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Abstract

Amid growing challenges to global food security, high-throughput crop phenotyping has
become an essential tool, playing a critical role in genetic improvement, biomass estimation,
and disease prevention. Unlike controlled laboratory environments, field-based phenotypic
data collection is highly vulnerable to unpredictable factors, significantly complicating the
data acquisition process. As a result, the choice of appropriate data collection equipment
and processing methods has become a central focus of research. Currently, three key
technologies for extracting crop phenotypic parameters are Light Detection and Ranging
(LiDAR), Multi-View Stereo (MVS), and depth camera systems. LiDAR is valued for its
rapid data acquisition and high-quality point cloud output, despite its substantial cost.
MVS offers the potential to combine low-cost deployment with high-resolution point cloud
generation, though challenges remain in the complexity and efficiency of point cloud
processing. Depth cameras strike a favorable balance between processing speed, accuracy,
and cost-effectiveness, yet their performance can be influenced by ambient conditions
such as lighting. Data processing techniques primarily involve point cloud denoising,
registration, segmentation, and reconstruction. This review summarizes advances over
the past five years in 3D reconstruction technologies—focusing on both hardware and
point cloud processing methods—with the aim of supporting efficient and accurate 3D
phenotype acquisition in high-throughput crop research.

Keywords: three-dimensional reconstruction; plant phenotype; multi-sensor fusion; point
cloud processing

1. Introduction

The world population is projected to reach 8.4 billion by 2075 [1]. In the face of global
warming and other global crises, the ability of food systems to feed the world’s population
will continue to be challenged. Conventional yet continually evolving strategies—such as
precision agriculture, genetic crop improvement, sustainable soil management, and the
use of biofertilizers—have demonstrated significant potential in enhancing productivity
and resilience under resource constraints. Sustainable soil management practices—such
as conservation tillage, crop rotation, and balanced fertilization—play a crucial role in
maintaining soil health and long-term productivity. Recent findings indicate that balanced
fertilization combining organic and inorganic inputs can improve microbial activity, nu-
trient cycling, and soil structure [2]. Collectively, these approaches represent not only
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practical pathways to increasing agricultural productivity but also essential strategies for
ensuring long-term global food security under the dual pressures of population growth
and environmental change.

Alongside these established agronomic practices, the integration of digital and sensing
technologies has become increasingly important for enabling more precise, data-driven
agricultural management. While conventional strategies provide a solid foundation, there is
growing interest in applying advanced technologies such as 3D reconstruction techniques in
crop phenotyping to further accelerate crop improvement and precision agriculture efforts.
About five years ago, most crop phenotyping studies relied mainly on two-dimensional
imaging and manual measurements, with limited use of 3D reconstruction techniques due
to high equipment costs and immature data-processing algorithms. Now, the development
of sufficiently intelligent, high-throughput (rapid, automated processing of large volumes
of data or samples in a short time) 3D crop phenotypic analysis platforms has become
a research focus. Such platforms can significantly improve the efficiency and quality of
agricultural production and support sustainable agriculture development [3,4]. This tech-
nological transformation bridges traditional agronomic research and the digital agriculture
paradigm, illustrating how 3D reconstruction offers a measurable and visual basis for
data-driven crop management.

3D reconstruction technology provides a foundation for accurate and efficient crop
phenotyping under field conditions. Large-scale analysis of phenotypic traits in the field is
essential for crop genetic improvement [5], biomass estimation [6], and understanding crop
responses to environmental conditions [7]. Phenotypic traits such as canopy parameters,
stem and leaf parameters, and fruit size show great potential in studying field crops like
wheat, maize, rice, and soybean. Monitoring these traits to provide timely feedback for crop
management can help alleviate the pressure of global food problems to some extent [8-11].
For example, the leaf area index (LAI) directly reflects canopy density [12]. It is influenced
by multiple factors, including plant species, growth stages, and environmental conditions
(such as light, water, and temperature). LAl is closely associated with photosynthesis,
respiration, and transpiration rates. It can also be used to assess crop growth status and
yield potential. Leaf angle distribution (LAD) is another key structural parameter that
influences plant photosynthetic efficiency and water evaporation. Understanding and
controlling LAD can help optimize crop planting density and growth conditions, thereby
improving crop yield and quality [13]. Together, LAI and LAD reflect the influence of
light radiation on plant canopies [14]. Accurate 3D characterization of these traits thus
provides structural inputs that connect phenotyping data with modeling and management
in precision agriculture.

In terms of measurement, sensor technology has largely replaced traditional manual
measurements. RGB cameras, multi-view stereo (MVS) systems, depth cameras, and
light detection and ranging (LiDAR) technology all demonstrate significant potential for
phenotypic data acquisition [15,16]. Among these, depth cameras are often preferred due
to their low cost, high precision, and ease of point cloud post-processing [17]. Additionally,
LiDAR mounted on unmanned aerial vehicles (UAVs) and unmanned ground vehicles
(UGVs) has proven to be a cost-effective solution for large-scale data collection [15,18].
These sensing technologies support complementary 3D reconstruction pipelines, enabling
multi-scale data capture from the organ to the field level.

Despite the rapid evolution of sensing and computing technologies, few comprehen-
sive studies have compared LiDAR, MVS, depth cameras, and multi-sensor fusion within a
unified framework. Recent reviews have begun to address this gap [19,20], while OB-NeRF
and related neural methods have pushed 3D reconstruction toward higher efficiency and
fidelity [21]. Aiming to assess the application potential of 3D reconstruction technology in
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agriculture and promote the development of high-throughput crop phenotyping analysis,
this paper comprehensively compares the data acquisition methods, reconstruction effi-
ciency, accuracy, advantages, disadvantages, and environmental applicability of LiDAR,
MVS, depth cameras and multi-sensor fusion in crop phenotyping. We also examine their
applications in both laboratory and field settings to shed light on future development direc-
tions. In addition, this paper analyzes the main algorithms and applications of three core
point cloud processing technologies—point cloud denoising, registration, segmentation
and reconstruction—which are essential in the 3D reconstruction workflow. Through this
comparative analysis, this paper aims to clarify how 3D reconstruction technologies can be
effectively integrated with other digital agriculture tools to improve crop monitoring, yield
prediction, and intelligent decision-making.

To summarize development and trends in 3D reconstruction technologies, this review
used the Web of Science (WOS) database as the primary source. Relevant literature on
the applications of 3D reconstruction in crop phenotyping published between 2019 and
2025 was collected. To ensure relevance, an exact search was conducted within the subject,
title, and abstract fields of WOS using predefined keywords such as “MVS”, “LIDAR
three-dimensional reconstruction”, “plant phenotype”, “multi-sensor fusion”, and “point
cloud processing”. The inclusion criteria focused on journal articles, conference papers,
and review articles. Articles were further screened based on methodological rigor, experi-
mental relevance, and citation impact to ensure the representativeness and quality of the
selected studies. Based on the Web of Science Core Collection, we searched for articles,
reviews, and conference papers published from 2019 to 2025, retrieving 7120 records. Af-
ter removing duplicates, 4970 records remained. Initial screening of titles and abstracts
excluded 4400 irrelevant documents. Full-text review of 570 articles led to the exclusion of
442 studies that did not meet the research criteria. Ultimately, 124 studies were included in
this review (Figure 1).
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2. Data Acquisition
2.1. Light Detection and Ranging

Light detection and ranging (LiDAR) technology generates point cloud data by scan-
ning a laser beam and measuring the reflected signal. The coordinates of these points
represent the depth information of the crops in the scene, thereby enabling the construc-
tion of a 3D model [22]. Given the high penetration of laser beams, LiDAR technology
is less affected by ambient light conditions. Therefore, certain environmental factors can
be disregarded in field measurements, allowing for the acquisition of more accurate 3D
point clouds [23]. The resolution of the 3D point cloud generated by LiDAR is lower
than that of image-based methods but higher than that of depth camera methods, which is
sufficient to meet the requirements of most data acquisition tasks [24,25]. The larger sensing
angle of LiDAR also significantly reduces the possibility of data loss [26]. Compared with
image-based methods, which are constrained by photographic and alignment accuracy [23],
LiDAR sensors, as active sensors, are well-suited for high-frequency and large-scale char-
acterization information extraction. Additionally, LIDAR technology can penetrate crop
canopies to obtain measurement data, making it more effective in addressing occlusion
problems [22,27]. However, due to the limited laser throughput, the data acquisition speed
and detection range of LiDAR are constrained [28,29]. Currently, the most significant
challenge facing LiDAR technology is its high cost, which includes both initial investment
and ongoing operational expenses. At the same time, some consumer-grade LiDAR sensors
are susceptible to environmental conditions. For example, the Intel RealSense L515 requires
strict control over ambient light conditions to ensure optimal performance [30].

LiDAR can be mounted on phenotyping platforms based on ground or aerial systems.
Common ground platforms include handheld devices, gantry systems, and unmanned
ground vehicles (UGVs), while aerial platforms encompass unmanned aerial vehicles
(UAVs) and satellites. The optimization of UAV flight parameters has recently been shown
to markedly enhance canopy-level trait estimation accuracy in wide—narrow row cultivation
systems [31]. Handheld LiDAR sensors are highly flexible and portable, allowing for close-
range scanning of crops from multiple angles and resulting in high-point cloud coverage.
However, due to their slow acquisition speed and the inherent instability of manual
operation [26], they are typically used for collecting small-scale verification data [32]. The
mounting platform for LiDAR sensors is not strictly defined; for example, the handheld
ZEB1 scanner and ZEB-REVO also support vehicle-mounted configurations [26]. Gantry-
type LiDAR platforms ensure the stability and accuracy of the system. Additionally,
gantries or similar large-scale structures can be equipped with multiple sensors to collect
crop phenotypic information from various directions. However, due to the size of the
framework, the scope of data collection is constrained. Small ground-based fixed platforms
are more suitable for indoor measurement of individual plants rather than large-scale data
extraction due to their conical viewing angles and installation heights. Forero et al. fixed a
LiDAR vertically on a slide rail under laboratory conditions, placed the crop on a rotatable
platform, and extracted point cloud data of the entire seedling growth process through
vertical scanning [33]. Saha et al. achieved good reconstruction efficiency and accuracy
by installing 2D LiDAR sensors on a linear transporter to scan tomato plants from both
sides at a uniform speed [34]. In cases of lower plant height or higher outdoor mounting
platforms, tripods [35] or suspension systems [36] can also be employed.

Ground mobile platforms enhance the efficiency of data acquisition, while airborne
platforms offer higher, faster, and longer-range capabilities, making them suitable for
large-scale field applications [37]. Murcia et al. developed a mobile terrestrial laser scanner
mounted on a GPS-based UGV for small-scale crop mapping, demonstrating its potential
in field applications [38]. Esser et al. integrated sensors with field robots equipped with au-
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tonomous navigation systems, achieving significant advantages in 3D phenotypic analysis
at both plant and organ levels [8]. Yan et al. employed a UAV-mounted LiDAR to capture
the vertical structure, yielding high-resolution data [39]. Meanwhile, combined with global
navigation satellite systems, it can show good performance in measuring crop height [40].
However, these platforms often prioritize efficiency at the expense of detailed accuracy
and perform poorly in organ-level point cloud acquisition. Additionally, the presence of
numerous irrelevant background elements can severely impact point cloud quality, making
subsequent processing techniques crucial for data usability.

In large-scale experiments, the occlusion caused by adjacent plants often prevents
field phenotyping platforms from obtaining fine phenotypic traits of individual plants [41].
The results obtained under controlled indoor conditions are not universally applicable.
Large-scale field equipment capable of achieving similar trait accuracy at the individual
plant level as indoor equipment is prohibitively expensive [42].

The applications of the LIDAR sensors mentioned above, in terms of mounting meth-
ods and crop phenotypic measurements, are summarized in Table 1. The selection of
phenotyping platforms is primarily based on plant size, planting area, and equipment
accuracy. Inputting the point cloud data obtained by LiDAR into relevant supporting
software can further enhance the efficiency of segmentation and reconstruction.

Table 1. Commonly used LiDAR sensors and their applications.

Sensors Platforms Objects Measured Parameters =~ Bundled Software References
Handheld device,
ZEB1 Unmanned ground  Blueberry bushes Canopy size GeoSLAM Cloud [26]
vehicle
. Planting density, PCL version 1.11.1,
Focus 570 Tripod Rapeseed leaves Number of plants Visual Studio 2022 331

Soybeans, Peas, 34 traits (shapes, edge

RigelScan Elite Handheld device Black beans, Red Geomagic Studio [43]
feature, etc.)
beans, Mung beans
Plant height, Volume,

LMS4121R-13,000 Slide rail Maize seedlings Classification of stalks SOPASET, [33]

CloudCompare

and leaves

CloudCompare

Agricultural spray . Plant height, Panicle (version 2.7.0),
Focus X330 tractor Sorghum panicles length, Panicle width FUSION/LDV [44]

(version 3.60)

Zoller + Froehlich ~ Unmanned ground l\lglagizs, SO‘}/’\}D}? a;s, LAI, LAD, CloudCompar ]

Profiler 9012 A robot otatoes, cat, Plant height oudi-ompare

Sugar beets

CloudCompare,

Focus 3D S120 TLS ~ Suspension system Wheat Yield FARO Scene [36]
V2021.1.0., Open3D

RPLIDAR A2 Unmanned aerial  Wheat, American Plant height MATLAB 2018a [40]

vehicle mints

2.2. Multi-View Stereo

Multi-View Stereo (MVS) Reconstruction is an image-based 3D reconstruction tech-
nique, the accuracy of which is primarily contingent upon the subject plant characteristics,
camera capture precision, and the efficacy of point cloud processing [45]. The intrinsic plant
parameters encompass growth status, volume size, and structure complexity. Camera shoot-
ing accuracy is determined by factors such as camera configuration, calibration, shooting
angle, and environmental conditions. Point cloud processing involves techniques such as
denoising, registration, and segmentation. Leveraging the MVS approach, extensive image
sequence data can be utilized to enhance the precision of dense point cloud reconstruction.
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It achieves optimal results at the fine scale for individual crops and is predominantly em-
ployed under controlled laboratory conditions. Nonetheless, this method also escalates the
challenge of feature matching, significantly increasing both the temporal and computational
costs. In field settings, image accuracy can be compromised by environmental factors such
as lighting and wind speed, thereby affecting the stability of image capture [46].

Currently, there is a scarcity of high-throughput field data capture platforms that utilize
MVS, with the majority of existing methods focusing on experiments with individual crops
under either laboratory or field conditions. Unlike some other techniques, MVS does
not directly acquire 3D point clouds. Instead, it employs Structure from Motion (SFM)
as the principal technique for reconstruction. SFM is capable of rapidly reconstructing
the 3D structure of plants from a series of high-resolution two-dimensional images [47].
This method is less susceptible to environmental influences and is recognized for its high
accuracy [45].

In the realm of 3D reconstruction and phenotypic analysis, numerous phenotypic
analysis platforms have been designed based on MVS-SFM technology. Wu et al. proposed
small-scale phenotypic analysis platforms for both tall and low plants, known as MVS-
Pheno V1 and MVS-Pheno V2 [46,48]. These platforms are portable and suitable for
phenotypic measurement of individual plants in both indoor and outdoor settings. MVS-
Pheno V2 was an improvement over V1, integrating an open-source MVS reconstruction
system, a robust calibration system, and an automatic point cloud phenotype calculation
module to provide higher reconstruction accuracy. Sandhu et al. focused on developing
imaging platforms for the compositional traits of small plants, offering new solutions for
the 3D reconstruction of small plants [49]. These platforms typically use plant fixation and
camera rotation to reduce blade vibration and decrease 3D point cloud noise. Additionally,
UAVs utilizing SFM technology can collect multi-view overlapping images of field crops,
generate high-density 3D point clouds, and obtain information such as plant height [50] and
canopy [51]. It is straightforward to accurately locate and track the UAVs by employing the
Global Navigation Satellite System and Real-Time Kinematic Global Navigation Satellite
System [52]. The trajectory data obtained can subsequently be utilized to facilitate image
matching and parameter estimation [47].

With technological advancements, smartphone cameras have also been utilized to
capture multi-view images, albeit with relatively lower accuracy, making them more
suitable for the reconstruction and segmentation of simple structures. He et al. used the
iPhone 11 for multi-view shooting, reconstructing the 3D point cloud of soybean plants
based on the SEM algorithm [45]. Rui et al. captured different angles of corn using
high-resolution smartphones and Agisoft Metashape software to generate point cloud
data, further proposing the corn carrion segmentation network [53]. These developments
illustrate the diverse applications of MVS-SEM technology in plant phenotypic analysis,
ranging from portable platforms to drones and smartphones, offering practical tools for
image sequence acquisition across different scales and complexity.

The three MVS-based phenotypic measurement platforms mentioned above are sum-
marized in Table 2. They offer straightforward and precise solutions for phenotypic mea-
surements across different scales and volumes of crops. These platforms are often utilized in
conjunction with software such as PhotoScan, Point Cloud Library (PCL), CloudCompare,
MATLAB and others to facilitate subsequent processing needs.

Nevertheless, as previously discussed, MVS-based reconstruction techniques are
highly contingent upon favorable environmental conditions and image quality. It is es-
sential to employ a perspective that is as cross-angled as possible to ensure the most
comprehensive reconstruction of features. This approach guarantees that all aspects of
the plant are captured while minimizing occlusion, albeit at the expense of increased com-
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putational costs [26]. When it comes to large-scale data collection, the issue of occlusion
between plants is inevitable. Consequently, only specific basic and straightforward phe-
notypic analyses can be conducted, such as measuring plant height and canopy size. The
emerging neural radiance field technology, such as OB-NeRF, has achieved high-fidelity
reconstruction with a peak signal-to-noise ratio of over 29 decibels within 30 s, maintain-
ing a geometric error of less than 0.2 mm for organs like leaves. Its exposure adaptive
feature further mitigates the interference of natural light, pioneering a new paradigm for
high-throughput field phenotypic analysis [21].

Table 2. Phenotypic measurement platforms based on MVS.

Names Equipment Objects Measured Parameters Bundled Software = References
Canon 77D
cameras, FARO . Plant height (R% =0.99), .
MVS-Pheno V1 Focus3D X120, }(Ir;ga}:; C;fcp)s Leaf width (R = 0.87), ?f;?gsf;i };‘;{(’;?E [46]
Fastrak 3D e Leaf area (R? = 0.93) ’
Digitizer
OpenGL, PCL,
Canon 77D Lower crops Pla2nt height OpenMVG,
(wheat, etc.), (R==0.999), OpenMVS,
MVS-Pheno V2 cameras, Fastrak . 5 [48]
3D Disitizer Seedling plants, Leaf length (R = 0.995), ContextCapture
& Plant organs Leaf width (R? = 0.969) V449,
CloudCompare
Sony «6500 Rice panicles,
cameras, Epson Grain new
PI-Plat Expression 12,000 branches, Number of seeds, Color MATLAB [49]
XL New leaves
2.3. Camera

Depth camera-based crop phenotypic data acquisition methods exhibit notable ad-
vantages in terms of accuracy and cost-effectiveness. Although the point cloud density
generated by depth cameras is slightly lower compared to LiDAR, it suffices for the imaging
requirements of most scenarios and significantly reduces costs. In contrast to the MVS
method, depth cameras provide a more direct means of obtaining depth information, which
decreases reliance on complex image-matching algorithms and streamlines the data pro-
cessing workflow. Kinect vl (Microsoft, Redmond, WA, USA) employs structured light
technology with a color camera resolution of 640 x 480, making it suitable for close-range
data acquisition. Kinect v2 (Microsoft, Redmond, WA, USA) utilizes Time-of-Flight (TOF)
technology. It emits optical pulses towards the target, receives the reflected light with a sen-
sor, and calculates the target distance by measuring the pulse’s flight time [54]. Compared
to Kinect v1, Kinect v2 offers significantly improved resolution, with the color camera
resolution enhanced to 1920 x 1080 and the depth image resolution to 512 x 424. Its
capability to deliver more explicit images and a broader field of view has made it the most
widely adopted option for phenotypic acquisition tasks [55]. Guan et al. constructed a het-
erogeneous data acquisition system for maize utilizing three Kinect v2 sensors, successfully
capturing 810 sets of color images and depth data of maize plants [56]. The Azure Kinect
DK (Microsoft, Redmond, WA, USA) facilitates real-time capture of environmental data
and conversion into 3D point clouds [57].

Depth cameras possess a certain degree of robustness to lighting conditions. However,
image acquisition is still best conducted in the morning, evening, on cloudy days, or
indoors where ambient light is not intense [58]. Under field conditions, the carrying
platform should be equipped with a shading structure [59]. Intense sunlight can impair
the resolution of Kinect cameras, leading to a significant reduction in point cloud density
and negatively impacting the reconstruction of canopy structures [60], edges [58] and fine
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details [61]. Conversely, too low illumination can compromise the quality of color data,
necessitating the use of artificial lighting. Nonetheless, the primary consideration should
always be ensuring that the point cloud is sufficiently dense. Gene-Mola et al. reached a
conclusion through their experiments in apple orchards that an appropriate lighting level
should be maintained between 50 and 2000 lux [62]. They also provided a coordination
relationship between lighting and shooting distance: under high illumination, the distance
from the sensor to the target can be decreased to enhance point cloud density. Cameras are
typically mounted on movable vehicles or gantries to facilitate the extraction of large-scale
plant point cloud data [63]. The former approach extends the reach of data collection,
whereas the latter ensures stable imaging conditions. Vazquez-Arellano et al. affixed a
Kinect v2 to the mobile robot platform TALOS, which systematically traversed greenhouse
farmlands, capturing data from 41 corn seedlings per row [64]. The establishment of a
shape model for the entire plant group demonstrated the efficacy of depth cameras in large-
scale point cloud data extraction. Additionally, they explored the relationship between the
accuracy of 3D reconstruction and the perspective of camera data acquisition. Ma et al.
employed a Kinect V2 sensor mounted on a gantry to vertically obtain canopy information
from soybean plants, calculating plant height and LAI with determination coefficients R2
exceeding 0.97 and 0.94, respectively [65]. For the phenotypic extraction of individual
plants, methods such as positioning the plant on a turntable and photographing it with
a camera [18,66,67] or arranging multiple cameras around the plant to capture images
simultaneously [68,69] can be utilized. These approaches enable the extraction of more
detailed data but also increase the complexity of point cloud registration. Beyond the study
of static traits, the development of a real-time monitoring platform based on dynamic
plant traits represents a future direction for advancement [70]. However, accounting for
variations in environmental conditions such as illumination and background, obtaining
real-time and precise point clouds remains challenging. The development of more refined
algorithms and the utilization of advanced sensors are necessary to enhance the accuracy
of crop 3D modelling.

We have distilled the aforementioned findings in Table 3, which illustrates that LIDAR
sensors offer the highest accuracy and efficiency but come at a premium cost. In contrast,
MVS and depth cameras, while more affordable, are less efficient than LiDAR. Specifically,
MVS is constrained by its indirect method of obtaining point cloud data, which relies on
the SFM algorithm to transform image data into point clouds. This process encounters
significant challenges when dealing with large-scale data. Nonetheless, due to its capability
to directly extract depth information from images, it demonstrates considerable advantages
in capturing fine details. To ensure both scale consistency and geometric accuracy, both
MYVS-based methods and depth camera technologies necessitate precise camera calibra-
tion [71]. The most commonly employed methods for static calibration are the checkerboard
calibration method and the Zhang Zhengyou calibration method [71,72]. By utilizing the
detected corner coordinates and the known dimensions of the checkerboard, camera pa-
rameters are estimated by solving the camera model equations, followed by the correction
of distortions [73].

Depth cameras outperform MVS and LiDAR in controlled settings with stable lighting
(low to moderate intensity) and minimal plant movement, providing cost-effective 3D
reconstruction for small-scale phenotyping (e.g., maize, soybean). At close range, they
deliver high accuracy comparable to MVS at a lower cost and with simpler processing than
LiDAR, making them ideal for indoor or shaded field setups (e.g., greenhouses) for traits
like leaf area index [74].
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Table 3. Comparison of three reconstruction methods.
Get the Environmental
Methods Platforms Accuracy Point Clouds Price Scalability Scale of Analysis References
. Robustness
Directly
. .. Can be applied
Unmanned aerial Moderate; limited  Strong; performs .
. from plant to field
vehicle, by platform well under scale dependin
LiDAR Unmanned mm Yes $10,000~$50,000  weight and cost,  different lighting P & [8,27,43,48-51]
: . on platform
ground vehicle, but suitable for and weather (handheld, UAV
Fixed platform various scales. conditions. ¢ ’
UGV).
High; easy to Weak;
. : performance Mostly used for
Unmanned aerial deploy in degrades under single-plant or
MVS vehicle, Fixed mm~cm No $1000~$10,000  greenhouse and & i & lf [21,45,52,53,72]
latform indoor strong sunlight small-scale
p . or reflective canopy studies.
environments.
surfaces.
Moderate;
Depth camera + Unmanned High; adaptable affected by Suitable for plot or
p round vehicle, mm-~cm Yes $500~$5000 for large-scale or lighting and field-level [54-57,65,66,73]
SDK g 8 ghting
Fixed platform field phenotyping. weather analysis.
variations.
Unmanned aerial Moderate; Strong; Applicable for
Multi- vehicle, complexity limits maintains plant to field scale,
Sensor Fusion Unmanned mm-~cm Yes >$50,000 scalability but stability across depending on [58-60]
System ground vehicle, enhances variable sensor
Fixed platform versatility. environments. configuration.

Pricing estimates are based on products available in the market and general market conditions, and actual prices may vary.
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2.4. Multi-Sensor Fusion

In the realm of multi-sensor fusion, systems can be categorized into three primary
types: fusion imaging systems between 2D sensors, fusion imaging systems between 2D
and 3D sensors, and fusion imaging systems among 3D sensors. Utilizing an array of
capture devices enables the extraction of crop phenotypic parameters at varying levels
of detail. For instance, when employing mobile phones and cameras for data acquisition,
mobile phones, despite their lower resolution, offer shorter capture times, while cameras,
with their higher resolution, require longer capture times [75]. Multi-sensors can also
serve to complement one another. For example, RGB cameras can compensate for the
lack of color information in LiDAR sensors [30] and some depth cameras, such as PMD
cameras [76]. Also, it can aid in the positional and attitudinal calibration of depth cameras,
which is essential for the accurate alignment of multi-view 3D data [71]. Clearly, multi-
sensor fusion systems offer a more comprehensive, reliable, and robust scheme for crop
data acquisition. This fusion strategy enhances the completeness and richness of the data,
such as in combined RGB camera and LiDAR systems. LiDAR can swiftly acquire large-
area 3D structural data unaffected by lighting and reflections, while the camera system
can supply abundant color information and more comprehensive geometric details to
remedy the shortcomings of the LIDAR system [63]. In UAV-based wheat phenotyping,
Fei et al. fused RGB, LiDAR, and multispectral sensors for yield prediction. The multi-
sensor model achieved a 15-20% reduction in canopy height RMSE and improved yield
estimation accuracy from R? = 0.68 to 0.89, outperforming single-sensor systems [77]. This
demonstrates that sensor fusion not only compensates for illumination and occlusion
limitations but also enhances the robustness of phenotypic modeling in large-scale field
conditions. However, multi-sensor systems are more complex than their single-sensor
counterparts and require a longer time. The challenge of rapidly and accurately fusing
multi-source data is one that necessitates profound consideration.

3. Point Cloud Data Processing

Three-dimensional plant phenotypic analysis can break through the dimensional limi-
tations of traditional two-dimensional images, thereby providing more comprehensive and
accurate phenotypic data such as plant height, leaf width, leaf area and fruit volume [78].
As a tool for precisely capturing the 3D morphology of plants, point cloud data frequently
struggles to directly represent the intricate structure of plants as initially obtained from
acquisition equipment. Open-source software such as CloudCompare, Open3D, and PCL
offers a multitude of point cloud processing solutions. Point cloud denoising marks the
initial phase in the processing sequence. Given the substantial volume of raw point cloud
data and the impact of noise interference, both denoising and downsampling have become
essential components of the process. Point cloud registration is pivotal for constructing
a comprehensive 3D model. It is crucial to establish the consistency and integrity of tar-
get features by accurately aligning disparate datasets within the same coordinate system,
especially when dealing with point cloud data gathered from multiple viewpoints and
at various time intervals. The segmentation and reconstruction process is central to ex-
tracting plant morphological characteristics and developing a detailed model, laying a
solid groundwork for plant phenotypic assessment and analysis. In Sections 3.1-3.3 of this
paper, an exploration of the application and evolution of algorithms within the three critical
domains of point cloud denoising, registration, and segmentation and reconstruction will
be presented, focusing on recent years” advancements.
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3.1. Point Cloud Denoising

Point cloud denoising is an essential step in 3D reconstruction, aimed at eliminat-
ing background noise and jitter that occur during the capture process. Denoising not
only enhances the accuracy of point cloud registration but also reduces computational
overhead. Commonly used denoising approaches can be broadly classified into several
categories: statistical methods (e.g., Gaussian filtering, Bilateral filtering, and Median filter-
ing), clustering-based techniques (e.g., Density-Based Spatial Clustering of Applications
with Noise, DBSCAN [76]; Random Sample Consensus, RANSAC [43]), local neighborhood
methods (e.g., Statistical Outlier Removal, SOR [79]; K-Nearest Neighbors, KNN [80]), and
geometric-topology-based strategies such as Voxel filtering [35].

Large-area background noise can be removed by semantic segmentation [81]. While
obvious outliers, such as soil, weeds, and flowerpots, can be directly trimmed using
distance thresholds and bounding boxes [26,35,59,65]. Bilateral filtering reduces noise while
preserving edge details by considering both spatial proximity and intensity differences
between points. The DBSCAN algorithm, which clusters points based on density, is effective
for complex data distributions but is sensitive to parameter choices and relies heavily on
prior knowledge [82,83]. The RANSAC is primarily used for model fitting and outlier
removal, iterating multiple times to identify the optimal model [84]. The SOR filtering
identifies and removes points that deviate significantly from local density patterns; it is
straightforward and efficient, requiring only two parameters (k and #) [85]. Voxel filtering
reduces noise and computational load through downsampling, though the voxel size must
be carefully selected to avoid loss of detail [35,86].

Combining multiple filtering techniques can leverage their complementary strengths
and improve denoising performance. Chen et al. proposed a hierarchical method integrat-
ing DBSCAN and fast bilateral filtering to handle noise with diverse spatial distributions
while preserving structural edges [87]. Jiang et al. used SOR and DBSCAN to progressively
filter non-target points, achieving the extraction of clean target point clouds [26]. Hu et al.
applied Gaussian filtering, SOR, and voxel filtering to denoise rapeseed plant point clouds
during downsampling [35]. They demonstrated that appropriately reducing point density
can shorten processing time without compromising accuracy. Larger voxels help reduce
density more rapidly but may sacrifice fine details; smaller voxels retain more detail at the
cost of higher computational load. Thus, selecting an appropriate voxel size is essential for
balancing point density and detail preservation [88].

A summary of the above denoising methods and their effects is provided in Table 4.
The choice of method should be guided by the specific characteristics of the point cloud
data and the requirements of the application.

Although traditional filtering algorithms remain widely used, deep learning tech-
nologies have demonstrated considerable potential—particularly in maintaining structural
integrity and spatial uniformity of point cloud edges. For example, PointCleanNet denoises
point clouds by estimating local geometric features. It effectively handles unordered point
clouds and remains robust under rigid transformations [89]. Wang et al. introduced the
PEN model, which integrates filtering concepts into a deep learning framework equipped
with an outlier recognizer and a denoiser [90]. The outlier recognizer assigns a probability
of being an outlier to each point, while the denoiser uses a two-stage sub-network architec-
ture to progressively refine point positions through coarse and fine recovery. A drawback of
this approach is its three-stage training process, each with separate loss functions, making
the network sensitive to the tuning of multiple parameters. Seppanen et al. developed
a lightweight spatio-temporal denoising network capable of handling adverse weather
conditions such as rain, fog, and snow [91]. Designed for integration with LiDAR, it enables
real-time point cloud enhancement.
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Table 4. Algorithms and effects of filtering point cloud denoising filtering schemes.
Classifications Algorithms Objects Effects References
Set a fixed height; suitable for
Elevation Values + RGB Rapeseed plants, flat ground and flowerpots; [35,59]
Attribute Cotton Canopy enhance color features to o
improve segmentation accuracy
Adjust height-histogram
Adaptive Threshold Blueberry Shrubs grad1er}t dynar.n.lcally a?cordmg [26]
Obvi i to terrain conditions; suitable for
vious outliers complex field environments
Use box selection to remove
Bounding Box Soybean plants large background interference [65]
and extract target objects
Extract ground model from
Cloth Simulation Filter Apple trees point cloud data; separate crown [12]
point cloud data
Soybeans, Peas Set a threshold to distinguish
Random Sample Consensus Black beans, Red bet'we<.en mte:rnal .Em.d exter.nal [43]
beans, Mung beans points; multiple fitting to find
’ the model
Calculate point cloud density to
K-Nearest Neighbors + Plane ~ Leaves of monocots 1de.3nt1fy noise points; cal.c u.late
Lavered Fittin and dicots distance from point to fitting [80]
y & plane to filter out noise points
Non-obvious outliers based on Interquartile Range
Density-Based Spatial Remove noise of different scales;
Clustering of Applications Rice and cucumber adjust parameters according to [87]
with Noise + Fast Bilateral plants shape and noise distribution of
Filter different crops
Statistical Outlier Removal + . . .
Density-Based Spatial Remove isolated noise points
Clustering of Applications Shrub canopy and clusters of non-target objects [26]
w%th Nolise (weeds) in turn
Gaussian Filter + Statistical cfrilssi::eenscm(z)(f)th(l)liisc?gj d:
Outlier Removal + Voxel Rapeseed leaves yorp ! [35]

Filter

optimize point cloud density
and improve operating efficiency

However, as a supervised model, its performance may degrade under environmental
conditions not well represented in the training set. Moreover, deep learning methods gener-
ally require large annotated datasets and often exhibit limited generalization across different
crop types or varying environmental conditions [82,83]. Several denoising networks—such
as FCNet (based on a teacher-student framework) [92], the lightweight LPCDNet [93],
PD-Flow (which integrates normalized flows and noise decoupling) [94], and NPD (based
on neural projection) [95]—are all supervised methods whose performance depends heavily
on the availability of clean training samples.

When labeled samples are scarce, data augmentation and semi-supervised learning can
help alleviate overfitting and improve generalization [90,92,96]. Given the high variability
of agricultural settings, unsupervised methods that do not require clean samples hold
particular promise. Wang et al. proposed an unsupervised denoising framework that
synthesizes point cloud versions with different noise levels to estimate displacement
vectors of noisy points and recover accurate point positions [97].

Current research on point cloud denoising focuses mainly on individual samples,
with limited attention paid to group point cloud data. Owing to the complexity, diversity,
and variability of plant point cloud samples, traditional filtering algorithms remain the
dominant preprocessing choice, and the application of deep learning in agricultural contexts
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warrants further exploration. Strengthening agricultural datasets through synthetic noise
injection, geometric transformations, partial-occlusion simulation, and domain adaptation
can substantially improve model robustness and transferability across crop types.

3.2. Point Cloud Registration

Point cloud registration is a critical technique for precisely aligning multi-source point
cloud datasets into a unified coordinate reference system. It is especially vital when dealing
with data captured from diverse viewpoints or across different time intervals. The Iterative
Closest Point (ICP) algorithm stands as a foundational method within the domain of point
cloud registration. It operates by iteratively identifying the nearest points and determining
the optimal alignment parameters to ensure the most effective superposition between the
source and target point clouds [18]. Nonetheless, the ICP algorithm can be susceptible
to noise and reliant on initial alignment parameters. Consequently, it is often essential
to preprocess point cloud coordinates using supplementary techniques to enhance the
precision of the initial alignment. Yang et al. utilized over 100 calibration balls in red, yellow,
and blue to assist in the calibration process [98]. By leveraging the spherical coordinates of
these calibration balls from various perspectives, they derived the corresponding spatial
transformation matrix to achieve coarse registration from a single viewpoint. Subsequently,
they employed the ICP algorithm for precise registration, resulting in a complete 3D point
cloud model of fruit trees. They accurately calculated canopy height, maximum canopy
width, and canopy thickness through two-view data fusion, with the average relative error
between their measurements and field measurements being approximately 3%. Wang et al.
firstly determined the positional relationship between point clouds based on the turntable
angle relationship and then used the ICP algorithm for registration [18]. This approach
optimized the stem-leaf matching rate of the model and effectively avoided falling into
local optimal solutions. Guan et al. employed Principal Component Analysis to align
the source and target point clouds into the same reference frame prior to the application
of the ICP algorithm [76]. This approach not only diminished computational load but
also enhanced the accuracy of the registration process. Sun et al. sequentially applied the
RANSAC algorithm followed by the ICP algorithm to achieve coarse and fine registration,
respectively [81]. However, there is no one-size-fits-all coarse registration algorithm. The
specific choice of algorithm must be tailored based on factors such as sample characteristics,
acquisition schemes, point cloud quality, and data complexity.

Integrating the temporal dimension into point cloud registration provides a direct
reflection of plant growth states. Magistri et al. introduced a hierarchical registration
scheme for 4D plant point clouds, leveraging pre-recorded 3D point cloud time series to
monitor LAI leaf length, stem diameter, and stem length through feature matching [99].
This approach facilitated effective data association across various growth stages of plants.
Building on this, Chebrolu et al. proposed estimating deformation parameters by utilizing
the plant skeleton structure over extended intervals, thereby ascertaining the non-rigid
registration process and the corresponding relationships [100]. They also developed a
method for interpolating point clouds between actual scan times to estimate data points at
intermediate times. However, these methods are primarily applicable to plants with simple
structures. As plant morphology evolves over extended timescales, it can no longer be
considered merely as rigid deformation. Capturing the non-rigid deformation parameters
of plants with intricate topological structures presents a significant challenge. A detailed
summary of certain point cloud registration schemes, including their algorithms and
accuracy, is provided in Table 5.
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Table 5. Algorithms and accuracy of point cloud registration schemes.

Algorithms Objects Accuracy References
g . . Canopy height (ARE = 2.5%), Canopy width
Calibration + Iterative Closest Point Apple trees (R? = 3.6%), Canopy thickness (R? = 3.2%) [98]
Plant height (MAE = 0.392 cm), Leaf length
Refined Iterative Closest Point Plants of early growth (MAE = 0.2537 cm), Leaf width [18]

(MAE = 0.2676 cm), Leaf area (MAE = 0.957 cm?)
Side view: Plant height (R2 =0.9890), Green

Prmc;feizgszngﬁ) r;irsf ﬁgﬁltysm * Soybean plants index (R% = 0.6059), Top view: Plant height [76]
(R? = 0.9936), Green index (R? = 0.8864)
Random Sample Consensus + .

Tterative Closest Point Soybean plants Model matching accuracy > 0.9 [81]
Intrinsic Shape Signatures-Coherent Sovb lant RMSE = 0.0107~0.0128 cm, Registration error 6]
Point Drift + Iterative Closest Point oybean piants and time are decreased

Hungarian method + Non-rigid . Tomatoes: Fl-score = 97.73,
Registration Tomatoes, Maizes Maizes: Fl-score = 98.76 (%]
Hidden MarkOV. Model + Non-rigid Tomatoes, Maizes Tomatoes: AP = 89%, Maizes: AP =97% [100]
Registration
AP: Average Precision; ARE: Absolute Relative Error; RMSE: Root Mean Square Error; R2: Coefficient of Determi-
nation; MAE: Mean Absolute Error.
3.3. Segmentation and Reconstruction
High-throughput phenotyping facilitates non-contact measurement of a diverse array
of phenotypic traits associated with plant growth, yield, and adaptability [15,101]. Rapid
and precise segmentation of the crops and their organs from the acquired point cloud is
an essential step, as it directly impacts the accuracy of subsequent phenotypic parameter
extraction and analysis. The discussion that follows will be divided into three sections to
outline various segmentation and reconstruction algorithms and their research outcomes,
which are compiled in Table 6.
Table 6. Key accuracy metrics of representative stem-leaf segmentation and reconstruction models.
Model/Method Crop/Target Performance (Metric & Value) Reference
Geometric Contraction+ Cotton (stalk & node > . 1o
MST + DBSCAN extraction) R”=094; MAPE =5.1% [16]
Random Interception Node + Maize (stem & leaf AP (LAI) = 92.5%; Height = 89.2%; [84]
RANSAC-Kalman structure) Leaf length = 74.8%
U-Net Sweet pepper (Prumng Mean error = 4.1-6.2 mm [102]
node detection)
DeepLabv3+ Soybean (leaf IoU = 0.92-0.95 [103]
segmentation)
U-Net++ Maize (organ Overall accuracy = 0.90-0.94 [104]
segmentation)
hi fl i
PF-Net Chinese flowering RMSE = 6.79 cm? [105]

cabbage (leaf completion)

3.3.1. Canopy

Accurately reconstructing the structure of plant canopy holds substantial importance
for agricultural scientific research, crop management, and yield estimation [106,107]. Cal-
culation of canopy parameters, such as LAI, aids in providing feedback on pesticide
deposition and optimizing spraying parameters [12]. With advancements in remote sens-
ing technology, particularly the use of UAVs and LiDARs, 3D reconstruction techniques
for plant canopies have advanced rapidly [51,108]. When calculating canopy height, it
is essential to account for the influence of ground slopes, particularly in extensive farm-
lands. Ground slopes can be effectively modelled using the linear best-fitting plane method
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and by expanding the sampling range [109]. Point cloud processing techniques, such as
the convex hull and concave hull algorithms [59], the x-shape (AS) algorithm and the
voxel-based (VB) algorithm [110,111], can be directly employed to extract the 3D boundary
structure. These methods enable surface volume estimation and surface reconstruction
from point cloud data. However, the large-scale estimated volume tends to be smaller
than the actual volume, as the data typically represents the top surface, which usually
lacks information from the sides. This bias can be mitigated by integrating multi-sensor
fusion (e.g., LIDAR with RGB-depth cameras) to capture lateral geometry, complementing
missing spatial information. The convex hull and concave hull algorithms are particularly
effective for dense crop canopies [51], while the AS algorithm can reconstruct more intricate
details when the parameter « is set to a lower value [85]. Although these methods perform
well in shape capture, they are associated with high computational costs. In contrast, VB
and stereo vision methods are dominant in computational efficiency [112], but they have
limitations in shape capture accuracy. Li et al. comprehensively evaluated a variety of
algorithms, including the manual geometric model, convex hull, slice-based convex hull,
platform convex hull, AS, slice-based AS, VB, and their proposed dynamic slicing and
reconstruction algorithm [85]. The dynamic slicing and reconstruction algorithm captured
canopy growth characteristics by dynamically cutting adjacent slices. Although it had
the longest running time, it could better reflect the actual growth of the canopy due to its
efficient search and iterative operations. Deng et al. further optimized canopy boundary
detection by employing the x-shape algorithm.

Table 6 shows the key accuracy metrics of representative stem-leaf segmentation and
reconstruction models. The variation in evaluation metrics reflects the different focuses and
application contexts of these methods. Geometry-based approaches (e.g., MST-DBSCAN,
RANSAC-Kalman) emphasize structural accuracy, hence use metrics like R2, MAPE, or AP
to assess stalk geometry and node precision. In contrast, deep learning models (e.g., U-Net,
DeepLabv3+, PF-Net) target semantic segmentation, using IoU, RMSE, or overall accuracy
to capture surface completeness and pixel-level fidelity. Thus, metric differences mainly
indicate distinct analytical priorities rather than inconsistency.

3.3.2. Stem and Leaf

Accurate segmentation and reconstruction of crop stems and leaves is a crucial step
in analyzing plant phenotypic characteristics [66,81]. These characteristics include plant
height, volume, stem cross-sectional area, as well as the number, length, and volume of
leaves. This process is of great significance for understanding plant growth dynamics,
optimizing planting strategies, and increasing crop yield [13,58]. Plant seedlings are widely
used in this field due to the simplicity of their stems and the sparseness of their leaves.
The segmentation process involves first isolating individual plants and then sequentially
extracting the skeleton, stem, and leaves [16,84]. Skeleton extraction aims to simplify the
data structure, reduce computational complexity, and retain key topological information
about the plant structure. The extraction of the stem is the most critical step, requiring
identification of the main stem followed by “trimming” of the nodes. Sun et al. proposed
a graph-based identification method [16], while Zermas et al. introduced a Random In-
terception Node algorithm [84]. The former method selects the path with the highest
terminal point as the main stem and identifies nodes along this path by traversing the
skeleton from the bottom upward. In contrast, the latter simulates the flow path of rain-
drops on the plant surface from the top downward to locate the main stem and nodes.
Subsequently, they all reduced the parameters gradually to make regions close to the stem
are trimmed and fitted. This pruning strategy can also assist in the design of automatic
leaf-cutting systems, where the distance between the cutting point and the main stem can
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be appropriately increased [102]. The reconstruction of leaves can be achieved by using the
remaining point cloud after removing the main stem, employing clustering methods such
as DBSCAN, Euclidean Clustering, or K-means, thereby enhancing the completeness of
single leaf reconstruction.

However, sometimes, the topological structure of the plant is not clear enough, with
apparent occlusions and distortions present. Chen et al. indicated that the PSGR model has
achieved significant improvements in visual clarity [113]. It can more effectively remove
backgrounds, substantially reduce visual artifacts, and better preserve fine structural
details. These enhancements enable morphological features such as leaf curvature and
spatial topology to be clearly presented, which are often obscured or lost in traditional
3DGS outputs. Ando et al. proposed a reconstruction method for curled blades, which
enhances robustness to noise and missing points [114]. However, this method requires
high-density point clouds and cannot handle overly complex distortions. New neural-
field-based segmentation frameworks have emerged, integrating NeRF-derived dense
point clouds with lightweight segmentation networks for efficient stem and leaf trait
extraction [103]. Deep learning networks, such as DeepLabv3+, U-Net, and U-Net++, as
well as machine learning algorithms including support vector machine (SVM) and K-means
clustering, have demonstrated excellent performance in dealing with leaf overlap [104,105].
The intense learning capabilities of these algorithms enable them to extract key features
from complex image data and perform efficient and accurate classification [81]. Chen
et al. further advanced this field by proposing a point cloud completion network, PF-
Net [115]. This network can learn the structural features of plant leaf point clouds at
different scales, significantly improving the accuracy and robustness of completion and
providing a new perspective for solving 3D reconstruction problems under leaf occlusion
conditions. Nevertheless, the aforementioned approach requires manual intervention and
can only handle a single or a small number of shaped blades.

In recent years, virtual design technology has proposed innovative solutions to ad-
dress overlapping problems [116]. Through extensive iterative calculations, the virtual
model can gradually converge towards the real model. Particularly in handling occlusion
issues, virtual design technology has demonstrated robustness and accuracy by iteratively
adjusting the orientation of 3D plant components [117]. However, optimizing iterative
parameters and enhancing algorithm efficiency remains a subject that requires further
exploration through experimentation in this field [118].

The reconstruction of a voxel grid can discretize an actual object or scene into a voxel-
based representation. Voxels can be derived from 2D images captured from multiple
perspectives [119] or obtained from point cloud data using tool libraries such as PCL,
Visualization Toolkit, and OpenCV. Das Choudhury et al. proposed a multi-view image
reconstruction method, PhenoMV-3D, for single tall crops [120]. They utilized a spatial
carving method combined with light consistency theory to reconstruct the 3D voxel grid
model of maize from multi-view contours. Based on voxel overlap consistency checks,
the seedling stem was identified, and subsequently, point cloud clustering techniques
were employed to detect and separate the leaves. Kliman et al. developed a methodology
for generating precise and memory-efficient 3D models of plant root systems and leaf
architectures, yet continue to confront two significant challenges: optical distortion and
aggressive voxel culling, which require further resolution [121].
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3.3.3. Fruit

In the 3D reconstruction of fruits, the process can be divided into two categories: one
involves fruits separated from the stem, and the other involves fruits connected to the
stem. For fruits that are detached from the stem, they are often placed on a rotary table or
platform due to the absence of branches and leaves, and are scanned directly to obtain point
cloud data [43,53,122]. However, obtaining point cloud data at the bottom of the Fruit’s
rotation axis can be challenging. In such cases, the symmetry characteristics of the Fruit
can be utilized for interpolation processing [43]. Fourier analysis plays a significant role in
calculating the centroid of the seed, providing a powerful mathematical tool for precise
seed positioning [123]. For fruits with pronounced depressions or excessive asymmetry,
traditional mirror completion methods are not applicable [122].

For fruits connected to the stem, their 3D reconstructions are directly related to the
evaluation of crop yield. The reconstruction of such fruits often aims for high throughput
but generally faces challenges such as occlusion by stems and leaves, as well as complex
backgrounds. In this context, clustering algorithms provide an effective solution for sepa-
rating fruits from complex crop structures [66,101]. Wang et al. proposed an unsupervised
framework based on an adaptive k-means algorithm [124]. This framework, incorporating a
dynamic perspective, can automatically segment and reconstruct hundreds of wheat spikes
simultaneously. They separated wheat spikes and stems using side-view Clustering and
identified individual wheat spikes via top-view clustering, thereby achieving the segmen-
tation process. Subsequently, the RANSAC algorithm was employed for shape fitting, and
the size of each wheat spike was measured based on the fitting results. In addition, deep
learning technology has demonstrated excellent performance in the 3D reconstruction of
fruits. Panicle-3D is a comprehensive method that integrates rice reconstruction technology
based on contour shape recovery, two-dimensional ear segmentation technology based on
deep convolutional neural networks, and 3D ear segmentation technology based on ray
tracing and super voxel Clustering [101]. This method can recover the 3D shape of rice
panicles from multi-view images and is adaptable to rice panicles of different varieties and
growth stages. The Panicle-3D method is characterized by its automation, rapidity, low
cost, and non-destructiveness. It is suitable for high-throughput 3D phenotypic analysis of
large-scale rice populations and provides strong technical support for agricultural research
and production.

Overall, the above analysis systematically compared the segmentation and recon-
struction algorithms applied to canopy, stem-leaf and fruit. The objects and the per-
formance of reconstruction and segmentation of each algorithm are comprehensively
summarized in Table 7, demonstrating the practical effects of the current segmentation and
reconstruction methods for different plant components.
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Table 7. Algorithms and effects of segmentation and reconstruction on different plant parts.
Classifications Algorithms Objects Effects Results References
Separate trunk/branch point clouds; Pesticide deposition model:
Canopy Euclidean Clustering + Voxel Profiling Apple tree canopy voxelize canopy for calculating LAD/LAI to R2 Fi 0.92 ’ [12]
estimate pesticide deposition e
. . . Generate smooth polygonal meshes; analyze Lo
Poisson Surface Reconstruction Maize canopy vertices to estimate canopy height Canopy height: R“ = 0.86 [109]
Use position info to distinguish weeds; Canopy height: R?=0.87,
Spatial analysis + Convex/Concave Hull Cotton canopy detect canopy boundary to estimate RMSE = 0.04 m [59]
height/volume Canopy volume: R? = 0.87
Density-Based Spatial Clustering of Recognize and segment canopy; create o
Applications with Noise + Convex Hull Grape canopy convex polygon to estimate volume Canopy volume: r =0.64 (511
Reconstruct canopy shape; calculate volume
Dynamic Slicing and Reconstruction Citrus tree canopy by dynamic slicing and iterative Canopy volume: R? = 0.794 [85]
optimization
. . . : . R2 =
G(.eorr'letrlc C(?n.tractlon + ToPologlcal Perform 3D skeleton extraction; detect main Main Stalk Length: R= = 0.94,
Thinning + Minimum Spanning Tree + . MAPE = 4.3%,
Stem and Leaf . . 7 Cotton plants stalk and node in turn; extract nodes and . 2 [16]
Density-Based Spatial Clustering of stalk leneth Node Counting: R~ =0.70,
Applications with Noise & MAPE =5.1%
Random Interception Node + Extract topological structure; extract stems LAL AP = 92.5%,
Skeletonization + Random Sample Maize plants and Ii)eavgs after skeletolniza tion Plant height: AP = 89.2%, [84]
Consensus + Kalman Filter Leaf length: AP = 74.8%,
Distance-field-based Segmentation Segment the stems and leaves by distance
Pipeline + Median Normalized-Vectors Soybean plants field segmentation method; extract stems by OA =0.7619~0.9064 [66]
Growth Segmentation region growing method
Combine 3D point cloud and semantic
. . segmentation to detect stems/leaves and The average error between
Semantic Segmentation Neural Network Sweet pepper plants reconstruct their 3D structures; use semantic trim points: 4.1~6.2 mm [102]
labels to mark pruning nodes
.. Soybean and sugar beet Decompose leaf shape into flat and twisted No o‘pvmus d.l stprtlon,
Leaf Shape Decomposition . . protrusion or missing parts [114]
leaves parts to improve reconstruction robustness . o2
after reconstruction: R= > 0.91
. . -~ . _ 2
PF-Net + Delaunay 2.5D Triangulation ~ Chinese flowering cabbages Complete point cloud using PF-Net; RMSE =679 cm?, [115]

reconstruct surface using triangulation

AvRE = 8.82%
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Table 7. Cont.
Classifications Algorithms Objects Effects Results References
Height: R? = 0.80,
NRMSE = 0.10,
. . Design 3D models; obtain optimal model by Crown width: R? = 0.73,
Virtual Design Technology Wheat plants iterative modification NRMSE = 0.12, [117]
Leaf area: R? = 0.90,
NRMSE = 0.08
Voxel Carving + Skeletonization + Reconstruct 3D structure; identify/classify Small-scale experiment:
. . o Sorghum plants . . . I r=0.98. [119]
Machine Learning Classifier leaves using Machine learning classifier .
Single leaf: r = 0.86
Separate stems, leaves, and leaf clusters Use 10 side views to
3DPhenoMV + Voxel Overlapping . P ’ ’ - reconstruct the 3D voxel grid
. . Maize plants using voxel-based mesh reconstruction and . . ¢ [120]
Consistency Check + Clustering . of single maize plant:
Clustering . i
Time = 3.5 min
Euch.de.'.an Clustering Segmenta.tlon * Soybeans, Peas, . . MAE: sub-millimeter
. Principal Component Analysis + Segment and extract seeds using Clustering; o
Fruit . . Black beans, Red beans, . MRE < 3% [43]
Symmetrical 3D Reconstruction + complete 3D shape model using symmetry 2
. . Mung beans R*>0.9983
Poisson Surface Reconstruction
a-shape Algorithm + Fourier Series Reconstruct surface; estimate fruit size using _
Reference Shape Generation Apples Fourier analysis-based method RMSE = 5.85 mm [123]
Volume: AvRE = —0.08%,
Point Cloud Slicing and B-spline Curve Us.e the f.1tt1r.1g method to redpce point CIOI:Id M?XRE: 2.17 ({0,
- dispersion in the interpolation area; repair MinRE = 0.03%
Fitting + Local Vertex Search and Potatoes . . . o [122]
Interpolation + a-shape Algorithm missing areas at the top and bottom; Mass: AvRE = 0.48%,
generate 3D model MaxRE = 2.92%,
MinRE = 0.12%
Adaptive K-means Based on Dynamic Adiust k-means parameters dvnamicallv: fit Number: AVRE = 16.27%,
Perspective + Random Sample Wheat spikes ) SP e shan y y; Height: AVRE = 5.24%, [124]
Consensus 3 P Width: AVRE = 12.38%
SeoNet + Rav Tracing + Supervoxel Process the 2D and 3D segmentation in turn Average IoU = 0.95
& y 5 P Rice panicles to improve complex plant structures Time cost: about 26 min per [101]

Clustering + Shape from Silhouette

non-destructively

plant

AP: Average Precision; AVRE: Average Relative Error; IoU: Intersection over Union; MAE: Mean Absolute Error; MAPE: Mean Absolute Percentage Error; MRE: Mean Relative
Error; MaxRE: Maximum Relative Error; MinRE: Minimum Relative Error; NRMSE: Normalized Root Mean Square Error; OA: Overall Accuracy; RMSE: Root Mean Square Error; R2:

Coefficient of Determination; r: Correlation Coefficient.
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4. Conclusions

Three-dimensional reconstruction technology has become increasingly important in
high-throughput crop phenotyping. This paper comprehensively reviews the application
progress of four main data acquisition techniques—LiDAR, MVS, depth cameras, and multi-
sensor fusion. LiDAR offers high-precision, rapid data acquisition for large-scale field crop
phenotyping, but its high cost limits adoption. MVS provides detailed, high-resolution
point clouds, ideal for controlled settings; yet, it is computationally intensive and sensitive
to environmental factors. Depth cameras balance cost, accuracy, and processing simplicity,
suitable for both lab and field, but require controlled lighting. Multi-sensor fusion enhances
data richness by combining LiDAR'’s structural accuracy with RGB cameras’ color detail,
though it increases system complexity and processing time. Each method’s efficiency and
accuracy depend on application scale, environmental conditions, and computational re-
sources. Meanwhile, a hybrid LiDAR-depth camera model on a UGV fuses LiDAR’s precise,
large-scale 3D data with depth camera’s affordable, detailed depth and color, using voxel
filtering, ICP registration, and DBSCAN segmentation to achieve >95% trait accuracy for
high-throughput crop phenotyping, deployable in 3-6 months. Overall, these technologies
represent a continuum of trade-offs between accuracy, scalability, and cost, suggesting that
hybrid approaches combining LiDAR’s precision, MVS’s fine detail, and depth cameras’
efficiency will drive the next generation of high-throughput phenotyping systems.

This paper also reviews the three core point cloud processing steps: denoising, regis-
tration, segmentation and reconstruction. Denoising employs algorithms like Statistical
Outlier Removal (SOR), Voxel filtering, and DBSCAN, often combined to balance noise
reduction and detail preservation, with deep learning methods like PointCleanNet show-
ing potential but limited by data needs. Registration relies on the Iterative Closest Point
(ICP) algorithm, enhanced by coarse registration methods like RANSAC and PCA, to align
multi-source point clouds, supporting temporal analysis despite challenges with non-rigid
plant deformations. Segmentation and reconstruction use algorithms such as «-shape,
voxel-based methods, and clustering (e.g., DBSCAN, K-means) for canopy, stem, leaf, and
fruit analysis, with deep learning models like PF-Net and Panicle-3D improving accuracy
under occlusion, though computational costs remain a challenge. These techniques enable
precise phenotypic trait extraction, critical for high-throughput crop analysis. Although
crop 3D reconstruction technology holds broad application prospects, it still faces several
challenges in practical use.

First, it is necessary to balance accuracy and cost. Cost considerations include not only
economic expenditure but also experimental and time costs. LIDAR demonstrates signifi-
cant potential for large-scale field data acquisition due to its high precision. However, its
high economic cost limits its widespread application. Depth cameras offer lower accuracy
but are more cost-effective. It is also suitable for large-scale outdoor data acquisition. Nev-
ertheless, the influence of ambient light must be considered, and shading measures should
be implemented when necessary. MVS achieves the highest detail accuracy but requires
more complex experimental setups and data processing, resulting in longer processing
times. Multi-sensor fusion systems provide richer information but increase computational
costs. However, the emergence of new technologies is gradually solving these difficulties.
For instance, OB-NERF has successfully overcome the limitations of traditional MVS in
terms of sensitivity to lighting conditions and computational efficiency, establishing a new
paradigm for high-throughput phenotyping.

Secondly, in the aspect of point cloud denoising, the fusion of multi-filtering schemes
can effectively improve the denoising ability. Deep learning technologies show great
potential, but their application in the field of agriculture is still relatively limited. In terms
of point cloud registration, the ICP algorithm is still the mainstream method. The use of
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coarse registration algorithms before it helps to improve the accuracy of the alignment. 4D
monitoring technology makes it difficult to capture non-rigid deformation parameters on
a long time scale, and it still needs further development. In terms of segmentation and
reconstruction, the accuracy of technologies has been improving at the detailed level, but
these advancements are often limited to the individual plant level.

Finally, the complexity of data processing and resource allocation is a critical issue.
Compared with the single-crop phenotypic analysis under laboratory conditions, high-
throughput phenotypic analysis of field crops under field conditions holds more significant
potential. However, detailed and complex algorithms that improve accuracy may not
be suitable for large-scale point cloud data, as they can lead to increased computational
resource demands and time costs. Recent developments such as UAV-based 3D reconstruc-
tion combined with deep learning and NeRF-driven neural modeling [21,77] indicate a clear
transition from laboratory-scale demonstrations to fully automated field-scale phenotyping
systems. These efforts complement ongoing surveys emphasizing multiscale integration
across sensing and modeling domains [20].

In the future, the research should focus on addressing these challenges to achieve high-
throughput, high-precision, automated, and non-destructive crop phenotyping. Besides,
future efforts should prioritize multi-scale fusion of LiDAR and depth camera data to com-
bine large-scale structural accuracy with fine organ-level details, reducing computational
costs for high-throughput field phenotyping. Developing real-time algorithms, such as
unsupervised deep learning for denoising and segmentation, will address occlusion and
environmental variability, enabling rapid processing. Establishing benchmark datasets
for diverse crops (e.g., maize, soybean) under varied field conditions will standardize
validation and improve algorithm robustness, as highlighted in the review’s analysis of
current limitations. Additionally, the combination of artificial intelligence and 3D recon-
struction is a key research direction for the future, aiming to achieve intelligent, adaptive
and real-time crop phenotypic analysis. Deep learning models can enhance the effects of
point cloud denoising, segmentation and trait extraction, while the multi-scale fusion of
LiDAR, depth cameras and multispectral data will improve the accuracy at the canopy and
organ levels. The construction of standardized datasets and open-source frameworks will
further promote the transformation from sensor-driven to Al-driven phenotypic analysis
and facilitate scalable and automated agricultural monitoring.
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