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ABSTRACT

To address the issue of 3D reconstruction information loss caused by occlusion during single-view camera
acquisition of crop phenotypic parameters, this study proposes a detection method for tomato plant phenotypic
parameters based on multi-view 3D point cloud reconstruction. The Kinect 2.0 sensor was employed to acquire
point cloud data of tomato plants from three different viewpoints. Background noise was effectively removed
using a combination of Conditional Filtering and Statistical Outlier Removal methods. By extracting surface
normal features and calculating Fast Point Feature Histograms (FPFH), the Sample Consensus Initial
Alignment (SAC-IA) and lIterative Closest Point (ICP) algorithms were utilized to accomplish coarse and
accurate registration of the point clouds, respectively, ultimately achieving 3D reconstruction. Experimental
results demonstrated that the reconstructed 3D model of the tomato plant was clear in outline and complete in
structure. For the phenotypic parameters of plant height, canopy width, and leaf angle, the coefficients of
determination (R?) between the calculated and manually measured values were 0.98, 0.94, and 0.89,
respectively, with Root Mean Square Errors (RMSE) of 0.75 cm, 1.10 cm, and 4.43 °. Compared to single-
view measurements, the accuracy of plant height and maximum canopy width derived from multi-view
reconstruction increased by 15.31% and 13.12%, respectively. This method provides technical support for the
rapid and accurate extraction of phenotypic parameters in tomato plants.
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INTRODUCTION

Tomatoes are rich in nutrients and are one of the most important solanaceous vegetables in the world.
Tomato phenotypic parameters such as plant height, canopy width, and leaf angle effectively reflect the plant's
growth and development status, which was of great significance for high-yield cultivation (Schunck et al., 2025;
Timprae et al., 2025). Traditional methods involving manual measurement, destructive techniques, and low-
throughput measurements could no longer meet the demands of intelligent agricultural management (Jiang et
al., 2025; Mach et al., 2025).
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Therefore, how to rapidly and accurately obtain phenotypic parameters of the tomato plant has become
a key challenge in the current stage (Sun et al., 2023; Rossi et al., 2025).

Computer vision has revolutionized plant phenotypic analysis and has become the primary method in
the field (Geng et al., 2023; Galba et al., 2025; Qi J et al., 2025). In plant phenotyping, high-resolution RGB
images captured fine details such as texture and color variations, allowing the observation of subtle plant

features (Zuo et al., 2023). However, because plants inherently have complex three-dimensional structures,

two-dimensional imaging is limited by occlusion and cannot fully represent spatial complexity (Du et al., 2023;
Choi et al, 2025). Multi-view images captured by UAV combined with structure-from-motion (SfM)
reconstruction can overcome these limitations, enabling high-precision phenotyping (Zermas et al., 2019;
James et al., 2025). Nevertheless, in greenhouse environments, UAV operation is often hindered by physical
obstructions and limited space, making reliable deployment difficult. LIDAR systems offer distinct advantages,
including a large acquisition range and high measurement accuracy, and have been successfully employed
for crop point cloud acquisition and phenotyping (Jiang et al., 2023; Miao et al., 2023; Hadadi et al., 2025).
However, their widespread application in practical tomato production is constrained by high costs and the
requirement for additional auxiliary equipment and wiring. In contrast, Kinect sensors are low-cost, portable,
and easily integrated into acquisition platforms, offering a practical solution for multi-view point cloud collection
and supporting high-throughput, automated phenotyping of crops (Vazquez-Arellano et al., 2018; Sun et al.,
2023; Shi et al., 2025).

Therefore, this study developed a practical workflow using a Kinect 2.0 sensor to capture multi-view
3D point clouds. The acquired point clouds were processed through denoising and registration to generate
complete and high-fidelity 3D model of individual tomato plant. From this reconstructed 3D model, phenotypic
parameters such as plant height, canopy width, and leaf angle were extracted. this approach provides a low-
cost, scalable, and robust solution for automated phenotyping, enabling rapid and accurate assessment of
plant traits while providing a solid technical foundation for high-throughput phenotyping and precision
agriculture applications.

MATERIALS AND METHODS
Experimental Materials and Data Acquisition

The experiment was conducted in the rooftop greenhouse of the College of Information and Electrical
Engineering, China Agricultural University, located in a temperate monsoon climate zone. The test crop was
pink crown tomato (Solanum lycopersicum), grown in pots. Fifty tomato seedlings were transplanted at the end
of April 2024, and phenotypic data were collected in early May of the same year. The workflow for extracting
tomato phenotypic traits was illustrated in Fig. 1 and consisted of point cloud preprocessing and 3D
reconstruction. Tomato plants were scanned at 0°, 120°, and 240° using a Kinect 2.0 sensor, and the registered
3D point cloud was used to extract plant height, canopy width, and leaf angle for accuracy validation through
error analysis.

Building multi-Visual Tomato Data

Acquisition Platform

Data was pre-processed to extract tomato canopy point cloud

Conditional Filtering SOR Filtering

}

Tomatos’ 3D model reconstruction

Accurate registration was
Rough matching based Ll performed using the ICP
on FPFH and SAC-IA algorithm to reconstruct the
3D model of tomato

Plant Height Canopy Width Leaf Angle

Result Evaluating

Fig. 1 - Flow chart of tomato phenotype feature extraction
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Multi-view Point Cloud Data Acquisition Platform

A multi-view tomato canopy 3D data acquisition system was developed in this study. The system
consisted of a Kinect 2.0 sensor, a laptop, a motorized turntable, and a tripod, with the distance between the
tomato plant and the sensor was set to 70 cm, as shown in Figure 2.
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Fig. 2 - Tomato plant point cloud data collection platform

Data acquisition was conducted indoors under wind-free and stable lighting conditions to minimize
environmental interference. The motorized turntable was automatically controlled to rotate slowly, completing
one full revolution in approximately 30 seconds. During rotation, images were captured every 10 seconds at
three perspectives: 0° (Perspective 1), 120° (Perspective 2), and 240° (Perspective 3). This slow and stable
rotation ensured that the tomato plants remained steady and undisturbed throughout the acquisition process.

The Kinect 2.0 sensor was connected to the laptop via USB 3.0 and operated based on Time-of-Flight
(ToF) technology. It emitted modulated near-infrared light pulses and received the reflected pulses through a
photosensitive module. By calculating the time difference between the emitted and received pulses, the depth
of each pixel was obtained, generating a depth map that captured the spatial structure of the tomato canopy
in real time. The effective depth sensing range was from 0.5 to 4.5 meters, with a measurement error of
approximately 2 to 6 millimeters. This system enabled accurate and stable point cloud data acquisition of
tomato plants in a short period of time. For each depth image and RGB image acquired by the Kinect 2.0
sensor, a 3D coordinate mapping relationship between color and depth information was established using the
sensor’s internal mapping function. After image registration, each point in the point cloud contained both 3D
spatial coordinates (X, y, z) and color attributes (R, G, B). The raw point clouds collected from the three angles
were shown in Figure 3.

a. Perspective 1 (0°) b. Perspective 2 (120°) c. Perspective 3 (240°)
Fig. 3 - Original point cloud of single tomato

The point cloud processing was implemented in the Ubuntu 20.04 and VSCode environment using the
Point Cloud Library (PCL). The collected data were processed on an image workstation equipped with an Intel
i5-9300H processor.

Point Cloud Preprocessing

When acquiring tomato point cloud data using the Kinect 2.0 sensor, a certain amount of noise and
irrelevant background points was inevitable, which could affect the accuracy of spatial positioning and 3D
structural reconstruction of the tomato canopy. In addition, due to the large volume of point cloud data,
preprocessing was necessary to improve the reconstruction speed and accuracy.

First, condition filtering was applied to remove invalid background information. Then, the Statistical
Outlier Removal (SOR) filter was used to eliminate canopy noise, thereby improving the measurement
accuracy and feature recognition speed of the canopy. These preprocessing steps resulted in a clear tomato
point cloud that was free from clustered outliers and better represents the canopy structure.
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(1) Conditional filtering
A point cloud was a collection of points in three-dimensional space, composed of N points in D-
dimensional space. When D = 3, each point can be represented by 3D Cartesian coordinates (x, y, z). Based
on the common attributes of 3D point clouds, condition filtering was applied to remove irrelevant or out-of-
bound points. To extract the target tomato point cloud from single-view raw data, inequality constraints were
typically applied to the point coordinates, as shown in Equation (1).
xm < X < Xn
ym <y <vn P
m<z<IZn

where: (Xm, Xn) represented the valid range of the tomato point cloud along the X-axis, which was set to
[-0.15, 0.15];

(Ym, Yn) represented the valid range along the Y-axis, which was set to [-0.1, 0.3];

(Zm, Zn) represented the valid range along the Z-axis, which was set to [-0.9, -0.5];

Using these inequality constraints, the point clouds from the three different views were individually
filtered. The results after filtering were shown in Figure 4.

a. Perspective 1 (0°) b. Perspective 2 (120°) c. Perspective 3 (240°)
Fig. 4 - Tomato plant point cloud processed by conditional filter

As illustrated, a significant number of noise and outlier points remain around the tomato leaves and
stem. To further eliminate these outliers and noise, the Statistical Outlier Removal (SOR) algorithm was
applied.

(2) SOR filtering

Raw point clouds typically contain noise, which complicated the estimation of local point cloud features
such as surface normals or curvature variations and may prolong point cloud registration. The SOR filter used
a statistical approach to remove outliers. Specifically, for each point, it performed statistical analysis on its k
nearest neighbors and calculated the average distance to these neighbors. The algorithm assumed that the
distances followed a Gaussian distribution and defined points whose average distance exceeded a predefined
threshold as outliers, which were then removed from the dataset. The point cloud after SOR filtering were
shown in Figure 5.

a. Perspective 1 (0°) after SOR filtering b, Perspective 2 (120°) after SOR filtering ¢ Perspective 3 (240°) after SOR filtering
Fig. 5 - Tomato plant point cloud processed by SOR

Multi perspective tomato 3D point cloud registration

Despite preprocessing, limitations from single-view occlusions remained. To address this, the tomato
plant point clouds from three different viewpoints were registered and reconstructed. First, the point clouds
obtained from the 0° and 120° views were registered and merged. Then, the result was further registered with
the 240° view to obtain a complete point cloud representation of the tomato plant. Each registration process
consisted of coarse and fine registration steps. The registration procedure and the results of the tomato point
clouds from the three viewpoints were shown in Figure 6.
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Performing coarse and accurate

Perspective 1 (0° ) Perspective 2 (120° ) Perspective 3 (240° )
registration between Perspective 1 and 2 —‘
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Performing coarse and
accurate registration
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Fig. 6 - Multi perspective tomato plant point cloud reconstruction process

(1) Coarse registration

The point cloud data were first subjected to coarse registration. The process began by loading both
the source and target point cloud datasets. Invalid points were then removed to ensure the accuracy of
subsequent calculations. Next, surface normals were computed for each point to generate normal vector
information. These normals played a critical role in feature matching, as they provide local geometric
information that enables the Fast Point Feature Histogram (FPFH) descriptor to more accurately represent
point cloud features.

FPFH was a local feature descriptor that generated a 33-dimensional feature vector by analyzing the
geometric relationships between each point and its neighbors. These feature vectors were used for
establishing correspondences between point clouds. To improve the robustness of the matching process, the
KdTree algorithm was used to match the FPFH features between the two point clouds, thereby establishing
an initial spatial mapping relationship.

Subsequently, the Sample Consensus Initial Alignment (SAC-IA) algorithm was employed to perform
coarse registration. SAC-IA iteratively searched for the optimal rigid transformation matrix that aligned the
source point cloud to the target point cloud, yielding an initial alignment result.

(2) Accurate registration

For the coarsely aligned point clouds, accurate registration was performed using the Iterative Closest
Point (ICP) algorithm. ICP parameters were set, including maximum correspondence distance, maximum
number of iterations, transformation convergence threshold, and mean square error threshold. The ICP
algorithm iteratively refines the alignment by minimizing the distance between corresponding points in the
source and target clouds.

In each iteration, the transformation between corresponding points was calculated, and the position of
the source cloud was updated. The rotation and translation matrices were computed using the Singular Value
Decomposition (SVD) method. The iteration terminated when both the changes in the rotation and translation
matrices fell below their respective thresholds, or when the change in mean square error was less than a
predefined value.

The final output included the precise transformation matrix and the registration error, resulting in an
accurately aligned point cloud.

Calculation method of phenotypic traits for tomato plant

(1) Calculation method of plant height

Plant height was one of the most fundamental indicators in plant morphological studies and was
defined as the distance from the base of the plant to the apical point of the main stem. As shown in Fig. 7,
tomato plant height was calculated by determining the difference between the maximum and minimum values
along the Z-axis from the 3D point cloud of the plant.

(2) Calculation method of canopy width

The canopy width of a tomato plant referred to the maximum horizontal distance across the plant at its
widest point, as showed in Figure 8. The calculation of tomato canopy width involved two steps as follows:
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Step 1: The point cloud was projected onto the XOY plane by ignoring the z-axis coordinates and
retained only the x and y coordinates.

Step 2: On the XQY plane, the distances between all pairs of points were calculated, and the maximum
value was selected. The calculation formula was as follows:

W = max (\/(xz - %)%= (2 —y1)? (2)

where:
W represented the canopy width;
(x1,y1) and (x,,y,) were the coordinates of the two most distant points on the XOY plane;

A schematic diagram was shown in Fig. 8.

Fig. 7 - Schematic diagram of plant height calculation Fig. 8 - Schematic diagram for calculating canopy width

(3) Calculation method of leaf angle

The leaf angle was a crucial parameter in tomato plant physiology. Due to the complex canopy and
leaf structure and significant occlusion, traditional 2D imaging methods often struggled to accurately acquire
petiole angles. In this study, a method was proposed by selecting appropriate observation perspectives based
on 3D point cloud modeling.

First, the optimal viewing angle was determined using the reconstructed 3D point cloud of the tomato
plant to obtain the leaf angle. Then, in the reconstructed 3D space, a point A was selected on the main stem,
a point C was selected on the petiole, and point B was selected at the junction of the stem and petiole. The
leaf inclination angle “BAC was calculated using the following formula:

cos(4BAC) = |AABB|:I|‘}4CC| (3)

where, vectors AB and AC were computed as follows:
AB = (xy = Xa» Yo — YaZb — Za) )
AC = (Xc —Xa) Yo = Ya % — Za) (5)

where:
(Xe» Yar 2a), (xp, Vb, 2p) and (x., y., z.) represented the coordinates of the three points A, B, and C
mentioned above, respectively;

By calculating the angle between vectors AB and AC, the leaf angle «BAC was obtained. A schematic

diagram was shown below:

Fig. 9 - Schematic diagram for calculating leaf angle
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RESULTS AND ANALYSIS
Analysis of preprocessing results

As shown in Figure 10, a comparison of the raw point clouds of tomato plants from three different
viewpoints with the point clouds processed by the conditional filtering method clearly demonstrates that
irrelevant background information, such as the planting pots and surrounding environment, was successfully
removed. This indicates that the conditional filter can effectively extract the region of interest in 3D space.
However, this method still faces challenges in dealing with near-boundary and internal noise points.

a. Perspective 1 (0°) d. Perspective 1 after conditional filter

b. Perspective 2 (120°) e. Perspective 2 after conditional filter

c. Perspective 3 (240°) f. Perspective 3 after conditional filter

Fig. 10 - Comparison before and after conditional filter processing

To further enhance the quality of the point cloud data, Statistical Outlier Removal (SOR) filtering was
introduced for additional processing. After applying the conditional filter, the number of point cloud data points
in the three views was 3,818; 3,185; and 4,318, respectively. Following the application of the SOR filter, the
point counts were reduced to 3,230; 2,678; and 3,600, representing reductions of 15.41%, 15.93%, and
16.70%, respectively.

This two-stage filtering approach significantly improves the efficiency of subsequent computations and
enhances the accuracy of point cloud registration.

Analysis of registration results

As shown in Figure 11, the SOR-filtered tomato plant point clouds from three different viewpoints were
rotated for visualization. Due to viewpoint limitations and occlusions between stems and leaves-particularly
the mutual occlusion between stem and leaf structures-some data loss was inevitable, as indicated by the red
arrows in the figure. This makes it difficult to comprehensively capture the complex morphology of the plant
from a single view.

However, multi-view registration techniques can effectively address this limitation by aligning and
fusing point cloud data obtained from different perspectives. The registered point cloud integrates information
from multiple views, resulting in a more complete and accurate 3D reconstruction.
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T f >
a. Perspective 1 (0°) after SOR filtering b. Perspective 2 (120°) after SOR filtering  c. Perspective 3 (240°) after SOR filtering
Fig. 11 - Left view from three perspectives

As illustrated in Figure 12, the reconstructed tomato plant point cloud was rotated 45° to the left and
right, respectively. These views offer a clearer observation of the reconstructed results. The rotated point
clouds reveal a well-separated stem-leaf structure and a complete overall morphology. The structural details
of both the stem and the leaves were distinctly visible, and the overall plant shape was accurately preserved.
These results demonstrate that the registered and reconstructed 3D point cloud not only effectively
compensates for data loss but also significantly improves detail capture and structural integrity in the final
model.

a. left-rotated view after reconstruction b. front view after reconstruction c. right-rotated view after reconstruction
Fig. 12 - Views from different perspectives after registration and reconstruction

To further verify the accuracy of the reconstructed model, the plant height and canopy width from three
single-view point clouds, each processed using conditional filtering, were calculated and compared with
manually measured values. The calculation errors were shown in Fig. 13.

M Reconstructed Model 1 2 3
3 B Reconstructed Model 1 2 3

(wo)orrs pajemore)
(uro)oare pajernofe)y

T2 T3 T7 T8 T9 TI10 TIi1 TIi2 TI13 Ti4 TI15
Tomatoes' Serial Number Tomatoes' Serial Number

05 05
, I ‘ | | ‘ ‘ N I I | ‘ ‘
T4 TS5 T6 T T3 T4 TS T6 T T§ T8 TI0 T T2 TI3 T4 TIS

a. Calculation error of plant height b. Calculation error of Canopy width
Fig. 13 - Calculation error between the reconstructed model and single-view measurements

As shown in Figure 13(a), the error range for View 1 was 0.3—-2.9 cm, with an average error of 1.14
cm. For View 2, the error ranged from 0.5-2.2 cm, with an average of 1.04 cm. For View 3, the error ranged
from 0.4-2.8 cm, with an average of 1.05 cm. The error range for the reconstructed model was 0.17—1.35 cm,
with an average error of 0.76 cm.

In Figure 13(b), it could be observed that the canopy width errors from the single views ranged from
0.2-3.2 cm, with an average error of 1.25 cm. In comparison, the reconstructed model yielded an error range
of 0.17-1.5 cm, with an average error of 0.83 cm.
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These results demonstrate that the reconstruction-based measurements produce smaller and more
stable errors compared to single-view calculations, thus confirming the effectiveness of the 3D reconstruction
model.

Calculation and analysis of phenotypic traits

To validate the effectiveness of the proposed phenotypic parameter estimation method based on the
reconstructed 3D point cloud of tomato plants, a correlation analysis was conducted between the computed
values and manually measured values. According to the phenotypic calculation methods for plant height,
canopy width, and leaf angle described in Section 2.4, the corresponding values were calculated from the
reconstructed tomato point clouds. Meanwhile, manual measurements of height, canopy width, and leaf angle
were performed on nine tomato plants, with three repeated measurements taken for each phenotype to obtain
average values. To further verify the accuracy of the method, linear correlations between the computed values
and measured values were established.

For plant height, the coefficient of determination (R?) was 0.98, and the root mean square error (RMSE)
was 0.75 cm, with an error range of 0.18 cm to 1.58 cm, as shown in Figure 14(a). For canopy width, the R?
and RMSE were 0.94 and 1.10 cm, respectively, with an error range of 0.12 cm to 2.13 cm, as shown in Figure
14(b). For leaf angle, the R? was 0.89 and the RMSE was 4.43 °, with an error range of 1.14 ° to 13.43 °, as
shown in Figure 14(c).

a5
26
a4

a. Height b. Canopy Width c. Leaf angle
Fig. 14 - The correlation between the calculated and measured values of phenotypic parameters

These experimental results demonstrated that the computed values for plant height, canopy width,
and leaf angle from the reconstructed 3D point cloud were highly consistent with the manually measured
phenotypes, confirming the validity and accuracy of the method.

The primary sources of error in estimating plant height, canopy width, and leaf angle stem from the
resolution limitations of the Kinect hardware sensor. In addition, traditional manual measurements were subject
to human error, which could cause slight deformation of the canopy structure and lead to inconsistencies in
data acquisition before and after measurement.

CONCLUSIONS

In this study, a multi-view 3D point cloud acquisition system based on the Kinect 2.0 sensor was
developed to reconstruct high-quality point cloud models of individual tomato plants. Through a preprocessing
pipeline combining Conditional Filtering and Statistical Outlier Removal, along with down-sampling,
background noise and redundant data were effectively eliminated, thereby enhancing computational efficiency.
By applying coarse and fine registration to multi-view point clouds, the system successfully addressed issues
of data loss caused by occlusion and viewpoint limitations, yielding clear and structurally complete 3D plant
models. Phenotypic trait extraction from the reconstructed models demonstrated high accuracy, with average
errors of 0.81 cm for plant height, 1.03 cm for canopy width, and 4.28° for leaf angle. These results validate
the reliability and practicality of the proposed method, supporting its application in 3D plant modeling and
lightweight phenotyping workflows. However, the current system is mainly applicable to individual plants and
is limited to the extraction of several structural phenotypic traits. In future work, the proposed method will be
extended to more complex planting scenarios and diverse crop populations. In addition, robust stem—leaf
segmentation algorithms will be developed, and additional phenotypic parameters will be extracted to further
enhance the system’s applicability in comprehensive plant phenotyping studies.
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