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Abstract: Plant phenotyping is crucial for advancing precision agriculture and modern
breeding, with 3D point cloud segmentation of plant organs being essential for phenotypic
parameter extraction. Nevertheless, although existing approaches maintain segmentation
precision, they struggle to efficiently process complex geometric configurations and large-
scale point cloud datasets, significantly increasing computational costs. Furthermore,
their heavy reliance on high-quality annotated data restricts their use in high-throughput
settings. To address these limitations, we propose a novel multi-stage region-growing
algorithm based on an octree structure for efficient stem-leaf segmentation in maize point
cloud data. The method first extracts key geometric features through octree voxelization,
significantly improving segmentation efficiency. In the region-growing phase, a preliminary
structural segmentation strategy using fitted cylinder parameters is applied. A refinement
strategy is then applied to improve segmentation accuracy in complex regions. Finally,
stem segmentation consistency is enhanced through central axis fitting and distance-based
filtering. In this study, we utilize the Pheno4D dataset, which comprises three-dimensional
point cloud data of maize plants at different growth stages, collected from greenhouse
environments. Experimental results show that the proposed algorithm achieves an average
precision of 98.15% and an IoU of 84.81% on the Pheno4D dataset, demonstrating strong
robustness across various growth stages. Segmentation time per instance is reduced to
4.8 s, offering over a fourfold improvement compared to PointNet while maintaining
high accuracy and efficiency. Additionally, validation experiments on tomato point cloud
data confirm the proposed method’s strong generalization capability. In this paper, we
present an algorithm that addresses the shortcomings of traditional methods in complex
agricultural environments. Specifically, our approach improves efficiency and accuracy
while reducing dependency on high-quality annotated data. This solution not only delivers
high precision and faster computational performance but also lays a strong technical
foundation for high-throughput crop management and precision breeding.

Keywords: 3D point cloud segmentation; multi-stage region-growing algorithm; octree
voxelization; precision phenotyping

1. Introduction

Rapid advancements in precision agriculture and plant phenotyping technologies
have made acquiring 3D structural information of plants a central focus of agricultural
research [1]. LIDAR technology enables efficient and precise acquisition of 3D point cloud
data of crops. Terrestrial Laser Scanning (TLS), in particular, excels in analyzing complex
crop structures due to its high resolution and accuracy [2,3].
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Segmenting 3D point clouds with LiDAR technology is a crucial task in precision
agriculture [4,5]. In particular, segmenting maize stems and leaves is vital for advancing
plant phenotyping and supporting high-throughput crop management. However, existing
segmentation methods face significant challenges: (1) Traditional methods are inefficient
when processing large-scale point clouds, particularly with millions of points, leading to
high computational demands and limiting their real-time applicability in high-throughput
environments [6]. (2) The complex geometric structures of maize plants, including over-
lapping and interlacing stems and leaves, challenge algorithms to balance efficiency and
accuracy, often leading to mis-segmentation and undersegmentation [7]. (3) The lack of
high-quality annotated data limits the use of deep learning methods in agricultural point
cloud segmentation, resulting in poor generalization and significant variability across
different scenarios [8,9].

To overcome these challenges, this study proposes a novel maize plant point cloud
segmentation method that combines an octree structure with a region-growing algorithm.
The proposed method includes four key stages: (1) geometric features are extracted using
octree voxelization, (2) coarse segmentation is performed with a region-growing algorithm
using fitted cylinder parameters, (3) complex regions are refined with rapid and detailed
strategies, and (4) segmentation accuracy is improved through central axis fitting and
distance-based filtering. The study aims to (1) design a multi-stage region-growing algo-
rithm using an octree structure for efficient stem-leaf segmentation in maize point clouds,
(2) evaluate its performance across growth stages on the Pheno4D dataset, and (3) validate
its generalization using tomato point clouds.

This study tackles the challenges of processing large-scale point clouds by developing
a segmentation algorithm that meets high-throughput requirements. It also improves
segmentation accuracy in complex geometric regions (e.g., overlapping stems and leaves)
and reduces reliance on high-quality annotated data, providing a robust and generalizable
solution for complex agricultural scenarios [10,11].

In summary, the contributions of this work are as follows:

(1) We present an algorithm for maize plant point cloud segmentation that employs
octree voxelization combined with multi-stage region growing. Additionally, we develop a
comprehensive segmentation pipeline.

(2) This approach reduces the dependency on high-quality annotated data, thereby
providing robust and efficient support for real-time plant phenotyping analysis and preci-
sion breeding.

2. Related Works

Recent advancements in 3D point cloud segmentation have significantly improved
plant structure analysis and phenotypic measurement [12,13]. These techniques are catego-
rized into classical algorithms based on geometric analysis and machine learning, and deep
learning models using neural networks [14,15]. While deep learning excels in complex
pattern recognition and automated segmentation [16], traditional methods remain vital in
agriculture due to their computational efficiency and low data dependency [17].

Traditional methods mainly utilize geometric feature extraction, clustering algorithms,
and region-growing techniques [18]. Based on geometric morphology and spatial at-
tributes, these methods have proven effective for segmenting complex plant structures.
Wang et al. [19] applied voxelization and the vertical distribution of leaf area density
(LAD) with LiDAR point clouds to segment maize structures. This approach achieved
high precision in-ear height segmentation, proving robust across various planting densities.
Miao et al. [20] proposed a framework for single-plant maize segmentation, combining
Euclidean clustering and the K-means algorithm. This method was effective in high-
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density planting conditions and across different growth stages. Gao et al. [21] developed
an enhanced QuickShift algorithm with color weights for accurate segmentation of maize
3D point clouds and simultaneous phenotypic parameter estimation in field conditions.
Similarly, Wen Weiliang et al. [22] and Zhu Chao et al. [23] applied geometric methods,
such as supervoxel clustering and Euclidean distance, for successful segmentation of maize
kernels and ear regions.

Combining skeleton extraction with region-growing segmentation has significantly
advanced the processing of complex stem and leaf point cloud data. Zhu et al. [24] and
Miao et al. [25] combined skeleton extraction with region-growing algorithms, achieving
precise stem-leaf segmentation and robustness across various growth stages. Li et al. [26]
used 3D reconstruction from multi-view image sequences and region-growing algorithms
to improve the efficiency of stem and leaf recognition in maize seedlings.

Deep learning-based point cloud segmentation has recently gained significant atten-
tion. Leveraging neural networks’ adaptive learning capabilities, these methods offer
notable advantages in automating intricate plant structure segmentation. Wang et al. [27]
combined the Minkowski distance field with QuickShift++ to create an efficient automated
stem-leaf segmentation model. The model achieves high efficiency by encoding global
and local structural relationships of maize plants. Zhang et al. [28] used PointNet++ with
the shortest path algorithm to segment 3D maize ear point clouds and extract phenotypic
traits. Ao et al. [29] proposed a two-stage model for maize stem-leaf segmentation in field
environments, integrating PointCNN with morphological features. Herrero et al. [30] and
Guo et al. [31] achieved precise maize plant point cloud segmentation using PointNet and
the Feature Fusion Network (FF-Net), respectively. Integrating skeleton extraction and at-
tention mechanisms significantly improved segmentation accuracy. Fan et al. [32] measured
maize stem diameters in complex field conditions by combining Faster R-CNN with point
cloud clustering techniques. Sun et al. [33] present a window Transformer-based semantic
segmentation method, called Win-Former, that uses localized self-attention and cross-
window information exchange to precisely segment maize stems. Luo et al. [34] present
Eff-PlantNet, a framework that leverages three-dimensional self-supervised learning to
extract global features from plant point clouds, facilitating fine semantic segmentation of
plant stems. Notably, its performance is comparable to that of fully supervised approaches.

Although maize plant point cloud segmentation has advanced, traditional geometric
methods often lack accuracy when processing complex plant structures. In contrast, deep
learning methods require large labeled datasets and are computationally intensive [35].
To address these challenges, this study proposes a multi-stage region-growing algorithm
that uses voxelization and multi-stage segmentation to handle the complexities of maize
plant structures. The proposed method improves segmentation accuracy in overlapping
stem-leaf regions, increases computational efficiency, and reduces dependence on labeled
data. Compared to existing methods, the proposed algorithm offers a more efficient and
versatile solution, excelling in performance and applicability.

3. Materials and Methods
3.1. Data Preparation

In this study, we perform experiments using three-dimensional point cloud data of
maize plants from the Pheno4D dataset [36]. This dataset was acquired under controlled
greenhouse conditions with an integrated system that includes the Perceptron Scan Works
V5 laser triangulation scanner (660 nm wavelength) and the ROMER Infinite 2.0 mea-
surement arm (45 um end precision). The dataset comprises time-series point clouds
of seven maize plants, scanned daily over two weeks starting from the emergence of
the first seedling. A total of 84 point clouds were acquired, containing approximately
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90 million points. Among these, 49 point clouds (about 60 million points) are manually
annotated into three categories: “ground”, “stem”, and “leaf”, with each leaf uniquely
and consistently labeled. Figure 1 shows examples of 3D point clouds of maize plants at
different growth stages from the Pheno4D dataset. Known for its exceptional precision
(spatial resolution < 0.1 mm) and high resolution, the Pheno4D dataset is extensively used
in research areas such as plant phenotyping, 3D reconstruction, and non-rigid registration.
The dataset is available at https:/ /www.ipb.uni-bonn.de/data/pheno4d/ (accessed on
20 January 2025).

Figure 1. Examples of 3D point clouds of maize plants at different growth stages. The sequential
illustration, arranged from left to right, depicts the growth trajectory of maize plants from the initial
V1 stage to V5. It shows that an increase in collar count is accompanied by gradual improvements in
both plant height and leaf number.

To focus on semantic segmentation of plant organs, we first removed points labeled as
“ground” using CloudCompare v2.12. Next, we used the leaf-tip method from the Pheno4D
dataset to reclassify all leaf points into a unified “leaf” category, retaining the original
“stem” label. This process produced two main semantic categories: “stem” and “leaf”.

3.2. Point Cloud Sampling

Processing maize plant point clouds reveals distinct variations in point cloud density
across regions. Leaf regions have large surface areas and high point cloud density but lack
intricate geometric details, whereas stem regions have lower density but more complex
geometric structures. Traditional uniform sampling strategies often lead to redundant
sampling in leaf regions and loss of critical details in stem regions, reducing accuracy and
increasing computational costs.

To address this issue, we propose a voxel-based adaptive weighted sampling method
that balances point cloud densities, preserves critical geometric details in complex struc-
tures, and minimizes redundant points. Figure 2 shows the point cloud sampling process.
The point cloud data are first divided into fixed-size cubic units (voxels) using voxelization,
segmenting the space into discrete elements. Subsequently, we dynamically adjust the sam-
pling strategy based on each region’s geometric attributes, such as point cloud density and
local structural complexity (i.e., irregular point distribution and rich detail). The weighting
scheme is formulated based on these factors, enabling adaptive modulation of sampling
density across regions. In leaf regions with high density and minimal geometric detail,
only the point nearest to the centroid is kept per voxel, reducing data redundancy. In stem
regions with higher geometric complexity, up to k points nearest to the centroid are retained
per voxel (or all points if fewer than k exist), ensuring structural information is preserved.
To refine sampling, we introduced an adjustable sampling ratio parameter, r, to control the
ratio of sampled points in stem and leaf regions. After voxelization and weighted sampling,
we used Farthest Point Sampling (FPS) to ensure uniform distribution of sampled points.
This method reduces redundancy by selecting points that maximize spatial separation,
ensuring more uniform spatial coverage. The process starts by randomly selecting an initial
point from the point cloud as the first sampled point. Next, the minimum distance between
unselected and selected points is calculated, and the farthest unselected point is chosen as
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the next sampled point. This process repeats until the required number of sampled points
is achieved.

Voxel
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Figure 2. Schematic of the point cloud sampling method.

In our experiments, a voxel size of 2 mm was used, retaining up to 3 points per voxel in
the stem region and 1 point in the leaf region, maintaining a 3:1 sampling ratio. This config-
uration, based on experimental validation and prior research, balances sampling efficiency
and geometric detail retention, significantly enhancing subsequent processing effectiveness.

3.3. Stem Segmentation

The proposed algorithm consists of four stages: (1) Key geometric features are ex-
tracted through an octree-based voxelization process, forming a strong foundation for
segmentation. (2) Preliminary structural partitioning is performed using a region-growing
algorithm with fitted cylinder parameters. (3) Rapid refinement is applied to points similar
to known planes, while detailed geometric analysis is used for complex points, enhancing
coarse segmentation outcomes. (4) Stem structure segmentation is refined through cen-
tral axis fitting, followed by geometric feature-based filtering for optimization. Figure 3
illustrates the segmentation process, highlighting the key steps and logic of each stage.

3.3.1. Octree-Based Voxelization

The maize plant point cloud is voxelized using an octree structure to efficiently manage
large data volumes and uneven distributions. The octree recursively divides 3D space
into hierarchical voxels, improving the efficiency of large-scale data processing. This
structure effectively manages complex geometric features, enabling quick identification of
stems and leaves and improving segmentation precision. The hierarchical design of the
octree accommodates the diverse morphology of maize plants, enabling precise localization
and classification during segmentation. Compared to KD-trees, octrees are more efficient
for processing 3D spatial data because they avoid traversing back to the root node for
neighborhood queries. This makes octrees ideal for efficiently segmenting 3D geometric
features in point clouds. Figure 4 shows the octree structure.
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3.3.2. Coarse Segmentation

In the coarse segmentation stage, region growing guided by fitted cylinder parame-
ters segments the point cloud into clusters with similar geometric features. Each cluster
represents a locally consistent geometric region on the surface of maize plant stems or
leaves. The process uses the cylinder’s radius r, height /i, and axis direction a to ensure
accurate growth direction and consistent neighborhood point selection. The growth process
is controlled by the neighborhood search radius r; and the normal vector angle threshold 6.
Increasing r; expands the neighborhood range and accelerates growth but reduces precision,
while decreasing 6y improves boundary clarity but may increase segmentation time.

1. Selection of Initial Seed Points and Initialization

Two initial seed points, sy and s;, are chosen from the point cloud to serve as the
starting point and termination condition for the growth process. These points are identi-
fied based on the height information z and the geometric distribution of the point cloud.
The process starts by initializing an empty cluster region C = @ and a seed point sequence
Q = @. The seed point sj is added to Q, and the initial cylinder parameters (radius ry,
height hy, and axis direction ag) are fitted.

1 i —8p) X a S; —S
r=- Z(H(pl 0) ||>/ h = Zmax — Zmin, a= . 0 1)
i=1 [sn — sol|

=

2. Region-Growing Iteration

The following steps are iteratively performed until the sequence Q becomes empty:

(1) Current Seed Point Selection

The current seed point sy is extracted from Q and subsequently removed from the sequence.

(2) Neighborhood Search and Feature Matching

A spherical neighborhood search is performed around the seed point s; with a radius 4,
producing a neighboring point set Ny = p; € P | |p; — s¢| < r1, where P is the input point cloud
and |p; — si| is the Euclidean distance. The following conditions are checked sequentially:

Directional Consistency Matching: To align the normal vector n; of a neighboring
point p; with the reference vector d, a maximum angle threshold 6 is defined. The matching
condition is met when the angle between n; and d is within 6, expressed as follows:

n; - d
o = <= @

When d = ny and 8 = 6, normal vector consistency ensures alignment between neighboring
points” normal vectors and the seed point’s direction. Conversely, when d = a; and 6 = 0, axial
consistency ensures alighment between neighboring points and the cylinder axis.

Cylinder Parameter Fitting Matching: Geometric consistency requires the fitted cylin-
der radius r; and height /; of neighboring points to fall within specified tolerances €, and
€y, relative to the seed point’s radius rx and height /:

lri —1el <€, i — | < ey 3)

Neighboring points p; that meet the conditions are added to the growth region, ensur-
ing their directional and geometric features align with the fitted cylindrical structure.
(8) Growth Direction Calculation and Update

Axial and radial position computation: The projection pH

i
onto the cylinder axis ak, and the perpendicular distance daxis, are calculated as follows:

of a neighboring point p;

I (pi—sk)-ax o | (pi — si) x ag||
L T I PH | @
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To ensure p; conforms to cylindrical geometric characteristics, the deviation d,yjs from
the radius r, must stay within the tolerance €, expressed as |daxis — 7¢| < €.

Growth Direction Calculation: The growth direction vy is calculated by combining the
axial component with the radial correction component, ensuring alignment with the axis
and proximity to the cylindrical surface:

Pi — Sk —Py

szpl“—i-)\' I
Ipi — sk — p; |

(5)

where A represents the step size, controlling the precision of the growth process.
Seed Point Update: The seed point’s updated position is sx;1 = si + Vi, enabling
continuous axial growth while maintaining geometric consistency with neighboring points.
Dynamic Step Size Adjustment: The step size A is adaptively tuned to balance precision
and growth speed, based on the cylinder’s radius r, and height f:

A=w-r+B-hy (6)

where « and S represent control weights, empirically set to « = 0.9 and g = 0.3 in this study.

(4) Cluster Region Update

The current seed point s is incorporated into the cluster region C.

(5) Refinement

After completing the region-growing process, a median filter is applied to the seg-
mented point cloud clusters to suppress noise and reduce over-segmentation artifacts.
The median filter calculates the median in a local neighborhood, replacing each point with
the median of its neighbors:

Pnew = median({Pi | ||p1 - pcurrentH < 7’2}) (7)

where 7, denotes the radius of the neighborhood used for median filtering.

(6) Termination Condition

The region-growing process ends when the sequence Q is empty, resulting in segmented
point cloud clusters. Governed by geometric feature matching and growth path constraints, this
process ensures the resulting clusters align with the stems and leaves of the maize plant.

3.3.3. Refined Segmentation

The refined segmentation stage addresses misclassified points from the coarse seg-
mentation, focusing on detailed and boundary regions of the maize plant. Unlike coarse
segmentation, which depends on the geometric properties of fitted cylinders, refined seg-
mentation improves accuracy by using more detailed geometric features. To reduce errors
in normal vector estimation caused by noise and uneven sampling, we preprocess all point
normal vectors before the refinement phase. Specifically, each point’s local neighborhood is
defined by either a fixed radius or a predetermined number of neighbors. Then, the normal
vectors in each neighborhood are processed with mean filtering and normalization, result-
ing in a set of smoothed normal vectors. This stage consists of two approaches: (1) Rapid
Refinement: Unassigned points are grouped with the fitted plane if their orthogonal dis-
tance to the plane and the angle between their normal vector and the plane’s normal vector
meet predefined thresholds. (2) General Refinement: Points that do not meet the rapid
refinement criteria are treated as new seed points, and further segmentation is conducted
using a region-growing strategy. These approaches are detailed in the following sections.

1. Rapid Refinement

Rapid refinement assigns unallocated points, caused by occlusion or noise during
coarse segmentation, to known planes (e.g., stem surfaces) based on geometric similarity.
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The process uses orthogonal distance threshold €; and normal vector angle threshold €g to
enable efficient geometric feature matching through neighborhood expansion.

(1) Boundary Point Selection: Boundary points p; and their neighbors on the plane
I1;, fitted in the coarse segmentation stage, are used as the initial input. The neighborhood
includes points within a radius 7:

Ny ={pn € P | |lpn —poll <7} 8

(2) Neighborhood Check and Feature Matching: Unallocated points p, in the neigh-
borhood Nb are evaluated for geometric similarity based on orthogonal distance 41 and
normal vector angle deviation 0:

d, = Ini - (Pu = po)] <eg, 0= arccos(ni T > < ey )
[ | o |

Here, €, controls the point-to-plane distance, and €y constrains normal vector align-
ment to ensure accurate classification. Experiments show that the best segmentation
performance is achieved with e; = 0.02 m and ¢y = 10°.

(3) Boundary Point List Expansion: Points p, that meet the criteria are considered
geometrically similar to plane Il; and added to the boundary point list L;. Neighborhood
checks are iteratively performed on points in L;, enabling efficient boundary expansion.

(4) Plane Update: If a significant number of points expand, the qualified points are
integrated into I1;, and the plane is re-fitted to enhance segmentation accuracy.

2. General Refinement

If unallocated points fail to meet the rapid refinement criteria, a general refinement
method is applied. Each newly selected seed point initiates an independent region-growing
process. By leveraging a region-growing algorithm that integrates complex geometric at-
tributes—such as normal vectors, curvature differences, and fitting residuals—this method
achieves precise segmentation of complex structures (e.g., maize plant leaves), thereby
enhancing segmentation accuracy and reducing under-segmentation.

(1) Seed Point and Neighborhood Selection: Boundary points p; from the coarse
segmentation stage are used as the initial seed point s, initializing the point set C. A neigh-
borhood N¢ = {pu | |pu — 50| < r¢}, defined by radius rq, is used for region growing.

(2) Feature Matching: Candidate points p; in the neighborhood N, are evaluated for
geometric consistency with the seed point sg. The matching criteria include normal vector
angle deviation, curvature difference, and fitting residuals, as defined by the following
conditions:

0= arccos(m) <ep |Ks—rKu| <ex, |rs—rul <er (10)
[ v

Here, €6, ex, and €, represent the thresholds for angle, curvature, and residuals,
ensuring geometric compatibility between neighborhood points and the seed point. Points
that meet these criteria are added to the point set C, enabling region expansion.

(3) Region-Growing and Termination Conditions: The process iterates over each
qualifying neighboring point during region growing. The process terminates if any of the
following conditions are met: no qualifying neighboring points remain, the point set C
reaches the maximum size Cpax, or the iteration count exceeds the upper limit Tyax:

|Ng| <T, |C| Z Cmax/ t Z Tmax- (11)

Here, T is the minimum number of matched points, while Cinax and Tmax regulate region
size and iteration limits, balancing computational efficiency and segmentation precision.
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3.3.4. Post-Processing Stage

The post-processing stage refines the segmentation results from the coarse and refined
segmentation stages, improving precision and consistency. This stage includes boundary
smoothing, stalk central axis fitting, and segmentation operations to align the results with
the geometric features of maize plants while maintaining computational efficiency.

1. Boundary Smoothing

To improve segmentation boundary smoothness and uniformity, a smoothing algo-
rithm optimizes boundary points using median filtering within their neighborhoods:

1
Pinew = |N 2 Pj (12)
HopjeN;

where N; is the neighborhood of point p;. This method effectively reduces sharp edges and
boundary discontinuities, ensuring smoother transitions.

2. Stalk Central Axis Fitting and Segmentation

To accurately characterize the stalk’s geometric structure, a RANSAC-based central
axis fitting and segmentation method is used. First, the stalk point set Cq,x undergoes cen-
tral axis fitting to determine the optimal axis a while minimizing noise effects. The distance
of each point to the axis is then calculated as follows:

a = argmin Z daxis (pis a) (13)

Pi€Cstax

where d,is is the distance from point p; to axis a. This fitting process establishes a geometric
foundation for precisely determining stalk morphological parameters, including length
and diameter.

Based on this, the fitted central axis is further segmented to distinguish the connection
regions between the stalk and leaves. Structural changes are detected by calculating the
distance variation Ad and angular variation Af between adjacent axis points:

where Ad and A6 denote the distance and angle changes between successive points. This
approach clearly delineates the boundaries between the stalk and leaf regions, improving
segmentation accuracy and maintaining geometric consistency in complex structures.

3.4. Evaluation Metrics

To evaluate the segmentation quality of maize plant point clouds, the ground truth
was manually annotated using CloudCompare software, and the model’s segmentation
results were compared against it. The evaluation metrics included Precision (P), Recall (R),
F1-score, Intersection over Union (IoU), and Overall Accuracy (Accuracy).

TP
P= TP+ FP
TP
R= ——
TP+ FN
2x P xR
F1- = — 15
score PIR (15)
TP
IoU= —— ——
°U= T FP+ IN
TP+ TN
Accuracy =

TP+TN+FP+FN
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where TPs (true positives) denotes the number of points correctly classified as the target
class; FPs (false positives) denotes the number of points incorrectly classified as the target
class; FNs (false negatives) denotes the number of points misclassified as the non-target
class; and TNs (true negatives) denotes the number of points correctly classified as the
non-target class. These metrics range from 0 to 1, where higher values indicate better
segmentation performance.

4. Results
4.1. Parameter Sensitivity Analysis

The neighborhood search radius r; and normal vector angle threshold 6 are key
parameters that greatly impact the accuracy and processing efficiency of maize plant
point cloud segmentation. Increasing rq accelerates region growth but reduces accuracy,
while decreasing ) enhances boundary clarity but increases processing time. Using point
cloud data from different growth stages in the Pheno4D dataset, this study systematically
examines how these parameters influence segmentation performance, assessed by overall
accuracy (IoU) and segmentation time.

Figure 5 illustrates how different 1 and 6y configurations affect segmentation accuracy
and processing time. In Figure 5a, darker shades represent higher accuracy, while in
Figure 5b, they indicate shorter processing times. The findings show that smaller r{ values
(e.g., 0.5 cm) and 6y improve segmentation accuracy but increase processing time. The
findings show that smaller r; values (e.g., 0.5 cm) and 6y improve segmentation accuracy
but increase processing time. Conversely, larger r; and 6y values (e.g., 1.5 cm) significantly
shorten processing time but reduce boundary precision, highlighting the critical trade-off
between segmentation accuracy and efficiency. A comprehensive analysis determines that
r1 = 1.0 cm and 6y = 10° form the optimal parameter combination, balancing segmentation
accuracy and efficiency across different growth stages. This setting achieves an IoU of
83.17% and completes segmentation in 4.8 s.

Effect of Search Radius and Angle Threshold on Segmentation Precision (loU) Effect of Search Radius and Angle Threshold on Segmentation Time (s)
84.5
= 82.50 81.30 = 4.8 35 26 7
b 84.0 b
o o
= E=d
g 83.5 g 6
1= 82.22 81.55 1= 4.8 3.6 3.0
[ = w
2 83.0 S % f
[ =4 f=4
< 2 < 5
= 8252 5 =
2 82.30 80.90 2 3.6 3.6 2.6
L Q
> 82.0 > 2
o o
E £
S 20° 80.90 81.55 81.55 80.90 8L.5 2 20° 2.6 3.0 3.0 2.6
3
1 . . . 81.0 . . . .
0.5 1.0 1.5 2.0 0.5 1.0 1.5 2.0
(a) Neighborhood Search Radius (cm) (b) Neighborhood Search Radius (cm)

Figure 5. (a) The effect of search radius r; and angle threshold 6 on segmentation accuracy (IoU).
(b) The effect of search radius r; and angle threshold § on segmentation time.

4.2. Segmentation Results

This study employs a multi-stage region-growing algorithm for stem and leaf seg-
mentation in maize plant point clouds. Figure 6 illustrates the segmentation results of
the proposed algorithm, where red regions denote segmented stems and green regions
represent leaves. As shown, the algorithm effectively extracts stem regions, accurately
segmenting most stem points. Minor misclassifications occur at some stem-leaf junctions
due to geometric complexities, but overall segmentation performance remains robust.
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Figure 6. Segmentation results of the maize stem region.

To evaluate the segmentation performance quantitatively, multiple standard metrics
were computed. To ensure representative results, point cloud data across all growth stages
in the dataset were tested. Table 1 presents the segmentation results for maize plant point
clouds. The results indicate that the algorithm performs exceptionally well in maize stem
segmentation, achieving 98.15% accuracy and an IoU of 83.17%. The results indicate that
the algorithm performs exceptionally well in maize stem segmentation, achieving 98.15%
accuracy and an IoU of 83.17%.

Table 1. Segmentation results of the maize stem point cloud.

Evaluation Metric Segmentation Result (%)
Overall Accuracy (OA) 98.15
Precision (P) 90.00
Recall (R) 91.70
F1 Score 90.80
IoU 83.17

4.3. Ablation Analysis

To assess the efficacy of our fine segmentation strategy in resolving complex geometri-
cal configurations at the stem-leaf junction, we conducted an ablation study comparing
the performance of using only a coarse segmentation approach with that of integrating
an additional fine segmentation technique. These experiments quantitatively assess the
fine segmentation strategy’s ability to improve boundary clarity, reduce misclassification
and omission rates, and enhance overall segmentation accuracy, while also evaluating its
impact on segmentation efficiency. Experimental data were obtained from the Pheno4D
dataset, which contains point clouds of corn plants exhibiting typical complex structural
features. Table 2 presents the outcomes of the ablation experiments.

Table 2. Ablation analysis of coarse and fine segmentation strategies.

Method

OA (%) P (%) R (%) F1 (%) IoU (%)  Time (s)

Coarse Segmentation Only

81.35 7541 7271 73.50 62.89 3.5

Coarse Segmentation + Refined Segmentation 94.45 91.91 93.34 92.15 80.30 51
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Experimental results indicate that incorporating the fine segmentation strategy yielded
an approximate 13.1% improvement in overall accuracy, a 17.41% increase in IoU, and no-
table enhancements in the F1 score and other evaluation metrics. Although the improved
method slightly increased segmentation time, the significant enhancement in segmentation
accuracy justifies the additional computational overhead.

Figure 7 presents a comparative illustration of segmentation outcomes in the stem-
leaf junction region. The left panel depicts the results obtained using only the coarse
segmentation approach, characterized by blurred boundaries and evident misclassifications.
The right panel illustrates the outcomes following the integration of the fine segmentation
strategy, exhibiting distinctly defined boundaries and a precise delineation of the transition
between the stem and the leaf.

Coarse Segmentation Performance

Fine

Figure 7. A comparative analysis of segmentation outcomes with and without the refined segmenta-
tion stage.

4.4. Segmentation Efficiency

The proposed algorithm achieves high segmentation efficiency due to several key
factors: (1) The octree structure significantly enhances spatial indexing and neighborhood
search efficiency. (2) The multi-stage processing strategy, transitioning from coarse to fine
segmentation, effectively identifies primary structures and refines them incrementally,
reducing computational redundancy. (3) The rapid refinement mechanism selects optimal
refinement methods based on point features, greatly accelerating detailed processing.

To evaluate the algorithm’s efficiency quantitatively, point cloud data from five maize
plant growth stages in the Pheno4D dataset were selected, and segmentation times were
recorded for each stage. Table 3 presents the segmentation time results. This evaluation
assesses the algorithm'’s stability and performance across different plant structure complex-
ities and scales. All experiments were conducted on a standard desktop computer with an
Intel Core i7-10700K CPU and 32 GB of RAM.

Table 3. Segmentation efficiency of corn plant point clouds at different growth stages.

Growth Stage Number of Input DoNv:rlrI:;I;re; Olfe d Segmentation
(Leaf Count) Points amp Time (s)
Points
V3 (3 leaves) 500,000 100,000 1.8
V6 (6 leaves) 1,200,000 240,000 43
V9 (9 leaves) 2,500,000 500,000 8.9
VT (Tasseling) 3,800,000 760,000 13.6

R1 (Maturity) 5,000,000 1,200,000 17.8
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4.5. Comparison with Other Methods

To thoroughly evaluate the segmentation performance of the proposed multi-stage
region-growing algorithm, we compared it with several mainstream point cloud segmenta-
tion methods, including the PCL region-growing algorithm, PointNet [37], PointNet++ [38],
and DGCNN [39]. The PCL region-growing algorithm, a traditional unsupervised method,
is similar to our approach as it does not require labeled data. In contrast, PointNet,
PointNet++, and DGCNN are representative deep learning models: PointNet directly
processes unordered point sets, PointNet++ employs a hierarchical structure to capture
local features, and DGCNN uses dynamic graph structures to enhance relational modeling
between points.

The deep learning models were trained on the Pheno4D dataset, which includes point
cloud data from 50 maize plants at various growth stages, with 40 used for training and
10 for validation. Each model was trained with the recommended parameter settings
from their original papers on an Nvidia GeForce 3090 GPU. Training was conducted for
200 epochs with a learning rate of 0.001 to ensure convergence. Testing was performed on
a point cloud of a single maize plant at the VT growth stage, initially containing approxi-
mately 3.8 million points, downsampled to 760,000. Table 4 summarizes the segmentation
performance of each method on this test sample, reporting overall accuracy (OA), Intersec-
tion over Union (IoU), and segmentation time.

Table 4 shows that the proposed multi-stage region-growing algorithm outperforms
other methods in key metrics, achieving an overall accuracy of 98.95%, precision of 90.00%,
and recall of 91.70%. While its Intersection over Union (IoU) score (83.17%) is slightly
lower than DGCNN’s (84.81%), the proposed algorithm achieves a better balance between
segmentation accuracy and processing efficiency. Notably, it completes segmentation in
only 4.8 s, significantly outperforming PointNet’s 21.3 s and other deep learning methods.
These findings highlight the proposed algorithm’s ability to achieve high accuracy and
efficiency without requiring labeled data or complex training, making it ideal for rapid and
effective plant phenotyping analysis.

Table 4. Performance comparison of different segmentation methods.

Method OA (%) P (%) R (%) F1(%) 1IoU (%) Time (s)
PCL Region Growing  89.67 82.31 83.50 82.90 75.80 6.2
PointNet 92.56 88.42 90.02 89.21 80.37 21.3
PointNet++ 93.84 89.11 91.43 90.25 82.40 11.9
DGCNN 95.67 92.79 93.85 93.32 84.81 10.7
Our Method 98.15 90.00 91.70 90.80 83.17 48

5. Discussion
5.1. Performance on Other Plants

To evaluate the generalizability and robustness of the multi-stage region-growing
algorithm, it was applied to tomato plant stem-leaf segmentation. Unlike maize, tomato
plants have more intricate structures, with higher leaf density and closely packed stem-
leaf junctions, making segmentation more challenging [33]. The test data consisted
of high-resolution tomato point clouds from different growth stages in the Pheno4D
dataset. Figure 8 shows the stem-leaf segmentation results of the proposed algorithm
on tomato plants.
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Figure 8. Schematic of stem-leaf segmentation on tomato plants.

The results indicate that the algorithm effectively differentiates stems in most re-
gions and performs particularly well in segmenting primary plant structures. However,
segmentation errors occur in geometrically complex regions, such as stem-leaf junctions
and branch points, especially in blurred transitions between emerging leaves and stems.
Overall, the experimental results highlight the algorithm’s strong generalization capabil-
ity, allowing effective adaptation to stem-leaf segmentation across various plant types.
Although challenges persist in localized complex regions, the algorithm exhibits strong
overall performance, highlighting its potential for broad applications in plant phenotyping
analysis. To quantitatively evaluate our algorithm’s segmentation performance on tomato
plants, we thoroughly analyzed the experimental data and systematically compiled the
point cloud segmentation results, as shown in Table 5.

Table 5. Segmentation outcomes for tomato plant stem point clouds.

Evaluation Metric Segmentation Result (%)
Overall Accuracy (OA) 95.31
Precision (P) 87.50
Recall (R) 89.20
F1 Score 88.35
IoU 81.15

Experimental results show an overall accuracy of 95.31%, a precision of 87.50%, and an
Intersection-over-Union (IoU) of 81.15%, which confirms the algorithm’s robust generaliza-
tion capabilities. Although segmentation performance on tomato plants is slightly lower
than on maize plants, the proposed approach remains highly effective in segmenting both
stems and leaves across diverse plant species.

5.2. Adaptability and Robustness of Algorithm Parameters

The proposed octree-based multi-stage region-growing algorithm demonstrates high
precision and efficiency in stem-leaf segmentation. However, its performance is constrained
by dependence on environmental and data-specific parameters. Key parameters, including
the neighborhood search radius r; and normal vector angle threshold 6y, are critical for
balancing segmentation accuracy and efficiency; however, their optimal values differ
across plant structures and environmental conditions. Fixed parameter settings restrict the
algorithm’s adaptability to different crop types and growth stages. Future research should
explore adaptive parameter adjustment mechanisms based on data characteristics, such as
leveraging machine learning models to dynamically optimize parameters, enhancing the
algorithm’s robustness and scalability across diverse scenarios [40].
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5.3. Segmentation Accuracy in Complex Structures

Although the algorithm achieves high segmentation accuracy in most regions, some
complex geometric areas, such as stem-leaf junctions and branch points, are still prone
to misclassification. This limitation arises from insufficient geometric consistency criteria
in these regions. In overlapping stem-leaf regions, ambiguous geometric features and
constraints of fitted cylinder parameters (e.g., radius and axial alignment) hinder precise
differentiation between stems and leaves. Future improvements may include integrat-
ing additional geometric features, such as local curvature or boundary characteristics,
or leveraging deep learning for structural feature recognition. Additionally, multi-scale seg-
mentation approaches could be explored to enhance differentiation of complex structures
by analyzing features at different scales [41].

5.4. Efficiency in Processing High-Density Point Clouds

Although the algorithm has demonstrated efficiency on the Pheno4D dataset, it may
encounter scalability challenges with higher-density point cloud datasets. In scenarios
with densely packed leaves or complex growth stages, computational demands increase
significantly. Future research could investigate integrating parallel computing techniques
or optimizing the octree voxelization strategy. For example, adaptive voxel resolution,
which increases resolution in complex regions while reducing it in simpler areas, could
enhance efficiency. Additionally, integrating GPU acceleration and distributed processing
frameworks could significantly enhance the algorithm’s processing capacity, enabling
real-time analysis of high-density datasets while maintaining segmentation accuracy [42].

5.5. Impact of Algorithm on Phenotypic Parameter Extraction

The accuracy of stem-leaf segmentation is crucial for ensuring the quality of pheno-
typic parameter extraction, including stem length and diameter. Although the proposed
algorithm performs well in this context, further optimization is necessary for high-precision
applications, such as advanced breeding analysis. Future research should focus on en-
hancing segmentation accuracy to reduce error propagation in phenotypic calculations.
Furthermore, extending the algorithm’s application to multi-temporal phenotypic moni-
toring could evaluate its stability and reliability across various growth stages, providing
robust data support for crop monitoring and precision breeding [43].

5.6. Advantages of Deep Learning Models and Future Application Prospects

In recent years, deep neural network (DNN)-based point cloud segmentation meth-
ods have demonstrated exceptional flexibility and robustness in processing large-scale,
heterogeneous plant datasets. By leveraging end-to-end training, DNNs automatically
extract multi-scale features that effectively address complex structural challenges, such
as stem-leaf intersections and branching [44,45]. Their performance generally surpasses
that of conventional geometric approaches. Furthermore, some studies have integrated
attention mechanisms and multi-branch network architectures to efficiently fuse local and
global information, reducing classification errors and eliminating the need for laborious
parameter tuning across different plant types [46,47].

In contrast, although the algorithm proposed in this paper—based on octree and multi-
stage region growing—has achieved high segmentation accuracy in most tests, it still faces
missegmentation challenges when processing complex plant structures, such as stem-leaf
intersections and branching regions. Moreover, error mitigation measures that rely on
geometric consistency checks and region-growing strategies often require structure-specific
parameter adjustments, which limits their general applicability.
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Therefore, future research should explore integrating traditional geometric methods
with deep learning techniques, harnessing the strengths of both: geometric approaches
for efficient spatial segmentation and DNNs for advanced feature extraction and adap-
tive learning. This integration promises to further enhance segmentation precision and
robustness in complex regions, ultimately providing a more comprehensive and effective
technical framework for plant phenotyping in precision agriculture [48].

6. Conclusions

This study presents a multi-stage region-growing algorithm that utilizes octree-based
voxelization to efficiently segment stems and leaves in maize plant point clouds. Ex-
perimental results confirm the algorithm’s high accuracy and efficiency in segmenting
complex plant structures, demonstrating notable robustness and adaptability in regions
with intertwined stems and leaves. On the Pheno4D dataset, the algorithm achieved an
average precision of 98.15% and an IoU of 83.17%, enhancing segmentation efficiency
fourfold compared to traditional methods, with each segmentation process completed
in 4.8 s. By employing octree voxelization and a multi-stage region-growing approach,
the algorithm reduces reliance on high-quality labeled data, demonstrating versatility
and broad applicability across diverse plant structures. Validation across different maize
growth stages and other plants, such as tomatoes, highlights its broad potential in complex
agricultural environments.

In conclusion, this study proposes an innovative approach for efficiently segmenting
plant point cloud data, providing significant value for the segmentation and analysis of
complex plant structures. The algorithm has strong potential in precision agriculture,
with promising applications in high-throughput phenotyping, precision fertilization, auto-
mated breeding selection, and other agricultural processes [49,50]. By enabling rapid data
acquisition and comprehensive analysis, the algorithm provides strong technical support
for modern agricultural research. As an efficient and adaptive plant point cloud segmenta-
tion solution, it is anticipated to play a crucial role in advancing agricultural digitization,
improving crop management efficiency, and promoting the adoption of intelligent field
management technologies, ultimately supporting the digital transformation of modern
agriculture [50,51].
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