecedented opportunity for breed-
ers to select for new improved plant architectural traits.

Error analysis
The accuracy of cotton boll counting is related to the seg-
mentation results of PointNet++ and Euclidean clustering 
(Fig. 17). After PointNet++ segments the cotton plants, a 
small portion of branches may be incorrectly segmented 
as cotton bolls, as shown in the red boxes in Fig. 17b. Sub-
sequent clustering operations will inevitably group these 
mis-segmented points into cotton bolls. Although clus-
ters with fewer than 100 points were removed, this does 
not guarantee that all mis-segmented points are elimi-
nated (Fig.  17a). The threshold for Euclidean clustering 
is an empirically chosen value that relates to the density 
of the point cloud and the distribution characteristics of 
the cotton bolls. Since the point clouds used in this study 
are dense and the cotton bolls are relatively compact, we 
selected a relatively small threshold. For the selection of 

the clustering threshold, this experiment tested three 
clustering distance thresholds: 0.6  cm, 0.8  cm, and 
1.0  cm, to determine the optimal value (Fig.  18). The 
results indicate that a 0.8  cm threshold yields the most 
accurate counts. A larger threshold tends to merge mul-
tiple bolls into a single cluster, while a smaller threshold 
would split a single boll into multiple clusters.

Segmentation errors are related to cotton boll yield 
estimation. When under-segmentation occurs, multiple 
cotton bolls are merged into a single cluster, which often 
leads to underestimation of yield. In contrast, over-seg-
mentation may cause a single boll to be mistakenly iden-
tified as multiple bolls or non-boll point clouds to be 
misclassified as bolls, resulting in overestimation of yield. 
Additionally, the size of the cotton bolls also influences 
yield estimation.

The segmentation performance of TreeQSM directly 
impacts the distribution of cotton bolls on each branch 
and the classification of branch types. The main issue 
with TreeQSM on cotton plants is that a small portion of 

Fig. 15  Visualization of qualitative results of branch type classification from nine examples. The red points are the vegetative branches (VB), the green 
points are the fruiting branches (FB), and the black points are the main stem

 



Page 19 of 24Jiang et al. Plant Methods           (2025) 21:66 

Fig. 17  Error analysis of cotton boll counting. (a) The number of points in each cluster after Euclidean clustering. (b) Cotton boll instance segmentation 
results, with red boxes indicating non-cotton bolls predicted as cotton bolls

 

Fig. 16  Quantitative results of branch type classification from 25 samples. (a) Comparison of vegetative branch counting results between the ground 
truth and predictions of different samples. (b) Linear regression of vegetative branch numbers between the predicted number and ground truth
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the main stem cannot be fully segmented. In the first two 
plants shown in Fig. 19, only a small part at the top of the 
main stem is segmented incorrectly. In contrast, the plant 
on the far right suffers from significant segmentation 
issues due to the main stem being excessively curved, 
resulting in most of the main stem and its branches not 
being segmented.

Advantages and limitations
Compared to previous imaging-based methods for plant 
phenotyping, our approach offers several advantages. 
Firstly, it utilizes 3D point cloud data, which helps reduce 
the occlusion problem encountered when working with 
2D images [66, 67]. Point clouds have an additional depth 
dimension compared to 2D images, which enables them 
to not only achieve object counting like in 2D images 
but also provide more 3D traits such as volume, spatial 
shape, and more. Additionally, the identification of cot-
ton bolls is implemented using the deep learning model 

PointNet++, which automatically learns point cloud fea-
tures, eliminating the need for manual feature engineer-
ing common in traditional machine learning approaches. 
In certain segmentation tasks involving sorghum, grapes, 
and wheat, extracting specific features like eigenvalues of 
the local covariance matrix, fast point feature histogram, 
and principal curvature for different plants requires sig-
nificant manual effort. However, this manual feature 
extraction approach falls short in terms of the generaliza-
tion achieved by deep learning methods [68–70] In the 
end, the experiment successfully mapped the distribution 
of cotton bolls within each branch, which is more refined 
than the previous analysis of the overall distribution of 
cotton bolls in the plot [39, 40]. The resulting boll distri-
bution map provides a higher level of detail with organ-
level characteristic features.

While the methodology proposed in this study has 
accomplished the main objectives, there are areas that 
warrant further refinement. One limitation arises dur-
ing data processing when specific thresholds need to 
be set according to cotton plant characteristics, thereby 
somewhat hindering the pipeline’s general applicability. 
These thresholds include the distance parameters dur-
ing boll clustering, the size used for generating the cover 
set in TreeQSM, and the distance threshold employed 
when classifying branch types. In this research, while the 
PointNet++ semantic segmentation demonstrated strong 
performance on the dataset and accurately differentiated 
cotton bolls from branches, the TreeQSM instance seg-
mentation requires additional enhancements. Current 
challenges include inaccurate segmentation when dealing 
with smaller branch ends. Moreover, the clustering pro-
cess needs refinement since bolls tend to cluster together 
when they are in contact. Another major limitation of 
this study is that the method is not an end-to-end model 
for obtaining results, which reduces computational effi-
ciency. We need to store the segmented point clouds and 
then perform post-processing steps to achieve cotton boll 
counting, spatial distribution analysis, and other tasks. 

Fig. 19  Three examples of TreeQSM mis-segmentation. Black points represent the main stem, while each of the remaining branches is assigned a differ-
ent color

 

Fig. 18  Effect of different clustering thresholds on cotton boll counting. 
Three distance thresholds—0.6 cm, 0.8 cm, and 1.0 cm—were compared
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This somewhat limits the overall flexibility of the method. 
These issues constitute the primary focus of our upcom-
ing research. During the data preprocessing stage, this 
study manually removed the ground to isolate individual 
plants, a method that proves inefficient for large-scale 
datasets. The plan is to develop an automated ground 
removal algorithm that leverages deep learning tech-
niques to automatically identify and separate the ground 
from the plant parts, thereby enhancing the efficiency of 
data processing.

This study has a few other limitations regarding both 
data collection and the research subject. First, data col-
lection was conducted in an indoor environment, which 
may limit the model’s applicability in other settings. 
While lighting conditions and background are relatively 
controlled indoors, outdoor environments pose chal-
lenges due to variations in lighting, wind speed, and 
complex backgrounds, which can interfere with data col-
lection and result in missing plant point clouds or exces-
sive noise.

Second, the LiDAR device (FARO Focus S70) we used 
was expensive, costing over $20,000, which made its 
practical application in plant phenotyping challenging. 
At the time, some low-cost RGB-D cameras had made 
contributions to the field of plant phenotyping [71], but 
the quality of the point clouds they generated was lower 
compared to those captured by LiDAR. Additionally, 
emerging high-quality 3D reconstruction methods, such 
as Neural Radiance Fields (NeRF), have become promis-
ing research directions for our future work [72].

Third, the current research focuses on processing point 
cloud data from individual cotton plants, which limits its 
applicability to scenarios involving multiple or densely 
packed plants. Studies of individual plants provide guid-
ance for large-scale breeding programs. In cotton breed-
ing, early-generation screening in the F3 and sometimes 
F4 generations is typically performed through single-
plant selection. Cotton breeders routinely make thou-
sands of observations on individual plants to identify 
candidates for advancement to progeny rows, represent-
ing a major bottleneck in the breeding pipeline. Further-
more, the entire selection process is subjective, relying on 
personal judgment rather than data-driven approaches. 
The method we propose enables the accurate capture of 
detailed architectural and phenotypic traits, which can 
then be used to objectively cull plants with undesirable 
traits, such as those possessing a low number of fruit-
ing internodes or failing to retain fruits in the second or 
third positions on the adaxial branch. While the method 
is more suited to small-scale breeding programs, address-
ing the complexities of large-scale breeding requires new 
approaches capable of processing plot-level data. Large-
scale plant analysis, particularly under challenges such 
as mutual occlusion and intertwined branches, is a key 

focus of our future research. Studying individual plants 
serves as an important foundation, providing a controlled 
environment to accurately capture architectural and phe-
notypic traits. This precision is essential for developing 
and validating effective methods for 3D segmentation, 
trait measurement, and spatial analysis. By evaluating 
the accuracy of point cloud segmentation on individual 
plants, we establish a basis for extending these tech-
niques to broader applications and advancing research in 
cotton plant phenotyping.

Finally, while the spatial distribution and size of cotton 
bolls inferred from 3D point cloud data provide valuable 
insights into yield estimation, this approach has inher-
ent limitations in directly assessing fiber quality. Point 
cloud data cannot directly provide information about the 
internal properties of the material, whereas fiber qual-
ity attributes—such as length, strength, maturity, and 
uniformity—require more in-depth microstructural and 
physical analyses. Estimating boll mass and lint percent-
age is crucial for breeding, and we plan to measure these 
parameters in the future.

This approach has its promises as well as limitations. To 
extend its applicability to high-throughput phenotyping 
(HTP) to be integrated into cotton breeding programs, 
several key improvements are needed in the future. First, 
using our laboratory’s self-designed ground robot system, 
MARS [73], for automated data collection will improve 
the workflow’s scalability for large-scale breeding pro-
grams. Second, automating data preprocessing (such 
as ground removal and plant segmentation) using deep 
learning techniques will significantly increase processing 
efficiency and reduce manual intervention. Developing 
an integrated, end-to-end model based on deep learning 
will simplify the point cloud segmentation process. The 
ultimate goal is to transition from individual plant analy-
sis to plot-level breeding applications, enabling large-
scale selection of superior varieties.

Conclusions
This study introduces a novel approach, integrating 
PointNet++ and TreeQSM, to map cotton bolls not only 
on the whole plant, but also on individual branches, a 
feat not previously accomplished. This innovative meth-
odology provides a valuable tool for 3D plant mapping, 
potentially providing an alternative path to improve cot-
ton yield to complement traditional breeding methods 
without sacrificing seed size and seeding vigor. A poten-
tial limitation arises in the necessity for configuring spe-
cific algorithm parameters in accordance with the unique 
structure of each cotton plant with substantial structural 
differences. Future work will also involve the exploration 
of an end-to-end 3D deep learning model with a larger 
sample size.
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