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Accurate acquisition of tobacco phenotypic traits is crucial for growth
monitoring, cultivar selection, and other scienti�c management practices.
Traditional manual measurements are time-consuming and labor-intensive,
making them unsuitable for large-scale, high-throughput �eld phenotyping.
The integration of 3D reconstruction and stem– leaf segmentation techniques
offers an effective approach for crop phenotypic data acquisition. In this study,
we propose a tobacco phenotyping method that combines unmanned aerial
vehicle (UAV) remote sensing with an improved PointNet++ model. First, a 3D
point-cloud dataset of �eld-grown tobacco plants was generated using multi-
view UAV imagery. Next, the PointNet++ architecture was enhanced by
incorporating a Local Spatial Encoding (LSE) module and a Density-Aware
Pooling (DAP) module to improve the accuracy of stem and leaf segmentation.
Finally, based on the segmentation results, an automated pipeline was developed
to compute key phenotypic traits, including plant height, leaf length, leaf width,
leaf number, and internode length. Experimental results demonstrated that the
improved PointNet++ model achieved an overall accuracy (OA) of 95.25% and a
mean intersection over union (mIoU) of 93.97% for tobacco plant segmentation
—improvements of 5.12% and 5.55%, respectively, over the original PointNet++
model. Moreover, using the segmentation results from the improved PointNet++
model, the predicted phenotypic values exhibited strong agreement with
ground-truth measurements, with coef�cients of determination (R�) ranging
from 0.86 to 0.95 and root mean square errors (RMSE) between 0.31 and 2.27
cm. This study provides a technical foundation for high-throughput phenotyping
of tobacco and presents a transferable framework for phenotypic analysis in
other crops.
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1 Introduction
Tobacco, as one of the world’s major economic crops, requires

accurate plant phenotypic parameters for cultivar improvement and
optimization (Koh et al., 2021). Traditional tobacco phenotyping data
collection primarily relies on manual measurements, which are time-
consuming, costly, prone to human error, and may damage plant
morphology, making them unsuitable for large-scale phenotypic
analysis tasks (Kaiser et al., 2018). UAV remote sensing technology
addresses the limitations of traditional phenotyping methods by
offering advantages such as rapid, non-destructive, and �exible data
collection, becoming a promising tool for acquiring �eld crop
phenotypic information. Using multi-view remote sensing imagery
captured by UAVs, combined with 3D reconstruction technology, it
is possible to obtain the complete geometric structure of plants in a
non-contact manner, enabling re�ned phenotypic parameter
extraction through plant segmentation.

In UAV-based plant phenotyping studies, stem-leaf
segmentation remains a challenging task (Chen et al., 2025).
Traditional segmentation methods primarily rely on techniques
such as region growing, attribute clustering, and skeleton
extraction. For instance, Li et al. proposed a leaf segmentation
method for dense plant point clouds based on small planar region
growing, which involves three steps: point cloud preprocessing,
over-segmentation of planar regions, and region growing, to achieve
individual leaf segmentation in greenhouse ornamental plants
(Li et al., 2018). Ferrara et al. employed the DBSCAN density-
based clustering algorithm to analyze plant point clouds collected
by LiDAR, enabling the automatic separation of tree leaves and
trunks (Ferrara et al., 2018). Sun et al. constructed a dual-threshold
segmentation approach using the Otsu algorithm, based on plant
height and re�ectance intensity in different parts of rice panicles,
and optimized point cloud processing through super pixel and
mean-shift clustering methods (Sun et al., 2021). Although these
methods have achieved certain success in plant stem-leaf
segmentation, they heavily depend on manually de�ned rules,
involve high computational complexity, and are dif�cult to scale
for high-throughput phenotyping. With the advancement of deep
learning, its end-to-end feature extraction and adaptive
optimization capabilities offer a more robust and computationally
ef�cient solution for plant stem-leaf segmentation.

Deep learning-based segmentation methods are generally
categorized into four types: projection-based, voxel-based, graph-
based, and point-based approaches (Sarker et al., 2024). Among
these, projection, voxelization, and graph-based methods require
the transformation of point cloud data into regular grid or graph
structures (Shi et al., 2019; Yang et al., 2021; Saeed et al., 2023).
However, these transformations often lead to the loss of three-
dimensional information and �ne details during processing (Das
Choudhury et al., 2020; Zi� ba-Kulawik et al., 2021). And may also
introduce instability in adjacency construction and feature
propagation (Phan et al., 2018; Mirande et al., 2022).

In contrast, point-based methods operate directly on raw point
cloud data without requiring spatial transformations, allowing for
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better preservation of original geometric information. This
advantage is particularly important in point cloud segmentation
tasks, where maintaining �ne-grained local geometric features is
essential. Point-based methods also effectively avoid the detail loss
issues commonly associated with voxelization and graph
construction. In addition, these methods typically require fewer
computational resources and are well-suited for handling complex
and irregular point cloud structures, making them increasingly
popular in plant phenotyping applications (Turgut et al., 2022;
Yang et al., 2024).

In the �eld of tobacco phenotypic trait extraction, the application
of these methods remains relatively limited. Existing approaches
primarily rely on depth cameras or LiDAR to obtain point cloud
data of individual tobacco plants, followed by segmentation using
clustering algorithms. However, such methods often struggle with
insuf�cient feature extraction capability, low computational
ef�ciency, and uneven point cloud density when processing the
detailed structures of tobacco organs (Briechle et al., 2020; Zhu
et al., 2023). Furthermore, variations in plant growth stages
introduce additional noise and structural changes in the point
cloud data, further affecting segmentation accuracy. To address
these challenges, this study proposes a deep learning-based method
for tobacco organ segmentation and phenotypic trait computation.
The main contributions are as follows:
1. In this study, we constructed a tobacco point cloud dataset
to enhance model robustness. A 3D point cloud model of
tobacco plants was generated using multi-view UAV image
acquisition, followed by point cloud preprocessing and
manual annotation. This dataset improves the uniformity
of point cloud density and contributes to more accurate
phenotypic analysis.

2. We proposed an improved PointNet++ model. Building
upon the original PointNet++ architecture, the model
adopts a multi-layer feature extraction strategy and
integrates a Local Spatial Encoding (LSE) module and a
Density-Aware Pooling (DAP) module. First, a multilayer
perceptron (MLP) is used to learn basic point cloud
features. Then, the LSE module captures local spatial
relationships to enhance the representation of complex
plant structures. Finally, the DAP module adaptively
selects pooling strategies based on neighborhood point
cloud density, improving the fusion of salient local
features and addressing the limitations of traditional
methods in feature extraction.

3. We integrated stem-leaf segmentation with phenotypic
parameter computation to improve the ef�ciency of
phenotypic data acquisition. This method extracts
phenotypic parameters, including plant height, leaf
length, leaf width, leaf number, and internode length. In
the �eld of tobacco, a phenotypic parameter calculation
method has been proposed, which successfully resolves the
contradiction between measurement accuracy and
ef�ciency in phenotypic parameter determination.
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2 Materials and methods
This study is divided into the following four main

parts (Figure 1):
Fron
1. Tobacco point cloud dataset construction: Multi-view
images of tobacco plants were collected using a UAV,
tiers in Plant Science 03
and a 3D point cloud model was reconstructed.
Individual plant extraction and point cloud preprocessing
were performed to provide a data foundation for
model training.

2. Tobacco stem-leaf segmentation network: An improved
network based on PointNet++ was proposed. Coordinate
normalization was �rst applied to the input point cloud to
FIGURE 1

Overall work�ow for calculating tobacco phenotypic parameters.
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Fron
standardize spatial information, followed by enhancement of
the feature extraction module to improve the segmentation
performance of the model for tobacco stem and leaf
structures. The model was then trained accordingly.

3. Phenotypic parameter calculation: Based on the
segmentation results, coordinate de-normalization was
performed to restore the actual scale, and phenotypic
traits such as plant height, leaf length, leaf width, leaf
number, and internode length were calculated.

4. Result evaluation: Evaluation was conducted from two
perspectives: segmentation performance and phenotypic
accuracy. The segmentation results were validated
through comparisons with mainstream models and
ablation experiments, while the accuracy of phenotypic
parameter estimation was veri�ed against measured data.
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2.1 Dataset and collection

2.1.1 Experimental area
The experimental area is located at the Guandu Experimental Base

of the Hunan Tobacco Technology Center in Liuyang, Hunan Province
(Figure 2). This region has a subtropical monsoon humid climate with
abundant rainfall and favorable light and heat conditions. A total of 400
tobacco breeding materials were planted in the experimental area.
Tobacco seedlings were transplanted in March 2024 with a row spacing
of 120 cm and a plant spacing of 50 cm.

2.1.2 Data collection
Data collection for this study was conducted at two critical

developmental stages of tobacco: the peak growth stage (June 23,
2024) and the post-topping stage (July 13, 2024) (Figure 2). The data
FIGURE 2

Tobacco image data collection. (A) schematic of the experimental base; (B) experimental data collection area; (C) UAV captured multi-view tobacco
images during two different periods.
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types included UAV imagery and detailed ground-based phenotypic
measurements, all collected on the same day for each stage.

(1) UAV imagery data
The image data were acquired using a DJI Inspire 2 unmanned

aerial vehicle (UAV) equipped with a Zenmuse X5s camera (35 mm
focal length). The camera has an effective pixel count of 20.8 million
and a maximum resolution of 5280×3956. The UAV �ew at a height
of 5 meters and captured images of the tobacco plants at 30°, 60°,
and 90° angles. The �ight speed was set to 2 meters per second,
resulting in a total of 2220 images collected (Figure 2).

(2) Ground-based tobacco phenotypic data
Phenotypic data were obtained through manual measurements,

including the true values of tobacco plant height, leaf length, leaf
width, leaf number, and internode length. During measurement,
plant height was de�ned as the straight-line distance from the
ground to the highest leaf; leaf length was the straight-line distance
from the point where the leaf connects to the stem to the leaf tip;
leaf width was measured as the maximum width perpendicular to
the main vein direction; leaf number was determined by manual
counting; and internode length was de�ned as the vertical distance
between the base of the upper and middle leaves.
2.2 Tobacco point cloud model
reconstruction and processing

2.2.1 Tobacco point cloud model reconstruction
This study employs a multi-view image-based reconstruction

technique, using Structure From Motion (SFM) and Multi-View
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Stereo (MVS) methods to construct the tobacco point cloud model
(Luo et al., 2024). The reconstruction process includes the
generation of sparse point clouds and the reconstruction of dense
point clouds (Gonc�alves et al., 2021). The entire reconstruction
process was done using the structure-from-light measurement
software Agisoft Metashape (version 2.1.2).

The SFM-MVS work�ow includes the following steps (Gao
et al., 2022) (Figure 3): (1) Feature Extraction and Matching: Key
feature points are extracted from the input multi-view tobacco
images, and feature matching relationships are established between
the images. (2) Camera Pose Estimation: Based on the feature
matching results, the camera’s position and orientation are
estimated for each capture location. (3) Sparse Point Cloud
Generation: Using the camera poses and matched feature points,
the 3D coordinates of the feature points are recovered through
triangulation, generating the sparse point cloud. (4) Dense Point
Cloud Reconstruction: The sparse point cloud is re�ned by
increasing point density, fusing multi-view image information to
generate a detailed dense point cloud.

2.2.2 Ground point removal
Due to the large space occupied by ground points in the model

and their frequent mixing with tobacco point clouds, it is necessary
to remove the ground points. First, the entire tobacco model is
segmented to reduce computational load (Ghahremani et al., 2021).
Then, the Random Sample Consensus (RANSAC) algorithm is used
to remove ground points (distance threshold: 0.2; number of points
for �tting the plane: 3; number of iterations: 500) for ground point
cloud removal (Figure 3).
FIGURE 3

Overall work�ow of tobacco model reconstruction and preprocessing. (A) Tobacco Point Cloud Model Reconstruction; (B) Ground Point Removal.
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