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Summary

The main objective of the multifunctional robot case in the The Next Fruit 4.0 project is to expand the
functionality of existing orchard robots as well as of orchard robots currently under development in parallel
research projects. The focus of the work is on two topics, namely the development of a sensing system and a
gripper for picking pears and on a sensing system, robot control and end-effector(s) for robotic pruning of
fruit trees and red currant bushes.

In the literature study on pear detection methods, the most relevant and recent publications on deep-
learning based image analysis methods for fruit detection, have been studied. Four software methods are
popular: instance segmentation + 3D vertex normal estimation; extremely accurate instance segmentation;
key-point detection and panoptic segmentation. It can be concluded that any of the four proposed methods
can enable the detection of the pear and its peduncle. One method that stands out is the extremely accurate
instance segmentation method.

The literature study robotic tree fruit harvesting groups the literature in methods for approaching of the
fruit/target, gripper requirements and manipulation patterns. Reachability has been studied, but methods to
improve this not. Little literature was found on robotic harvesting of pears. Research has been performed on
what forces are needed to detach a fruit, but no examples have been found where it is also converted to
controlling a robot to apply the same delicate movements as are performed by human harvesters.

In the literature study on machine vision systems for robotic pruning a closer look is taken to literature

describing the sensing system (mainly 2D or 3D cameras), data pre-processing (to create a high quality
point clouds and to improve the accuracy) and key-point detection (to define pruning locations).
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1 Introduction

This report contains the literature studies of the multifunctional robot case study of the public-private-
partnership project The Next Fruit 4.0. The main objective of the multifunctional robot case is to expand the
functionality of existing orchard robots and of orchard robots currently under development in parallel
research projects. The focus of the work is on two topics, namely the development of a sensing system and a
gripper for picking pears and on a sensing system, robot control and end-effector(s) for robotic pruning of
fruit trees and red currant bushes. On the longer term additional tasks such as automatic thinning, removing
weeds and precision spraying will be targeted. This report specifically compiles three literature studies:

e Literature study pear detection methods (main author: Pieter Blok)

e Literature study robotic tree fruit harvesting (main author: Menno Sytsma)
e Literature study machine vision systems for robotic pruning (main author: Hitoshi Nishikawa)
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2 Literature study pear detection methods

2.1 Introduction

To enable a robot to successfully harvest a pear, there is a need for a sensor and software system that can
properly detect the pears. The most obvious sensor for this task is a Red-Green-Blue and Depth (RGB-D)
camera, which can map the orchard environment with a combined colour and depth image. Typically, the
colour image is used to detect the individual pears, whereas the depth image is used to estimate the distance
between the camera and the pear, and also the size of the pear (needed to determine whether to harvest the
pear or not). The most obvious software algorithm for the detection of the pears is a convolutional neural
network (CNN). After successfully detecting the pear, a 3D post processing algorithm can be used to size the
pear and to determine the distance between the camera and the pear.

For the robotic harvesting of pear, there are specific challenges, and some of these challenges influence the
requirements of the pear detection algorithm:
1. It is desirable to also detect the peduncle of the pear, because pears need to be harvested with their
peduncle attached (to prevent the pear from drying out and/or rot).
2. In the orchard there are high degrees of image occlusion, and this can cause the pear or peduncle to

be occluded by other pears, plant organs (leaves, branches) or materials (wires, concrete poles).
3. Pears grow in clusters, indicating that there can an order in how to harvest the individual pears

belonging to that cluster.

Report WPR-0T-987 | 9



2.2

Literature studied

The following table gives and overview on the most relevant and recent publications on deep-learning based
image analysis methods for fruit detection that have been studied in the scope of our research.

Table 1 Overview of literature studied for fruit detection.

Author
and Year

(Yang et
al., 2020)

(Nejati et
al., 2020)

(Kang &
Chen,
2019)

(Yinet al.,
2021)

(Wagner et
al., 2021)

(Tuetal.,
2020)

(Lin et al.,
2019)

Crop

Citrus

Kiwi

Apple

Grape

Straw-
berry

Passion
fruit

Guava
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Sensor
used
Kinect v2
(RGB-D)

Basler
acl1920-
40uc USB
3.0 (RGB)

Kinect v2
(RGB-D)

ZED
camera

Simulatio
n
environm
ent in
Gazebo
using the
Intel
RealSens
e
Kinect v2

Kinect V2

CNN used

Mask R-
CNN and a
branch
segment
merging
algorithm

FCN-8s

DaSNet

Mask R-
CNN

VGG16
network
used for
rotation
estimation

Faster R-
CNN

VGG-16-
based FCN

Detection principle

Simultaneously detect and
measure citrus fruits and
branches

Semantic segmentation of
the calyx of the kiwifruit,
branch and wire

Instance segmentation on
the apples and then using a
circle Hough transform
Instance segmentation on
the grapes and then using a
RANSAC algorithm for grape
cylinder model fitting, and
the axis of the cylinder
model was used to estimate
the pose of the grape
Image analysis on single
strawberry fruit clipped to a
smaller image

Multiple scale faster region-
based convolutional neural
networks (MS-FRCNN)
approach using the color and
depth image

A state-of-the-art fully
convolutional network is first
deployed to segment the
RGB image to output a fruit
and branch binary map.
Based on the fruit binary
map and RGB-D depth
image, Euclidean clustering
is then applied to group the
point cloud into a set of
individual fruits. Next, a
multiple three-dimensional
(3D) line-segments
detection method is
developed to reconstruct the
segmented branches.
Finally, the 3D pose of the
fruit is estimated using its
center position and nearest
branch information.

Performance metrics

The average precision of fruit and
branch recognition are 88.15% and
96.27%. The average measurement
error of fruits’ transverse diameters,

fruits’ longitudinal diameters, and

branch diameters are 2.52, 2.29, and
1.17 mm
F1 score of 0.82 on the typical lighting
image set, but struggles with harsh

lighting with an F1 score of 0.13.

Utilising the prepossessing techniques
the vision system under harsh lighting
improves to an Flscore 0.42. To
address the fruit occlusion challenge,
the overall approach was found to be
capable of detecting 87.0% of non-
occluded and 30.0% of occluded
kiwifruit across all lighting conditions.
F1 score of 0.832 on the detection of
apples

The average precision, recall, and
intersection over union (IOU) are
89.53, 95.33, and 82.00%, respectively
on a test set of 210 images.

Mean errors of as low as 11- could be
achieved.

Compared with the faster R-CNN
detector of RGB-D images, the recall,
the precision and F1-score of MS-
FRCNN method increased from 0.922 to
0.962, 0.850 to 0.931 and 0.885 to
0.946, respectively. Furthermore, the
MS-FRCNN method effectively improves
small passion fruit detection by
achieving 0.909 of the F1 score.

Precision and recall of guava fruit
detection were 0.983 and 0.948,
respectively; the 3D pose error was
23.43° + 14.18°



(Kang et
al., 2020)

(Yu et al.,
2020)

(Yu et al.,
2019)

(Weyler et
al., 2021)

(Sun et al.,
2021)

Apple

Straw-
berry

Straw-
berry

Sugar
beet

Citrus

Intel
Realsense
D435

usB
camera
(type not
specified)

Hand-
held
digital
camera
(type not
specified)

Manta G-
319 GigE

Mobile
phone
(Huawei
and
iPhone)

DaSNet

R-YOLO

Mask R-
CNN

CenterNet
and
keypoint
detection

Faceboxes
and multi-
level
feature
fusion
network
(keypoint)

DaSNet takes raw input of
RGB images from the RGBD
camera to perform fruit
detection and instance
segmentation. The Pointnet
grasping estimation takes
the point cloud of each fruit
as input, and predict the
grasp pose for each fruit as
output.

Fruit pose estimator called
rotated YOLO (R-YOLO),
which significantly improves
the localization precision of
the picking points

After generating mask
images of ripe fruits from
Mask R-CNN, a visual
localization method for
strawberry picking points
was performed.

CenterNet is used to detect
the bounding boxes and
then a keypoint detector is
used to count the leaves
inside the bounding box

Object detection is done by
FaceBoxes and then the
cropped image is sent to a
multi-level feature fusion
network to detect keypoints

Pointnet grasping estimation
achieves accurate grasp results on
normal, noise, and outlier
conditions, which are 0.91, 0.87,
and 0.9, respectively.

The test results of a set of 100
strawberry images showed that the
proposed model’s average
recognition rate to be 94.43% and
the recall rate to be 93.46%. Field
test results showed that the
harvesting success rate reached
84.35% in modified situations.
Fruit detection results of 100 test
images showed that the average
detection precision rate was
95.78%, the recall rate was 95.41%
and the mean intersection over
union (MIoU) rate for instance
segmentation was 89.85%. The
prediction results of 573 ripe fruit
picking points showed that the
average error was+1.2 mm.
The network shows superior
performance for later growth stages
of medium (97%) and large crops
(67%) in contrast to Mask R-CNN
(96% or 26%) allowing for a more
accurate monitoring and
determination of growth stages of
individual plants.

AP of 77.4% and an accuracy score
of 84.7%
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To this current date, there has not been any research conducted on the detection of pear with a CNN. Twelve
other recent studies on fruit detection (apple, strawberry, kiwi) showed a diversity of used CNN’s. They can
be roughly divided into two groups: object detection and instance segmentation. With object detection, the
most used algorithms were Faster R-CNN and YOLO. With instance segmentation, the most used algorithms
were Mask R-CNN and DaSNet. Another study used a keypoint detection algorithm to identify relevant parts
of the fruit and its peduncle.

Based on the literature review and the specific requirements for the detection of pear and its peduncle, we
can identify four software methods to be used:

2.2.1 Instance segmentation + 3D vertex normal estimation

With this method, the RGB image is processed by an instance segmentation algorithm, for example Mask R-
CNN. The instance segmentation algorithm results a polygon mask for each individual pear. This mask can be
transferred to the depth image or the 3D point cloud constructed from the depth image. The result is a point
cloud specific to the individual pear. Then, with a 3D post processing algorithm the normals of the vertices
are determined, and the normal pointing upwards can indicate the location of the peduncle.

Pros:
e least annotation effort
e relatively easy software implementation
e the normal estimation is not influenced by occlusions (as long as the pear is detected)

- with this method the peduncle is not directly detected, indicating that there is a risk that the method
results inconsistent results
- other objects relevant for robotic harvest (like obstacles) cannot be detected

2.2.2 Extremely accurate instance segmentation

With this method, the RGB image is processed by an extremely accurate instance segmentation algorithm,
for example Mask R-CNN PointRend. This algorithm allows the precise mask segmentation of both the pear
and its peduncle.

Pros:
- relatively easy annotation
« most straightforward software implementation
Cons:
« when the peduncle is not visible it cannot be annotated and this might introduce model
inconsistencies
- other objects relevant for robotic harvest (like obstacles) cannot be detected

2.2.3 Key-Point detection

With this method, the pear and its peduncle are detection by a combination of relevant keypoints. These
keypoints are composed by a “skeleton” structure, indicating the hierarchy and the position of the points.

Pros:
« this method delivers the most “ready-to-use” output for the robot
« the size of the pear can be easily determined from the skeleton
Cons:
« when the peduncle is not visible, the human annotator has to reason about its location (and this can
introduce inconsistencies)
« annotation takes significantly more time

12 | Report wPr-0T-987



- other objects relevant for robotic harvest (like obstacles) cannot be detected

2.2.4 Panoptic segmentation

Panoptic segmentation is a combination of instance segmentation and semantic segmentation. With this
method, the pears can be detected individually by the instance segmentation algorithm, whereas other
relevant objects are pixel-segmented so that their location is known to the robot. The peduncles can be
learned by the semantic segmentation.

Pros:
- with this method, other objects relevant for robotic harvest (like obstacles) can be detected
« the peduncles, which are typically thin and elongated objects, can be possibly learned better by the
semantic segmentation compared to the standard Mask R-CNN segmentation

+ most time-consuming annotation process

- the panoptic segmentation algorithm in Detectron2 doesn’t allow yet training on custom datasets

Table 2 Comparison different segmentation and detection methods.

Score prognosis on a scale 1-5 (1 = bad, 5 = perfect)

Method Peduncle Ease of Ease of network Ease of practical Obstacle Total
detection annotatio training implementation detection score
n
Instance 2 5 5 2 1 15

segmentation + 3D
vertex normal
estimation

Extremely accurate 4 4 5 5 1 19
instance
segmentation

Keypoint detection 5 2 3 5 1 16

Panoptic 5 1 1 4 5 16
segmentation

2.3 Conclusion

It can be concluded that any of the four proposed methods can enable the detection of the pear and its
peduncle, however taking everything into account, there is one method that stands out: the extremely
accurate instance segmentation method (Mask R-CNN PointRend).

The next step is to investigate whether this method can achieve the best detection and pixel segmentation of
the pears and the peduncles. If, for some reason, the method is less interesting than expected, then we will
first investigate whether the keypoint detection method can be used as a better alternative. In case the
detection of the obstacles has a higher urgency, then we will focus on panoptic segmentation. An important
precondition is that the use of this algorithm depends on the possibility to train the algorithm on custom
datasets.
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3 Literature study robotic tree fruit
harvesting

3.1 Introduction

Harvesting tasks are highly repetitive and very labour intensive. As they are also delicate tasks and the
environment in which the harvesting of tree fruit needs to occur has a big variety a lot of research has been
done to automate this without much commercially available harvesting solutions so far. The studies
developing complete systems have focused largely on planning algorithms to reach fruits and grippers to
ensure correct gripping without damaging the fruit (Davidson et al., 2020; Zhang et al., 2020). The review
paper presented by Davidson for example links to several other studies presenting also the formal design
processes used.

3.2 Harvesting robot functional requirements

Earlier studies have shown the following general functional requirements for a fruit harvesting robot
(Davidson et al., 2020):

- Fruit detection

- Approach fruit

-  Detach fruit

- Guide harvested product
The fruit detection system is covered in another document within this project. The other requirements result
in research fields on path planning, gripper design and fruit manipulation patterns.

3.3 Methods for approaching of fruit/target

Most robotic harvesting systems make use of robotic arms or a linear system that gives the end-effector at
least 6 degrees of freedom (Bac et al., 2014; Roldan et al., 2018). For the path planning most studies rely on
rapid exploring random trees (RRT) (Nemlekar et al., 2021), which they combine with a method to check
whether the robot is in collision. For this the Flexible Collision Library (Pan et al., 2012) is used, but also
collision detectors based on geometric primitives are used (Paulin et al., 2015) as they are computationally
cheaper than complex meshes. Tools used to implement the path planning algorithms are MATLAB (Masood
& Haghshenas-Jaryani, 2021) and ROS. For the last one more specifically the RRT-Connect implementation
from the Open Motion Planning Library was mentioned (Botterill et al., 2017). Other than solving the path
planning problem studies also focused on the reachability of fruits and how this can be affected by the size of
a gripper (Arikapudi & Vougioukas, 2021).

3.4 Gripper requirements

For the gripper itself many different solutions have been proposed (Navas et al., 2021; Shintake et al., 2018;
Zhang et al., 2020). Presented prototypes vary from vacuum tube end-effectors (Curt Salisbury, 2014), soft
passive fingers (Yu et al., 2021), bio-inspired grippers, (Pi et al., 2021) and rigid-finger systems (Davidson
et al., 2015). The review papers are all trying to structure the broad range of proposed solutions. Different
prototypes are evaluated based on different criteria by Navas (Navas et al., 2021), which can be translated
in the following requirements for a pear harvesting gripper:

- Object size: Gripper should be able to pick various pear sizes
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- Gripper size

- Lifting ratio

- Power consumption

- Scalability (ease of manufacturing/ modularity of technology used)
- Controllability

- Response time

- Surface conditions

- Degree of skill to work in unstructured environments
- Mechanical compliance

-  Lifetime

-  Technology readiness level

End-effectors aiming to grasp the fruit are aiming to perform a power grasp for spherical objects. A method
to classify human grasping methods which widely used is presented by Cutcosky (Cutkosky, 1989). In the
performance evaluation of grippers most studies limit themselves to the force that can be applied on the
grasped objects without damaging them, what weight of objects can be lifted and how different end-effector
types can affect this. The interactions are measured using pressure sensors on the fingers (Davidson et al.,
2015; Pi et al., 2021; Teeple et al., 2020). Practical examples of how grippers respond to non-isolated
objects are hardly shown.

3.5 Manipulation patterns

No literature was found on manipulation patterns specifically for pears, but methods to get more knowledge
of picking patterns are available for other fruits. Classification method for harvesting movements and basic
picking patterns are mostly decomposing the complete movement in smaller simple steps (Navas et al.,
2021). Another topic of interest is the minimal force required to detach a fruit from the plant or tree. For
Tomatoes and apples studies have been performed to determine an optimal deflection angle and applied
force using pressure sensors and force gauges applied on top of an end-effector or human hand (Davidson et
al., 2016; Li et al., 2016; Xie et al., 2021). In the use case of cherry tomatoes a similarity with pears can be
found. For cherry tomatoes it is relevant that the fruit is separated from the plant at the calyx, this study
therefore also aimed at picking patterns with focus on this separation. The sensors used are a GripTM
Tekscan tactile sensor, flexible force sensors from Tekscan, HP-200 HANDPI force sensor, an Imu. Data in
these studies was processed using Matlab’s Statistics and machine learning toolbox.

3.6 Questions raised from this literature study

Reachability has been studied, but methods to improve this have not. Many grippers show promising results
in their grasping properties, but they do not seem to break through. Grippers are working properly under
ideal circumstances, but in a real setup circumstances are far from ideal. Is it possible to do something about
that? What is needed for the gripper to properly grip the target object or make it more reachable?

For pears it is still not exactly known what is needed to harvest them. Conversations with pear growers have
indicated that keeping the peduncle intact is a much more critical element than is the case for harvesting
apples. Is it possible to do a similar approach as with the tomato-case to determine the optimal detachment
point that does not harm the peduncle?

Research has been performed on what forces are needed to detach an apple, but no examples have been
found where it is also converted to controlling a robot to apply the same delicate movements as are
performed by harvesters.
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4 Literature study machine vision systems
for robotic pruning

4.1 Introduction

Pruning of fruit bearing trees and bushes is done by selective branch removal for the purpose of work
management, growth control, keeping quality and uniformity of fruit, and pest removal. Securing skilled
workers and their high labor costs have been major issues, and pruning automation is an important research
topic. The main research fields of pruning automation can be broadly divided into Machine Vision System and
Pruning Robot. The Machine Vision System aims to model the shape of a tree using a sensor system and a
data processing algorithm, to recognize trunks or branches and to specify the points to be cut. Pruning
robots aim to cut specific points using end effectors attached to the robot arm, including path planning
including Obstacle Avoidance. In this chapter, we focus on Machin Vision Systems.

4.2 Machine Vision Systems

The Machine Vision System can be divided into “"Sensing System” using cameras, “Data Pre-Processing”
including noise reduction, down sampling or 3D reconstruction, and “Recognition Functions” including branch
segmentation or key-point detection. It is usually a pipeline process, and the previous process affects the
performance of subsequent processes. Since the difficulty varies depending on the conditions and target
crops, it is necessary to pay attention to the performance comparison shown in the literature.

4.2.1 Sensing System

Two-dimensional based techniques only from RGB images have been studied so far, but they have not been
sufficient to locate branches in 3D space (Gao & Lu, 2006). In the current research, the use of stereo
cameras and RGB-D cameras is the most mainstream. An example of configuring a system with only RGB
images is seen in (Botterill et al., 2017). In this example, they proposed a platform that reconstructs a 3D
model of a tree by triangulation from images taken by three RGB cameras shaded by a straddling platform,
and identifies pruning points by a geometric method. Simple RGB-D cameras such as ZED2 Stereolabs (He et
al., 2021) or Intel RealSense devices (Intel, 2022) are susceptible to ambient light, which may be a
limitation for outdoor orchard use where imaging in natural and changing light is required. On the other
hand, depth cameras and also ToF (Time-of-Flight) cameras have been reported to have good performance,
and considering the price, RealSense (Chen et al., 2020) and Kinect v2 (Majeed et al., 2018) can be said to
be feasible candidates at present. Multiple RGB-D cameras can be used in combination to improve the
accuracy of the point cloud (Ma et al., 2021). Cuevas Velasquez (Cuevas Velasquez et al., 2020) used a
single stereo RGB camera mounted on a robotic arm to image a rose bush from multiple viewpoints to
minimize occlusions. LiDAR is also often used for this purpose and can be said to be one of the feasible
sensors because it can obtain an accurate point cloud (Westling et al., 2021). However, LIDAR sensors often
only produce geometric point cloud data without colour information. Still, colour information might be
essential for determine the cutting locations. Laser scanners (Bohn Reckziegel et al., 2022; Boogaard et al.,
2021; Dutagaci et al., 2020) can obtain a very accurate point cloud, but it is difficult to scan in real time, so
it is only used for research purposes of phenotyping. The price is also the reason of its difficulty for practical
use.

As a different sensor, research on branch detection for 1 and 2 years using a hyperspectral camera is

interesting (Khanal et al., 2018). In addition to the RGB visible wavelength, it was shown that there was a
particularly large difference in the water absorption wavelength. However, this method has problems in
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selecting a camera that can be used outdoors and setting measurement conditions such as separation from
the background.

4.2.2 Data pre-processing

One of the main purposes of data pre-processing is to create a high quality point cloud to improve the
accuracy of subsequent key-point detection. In the case of a sensing system using an RGB camera, the
photogrammetry method is generally used, but it lacks real-time performance and is mainly used for
phenotyping applications (Gené-Mola et al., 2021; Straub et al., 2021; Zine-El-Abidine et al., 2020). In the
case of a method of applying deep learning to a data down sampling 3D point cloud in order to realize high-
speed processing, the feasible data size is often about 4k-40k. In this case, Voxel down sampling is
performed as needed before Key-point Detection (Ge et al., 2021). In addition to down sampling, consider
data division as necessary (Boogaard et al., 2021; Turgut et al., 2022). In the case of a system that aims to
improve accuracy by using multiple depth cameras, i.e. multiple point clouds, an alignment method called
point cloud registration is usually used. Since this algorithm often takes a long time to process, a method of
performing rough alignment by global registration before detailed alignment by ICP (Iterative Closest Point)
or alignment method with feature point extraction called FPFH (Fast Point Feature Histograms) is used (Ma et
al., 2021). Data annotation is also included in the data pre-process in researches using deep learning. In the
researches of 2D images, many researches are related to the efficiency of annotation such as semi-
supervised learning, weak supervised learning, or active learning have been done. On the other hand, in
research dealing with 3D point clouds, manual annotation by OSS (Open Source Software) such as Cloud
Compare is currently the mainstream, and human cost is high (Bohn Reckziegel et al., 2022; Boogaard et al.,
2021; Ma et al., 2021). In case of instant segmentation of 2D images, OSS (Open Source Software)
applications such as VGG image annotator (Lin et al., 2021), COCO annotator (Fernandes et al., 2021) etc.
are used.

4.2.3 Key-point Detection

Key-points are interest points in images. They are points in the image that define what is interesting or what
stand out in the image and are often used for analyzing and interpreting the image. Concerning key-point
detection methods it can be said that the 2D-based methods or methods of combining the 2D-based
methods with the 3D-based methods ae one of the feasible methods from the viewpoint of achieving both
recognition speed and accuracy rate (Botterill et al., 2017; Chen et al., 2020; Fernandes et al., 2021; Lin et
al., 2021; Majeed et al., 2018). As a method for directly handling the point cloud, a method for analyzing the
structure by a geometric method such as DBSCAN or ICP optimization is often used (Lin et al., 2021; Straub
et al., 2021; Zine-El-Abidine et al., 2020). Methods such as TreeQSM (InverseTampere, 2020) and
GraphTreeLS (Westling et al., 2021), which analyze the structure of a tree by a geometric method in
combination with knowledge of the tree structure, have also been proposed, including prerequisite
knowledge about the structure of the tree to adapt to the target tree. Detailed tuning of the parameters is
required. In the case of Bohn Reckziegel (Bohn Reckziegel et al., 2022), the model structure of the tree was
analyzed using TreeQSM, and the simulation of the pruning method and its effect on the light captured in the
canopy were performed. In recent years, methods directly applying deep learning to 3D point cloud have also
been studied. (Turgut et al., 2022) compared the deep learning models available in the point cloud and
showed that PointNet or its improved version, PointNet++, provides good accuracy. PointNett ++ is also
used in (Boogaard et al., 2021) because of its high segmentation accuracy. In (Ma et al., 2021), SPGNet
model was used to realize 3D segmentation of Trunk and Branch from the point cloud. As an example of
another 2D-based method, the simulation method utilizing reinforcement learning with 2D images is
interesting (You et al., 2021). Through 2D-based reinforcement learning in the simulation domain, pruning
behavior of robot arm and end effector can be learned without directly dealing with 3D models. This has a
big advantage in that it does not need for real-world iterations. On the other hand, it is considered that
human cost is required to create a simulation model that is faithful to the actual model.

18 | Report wPr-0T-987



Table 3

Reference

(Fernandes et al., 2021)

(Gené-Mola et al., 2021)

(Zine-El-Abidine et al.,
2020)

(Straub et al., 2021)

(Botterill et al., 2017)

(He et al., 2021)

(Chen et al., 2020)

(You et al., 2021)

(Ge et al., 2021)

(Majeed et al., 2018)

(Lin et al., 2021)

(Ma et al., 2021)

(Westling et al., 2021)

(Bohn Reckziegel et al.,
2022)

(Boogaard et al., 2021)

(Khanal et al., 2018)

(Dutagaci et al., 2020)
(Turgut et al., 2022)

crop

grapevine

apple

apple

apple

grapevine

straw-
berry

apple

sweet
cherry

apple

apple

guava

jujube

abocado
mango

cherry

cucumber

red
raspberry

rose bush

rose bush

Sensors

RGB camera

RGB camera
(multi)

RGB-D camera
ZED2 stereo
camera

RGB-D camera
Intel RealSense
D435

RGB-D camera
Kinect V2

RGB-D camera
Kinect V2 (multi)

LiDAR

Laser scanner

Laser sensor (multi)
Spectral sensor

Hyper spectral
sensor

X-ray sensor

application

pruning point
suggestion

fruit size
estimation

count/locate
fruits

phenotyping
(tree
modeling)

pruning

maturity
estimation

pruning
(tree
modeling)

pruning

yield
estimation

pruning
(segmentatio

n)

harvesting

pruning
(segmentatio

n)

prunig
(pruning
strategy)

pruning

phenotyping

pruning

phenotyping

phenotyping
(segmentatio

n)

2D/3
D
2D

2D+3

3D

3D

2D+3

2D

2D

2D

3D

2D

3D

3D

3D

3D

2D

3D
3D

Overview publications on detection methods for robotic tree pruning.

real
time
yes

no

no

yes

yes

yes

yes

no

no

yes

no

no

no

no

no

no

no

methodology /
tools

COCO anotator
Detectron2

SfM and MVS
(MetaShape)
CloudCompare
Mask-RCNN

VisualSFM

Color Checker
Passport Photo 2
Iterative Closest
Point (ICP)
Metashape
RANSAC /
RandomForest / k-
means

Cloud Compare

RBF-SVM / Hough
transform

Stocastic Image
Grammar method
LevenbergMarquardt
optimization
YOLOv4 / Alexnet
labelimg_v1.8.0

U-Net / DeepLabv3/
GAN (Pix2Pix)
Adobe Photoshop

reinforcement
learning by DNN
GAN / PyBullet /
ilastik

VisualSFM

MeshlLab / FPFH
SVM / PCL / MATLAB

SegNet (fine-tuned
by ImageNet)
MATLAB libraries

MASK-RCNN /
RANSAC / PCA
OpenCV / VGG
image annotator
SPGNet

Laplacian algorithm
FPFH / ICP

Cloud Compare

SimTreelS
GraphTreelLS

TreeQSM
LaserControl
CloudCompare

PointNet++
CloudCompare

Linear SVM (from
MATLAB Toolbox)
PCA / Random Frog

PointNet /
PointNet++ / DgCNN
PointCNN / SehlINet
/ RIConv
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