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Abstract

Accurate perception and 3D reconstruction of fruit tree branch structures are fundamental
to smart orchard development, with broad applications in intelligent harvesting, crop
phenotyping, and precision management. However, the slender and highly branched
morphology, multi-scale distribution, weak surface texture, and severe occlusion inherent
to fruit tree branches pose substantial challenges to high-fidelity modeling. This paper
systematically reviews advances in branch feature extraction and 3D reconstruction for
fruit tree canopies. A structured literature search was conducted using the Web of Science,
Scopus, and Google Scholar databases, with search terms including “fruit tree branch”,
“point cloud reconstruction”, “3D canopy modeling”, “branch feature extraction”, and
“agricultural robotics”. Studies published between 2000 and 2025 were considered, with
inclusion criteria requiring relevance to branch structure perception, reconstruction accu-
racy, or orchard application; non-peer-reviewed sources and studies lacking quantitative
evaluation were excluded. We trace the evolution of feature extraction from classical 2D
image processing and geometric fitting, through point cloud segmentation and skeleton ex-
traction, to modern deep learning approaches and multimodal perception techniques. For
3D reconstruction, we compare active and passive sensing strategies alongside both explicit
and implicit scene representation methods, discussing their respective strengths and appli-
cable scenarios. A five-dimensional evaluation framework is also proposed, encompassing
geometric accuracy, structural consistency, feature stability, computational efficiency, and
generalization capability. Finally, we identify key bottlenecks in fine-grained structure re-
covery, occlusion handling, and cross-scene generalization, and highlight future directions
in structural prior integration, multimodal collaborative modeling, and lightweight neural
representations—offering a structured reference for advancing 3D perception research in
smart orchards.

Keywords: fruit tree canopy; branch feature extraction; three-dimensional reconstruction;
point cloud processing; deep learning

1. Introduction
With the rapid advancement of smart agriculture, agricultural production is under-

going a broad transformation toward digitalization, intelligence, and automation. By

Agronomy 2026, 16, 1274 https://doi.org/10.3390/agronomy16131274

https://crossmark.crossref.org/dialog?doi=10.3390/agronomy16131274&domain=pdf&date_stamp=2026-07-01
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/agronomy
https://www.mdpi.com
https://doi.org/10.3390/agronomy16131274


Agronomy 2026, 16, 1274 2 of 35

integrating sensing technologies, computer vision, and artificial intelligence, this trans-
formation centers on information perception, intelligent decision-making, and automated
execution to enable precision management throughout the production process. Against this
backdrop, the growing deployment of agricultural robots, UAV-based inspection systems,
and automated harvesting equipment has placed increasingly demanding requirements
on the ability to acquire structural information from crops [1]. In orchard environments
particularly, the complexity of tree architecture and multi-scale spatial distribution make it
difficult for conventional 2D vision to fully capture plant morphology. Three-dimensional
structural data, by contrast, offers a more accurate description of spatial geometry and topo-
logical relationships, providing essential support for intelligent equipment deployment,
growth monitoring, and orchard management [2,3].

For a long time, fruit tree structural information was typically obtained through
manual measurement or empirical judgment, relying on tools such as measuring tapes,
clinometers, and total stations. These approaches contributed to the quantitative study
of tree morphological parameters and laid an early foundation for structural analysis.
However, as smart agriculture has advanced, their limitations have become increasingly
apparent [4]. Manual measurement requires branch-by-branch recording, making it labor-
intensive, time-consuming, and poorly suited to the rapid data collection demands of
large-scale orchards. The process is also susceptible to subjective variability, compro-
mising data consistency and reliability [5]. Furthermore, the intricate architecture of
fruit tree canopies—where overlapping branches and foliage frequently occlude interior
structures—makes it difficult to capture complete structural information using traditional
methods, particularly under high-density planting conditions [6]. As orchards grow in
scale and the push toward intelligent management intensifies, the demand for rapid, high-
precision acquisition of 3D fruit tree structural data has become increasingly urgent. Au-
tomated extraction and 3D reconstruction of canopy branch structures through advanced
sensing technologies and computer vision methods has thus emerged as a prominent
research direction [7,8].

The fruit tree canopy comprises a branch system and a foliar system, with the branch
structure serving as the skeletal framework that determines the spatial form of the canopy
and the distribution of fruit. It also exerts significant influence on light interception, ven-
tilation, and nutrient transport. Accurate description and modeling of branch structures
therefore constitutes a foundational requirement for fruit tree structural analysis and pre-
cision management. In the context of smart agriculture, 3D structural information plays
a critical supporting role across multiple application scenarios, most notably in intelligent
equipment operation, crop growth monitoring, and automated orchard management [9–11].
In equipment applications, without reliable perception of the spatial topology of branches,
robotic arms are prone to collisions during harvesting, reducing operational efficiency
and potentially damaging fruit [12]. High-fidelity 3D branch models provide robots with
dependable spatial environment information to support path planning, obstacle avoid-
ance, and grasp pose adjustment—forming an essential basis for intelligent harvesting
and autonomous robotic operation [13]. In crop growth monitoring, phenotypic parame-
ters such as branch length, branching angle, branch density, and spatial distribution are
widely regarded as key indicators of tree vigor, carrying significant implications for vari-
ety breeding, cultivation optimization, and growth assessment [14]. By constructing 3D
models of canopy branch structures, these parameters can be automatically extracted and
quantitatively analyzed, substantially improving the efficiency of phenotyping research.
In automated orchard management, 3D structural data provides a foundation for preci-
sion production decision-making. Canopy branch parameters can be used to build yield
prediction models and to inform targeted fertilization and irrigation strategies. Structural
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anomalies can also serve as early indicators for pest and disease monitoring and tree health
assessment, elevating the intelligence and precision of orchard management.

Driven by these application demands, a complete technical pipeline for 3D perception
of fruit tree canopy branches has progressively taken shape—spanning data acquisition,
feature extraction, and 3D modeling through to application-level decision-making. To sys-
tematically organize the key processes and hierarchical relationships within this field, this
paper presents a structured framework for fruit tree canopy branch feature extraction, 3D
reconstruction, and representative applications, as illustrated in Figure 1. The framework
unfolds across a data layer, a feature extraction layer, a 3D reconstruction layer, and an ap-
plication layer, clearly capturing the interconnections among multi-source data acquisition,
3D structural modeling, and typical application scenarios—providing a structured basis for
the review and analysis of related methods in the sections that follow.

Figure 1. Framework for Fruit Tree Canopy Branch Extraction and 3D Reconstruction.

Despite growing interest in fruit tree branch perception, several critical gaps persist in
the existing literature. First, most prior reviews focus narrowly on either feature extraction
or 3D reconstruction, without systematically addressing the complete pipeline from data
acquisition through structural modeling to application-level evaluation. Second, existing
works seldom compare methods under standardized orchard conditions across multiple
fruit species, limiting the practical transferability of reported findings. Third, the lack
of a unified multi-dimensional evaluation framework makes cross-method performance
comparison inconsistent and incomplete. These gaps motivate the present review, which
aims to provide a comprehensive, critically comparative, and practically oriented synthesis
of the field. The literature search was conducted using Web of Science, Scopus, and Google
Scholar, with keywords including “fruit tree branch reconstruction”, “canopy point cloud”,
“branch feature extraction”, “3D orchard modeling”, and “agricultural robot perception”.
Studies published between 2000 and 2025 were considered; inclusion required relevance to
branch structural analysis or orchard-context 3D reconstruction, while conference abstracts
lacking full methodology and non-peer-reviewed sources were excluded.

Based on the foregoing background, this paper systematically reviews research on
fruit tree branch feature extraction and 3D reconstruction, tracing methodological develop-
ments, analyzing mainstream reconstruction algorithms and their optimization strategies,
and consolidating commonly used evaluation metrics. We further examine key technical
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bottlenecks in smart orchard applications and outline future research directions. Compared
with existing reviews, this work places greater emphasis on branch structure reconstruction
under realistic orchard conditions, highlighting the interplay among complex occlusion,
multi-scale structural representation, and agricultural robot applications—offering a sys-
tematic technical reference for 3D perception research in smart orchards.

2. Fruit Tree Branch Feature Extraction Techniques
In the 3D perception of fruit trees, branch feature extraction serves as the critical link

between data acquisition and structural modeling, with its outcomes directly shaping the
accuracy and stability of subsequent 3D reconstruction. However, fruit tree branches are
characterized by slender, highly branched morphology, wide scale variation, and severe
occlusion, and often exhibit weak texture, uneven coloration, and local data absence—
making them prone to confusion with foliage and background clutter in complex scenes,
which significantly increases the difficulty of feature extraction.

From a technical development perspective, fruit tree branch feature extraction has
evolved through a progression of 2D visual methods, 3D geometric approaches, deep
learning methods, and multimodal collaborative perception techniques. The taxonomic
framework of fruit tree branch feature extraction technologies is illustrated in Figure 2. Or-
ganized along the axis of technical evolution, the framework categorizes existing methods
into four broad classes, 2D data-based extraction methods, 3D geometry-driven methods,
data-driven deep learning methods, and multimodal collaborative perception techniques.
The following sections discuss the theoretical foundations, representative techniques, and
applicability of each category under complex environmental conditions, and further ex-
plore strategies for robustness optimization and computational efficiency improvement in
feature extraction.

Figure 2. Taxonomic framework of fruit tree branch feature extraction techniques.

2.1. Branch Feature Extraction Methods Based on 2D Data

Branch feature extraction methods based on 2D data primarily rely on low-level
visual features and geometric models, achieving branch detection and structural modeling
through explicit rules [15]. These methods offer relatively high computational efficiency
and strong interpretability, and have served as an important foundation for early fruit
tree modeling.
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2.1.1. 2D Image Processing-Based Methods

Branch detection from 2D images represents one of the earliest research directions
in this field. Early studies drew heavily from general computer vision, particularly edge
detection and image segmentation. The Canny edge detection algorithm, as a representa-
tive example, provided a foundational tool for extracting elongated structures and was
subsequently widely applied to trunk and branch contour detection [16]. Its core principle
relies on gradient information to delineate the boundaries of slender structures, enabling
effective detection of trunks and coarse branches [17]. However, methods at this stage
were highly sensitive to illumination changes and complex backgrounds. In real orchard
environments, leaf texture, shadows, and background clutter can generate strong gradient
responses, leading to false detections.

Researchers subsequently introduced grayscale thresholding and region growing
approaches, with Qin Zhang et al. among the first to demonstrate the feasibility of vision-
based methods for fruit tree structural analysis [18]. LBP texture descriptors were fur-
ther incorporated to enhance the discrimination between branches and foliage, marking
a shift from single edge features toward multi-feature fusion [19]. Nevertheless, the limited
adaptability of 2D image methods to occlusion, illumination variation, and fine branch
structures gradually drove research toward 3D approaches that incorporate depth informa-
tion. Nevertheless, the limited adaptability of 2D image methods to occlusion, illumination
variation, and fine branch structures has gradually driven research toward 3D approaches
that incorporate depth information. From a critical perspective, these 2D image processing
methods were evaluated predominantly on dormant-season apple and pear datasets under
controlled outdoor illumination conditions, where branch–sky contrast is relatively high.
Under such conditions, reported branch detection performance is generally acceptable,
with F1-scores typically ranging from 0.70 to 0.85 for primary branches, as reported in the
literature under specific experimental settings. However, performance degrades substan-
tially under more production-realistic conditions: changes to overcast illumination can
reduce consistency by 15–25%, while partial or full leaf occlusion may lead to F1-score
drops exceeding 20%, primarily due to the loss of clear branch–background contrast. In
addition, 2D-based approaches inherently lack depth information and are unable to recover
key structural attributes such as branch diameter, spatial orientation, and 3D bifurcation
angles, which are essential for phenotypic analysis and robotic arm trajectory planning.

2.1.2. Geometry-Based Surface Fitting Methods

As the demand for parametric description of fruit tree structures grew, researchers
began modeling branches as parameterizable geometric primitives. Early work was in-
fluenced by geometric modeling concepts from computer vision, approximating trunks
as cylindrical structures. Building on this, the RANSAC algorithm provided a robust
solution for model estimation in noisy environments, achieving reliable structural parame-
ter recovery through random sampling and consistency constraints, and demonstrating
strong noise resistance in branch axis extraction and point cloud fitting [20]. In orchard
scenes, branch structures can generally be approximated as locally linear or low-order
curves, enabling RANSAC to effectively eliminate outliers introduced by leaves, occlusions,
and background mismatches. It can also extract boundary points for canopy contour
delineation [21], thereby improving the robustness of structural estimation.

As research shifted from global model estimation toward finer structural represen-
tation, local geometric fitting methods were introduced to model curved branches and
complex bifurcation structures through neighborhood point set analysis. By combining
statistical optimization with local geometric constraints, these methods enable stable rep-
resentation of complex branch structures through continuous local fitting, making them
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particularly well-suited to curved branches and irregular growth patterns [22]. RANSAC
provides robust initialization of global structural models, while local surface estimation
achieves fine-grained morphological recovery through neighborhood geo-metric analy-
sis. Together, they form a modeling paradigm that unites global robust estimation with
local geometric refinement. This combination not only improves the stability of structural
extraction in noisy environments, but also lays an important theoretical foundation for
subsequent 3D branch point cloud reconstruction, skeleton ex-traction, and topological
analysis—gradually establishing itself as a key technical bridge in the transition from 2D
visual methods to 3D geometric perception. In terms of applied performance, geometry-
based fitting methods have been primarily evaluated on peach and walnut orchards for
trunk and primary scaffold branch modeling. When applied to dormant-season single-view
or stereo images under sparse canopy conditions, RANSAC-based cylinder fitting achieves
errors generally below 5 mm for branch diameters above 20 mm. However, performance
degrades markedly for secondary branches thinner than 10 mm, where the assumption
of ideal cylindrical primitives breaks down due to irregular surface texture and taper.
Curved branches and complex Y-shaped bifurcation regions require multi-segment fit-
ting, increasing computational overhead and parameter sensitivity. Moreover, without
depth sensors, 2D-based geo-metric fitting cannot resolve branch overlap or spatial adja-
cency, making it unsuitable for high-density orchard systems such as trellis-trained pear or
apple varieties.

2.1.3. Mathematical Morphology-Based Reconstruction Methods

The introduction of skeletonization methods shifted the research focus from geometric
shape description toward topological structure analysis. Methods grounded in mathemat-
ical morphology use operations such as erosion and dilation for noise suppression and
structural enhancement, enabling the extraction of elongated structures while preserving
connectivity, thereby providing a stable basis for branch skeleton extraction. Building on
this, skeletonization and thinning methods were further developed to represent branch
structures as centerlines, capturing their topological connectivity [23].

To improve the stability of skeleton extraction, researchers introduced distance trans-
forms and graph-based structural modeling, refining skeleton positioning through medial
axis constraints and abstracting branch structures into graph models to represent branch-
ing relationships and hierarchical organization. More recent work has further enhanced
skeleton stability through optimization strategies and structural constraints, though these
methods remain sensitive to noise and data incompleteness, and their robustness in natural
orchard environments still requires improvement.

Mathematical morphology and skeletonization methods achieve topological correct-
ness above 85–90% for primary branches in open-canopy apple and pear orchards under
dormant conditions, under specific conditions reported in the literature. However, in
high-density canopies where branch density exceeds 150 segments per square meter, false
connection rates can exceed 20%. Wind-induced point cloud noise further causes skeleton
fractures in fine branches thinner than 8 mm. These results indicate that skeleton-based
methods are more suitable for coarse structural analysis in dormant-season pruning tasks,
and should be complemented by learning-based approaches for fine branch recovery in
leafy or high-density conditions. In leafy-season scenarios, connectivity errors may still
exceed 15% even under controlled settings. Moreover, these methods inherently cannot
recover branch diameter or 3D orientation, limiting their applicability in robotic trajectory
planning and phenotypic analysis.

Table 1 summarizes representative 2D data-based branch feature extraction methods
for fruit tree modeling. These methods mainly rely on visual features, geometric models,
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and topological morphology to achieve branch detection and structural reconstruction. In
terms of practical applicability, 2D image processing methods have been applied primarily
to dormant apple and pear trees under controlled or low-wind outdoor conditions, where
branch-background contrast is relatively high; reported branch detection F1-scores in
such settings typically range from 0.70 to 0.85, but degrade substantially under dense
canopy occlusion or variable illumination. Geometry-based fitting methods using RANSAC
have shown strong robustness for trunk and primary branch reconstruction in peach and
walnut trees, with cylinder fitting errors generally below 5 mm under sparse canopy
conditions, though performance degrades for secondary branches thinner than 10 mm.
Morphology-based skeletonization methods provide clear topological representations for
dormant-season apple datasets, but exhibit connectivity errors exceeding 15% in leafy-
season scenarios due to sensitivity to noise and data incompleteness. Although these
approaches established an important foundation for early fruit tree branch modeling,
their limited robustness in complex orchard environments—particularly for fine branches,
leafy canopies, and high-density plantings—has gradually driven the development of 3D
perception and reconstruction methods.

Table 1. Comparison of 2D data-based branch feature extraction methods for fruit tree branches.

Method
Category Techniques Target Species Application

Condition
Reported

Performance Limitations References

2D Image
Processing

Edge detection,
thresholding,

region growing

Apple, pear
(dormant
season)

Controlled
illumination,

low wind,
open canopy

high F1 in
dormant season

Illumination-
sensitive;

fails under
occlusion;
no depth

information

[17]

Geometry-
Based Fitting

RANSAC,
cylinder/

cone fitting,
B-spline curves

Peach, walnut
(trunk and

scaffold
branches)

Sparse canopy,
dormant season,

single-view
2D images

low robustness
under occlusion

Assumes
idealized

primitives; poor
for curved or

bifurcated
secondary
branches;

noise-sensitive

[20]

Mathematical
Morphology

Erosion/dilation,
thinning, distance
transform, graph
skeletonization

Apple
(dormant

season datasets)

Controlled
background,

leafless canopy,
uniform lighting

moderate
geometric

accuracy for
primary
branches

Fragile topology
under noise; no
branch diameter

info; breaks
under occlusion
or leaf coverage

[23]

2.2. Feature Extraction Methods Based on 3D Data

With the advancement of 3D perception technologies, point cloud-based feature ex-
traction of fruit tree branches has gradually become a research hotspot. Compared with
traditional 2D approaches, 3D data can directly capture the spatial structural information
of branches, offering greater stability and accuracy under complex occlusion conditions.

2.2.1. Point Cloud Segmentation Methods

Point cloud segmentation forms the foundational step in 3D branch extraction. By
leveraging spatial adjacency relationships and geometric features, 3D data enables struc-
tural parsing to separate branches from background or other structural components [24].
Early studies employed region growing and Euclidean clustering for structural parti-
tioning. Region growing operates under the assumption of local geometric consistency,
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progressively expanding regions based on the similarity of normal vectors and curvature
within neighborhoods, which helps preserve the continuity of branch structures. Euclidean
clustering, by contrast, achieves point set grouping through spatial distance constraints,
making it suitable for separating spatially distinct branch structures with relatively high
computational efficiency.

Building on this, density-based segmentation methods—most notably DBSCAN—
were further developed to identify structural regions through local density distributions,
offering adaptability to irregular shapes and a degree of noise suppression [25]. However,
these methods are sensitive to parameter selection and tend to produce over- or under-
segmentation when point cloud density is unevenly distributed, with computational costs
rising significantly as point cloud scale increases. Graph-theoretic methods have since been
introduced to address these limitations, representing point clouds as weighted graphs and
applying global optimization strategies to achieve more consistent and stable segmentation
results, though their relatively high computational complexity constrains their applicability
in large-scale point cloud scenarios [26]. This progression marks a transition from 2D
morphological operations to 3D geometric and graph-based modeling, and has become an
essential foundation for modern structural analysis and skeleton reconstruction of fruit tree
point clouds. In terms of practical performance under orchard conditions, region growing
and DBSCAN-based segmentation methods have been mainly evaluated on TLS and MLS
point clouds of apple and peach orchards reported in the literature. Under moderate
canopy density and dormant season conditions, primary branch separation performance
is generally satisfactory, with recall typically above 80 percent under controlled settings.
However, performance degrades significantly for fine branches thinner than approximately
15 mm due to insufficient point density, and in leafy season scans where branch and leaf
points interleave, leading to over segmentation and loss of structural continuity. Graph-
based segmentation methods show improved consistency in complex scenes, but their
computational cost increases rapidly with point cloud size and becomes inefficient for
large-scale TLS datasets exceeding one million points. A key limitation is the lack of cross
species validation, limiting generalization to structurally different canopies such as cherry,
citrus, and high-density trellis trained apple orchards.

2.2.2. Geometry-Based Structure Fitting from Point Clouds

Point cloud-based geometric fitting methods inherit and extend the geometric model-
ing ideas developed for 2D data. Early research applied RANSAC cylinder fitting to trunk
identification, achieving robust estimation of model parameters through random sampling
and consistency constraints, and enabling stable recovery of branch axis positions and scale
parameters under noisy and occluded conditions—providing an important basis for early
tree structure reconstruction [27].

As research progressed, single-scale models proved insufficient for accurately describ-
ing complex branch structures, leading to the introduction of multi-scale geometric fitting
approaches. By constructing local point sets at different spatial scales, these methods sepa-
rately estimate the trunk and fine branches, balancing overall morphological representation
with local detail. To address structural discontinuities arising from local fitting, researchers
further incorporated skeleton constraints and structural priors. Skeletons, serving as center-
line representations of branches, provide global topological information to constrain model
orientation and connectivity. Structural priors integrate biological growth patterns—such
as branch continuity and radius tapering—into the model optimization process, improving
the plausibility and stability of reconstruction results. This trajectory has driven tree mod-
eling from local geometric approximation toward a structured reconstruction framework
that accounts for both topological consistency and biological regularity, laying important
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theoretical groundwork for subsequent learning-based methods and data-driven models.
From a critical standpoint, 3D point cloud-based geometric fitting methods show clear
advantages over 2D image-based approaches in both accuracy and applicability. Cylinder
fitting RMSE is generally below 3 mm for trunk and primary scaffold branches in dormant
season TLS scans of walnut and cherry orchards, while 2D image-based methods typically
exhibit errors in the range of 5 to 10 mm under comparable conditions reported in the
literature. However, several limitations remain unresolved. Branch coverage decreases
significantly in leafy season scans due to occlusion, reducing effective point density and
leading to fitting instability or diameter overestimation. In addition, models calibrated on
specific species with thick primary branches do not generalize well to species with fine
branch architectures such as peach and cherry, where branch diameters are often below
5 mm. Finally, multi-scale fitting methods require higher computational cost, typically
taking several minutes per full canopy TLS scan, which limits their applicability in near
real time robotic systems.

2.2.3. Skeleton Extraction and Topological Reconstruction

Skeleton extraction aims to recover the central structure of a tree from point clouds,
and is a key step in branch topological analysis. Representative methods such as L1-
Medial Skeleton progressively approximate branch centers through optimization-based
contraction, enhancing robustness to noise and uneven sampling while preserving local
geometric features, thereby enabling stable skeleton extraction [28]. Theoretically, skeleton
extraction is grounded in medial axis theory, recovering central structures through distance
field analysis to effectively characterize branch connectivity and branching morphology,
abstracting complex tree bodies into centerline representations.

Building on this foundation, subsequent research has combined geodesic distances
and adjacency graphs to achieve branch-level stratification and structural separation. Local
cross-sectional fitting is further applied to obtain skeleton positions and scale information,
with topological connections established to enable the conversion from raw point clouds
to structured branch models. In recent years, data-driven approaches have also been
introduced into skeleton extraction to improve the recovery of branch topology under
conditions of occlusion, noise, and data incompleteness.

Overall, skeleton extraction strengthens branch structural representation and comple-
ments point cloud segmentation and geometric fitting methods, forming a cornerstone of
3D branch structural analysis and an indispensable technical component in the complete
pipeline from point cloud acquisition to structured tree modeling. However, a critical
examination reveals important performance limitations. Skeleton extraction methods such
as L1 Medial Skeleton perform reliably for main branch orders in open-canopy apple
and pear orchards under dormant conditions, where point clouds are relatively complete
and noise levels are low. In these settings, topological correctness for primary branches
typically exceeds 85 to 90 percent. However, performance degrades significantly in high-
density canopies, where spatial proximity leads to false connections above 20 percent
due to merged skeleton paths during medial axis estimation. Wind-induced noise further
reduces stability, causing fractures in fine branches thinner than 8 mm. Distance-based
stratification methods can partially reduce false connections, but depend on accurate branch
ordering, which is often unreliable under incomplete point coverage. Overall, skeleton-
based methods are suitable for coarse structural analysis in dormant season pruning tasks,
while fine branch recovery in leafy or high-density conditions requires complementary
learning-based approaches.

Compared with the 2D data-based methods summarized in Table 1, the approaches
listed in Table 2 further incorporate depth and spatial geometric information, enabling
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more accurate representation of branch morphology and topology in complex orchard
environments. These methods gradually shift branch feature extraction from low-level
visual analysis toward 3D structural perception. In terms of practical performance under
orchard conditions, point cloud segmentation methods such as DBSCAN and region grow-
ing have demonstrated branch separation recall rates above 80% for primary branches in
apple and peach orchards when canopy density is moderate, but accuracy drops notably
for branches thinner than 15 mm or under heavy leaf occlusion. Geometry-based fitting
methods achieve mean cylinder fitting RMSE below 3 mm for trunk and scaffold branches
in dormant-season LiDAR scans of walnut and cherry trees, while their performance
is constrained in leafy-season scans by incomplete point coverage. Skeleton extraction
methods enable reliable topological reconstruction for main branch orders in open-canopy
systems, but are prone to false connections or skeleton fractures in high-density apple
and pear canopies, where branch density exceeds 150 segments per square meter. To-
gether, these approaches establish the fundamental technical framework for 3D fruit tree
structural reconstruction and provide important support for subsequent learning-based
modeling methods.

Table 2. Comparison of 3D data-based branch feature extraction methods for fruit tree branches.

Method
Category Techniques Target Species Application

Condition
Reported

Performance Limitations References

Point Cloud
Segmentation

Region growing,
Euclidean
clustering,
DBSCAN

Apple, peach
(LiDAR

point clouds)

Moderate
canopy density;

dormant or
early-leaf stage

high recall for
primary branches
in dormant season

High
computational

cost; parameter-
sensitive; fails

for fine or
overlapping

branches

[26]

Geometric
Structure

Fitting (3D)

RANSAC, multi-
scale cylinder
fitting, least-

squares fitting

Walnut, cherry
(trunk and

scaffold
branches)

Dormant-
season TLS

scans; sparse to
moderate
canopy

high geometric
accuracy for trunk

and scaffold
branches under
sparse canopy

Limited to
primary/
secondary

branches; fails
for irregular
shapes; no
semantic
output

[27]

Skeleton
Extraction and

Topological
Reconstruction

L1-Medial
Skeleton,
geodesic
distances,

adjacency graphs

Apple, pear
(LiDAR,

open-canopy
orchards)

Open-canopy
systems;
dormant
season;

low-wind
conditions

Reliable topology
for main

branches; false
connections/
fractures in

high-density
canopies

Sensitive to
noise and

missing data;
lacks branch

attributes
(diameter);

topology errors
under occlusion

[28]

2.3. Deep Learning-Based Feature Extraction Methods

With the advancement of data-driven approaches, deep learning has gradually become
the dominant technical paradigm for fruit tree branch feature extraction [29–32]. Unlike
traditional methods that rely on hand-crafted features, deep models can automatically learn
multi-level representations through end-to-end training, demonstrating greater robustness
under complex backgrounds and occlusion conditions [33,34].

2.3.1. Convolutional Neural Networks

As one of the most representative deep learning models in computer vision, con-
volutional neural networks (CNNs) achieve hierarchical feature modeling through local
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receptive fields and weight sharing, progressively learning from low-level edges and tex-
tures to high-level semantic information. CNNs thus exhibit notable advantages in image
analysis tasks—effectively capturing local spatial patterns, reducing training complexity
through parameter sharing, and maintaining strong robustness against complex back-
grounds [35,36]. In orchard scenes, CNNs are commonly applied to branch detection and
segmentation, extracting discriminative features in cluttered environments and improving
the stability of target recognition [37].

As network architectures evolved, models such as AlexNet, VGGNet, and ResNet
progressively enhanced feature representation capacity, enabling broad application of
CNNs in semantic segmentation and object detection [38,39]. However, due to their
reliance on local receptive fields, CNNs have inherent limitations in modeling long-range
dependencies and complex topological structures, which constrains their performance in
fine branch structure recovery and spatial relationship modeling. These limitations have
driven research further toward 3D networks and global modeling approaches to improve
structural representation and reconstruction in complex natural scenes [40]. CNN-based
methods including U-Net and Mask R-CNN achieve mean IoU of 0.72–0.85 on dormant-
season apple and pear under controlled illumination, but cross-species F1 drops 15–25%
due to bark texture and canopy differences. They also lack long-range spatial modeling,
limiting fine branch recovery under severe occlusion.

2.3.2. Point Cloud Deep Learning Networks

With the rapid proliferation of RGB-D cameras and LiDAR sensing technologies,
direct learning on 3D point clouds has emerged as an important research direction for
fruit tree structural perception. Unlike 2D image-based methods, point cloud data directly
encodes the true spatial geometry of objects, making it better suited for modeling slender
3D structures such as branches. To address the unordered and irregular nature of point
cloud data, researchers proposed PointNet as a representative approach for direct modeling
of 3D point sets [41]. Through point-level feature learning and global feature aggregation,
such methods can effectively extract spatial structural information from branches.

However, PointNet has limitations in local structural representation. PointNet++
addressed this by introducing hierarchical structures and local neighborhood modeling,
significantly enhancing the ability to represent complex geometric forms and advancing
point cloud learning from global feature modeling toward joint local-global modeling [42].
Further developments include dynamic graph convolutional networks (DGCNN), which
improve local topological modeling through dynamic construction of adjacency relation-
ships, and sparse convolution methods that improve computational efficiency for large-
scale point cloud processing [43]. In orchard scenes, these methods can directly leverage 3D
geometric information, demonstrating high stability in branch segmentation and structural
extraction tasks [44]. Nevertheless, the recognition of fine branches remains challenging
due to point cloud sparsity and occlusion. Point cloud networks such as PointNet and
PointNet++ achieve over 85% segmentation accuracy for primary branches but recall below
55% for branches thinner than 10 mm under leaf occlusion. They require dense point clouds
and degrade in leafy scans; cross-species generalization remains unvalidated [42].

2.3.3. Transformer Architectures

The introduction of Transformer architectures has provided a new technical paradigm
for fruit tree structural analysis. Originally developed to achieve global feature modeling
through self-attention mechanisms, Transformers offer a compelling framework for complex
structural analysis. Compared with CNNs that rely on local receptive fields, Transformers
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can establish feature associations across the full spatial extent, making them better suited
to describing branch bifurcations and topological relationships [45].

The Vision Transformer subsequently extended this architecture to visual tasks for
the first time [46,47]. While early vision Transformers were primarily applied to 2D image
classification and segmentation, researchers quickly recognized that their global modeling
capability was well-suited to handling plant canopy structures with complex topological
relationships—enabling the modeling of inter-branch associations across the entire scene
and more accurate characterization of bifurcation structures. In the 3D vision domain,
Transformers have progressively expanded to point cloud tasks. Models such as Point
Transformer learn spatial neighborhood weights through self-attention mechanisms, achiev-
ing joint modeling of global semantic information and local geometric features—marking
a transition in 3D learning from convolution-dominated to attention-driven approaches.
However, these methods typically involve high computational complexity and strong
data scale dependency, requiring a practical trade-off between accuracy and efficiency in
real-world applications. Transformer methods like Point Transformer offer superior global
topology recovery but require 5 to 15 s per scene on high-end GPUs, precluding real-time
use. They depend on large annotated datasets, which are scarce, and their performance in
dense canopies is not systematically evaluated [48,49].

With the continued development of deep learning, data-driven feature extraction
methods have been widely adopted for fruit tree branch structural analysis. Representative
approaches including U-Net, PointNet, and Vision Transformer advance feature represen-
tation from different perspectives—2D semantic modeling, 3D structural learning, and
global relational modeling respectively—yet each involves certain trade-offs in geometric
information utilization, data dependency, and computational complexity, as summarized
in Table 3. Different deep learning methods reflect distinct priorities between representa-
tional capacity and computational efficiency, and how to effectively integrate multi-source
information while improving model robustness for complex branch structures remains an
important direction for future research.

Table 3. Comparison of Deep Learning Methods for Fruit Tree Branch Feature Extraction.

Method
Category Techniques Target

Species
Application
Condition

Reported
Performance Limitations References

CNN Methods U-Net,
Mask R-CNN Apple, pear

Dormant season,
controlled outdoor

illumination

high IoU for trunk
and scaffold,

reduced under
cross-

species transfer

Lacks 3D
geometric

information
[35]

Point Cloud
Learning

PointNet,
PointNet++

Apple,
peach

Open-canopy
LiDAR, dormant

or early-leaf

high accuracy for
primary branches,
low recall under

occlusion for
fine branches

High data
requirements [42]

Transformer
Methods

Point
Transformer Apple Dormant canopy,

multi-view datasets

good topology
recovery but

data-dependent

High
computational

overhead
[46]

2.4. Multimodal Feature Fusion Techniques

As research has advanced, single-sensor approaches have proven insufficient for reli-
ably characterizing complex orchard environments, and multimodal fusion has gradually
emerged as an important direction in fruit tree structural perception. RGB images provide
texture and color information, while depth data captures spatial geometric structure—the
two modalities exhibit strong complementarity. Early methods largely relied on data-level
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concatenation for fusion, but with limited robustness. This gave way to feature-level fu-
sion frameworks that jointly model visual and depth information, significantly improving
branch detection stability [50–52]. Representative work by Gupta et al. on RGB-D represen-
tation learning demonstrated the effectiveness of depth information in compensating for
gaps in visual semantics [50].

In terms of fusion strategies, attention mechanisms have been introduced to enable
adaptive weighting of multimodal information, improving perceptual performance under
complex illumination and occlusion conditions. Multi-view fusion has also emerged as
an important technical approach for UAV-based orchard modeling, effectively mitigating
branch–foliage occlusion through geometric consistency constraints [53,54]. Temporal
fusion, meanwhile, exploits dynamic information from continuous observation sequences,
combining temporal models with SLAM techniques to enable ongoing structural updates
and robust reconstruction, further enhancing modeling stability in complex environments.
In practice, each fusion strategy presents distinct trade-offs. RGB-D fusion methods based
on feature-level integration have been mainly validated on greenhouse or controlled or-
chard datasets, achieving relatively high detection performance under moderate illumi-
nation, with F1-scores typically reported around 0.80–0.88. However, degrade in field
conditions due to depth noise and texture instability. Multi-view fusion can reduce oc-
clusion effects in sparse canopies, but its benefit is limited in high-density trellis systems
and is constrained by high acquisition overhead, making real-time deployment difficult.
Temporal fusion improves registration stability under low-wind conditions, but is sensitive
to wind-induced motion, which reduces accuracy in dynamic environments. A key limita-
tion is the lack of cross-species and cross-season validation, leaving generalization ability
insufficiently demonstrated.

Building upon the methods summarized in Tables 1–3, the approaches in Table 4
further emphasize multimodal collaborative perception for fruit tree structural analysis. By
integrating RGB images, depth data, multi-view observations, and temporal information,
these methods improve structural representation and reconstruction robustness in complex
orchard environments. Among them, RGB-D fusion enhances semantic and geometric
complementarity, multi-view fusion improves structural completeness, and temporal fusion
strengthens reconstruction continuity and stability.

Table 4. Comparison of multimodal feature fusion methods.

Method
Category Techniques Target

Species
Application
Condition

Reported
Performance Limitations References

RGB-D
Fusion

Semantic and
geometric

complementarity
Apple, peach

Greenhouse or
controlled
outdoor,

moderate
illumination

degraded
performance
under strong
sunlight and

wet bark

Dependent on
sensor

synchronization
[50]

Multi-view
Fusion

Geometry-
consistent
structural
recovery

Apple, pear
Sparse canopy,

dormant or
early-leaf

partial occlusion
reduction, limited

in high-
density canopies

Complex data
acquisition [51]

Temporal
Fusion

Dynamic
structural

discrimination
Apple, peach

Low wind,
stable

illumination

improved
registration

accuracy,
unstable under

wind conditions

High model
complexity [54]

Systematically compare the reconstruction performance across different technical
approaches, Figure 3 presents a unified visual reference illustrating the three major technical
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pathways for fruit tree branch feature extraction. The 2D feature extraction pathway
employs traditional computer vision methods, capturing planar contours through image
preprocessing and edge detection. The 3D feature extraction pathway leverages point
cloud or mesh data, combining point cloud segmentation, geometric structure fitting, and
skeleton extraction with topological reconstruction through geometric techniques such
as least squares fitting, RANSAC, and region growing, enabling precise acquisition of
diameter, length, and branching angle. The deep learning extraction pathway, meanwhile,
draws on advanced architectures including CNNs, Transformers, and PointNet to achieve
automated feature learning spanning from semantic segmentation to keypoint estimation.
Taken together, the figure clearly illustrates the technical evolution from conventional
pixel-level analysis, through high-dimensional geometric reconstruction, to intelligent
semantic understanding.

 

Figure 3. Schematic illustration of branch feature extraction algorithm principles. (a) 2D Image Process-
ing; (b) Geometry-Based Surface Fitting; (c) Point Cloud Segmentation Methods; (d) Point Cloud-Based
Geometric Structure Fitting; (e) Skeleton Extraction and Topological Reconstruction; (f) Neural Radiance
Fields (NeRF); (g) Transformer Architectures; (h) Point Cloud Deep Learning Networks.

3. 3D Reconstruction Algorithms for Fruit Tree Branches
3D reconstruction technology employs computer graphics and image processing tech-

niques to extract the geometric and topological information of target objects from 2D image
data, constructing three-dimensional mathematical models for virtual reconstruction. In
the context of fruit trees, 3D branch reconstruction aims to recover the true spatial ge-
ometry and topological relationships of tree structures in complex natural environments,
providing a foundational basis for intelligent equipment applications, crop growth monitor-
ing, and automated orchard management [55]. Compared with architectural or industrial
scenes, fruit tree structures exhibit pronounced irregularity, multi-scale branching, and
severe occlusion—posing significant challenges for conventional 3D reconstruction meth-
ods. Fine branch regions in particular are characterized by weak texture, small scale,
and frequent leaf occlusion, often resulting in structural fractures and topological gaps in
reconstruction outcomes.

From a technical development perspective, 3D reconstruction of fruit tree branches has
progressively followed a trajectory from 3D data acquisition and explicit geometric mod-
eling through to implicit representation-based reconstruction. The technical framework
for fruit tree branch 3D reconstruction algorithms is illustrated in Figure 4, reflecting the
evolution from explicit structural representations such as point clouds and meshes, toward
implicit representations integrated with deep learning and multimodal reconstruction.
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This chapter examines the performance of various algorithms in handling irregular branch
structures, addressing occlusion-induced fractures, and achieving real-time dynamic recon-
struction, with focused discussion on key challenges including multi-source data fusion
and reconstruction accuracy optimization.

Figure 4. Technical framework of 3D reconstruction algorithms for fruit tree branches.

3.1. 3D Reconstruction Methods Based on Data Acquisition Approaches

According to the manner in which 3D data is acquired, reconstruction methods can be
broadly divided into passive vision-based approaches and active sensing-based approaches.
The former relies primarily on the geometric relationships between multi-view images
to recover 3D structure, with stereo vision and multi-view geometry as representative
techniques. The latter directly acquires scene depth information through active sensing
devices such as laser scanners or structured light systems.

3.1.1. Active Sensing-Based Reconstruction Methods

As an active ranging technology, LiDAR can directly acquire 3D point cloud data with
precise spatial coordinates. In early research, Lefsky et al. applied LiDAR to forest ecological
measurement, systematically validating its effectiveness in vegetation vertical structure
extraction and canopy parameter estimation, laying the groundwork for subsequent plant
3D modeling [56]. Compared with passive imaging methods, LiDAR does not rely on
texture information and offers greater stability in complex vegetation environments, giving
it a clear advantage in branch structure extraction [57].

With the advancement of sensing equipment, laser scanning has gradually diversified
into multiple modalities. Terrestrial laser scanning (TLS) enables high-density point cloud
acquisition suited to fine characterization of trunks and primary branches. Mobile laser
scanning (MLS), combined with positioning systems, enables continuous data collection
and improves orchard-scale data acquisition efficiency. UAV-based LiDAR scanning, by
leveraging aerial perspectives through canopy gaps, can effectively capture structural
information in the upper canopy regions.

Structured light and time-of-flight (ToF) depth cameras acquire depth information
through active light pattern projection, and are commonly used for local branch modeling
and grasp region reconstruction during fruit harvesting operations, thereby improving
operational precision and environmental perception [58]. However, LiDAR remains suscep-
tible to sampling deficiencies at branch terminations due to scan angle limitations, and data
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gaps can arise from occlusion within dense canopies [59]. While structured light and ToF
cameras can acquire depth information at high frame rates, they are prone to interference
from natural light and have limited range, making them unsuitable for large-scale orchard
modeling. They are therefore predominantly used as auxiliary sensors in combination with
other modalities, commonly deployed in agricultural robots for local branch modeling and
close-range perception tasks.

3.1.2. Passive Vision-Based Reconstruction Methods

Beyond active 3D reconstruction, passive approaches offer an alternative path to 3D
reconstruction by exploiting naturally available visual information—primarily images—to
recover scene structure without active sensing devices, offering the advantages of low
cost and high flexibility. Early methods relied mainly on feature matching and geometric
constraints to recover sparse 3D structures.

A representative technique is Structure from Motion (SfM), which reconstructs sparse
point clouds from multiple images of the same scene captured from different view-
points [60]. The Photo Tourism system proposed by Snavely et al. was among the first
to extend this idea to large-scale image-based reconstruction [61]. Building on this, the
Multi-View Stereo (MVS) algorithm proposed by Furukawa and Ponce achieves dense
point cloud generation by searching for pixel correspondences across multiple views [62],
jointly considering geometric and photometric consistency to expand the 3D model from
sparse structure to dense geometric surfaces—forming the now-classic “SfM + MVS” recon-
struction pipeline.

In agricultural applications, SfM-based techniques have been evaluated for orchard
canopy modeling, enabling 3D reconstruction of tree structures. However, the weak
and repetitive texture of branches leads to poor feature matching stability and limited
fine branch recovery, while natural lighting variation and occlusion significantly affect
reconstruction accuracy. Recent efforts have sought to improve canopy data acquisition
through multi-view path planning and viewpoint optimization, yet the inherent limitations
of 2D image information continue to constrain complete structural reconstruction.

3.2. 3D Reconstruction Methods Based on Explicit Representations

Explicit representation methods directly describe 3D geometry through discrete struc-
tures such as point clouds, meshes, or voxels, and represent the dominant expression forms
in traditional 3D reconstruction.

3.2.1. Point Cloud Processing and Surface Mesh Generation

Point clouds constitute the most fundamental form of explicit 3D representation,
typically obtained through LiDAR or image-based reconstruction [63–65]. Due to the
presence of raw noise, uneven density, and local data absence, point clouds are not directly
suited for structural analysis and typically require further conversion into continuous
surface mesh models.

Triangular meshes are the most widely used explicit 3D representation. The Ball-
Pivoting Algorithm (BPA) proposed by Bernardini et al. enables stable mesh generation
from point clouds, simulating the rolling of a sphere across the point cloud surface to
generate triangular facets, and performing reliably for regular structure reconstruction [66].
Subsequent work incorporated normal consistency optimization and hole-filling algorithms
to improve model completeness [66]. Least-squares surface fitting and radial basis func-
tion (RBF) methods have also been applied to recover locally continuous surfaces from
sparse point clouds, offering practical value in branch topological modeling and local
morphological representation [67].
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3.2.2. Voxel-Based Reconstruction and Segmentation

Voxel-based modeling discretizes space into a 3D grid, representing object structure
through occupancy probabilities. In fruit tree branch scenes, voxel representations can
transform discrete point clouds into continuous spatial occupancy structures, facilitating
holistic expression of complex branching morphology [68–71]. Through voxelization,
issues of uneven point cloud density and local data absence can be effectively mitigated,
enabling slender branches to form spatially connected regions and improving structural
completeness [72–78]. Building on this, voxel models lend themselves to 3D connectivity
analysis and morphological operations, providing support for branch skeleton extraction
and topological structure recovery [68,69].

Multi-view or multi-temporal voxel fusion methods can progressively reconstruct
occluded structural regions, partially alleviating data gaps caused by branch–foliage oc-
clusion in orchard environments [72,73]. However, due to the small scale of fine branches,
insufficient voxel resolution tends to produce structural blurring or fractures, while high-
resolution modeling significantly increases storage and computational overhead, limiting
real-time applicability in large-scale orchard scenes [74,75].

3.3. 3D Reconstruction Methods Based on Implicit Representations

With the development of neural representations, 3D reconstruction has progressively
shifted from explicit geometric modeling toward learning-driven approaches. Methods
based on neural representations can be broadly categorized according to scene represen-
tation type into implicit geometric representations, radiance field methods, and explicit
representation methods.

3.3.1. Neural Radiance Fields (NeRF)

Mildenhall et al. introduced Neural Radiance Fields (NeRF) in 2020 [79], using neu-
ral networks to learn color and density at arbitrary spatial positions for continuous 3D
representation. NeRF models the 3D scene as a continuous implicit function, directly
predicting color and volumetric density from spatial position and viewing direction inputs.
A volumetric rendering mechanism then integrates the continuous field along each viewing
ray to generate pixel values. This approach enables the network to implicitly recover scene
structure without explicit geometric representation, achieving high-fidelity expression of
complex 3D morphology. NeRF marked the entry of 3D reconstruction into the neural
representation era, and compared with traditional methods, its ability to generate plausible
completions in view-missing regions offers potential advantages for occluded fruit tree
canopy scenes.

Instant-NGP, subsequently proposed by Thomas Müller et al., significantly improved
training efficiency [80], bringing neural reconstruction closer to practical applicability. Its
core contribution lies in addressing the long training times and high computational costs
of early NeRF models. By introducing multi-resolution hash encoding, spatial coordi-
nates are efficiently mapped to compact feature representations, substantially reducing
network parameter count and improving both training and inference efficiency. Overall,
Instant-NGP marks an important transition for neural radiance fields from high-quality
but computationally prohibitive to real-time capable, laying a critical foundation for the
practical deployment of learning-driven 3D reconstruction methods.

3.3.2. Implicit Geometric Representations

Implicit representation methods describe 3D shapes by learning a Signed Distance
Function (SDF) [81–84]. The DeepSDF framework proposed by Park et al. achieves high-
quality geometric representation by reformulating geometric reconstruction as the learning
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of a continuous function that predicts the signed distance from any point in space to the
object surface [84]. In this framework, the sign of the function value distinguishes whether
a point lies inside or outside the object, while zero-crossings correspond to the object
surface. This implicit representation enables the model to characterize complex geometric
structures in continuous space, achieving fine-grained and compact 3D reconstruction.
Compared with explicit mesh methods, implicit representations naturally accommodate
complex topological structures, offering advantages for continuous branch modeling, and
have been increasingly applied in plant structure reconstruction research—though they
remain strongly dependent on training data and optimization procedures.

3.4. Multi-View Data Fusion and Reconstruction Accuracy Optimization

With the advancement of multi-source sensing technologies, single-modality data has
proven insufficient to meet the demands of high-precision fruit tree modeling, making
the fusion of multi-view and multi-modal data an increasingly important trend in 3D
reconstruction [81–83]. RGB images provide rich texture information, LiDAR data offers
high-precision spatial geometry, and temporal data captures the continuous evolution
of structure over time. Through unified calibration and registration frameworks, data
from different modalities can be jointly optimized across spatial and temporal dimensions,
compensating for the inherent limitations of individual sensors. Cross-platform acquisition
strategies—such as the coordinated use of UAVs and ground-based laser scanners—can
simultaneously cover both the upper canopy and interior regions, significantly improv-
ing structural visibility under occlusion [85]. Further research has introduced temporal
consistency constraints, stabilizing reconstruction results through continuous observation
and reducing structural fluctuations caused by random noise. While multi-source fusion
substantially improves reconstruction completeness and accuracy, it also introduces new
challenges including complex data alignment, increased computational overhead, and
system calibration difficulties. Achieving an effective balance between accuracy and effi-
ciency therefore remains a critical issue in the development of smart orchard 3D perception
systems. In terms of suitability for specific orchard conditions, TLS-based LiDAR recon-
struction delivers the highest geometric accuracy, with Chamfer Distance typically below
5 mm for dormant season apple and walnut trees in open row systems, but suffers from
significant occlusion gaps in dense canopies and is unsuitable for real time robotic appli-
cations due to data acquisition constraints. SfM plus MVS passive reconstruction is cost
effective and widely applicable to UAV-based orchard surveys, but weak branch texture
leads to matching failures for branches thinner than 8 mm, and reconstruction completeness
in heavily occluded inner canopy regions typically falls below 60 percent. NeRF-based
implicit methods show promise for handling occluded and view incomplete regions and
have demonstrated improved fine branch recovery in controlled apple tree experiments,
but training times of several hours per scene and the need for dense multi-view input
currently limit field deployment. Voxel-based methods offer computational predictability
and support multi-view fusion, but resolutions above 5 mm result in structural blurring of
fine branches, while higher resolutions become computationally infeasible for full canopy
scenes. These trade offs highlight the need for hybrid reconstruction pipelines tailored
to specific application scenarios, such as TLS for phenotyping research and lightweight
NeRF variants for robotic guidance. Nevertheless, fine branch recovery and complex topol-
ogy preservation remain key research bottlenecks, motivating further work on algorithm
optimization and evaluation strategies.

Figure 5 presents a systematic comparative illustration of 3D reconstruction techniques.
Subplots (a–g) all use the same fruit tree branch as the reconstruction subject, ensuring
visual consistency in morphological characteristics across methods. The figure traces the full
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pipeline from front-end data-driven acquisition—including LiDAR scanning, structured
light projection, and SfM-based initial point cloud recovery—through mid-level explicit
geometric reconstruction using Delaunay triangulation, mesh optimization, and voxel
fusion for topological representation, to cutting-edge implicit 3D reconstruction via NeRF-
based neural radiance field rendering and implicit geometric representation through SDF
learning. It should be noted that the point cloud visualizations shown serve as conceptual
illustrations of reconstruction principles rather than actual measurement outputs generated
by LiDAR, structured light, or SfM algorithms.

 

Figure 5. Comparison of different 3D reconstruction techniques and their corresponding recon-
struction processes. (a) LiDAR; (b) Structured Light; (c) Structure from Motion; (d) Triangle mesh
generation and optimization; (e) Voxel-based reconstruction and segmentation; (f) Neural Radiance
Fields (NeRF); (g) Implicit geometric representation.

Building on this, to further extend the discussion from an intuitive comparison at the
“methodological pipeline level” to a systematic summary at the “method attribute level,” it
is necessary to comprehensively analyze different 3D reconstruction techniques in terms
of key dimensions such as data source, representation form, reconstruction accuracy, and
application scenarios. Accordingly, focusing on the task of fruit tree branch reconstruction,
this study categorizes representative methods and provides a comparative summary of
their characteristics and applicability under a unified evaluation framework. Table 5
presents a systematic comparison of different 3D reconstruction methods in terms of data
type, representation, accuracy, and methodological characteristics, thereby more clearly
revealing their intrinsic differences and developmental progression.
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Table 5. Comparison of 3D reconstruction methods for fruit tree branches.

Method
Category Techniques Representation Suitable

Scenarios Characteristics Exhibition References

Passive Sensing SfM/MVS Point
cloud/Mesh

Open canopies;
UAV surveys;
texture-rich

dormant trees

Mature and
stable,

but texture-
dependent

 

[72]

LiDAR
Scanning LiDAR Point cloud

Open-row
orchards;

high-precision
phenotyping

High precision
for complex
structures

 

[59]

Depth Camera RGB-D/ToF Point cloud

Near-range
robotic

perception; local
reconstruction

Strong real-time
capability for

local perception
[73]

Triangular
Mesh

Generation and
Optimization

BPA Mesh

Dense,
high-quality
point cloud

surfaces

Dense
intersections,

prone to errors
[74]

Voxel Methods OctoMap Voxel
Large-scale

reconstruction;
multi-view fusion

Facilitates
multi-view
data fusion

[75]

Neural
Radiance Fields NeRF Implicit field

Occluded
canopies; fine

branch
reconstruction

(offline)

Strong
structural

representation
& completion

[76]

Passive Sensing DeepSDF SDF

Shape
completion;

offline branch
reconstruction

Well-suited for
complex

topological
structures

[77]

4. Metric Evaluation and Performance Analysis
In research on fruit tree canopy branch feature extraction and 3D reconstruction, algo-

rithm performance evaluation is a critical component for validating model effectiveness
and application potential. Early evaluation frameworks in the 3D vision field centered
primarily on geometric error, measuring algorithm performance by comparing spatial
differences between reconstruction outputs and ground truth models [86]. However, un-
like regular industrial objects, fruit trees exhibit highly non-rigid morphology, multi-scale
branching, and complex occlusion structures, making single geometric metrics insufficient
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to comprehensively reflect model quality. As plant phenotyping research has progressed,
there has been growing recognition of the need to establish a comprehensive evaluation
framework spanning multiple dimensions—including geometric accuracy, structural con-
sistency, computational efficiency, and cross-scene generalization [87,88]. This chapter
therefore presents a systematic review of evaluation methodologies for fruit tree branch
3D modeling, organized around evaluation metric frameworks, experimental design ap-
proaches, and performance analysis strategies. To systematically illustrate the evaluation
process and the relationships among different assessment dimensions, Figure 6 presents
the overall flowchart of the 3D reconstruction evaluation framework. The framework
integrates geometric accuracy, structural consistency, computational efficiency, and gen-
eralization capability into a unified evaluation pipeline, providing a comprehensive ba-
sis for performance analysis of fruit tree branch reconstruction methods under complex
orchard environments.

 

Figure 6. Flowchart of the 3D reconstruction evaluation framework.

4.1. Development and Selection of Evaluation Metrics

Evaluation metrics for 3D reconstruction originally emerged from geometric recon-
struction research in computer vision. Seitz et al. emphasized geometric error as the
core standard for algorithm comparison, a principle that became an important foundation
for subsequent research [89]. However, as plant modeling research advanced, scholars
increasingly recognized that relying solely on geometric distance metrics was insufficient to
accurately assess plant structural recovery, prompting the evaluation framework to expand
toward structure-aware assessment. Well-chosen evaluation metrics form the basis of mean-
ingful algorithm comparison, and the prevailing view holds that a sound 3D reconstruction
evaluation should simultaneously consider spatial geometric consistency and structural
semantic recovery, enabling comprehensive analysis of algorithm performance.

In this study, all evaluation metrics are normalized to a unified scale of [0, 1] using
min–max normalization to enable fair comparison across heterogeneous indicators. For
metrics where lower values indicate better performance (e.g., Chamfer Distance, RMSE,
inference time), inverse normalization is applied to ensure consistency in scoring direction.

Beyond defining evaluation metrics, recent studies have increasingly emphasized
selecting evaluation metrics according to the characteristics of different reconstruction
algorithms. Geometry-based reconstruction methods are primarily evaluated using geo-
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metric accuracy metrics, whereas learning-based segmentation and reconstruction methods
additionally require semantic prediction and robustness evaluation. Consequently, com-
prehensive multi-dimensional evaluation has gradually become the standard practice for
comparing fruit tree branch reconstruction algorithms.

(1) Geometric Reconstruction Accuracy

Commonly used metrics include Chamfer Distance and Hausdorff Distance, which
respectively capture overall error and maximum deviation, with the latter being more
sensitive to fine branch absence [90,91]. RMSE evaluates reconstruction stability from
the perspective of overall coordinate error, but is less sensitive to localized structural
inaccuracies. These metrics are individually normalized and averaged to obtain a unified
geometric accuracy score.

Different categories of reconstruction methods exhibit distinct characteristics under
these metrics. LiDAR-based explicit reconstruction methods generally achieve stable RMSE
owing to accurate spatial measurements, whereas image-based SfM/MVS approaches are
more sensitive to illumination variation and weak branch texture, often resulting in larger
geometric deviations in fine branches. Recently developed implicit neural representation
methods, such as NeRF, frequently demonstrate improved Chamfer Distance through
continuous surface modeling in partially occluded regions, although local structural errors
may still occur under severe occlusion.

(2) Structural Consistency Evaluation

In response to the specific demands of plant modeling, evaluation frameworks have
progressively incorporated topological and morphological metrics—such as branch count
error, branch length deviation, and bifurcation angle error—to characterize structural
recovery capability [92]. Compared with traditional geometric metrics, these measures
place greater emphasis on biological morphological semantics, but depend on high-quality
annotations and remain limited in robustness under occlusion and scale variation. Each
metric is normalized separately and aggregated to form the structural consistency score.

Compared with purely geometry-based evaluation, these topology-aware metrics
better reflect the biological characteristics of fruit trees. Skeleton-based reconstruction
algorithms generally preserve branch connectivity more effectively than surface-based
methods, while graph-constrained reconstruction methods have recently shown improved
bifurcation recovery by incorporating structural priors.

(3) Feature Extraction Robustness and Stability Evaluation

In complex orchard environments, illumination changes, occlusion, and background
interference significantly affect feature extraction performance. To address this, metrics
such as Precision, Recall, and F1-score have been introduced to evaluate branch detection
and segmentation [93]. High recall facilitates fine branch detection, while high precision
improves noise resistance. Cross-scene experiments are additionally employed to assess
model stability across varying environmental conditions. The final robustness score is
obtained by averaging the normalized values of these metrics.

These metrics are widely adopted in deep learning-based branch segmentation al-
gorithms, including CNN-, PointNet-, and Transformer-based models. CNN-based ap-
proaches generally achieve high Precision under relatively simple backgrounds, whereas
Transformer architectures improve Recall under dense canopy occlusion by capturing
long-range contextual information. Point cloud learning networks such as PointNet++
further improve three-dimensional feature representation.

(4) Computational Efficiency and Real-Time Performance Evaluation
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As applications increasingly demand real-time operation, evaluation frameworks have
expanded to encompass computational efficiency, primarily including inference time, frame
rate (FPS), and resource consumption. These three aspects jointly reflect system responsive-
ness and engineering deployability, and exist in trade-off with reconstruction accuracy—
high precision typically comes with greater computational overhead, while lightweight
methods may sacrifice fine detail representation [94]. Multi-metric co-optimization has
therefore become a key focus of current research. Computational efficiency is evaluated
using inference time, FPS, and memory consumption.

Traditional geometry-based reconstruction algorithms generally require relatively low
computational cost but involve considerable manual preprocessing. Deep learning-based
reconstruction methods usually achieve higher reconstruction accuracy at the expense of
longer inference time. Recent lightweight neural rendering methods, such as Instant-NGP,
have substantially improved computational efficiency, making learning-based reconstruc-
tion increasingly suitable for real-time orchard applications.

(5) Generalization and Adaptability Evaluation

Given the significant variability across tree species and growth stages, generalization
capability has emerged as an important evaluation dimension [95]. Relevant studies typi-
cally validate models through cross-dataset, cross-season, and multi-scene experiments, and
employ domain adaptation and multi-species modeling strategies to improve transferabil-
ity. Models with strong generalization can reduce data dependency and enhance practical
application value. The generalization score is obtained by normalizing and inverting the
degradation metric across cross-domain experiments.

Recent studies increasingly validate reconstruction models across different orchards,
tree species, seasons, and acquisition platforms. Compared with traditional geometry-based
methods, deep learning models generally achieve higher accuracy on training datasets but
often experience performance degradation under unseen environments. Consequently, do-
main adaptation, self-supervised learning, and multimodal fusion have become important
strategies for improving model generalization.

Overall, recent studies increasingly recommend reporting multiple complementary
evaluation metrics rather than relying on a single criterion. Geometric accuracy, structural
consistency, feature robustness, computational efficiency, and generalization capability
collectively provide a more comprehensive understanding of algorithm performance and
facilitate fair comparison among different categories of fruit tree branch reconstruction
methods. A comparison of the various evaluation metrics is presented in Table 6.

Table 6. Performance evaluation metric framework for 3D reconstruction.

Metric
Category Metric Evaluation Target Advantage Disadvantage References

Geometric
Accuracy

▶ Chamfer
Distance

▶ FHausdorff
Distance

▶ RMSE

⋆ Average point
cloud deviation

⋆ Maximum
⋆ structural error
⋆ Global geometric

consistency

• Stable for deep
• models
• Fracture-sensitive
• Physically

interpretable

• Outlier-insensitive
• Noise-sensitive
• No topology

[90]

Structural
Consistency

▶ Branch Count
▶ Error
▶ Branch Length

Deviation
▶ Bifurcation

Angle Error

⋆ Topology
⋆ Scale accuracy
⋆ Structure

• Biologically
relevant

• Morphology-aware
• Phenotypic analysis

• Needs annotation
• Skeleton-sensitive
• Expensive

[91]
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Table 6. Cont.

Metric
Category Metric Evaluation Target Advantage Disadvantage References

Feature
Stability

▶ Precision
▶ Recall
▶ F1-score

⋆ False positives
⋆ Completeness
⋆ Overall

• Fewer FP
• Sensitive to

weak parts
• Balanced

• Misses details
• More FP
• No location info

[92]

Computational
Efficiency

▶ Inference Time
▶ FPS
▶ Resource

⋆ Speed
⋆ Real-time
⋆ Cost

• Comparable
• Intuitive
• Practical

• Implementation-
dependent

• Deployment-ready
• No standard

[93]

Generalization ▶ Cross-scene
▶ Cross-species

⋆ Robustness
⋆ Transferability

• Real-world
• Deployment-ready

• Costly
• Data-limited

[94]

To facilitate comparison across methods, the proposed multi-dimensional evaluation
results are visualized using a radar chart. Each axis represents a normalized evaluation
metric, enabling a compact representation of overall performance across geometric accuracy,
structural consistency, robustness, efficiency, and generalization, as shown in Figure 7.

 
Figure 7. Five-Dimension Evaluation Metric Radar Chart of 3D Reconstruction Algorithms for Fruit
Tree Branches.

4.2. Evaluation Methods and Experimental Design Paradigms

Rigorous and well-designed experimentation is essential for enabling fair algorithm
comparison. Early multi-view reconstruction studies lacked unified testing standards, mak-
ing results difficult to reproduce. Knapitsch et al. established the first high-quality public
benchmark for 3D reconstruction evaluation through the Tanks and Temples benchmark,
providing a standardized reference for subsequent research [96].

In the agricultural domain, due to the absence of unified datasets, researchers have
largely relied on UAV multi-view imagery, ground-based LiDAR scans, and RGB-D data
for experimentation. In recent years, the gradual emergence of public plant point cloud
datasets has made algorithm comparison more systematic. Typical experimental work-
flows include unified input data, multi-algorithm comparison, multi-metric comprehensive
evaluation, and statistical significance analysis. For fair comparison, algorithms should be
evaluated on common datasets with identical preprocessing pipelines, consistent parameter
initialization, and repeated experiments across at least three independent orchard scenes or
growth-stage conditions to ensure cross-scene validity. Regarding statistical significance
analysis, the most commonly recommended approaches in the plant modeling literature
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include paired Wilcoxon signed-rank tests for non-parametric comparison of algorithm
outputs across multiple scenes, and analysis of variance (ANOVA) followed by Tukey’s post
hoc test for multi-algorithm comparisons. Effect sizes (Cohen’s d) should also be reported
alongside p-values to distinguish statistically significant from practically meaningful perfor-
mance differences. Ablation studies can effectively analyze the contribution of individual
network components to overall performance, thereby revealing the rationale behind model
design decisions [97].

At the tooling level, CloudCompare is widely used for point cloud error analysis,
MeshLab for mesh quality assessment, and Open3D provides an extensible 3D data pro-
cessing framework—collectively improving experimental reproducibility and evaluation
efficiency [98]. These tools enable visualization of error distributions, helping researchers
identify regions where reconstruction fails.

4.3. Performance Analysis and Optimization Directions Based on Evaluation Metrics

A review of experimental results across existing studies reveals significant performance
differences among 3D reconstruction methods on various evaluation metrics, reflecting the
key bottlenecks of current algorithms in complex orchard scenes.

From the perspective of geometric accuracy metrics, small-scale branch regions con-
sistently exhibit larger reconstruction errors. As their dimensions approach the resolution
limits of sensors, insufficient point cloud sampling density or noise interference leads to
notably increased Chamfer Distance and point-to-surface error, indicating that existing
methods remain limited in fine-grained structural representation. Regarding structural
consistency metrics, occluded regions frequently cause branch count errors and topological
connection failures. While multi-view fusion can partially reduce structural absence, its
effectiveness depends on acquisition density and viewpoint distribution—when observa-
tions are insufficient, models still struggle to accurately recover internal structures. From
the standpoint of computational efficiency, deep learning methods, despite their accuracy
advantages, typically incur high inference times and computational resource demands,
limiting their applicability in real-time agricultural scenarios. Traditional geometric meth-
ods, by contrast, offer greater computational efficiency but fall short in complex structural
recovery. Furthermore, in generalization evaluations, notable performance fluctuations
across different tree species and acquisition conditions indicate that current models remain
sensitive to distributional shifts and lack stable cross-scene adaptability.

Based on the above metric analysis, current research has converged on several di-
rections: introducing structural priors and topological constraints to improve structural
consistency; combining multimodal fusion and self-supervised learning to enhance model
robustness; and applying lightweight networks and temporal modeling to optimize compu-
tational efficiency and dynamic adaptability. These directions, each grounded in different
evaluation dimensions, offer important pathways toward the coordinated improvement of
accuracy, efficiency, and generalization [98,99].

5. Technical Challenges and Development Trends in Fruit Tree Canopy
Branch Feature Extraction and 3D Modeling

Despite the significant progress made in fruit tree feature extraction and 3D modeling,
substantial challenges remain on the path toward practical deployment, including branch–
foliage occlusion, fine structure recovery, and dynamic environment interference [100–102].
At the same time, emerging paradigms such as multimodal fusion, end-to-end modeling,
and self-supervised learning are reshaping the technical landscape of this field, driving
fruit tree perception systems toward higher levels of automation and intelligence. This
chapter presents a systematic analysis of these core challenges and development trends.
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5.1. Core Technical Challenges

To systematically summarize the relationship between key technical challenges and
corresponding methodological paradigms in fruit tree canopy feature extraction and 3D
reconstruction, the overall framework is illustrated in Figure 8.

Figure 8. Framework of Technical Challenges and Solution Strategies for Fruit Tree Canopy Reconstruction.

5.1.1. Branch–Foliage Occlusion and Structural Absence

Branch–foliage occlusion is the primary factor affecting the quality of fruit tree feature
extraction and 3D reconstruction [100,102]. Since leaves vastly outnumber branches, visual
and LiDAR sensor data predominantly captures leaf surface information, leaving branch
structures severely underrepresented in point clouds. Single-viewpoint observation is
insufficient for capturing the internal structure of the canopy, making structural recognition
and information recovery in occluded regions a critical challenge [103].

Multi-view data fusion has been established as an effective strategy for mitigating
occlusion [104], progressively reconstructing invisible regions by acquiring data from
multiple observation directions, thereby improving branch feature continuity and model
completeness. In practice, circumferential ground-based acquisition, coordinated UAV and
ground sensor observation, and multi-height scanning strategies have been widely adopted
to enhance coverage of canopy interior structures. Multi-view geometric optimization
methods have further improved reconstruction stability under complex conditions through
joint estimation of camera poses and spatial structure. Building on this, structural priors
and probabilistic modeling have been introduced to infer missing structures from plant
growth patterns or characterize uncertain regions through spatial probability distributions.
More recently, neural implicit representation methods have enabled prediction of occluded
regions by learning continuous spatial density distributions, assisting in branch region
segmentation and structural completion—marking an important transition in occlusion han-
dling from deterministic geometric inference toward learning-driven modeling. However,
multi-view fusion, while improving structural completeness, also substantially increases
data redundancy and registration complexity [105,106]. How to reduce computational cost
while maintaining reconstruction quality remains an important open problem.

5.1.2. High-Precision Recovery of Fine Branches

Fine branches, with scales approaching sensor resolution limits, are prone to loss
during sampling, segmentation, and reconstruction, representing a key bottleneck in
improving structural detail [107]. The weak texture and sparse point cloud density in fine
branch regions further lead to missed detections, fractures, and topological errors during
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feature extraction. While increasing data acquisition resolution can partially improve
detection capability, it also significantly raises computational burden, making it difficult to
scale to large-scale applications [108].

Researchers have therefore increasingly turned to optimizing structural representa-
tions. Skeleton-based methods, by preserving topological structure rather than surface
detail, enable effective representation of fine branches under sparse data conditions and
have emerged as an important technical pathway [109,110]. Building on this, deep mod-
els combining point cloud learning and multi-scale feature fusion can predict missing
structures from data, achieving fine-grained structural completion and improving branch
segmentation and node recognition [111]. In recent years, topological consistency con-
straints and graph-based structural optimization have been incorporated into model train-
ing, effectively reducing branch fractures and erroneous connections by constraining node
connectivity. Despite these advances in detail recovery, achieving stable and reliable fine
branch reconstruction under complex occlusion conditions remains an open challenge.

5.1.3. Modeling Instability Under Wind-Induced Motion

Wind-induced branch and foliage motion in natural orchard environments causes geo-
metric inconsistencies across multi-frame data, adversely affecting point cloud registration
and model fusion quality. Traditional 3D reconstruction methods typically assume static
scenes and therefore perform poorly in dynamic environments. Branch and leaf movement
also causes variations in edge and texture information across temporal image sequences,
reducing the consistency of branch detection and segmentation results.

Early approaches to this problem primarily employed motion detection and weight
adjustment to reduce the influence of dynamic regions on reconstruction, combined with
temporal consistency constraints to improve model stability [112]. As temporal modeling
methods have matured, spatiotemporal feature modeling based on deep learning has
become a growing research focus [113–115], improving structural recovery and feature
extraction robustness under dynamic conditions through the integration of multi-frame
temporal information [116–118].

5.2. Major Development Trends

As orchard environments become increasingly complex, single-sensor approaches are
no longer sufficient for comprehensive acquisition of structural and semantic information,
making multimodal fusion an important development direction [119,120]. By integrating
visual imagery, LiDAR, UAV data, and depth information, complementary representation of
geometric and semantic features can be achieved [121–123]. Research has gradually shifted
from early data-level fusion toward feature-level and representation-level fusion, leveraging
attention mechanisms for dynamic cross-modal selection and collaborative modeling.

At the same time, traditional multi-stage 3D reconstruction pipelines often suffer
from cumulative error propagation, leading to the rapid emergence of end-to-end learning
frameworks that directly predict 3D structural representations from raw sensory data. End-
to-end models incorporating geometric constraints and structural priors have demonstrated
stronger robustness in complex natural environments [124–126], enabling more efficient
and stable mapping from sensory input to structural models.

In addition, limited annotated datasets in agricultural scenarios have further promoted
the development of self-supervised learning. By constructing pretraining tasks based
on multi-view consistency and temporal prediction, models can learn effective spatial
structural representations from unlabeled data and achieve improved generalization across
different orchard environments and tree species [127].
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With the rapid advancement of agricultural robots and unmanned systems, real-time
performance and edge deployment capability have also become critical requirements
for 3D modeling algorithms. Progress in lightweight network design, model compres-
sion, and edge computing has enabled 3D perception systems to operate efficiently on
mobile devices, accelerating the transition of applications such as automated harvest-
ing, path planning, and intelligent inspection from experimental research to practical
production environments [128].

The emergence of digital twin technology has introduced a new paradigm for fruit
tree modeling by enabling continuous crop monitoring and intelligent decision support
through virtual models synchronized with real orchards [129,130]. Within this framework,
3D reconstruction technology is shifting from one-time structural recovery toward long-
term spatiotemporal dynamic modeling, providing continuous data updates and decision
support for smart orchard management.

Overall, future research in fruit tree 3D reconstruction is expected to move toward
more intelligent, robust, and integrated systems, enabling accurate perception, efficient
modeling, and long-term dynamic management in complex orchard environments. To
achieve these goals, several concrete recommendations are warranted. First, the field
urgently needs publicly available benchmark datasets covering multiple fruit species
(apple, pear, peach, cherry, walnut), multiple growth stages (dormant, flowering, full-
leaf, harvest), and representative orchard management systems (trellis, open-center, high-
density), with standardized annotation protocols for branch topology, branch length, di-
ameter, and bifurcation angle. Second, standardized evaluation protocols—specifying
preprocessing pipelines, parameter initialization ranges, test-train splits, and minimum
scene diversity requirements—should be established to ensure reproducibility and fair
cross-algorithm comparison. Third, cross-species and cross-orchard validation should be
adopted as a required evaluation component in future studies, rather than treated as an
optional supplement. Fourth, open-source algorithm implementations and calibration
tool standards for multi-sensor systems (LiDAR + RGB-D + IMU) would substantially
lower barriers to reproducibility. Finally, field trials conducted across different growth
stages, canopy architectures, and geographic climatic conditions are essential to validate
the practical deployment readiness of proposed systems beyond controlled laboratory or
single-orchard settings.

6. Conclusions
This paper systematically reviews fruit tree canopy branch feature extraction and 3D

reconstruction, tracing the methodological evolution from classical 2D image processing
and geometry-based fitting, through point cloud segmentation and skeleton extraction,
to deep learning and multimodal fusion. Active sensing- and passive vision-based re-
construction strategies are compared alongside explicit and implicit scene representation
methods, with implicit neural approaches such as NeRF showing particular promise for
handling structural incompleteness caused by branch–foliage occlusion. A five-dimensional
evaluation framework—encompassing geometric accuracy, structural consistency, feature
stability, computational efficiency, and generalization capability—is further proposed to
support more comprehensive algorithm assessment beyond conventional geometric error
metrics. Several key findings emerge from this review. First, no single reconstruction
method dominates across all orchard conditions: TLS-based LiDAR excels in geomet-
ric precision for open-canopy systems, while learning-based implicit methods are better
suited for occluded inner-canopy recovery. Second, the transition from dormant-season
to leafy-season conditions consistently represents the most critical performance boundary
for all method categories, highlighting the need for more robust feature extraction and
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3D reconstruction algorithms under dense canopy conditions. Third, the lack of standard-
ized benchmark datasets and evaluation protocols remains the primary bottleneck for
rigorous cross-algorithm comparison, more so than algorithmic limitations themselves.
The specific contribution of this review lies in providing the first comprehensive side-by-
side critical comparison of 2D, 3D geometric, deep learning, and multimodal approaches
under a unified fruit-tree-specific evaluation lens, and in proposing concrete directions—
including cross-species benchmarking, open-source calibration tools, and standardized
evaluation protocols—to accelerate the transition from laboratory methods to deployable
smart orchard systems.

Despite these advances, three core challenges remain: branch–foliage occlusion caus-
ing persistent structural absence, the difficulty of reliably recovering fine branches near
sensor resolution limits, and modeling instability induced by wind-driven dynamic defor-
mation. Future progress will require the integration of structural priors and topological
constraints, end-to-end learning frameworks that reduce cumulative error propagation, self-
supervised strategies to overcome annotated data scarcity, and lightweight architectures
suitable for real-time edge deployment. The convergence of these directions with digital
twin technology is expected to drive fruit tree 3D perception systems toward continuous
spatiotemporal orchard monitoring, providing a robust foundation for the next generation
of intelligent orchard management.
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Abbreviations

Abbreviation Definition
3D Three-Dimensional
UAV Unmanned Aerial Vehicle
2D Two-Dimensional
AI Artificial Intelligence
CNN Convolutional Neural Network
DBSCAN Density-Based Spatial Clustering of Applications with Noise
DGCNN Dynamic Graph Convolutional Neural Network
L1 Least Absolute Deviations
LBP Local Binary Pattern
LiDAR Light Detection and Ranging
PointNet Point Network

https://doi.org/10.3390/agronomy16131274

https://doi.org/10.3390/agronomy16131274


Agronomy 2026, 16, 1274 30 of 35

PointNet++ Hierarchical Point Network
RANSAC Random Sample Consensus
ResNet Residual Network
RGB Red Green Blue
SLAM Simultaneous Localization and Mapping
U-Net U-Shaped Convolutional Network
VGGNet Visual Geometry Group Network
ViT Vision Transformer
BPA Ball-Pivoting Algorithm
MLS Mobile Laser Scanning
MVS Multi-View Stereo
NeRF Neural Radiance Field
RBF Radial Basis Function
SDF Signed Distance Function
SfM Structure from Motion
TLS Terrestrial Laser Scanning
ToF Time-of-Flight
FPS Frames Per Second
RMSE Root Mean Square Error
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