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Abstract

Manual pruning is labor intensive and represents up to 25% of annual la-
bor costs in fruit production, notably in apple orchards and vineyards where
operational challenges and cost constraints limit the adoption of large-scale
machinery. In response, a growing body of research is investigating com-
pact, flexible robotic platforms capable of precise pruning in varied terrains,
particularly where traditional mechanization falls short.

This paper reviews recent advances in autonomous robotic pruning for
orchards and vineyards, addressing a critical need in precision agriculture.
Our review examines literature published between 2014 and 2024, focusing
on innovative contributions across key system components. Special attention
is given to recent developments in machine vision, perception, plant skele-
tonization, and control strategies, areas that have experienced significant
influence from advancements in artificial intelligence and machine learning.
The analysis situates these technological trends within broader agricultural
challenges, including rising labor costs, a decline in the number of young
farmers, and the diverse pruning requirements of different fruit species such
as apple, grapevine, and cherry trees.

∗corresponding author
Email addresses: alessandro.navone@polito.it (Alessandro Navone),

mauro.martini@polito.it (Mauro Martini), marcello.chiaberge@polito.it
(Marcello Chiaberge)

1This paper is part of the project NODES which has received funding from the MUR –
M4C2 1.5 of PNRR funded by the European Union - NextGenerationEU (Grant agreement
no. ECS00000036).



By comparing various robotic architectures and methodologies, this sur-
vey not only highlights the progress made toward autonomous pruning but
also identifies critical open challenges and future research directions. The
findings underscore the potential of robotic systems to bridge the gap be-
tween manual and mechanized operations, paving the way for more efficient,
sustainable, and precise agricultural practices.

Keywords: Pruning, Autonomous Robots, Review, Orchards, Vineyards.

1. Introduction

Every year, fruit orchards need intensive labor operations such as har-
vesting and pruning, which are still conducted manually by the majority of
farmers. Pruning is a repetitive and costly process that aims to ensure the
growth of new plant nodes after winter seasons. For instance, recent stud-
ies show that the pruning operation covers from 20% to 25% of the overall
annual labor cost for an apple farmer [1].

Fruit production is a key agricultural industry in both the European
Union (EU) and the United States (US). In 2022, the EU’s fruit harvesting
sector was valued at €27.3 billion, with Spain, Italy, and Poland leading in
production. The EU produced 14.7 million tonnes of pome fruit, 10.5 million
tonnes of citrus fruit, 6.3 million tonnes of stone fruit, 2.6 million tonnes of
tropical fruit, 1.1 million tonnes of nuts, and 0.7 million tonnes of berries [2].
In the same year, the US recorded $34.2 billion in sales from fruit, tree nuts,
and berries, representing 6.3% of total agricultural sales, according to the US
Department of Agriculture (USDA) Economic Research Service. Moreover,
vines covered 3.2 million hectares (ha) in the EU in 2020, with 2.2 million
vineyard holdings. More importantly, 83.3% had less than 1 ha of vineyards,
confirming the prevalence of small activities and fields.

Despite the sector’s economic significance, the EU faces demographic and
labor-related challenges. The proportion of young farmers has sharply de-
clined, with only 6.5% of EU farm managers under the age of 35 in 2020 [3].
Additionally, the availability of manual labor has decreased in recent years.
From 2010 to 2019, labor costs—typically around 30% of total production
costs for fruit and nut trees—have increased for several reasons. In the US, a
recent USDA Economic Research Service report discusses how producers are
responding to these rising costs and labor shortages [4]. Long-term strate-
gies adopted in the US include the use of temporary worker visas such as the
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H-2A program and, in some cases, a reduction in domestic production.
Automatic machinery has emerged as a possible support for boosting

efficiency in agriculture and reducing costs without requiring intensive man-
ual operations. Several recent studies discussed the feasibility of adopting
a mechanized solution for hedging in both vineyards and orchards [5, 1].
Agriculture experts are advancing methods to organize canopies in walls or
trellis structures to foster mechanized pruning [6]. However, huge machines
have limitations. First, they cannot be applied to slopes and hills, typical
of European vineyards and orchards. Moreover, the investment required is
not ignorable and affordable for small and medium-sized producers, ranging
around e12k for the machine itself to be coupled with a tractor, without
considering maintenance and insurance costs. Finally, the fine wine econ-
omy requires precise and careful operations to prevent fruit damage that can
affect the temporal evolution of the fermentation process. In this context,
custom pruning strategies are adopted by different wine producers, raising
the need for flexible and customizable solutions.

Apples and vines represent the principal production industry, and, hence,
the main focus of research advancement in the direction of technological
solutions. Indeed, among papers published from 2014 to 2024, as presented
in Fig. 1a, 31.6% of the studies consider the pruning of apple trees and 24.6%
consider grapevine as application scenarios. A relevant part of the considered
studies covers the pruning of cherry trees (17.5%), while many works target
generic trees, preferring not to target a specific fruit tree but addressing part
of the methodology or analyzing the performance of a specific type of sensor.
Finally, jujubees cover a smaller part of the analysis, while the rest of the
considered work, which is grouped as "others", analyzes sparsely other fruit
trees such as walnut, avocado, pear, mango, and more.

Robotic pruning represents an optimal trade-off between manual and mas-
sively mechanized operations, leading to a flexible solution with small- to
medium-sized platforms. A typical robotic platform for pruning is a complex
system composed of different modules. In this review, we analyze the innova-
tive contributions to each robotic component. Nonetheless, a special focus is
devoted to machine vision, perception, plant skeletonization, reconstruction,
and control, considering the huge impact of recent Artificial Intelligence (AI)
on these areas.
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Figure 1: (a) Pie chart of the distribution of the addressed crops in the analyzed papers.
(b) Distribution of the analyzed papers in the period of time from 2014 to 2024. The
orange bars represent the paper using machine learning, showing a large increase in recent
years.

1.1. Scope of the review
Currently, autonomous robotic pruning in orchards and vineyards remains

a niche area within the broader robotics literature focused on precision agri-
culture, as evidenced by the data presented in Fig. 1b. A first survey in the
field of autonomous pruning was conducted by He and Schupp in 2018 [6],
in which sensing and perception techniques are explored solely in the con-
text of apple orchards. It covers mainly the fields of tree training systems,
pruning strategies, and plant structure reconstruction. A subsequent study
by Tinoco et al. [7] provides a more detailed analysis of the design of a ma-
nipulator for pruning and harvesting. The considered pruning manipulators
were tested in two distinct settings: vineyards and apple orchards. Finally,
Zahid et al. [8] examined the technological advancements pertaining to the
primary components of a robotic pruner for apple trees, including machine
vision, manipulation, path planning, obstacle avoidance, and the design of
the end effector.

In this work, we consider papers from the decade 2014-2024, which, as
emerged from an attentive literature review, capture the evolution of trends
and the recent advancements in AI that have deeply influenced this research
context. For the identification of the relevant publications in this field, we

4



carried out an extensive research using Google Scholar2 and Scopus3 in two
main phases, the first one in June 2024 and a later one in February 2025 for
recent updates and advancements.

The graph shown in Fig. 1b shows clearly that the number of published
papers, and therefore the interest towards autonomous pruning of fruit trees
and the related tasks, has consistently increased in recent years. We believe
that recent advancements in AI and robot autonomy have paved the way
for consistent research in robotic pruning, as shown in the graph. Hence, in
this review, we discuss the latest contributions, trends, and open challenges
related to the main aspects of pruning in orchards and vineyards.

1.2. Paper organization
The paper is organized as follows. Section 2 offers a wide overview of

the autonomous pruning pipeline, giving insight into a possible subdivision
of the tasks. Section 3 reports visual perception methods for robotic prun-
ing, organizing them in classical computer vision methods, in Subsection 3.1,
and deep-learning-based methods, in Subsection 3.2. Section 4 describes
skeletonization and tree reconstruction methods, while Section 5 describes
the pruning points estimation methods. Section 6 treats simulation envi-
ronments for autonomous pruning training and development. Section 7 dis-
cusses the various hardware parts needed to constitute the different parts of
an autonomous robotic pruner, starting from sensors, in Subsection 7.1, then
manipulators in Subsection 7.2, and end-effectors in Subsection 7.3, and how
to control them, in Subsection 7.4. Then, an overview of works that merge
all the different parts is given in Section 8. Finally, Section 9 discusses the
challenges and limitations, in Subsection 9.1 and 9.2 , and gives possible
future developments in Subsection 9.3. Conclusions are drawn in Section 10.

2. Autonomous Pruning with Robots

Automated robotics solutions are emerging as a significant support for
human jobs in various sectors. Precision agriculture is one of them, as it
involves many repetitive tasks in the field that require only partial human
input and supervision. Plant pruning in orchards and, above all, vineyards
represents one of the most attractive tasks in this direction. The intelligence

2https://scholar.google.com/
3https://scopus.com/
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1. Tree perception:

- Detection and segmentation of 

branches

- Differentiation between branch types

- Bud detection

2. Tree skeletonization:

- Reconstruction of 2D or 3D 

hierarchical plant structure

- Integration of perception data

- Data sourced from cameras or LiDaR

3. Cutting point estimation:

- Direct cutting point estimation from 

images

- Cutting point estimated heuristically 

from geometrical structure

4. Manipulator design:

- Designed for navigating complex, 

intertwined branch structures

- High agility for end-effector pose

- Velocity for time efficient operations

5. End effector design:

- Tools depends on branch size, 

stiffness and limited space

- Shear for precision, saw for thickness

- Wire avoidance integration

6. Planning and control:

- Trajectory planning combining visual, 

force and learning-based feedback

- Collision avoidance in unstructured 

environments

Figure 2: Scheme of the autonomous robotic pruning pipeline. The above part of the
scheme depicts the perception-related tasks, while the bottom part shows the tasks related
to manipulator design and control.

of a robotic solution resides in the combination of sensors and algorithms.
In fact, according to the literature of the last ten years, a robotic pruning
system can be divided into a few modules, as shown in the scheme in Fig. 2.

The robotic pruning pipeline can be decomposed in two main aspects.
First, a perception pipeline, which aims at sensing and reconstructing the
structure of the target plant and its surroundings, as shown in the upper
part of Fig. 2. Then, the design of the manipulator, its actuation system,
and logic are shown in the bottom part of the figure. The perception part of
the pruning task can be decomposed in three main phases:

1. Tree perception: sensor data, mostly obtained from cameras or LI-
DARs, must be interpreted to identify regions of interest. Segmentation
and detection algorithms are used to distinguish the plant parts from
the background. In some cases, the different plant parts, which are
fundamental to have more meaningful information on the pruning ac-
tion, are differentiated from each other. Some works also target the
detection of the single buds lying on the branches.

2. Tree skeletonization: after the regions of interest are identified, it is
fundamental for the pruning operation to obtain a clear structure of the
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plant. For this operation, the previously obtained information about
the position of the branches, their type, and some additional parameters
such as their width and their orientation, is merged to form a graph-like
representation, obtaining a simplified essential structure of the plant,
which is more easily interpretable from the following algorithms.

3. Cutting point estimation: this phase represents the crucial point
of the perception activity, aiming at finally identifying the points on
the plants that need to be cut. For this purpose, two main approaches
are employed: the first one exploits the previously obtained structure
and applies several algorithms or heuristics to find the desired cutting
points. The second one consists of learning-based approaches that train
algorithms based on the annotations of experts.

Therefore, the output of the perception pipeline is the pose in the 6D space
of the desired cutting point, which is used as input to the manipulation part.

Regarding the manipulation, we considered three different macro-areas
that were faced separately in the analyzed works:

4. Manipulator design: the architecture of the manipulator should be
chosen wisely to address the movement in an intricate environment,
such as interwined branches. In fact, it should have enough degrees of
freedom to make the desired pose of the end-effector possible. More-
over, to be efficient enough, alongside the precision, the manipulator
should be fast enough during its movement

5. End effector design: the tools should be designed depending on the
target branch stiffness and size, considering also the limited space due
to the intricate branches and supports. Moreover, depending on the
type of cut to be made, shears or saws are considered. In some cases,
due to the presence of support wires, the shears can be equipped with
a specific solution for their avoidance.

6. Planning and control: given the input from the perception pipeline,
a trajectory should be planned, considering collision avoidance. Hybrid
control strategies can be adopted, combining visual force and learning-
based feedback.

The plot in Fig. 3 shows the number of papers analyzed covering the
different areas proposed in the previous summarization. As the graph shows,
plant perception alone is the most covered task, and it has been strongly
pushed by the advancements of ML in the last five years. Right after, the
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Figure 3: This plot shows the number of papers addressing individual tasks in the au-
tonomous pruning pipeline (bottom left) and combinations of tasks (top). The manipula-
tor and end-effector design tasks are grouped together, as they are consistently paired in
the reviewed papers.

skeletonization module was run alone and merged with the perception and
the estimation of the pruning point. These trends highlight that the most
covered topics are all related to the problem of sensing the plant. Complete
research works proposing a full robotic pruning system integrating sensing
and manipulation have also been published, with a similar effort in terms of
the number of papers. Finally, the design of the manipulators, end effectors,
and control has a smaller coverage in terms of published works, probably
due to the more general state-of-the-art solutions already available and the
recent developments of enhanced commercial platforms that can be deployed
directly.

3. Visual Perception for Robotic Pruning

Accurate detection and segmentation of tree structures—such as trunks,
branches, and nodes—are critical tasks for enabling automation in horti-
cultural operations like pruning. While early efforts relied on handcrafted
features and traditional image processing pipelines, recent advancements in
machine learning and deep neural networks have enabled more robust and
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scalable solutions. The following sections outline this progression, highlight-
ing the key contributions, technologies, and limitations of each approach.

3.1. Classical Computer Vision Algorithms
Early works strongly rely on the employment of classical computer vision

algorithms, as deep learning had not yet gained traction, and the hardware
lacked sufficient computational power. Initial systems commonly used 2D
RGB cameras to detect tree structures. For instance, Qiang et al. [9] em-
ployed an RGB camera and morphological features with a multi-class Sup-
port Vector Machine (SVM) to detect citrus branches thicker than 5 pixels.
Ji et al. [10] applied a Contrast-Limited Adaptive Histogram Equalization
(CLAHE) technique to segment apple tree branches, finding it superior to
Otsu and basic histogram-based methods in terms of recognition rate. Shalal
et al. [11] combined RGB imagery with laser scanning to detect apple trunks.
However, these 2D camera systems were insufficient for precise spatial local-
ization [12, 13].

To overcome these limitations, researchers began incorporating 3D imag-
ing technologies, such as stereo vision and Time-of-Flight (ToF) cameras.
These systems significantly improved spatial accuracy in detecting trunks,
branches, and canopies. For instance, Zhang et al. [14] used a stereo vi-
sion camera to capture RGB, depth, and index images. Amatya et al. [15]
utilized a Bayesian classifier based on morphological features (e.g., orienta-
tion, length, and thickness) to distinguish between cherry branches, leaves,
fruit, and background. In a follow up study, the authors [16] modeled branch
geometry using linear or logarithmic functions and employed cherry cluster
locations to infer occluded branches, achieving enhanced segmentation even
under foliage. In a different approach, Botterill et al. [17] reconstructed vine
structures in 3D using a triangulation-based feature matching algorithm,
followed by a Radial Basis Function SVM (RBF-SVM) classifier trained on
hand-labeled 5×5 image patches. Controlled lighting and monochrome back-
grounds further improved segmentation performance in their setup.

3.2. Deep Learning Techniques
Adopting deep learning methods has significantly improved the accuracy

of tree structure detection and segmentation. In the field of branch detection
and segmentation, several machine learning algorithms and deep learning
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Table 1: Overview of deep learning-based computer vision methods for various tree crops.

Crops Method Performance Year Ref.

Citrus SVM + morphological ops Branch seg. (diameter >5 px) 2014 [9]

Generic tree HSV color + edge detection Seg. acc. = 96.64% 2015 [11]

Apple CLAHE-based seg. Acc. = 94% 2016 [10]

Cherry Bayesian classifier Acc. = 93.8% 2016 [16]

Cherry Bayesian classifier Acc. = 89.2% (w/ foliage) 2017 [15]

Grapevine RBF-SVM P = 58%, R = 49% (canes) 2017 [17]

Apple R-CNN (AlexNet) PCI: P = 86%, R = 81%; +Depth:
P = 92%, R = 86%

2018 [14]

Apple Depth cut + SegNet (multi-
class)

Trunk: Acc. = 0.92, IoU = 0.59;
Branch: Acc. = 0.93, IoU = 0.44

2018 [21]

Grapevine Faster R-CNN (various back-
bones)

Best (ResNet18): F1 = 0.55, AP =
45.1%

2019 [22]

Apple Faster R-CNN + U-net (UAV) Det: IoU = 0.735, F1 = 0.925; Seg:
Acc. = 94.68%

2020 [23]

Apple Depth cut + SegNet (multi-
class)

Trunk: Acc. = 0.91; Branch: Acc.
= 0.92; Wire: Acc. = 0.97

2020 [24]

Grapevine CNN (FCN-VGG16 best) F1: background = 0.97, trunk =
0.94

2020 [25]

Grapevine Mask R-CNN (ResNet101) Avg P = 41.1%, R = 48.7% 2021 [26]

Guava Tiny Mask R-CNN F1 = 0.518 2021 [27]

Jujubee SPGNet + DBSCAN Trunk: IoU = 0.85; Branch: IoU
= 0.76

2021 [28]

Apple Cascade Mask R-CNN (Swin-
T)

@IoU=0.5: bboxAP = 9.879, seg.
AP = 0.893

2022 [29]

Cherry FlowNet2 + pix2pix (sim) IoU = 62.3%, FN = 28.7%, FP =
1.8%

2022 [30]

Cherry FlowNet2 + pix2pix (sim) - 2022 [31]

Cherry Mask R-CNN + postproc. IoU: 0.78 (light), 0.67 (nat.); P =
0.89/0.81; R = 0.97/0.81

2023 [32]

Grapevine Faster R-CNN + Mask R-CNN Node seg.: Acc. = 0.88, R = 0.85;
pruning pt. det. = 0.97

2023 [33]

Apple/Grapevine HOB-CNN (occlusion) RMSE = 1.63–2.66, Corr. =
0.925–0.948

2023 [34]

Apple UNet++ (InceptionV3) IoU = 0.625, F1 = 0.7692 2023 [35]

Apple SOLOv2 (ResNet50) AP: front = 0.934, back = 0.917,
side = 0.940, cloudy = 0.947

2023 [36]

Grapevine Hourglass net Nodes: F1 = 0.92, ADE = 0.66px;
Courson: F1 = 0.75

2023 [37]

Grapevine Detectron2 (panoptic) PQ: node = 0.6832, wire = 0.674;
SQ varies 0.77–0.85

2023 [20]

Grapevine YOLOv7–10 F1 = 70–86.5% 2024 [19]

Grapevine PSP-Net + YOLOv5 PSP: mIoU = 83.7%, Acc. =
96.8%; YOLOv5: F1 = 0.72

2024 [38]
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Figure 4: Overview of four different tasks of computer vision for autonomous pruning:
(a): detection of branches on pseudo-color image extracted from PCD [14], (b): semantic
segmentation of different parts of cherry trees [18], (c): bud detection on grapevine [19],
(d): panoptic segmentation of the structure of different parts of grapevine and different
buds[20].

architectures have been proposed: a complete overview of the different em-
ployed methods is shown in Table 1, and some examples of the possible
applications of deep computer vision are shown in Fig. 4.

Region-based CNN (R-CNN) [39] architectures have been widely applied
for tree component detection and segmentation. These models rely on region
proposals to localize potential objects before classifying them and generating
bounding boxes or segmentation masks. Fast R-CNN [40] and Faster R-
CNN [41] enhance computational efficiency by processing the entire image
with a CNN to generate feature maps and using a Region Proposal Network
(RPN). Mask R-CNN [42] extends this approach by adding a segmentation
mask prediction branch. Numerous studies have adopted these architectures
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for different detection tasks. Tong et al. [29], for instance, evaluated two
kinds of R-CNN, namely Mask R-CNN and Cascade Mask R-CNN [43], one
of its variants, to detect and segment the trunk, primary branches, and sup-
ports of apple trees. For each model, they tested two backbones: Swin-T [44]
and ResNet50. Borrenpohl and Karkee [32] compared two models of a Mask
R-CNN with a ResNet101 backbone to detect vigorous leaders from Upright
Fruiting Upshots (UFO) in sweet cherry trees, both in artificial and nat-
ural light. Images were first segmented using a stereo image and a deep
stereo matching [45], to identify the tree of interest, and then manually an-
notated to identify the trunk and branches. The accuracy was increased by
developing two post-processing algorithms: to avoid double detections of the
same leader while the second to avoid simultaneous detection of two adjacent
leaders. In other cases, such R-CNN are used to segment multiple grapevine
branch classes, such as main cordon, canes, and nodes, which facilitates the
process of reconstructing the tree structure and the following estimation of
pruning points. In this regard, Fernandes et al. [26] compared a Mask R-CNN
with several backbone models (R50-FPN, R101-FPN, X101-FPN), demon-
strating ResNet101 to be the best backbone. Similarly, Guadagna et al. [33]
fine-tuned a Mask R-CNN for grapevine organ segmentation, distinguishing
more classes: cordon, arm, spur, cane, and node. The trained model was
then tested on images of light-pruned, shoot-thinned, and unthinned control
samples. In this case, better performances were achieved on thinned shoots
compared to unthinned control samples, underlining the role of canopy man-
agement in improving the performance of autonomous solutions. A tiny Mask
R-CNN was also used by Lin et al. [27] to simultaneously obtain an instance
segmentation of branches and fruits in guava crops for obstacle avoidance
during fruit harvesting. Later, they were reconstructed as spheres and cylin-
drical segments starting from the segmented frames and the point cloud data.

Other works proposed the usage of a detection model, such as the one by
Majeed et al. [22], where a Faster R-CNN was employed to detect the visible
part of the cordon for green shoot thinning in grapevine. It was deployed
through transfer learning and fine-tuning using pre-trained networks such as
AlexNet, VGG16, VGG19, and ResNet18, obtaining a higher accuracy with
the latter. A Faster R-CNN has also been used by Wu et al. [23] to identify
apple trees’ bounding boxes from UAV images. Then, a U-net model [46]
was applied on the previously extracted bounding boxes to segment branch
pixels.

In similar applications, R-CNN has been employed with different inputs:
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Zhang et al. [14], which addressed the problem of branch detection in apple
orchards using a Pseudo-Color depth Image (PCI) obtained by mapping the
depth to a certain color value, as shown in Fig. 4a. The adopted architec-
ture consisted of an improved AlexNet [47] network trained and compared
on depth images and PCIs and depth images together. The issue of recon-
structing the position of occluded branches has been addressed by Chen et
al. [34], who proposed a regression-based deep learning model, Hallucination
of Occluded Branches CNN (HOB-CNN), to achieve this in apples and vine
plants, enabling direct reconstruction of the three structures. Tree branch
position prediction is formulated as a regression problem towards the hori-
zontal locations of the branch along the vertical direction or vice versa. Two
different versions of U-Net [46] were trained for the reconstruction of the
trunk: U-Net Visible is used to detect only visible branch sections, while
U-Net Whole is used to hallucinate the whole branch in occlusion condi-
tions. Finally, a curve fitting method is employed to obtain a single-pixel
skeleton of the plants. Similarly, Kok et al. [35], used a U-net++ [48] with
an InceptionV3 encoder to segment visible apple branches, followed by a
skeletonization algorithm in order to reconstruct the obstructed parts of the
plant.

Another popular architecture employed in different work is SegNet [49], a
fully convolutional network for semantic pixel-wise segmentation consisting
of an encoder-decoder structure. Majeed et al. (2018) [21] employed RGB
images and Pointcloud Data (PCD) to detect one-year-old apple trees. After
a preprocessing employing the depth information to cut out the background
noise, SegNet was employed for the semantic segmentation of background,
trunk, and branches. In a follow-up study [24], they extended the segmenta-
tion to trellis wires, confirming improved performance when foreground-RGB
images were used. In another work, Majeed et al. [25] segmented the two cor-
don on grapevines, comparing SegNet with its weight initialized with VGG16
and VGG19 [50], and other fully convolutional networks, such as AlexNet and
VGG16 modified for semantic segmentation as in [51]. Moreover, to separate
the right and the left cordons, a mathematical model was applied, evaluating
first the centroid of the trunk and, later, the two parts of the cordon and
fitting a curve on the centroids of each cordon to better fit their shape.

Other segmentation models were successfully employed. Tong et al. [36]
used a SOLOv2 [52] with a Resnet50 backbone to segment RGB images of
dormant apple trees, identifying trunks, branches, and supports. It is then
compared to A Mask R-CNN and Cascade Mask R-CNN, achieving a bet-
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ter performance, also compared in different illumination weather conditions.
Moreover, Chen et al. [38] employed a PSP-net [53] to separate branches and
the main stem from the background in grapevines. The results show bet-
ter performance with respect to other considered models such as U-net and
DeepLabv3+. Moreover, on the segmentation mask achieved with the first
step of segmentation, different versions of YOLO were employed to detect
the nodes of the canes. Experimental results show how YOLOv5 achieves
better results. Similarly, Oliveira et al. [19] compared four different versions
of YOLO, such as YOLOv7, YOLOv8, YOLOv9, and YOLOv10, for the
detection of nodes in dormant grapevine. They trained the networks using
a public dataset presented in [37] with images presenting diverse artificial
backgrounds, and validated them on other data, contributing with a new
dataset. YOLOv7 was assessed as the most robust model, achieving a trade-
off between accuracy and inference speed. The bud detection task can be
seen in Fig. 4c. With the same objective, Gentilhomme et al. [37] employed
an architecture based on a Stacked Hourglass Network [54], ViNet, which
outputs a heatmap with the different kinds of branches of interest such as
nodes and branches. It produces a stack of node and branch heatmaps. The
position of the nodes is extracted through a post-processing step that local-
izes local maxima within large enough blobs in the heat maps. Williams et
al. [20][55] developed a novel vision system, which aims at reconstructing the
whole structure of the plant. The detection system employs a Detectron2 [56]
for panoptic segmentation [57] of the cane information from the 2D images,
as seen in Fig. 4d. In this case, panoptic segmentation is used for semantic
segmentation of trunk, canes, and wires, while for the instance segmentation
of the different nodes, which are fundamental to reconstruct the structure of
the plant.

You et al. [30][31] exploit the optical flow technique joined with neu-
ral networks to enhance the segmentation of branches, trained entirely in a
simulation environment. First, optical flow is estimated with a fully-sized
FlowNet2 [58]. Then, alongside the three-channel RGB frame, is passed to
a pix2pix [59] Generative Adversarial Networks to perform segmentation of
the branches. Moreover, a neural network comparison is carried out with
different types of inputs, demonstrating the similar accuracy in simulation
environment and the real world.

Most of the aforementioned models operate on 2D RGB data. A limited
number of models directly exploit 3D data such as depth images or point
clouds, which, in the case of robotic pruning, may offer some additional
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information that is fundamental for a better 3D reconstruction of the con-
sidered plant. For instance, Ma et al. [28] utilized two cameras to obtain a
high-quality 3D point cloud in the field to create a comprehensive 3D model.
Then, they used SPGNet [60] to automatically segment trunks and branches.

As shown in Table 1, there has been a clear progression from traditional
image processing and shallow machine learning methods (e.g., SVM, Bayesian
classifiers) toward deep learning-based approaches. In particular, CNNs have
demonstrated strong performance by learning visual features such as edges,
textures, and shapes that are critical for detecting trunks and branches.
Their translation invariance and scalability make them well-suited to han-
dling variations in branch positions and lighting conditions. This evolution
is accompanied by a notable increase in segmentation and detection per-
formance. Early methods achieved moderate accuracy (e.g., Accuracy =
89–94%), while more recent deep learning models report higher and more
consistent metrics such as F1 scores exceeding 0.90, IoU values above 0.80,
and Precision/Recall rates >90% in some cases. For instance, the use of
Faster R-CNN, Mask R-CNN, U-Net++, and YOLOv7–10 has led to met-
rics like IoU = 0.85, Precision = 0.89, Recall = 0.97, and mIoU = 83.7%, even
in challenging natural conditions. Additionally, models incorporating depth
or 3D data further improve performance, as seen with HOB-CNN (RMSE =
1.63–2.66, Correlation = 0.925–0.948) and SPGNet + DBSCAN (IoU = 0.85
/ 0.76 for trunk and branches, respectively). These results underscore the
effectiveness of deep learning in handling occlusions, variable lighting, and
complex tree architectures.

4. Skeletonization and Tree Structure Reconstruction

After the tree is detected, the data obtained from the detection phase
must be interpreted and exploited to reconstruct its structure. The recon-
struction of the tree’s shape can be performed in 2D or 3D, merging depth
data from stereo cameras or other sources. A broad overview about all the an-
alyzed methods is shown in Table 2 For this scope, Dukić et al. [69], presented
the BRANCH dataset, a multiple-viewpoint dataset of 70 images which cov-
ers pear trees, both before and after pruning. They proposed a pointcloud
extraction for the multiple POV images, then the 3D final model is obtained
by using the RANSAC and Iterative Closest Point (ICP) [70] algorithms. In
addition, by superimposing the pointcloud before and after the pruning, they
obtained the position of the pruned branches. A similar multi-POV approach
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Table 2: Overview of skeletonization and thinning methods.

Crop Method Performances Year References

Generic tree SbG + RANSAC Branch Id. Acc. = 96.0%,
Branch modeling Acc. =
92.2%, Radius Acc. = 78.0%

2015 [61]

Apple tree Semicircle fitting + Center point
optimization

Diameter Acc. = 89.4%
(±5mm), Branch ID = 100%

2016 [62]

Grapevine Stochastic Grammar + RDP line
detection

Overlap with groundtruth:
95%

2017 [17]

Apple tree Split-and-merge + robust cylinder
fitting

Branch ID Acc. = 96%, Diam-
eter error = 0.6 cm

2017 [63]

Apple tree Polynomial interpolation Corr. Coeff. r = 0.91 2018 [14]

Apple tree Harris corner detection + AHCA - 2019 [64]

Grapevine 6-th degree polynomial interpola-
tion

80% R2 > 0.98 2020 [25]

Grapevine Auxiliary matrix - 2021 [26]

Guava tree Point cloud + RANSAC cylinders 2D F1 = 0.394, 3D F1 = 0.451 2021 [27]

Apple tree 2D junction point estimation F1 = 91.06% 2022 [29]

Cherry DBSCAN + Space Colonization Angle RMSE = 3.309°, Trunk
RMSE = 0.069 m

2022 [65]

Cherry Topo/Geom. Constraints Median Acc. = 70% 2022 [18]

Apple tree Point2Skeleton + OBR Total err. = 18.68 ± 14.3 mm,
Obscured = 38.11 ± 32.64 mm

2023 [35]

Apple tree 3D junction estimation Diam. MAE = 1.10 mm, Spac-
ing MAE = 16.06 mm

2023 [36]

Grapevine Shortest-path on resistivity graph - 2023 [37]

Generic tree DBSCAN + slicing Pos. dev. = 0.418 cm, Dir.
dev. = 8.47°

2023 [66]

Jujubee ICP + SCA Reg. err. = 0.66–0.91 cm 2023 [67]

Grapevine Zhang–Suen + YOLOv5 Thinning = 95.44%, Sens. =
90.87%

2024 [38]

Walnut Delaunay + Dijkstra + MST + LM
Fit

Acc. dev. < 7% 2024 [68]

Grapevine 2D/3D node constraints Conn. Acc.: 67.05% (1-side),
78.4% (2-side)

2023 [20]
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Figure 5: Comparison with Zhang and Suen with other methods [38]. (a) RGB image.
(b) The result image of the Zhang–Suen thinning algorithm. (c) The result image of the
Hilditch algorithm. (d) The result image of the Stentiford algorithm.

has been adopted by Li et al. [68], where the PCD of a ToF sensor have been
merged and filtered to reconstruct the full structure of a walnut tree. More-
over, the IWOA-RANSAC-NDT algorithms are used for the 3D registration.
Then, Delaunay triangulation [71] and Dijkstra shortest path [72] algorithms
are employed to evaluate the minimum spanning tree, a concept originating
from the nutrient transport paths in ecology. Then, the Kd-tree data struc-
ture is used for branch segmentation and, finally, the Levenberg-Marquardt
algorithm [73] is used to obtain the full skeleton model.

An important part of the tree reconstruction process consists of the es-
timation of the parameters of the tree, such as in the work by Tabb and
Medeiros [74], where parameters such as branch diameters, branch length,
and branch angles are estimated. Another more recent study, by Dong et
al. [75], introduces a novel method for three-dimensional trunk and branch
volume calculation of individual apple trees, enabling the creation of pre-
and post-pruning maps using a voxel-based algorithm.

Some studies use simple solutions, such as Zhang et al. [14], where a
polynomial fitting is used as a skeletonization algorithm after the segmen-
tation mask is obtained. Majeed et al. [25] reconstructed the structure of
the cordon in a vine plant by fitting its centroids, obtained through applying
an 8-connectivity matrix to the segmentation mask, with several methods
such as polynomial, Gaussian, Fourier and sum of sines. Also, Borrenphol et
al. [32] employed a high-degree polynomial to fit each prediction of branches
of cherry tree to estimate each trajectory, differentiating one from another.
Another study by Botterill et al. [17] starts from the a-priori knowledge that
each cane is a smooth curve with approximately uniform thickness and they
are all connected to a tree. For this sake, they employed a Stochastic Image
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Grammar [76] to represent this knowledge, which is described in [77]. First,
the cane edge segments are extracted by taking the outline of the foreground
and approximating them as a set of straight lines using the Ramer-Douglas-
Peucker [78] algorithm. The nodes are joined through an SVM considering
lengths, thickness, curvature, and distances.

The approach proposed by Zhang and Suen [79] found several applica-
tions for skeletonizing tree structures. It consists of a fast parallel thinning
algorithm consisting of two subiterations: the first targets the removal of
southeast boundary points and northwest corner points, while the second fo-
cuses on eliminating northwest boundary points and southeast corner points.
This approach keeps endpoint and pixel connectivity unchanged, thinning
each pattern to a skeleton of unitary thickness. In fact, a comparison with
other skeletonization algorithms for the sake of plant structure reconstruction
has been carried out by Cuevas et al. for rose structure reconstruction [80],
demonstrating its superiority. For instance, Tong et al. [29][36] were able
to obtain the skeleton structure of the apple trees once they evaluated the
2D segmentation mask, reconstructing the junction points between the trunk
and the primary branches. In this case, the junction point between the trunk
and the branches has been evaluated at the intersection of the main trunk and
branches in the skeleton, taking into account the diameter of the branches.
Also Chen et al. [38] uses the same algorithm for plant skeletonization re-
construction, after it emerged to be the best one when compared with the
Hilitch thinning algorithm [81] and the Stentifod thinning algorithm [82],
joined with buds identification with a YOLOv5 network: the final obtained
data is added the depth information, which results in the 3D reconstruction
of grapevine plants. The comparison can be seen in Fig. 5.

To reconstruct the skeleton line, Ma et al. [28] employed a Laplacian
algorithm [83] and, after downsampling, calculated their eigenvectors by a
Fat Point Feature Histogram (FPFH). Then, a Sampling Consistency Al-
gorithm (SAC-IA) was used to achieve the mapping relationship between
the skeleton points. Finally, the classical ICP algorithm was applied to re-
fine the initial matrix. After the application of a network for branch-type
segmentation. A clustering algorithm, Density-Based Spatial Clustering of
Applications with Noise (DBSCAN), was used to estimate the branch count.
You et al. [66] employed Terrestrial Laser Scanning (TLS) to reconstruct the
tree skeleton. First, DBSCAN is employed to remove all the outliers of the
obtained point. Then, the point cloud was divided into slices employing con-
tour planes, obtaining several tree segments by applying DBSCAN. After the
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point-inversion transformation, the tree skeleton points were obtained from
each tree segment. The relationship between skeleton points and the weight
of each part was evaluated based on the point-traversal order, organizing
the branch hierarchy. Angle consistency was used to optimize the skeleton
structure, employing positional and directivity deviations. Similarly, Xu et
al. [65] employed terrestrial laser scanning o and Space Colonization Algo-
rithm (SCA) on cherries and begonia trees to obtain their skeletal structure.
Since the SCA algorithm alone leads to over-extension of the skeletal trunk of
the trees, improvements are made, preprocessing the data with noise filtering
and identifying the number of bifurcations using the DBSCAN algorithm.

Liu et al. [64] reconstructed a graph representing the spatial structure of
apple branches, and employed a Harris’ corner detection algorithm [84] to
process binary images to detect the initial candidate point. Then, a 2-level
Aggregation Hierarchy Clustering (2HAC) is used to address invalid points
in the initial candidates, and finally, skeleton points are obtained. An E-line
converging algorithm is proposed for processing to obtain an adjacency ma-
trix. Also, Fu et al. [67] employed a 3D pointcloud, reconstructed from frames
taken from different points and merged with the ICP algorithm, as in [85].
Once the full point cloud has been reconstructed, the space colonization al-
gorithm [86] has been employed to reconstruct the structure of the plant,
where neighboring space points of the skeleton influence the structure to be
formed. The results of this process consist of a directed graph, whose nodes
are later classified heuristically to separate the trunk from primary and sec-
ondary branches. The obtained model consists of multi-segment cylindrical-
connection graphs, considering the decreasing diameters of branches. You et
al. [18] aim to reconstruct the skeleton of a UFO cherry tree from a point
cloud in the form of a graph defined by edges, nodes, and labels, depending
on the type of branches. In this process, the point cloud is first pre-processed,
downsampling it into superpoints. A set of graph edges is identified using
nearest neighbors, and each edge’s likelihood to belong to the skeleton is
evaluated. Finally, branch tips are identified. Then, to identify the best
skeleton candidate, some a-priori knowledge about the structure of the trees
is employed to formulate some constraints used to score the best candidates:
topological constraints, label progression, label linearity, trunk-support split,
and label-based geometric constraints, which are based on turning angles and
growth direction. Also, Fernandes et. al. [26] represent the structure of a
grapevine as a graph. Starting with the multiclass segmentation of cor-
don, canes, and nodes, they identify three sets of connections in the graph
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structure: the one connecting cordon to canes, the interconnection between
elements of the same canes, and the connections between nodes and canes.
The algorithm employed is based on an auxiliary matrix containing all main
cordon instances. The algorithm identifies the main cordon overlapping a
cane mask by checking non-zero values and unique overlaps. If no overlap is
found, the cane mask is dilated incrementally until an overlap is detected or
a limit is reached.

Several applications have been exploiting several geometry fitting algo-
rithms, approximating the trunk and branches to geometric figures such as
cylinders. Elfiky et al. [61] investigated the use of Skeleton-based Geometric
(SbG) to reconstruct the 3D skeleton of plants. A point cloud is obtained by
merging different perspectives. First, a Laplacian smoothing is performed to
extract the skeleton of the tree. Once the graph is obtained, an algorithm
based on Geometric Feature Extraction is presented to assign the nodes re-
spectively to the trunk or to the branches. Then, circles are recursively fitted
to the point cloud, estimating the best locations for the centers of the circles
and the radii, depending also on adjacent circles, using a Random Sample
Consensus-based (RANSAC) algorithm and fitting the circles on the 2D plane
when the pointcloud is split on horizontal planes. Primary branches are then
modeled as cylinders using RANSAC, determining their growing direction
and segmenting them to differentiate them from the other branches.

Akbar et al. [87] and Chattopadhyay et al. [62] built a 3D reconstruc-
tion of apple trees exploiting the predominantly cylindrical structure of the
branches, introducing a new public dataset for benchmarking. In fact, the
diameters and the centers of the branches are estimated from a single depth
image, filtering lens distortion, and background. Then, the skeleton of the
plant is reconstructed [83], the neighboring points of a skeleton segment are
found, the dominant direction is found, the neighboring points are projected
into the cross section, and a semicircle is fit on it, optimizing the center
points [88]. Meideiros et al. [63] employed a laser sensor from a different per-
spective to measure and model the fruit tree. At first, points are classified in
three sets (trunk, junction point, and branches) by a split-and-merge clus-
tering. Then, trunk candidates and junction points are refined by a robust
fitting algorithm that models trunks and branches as cylinders, measuring
the diameters of the trunk and of the primary branches. In another case,
Lin et al. [27] reconstructed the shape of branches and fruits in guava plants
under the hypothesis where guava fruit detections could be approximated to
a sphere and irregular branches to a finite sequence of 3D cylindrical seg-
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ments. Within this hypothesis, a RANSAC sphere fitting method [89] and a
Principal Component Analysis (PCA) were investigated to reconstruct fruit
and branches from the point cloud, once the region of interest is identified
via segmentation. Kok et al. [35] obtained the a representation made by a
series of skeletal points and the radius by employing a PointNet++ [90] with
a shared multilayer perception network [91], an unsupervised method that
learns the skeletal representation by utilizing insights from the Medial Axis
Transform (MAT) to capture the intrinsic geometric and topological charac-
teristics of the point cloud. To connect skeletal points, a greedy algorithm
inspired by [92], connecting the points hierarchically in the bottom-up direc-
tion. Moreover, this work also introduces an algorithm to recover branches
obscured by vegetation, namely Obscured Branch Recovery (ORB).

Gentilhomme et al. [37] start from a set of nodes of different types and
belonging to different branch categories, and connect them to build the
grapevine structure. They rely on the predicted branch vector fields to de-
rive the spatial dependencies between nodes. It is highlighted how finding an
optimal association by analyzing all the possible connections is an NP-hard
problem. Studies about human pose estimation [83] optimize it by creating a
spanning tree skeleton and matching adjacent body parts, assuming known
node patterns. Here, with unknown nodes and patterns, the approach in-
stead uses shortest-path optimization on a resistivity graph to link nodes to
parent nodes, forming a tree structure that’s robust and adaptable to varying
patterns and missing data. An example of the desired output is shown in
Fig. 6. Williams et al. [20] exploit the geometric feature of the grapevine,
asserting that the internode cane growth occurs similarly to a straight line.
Taking advantage of this, several images from different perspectives were
taken, using a Charuco board as a background for calibration, and the 3D
structure was recreated by imposing the following constraint. First, the lines
between two nodes fitting 95% of their length in cane segmentation were
kept. Then, depth data is used to determine if the lines are contiguous in
3D space. Discontinuities are assessed when neighbouring pixels on an image
are more than 2 mm apart. Finally, canes were linked to complete the final
structure of the vine, eliminating invalid connections.

The performance metrics reported in Table 2 vary widely across methods
and datasets, reflecting the diversity of objectives and experimental setups in
tree skeletonization and thinning research. While some works report classic
geometric accuracy measures such as RMSE, MAE, or diameter estimation
errors, others adopt more task-specific metrics such as junction estimation

21



Figure 6: Example of target grapevine plant structure. The types of branches are shown,
such as branches and nodes, including different branch types (depicted in different colors),
as well as the structure. The dots represent the plant nodes [37].

accuracy, F1 scores in 2D/3D space, or overlap percentages with ground
truth. This heterogeneity underscores the need for standardized benchmarks
and evaluation protocols to enable a more objective comparison of methods
across species and reconstruction goals.

5. Pruning point estimation

In the previous sections, several aspects of the process of identifying and
reconstructing a tree’s structure have been discussed. In fact, the robustness
and reliability of the tree detection and structure estimation process are
fundamental to accurately estimate pruning points. Analyzing the works
presented in this section, two primary methodologies emerge: the first one
relies on the previously obtained structure. In contrast, the second one is
based on training algorithms directly on examples provided by experts. Fig. 8
provides an example of the correct estimation of pruning points in different
trees.

Generally, the localization of pruning points can be seen as a combinato-
rial optimization problem, as claimed by the work of Strnad et Kohek [96].
Here, two novel discrete differential evolution (DDE) methods are proposed
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Table 3: Overview of pruning point estimation methods.

Crop Method Performances Year Ref.

Grapevine Cost function depending on param-
eters (length, position, angle from
head, etc)

- 2017 [17]

Grapevine Midpoint between nodes. The final
point is located above the second
node of a cane.

- 2021 [26]

Grapevine Faster R-CNN for detecting pruning
regions,

Recall = (76±15) %, Precision =
(82±12)%, F1-score = (78±11)%

2021 [93]

Apple tree Estimation of branches diameter Accuracy = 87.2% 2023 [36]

Jujubee Skeleton analysis: 1/3 of the lenght
of the primary branch

- 2023 [67]

Grapevine Faster R-CNN for detecting pruning
regions,

Highest pruning point detection
(depending on visibility conditions)
= 0.97

2023 [33]

Grapevine Faster R-CNN for detecting pruning
regions (depending on wood type,
orientation and visibility)

Highest detection rate: visible in-
termediate complex spurs = 0.97

2023 [33]

Grapevine Analysis of the skeleton and the
buds position

Accuracy = 82.35% 2024 [38]

Figure 7: Example of how the pruning point is evaluated depending on the position of the
buds on a grapevine. [38]

to optimize simulated tree pruning. Within this problem configuration, the
main issue is defining a quantifiable set of metrics to be evaluated and opti-
mized. For this purpose, Williams et al. [20] proposed a new set of quantifi-
able metrics, named DOLPHIN, to evaluate pruning on grapevine. The set
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(a) (b) (c)

Figure 8: (a): cut-point detection: three-dimensional vector projection of a cane section
in the YZ (red line – roll angle α), ZX (blue line – pitch angle β) and XY axis (yellow line
– yaw angle γ) [94]. (b): correct identification of pruning points on grapevine [38]. (c):
correct identification of pruning points on cherry tree [95].

of metrics includes the diameter of the cane, measured between the second
and third nodes, the orientation of the cane with respect to the center of
the vine’s head, length, position on the head, health of the cane, internode
length, and node count along the cane. In other cases, the policy for the
decision of the branches to be pruned can be more shallow: for instance, Fu
et al. [67] considered that in the jujube plant, the primary branches should
be shortened each year by approximately 1/3, to reduce nutrient consump-
tion. Therefore, given the previously obtained plant graph, the evaluation
of the pruning point is based only on the branch length. Other works con-
sider a more complex vector of features (such as length, position, angle from
head, distance below wires, growth position with respect to the trunk) to
decide which grapevines’ canes to keep. A cost function, represented by a
simple linear combination of features, was parametrized using vines labeled
by experts measuring pruning quality [97].

In other plants, such as the grapevine, it is necessary to consider a more
complex structure, differentiating the various types of branches. In this case,
a previous semantic segmentation and branch type identification, with a suc-
cessive reconstruction, is fundamental. Moreover, bud detection also plays
a significant role [98][99], since the position of the cutting point depends
strongly on their position, as shown in Fig. 7. Fernandes et al. [26], af-
ter reconstructing the structure of the plant, obtain the potential pruning
points between two nodes on the same cane or between the bases of two
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canes growing from the same cane, between the base of a cane and its first
node. Similarly, Chen et al. [38], after reconstructing the structure of the
grapevine, identify the position of the buds, merged with the depth data,
to better identify the pruning point. In fact, the step followed to achieve
this result consists of a connection check, where bud pixel coordinates are
linked via the mask map to group buds on the same branch, and a key point
selection, where the bud with the highest vertical coordinate is chosen as the
key point. Starting from the key point, the pruning point is identified on
the skeleton image, and its 3D coordinates are recorded. In other works, the
pruning points are directly estimated without previously reconstructing the
structure of the plant, training the estimation algorithms directly on experts’
annotations. For instance, Guadagna et al. [93] trained a Faster R-CNN [41]
model for identifying pruning regions in vineyards on a hand-labeled dataset.
Then, the obtained result is analyzed according to the type of wood, orienta-
tion, and visibility of the pruning point. In a later work, Guadagna et al. [33]
fine-tuned a Faster R-CNN with images collected in various vineyards and
categorized according by wood type, orientation and visibility. It was empha-
sized that the accuracy of detecting pruning regions was strongly influenced
by visibility.

Table 3 summarizes different approaches to pruning point estimation
across several crops, highlighting both qualitative strategies (e.g., structural
rules) and quantitative evaluations (e.g., accuracy, recall, F1-score). The re-
ported metrics reflect the diversity in methodologies. While early approaches
rely on structural heuristics—such as fixed-length reductions or geometric re-
lationships—more recent methods leverage deep learning models like Faster
R-CNN, allowing for the computation of standard performance metrics (e.g.,
recall, precision, F1-score). However, the table also illustrates a lack of stan-
dardized evaluation protocols across studies. Some report raw detection ac-
curacy, others rely on domain-specific heuristics, and still others present de-
tailed classification metrics. This diversity complicates direct comparisons
and highlights the need for unified benchmarks and annotated datasets to
ensure fair evaluation and reproducibility in pruning detection research.

6. Simulation Environments

In the field of autonomous pruning system research, the use of simulation
is of great importance for several reasons. First, it provides a safe envi-
ronment for evaluating the algorithms’ effectiveness, given their destructive
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nature and the potential risk of compromising the health of the plants. In
addition, simulation allows training data generation for the proposed algo-
rithms, which is often time-consuming and difficult to obtain with real-world
data. Nevertheless, the generation of a realistic three-dimensional structure
of branches is a significant challenge in the field of three-dimensional recon-
struction [100][101]. In fact, in order to obtain a more accurate model, the
processes influencing the evolution of plants should be taken into account [97],
such as the growth against gravity (gravitropism) [102], the search for light
(phototropism) [103] and the competition with other plants [104].

One of the earliest simulated environments was created by Corbett-Davies
et al. [105], where a system for making pruning decisions using simulated
vines is presented. It employs a vector space model where decisions are
made based on a vector of characteristics of a cane. The realism of plant
models is essential in simulation environments: the accuracy directly affects
the system’s ability to scale to real-world applications, directly improving the
transferability of skills or algorithms to real-world environments. In addition,
simulations must provide a variety of scenarios to increase the robustness of
training. This diversity helps expose models to various conditions, improving
their adaptability and reducing the risk of overfitting, ultimately leading to
more reliable real-world performance. To this end, Zhao and Wang [100]
used a Space Colonization Algorithm to generate 3D skeletons of cherry
trees [106]. The generated models were then segmented with different la-
bels (trunk and branches), and the annotated point cloud was exported for
training neural networks for tree structure detection and pruning, and point
estimation. Some constraints inherent to SCA were used to obtain more re-
alistic plant structures, including potential growth directions. In addition,
Bryson et al. [107] illustrate that artificially generated point clouds from a
custom tree simulator can achieve comparable results when used to train
detection algorithms. In particular, a PointNet++ network trained on the
synthetic dataset outperformed a network trained on a real dataset acquired
with a LiDAR, with an increase in IoU of approximately 1− 7%.

Kolmanivc et al. [97] demonstrated the possibility of a simulation environ-
ment by developing an algorithm for automated apple tree pruning in sim-
ulation, based on creating artificial tree structures, using EduAPPLE [108]
on hierarchical modularity, as many other simulators [109, 110]. In addition,
phenomena such as phototropism and competitive growth are included in the
simulation,evaluating the light received by buds, as demonstrated in [104],
evaluating the impact of pruning in subsequent years, as shown in Fig. 9a. In
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(a) (b)

Figure 9: Two possible applications of simulation environments. (a): evolution of the
growth of the plant after pruning during several years in apple trees[97]. (b): estimation
of the tree crown eliminated given a pruning point on a mango tree [112].

this work, a novel algorithm based on differential evolution [111] optimizes
the light received by the inner parts of the plant and minimizes the shading
to achieve the optimal result. Subsequently, two pruning templates, namely
cylinder and cone, were used to compare the proposed method and expert
pruning.

Simulation is also a valuable tool for visualizing immediately the effects of
pruning on the structure of the plant, as highlighted by Westling et al. [112],
who proposed a LiDaR-based method for suggesting pruning strategies on
avocado and mango plants. This method is based on light availability on
different plant parts and uses ray tracing to create a voxelized tree structure.
Next, the tree was reconstructed as a graph and then explored using the
A* algorithm [113]. Using a structural analysis of the tree, the simulation
environment determined which portion of the point cloud, corresponding to
a plant part, is pruned, based on a single, specific cut point, as shown in
Fig. 9b. Finally, novel cut points were proposed by identifying tree compo-
nents that negatively affect the light distribution. In addition, simulation
environments can help improve the understanding of plant structure, as in
the work of Qiu et al. [114], where the incompleteness and discontinuity of
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point clouds were improved using a closed-loop framework [115]. In fact, the
issue of PCD incompleteness was observed that modern orchards with high
tree density result in high occlusion and low sensor visibility. In addition,
adverse weather conditions, such as variable sunlight and strong winds, intro-
duce noise and ghost points. To tackle this problem, a closed-loop framework
is proposed, consisting of integrating a data generation process based on real-
world observations (Real2Sim) and a subsequent application of these data in
a simulation environment (Sim2Real). Three-dimensional apple tree models
were generated through a characterization pipeline [115], which was used to
train a skeletonization model. Subsequently, a transformer encoder [116] and
a joint decoder using a Generative Adversarial Network provide point feature
embedding and coarse completion of the point cloud.

7. Building a robotic platform for autonomous pruning

The advancement of autonomous pruning systems for orchards and vine-
yards requires carefully selecting and designing the manipulator and end ef-
fector. It must possess the necessary degrees of freedom, strength, and dex-
terity to navigate complex and variable environments, such as intertwined
branches and irregular plant structures [7]. Furthermore, it must be ca-
pable of sophisticated obstacle avoidance, avoiding causing damage to the
surrounding vegetation [117]. It is equally crucial to ensure the end effec-
tor is designed with the highest level of accuracy to perform precise, clean
cuts that promote healthy regrowth. There is a clear gap in the literature
regarding the employment of a mechanical actuator and the development
of a control system that can plan an efficient path, avoid obstacles, and
move the end effector toward the goal. Indeed, numerous similar works
concentrate on the autonomous harvesting of fruits in orchards and vine-
yards [118][119][120][121][122]. In this section we will analyze in detail the
study of manipulators, end-effectors and, path planning and control regard-
ing the development of an autonomous pruner.

7.1. Sensors for Robotic Pruning
Autonomous pruning of orchards and vineyards relies on a variety of

advanced sensors to ensure precision and efficiency. Different types of cam-
eras have been used to gather datasets of RGB frames for branch detection
and segmentation. A consistent group of works utilizes a reflex and high-
resolution RGB camera to capture images of branches. This sensor’s main
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Figure 10: Comparison of natural and artificial light [32].

advantage is its high resolution, which is ideal for identifying branches, even
the smaller secondary ones. However, high-resolution images will inevitably
result in a lower frame rate in some algorithms. Some studies highlight how
the illumination influences the performance of the considered algorithms,
comparing the orientation of the sun and the weather conditions. Moreover,
in some cases, as shown in Fig. 10, artificial light is employed to obtain a
uniform and controlled illumination.

Many works utilize RGB-D cameras, such as the Intel RealSense or Kinect
family. These cameras provide an estimation of the depth of the frame,
despite the slightly lower adjustable resolution. They are stereo cameras,
which is why they are the best choice for this task. This conversion to a
point cloud provides meaningful information for segmentation, reconstruction
of the branches, identification of the pruning points, and the control system.
However, it has some limitations. The limited measured interval and sparse
depth resolution may pose a significant problem at certain thresholds due
to the invisibility of the smallest branches and buds. Obtaining accurate
depth information for small objects, such as branches, presents a considerable
challenge for stereo vision systems. In fact, depth images derive from a
disparity map, used to infer depth information from two slightly different
images (stereo images) captured by cameras placed side by side. The limited
number of pixels representing these objects makes it difficult to perform the
necessary comparisons between stereo images for reliable depth calculation.

In some cases, traditional stereo vision systems are replaced or comple-
mented with structured light or time-of-flight (ToF) sensors, which are the
optimal choice for providing more reliable depth information for small and
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challenging objects. In other works, such as [28], multiple cameras are used
to obtain a more accurate point cloud reconstruction. Specifically, they posi-
tioned two Azure Kinect DK cameras at a fixed distance and used an ArUco
calibration board to register the point cloud. Another work by Li et al. [123]
analyzed the planting mode to better define the way of image acquisition.
They identified the challenges of matching images of dormant jujube trees,
specifically the lack of local feature regions, weak continuity, and variations
in individual morphological structures. They developed a bilateral image-
matching method based on three-view geometry constraints to address this.
EXIF tags enhanced reconstruction efficiency by implementing a camera self-
calibration algorithm based on images. This enabled them to create a 3D
point cloud using a Structure from Motion (SfM) reconstruction strategy,
combined with a Patch-based Multi-view (PMVS) algorithm.

7.2. Manipulators
The classification of manipulators depends on the number of joints, which

corresponds to the number of degrees of freedom (DoF), and the joint type,
which is either revolute (R) or prismatic (P). These two variables have a
significant impact on the manipulator’s key properties, including dexterity,
obstacle avoidance, spatial requirements, and the final orientation of the end-
effector, which is essential for this task. The literature provides only a limited
number of examples of manipulators used for robotic pruning. Table 4 shows
a summary of the different manipulators taken into consideration in this
paper.

The Universal Robots UR5 manipulator 4, which is a 6 DoF manipulator
with 6 prismatic joints, has been successfully employed in several works. For
instance, You et al. [124] proved that it can be used to prune cherry trees
when equipped with a cutter and an eye-in-hand camera. A multi-pose ap-
proach was used to achieve the target cut points successfully. However, it
should be noted that the study was carried out in a simplified laboratory
setting. The authors were clear that increasing the number of degrees of
freedom would be key to improving timing within a sequence of goal poses.
Furthermore, placing the robot on a gantry will effectively resolve the vi-
sual serving issue. Botterill et al. [17] employed the same manipulator with 6
joints for pruning vine plants. The robot arm is considered the main cause of

4https://universal-robots.com/products/ur5-robot/
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(a) (b)

Figure 11: (a) CAD rendering of the 7 DoF robot with its components. (b) Top view of
the work volume of the 6 and 7 DoF arms. [94]

slow path execution times. They also emphasized that an arm with more de-
grees of freedom or a different joint configuration will enable fast movements.
Furthermore, Silwal et al. [94] demonstrate the limitations of the same 6 DoF
robotic arm, which are determined by several factors, including singularities,
self-collision, and collision models of the environment. They added a pris-
matic joint to the base to overcome the abovementioned limitations. This
allows the end-effector to achieve any combination of orientation required to
reach pruning locations. The result, showing the design of the 7 DoF ma-
nipulator and the improved workspace is shown in Fig. 11. Teng et al. [125]
employed another commercial manipulator, using a velocity-controlled two-
wheel non-holonomic mobile robot, MP-500 (Neobotix GmbH. Co.)5, and a
7-DoFs robot arm (Franka Emika. Co.)6. Each had its own controller. The
base localization algorithm employed odometry and twist information of the
base central frame.

In other works, the manipulator is designed directly, such as in Zhang et
al. [126], where a 5-DoF arm is designed by studying the movement of the
human body when pruning. The machine is composed of three main parts:
a foundation support with a rotary joint, the machine body with a prismatic
joint, and the large arm, which includes the elbow joint, the rotary joint of the
forearm, and the forearm. Furthermore, a three-dimensional mathematical
simulation model has been created and its workspace was calculated using

5https://neobotix-roboter.de/
6https://franka.de/
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Table 4: The different configurations of pruning manipulators and relative performances.

Crop Configuration Performance Year Refe.

Grapevine 6 DoF: 6R Cut success rate: 66%, cut time 12s per vine plant 2017 [17]

Cherry 6 DoF 6R Cut success rate: 75%, cut time: 13 s, laboratory setup. 2020 [124]

Apple 6 DoF: 3P + 3R Cut success rate: 65%, 2020 [127]

Grapevine 7 DoF: 7R Cut time: 28 s, laboratory setup. The time includes the ap-
proach of a non-holonomic robot

2021 [125]

- 2 arms, 6 DoF: 6R The design has been tested only in simulation. 2021 [128]

Grapevine 7 DoF: 1P + 6R Pruning accuracy: 87%, cut time: 213 s per vine plant 2022 [94]

Jujube 5 DoF: 4R, 1P Max position error: 10 mm, success rate: 85.16%, cut time:
29.3 min per Jujubee tree

2022 [126]

the Monte Carlo Method. In this case, the pruning points of the jujube
were identified manually by an operator and reproduced by the arm. Zahid
et al. [127] developed a 3 DoF end effector, which led to the design of a
3-prismatic DoF Cartesian manipulator, with the first three joints along the
x, y, and z-axis respectively. Furthermore, a linear rigid arm was attached to
the z-axis, enabling the Cartesian manipulator to be placed outside the tree
canopy without interfering with the branches. As an alternative, Lu [128]
proposed a dual-arm pruning robot design, providing the 3D model and the
Denavit-Hartenberg kinematic model,analyzing, as well as, the trajectory
planning in the joint space.

Table 4 shows that manipulator performance varies widely across se-
tups, crops, and testing conditions. Success rates range from 65% to 87%,
with higher values often achieved in controlled environments. Cut times
also vary significantly—from 12 seconds per vine to over 29 minutes per
tree—highlighting the trade-off between speed and precision. Only a few
works report positional accuracy, which limits direct comparison. Overall,
inconsistent metrics and testing conditions make it difficult to benchmark
systems objectively, underlining the need for standardized performance eval-
uation.

7.3. End-effector Design
Selecting the appropriate end effector is a crucial step in designing an

autonomous pruning tool. The design process must address both mechan-
ical and spatial factors, such as size, shape, weight, and maneuverability,
alongside the specific requirements of the branches themselves, considering
their physical structure, horticultural characteristics, and biological proper-
ties [129]. The most common pruning techniques for fruit trees are shear
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cutting and saw cutting. A complete overview of the methods proposed in
the literature is summarized in Table 5.

Given the structural characteristics of the articulated manipulator, Zhang
et al. [126] chose a shear mechanism as the end-effector for the jujube prun-
ing manipulator. The robotic arm moves the end-effector mounted on the
forearm to the target branch. Once the diagonal photoelectric sensor detects
the branch in the scissor opening, the executive motor activates, closing the
moving cutter. To cut fruit trees such as cherries, You et al. [124] developed a
pneumatically-actuated four-bar linkage with custom ground blades. In ini-
tial tests, the cutter proved capable of consistently cutting branches up to 10
mm in diameter near the pivot point of the blades. In a later work [130], they
employed an end-effector made up of an integrated battery-operated electric
bypass pruner and an eye-in-hand Intel RealSense D435 RGB-D camera, en-
suring the top blade is always visible.

The end effector must take into account the variability of the mechanical
properties of the canes in vine plants, according to Silwal et al. [94]: vines
exhibit a wide variation in the length and diameter of dormant canes depend-
ing on nutrients and water. Furthermore, dead samples of vines required a
higher force to cut. The end-effector designed in this work fixes one of the
handles to a rigid surface, while the weight needed to cut canes of different
diameters was evaluated by applying different weights to the other handle.
To address the problem of obtaining all the degrees of freedom needed for
robotic pruning, Zahid et al. [127] designed a 3 revolute DoF end effector, as
the continuation of a Cartesian 3P manipulator, ending with a shear cutter.
The diameter of apple branches was considered: usually less than 25 mm.
Afront opening of 60 mm was used. The problem of metal support wires
was solved by Williams et al. [55], who designed a custom cutting system,
called Barracuda, based on small recesses on the bigger teeth of the cutter.
It allows the wires not to be cut and to be pushed into the small recesses
between teeth, while the thicker cane, which does not fit into the narrow
gaps, is cut by the blades.

As an alternative, saw cutting was explored by Botterill et al. [17], where a
CNC router mill-end attached to a brushless DC motor was employed. To cut
a cane, the robot arm sweeps the cutter through the cane. However, as the
cut motion requires a considerable collision-free space, the cutter sometimes
fails to make separation cuts.

Table 5 highlights various end-effector designs for robotic pruning, mostly
focusing on shear cutting due to its clean and precise cuts. Pneumatic shears
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Table 5: The different designs of the end-effectors and the respective performances.

Crop Mechanism and actuation Performances Year Ref.

Apple Shear, electromechanical - 2020 [127]

Cherry Shear, pneumatic 92% of cutting success 2020 [124]

Grape Saw (mill), electromechanical 66% of cutting success 2020 [127]

Jujubee Shear, electromechanical Max cutting diameter: 12 mm, time
per cut: 1 s

2022 [126]

Grape Shear, electromechanical - 2022 [94]

Cherry Shear, electromechanical - 2023 [130]

Grape Shears with gaps for wires,
electromechanical

97.0% cutting success 2024 [55]

achieve high success rates (e.g., 92% for cherries), while electromechanical
shears show good versatility, with quick cut times and effective performance
on different crops. Saw-based cutters generally have lower success (6̃6%) due
to collision challenges. Innovations like wire-friendly shears improve cutting
success up to 97%, addressing specific vineyard needs. However, many studies
lack detailed metrics, and factors like branch variability and environment
impact performance. Overall, shear mechanisms remain the preferred choice,
but customization is key to improving efficiency and reliability.

7.4. Path planning and control
Once a pruning point is detected and localized, the final step is plan-

ning the end effector trajectory to achieve a precise, collision-free cut amid
environmental constraints. Teng et al. [125] proposed a hierarchical con-
trol strategy for highly redundant robots that uses self-motion redundancy
and task-space segmentation to prioritize core tasks while managing sec-
ondary constraints; joint velocities are computed incrementally via the Jaco-
bian [131]. Pruning points are identified with a visual perception system [26],
and quintic polynomial interpolation [132] ensures smooth paths. The robot’s
non-holonomic base helps navigate joint limits and singularities.

For motion planning, Rapidly-exploring Random Tree (RRT)-Connect [133]
is widely used. Chen et al. [134] introduced goal-biased sampling, adaptive
step size, and cubic B-spline smoothing. You et al. [130] combined RRT-
Connect with a stop-and-go approach where a mobile base reduces joint
motion near pruning points, and a hybrid visual-force controller aligns for
minimal disturbance. Silwal et al. [120] implemented a two-phase planner,
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Figure 12: Cordon and trellis wire are considered hard obstacles for motion planning [94].

using RRT-Connect for coarse approach and Cartesian planning for final
alignment, with retract-and-reset routines to enhance collision avoidance, as
shown in Fig. 12. Botterill et al. [17] dynamically adjusted safety margins
and used geometric primitives for robust collision detection.

Recent research explores greater adaptability via model-free control. RL-
based approaches [31] use vision to select cut points, optimizing for visibility
and alignment, with force-based admittance finalizing the cut. Database-
driven strategies [124] discretize the workspace and use TSP solvers with
CHOMP [135], STOMP [136], and BIT* [137] for efficient sequencing and
online replanning.

8. Complete Robotic Pruning Systems

Several studies have proposed comprehensive end-to-end pruning pipelines
that integrate perception, control, and the design of both the robot and its
end-effector. These integrated systems are designed to operate autonomously
and efficiently across diverse environments. The perception modules typically
employ advanced sensors and algorithms to detect and analyze environmental
features, allowing for accurate target identification. Control systems rely on
sophisticated motion planning and execution software to ensure precise and
coordinated movements. Meanwhile, the robot and end-effector designs are
tailored specifically for pruning tasks, incorporating characteristics like dex-
terity, reach, and durability. These complete systems are validated through
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(a) (b)

Figure 13: Integrated robotic systems: (a): the system comprises a rover, a 7 DoF robot
arm, cutting end-effector, dual stereo cameras and on-board computers [94]; (b): the
system comprises a 6 DoF robot arm, a cutting end-effector, a stereo camera and on-
board computer [95].

extensive field trials to ensure reliability and effectiveness under real-world
conditions.

Silwal et al. [94] introduced a fully autonomous system for dormant sea-
son grapevine pruning, as shown in Fig. 13a. Their solution combines a
vision system, a ground robot, a kinematically redundant 7-DoF manipula-
tor—achieved by adding a prismatic joint to a standard 6-DoF UR5—and
purpose-built pruning algorithms. The end-effector was specifically designed
to handle the cutting forces correlated with branch diameter. To reduce
the impact of uneven illumination, the robot employs an active light stereo
camera system [138] that reconstructs dual point clouds. These are reg-
istered using transformation matrices and refined with the ICP algorithm.
Bud detection—a critical step in grapevine pruning—is carried out with a
Faster R-CNN model. To avoid collisions with trellis structures and wires, a
RANSAC algorithm identifies vertical and horizontal line constraints in the
3D vine model.

Botterill et al. [17] presented a mobile robotic platform that straddles
vine rows and captures images using trinocular stereo cameras. A 3D model
of each vine is constructed via feature matching, triangulation, and incre-
mental bundle adjustment. A 6-DoF robotic arm, guided by an AI system,
executes pruning actions based on the reconstructed structure. The robot
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arm’s trajectory is planned in real-time using a rapidly-exploring random
tree algorithm, achieving collision-free paths within 1.5 seconds per vine. Al-
though pruning each vine takes around 2 minutes—comparable to human
performance—system reliability is limited by the interdependencies of per-
ception, planning, and actuation components.

In a different crop domain, You et al. [95] designed a pruning system for
sweet cherry trees grown under the upright fruiting offshoot (UFO) architec-
ture as shown in Fig. 13b. Their fully autonomous platform integrates prior
research in perception and manipulation, achieving a 58% cutting success rate
during field trials. While not yet robust enough for commercial deployment,
this is a pioneering effort in robotic pruning for fruit trees and sets a solid
groundwork for future improvements. To address the reality gap between
simulation and field conditions, You et al. [31] also developed a simulated
pruning environment featuring planar cherry trees and pre-labeled cutting
points. Due to the noise in depth data, they opted for a 2D image-based
control system. Using a 6-DoF manipulator with an Intel D435 camera, they
trained a Generative Adversarial Network (GAN) to segment branches, en-
abling the visual controller to function reliably across simulated and real
images. An actor-critic reinforcement learning algorithm then generated
control signals for branch alignment. Upon contact, control transitions to
an interaction-based controller that adjusts the cutter’s pivot to minimize
forces during cutting.

Lastly, Williams et al. [55] developed Archie Jnr, a fully operational prun-
ing platform designed for a controlled environment under an arched structure
(see Fig. 14). The system uses two UR5 robotic arms to scan plants and con-
duct panoptic segmentation of nodes and canes for precise 3D reconstruction.
A Charuco board is employed for accurate image-depth registration. The ma-
nipulators incorporate custom mechanisms that enhance agility, making this
system especially suitable for precision pruning in high-control settings.

Collectively, these studies highlight the critical role of system integration
in achieving autonomous pruning. Robust perception methods—particularly
3D reconstruction and deep learning-based segmentation—enable accurate
identification of pruning targets. Control strategies range from traditional
trajectory planning to learning-based policies and hybrid force-vision con-
trollers. Manipulator designs are adapted to the physical demands of the
pruning task, while platform-level decisions reflect a balance between robust-
ness in the field and operational simplification in controlled environments.

The comparison in Table 6 highlights the progress and remaining chal-
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Figure 14: Archie Jnr robotic platform, proposed by [20].

Table 6: Comparison of the key metrics of complete autonomous pruning systems.

Crop Field trial realisms Cut success rate Cut time Year Ref.

Vineyard Real field - 115 sec/vine 2017 [17]

Vineyard Real field 87 % success 213 sec/vine 2022 [94]

Cherry tree Sim + Real field 58 % success 284 s scan + 35.1 s/cut 2022 [95]

Vineyard Real field 71% success - 2024 [55]

lenges in developing fully autonomous pruning systems. While vineyard-
focused systems, such as those by Silwal et al.[94] and Williams et al.[55],
demonstrate relatively high success rates, cutting speed remains slower than
that of human labor. The cherry tree system by You et al. represents a pio-
neering effort in fruit-tree pruning but still suffers from limited success rates,
underscoring the difficulty of generalizing perception and control strategies
across diverse crop architectures. Overall, these results emphasize the trade-
off between field robustness and operational efficiency, pointing to the need
for further improvements in perception reliability, motion planning speed,
and manipulator design.
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9. Discussion: challenges, solutions and future scenarios

The previous chapters have provided a broad overview of the existing so-
lutions for developing an autonomous pruning system. Given the diversity
of tasks involved and the range of expertise required to develop each com-
ponent of such a system, it has become evident that a modular approach to
robot design is fundamental for achieving optimal results. As demonstrated
throughout this paper, most existing works focus on narrow aspects of the
problem, such as branch detection, skeletonization, pruning point estima-
tion, or end-effector design. Each component demands highly specialized
skills spanning computer vision, agronomy, mechanical engineering, and con-
trol systems. Moreover, a modular platform can be repurposed for various
agricultural tasks, such as health monitoring, fruit counting, and harvesting.
For instance, a module designed for branch detection can also be used for
obstacle avoidance during harvesting. At the same time, the manipulator
structure may remain the same, with only the end-effector swapped for the
target task.

However, several limitations have emerged from the current state of the
art. A primary barrier, even before economic considerations, is the lack
of deployment-ready systems. Most solutions remain at the prototype stage,
tested only in controlled environments or on a limited number of plants, with
robustness to real-world variability—such as plant morphology, illumination,
weather, or soil conditions—still largely unproven. This hinders commercial
adoption. Reliable performance under continuous operation and the high cost
of robotic platforms further limit large-scale deployment. Sensors remain a
major cost driver, although recent advances in AI suggest that similar perfor-
mance may be achieved with fewer, lower-cost sensors. Long-term economic
viability will also depend on standardization, shared maintenance infrastruc-
tures, and farmer acceptance. In regions with lower labor costs, adoption may
remain limited unless robots provide added value, for example, by combining
pruning with monitoring or harvesting tasks.

9.1. Challenges and limitations of the perception pipeline
Most of the proposed algorithms for branch detection, segmentation, 3D

reconstruction, and pruning point estimation rely on learning-based meth-
ods. From the literature analysis of Section 3, learning-based approaches
represent the most promising due to their generalization capability in dif-
ferent conditions. In fact, classical computer vision methods appear to be
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excessively scenario-dependent, without being able to generalize even in dif-
ferent light settings without proper tuning. Among the proposed solutions,
convolutional neural networks stand as the best solution available: thanks to
their spatial-invariant feature extraction and their capability of learning in-
variant features in different conditions. While this trend is globally evident, a
significant drawback of such approaches is the requirement for large, labeled
datasets for effective training. Constructing a structured and diverse dataset
is labor-intensive, particularly due to the complexity of manually labeling
pruning-relevant features. The lack of shared public datasets and standard-
ized annotation protocols further limits reproducibility and benchmarking.
Collaborative initiatives to build open datasets and simulation environments
could significantly accelerate progress.

Several works have attempted to address this challenge by developing re-
alistic simulation environments to generate synthetic training data. These
environments can simulate plant structures and growth patterns based on
agronomic models, allowing for the automatic generation of diverse and la-
beled training data. This approach not only facilitates training of detection
and decision algorithms but also enables analysis of the short- and long-term
consequences of different pruning strategies. Models trained in simulation
and then fine-tuned with real-world data have shown comparable perfor-
mance to those trained entirely on real datasets. This is a significant ad-
vantage in pruning applications, which are inherently destructive, making
real-world testing both costly and risky in terms of yield loss.

The estimation of the pruning point is a crucial step in the perception
pipeline. Most studies first reconstruct the tree structure and then estimate
pruning points using heuristics based on branch characteristics (e.g., diame-
ter, orientation, bud position). An alternative is direct cut estimation from
sensor data (images or point clouds), but both approaches suffer from limited
generalization. Accurate pruning requires an understanding of plant struc-
ture, as human pruners infer cuts from structural relationships; correlating
reconstructed structure with additional features can improve estimation but
adds complexity. Direct estimation with deep vision algorithms also faces
scalability issues. Moreover, perception and manipulation are often treated
separately, causing error propagation—small reconstruction errors can sig-
nificantly affect cut placement.
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9.2. Challenges and limitation of manipulations
Another critical limitation is operational speed. Current systems require

one minute per branch to two minutes per vine plant (typically about eight
cuts), which is an order of magnitude slower than manual pruning. As noted
by [17], adopting faster robotic arms may offer a short-term solution, but
real progress depends on improving detection and control algorithms, which
remain computationally demanding. Two strategies are typically pursued:
(i) optimizing algorithms through lighter-weight neural networks and more
efficient pipelines to reduce computational overhead, and (ii) adopting more
powerful on-board hardware to enable real-time inference and faster actua-
tion without compromising accuracy.

Mechanical design also plays a crucial role. Integrated systems, such
as [94], combine custom manipulators and end-effectors with autonomous
navigation (GPS-RTK) and active lighting to enhance perception accuracy
and motion planning. Similarly,[31] incorporates a sim-to-real approach us-
ing GAN-generated synthetic data[139], reducing the performance gap be-
tween controlled and real-world conditions. Despite these advances, manip-
ulators still face challenges related to robustness under outdoor variability,
interaction with deformable branches, and continuous operation in harsh
agricultural environments. Future work should also explore modular manip-
ulator designs with interchangeable end-effectors, allowing the same robotic
platform to perform multiple tasks such as pruning, health monitoring, and
harvesting, improving overall economic viability.

9.3. Future Scenarios
One promising direction involves developing autonomous pruning ma-

chines prioritizing robustness and precision over compactness. For instance,
the system proposed in [17] operates in a partially enclosed, controlled en-
vironment, where uniform lighting and backgrounds enhance segmentation
accuracy. This setup also supports the use of high-performance sensors,
which can significantly improve depth perception—a key requirement for pre-
cise control of robotic arms and end-effectors. While lower-cost sensors are
attractive from an economic standpoint, they may compromise accuracy, po-
tentially leading to suboptimal cuts or even crop loss. Future research could
focus on hybrid solutions that balance hardware cost with intelligent com-
pensation through software. Equally important will be the development of
standardized hardware and software platforms, shared datasets, and bench-
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marking protocols, which could accelerate the transition from research pro-
totypes to commercially deployable systems.

Emerging machine learning paradigms offer new approaches that could
bypass traditional step-wise pipelines. Instead of detecting, segmenting, and
analyzing plant structure in sequence, it may be possible to learn a direct
mapping from sensory input to pruning actions. Reinforcement Learning
(RL), for instance, allows an agent to learn optimal pruning policies through
trial and error in a simulation environment, where pruning consequences
can be integrated into the reward function. While promising for structured
crops like apples, mangoes, and cherries, RL alone may be insufficient for
grapevines due to the complex, region-specific pruning rules they require.
Hybrid approaches that combine RL with agronomic rule-based constraints
or active perception strategies could improve reliability, especially in unstruc-
tured outdoor conditions.

To address domain-specific nuances, Learning from Demonstration (LfD)
provides a powerful paradigm. By observing expert behavior, a pruning pol-
icy can be fine-tuned for both structural accuracy and agronomic validity.
For instance, [140] shows how demonstration-based approaches can avoid
motion discontinuities in complex tasks. Complementary technologies like
augmented and virtual reality could support expert-guided training, allowing
humans to annotate or demonstrate pruning strategies in an immersive, sim-
ulated environment. An example is [141], where an AR mobile app provides
pruning suggestions to non-experts using AI-generated recommendations.

Another promising avenue is imitation learning, which has succeeded in
tasks like pepper harvesting [142]. There, a visuomotor policy trained via
demonstrations enabled a handheld shear-gripper to adapt to variable field
conditions and crop types. Applying similar strategies to pruning could en-
hance adaptability and robustness, especially in unstructured outdoor en-
vironments. However, application in pruning remains rare, representing an
untapped area for future investigation. In the longer term, multi-robot sys-
tems or human-robot collaborative teams could enable large-scale operations,
while adaptive manipulators capable of modifying cut strategies in real time
may further increase efficiency.

While the potential of AI-driven pruning is evident, future systems must
integrate precision hardware, data-efficient learning, and domain-specific agro-
nomic knowledge. Developing scalable, adaptable, and accurate solutions
will likely require multi-disciplinary collaboration spanning robotics, machine
learning, agronomy, and human-computer interaction. Equally crucial will
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be considering socio-economic factors, including ease of integration into ex-
isting agricultural workflows, training support for operators, and economic
models (e.g., leasing or multi-tasking robots) that make adoption viable for
farmers.

10. Conclusions

This work has illustrated that autonomous pruning remains an open and
highly relevant research challenge, demanding progress in robotics, percep-
tion, machine learning, and agronomic integration. While modern orchard
training systems and agricultural machinery have streamlined many tasks,
such as spraying, fertilization, and green pruning, dormant and selective
pruning remain among the most labor-intensive and skill-dependent opera-
tions. These operations are crucial, as they directly affect the yield quality
and quantity of the following season.

A core requirement for reliable autonomous pruning is the accurate un-
derstanding of plant structure, which is inherently unstructured, variable,
and occluded. Traditional image processing approaches have shown limited
performance in complex outdoor scenes. In contrast, deep learning-based
methods, particularly convolutional neural networks, have significantly im-
proved the performance of branch detection and segmentation. These net-
works allow not only for detecting branches but also for classifying them
hierarchically, which is critical for subsequent 3D reconstruction and prun-
ing logic. Detecting buds is another essential capability, as pruning rules
often depend on the position and condition of buds. However, their small
size and inconsistent visibility make detection challenging, typically requiring
high-resolution cameras and precise segmentation. The next logical step after
segmentation is skeletonization, which helps define the structural hierarchy
and spatial configuration of the plant. This, in turn, supports pruning point
estimation, for which two main methodological categories exist: rule-based
methods that extract pruning points from a reconstructed structure using
deterministic logic learning-based approaches that estimate pruning points
directly from raw data.

Beyond perception, the success of autonomous pruning also hinges on
the robot’s physical hardware, including the manipulator and end-effector.
While perception determines where to prune, the robot must also be capable
of acting safely and precisely. Recent studies have developed custom elec-
tromechanical end-effectors capable of adapting to varying branch sizes and
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minimizing damage. Similarly, the choice of manipulator, such as its reach,
degrees of freedom, and control workspace, directly affects system flexibility
and responsiveness in field conditions. Speed remains a bottleneck; cur-
rent systems are often an order of magnitude slower than manual pruning,
highlighting the need for faster arms and more efficient planning algorithms.
Finally, the integration of all these components—perception, planning, ac-
tuation, and platform mobility—into fully functional, field-ready pruning
robots is still in early stages. Some examples demonstrate the feasibility of
such systems in specific scenarios, combining semantic segmentation, GPS
navigation, and simulation-based training. These systems highlight both the
potential and the complexity of real-world deployment. Notably, the modular
design of these robots allows them to be adapted for other agricultural tasks,
such as health monitoring or harvesting, thereby improving their return on
investment.

In summary, although many technical components have shown promise
in isolation, fully integrated, generalizable autonomous pruning systems re-
quire further development. Future research must focus on bridging the gap
between lab prototypes and robust, scalable platforms, emphasizing general-
ization, simulation-based training, and human-in-the-loop learning methods.
Ultimately, the path forward lies in a multidisciplinary collaboration that
combines agronomic expertise with cutting-edge robotics and AI, unlocking
a new era of intelligent, sustainable agriculture.
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